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Figure 4. (a) Network representation of the housing price D(i) for each node. Darker tones are related
to greater values and vice versa. All values are in the range [−1, 0]. (b) Snapshot of the system’s final
state for one run. Red and blue agents are represented by their respective colors.

As it is illustrated in Figure 4b, blue nodes that represent ghettos tend to coincide
with the most affordable areas of the city, depicted as clearer nodes in Figure 4a. The social
interpretation is straightforward, segregation also occurs in the economic aspect and people
from ghettos do not have the monetary resources to relocate to another place inside the city.

4.3. Spatial Analysis and Machine Learning Results

Although segregation is a multiscale phenomenon, we have selected data from the
American Community Survey [35] for two of its main expressions: racial and economic. A
measure of the economic level is the median house income, which is depicted in Figure 5a.
As can be seen in the figure, the upper part exhibits brighter colors, associated with higher
incomes, than the lower ones. Thus, economically handicapped people will be located near
the bottom as a consequence of their financial situation, given that the housing market
is less expensive in these zones. To study the racial distribution, we calculate the white
people’s fraction, defined from now on as WPF, from the quotient nw/(nw + nb) where
n denotes the population in the census tract corresponding to white (w) and black (b)
races. This coefficient is illustrated in Figure 5b and follows a similar color scheme to the
median house income map from Figure 5a. Brighter tones are in the upper part of the town,
especially concentrated in the west, where the fraction of white people is close to one. In
contrast, places for people with financial issues are occupied by a high percentage of black
people. These locations can be found in the southeast part of the city and correspond to
wards 7 and 8, previously depicted in Figure 3b.
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Figure 5. (a) Median house income distribution for Washington D.C. (b) White people’s fraction for
our region of interest. (c) Zone types found by the EM clusterization algorithm. The insets in (a)
and (b) represent the local Moran’s I. The inset from (c) illustrates the local Moran’s bivariate index
choosing as variables the median house income and the white people’s fraction. In these insets, NS
means Not Significant, while H and L denote High and Low values, respectively. Spatial Analysis
software Geoda was used for the insets [36].

133



Axioms 2022, 11, 457

Economical segregation is estimated by the local Moran’s I in each census tract, as can
be seen in the inset of Figure 5a. This index is understood as how the value of a variable in
a tract relates to the same value in its surroundings [18]. Thus, the red color in the inset
highlights the clustering of rich zones, mainly located in the northwest zone, whereas blue
regions in the southeast indicate the grouping of tracts with a handicapped economy. The
same analysis for the WPF is graphed in the inset of Figure 5b. Results from both insets
Figure 5a,b exhibit similar patterns. Hence, to test the spatial correlation between economy
and race, we use the bivariate local moran’s I [37], which is depicted in the inset of Figure 5c.
This image exhibits a similar pattern to the other insets pointing out the strong correlation
between both variables.

In order to identify which census tracts are ghettos, we use the Expectation-Maximization
(EM) clusterization algorithm [38]. The EM method is a generalization of the maximum
likelihood estimation to the incomplete data case. In particular, the EM algorithm tries to
obtain the parameters that maximize the logarithmic probability of the observed data. This
method is implemented in Weka, a free ML software [39]. We call this method from the R
environment [40] by using Rweka [41], an interface that allows us to run it. Data supplied
to this algorithm are the median house income, the WPF, and the latitude of the centroids
for each census tract. These data are normalized from 0 to 1.

The EM method finds four clusters that we have defined as zone types, as can be
observed in Figure 5c. The zone types labeled as white and ghettos describe regions with
opposite situations: high WPF with abundant financial resources and ghettos populated
by black people with economical issues. Between them, the mixed zone describes a region
where the WPF and the median house income have increased a little taking as reference
ghetto zones. The transition zone is similar to the white zone but the high WPF and income
have declined, thus, it can be considered a transition layer from white to mixed or ghetto
areas. Once some tracts are identified as ghettos, we study which kind of segregation is
mainly responsible for these areas. Expressed in another way, we try to know if a simple
classification for these zone types exists. As a mean, we make use of the J48 algorithm from
Rweka [41], which is the code name assigned to the ID3 tree classifier [42]. This algorithm
begins with the original dataset as the root node. On each iteration of the algorithm, it
selects the attribute with the largest information gain value, thus creating a new node. Their
result is 176 instances correctly classified out of 179. The only variable that the classifier
retains is the WPF, standing out its importance. Ghettos are identified as tracts where the
value of this variable is under 0.098.

4.4. Comparison

As can be seen in the previous sections, we have obtained the ghettos’ location in
two ways: a network model and ML methods. First, we compare these results from a
qualitative point of view, as it is depicted in Figure 6. Nodes from the network are identified
with census tracts, thus allowing us to map our results into the real city. Classification
procedures from the EM algorithm found four types of zones. These sectors are labeled as
ghettos and non-ghetto census tracts. It must be noted the resemblance between the model
and the ML method, given that both of them locate ghettos in the south region of the city.

We have also evaluated the accuracy of the model, taking the outcome of the ML
method as correct. The accuracy is defined as the quotient R/NT where R is the number of
census tracts correctly identified and NT is the number of total census tracts, being cate-
gorized into the binary classification previously explained. We have simulated 1000 runs
finding a mean accuracy of 80% with a standard deviation of 7%.
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Figure 6. Mapping from the network model snapshot (Figure 4b) to the real city. In order to compare
these results with the ones from ML, illustrated in Figure 5c, the inset exhibit the same zone types.

As a means to evaluate the obtained results from this novel approach, it is also inter-
esting to compare our contribution with related works from Section 2. In [43], Washington
D.C. is studied at various levels: 27 zip codes, 188 census tracts, and 433 block groups.
Although the main aim of this paper was to study the effects of the modifiable areal unit
problem (MAUP), and the data correspond to twenty years ago, we can observe that the
proportion of the non-white population is high in the southern part of the city, showing
good agreement with our results. In [24] they applied the Schelling model at the resolution
of individual buildings and families to study the ethnic segregation of an area of Tel Aviv.
The paper demonstrated good qualitative agreement between the Schelling model and real
urban segregation for a period of 40 years. Economic terms were not considered for this
study, highlighting the importance of the ethnic group as a basis for segregation. Recently,
considering the multiple scales at which segregation occurs, a multilevel index of dissimi-
larity was defined in [20]. This index was applied to study the residential segregation of
various ethnic groups in England and Wales. The results were consistent with a process
whereby minority groups had spread out into more mixed neighborhoods. However, the
defined index is a general measure of segregation, a general value that can hide spatial
heterogeneity. In [21] two indices are used: the local spatial dissimilarity and the exposure
index. The region of interest was a neighborhood in Naples (Italy). This contribution
highlighted the major role played by some policy decisions to reinforce segregation, as it
happened in Washington D.C. Another interesting contribution comes from the transporta-
tion geography field [19]. The method they put forward decomposed the social interaction
potential into interactions within and between social groups. Therefore, they related this
potential to segregation by a different race. Data were analyzed at the census tracts level,
while a matrix disaggregation technique allow them to obtain the transport fluxes by race.
The study allows the identification of hotspots of segregation and integration for the case
study of Detroit. In our work, the segregation hotspots are located via spatial analysis.

5. Discussion

In order to understand the segregation in Washington D.C., we begin the discussion
with spatial analysis. Moran’s indexes from the insets in Figure 5a,b pinpoint a clustering of
white and rich people in the northwest, while the southeast is strongly segregated, showing
opposite characteristics. Besides, the bivariate index suggests a strong spatial correlation
between the median house income and the white people’s fraction, as it is depicted in the
inset of Figure 5c.

Another issue inherent to SA is the MAUP. Basically, as census tracts or other divisions
of the regions can change their boundaries through time, data would have an inherent
error. For the Washington D.C. case, the problem was analyzed by [43]. The evaluation
of the non-white fraction to the level of entire D.C, tracts, block groups, and ZIP codes
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gives values of 0.692, 0.724, 0.718, and 0.561, in the previous order. All the estimations
are near except the one for the zip code. Therefore, the ZIP code has a large error, being
the other measures similar. Thus as we choose the census tracts divisions and the error of
our Schelling extended model is larger, the MAUP does not seem an issue in our case. In
addition to this, census tract divisions of wards 7 and 8 have a river as a boundary with the
rest of the city, as can be observed in Figure 3b. Hence, this natural boundary which is used
for the census tracts has not been modified, thus reducing the MAUP even further.

Once the spatial analysis was carried out, we studied the data related to the median
house income, WPF, and latitude from the ML perspective. The EM clusterer found four
zone types, as it is shown in Figure 5c. These results were in good agreement with our SA,
and they were taken as the correct classification of the census tracts. In addition to this, a
tree classifier ID3 found that the main variable in the previous classification was the WPF,
meaning that race plays a key role in the zone type. This suggests that the main motive of
segregation is racial, even nowadays. However, this racial segregation is strongly linked
with economic inequalities, as the SA analysis demonstrated.

Finally, the model results are compared with those from EM clustering reduced to
the binary classification of ghettos and non-ghettos, as it is depicted in Figure 6. Good
agreement is found between our model and the ML predictions, obtaining an accuracy of
80 ± 7%. One possible explanation is that the interplay between D ± H limits the zones
where blue clusters can be found to the south of the city. Therefore, it portrays the real
situation where ghettos are on the southern shore of the Anacostia river.

6. Conclusions

The extended Schelling model in networks provides a new framework for the study
and understanding of ghettos’ establishment and their location. Starting with some basic
data information from the GIS system, such as the neighborhood relationships between
census tracts and a vertical gradient in the house pricing, our network, and its properties
are defined. Then, an extended Schelling model, including the economic terms model, runs
on it, allowing us to identify which census tracts can be classified as ghettos. It must be
noted that this approximation is useful when microdata or reliable data are not available
for the zone. As an example, we must mention that due to the impact of the COVID-19
pandemic, the Census Bureau changed the 2020 American Community Survey release into
a series of experimental estimates, instead of the standard one [34].

The strong segregation is a consequence of the policies adopted during the 1960s,
when the black population was concentrated in the south of Anacostia River (see Figure 3b),
as was discussed in Section 4.1. Then, the disinvestment in the zone caused the population
to fall into the poverty trap. This term alludes to self-reinforcing mechanisms that cause
poverty to persist unless there is outside intervention [44]. In fact, as we discussed in
Section 3.2, we can consider different prices for the same spot depending on group mem-
bership. This fact resembles redlining practices which can be summarized as an increase
in the interest rate or even credit denial of a loan due to cultural or racial bias [45]. This
procedure gave rise to an even further concentration of the deprived black population in
the ghetto zones. In addition to this, the river acts as a boundary between this part and the
rest of the city which leads to an increase in the zone isolation [29]. To sum up, the actual
setting is strongly influenced by these past practices and the economic gap could act as a de
facto redlining procedure, not allowing the relocation of economically handicapped people
into better locations.

Nevertheless, the model has some limitations: other cities with more complicated
structures can create a complex housing market difficult to define. For instance, cities in
Europe tend to be radially structured, i.e., they have expanded from the center towards the
outskirts where ghettos are mainly located.

A way to enhance this work is to include three parameters in the dissatisfaction index.
One is linked to both segregation terms, and the others are associated with the housing
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market and half the financial gap. In this case, we could maximize the final accuracy of the
model by using an optimization procedure over the parameters previously included.
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Abstract: The prediction of new cases of infection is crucial for authorities to get ready for early
handling of the virus spread. Methodology Analysis and forecasting of epidemic patterns in new
SARS-CoV-2 positive patients are presented in this research using a hybrid deep learning algorithm.
The hybrid deep learning method is employed for improving the parameters of long short-term
memory (LSTM). To evaluate the effectiveness of the proposed methodology, a dataset was collected
based on the recorded cases in the Russian Federation and Chelyabinsk region between 22 January
2020 and 23 August 2022. In addition, five regression models were included in the conducted
experiments to show the effectiveness and superiority of the proposed approach. The achieved
results show that the proposed approach could reduce the mean square error (RMSE), relative root
mean square error (RRMSE), mean absolute error (MAE), coefficient of determination (R Square),
coefficient of correlation (R), and mean bias error (MBE) when compared with the five base models.
The achieved results confirm the effectiveness, superiority, and significance of the proposed approach
in predicting the infection cases of SARS-CoV-2.

Keywords: hybrid deep learning; time series; LSTM; Stacked LSTM; CNN-LSTMs; BDLSTM; CNN;
GRU; modeling; SARS-CoV-2

MSC: 35-00; 35-01; 35-02; 35-03; 35-04; 35-06; 35-11

1. Introduction

The outbreak of the coronavirus infection known as SARS-CoV-2 was reported in
Wuhan city, China, in December 2019 SARS-CoV-2, and it spread to more than 200 countries
in less than a year [1]. The world health organization (WHO) called it COVID-19, which
stands for “Coronavirus Disease 2019,” which is the second version of the previously
known severe acute respiratory syndrome SARS (SARS-COV) and identified in short as
SARS-CoV-2 [2]. There have been regular restrictions to avoid the infection spreading in
all countries, including Russia. In almost all of the countries currently being impacted
by the SARS-CoV-2 pandemic, the rate at which patients are becoming infected with and
succumbing to the disease is alarmingly high [3]. The treatment of patients who required
intensive care was one of the most influential factors in determining the death and case
rates associated with (SARS-CoV-2). A significant challenge for healthcare systems all
over the world is posed by the administration of SARS-CoV-2 treatment to patients who
require acute or critical respiratory care [4]. Artificial intelligence and machine learning,
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two non-clinical computer-aided rapid fixes, are needed to battle (SARS-CoV-2) and halt
its global expansion [5]. Intelligent healthcare is increasingly relying on AI, in particular
machine learning algorithms [6]. More and more, these technologies are referred to be the
brains of intelligent healthcare services [7]. Deep learning, a kind of machine learning in
artificial intelligence, comprises networks that can learn from unstructured or unlabeled
data without supervision [8]. SARS-CoV-2 is just one of the numerous applications that have
heavily incorporated deep learning [9]. These solutions are also required in order to prevent
the disease from becoming more widespread. Techniques for making predictions regarding
the future are based on the evaluation of the past [10]. People are under the impression
that nothing will be the same as it was before as a result of the widespread coronavirus
pandemic, which has numerous global implications. The three most significant things
being explored at the moment are figuring out the causes, implementing preventative
measures, and attempting to develop an effective cure [11]. In Russia, there are more
than 20 million confirmed cases and 386 thousand death cases as on September 2022 [12].
Continued research is being conducted on related diseases, as well as public health policies
and containment mechanisms. Quarantine procedures vary from nation to nation, but
their overall goal is the same: to slow or stop the spread of infectious diseases in order to
keep hospitals operational and able to meet the rising demand for medical care [13]. If
the number of patients diagnosed with SARS-CoV-2 continues to rise, it is possible that
healthcare facilities will be unable to meet the needs of their patients and provide the
services they require. This is the worst-case scenario that can be anticipated. It is crucial
that the nations’ health capabilities be used properly and that the demand for the supplies
needed for medical infrastructure is predictable when infection rates are also taken into
consideration [14]. This is because it is important that both the health capacities of the
countries and the infection rates be taken into account. In this regard, it is recommended
that public health strategies be developed and implemented [15]. As a consequence, deep
learning (DL) models are considered precise tools that may aid in the development of
prediction models [16]. The recurrent neural network (RNN) and the long short-term
memory (LSTM) are the ones that are being explored in the (SARS-CoV-2) forecasting
process because they utilize temporal data, despite the fact that several neural networks
(NNs) have been reported in the past [17]. Deep learning networks, such as RNN and LSTM,
were utilized in this investigation. These networks were selected because, by analyzing
time series data, they were able to provide an accurate forecast of what would occur in
the future [18]. An SIR model is a type of epidemiological model that estimates the total
number of people in a closed community that could potentially become infected with an
infectious illness over a period of time. This category of models gets its name from the fact
that they use coupled equations to relate the number of susceptible people to one another
S(t), the number of people infected I(t), and the number of people who are recovered R(t),
so the initial letters of the three terms that make up the SIR model were shortened to form
the acronym (susceptible, infected, and recovered) [19]. The simulation of the SARS-CoV-2
in the Isfahan province of Iran from 14 February 2020 to 11 April 2020 was the subject
of one of the first articles published. The authors of this study made a prognosis of the
remaining infectious cases using three different scenarios. These scenarios ranged from one
another in terms of the extent of social distancing required. In spite of the fact that it was
able to estimate infectious cases in shorter time intervals, the developed SIR model was not
successful in predicting the actual spread and pattern of the epidemic over a longer period
of time. Surprisingly, the majority of the published SIR models that were constructed in
order to predict SARS-CoV-2 for different communities all suffer from the same conformity.
The SIR models are predicated on assumptions that do not appear to be correct in the
circumstances surrounding the SARS-CoV-2 epidemic. Therefore, in order to foresee
the pandemic, more complex modeling methodologies and extensive knowledge of the
biological and epidemiological features of the disease are required [20]. In addition to more
conventional methods, these two models demonstrated a significant amount of success in
the forecasting of temporal data. In the first place, recurrent neural networks (RNNs) have
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been put to use for the processing of time series and sequential data [18]. These networks
are also useful for modeling sequence data. RNNs are a type of artificial neural network
that is derived from feed-forward networks and exhibit behavior that is analogous to that
of the human brain [21]. To put it another way, RNNs have the ability to predict outcomes
based on sequence data, whereas other algorithms do not. After that, LSTMs, which have
complex gated memory units designed to handle the vanishing-gradient problems that
limit the efficiency of simple RNNs, have been used [22]. The average predicted errors for
SARS-CoV-2 infection cases using machine learning models are substantially equal to those
using statistical models. Machine learning algorithms can be used to forecast long-term
time series [23]. They compared (TS-system) and (DLM-system) LSTM-BI-LSTM-GRU
faults. Ensembling models provided fewer mistakes than (DLM-system) models at the
level of four countries, and hence the ensembling model outperformed (DLM-system) deep
learning models [24].

In this research, we aim to forecast SARS-CoV-2 cases (infection—death) in Russia and
Chelyabinsk; the period extends (80–20) Using Hybrid deep learning models, which are
based on different assumptions about data estimation.

2. Related Work

Researchers have been focusing on x-ray image diagnosis of SARS-CoV-2 and, on the
other hand, using time series models and artificial intelligence for the prediction of daily
infection, recovery, and death cases for SARS-CoV-2. X-ray images for SARS-CoV-2 were
diagnosed using neural networks. In [25], they created a system using five models and
deep learning algorithms: Xception, VGG19, ResNet50, DenseNet121, and Inception for
binary classification of X-ray images for SARS-CoV-2. In order to aid medical efforts and
lessen the strain on medical professionals while dealing with SARS-CoV-2, they provided
deep learning models and algorithms that have been developed and evaluated. Based on
machine learning and deep learning approaches, a survey of recent works for misleading
information detection (MLID) in the health sectors is presented [26]. Other research focused
on a database called COVIDGR-1.0 has all severity levels, from normal with positive RT-
PCR to mild, moderate, and severe. With an accuracy of 97.72%, 0.95%, 86.90%, 3.20%,
61.80%, and 5.49% in severe, moderate, and mild SARS-CoV-2 severity levels, the technique
produced excellent and steady results [27]. The use of user-generated data is envisioned as
a low-cost method to increase the accuracy of epidemic tolls in marginalized populations.
Utilizing the potential of user-posted data on the web is what they suggested [28]. In
addition to social media channels, bogus news about the SARS-CoV-2 epidemic may be
automatically classified and located using deep neural networks. In this investigation, the
CNN model performs better than the other deep neural networks, with the greatest accuracy
of 94.2% [29]. A brand-new interactive visualization system illustrates and contrasts
the SARS-CoV-2 pandemic’s pace of spread over time in various nations. The method
used by the system, called knee detection, splits the exponential spread into many linear
components. It may be used to analyze and forecast upcoming pandemics [30]. In [31],
they provided a technique for extracting implicit responses from huge Twitter collections.
Tweets were cleaned up and turned into a vector format that could be used by various
machine-learning methods. For both informational and non-informational classes, the Deep
Neural Network (DNN) classifier had the maximum accuracy (95.2%) and F1 score (73.6%).
Other research has developed a brand-new relation-driven collaborative learning strategy
for segmenting SARS-CoV-2 CT lung infections. Extensive research demonstrates that using
shared information from non-SARS-CoV-2 lesions may enhance current performance by
up to 3.0% in the dice similarity coefficient [32]. A domain-specific Bi-directional Encoder
Representations from Transformer (BERT) language model called COVID-Twitter BERT
(CT-BERT) has been introduced in recent sentiment analysis research on SARS-CoV-2.
CT-BERT does not always perform better at comprehending sentiments than BERT. In
comparison to a broad language model, a domain-specific language model would perform
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better. An auxiliary technique using BERT was developed to address performance concerns
with the single-sentence categorization of SARS-CoV-2-related tweets [33].

In our work, we built a hybrid deep learning algorithm as part of our research, as well
as an application that makes use of this algorithm, with the goal of forecasting the number
of daily SARS-CoV-2 infections and death in the Russian Federation and the Chelyabinsk
region. Therefore, in our work, we will be using hybrid deep learning models for modeling
and forecasting SARS-CoV-2 infection and daily death cases in Russia and Chelyabinsk.
Chelyabinsk is located in the Ural Federal District in central Russia [34]. The most important
contribution made by this study is the development of DL prediction models that, when
applied to historical and recent data, are capable of producing the most accurate forecasts of
confirmed positive (SARS-CoV-2) cases and cases in which (SARS-CoV-2) was determined
to be the cause of death in Russia and Chelyabinsk [35].

3. Data and Materials

When preparing data, deep learning faces some issues with long sequences in the
database [36]. For the first problem, training is time-consuming and demands a lot of
memory. Second problem, back-propagating extended sequences, results in an incorrectly
trained model. Prepare and preprocess data before importing it into neural networks.
Normalization and standardization problems are two aspects of data preparation. We
used data normalization, a scaling procedure, to set the mean and standard deviation to
0 and 1, respectively [37]. We used daily data on SARS-CoV-2 infection and death cases
in the Russian Federation and Chelyabinsk region. The dataset was obtained from the
official website of the World Health Organization between the dates of 22 January 2020 and
23 August 2022. The dataset is then further prepared in such a way that the first eighty
percent of the datasets are used for training purposes while the remaining twenty percent
of the datasets are used for testing purposes (the last 20% of this dataset approximates
the last 6 months (last 190 days)). The training dataset was used to train and improve the
models, and 20% of the training data was utilized to analyze if the models were overfitting
or underfitting the data. The performance of the model is evaluated with the help of the
test set. Ref [38] provides both the method and the daily SARS-CoV-2 infection and death
case data. Both of these can be accessed from our source.

Figure 1 showed a visual depiction of SARS-CoV-2 infection cases (left panel) and death
cases (right panel) in Russia and Chelyabinsk repeatedly (Figure 1A,C). Figure 1A shows
that the maximum month for total infection cases in Russia is February 2021. Figure 1C
shows the same situation for infection cases in Chelyabinsk that same month (February 2021
and 2022). It had close to 100 thousand infection cases in 2022 when the mutant omicron
appeared. We also note an upward trend in the development of death cases in Russia and
Chelyabinsk (Figure 1B,D), with the emergence of volatility in death cases during the period.
Figure 1B shows that the maximum month for total death cases in Russia is February 2022;
Figure 1D shows that the maximum total number of death cases in November, December,
and February in Chelyabinsk exceeded 800 death cases in November 2021. Then we find a
decrease in the death cases after this month as a result of precautionary measures taken by
both regions. One of the clear patterns in the visual is a similar trend in cases and death in
both Russia and Chelyabinsk, which shows the unification of anti-SARS-CoV-2 policies.
Using a heatmap enables us to extract some features from the SARS-CoV-2 data.

Figure 2 presents the heatmap for total monthly infection and death cases. Figure 2A
shows that the maximum month for total infection cases in Russia is February 2021, and the
same month in 2022 had close to 5 million infection cases in 2022 when the mutant omicron
appeared. Figure 2B shows that the maximum month for total death cases in Russia is
February 2022, and the same situation occurred in February 2021 when the mutant delta
appeared. Figure 2C shows the same situation for infection cases in Chelyabinsk that same
month (February 2021 and 2022). It had close to 100 thousand infection cases in 2022 when
the mutant omicron appeared. Figure 2D shows that the maximum total number of death
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cases in November, December, and February in Chelyabinsk exceeded 800 death cases in
November 2021.

  
(A) (B) 

  
(C) (D) 

Figure 1. Daily infections and death cases SARS-CoV-2 in Russian Federation and Chelyabinsk.
(A): Daily SARS-CoV-2 infection cases in Russian Federation. (B): Daily SARS-CoV-2 death cases in
Russian Federation. (C): Daily SARS-CoV-2 infection cases in Chelyabinsk. (D): Daily SARS-CoV-2
death cases in Chelyabinsk.

 
(A) (B) 

Figure 2. Cont.
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(C) (D) 

Figure 2. SARS-CoV-2 infection and death heatmap in Russian Federation and Chelyabinsk. for total
monthly infection and death cases.

4. Proposed Framework Algorithm and Methodology

The mechanism that underlies our proposed approach for modeling and forecasting
SARS-CoV-2 is depicted in Figure 3. The subsequent stages are carried out.

Figure 3. Proposed framework schematic schema.
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4.1. Proposed Framework Algorithm

First step → Input time series data for daily infection and death cases into our algo-
rithm. Then input parameters for the deep learning model (number of neural networks,
number of epochs, Loss Function, and optimizer) start running the algorithm.

Second step → preprocessing step, training takes time and memory. Second, back-
propagating extended sequences create a poorly trained model. Before importing data into
neural networks, prep it. Normalization and standardization are data prep steps. Using
data normalization, we set the mean and standard deviation to 0 and 1, respectively.

Third step → Separate the dataset into training, validation, and testing. SARS-CoV-2
infection and death cases. From 22 January 2020 to 23 August 2022, WHO website data
was collected. We test our model using 20% of this dataset (the last 190 days). The dataset
is divided such that 80% is used for training and 20% for testing. We utilized the training
dataset to train and improve the models and 20% to test overfitting and underfitting. Test
set is used to evaluate model performance.

Fourth step → Modeling In this stage, we execute our algorithm for LSTM, LSTMs
(stacked LSTM), BDLSTM (Bidirectional LSTM), ConvLSTMs, and other forecasting models.

Fourth step → Performance and Models Evaluation
Fifth step → Forecasting using best models

4.2. Methodology

(A) LSTM Model (long short-term memory model)

One of the first and most successful techniques for addressing vanishing gradients
came in the form of long short-term memory (LSTM) due to [39].

The (long-term memory) part comes after simple recurrent neural networks have long-
term memory in the form of weights. Weights change slowly during training, encoding
general knowledge about the data. Moreover, the other part (short-term memory) is due to
ephemeral activations, which go from each node to successive nodes. The LSTM model
introduces an intermediate type of storage via the memory cell. A memory cell is a complex
unit built from simpler nodes in a specific communication pattern with a new inclusion
of multiplex nodes. A generalized LSTM unit consists of three gates (input, output, and a
forget). The LSTM transition equations are given as follows [40].

Input gate: this gate makes the decision of whether or not the new information will
be added to LSTM memory. This gate consists of two layers: (1) the sigmoid layer and (2)
tanh layer. The first layer defines the values to be updated, and tanh layer creates a vector
of new candidate values that will be added to LSTM memory. The output of these layers is
calculated by:

it = σ
(

Wixt + Uiht−1 + bi
)

(1)

ut = tan h(Wuxt + Uuht−1 + bu) (2)

where it: values updates, ut: new candidate values, σ: sigmoid layer (or nonlinear function),
xt: represents a sequence of length t, b: is a constant bias, h: represents RNN memory at
time step t. W and U are weight matrices.

Forget gate: the sigmoid function of this gate is used to decide what information
to remove from LSTM memory. This decision is mainly made based on the value of h
and xt. The output of this gate is f , which is the value between 0 and 1, where 0 indicates
completely eliminating the acquired value, and 1 indicates that the entire value is preserved.
This output is calculated as:

ft = σ
(

W f xt + U f ht−1 + b f
)

(3)

where ft: values updates, σ: sigmoid layer (or nonlinear function), xt: represents a sequence
of length t, b: is a constant bias, h: represents RNN memory at time step t. W and U are
weight matrices.
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Input gate: this gate first uses a sigmoid layer to decide which part of LSTM memory
contributes to output. Next, it implements a nonlinear tanh function to set values between
−1, 1. Finally, the result is multiplied by output of the sigmoid layer. The following
equation represents the formulas for calculating output:

ot = σ(Woxt + Uoht−1 + bo) (4)

ht = ottanhtct−1 (5)

where ot: is an output gate, ht: is represented as a value between [1, −1].
Combining these two layers provides an update to LSTM where the current value is

forgotten using forget layer by doubling the old value ct−1 followed by adding candidate
value itut, The following equation represents its mathematical equation:

ct = itut + ftct−1 (6)

where ct: is a memory cell. ft are the results of forget gate, which is a value between 0 and
1 where 0 indicates completely rid-of value; 1 implies completely preserved value. The
hypothetical combination between these units is illustrated in Figure 4

 

Figure 4. Long-short-term memory layer.

(B) Stacked LSTM (Stacked long-short-term memory model)

Stacked LSTM model is an extension of LSTM model as it consists of multiple hidden
layers where each layer contains multiple memory cells. It was introduced by [41]. They
found that the depth of network was more important than the number of memory cells in a
given layer to model skill layer for modeling the skill.

A stacked LSTM architecture can be defined as an LSTM model comprised of multiple
LSTM layers. It provides a sequence output rather than a single value output to LSTM
layer below. Specifically, one output per input time step rather than one output time step
for all input time steps. This is illustrated in Figure 5.

Figure 5. A stacked LSTM architecture.
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(C) Bi LSTM model (Bidirectional long-short-term memory model)

Bi LSTM model put two independent RNNs together. This architecture allows network
to obtain back-and-forth information about the sequence at each time step [42].

Using Bi LSTM will run inputs in two ways, one from past to future and one from
future to past; where this approach differs from unidirectional is that in LSTM running
backward, you keep information from the future and using the two hidden states together
are able at any time to hold the information from the past and future. Calculating the
output y at time t is illustrated in Figure 6.

yt = σ
(
Wy[h→t , h←t ] + by

)
(7)

where σ is nonlinear function, Wy: are weight matrices that are used in deep learning
models, by: is a constant bias. ht: are hidden states.

Figure 6. Bidirectional long-short-term memory layer with both forward and backward LSTM layers.

Is illustrated in Figure 5:
Figure 6 shows us how Bi LSTM model works, as it shows information sent from past

and future time series (green color), from inputs xt, which are collected in hidden layers ht
and extract features through nonlinear function σ to predict moment yt.

(D) GRU model (Gated Recurrent Unit model)

Gated Recurrent Unit (GRU) is an advanced and more improved version of LSTM.
It is also a type of recurrent neural network. It uses less hyper parameters because of
reset gate and update gate in contrast to three gates of LSTM. Update gate and reset gate
are basically vectors and are used to decide which information should be passed to the
output [43]. The reset gate controls how much of the previous state we need to remember.
From there, update gate will allow us to control whether the new state is a copy of old state.
Two gate outputs are given by two fully connected layers with sigmoid activation function;
Figure 7 shows the inputs for both reset and update gates in GRU. Mathematically, output
is calculated as follows:

rt = σ(Wrxt + Urht−1 + br) (8)

zt = σ(Wzxt + Uzht−1 + bz) (9)

where rt: is reset gate, zt: is update gate, σ: sigmoid activation function, W and U are weight
parameters, ht−1: the hidden state of the previous time step, b: is a constant bias. Next,
we combine the reset gate with the regular refresh mechanism; it is given mathematically
according to following equation:

it = σ
(

Wixt + Uiht−1 + bi
)

(10)
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Figure 7. Gated Recurrent Unit (GRU) layer.

Which leads to the next candidate hidden state:

at = tan h
(

wxt + rtUiht−1 + bh
)

(11)

where: at: candidate hidden state, tan h: activation function, w and U are weight parametres,
rt: is reset gate, ht−1: the hidden state of the previous time step, b: is a constant bias. Finally,
we need to incorporate the effect of update gate. This determines how closely new hidden
state is with old state versus how similar it is to new candidate state. Update gate can be
used for this propose, simply by taking element-wise convex combinations of ht and ht−1.
This leads to final update equation for GRU:

ht = ztht−1 + (1 − zt)at (12)

where zt: update gate, rt: reset gate, at: activation function, ht: hidden state output gate.
The following Figure 7 illustrates this model:

(E) Conv and CNN-LSTM Model

The convolutional neural network consists of two convolutional layers; this allows for
spatial advantage extraction. Where one-dimensional convolution operation is performed
over the flow of data xs

t at each time step t., a one-dimensional convolution kernel filter
is used to acquire the local perceptual domain by a sliding filter [44]. The process of
convolution kernel filter can be expressed as follows:

Ys
t = σ(Ws ∗ xs

t + bs) (13)

where Ys
t : output of convolutional layer, Ws: weights of the filter, xs

t : input traffic flow at
time t, σ: activation functions.

CNN-LSTM Model is combination of Conv and LSTM; the input of CNN-LSTM is a
spatial-temporal traffic flow matrix xs

t , as follows [2]:

xs
t =

⎡
⎢⎢⎢⎣

xs
t−n

xs
t−(n−1)

...
xs

t

⎤
⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

f 1
t−n f 1

t−(n−1) . . . f 1
t

f 2
t−n f 2

t−(n−1) · · · f 2
t

...
...

. . .
...

f m
t−n f m

t−(n−1) · · · f m
t

⎤
⎥⎥⎥⎥⎦ (14)

where xs
t = f 1

t . . . f m
t : denotes the traffic flow of the prediction region at time t, which

represents the historical traffic flow of the POI to be predicted and its neighbors. As shown
in Figure 8:
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Figure 8. CNN-LSTMs Model is combination of Conv and LSTM.

Figure 8 shows us how CNN-LSTM model works; this is performed by adding CNN
layer on the front end (left panel) followed by LSTM layers with a dense layer on output
(right panel). CNN model works to extract features, and LSTM model works to interpret
over time steps.

(F) Adam Optimization Algorithm

Stochastic gradient descent is extended by Adam optimization in order to update
network weights in a more efficient manner. The method of adaptive moment estimation is
used in stochastic optimization. This makes it possible for the rate of learning to adjust over
the course of time, which is a vital concept to grasp, given that Adam also demonstrates
this phenomenon. Adam is the result of combining the two variables (Momentum and
RMSprop) as shown in Algorithms 1, which presents a method in greater detail and also
Pseudo-code 1.

Adam proposed algorithm for stochastic optimization and for a slightly more efficient
order of computation. g2

t indicates the elementwise square gt � gt. Good default settings
for the tested machine learning problems are α = 0.001, β1 = 0.9, β2 = 0.999, and ε = 10−8.
All operations on vectors are element-wise. With βt

1 and βt
2 we denote β1 and β2 to the

power t [19].

Algorithms 1: Adam algorithm for stochastic optimization [19].

Require: a : Stepsize
Require: β1, β2 ∈ [0, 1) : Exponential decay rates for the moment estimates
Require: f (θ) : Stochastic objective function with parameters θ

Require:θ0 : Initial parameter vector m0 ←
0(Initialize 1st moment vector) v0 ←
0(Initialize 2nd moment vector) t ←
0(Initialize timestep)

while θ not converged do

t + t1
gt ← ∇θ ft(θt−1) (Get gradients w.r.t. stochastic objective at timestep t)
mt ← β1·mt−1 + (1 − β1)·gt (Update biased first moment estimate)
vt ← β2·vt−1 + (1 − β2)·g2

t (Update biased second raw moment estimate)
m̂t ← mt/

(
1 − βt

1
)

(Compute bias-corrected first moment estimate)
v̂t ← vt/

(
1 − βt

2
)

Compute bias-corrected second raw moment estimate)
θt ← θt−1 − a·m̂t/(

√
v̂t + ε (Update parameters)

end while

return θt (Resulting parameters
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Adaptive Moment Estimation (Adam)

Pseudo-code: Adam algorithm for stochastic optimization

Note:
We have two separate beta coefficients → one for each optimization part. We implement bias
correction for each gradient
On iteration t:
Compute dW, db for current mini-batch
# #Momentum
v_dW = beta1 * v_dW + (1 − beta1) dW
v_db = beta1 * v_db + (1 − beta1) db
v_dW_corrected = v_dw/(1 − beta1 ** t)
v_db_corrected = v_db/(1 − beta1 ** t)
# #RMSprop
s_dW = beta * v_dW + (1 − beta2) (dW ** 2)
s_db = beta * v_db + (1 − beta2) (db ** 2)
s_dW_corrected = s_dw/(1 − beta2 ** t)
s_db_corrected = s_db/(1 − beta2 ** t)
# #Combine
W = W − alpha * (v_dW_corrected/(sqrt(s_dW_corrected) + epsilon))
b = b − alpha * (v_db_corrected/(sqrt(s_db_corrected) + epsilon))
Coefficients

alpha: the learning rate. 0.001.
beta1: momentum weight. Default to 0.9.
beta2: RMSprop weight. Default to 0.999.
epsilon: Divide by Zero failsave. Default to 10 ** −8.

(G) Performance indicators

To compare the prediction performance of the three models used:
Calculating root mean square error (RMSE) between the estimated data and actual data:

RMSE =

√
∑n

t =1(ŷt − yt)
2

n
(15)

where ŷt: the forecast value, yt: the actual value, n: number of fitted observed.
Calculating relative root mean square error (RRMSE):

RRMSE =

√√√√ 1
n ∑n

t =1(ŷt − yt)
2

∑n
t=1(ŷt)

2 (16)

Calculating mean absolute error (MAE):

MAE =
1
n

n

∑
t=1

|yt − ŷt| (17)

Calculating mean bias error (MBE):

MBE =
∑n

t=1(yt − ŷt)

n
(18)

Calculating Coefficient of correlation (R):

R =
Cov(yt, ŷt)√
V(yt) V(ŷt)

(19)
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Calculating Coefficient of determination (R Square):

R2 = 1 − ∑n
t=1(ŷt − yt)

2

∑n
t=1(yt − yt)

2 (20)

The model that has the least values of (RMSE—RRMSE—MAE—MBE) and greater
values of (R–R-Square) is the best model.

5. Results

To prove the effectiveness and superiority of the proposed approach, several exper-
iments were conducted to predict SARS-CoV-2. Firstly, a set of baseline experiments
were conducted using six base models, including LSTM, BDLSTM, GRU, LSTMs, and
CONVLSTMs. The results of these models were compared to the achieved results using
the Bi-LSTM, LSTM, CNN, and CNN-LSTMs algorithm for daily infection and death for
SARS-CoV-2 in Russia and Chelyabinsk, respectively. Table 1 presents the results of the
testing for each of the base models along with the proposed approach based on the adopted
evaluation criteria.

Table 1. Comparison of six methods evaluation testing 20% SARS-CoV-2 daily infection and death
cases in Russian federation and Chelyabinsk.

Model RMSE RRMSE MAE R2 r MBE

(SARS-CoV-2)Infection Cases in Russia
LSTM 9126.42 0.40 3653.27 0.93 1.00 3023.27

Stacked
LSTM

35,612.77 1.56 12,646.76 −0.03 0.26 −10,796.24

BDLSTM 2611.48 0.11 1417.74 0.99 1.00 −59.11
GRU 13,105.75 0.57 4223.04 0.86 0.97 −3299.01
Conv 3397.80 0.33 1936.18 0.86 0.96 −1277.09
CNN-

LSTMs
2583.41 0.25 1717.80 0.92 0.98 −1315.08

(SARS-CoV-2)Death Cases in Russia
LSTM 24.46 0.12 20.19 0.99 1.00 13.85

Stacked
LSTM

32.29 0.15 27.62 0.98 1.00 22.80

BDLSTM 24.98 0.12 20.97 0.99 1.00 16.61
GRU 27.07 0.13 23.33 0.99 1.00 19.77
Conv 88.80 0.70 46.65 0.37 0.99 39.03
CNN-

LSTMs
58.11 0.46 37.69 0.73 0.99 16.52

(SARS-CoV-2)Infection Cases in Chelyabinsk region
LSTM 160.23 0.43 59.46 0.91 1.00 57.78

Stacked
LSTM

583.25 1.55 188.00 0.14 0.03 −177.87

BDLSTM 64.47 0.17 25.46 0.99 1.00 21.97
GRU 64.98 0.17 25.38 0.99 1.00 20.51
Conv 24.69 0.13 14.36 0.96 0.98 3.86
CNN-

LSTMs
122.46 0.65 86.77 −0.02 0 −19.01

SARS-CoV-2Death Cases in Chelyabinsk region
LSTM 1.84 0.35 1.44 0.88 0.94 0.22

Stacked
LSTM

1.91 0.37 1.46 0.87 0.94 0.15

BDLSTM 2.03 0.39 1.63 0.85 0.94 0.68
GRU 1.79 0.35 1.39 0.89 0.94 −0.03
Conv 2.83 0.90 2.19 −0.44 0.75 1.87
CNN-

LSTMs
1.60 0.51 1.29 0.54 0.78 0.63
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As presented in the table, the proposed approach could achieve the best values over
all the evaluation criteria, which confirms the superiority of the proposed approach. The
achieved RMSE on the test set using the proposed approach BDLSTM for infection cases
of SARS-CoV-2 in Russia is (2611.48). In addition, RRMSE, MAE, R2, r, and MBE of the
test set using the proposed approach BDLSTM is (0.11), (1417.74), (0.99), (1), and (−59.11).
These values prove the effectiveness of the proposed approach. The achieved RMSE on the
test set using the proposed approach LSTM for death cases of SARS-CoV-2 in Russia is
(24.46). In addition, RRMSE, MAE, R2, r, and MBE of the test set using the proposed ap-
proach LSTM is (0.12), (20.19), (0.99), (1), and (13.85). These values prove the effectiveness
of the proposed approach. The achieved RMSE on the test set using the proposed approach
Conv for infection cases of SARS-CoV-2 in the Chelyabinsk region is (24.69). In addition,
RRMSE, MAE, R2, r, and MBE of the test set using the proposed approach Conv are (0.13),
(14.36), (0.96), (0.98), and (3.86). These values prove the effectiveness of the proposed ap-
proach. The achieved RMSE on the test set using the proposed approach CNN-LSTMs for
death cases of SARS-CoV-2 in the Chelyabinsk region is (1.60). In addition, RRMSE, MAE,
R2, r, and MBE of the test set using the proposed approach CNN-LSTMs are (0.51), (1.29),
(0.54), (0.78), and (0.63). These values prove the effectiveness of the proposed approach.

Table 2 shows us the large difference between the maximum and minimum values of
all variables and thus affects the shape of the distribution. Thus, the estimators here (Mean,
Median, Mode, and SD) are useless because they are breakdown points. We notice from the
table that the largest difference is for the variable number of infections in Russia, from 0
to 202,211 cases, which leads to a kurtosis that gives a pointed top of the distribution as
its value is much greater than three and a greater value for standard error (more difficulty
in predicting), with the distribution skewed towards the right as the frequency of values
greater than the average is greater for this variable. as the injury variable in Russia took
700 days to move from the lowest value to the largest value. The same thing happened for
infection Chelyabinsk, with less difference between max and min values leading to less S.D.
As for death cases, we notice a negative kurtosis, which indicates less volatility for both
variables and, therefore, a smaller S.D than infection cases with a slight Skewness due to
the convergence of the values from the arithmetic mean, and therefore, the cases of death
are less developed than the cases of injury with the preventive measures that have been
taken in these areas.

Table 2. Descriptive statistics of SARS-CoV-2.

Mean S.E Median Mode S.D Kurtosis Skewness Mini Max

Infection in Russia 20,002.25 940.40 11,409 0 28,908.88 18.08 4.015 0 202,211
Death in Russia 397.79 10.94 354 0 336.374 −0.50 0.70 0 1222

Infection Chelyabinsk 383.25 25.07 180 0 750.20 21.87 4.58 0 5354
Death Chelyabinsk 8.76 0.31 6 0 9.35 −0.11 1.06 0 32

The table shows us that the best model for predicting SARS-CoV-2 infection cases
in Russia is (BDLSTM) because it has the least values of (RMSE—RRMSE—MAE—MBE)
and, therefore, the least difference between the real and estimated values using the model.
We also note that the model is able to explain the volatility in a variable through the
high value of the coefficient of determination (R Square = 99%); there is a perfect linear
correlation between the estimated and actual values. As before, we note that the best model
for SARS-CoV-2 death cases in Russia is (LSTM), and for SARS-CoV-2 infection cases in
the Chelyabinsk region is (CONV), and for SARS-CoV-2 death cases in the Chelyabinsk
region is (CNN-LSTMs). As these models achieve convergence between the actual and
estimated values of the training and test data, noting their ability to capture extreme values
(Maximum and Minimum value). This is illustrated by the following figures:

Figure 9 shows us the convergence of data on actual daily infection of SARS-CoV-2 in
Russia with estimated using the BDLSTM model (training–testing), so we notice a great
convergence between the actual and estimated data and the ability of the model to clarify
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volatility in infection of SARS-CoV-2 and capture structural points, and thus this model
can be used to predict in daily infection of SARS-CoV-2 in Russia.

Figure 9. Comparison of the forecasting SARS-CoV2 infection cases and the real infection cases
for BDLSTM.

Figure 10 shows us the convergence of data on actual daily death SARS-CoV-2 in
Russia with estimated using the LSTM model (training–testing), so we notice a great
convergence between the actual and estimated data and the ability of model to clarity
volatility in death SARS-CoV-2 and capture trends change and thus this model can be used
to predict in daily death SARS-CoV-2 in Russia.

Figure 10. Comparison of the forecasting SARS-CoV-2 death cases and the real infection cases
for LSTM.

Figure 11 shows us the convergence of data on actual daily infection SARS-CoV-2 in
the Chelyabinsk region estimated using the CNN model (training–testing), so we notice
a great convergence between the actual and estimated data and the ability of the model
to clarify volatility in SARS-CoV-2 infection and capture structural points, and thus this
model can be used to predict in daily SARS-CoV-2 infection in the Chelyabinsk region.
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Figure 11. Comparison of the forecasting SARS-CoV-2 infection cases and the real infection cases
for CNN.

Figure 12 shows us the convergence of data on actual daily death SARS-CoV-2 in the
Chelyabinsk region with estimated using the CNN-LSTMs model (training–testing), so we
notice a great convergence between the actual and estimated data and the ability of the
model to clarify volatility in death SARS-CoV-2 and capture structural points, and thus this
model can be used to predict in daily death SARS-CoV-2 in the Chelyabinsk region. The
hyper-parameters for deep learning models are shown in Table 3.

Figure 12. Comparison of the forecasting SARS-CoV-2 death cases and the real infection cases
for CNN-LSTMs.

Table 3. Hyper-parameter setting for models.

Parameter Infection in Death Infection Death

Area Russia Russia Chelyabinsk Chelyabinsk
Model BDLSTM LSTM Conv ConvLSTMs

Activation function Relu Relu Relu Relu
Number of hidden units in LSTM layer 200 200 200 200

LSTM layer activation function Relu Relu Relu Relu
Timestep 2 2 2 10
Batch size 1 1 1 1
Optimizer Adam Adam Adam Adam

Learning rate 0.001 0.001 0.001 0.001
Loss function MSE MSE MSE MSE

Epochs 200 200 200 200
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6. Conclusions and Future Research

In this study, a hybrid deep learning model’s algorithm was used to improve the
performance of a standard LSTM network in the analysis and forecasting of SARS-CoV-2
infections and death cases in the Russian Federation and the Chelyabinsk region. This was
accomplished by using a combination of traditional LSTM networks and hybrid deep learn-
ing models. In order to demonstrate that the strategy being offered is effective, a dataset is
gathered for the purposes of analysis and prediction. The suggested method was evaluated
by applying it to datasets obtained from an official data source that was representative
of the Russian Federation and the Chelyabinsk region. The utilization of these six key
performance indicators allows for the performance of the suggested methodology to be
evaluated and analyzed. In addition, the performance of the suggested method is evaluated
and compared to that of the other five prediction models in order to demonstrate that the
proposed method is superior. The compiled data provided unmistakable evidence that
the strategy being recommended (Hybrid Deep-Learning models) are not only successful
but also significantly more advantageous and important. On the other hand, it serves
as a reference for the health sector in Russia, in particular, as well as the World Health
Organization (WHO), as well as, more generally, for the health sectors in other nations.
As for future research directions, it is planned to enable medium- and long-term forecast-
ing of time series in weakly structured situations, to develop mechanisms for correcting
long-term forecasts, to force a set of forecasting models to account for forecasting quality
in previous periods, and to consider the possibility of employing nonlinear forecasting
models for weakly structured data. All of these, along with the use of additional criteria
for the verification of the best models, can be used to expand and enhance the algorithm
discussed in this study and create a new package in Python for modeling and forecasting
not only SARS-CoV-2 data but any univariate-dimensional time series data.
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Abstract: We propose a generative adversarial network (GAN) that introduces an evaluator module
using pretrained networks. The proposed model, called a score-guided GAN (ScoreGAN), is trained
using an evaluation metric for GANs, i.e., the Inception score, as a rough guide for the training
of the generator. Using another pretrained network instead of the Inception network, ScoreGAN
circumvents overfitting of the Inception network such that the generated samples do not correspond
to adversarial examples of the Inception network. In addition, evaluation metrics are employed only
in an auxiliary role to prevent overfitting. When evaluated using the CIFAR-10 dataset, ScoreGAN
achieved an Inception score of 10.36 ± 0.15, which corresponds to state-of-the-art performance. To
generalize the effectiveness of ScoreGAN, the model was evaluated further using another dataset,
CIFAR-100. ScoreGAN outperformed other existing methods, achieving a Fréchet Inception distance
(FID) of 13.98.

Keywords: generative adversarial network; image generation; image synthesis; GAN; generative
model; Inception score; scoreGAN

MSC: 68T45

1. Introduction

A recent advancement in artificial intelligence is the implementation of deep learning
algorithms to generate synthetic samples [1–3]. These types of neural networks are able
to learn how to map inputs to outputs after being trained on large datasets. In the past
few years, researchers have used deep learning algorithms to create synthetic samples in
various domains such as music, images, and speech [4–6]. One important application of
synthetic sample generation is in the field of data augmentation [3,7]. Data augmentation is
a technique used in machine learning to increase the size of the training datasets. Synthetic
samples can be used to create new data points that are similar to existing data points, but
may have different labels or attributes. This can help improve the performance of machine
learning algorithms by providing them with more data to train on.

Due to their innovative training algorithm and superb performance in image gener-
ation tasks, generative adversarial networks (GANs) have been widely studied in recent
years [8–12]. GANs generally employ two artificial neural network (ANN) modules, called
a generator and a discriminator, which are trained with an adversarial process to detect
and deceive each other. Specifically, the discriminator aims at detecting synthetic samples
that are produced by the generator; meanwhile, the generator is trained by errors that are
obtained from the discriminator. By such a competitive learning process, the generator can
produce fine synthetic samples of which features are incredibly similar to those of actual
samples [13,14].

However, the performance evaluation of GAN models is a challenging task since the qual-
ity and diversity of generated samples should be assessed from the human perspective [15,16];
furthermore, unbiased evaluations are also difficult because each person can have different
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views on the quality and diversity of samples. Therefore, several studies have introduced
quantitative metrics to evaluate GAN models in a measurable manner [16,17].

The Inception score is one of the most representative metrics to evaluate GAN models
for image generation [16]. A conventional pretrained ANN model for image classification,
called the Inception network [18], is employed to assess both the quality and diversity
of the generated samples, by measuring entropies of inter- and intra-samples in terms
of estimated probabilities for each class. The Fréchet Inception distance (FID) is another
metric to measure GAN performance, in which the distance between feature distributions
of real samples and generated samples are calculated [17].

From the adoption of the evaluation metrics, the following questions then arise: Can
the evaluation metrics be used as targets for the training of GAN modelssince the metrics
reasonably represent the quality and diversity of samples? By backpropagating gradients
of the score or distance, is it possible to maximize or minimize them? Such an approach
seems feasible since the metrics are generally differentiable; therefore, the gradients can be
computed and backpropagated.

However, simply backpropagating the gradients and training with the metrics cor-
respond to learning adversarial examples in general [19,20]. Since the complexity of
ANN models is significantly high, we can easily make a sample be incorrectly predicted,
by adding minimal noises into the sample; this noisy sample is called the adversarial
example [20]. Therefore, in short, a fine quality and rich diversity of samples can have a
high Inception score, while the reverse is not always true.

Barratt and Sharma [21] studied this problem and found that directly maximizing the
score does not guarantee that the generator produces fine samples. They trained a GAN
model to maximize the Inception score; then, the trained model produced image samples
with a very high Inception score. While the Inception score of real samples in the CIFAR-10
dataset is around 10.0, the produced images achieved an Inception score of 900.15 [21].
However, the produced images were entirely different from the real images in the CIFAR-10
dataset; instead, they looked like noises.

In this paper, to address such a problem and utilize the evaluation metric as a training
method, we propose a score-guided GAN (ScoreGAN) that employs an evaluator ANN
module using pretrained networks with the evaluation metrics. While the aforementioned
problems exist in ordinary GANs, ScoreGAN solves the problems through two approaches
as follows.

First, ScoreGAN uses the evaluation metric as an auxiliary target, while the target
function of ordinary GANs is mainly used. Using the evaluation metric as the only target
causes overfitting of the network used for the metric, instead of learning meaningful
information from the network, as shown in related studies [21]. Thus, the evaluation metric
is employed as the auxiliary target in ScoreGAN.

Second, in order to backpropagate gradients and train the generator in ScoreGAN, we
employ a different pretrained model called MobileNet [22]. This prevents the generator
from overfitting on the Inception network. To the best of our knowledge, employing a
pretrained MobileNet with an additional score function for the training of the generator
has not been explored thus far. Additionally, this approach allows us to validate that the
generator has actually learned features, rather than simply memorizing details from the
Inception network. In this process, we can assess whether ScoreGAN is able to achieve a
high Inception score without using the Inception network, which can prove the effectiveness
of ScoreGAN.

The main contributions of this paper are as follows:

• The score-guided GAN (ScoreGAN) that uses the evaluation metric as an additional
target is proposed.

• The proposed ScoreGAN circumvents the overfitting problem by using MobileNet as
an evaluator.

• Evaluated by the Inception score and cross-validated through the FID, ScoreGAN
demonstrates state-of-the-art performance on the CIFAR-10 dataset and CIFAR-100
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dataset, where its Inception score in the CIFAR-10 is 10.36 ± 0.15, and the FID in the
CIFAR-100 is 13.98.

2. Background

Generative models aim to learn sample distributions and produce realistic samples.
For instance, generative models can be trained with an image dataset; then, a successfully
trained generative model produces realistic, but synthetic images for which the features
are extremely similar to the original images in the training set. The GAN is one the
representative generative models, which uses deep learning architectures and an algorithm
with game theory. In recent years, diffusion models have been employed as generative
models and demonstrated superior performances [2,23,24]. In Section 2.1, we discuss a
variant of the GAN called the controllable GAN, which is the baseline of the proposed
model. Additionally, two metrics to assess the produced images by the generative models
are presented in Sections 2.2 and 2.3.

2.1. Controllable Generative Adversarial Networks

The conventional GAN model consists of two ANN modules, i.e., the generator and
the discriminator. The two modules are trained by playing a game to deceive or detect each
other [15,25]. The game to train a GAN can be represented as follows:

θ̂D = arg min
θD

{
LD(1, D(X; θD)) + LD

(
0, D

(
G
(
Z; θ̂G

)
; θD

))}
, (1)

θ̂G = arg min
θG

{LD(1, D(G(Z; θG); θD))}, (2)

where G and D denote the generator and the discriminator, respectively, X is a training
sample, Z represents a noise vector, θ is a set of weights of an ANN model, and LD indicates
a loss function for the discriminator.

However, the ordinary GAN can hardly produce the desired samples since each feature
in a dataset is randomly mapped into each variable of the input noise vector. Therefore, it
is hard to discover which noise variable corresponds to which feature. To overcome this
problem, conditional variants of GAN that introduce conditional input variables have been
studied [26–28].

Controllable GAN (ControlGAN) [29] is one of the conditional variants of GANs
that uses an independent classifier and the data augmentation techniques to train the
classifier. While a conventional model, called auxiliary classifier GAN (ACGAN) [28], has
an overfitting issue on the classification loss and a trade-off for using the data augmentation
technique [29], ControlGAN breaks the trade-off through introducing the independent
classifier, as well as the data augmentation technique. The training of ControlGAN is
performed as follows:

θ̂D = arg min
θD

{
LD(1, D(X; θD)) + LD

(
0, D

(
G
(
Z,L; θ̂G

)
; θD

))}
, (3)

θ̂G = arg min
θG

{
LD(1, D(G(Z; θG); θD)) + γt · LC

(
L, C

(
G(Z,L; θG); θ̂C

))}
, (4)

θ̂C = arg min
θC

{LC(L, C(X; θC))}, (5)

where C represents the independent classifier, L denotes the input labels, and γt is a learn-
ing parameter that modulates the training of the generator in terms of the classification loss.

2.2. The Inception Score

To assess the quality and diversity of the generated samples by GANs, the Inception
score [16] is one of the most conventional evaluation metrics, which has been extensively
employed in many studies [8,14,16,21,26,27,29]. For the quantitative evaluation of GANs,
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the Inception score introduces the Inception network, which was initially used for image
classification [18]. The Inception network is pretrained to solve the image classification
task over the ImageNet dataset [30], which contains more than one million images of 1000
different classes; then, the network learns the general features of various objects.

Through the pretrained Inception network, the quality and diversity of the generated
samples can be obtained from two aspects [16,21]: First, the high quality of an image can be
guaranteed if the image is firmly classified into a specific class. Second, a high entropy in
the marginal probability of the generated samples indicates a rich diversity of the samples
since such a condition signifies that the generated samples are different from each other.

Therefore, the entropies of the intra- and inter-samples are calculated over the gener-
ated samples; then, these two entropies compose the Inception score as follows:

IS
(
G
(
·; θ̂G

))
= exp

(
1
N ∑ KL

(
Pr
(
Y|X̂

)
||Pr(Y)

))
, (6)

where X̂ denotes a generated sample, KL indicates the Kullback–Leibler (KL) divergence,
namely the relative entropy, and N is the number of samples in a batch. Since a high KL
divergence signifies a significant difference between the two probabilities, thus a higher
Inception score indicates greater qualities and a wider variety of samples. Generally, ten
sets, each of which contains 5000 generated samples, are used to calculate the Inception
score [16,21].

2.3. The Fréchet Inception Distance

The FID is another metric to evaluate the generated samples in which the Inception
network is employed as well [17]. Instead of the predicted probabilities, the FID introduces
the feature distribution of the generated samples that can be represented as the outputs of
the penultimate layer of the Inception network.

With the assumption that the feature distribution follows a multivariate normal distri-
bution, the distance between the feature distributions of the real samples and generated
samples is calculated as follows:

FID
(
X, X̂

)
=
∥∥μX − μX̂

∥∥2
2 + Tr

(
ΣX + ΣX̂ − 2 ·

√
ΣX ΣX̂

)
, (7)

where X and X̂ are the data matrices of the real samples and generated samples, respectively,
and Σ denotes the covariance matrix of a data matrix. In contrast to the Inception score,
a lower FID indicates the similarity between the feature distributions since the FID measures
a distance.

3. Methods

In this paper, we propose ScoreGAN, which uses an additional target, derived from
the evaluation metrics in Section 2.2. The proposed ScoreGAN uses the Inception score
as a target of the generator. However, directly targeting the Inception score leads to an
overfitting issue; thus, in ScoreGAN, a pretrained MobileNet is used for the training.
Then, the trained model is evaluated with the conventional Inception score and FID using
the Inception network. This method is elaborated in Section 3.1. The training details of
ScoreGAN are described in Section 3.2.

3.1. Score-Guided Generative Adversarial Network

The main idea of ScoreGAN is straightforward: For its training, the generator in
ScoreGAN utilizes an additional loss that can be obtained from the evaluation metric for
GANs. Since it has been verified that the evaluation metric strongly reflects the quality
and diversity of the generated samples [8,16], it is expected that the performance of GAN
models can be enhanced by optimizing the metrics.
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Therefore, the architecture of ScoreGAN corresponds to ControlGAN with an addi-
tional evaluator; the evaluator is used to calculate the score, then gradients are backprop-
agated to train the generator. The other neural network structures are the same as those
of ControlGAN.

However, due to the high complexity of GANs, it is not guaranteed that such an
approach can work properly, as described in the previous section. Directly optimizing the
Inception score can cause overfitting over the network that is used to compute the metric;
then, the overfitted GANs produce noises instead of realistic samples even if the score of
the generated noise is high [21].

In this paper, we circumvent this problem through two different approaches, i.e., em-
ploying the metric as an auxiliary cost instead of the main target of the generator and adopt-
ing another pretrained network as an evaluator module as a replacement of the Incep-
tion network.

3.1.1. The Auxiliary Costs Using the Evaluation Metrics

ScoreGAN mainly uses the ordinary GAN cost in which the adversarial training pro-
cess is performed while the evaluation metric is utilized as an auxiliary cost. Therefore,
the training of the generator in ScoreGAN is conducted by adding the cost of the evaluation
metric to (4). Such a method using an auxiliary cost has been introduced in ACGAN [28];
then, the method has been widely studied in many recent works [27], including Control-
GAN [29]. As a result of the recent works, it has been demonstrated that the auxiliary
costs serve as a “rough guide” for a generator to be trained with additional information.
The proposed technique using the evaluation metrics in this paper corresponds to a variant
of such a method, where the metrics are used as rough guides to generate high-quality and
a rich variety of samples. In short, the generator in ScoreGAN aims at maximizing a score
in addition to the original cost, which can be represented as follows:

θ̂G = arg min
θG

{
LG − δ · IS

(
X̂
)}

, (8)

where LG denotes the regular cost for a generator, such as the optimization target in (4),
δ is a parameter for the score, and IS is the score that can be obtained from the evaluator.
Since (6) is differentiable with respect to G, θG can be optimized by the gradients in such
a manner.

3.1.2. The Evaluator Module with MobileNet

To obtain the IS in (8), originally, the Inception network [18] is required as the evaluator
in ScoreGAN since the metrics are calculated through the network. However, as described
in the previous sections, directly optimizing the score leads to overfitting the network,
thereby making the generator produce noises instead of fine samples. Furthermore, if the
Inception network is used for the training, it is challenging to validate whether the generator
actually learns features rather than memorizes the network, since the generator trained
by the Inception network certainly achieves a high Inception score, regardless of the
actual learning.

Therefore, ScoreGAN introduces another network, called MobileNet [22], as the evalu-
ator module, in order to maximize the score. MobileNet [22,31,32] is a comparatively small
classifier for mobile devices, which is trained with the ImageNet dataset as well. Due to
its compact network size, enabling GANs to be trained, MobileNet is used in this study.
The score is calculated over the feature distribution of MobileNet; then, the generator aims
to maximize the score, as described in (8). For MobileNet, the pretrained model in the
Keras library is used in this study.

Furthermore, to prevent overfitting on MobileNet, ScoreGAN uses a regularized score,
which can be represented as follows:

RISmobile
(
X̂
)

:= min
{

ISmobile(X), ISmobile
(
X̂
)}

, (9)
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where RIS represents the regularized score and ISmobile denotes the score calculated by the
same manner as (6) through MobileNet instead of the Inception network. Since a perfect
GAN model can achieve a high score that is similar to the score of real data, thus, it is
expected that the maximum value of the score that a GAN model can attain is the score
of real data. Therefore, such an approach in (9) assists the GAN training by reducing the
overfitting of the target network.

The evaluation, however, is performed with the Inception network, as well as the
Inception score, instead of MobileNet and ISmobile, which can generalize the performance
of ScoreGAN. If ScoreGAN is trained to optimize MobileNet, the training ensures maxi-
mizing the score obtained with MobileNet, irrespective of the learning of actual features.
Therefore, to validate the performance, the model must be evaluated with the original
metric, the Inception score.

Furthermore, the model is further evaluated and cross-validated through the FID. Since
the score and the FID measure different aspects of the generated samples, the maximization
of the score does not guarantee obtaining a low FID. Instead, only if ScoreGAN produces
realistic samples that are highly similar to real data in terms of feature distributions,
the model can achieve a lower FID than the baseline. Therefore, by using the FID, we can
properly cross-validate the model even if the score is used for the target.

3.2. Network Structures and Regularization

Since ScoreGAN employs the ControlGAN structure as the baseline and integrates an
evaluator measuring the score with the baseline, ScoreGAN consists of four ANN modules,
namely the generator, discriminator, classifier, and evaluator. In short, ScoreGAN addition-
ally uses the evaluator, attached to the original ControlGAN framework. The structure of
ScoreGAN is illustrated in Figure 1.

Figure 1. The structure of ScoreGAN.The training of each module is represented with arrows. E:
evaluator; C: classifier; D: discriminator; G: generator.

As described in Figure 1 and (8), the generator is trained by targeting the three
other ANN modules to maximize the score and minimize the losses, simultaneously.
Meanwhile, the discriminator tries to distinguish between the real samples and generated
samples. The classifier is trained only with the real samples in which the data augmentation
is applied; then, the loss for the generator can be obtained with the trained classifier.
The evaluator is a pretrained network and fixed during the training of the generator; thereby,
the generator learns general features of various objects from the pretrained evaluator by
maximizing the score of the evaluator.
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Due to the vulnerable nature of the training of GANs, regularization methods for the
ANN modules in GANs are essential [33,34]. Accordingly, ScoreGAN also uses the regular-
ization methods that are widely employed in various GAN models for its training. Spectral
normalization [35] and the hinge loss [36] that are commonly used in state-of-the-art GAN
models are employed in ScoreGAN as well. The gradient penalty with a weight parameter
of 10 is used [33]. Furthermore, according to recent studies that show the regularized
discriminator requires intense training [8,35], multiple training iterations for the discrim-
inator are applied; the discriminator is trained over five times per one training iteration
of the generator. For the generator and the classifier, the conditional batch normalization
(cBN) [37] and layer normalization (LN) [38] techniques are used, respectively.

For the neural network structures in ScoreGAN, we followed a typical architecture
that is generally introduced in many other studies [27,39]. The detailed structures are
shown in Table 1. Two time-scale update rule (TTUR) [17] is employed with learning rates
of 4 × 10−4 and 2 × 10−4 for the discriminator and the generator, respectively. The learning
rates halve after 50,000 iterations; then, the models are further trained with the halved
learning rates for another 50,000 iterations. The Adam optimization method is used with
the parameters of β1 = 0 and β2 = 0.9, which is the same setting as the other recent
studies [29,35]. The maximum threshold for the training from the classifier was set to 0.1.
The parameter δ in (8) that modulates the training from the evaluator was set to 0.5.

Table 1. Architecture of neural network modules. The values in the brackets indicate the number of
convolutional filters or nodes of the layers. Each ResBlock is composed of two convolutional layers
with pre-activation functions.

Generator Discriminator Classifier

Z ∈ R
128 Z ∈ R

32×32×3 Z ∈ R
32×32×3

Dense (4 × 4 × 256) ResBlock Downsample (256)
ResBlock (32) × 3

ResBlock Downsample (32)

ResBlock Upsample (256) ResBlock Downsample (256)
ResBlock (64) × 3

ResBlock Downsample (64)

ResBlock Upsample (256) ResBlock (256)
ResBlock (128) × 3

ResBlock Downsample (128)

ResBlock Upsample (256) ResBlock (256) ResBlock (128) × 3

cBN; ReLU; Conv (3); Tanh ReLU; Global Pool; Dense (1) LN; ReLU; Global Pool; Dense (10)

4. Results

In this section, we discuss the performance of ScoreGAN with respect to the Inception
score, the FID, and the quality of the generated images. In the experiments, three images
datasets called CIFAR-10, CIFAR-100, and LSUN were used. Three subsections in this
section explain the performance results on each dataset. The characteristics of the datasets
are described in Table 2.

Table 2. Datasets used in the experiments.

Name Image Res. No. of Samples Descriptions

CIFAR-10 32 × 32 50,000
10 classes of small objects
5000 images per class

CIFAR-100 32 × 32 50,000
100 classes of small objects
500 images per class

LSUN
down-sampled
to 128 × 128 around 10 million

10 classes of indoor and outdoor scenes
around 120,000 to 3,000,000 per class
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4.1. Image Generation with CIFAR-10 Dataset

The proposed ScoreGAN was evaluated over the CIFAR-10 dataset, which is conven-
tionally employed as a standard dataset to assess the image generation performance of
GAN models in many studies [26,27,29,35,39–42]. The training set of the CIFAR-10 dataset
is composed of 50,000 images that are from 10 different classes. To train the models, we
used a minibatch size of 64, and the generator was trained over 100,000 iterations. The other
settings and the structure of ScoreGAN that was used to train the CIFAR-10 dataset are
described in the previous section. Since the proposed ScoreGAN introduces an additional
evaluator compared to ControlGAN, we used ControlGAN as the baseline; thereby, we can
properly assess the effect of the additional evaluator.

To evaluate the image generation performance of the models, the Inception score and
FID were employed. As described in the previous sections, since the Inception score is
the average of the relative entropy between each prediction and the marginal predictions,
a higher Inception score signifies better-quality and a rich diversity of the generated
samples; conversely, a lower FID indicates that the feature distributions of the generated
samples are similar to those of the real samples. Notice that, for ScoreGAN, the Inception
score and FID are measured after the training iterations (100,000). It is expected that we
can enhance the performance results if the models are repeatably measured during the
training, and then, we selected the best model among the iterations, as conducted in several
studies [8,39].

Table 3 shows the performance of GAN models in terms of the Inception score and
FID. While the neural network architectures of the GAN are the same as ControlGAN,
the proposed ScoreGAN demonstrates superior performance compared to ControlGAN,
which verifies the effectiveness of the additional evaluator in ScoreGAN. The Inception
score increased by 20.5%, from 8.60 to 10.36, which corresponds to state-of-the-art perfor-
mance among the existing models thus far. The FID also decreased by 21.1% in ScoreGAN
compared to ControlGAN in which the FID values of ScoreGAN and ControlGAN are 8.66
and 10.97, respectively. Random examples that are generated by ScoreGAN are shown
in Figure 2.

Figure 2. Random examples of the generated images by ScoreGAN with the CIFAR-10 dataset. Each
column represents each class in the CIFAR-10 dataset. All images have a 32 × 32 resolution.
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Table 3. Performance of GAN models over the CIFAR-10 dataset. IS indicates the Inception score;
FID indicates the Fréchet Inception distance. The best performances are highlighted in bold.

Methods IS FID

Real data 11.23 ± 0.20 -

ControlGAN [29] 8.61 ± 0.10 -
ControlGAN
(w/Table 1; baseline)

8.60 ± 0.09 10.97

Conditional
DCGAN [40]

6.58 -

AC-WGAN-GP [33] 8.42 ± 0.10 -
CAGAN [27] 8.61 ± 0.12 -
Splitting GAN [41] 8.87 ± 0.09 -
BigGAN [8] 9.22 14.73
MHingeGAN [39] 9.58 ± 0.09 7.50
ScoreGAN 10.36 ± 0.15 8.66

The results of this study appear to validate the effectiveness of both the additional
evaluator and auxiliary score present in ScoreGAN. It can be said that the generator in
ScoreGAN appears to properly learn general features through the pretrained evaluator
and is then enforced to produce a variety of samples by maximizing the score. This is
reflected not only in an increase in the Inception scores, but also in a decrease in the FID
scores. Since the FID measures the similarity between feature distributions, it is less related
to the objective of ScoreGAN. Therefore, this enhancement of the decreased FIDs could
be evidence that ScoreGAN does not overfit on the Inception scores, and the proposed
evaluator enhances the performance. Furthermore, since ScoreGAN does not use the
Inception network as the evaluator and the score, it is difficult to regard the generated
samples by ScoreGAN as adversarial examples of the Inception network, as shown in the
examples in Figure 2, where the images are far from noises.

The detailed Inception score and FID over iterations are shown in Figure 3. As shown
in the figures, the training of ControlGAN becomes slow after 30,000 iterations, while the
proposed ScoreGAN continues its training. For example, the Inception score of ControlGAN
at 35,000 iterations is 8.48, which is 98.6% of the final Inception score, while, at the same
time, the Inception score of ScoreGAN is 9.34, which corresponds to 90.2% of its final
score. The FID demonstrates similar results to those of the Inception score. In ControlGAN,
the FID decreases by 10.7% from 50,000 to 100,000 iterations; in contrast, it declines by
26.9% in ScoreGAN. Such a result implies that the generator in ScoreGAN can be further
trained by the proposed evaluator, although the training of the discriminator is saturated.

Figure 3. The performance of ScoreGAN in terms of the Inception score and Fréchet Inception distance
over iterations. (A) The Inception scores; (B) the Fréchet Inception distance (FID). The baseline is
ControlGAN with the same neural network architecture, identical to that of ScoreGAN.

167



Axioms 2022, 11, 701

4.2. Image Generation with CIFAR-100 Dataset

To generalize the effectiveness of ScoreGAN, the CIFAR-100 dataset was employed
for the evaluation of the GAN models. The CIFAR-100 dataset is similar to the CIFAR-
10 dataset, where each dataset contains 50,000 images of size 32 × 32 in the training set.
The difference between the CIFAR-100 dataset and the CIFAR-10 dataset is that the CIFAR-
100 dataset is composed of 100 different classes. Therefore, it is generally regarded that the
training of the CIFAR-100 dataset is more challenging than that of the CIFAR-10 dataset.
The architectures used in this experiment are shown in Appendix A.

Since existing methods in several recent studies have been evaluated over the CIFAR-
100 dataset [43], we compared the performance between ScoreGAN and the existing
methods. The performance in terms of the Inception score and FID is demonstrated in
Table 4. The results show that ScoreGAN outperforms the other existing models. While the
same neural network architectures are used in both methods, the performance of ScoreGAN
is significantly superior to that of the baseline. For instance, the FID significantly declines
from 18.42 to 13.98, which corresponds to a state-of-the-art result. Random examples of the
generated images with ScoreGAN trained with CIFAR-100 are shown in Figure 4.

Figure 4. Random examples of the generated images by ScoreGAN with the CIFAR-100 dataset. Each
column represents each class in the CIFAR-100 dataset. All images have a 32 × 32 resolution.
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Table 4. Performance of the GAN models over the CIFAR-100 dataset. IS indicates the Inception
score; FID indicates the Fréchet Inception distance. The best performances are highlighted in bold.

Methods IS FID

Real data 14.79 ± 0.18 -

ControlGAN
(baseline)

9.32 ± 0.11 18.42

MSGAN [43] - 19.74
SNGAN [42] 9.30 ± 0.08 15.6

MHingeGAN [39] 14.36 ± 0.09 17.30
ScoreGAN 13.11 ± 0.16 13.98

While the Inception score of ScoreGAN is slightly lower than that of MHingeGAN [39],
such a disparity results from a difference in the assessment of the scores, in which,
for MHingeGAN, the Inception score is continuously measured during the training itera-
tions; then, the best score is selected among the training iterations. In contrast, the Inception
score of ScoreGAN is computed only once after 100,000 iterations. Furthermore, in terms of
the FID, ScoreGAN demonstrates superior results, compared to MHingeGAN. Furthermore,
it is reported that the training of MHingeGAN over the CIFAR-100 dataset collapses before
100,000 iterations.

4.3. Image Generation with LSUN Dataset

For an additional experiment, ScoreGAN was applied to another dataset, called
LSUN [44]. LSUN is a large-scale image dataset with 10 million images in 10 different scene
categories, such as bedroom and kitchen. Furthermore, different from the CIFAR-10 and
CIFAR100 datasets, LSUN is composed of high-resolution images; therefore, we evaluated
ScoreGAN with LSUN to verify that the proposed framework can be performed with high-
resolution images. In this experiment, ScoreGAN produces 128× 128 resolution images.

The training process is the same as the previous experiments with the CIFAR datasets,
while different training parameters were used; a learning rate of 5× 10−5 was used for both
the generator and discriminator, and the weights of the discriminator were updated two
times for each update of the generator. Furthermore, the number of layers of the generator
and discriminator was increased due to the resolution of the produced images. Since the
resolution of the images is four times that of the CIFAR datasets, two additional residual
modules were employed, which correspond to four additional convolutional layers for
both the generator and discriminator.

Examples of the generated images by ScoreGAN are shown in Figure 5. The proposed
model produced fine images for each category in the LSUN dataset. These results confirm
that the proposed model can be applied to higher-resolution images than those in the
CIFAR datasets, which demonstrates the generality of the performance of the proposed
model. The result of the additional experiments signifies that the proposed model can be
trained with various image datasets that have many image categories, such as CIFAR-100,
as well as datasets with high-resolution images, such as LSUN.
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Figure 5. Random examples of the generated images by ScoreGAN with the LSUN dataset. The im-
ages are a 128 × 128 resolution. Each column represents each class in the LSUN dataset, i.e., bedroom,
bridge, church outdoor, classroom, conference room, dining room, kitchen, living room, restaurant,
and tower.

5. Conclusions

In this paper, the proposed ScoreGAN introduces an evaluator module that can be
integrated with conventional GAN models. While it is known that the regular use of
the Inception score to train a generator corresponds to making noise-like adversarial
examples of the Inception network, we circumvented this problem by using the score as an
auxiliary target and employing MobileNet instead of the Inception network. The proposed
ScoreGAN was evaluated over the CIFAR-10 dataset and CIFAR-100 dataset. As a result,
ScoreGAN demonstrated an Inception score of 10.36, which is the best score among the
existing models. Furthermore, evaluated over the CIFAR-100 dataset in terms of the FID,
ScoreGAN outperformed the other models, where the FID was 13.98.

Although the proposed evaluator is integrated with the ControlGAN architecture and
demonstrated fine performance, it needs to be further investigated whether the evaluator
module properly performs when it is additionally used for other GAN models. Since the
evaluator module can be employed along with various GANs, the performance can be
enhanced by adopting other GAN models. Furthermore, in this paper, only the Inception
score is introduced to train the generator while the other metric to assess GANs, i.e., the FID,
can be used as a score. Such a possibility to use the FID as a score should be further studied
as well for future work.
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Appendix A. Neural Network Architectures of ScoreGAN for the CIFAR-100 Dataset

Table A1. Architecture of the neural network modules for the training of the CIFAR-100 dataset.
The values in the brackets indicate the number of convolutional filters or nodes of the layers. Each
ResBlock is composed of two convolutional layers. The difference between the architecture for the
CIFAR-10 dataset is at the classifier, in which 256 filters are used in the last three ResBlocks.

Generator Discriminator Classifier

Z ∈ R
128 Z ∈ R

32×32×3 Z ∈ R
32×32×3

Dense (4 × 4 × 256) ResBlock Downsample (256) ResBlock (32) × 3
ResBlock Downsample (32)

ResBlock Upsample (256) ResBlock Downsample (256) ResBlock (64) × 3
ResBlock Downsample (64)

ResBlock Upsample (256) ResBlock (256) ResBlock (128) × 3
ResBlock Downsample (128)

ResBlock Upsample (256) ResBlock (256) ResBlock (256) × 3

cBN; ReLU; Conv (3); Tanh ReLU; Global Pool; Dense (1) LN; ReLU; Global Pool; Dense (100)

References

1. Ramesh, A.; Dhariwal, P.; Nichol, A.; Chu, C.; Chen, M. Hierarchical text-conditional image generation with clip latents. arXiv
2022, arXiv:2204.06125.

2. Ho, J.; Jain, A.; Abbeel, P. Denoising diffusion probabilistic models. Adv. Neural Inf. Process. Syst. 2020, 33, 6840–6851.
3. Aggarwal, A.; Mittal, M.; Battineni, G. Generative adversarial network: An overview of theory and applications. Int. J. Inf.

Manag. Data Insights 2021, 1, 100004. [CrossRef]
4. Kim, W.; Kim, S.; Lee, M.; Seok, J. Inverse design of nanophotonic devices using generative adversarial networks. Eng. Appl.

Artif. Intell. 2022, 115, 105259. [CrossRef]
5. Park, M.; Lee, M.; Yu, S. HRGAN: A Generative Adversarial Network Producing Higher-Resolution Images than Training Sets.

Sensors 2022, 22, 1435. [CrossRef]
6. Lee, M.; Tae, D.; Choi, J.H.; Jung, H.Y.; Seok, J. Improved recurrent generative adversarial networks with regularization techniques

and a controllable framework. Inf. Sci. 2020, 538, 428–443.
7. Cai, Z.; Xiong, Z.; Xu, H.; Wang, P.; Li, W.; Pan, Y. Generative adversarial networks: A survey toward private and secure

applications. ACM Comput. Surv. (CSUR) 2021, 54, 1–38. [CrossRef]
8. Brock, A.; Donahue, J.; Simonyan, K. Large scale GAN training for high fidelity natural image synthesis. In Proceedings of the

International Conference on Learning Representations (ICLR), New Orleans, LA, USA, 6–9 May 2019.
9. Karras, T.; Laine, S.; Aila, T. A style-based generator architecture for generative adversarial networks. In Proceedings of the IEEE

Conference on Computer Vision and Pattern Recognition (CVPR), Long Beach, CA, USA, 15–20 June 2019; pp. 4401–4410.
10. Zhu, J.Y.; Park, T.; Isola, P.; Efros, A.A. Unpaired image-to-image translation using cycle-consistent adversarial networks. In

Proceedings of the IEEE International Conference on Computer Vision (ICCV), Venice, Italy, 22–29 October 2017; pp. 2223–2232.
11. Kim, S.W.; Zhou, Y.; Philion, J.; Torralba, A.; Fidler, S. Learning to simulate dynamic environments with GameGAN. In

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 14–19 June 2020.
12. Lee, M.; Seok, J. Estimation with uncertainty via conditional generative adversarial networks. Sensors 2021, 21, 6194. [CrossRef]
13. Yi, X.; Walia, E.; Babyn, P. Generative adversarial network in medical imaging: A review. Med. Image Anal. 2019, 58, 101552.
14. Zhang, H.; Goodfellow, I.; Metaxas, D.; Odena, A. Self-attention generative adversarial networks. In Proceedings of the

International Conference on Machine Learning (ICML), Long Beach, CA, USA, 9–15 June 2019; pp. 7354–7363.

171



Axioms 2022, 11, 701

15. Goodfellow, I.; Pouget-Abadie, J.; Mirza, M.; Xu, B.; Warde-Farley, D.; Ozair, S.; Courville, A.; Bengio, Y. Generative adversarial
nets. In Proceedings of the Advances in Neural Information Processing Systems (NeurIPS), Montreal, QC, Canada, 8–13 December
2014; pp. 2672–2680.

16. Salimans, T.; Goodfellow, I.; Zaremba, W.; Cheung, V.; Radford, A.; Chen, X. Improved techniques for training GANs. In
Proceedings of the Advances in Neural Information Processing Systems (NeurIPS), Barcelona, Spain, 5–10 December 2016;
pp. 2234–2242.

17. Heusel, M.; Ramsauer, H.; Unterthiner, T.; Nessler, B.; Hochreiter, S. GANs trained by a two time-scale update rule converge to a
local nash equilibrium. In Proceedings of the Advances in Neural Information Processing Systems (NeurIPS), Long Beach, CA,
USA, 4–9 December 2017; pp. 6626–6637.

18. Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the Inception architecture for computer vision. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 2818–2826.

19. Yuan, X.; He, P.; Zhu, Q.; Li, X. Adversarial examples: Attacks and defenses for deep learning. IEEE Trans. Neural Netw. Learn.
Syst. 2019, 30, 2805–2824. [CrossRef]

20. Goodfellow, I.J.; Shlens, J.; Szegedy, C. Explaining and harnessing adversarial examples. In Proceedings of the International
Conference on Learning Representations (ICLR), San Diego, CA, USA, 7–9 May 2015.

21. Barratt, S.; Sharma, R. A note on the inception score. arXiv 2018, arXiv:1801.01973.
22. Sandler, M.; Howard, A.; Zhu, M.; Zhmoginov, A.; Chen, L.C. Mobilenetv2: Inverted residuals and linear bottlenecks. In

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Salt Lake City, UT, USA, 18–22 June
2018; pp. 4510–4520.

23. Zhu, Y.; Wu, Y.; Olszewski, K.; Ren, J.; Tulyakov, S.; Yan, Y. Discrete contrastive diffusion for cross-modal and conditional
generation. arXiv 2022, arXiv:2206.07771.

24. Song, J.; Meng, C.; Ermon, S. Denoising Diffusion Implicit Models. In Proceedings of the International Conference on Learning
Representations, Addis Ababa, Ethiopia, 26–30 April 2020.

25. Creswell, A.; White, T.; Dumoulin, V.; Arulkumaran, K.; Sengupta, B.; Bharath, A.A. Generative adversarial networks: An
overview. IEEE Signal Process. Mag. 2018, 35, 53–65. [CrossRef]

26. Miyato, T.; Koyama, M. cGANs with projection discriminator. In Proceedings of the International Conference on Learning
Representations (ICLR), Vancouver, BC, Canada, 30 April–3 May 2018.

27. Ni, Y.; Song, D.; Zhang, X.; Wu, H.; Liao, L. CAGAN: Consistent adversarial training enhanced GANs. In Proceedings of the
International Joint Conference on Artificial Intelligence (IJCAI), Stockholm, Sweden, 13–19 July 2018; pp. 2588–2594.

28. Odena, A.; Olah, C.; Shlens, J. Conditional image synthesis with auxiliary classifier GANs. In Proceedings of the International
Conference on Machine Learning (ICML), Sydney, Australia, 6–11 August 2017; pp. 2642–2651.

29. Lee, M.; Seok, J. Controllable generative adversarial network. IEEE Access 2019, 7, 28158–28169. [CrossRef]
30. Russakovsky, O.; Deng, J.; Su, H.; Krause, J.; Satheesh, S.; Ma, S.; Huang, Z.; Karpathy, A.; Khosla, A.; Bernstein, M. Imagenet

large scale visual recognition challenge. Int. J. Comput. Vis. 2015, 115, 211–252. [CrossRef]
31. Chen, H.Y.; Su, C.Y. An enhanced hybrid MobileNet. In Proceedings of the International Conference on Awareness Science and

Technology (iCAST), Fukuoka, Japan, 19–21 September 2018; pp. 308–312.
32. Qin, Z.; Zhang, Z.; Chen, X.; Wang, C.; Peng, Y. FD-MobileNet: Improved MobileNet with a fast downsampling strategy. In

Proceedings of the IEEE International Conference on Image Processing (ICIP), Athens, Greece, 7–10 October 2018; pp. 1363–1367.
33. Gulrajani, I.; Ahmed, F.; Arjovsky, M.; Dumoulin, V.; Courville, A.C. Improved training of wasserstein GANs. In Proceedings of

the Advances in Neural Information Processing Systems (NeurIPS), Long Beach, CA, USA, 4–9 December 2017; pp. 5767–5777.
34. Lee, M.; Seok, J. Regularization methods for generative adversarial networks: An overview of recent studies. arXiv 2020,

arXiv:2005.09165.
35. Miyato, T.; Kataoka, T.; Koyama, M.; Yoshida, Y. Spectral normalization for generative adversarial networks. In Proceedings of

the International Conference on Learning Representations (ICLR), Vancouver, BC, Canada, 30 April–3 May 2018.
36. Lim, J.H.; Ye, J.C. Geometric GAN. arXiv 2017, arXiv:1705.02894.
37. Dumoulin, V.; Shlens, J.; Kudlur, M. A learned representation for artistic style. In Proceedings of the International Conference on

Learning Representations (ICLR), Toulon, France, 24–26 April 2017.
38. Ba, J.L.; Kiros, J.R.; Hinton, G.E. Layer normalization. arXiv 2016, arXiv:1607.06450.
39. Kavalerov, I.; Czaja, W.; Chellappa, R. cGANs with Multi-Hinge Loss. arXiv 2019, arXiv:1912.04216.
40. Wang, D.; Liu, Q. Learning to draw samples: With application to amortized mle for generative adversarial learning. arXiv 2016,

arXiv:1611.01722.
41. Grinblat, G.L.; Uzal, L.C.; Granitto, P.M. Class-splitting generative adversarial networks. arXiv 2017, arXiv:1709.07359.
42. Shmelkov, K.; Schmid, C.; Alahari, K. How good is my GAN? In Proceedings of the European Conference on Computer Vision

(ECCV), Munich, Germany, 8–14 September 2018; pp. 213–229.
43. Tran, N.T.; Tran, V.H.; Nguyen, B.N.; Yang, L. Self-supervised GAN: Analysis and improvement with multi-class minimax game.

In Proceedings of the Advances in Neural Information Processing Systems (NeurIPS), Vancouver, BC, Canada, 8–14 December
2019; pp. 13232–13243.

44. Yu, F.; Seff, A.; Zhang, Y.; Song, S.; Funkhouser, T.; Xiao, J. Lsun: Construction of a large-scale image dataset using deep learning
with humans in the loop. arXiv 2015, arXiv:1506.03365.

172



Citation: Yang, W.; Xie, Y.; Gao, P.

Improved Method for Oriented

Waste Detection. Axioms 2023, 12, 18.

https://doi.org/10.3390/

axioms12010018

Academic Editor: Oscar Humberto

Montiel Ross

Received: 14 November 2022

Revised: 11 December 2022

Accepted: 21 December 2022

Published: 24 December 2022

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

axioms

Article

Improved Method for Oriented Waste Detection

Weizhi Yang 1,*, Yi Xie 2 and Peng Gao 3

1 School of Information and Intelligent Engineering, Guangzhou Xinhua University, Dongguan 523133, China
2 School of Computer Science and Engineering, Sun Yat-Sen University, Guangzhou 510006, China
3 College of Electronic Engineering, South China Agricultural University, Guangzhou 510642, China
* Correspondence: weizhiyangq@163.com

Abstract: Waste detection is one of the main problems preventing the realization of automated
waste classification, which is a basic function for robotic arms. In addition to object identification
in general image analysis, a waste-sorting robotic arm not only needs to identify a target object but
also needs to accurately judge its placement angle so that it can determine an appropriate angle
for grasping. In order to solve the problem of low-accuracy image detection caused by irregular
placement angles, in this work, we propose an improved oriented waste detection method based
on YOLOv5. By optimizing the detection head of the YOLOv5 model, this method can generate
an oriented detection box for a waste object that is placed at any angle. Based on the proposed
scheme, we further improved three aspects of the performance of YOLOv5 in the detection of waste
objects: the angular loss function was derived based on dynamic smoothing to enhance the model’s
angular prediction ability, the backbone network was optimized with enhanced shallow features and
attention mechanisms, and the feature aggregation network was improved to enhance the effects
of feature multi-scale fusion. The experimental results showed that the detection performance of
the proposed method for waste targets was better than other deep learning methods. Its average
accuracy and recall were 93.9% and 94.8%, respectively, which were 11.6% and 7.6% higher than
those of the original network, respectively.

Keywords: waste classification; angle detection box; dynamic smoothing; YOLOv5

MSC: 68T20; 68T45; 68U10

1. Introduction

Waste disposal is an important problem worldwide that must be addressed. Classifying
waste and implementing differentiated treatments can help to improve resource recycling and
promote environmental protection. However, many countries and regions still rely on manual
waste classification. The main drawbacks of this are twofold. First, the health of operators can
be seriously threatened by the large number of bacteria carried by waste [1]. Second, manual
sorting is not only costly but also inefficient. Consequently, automated waste management
and classification approaches have received extensive attention [2].

Using a robotic arm is a common method for replacing the manual mode with auto-
mated waste sorting [3]. In order to enable the robot arm to correctly classify and grasp
the target object, each robot arm needs to have the functions of object recognition and
placement angle judgment.

Wu et al. [4] proposed a plastic waste classification method based on FV-DCNN. They
extracted classification features from original spectral images of plastic waste and con-
structed a deep CNN classification model. Their experiments showed that the model could
recognize and classify five categories of polymers. Chen et al. [5] proposed a lightweight
feature extraction network based on MobileNetv2 and used it to achieve image classifica-
tion of waste. Their experiments showed that the average accuracy of the classification
with their dataset was 94.6%. Liu et al. [6] proposed a lightweight neural network based
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on MobileNet that can reduce the cost of industrial processes. Kang et al. [7] proposed an
automated waste classification system based on the ResNet-34 algorithm. The experimental
results showed that the classification had high accuracy, and the classification speed of the
system was as quick as 0.95 s.

These models can recognize categories of waste intelligently based on convolutional
neural networks, but they do not generate location boxes for the waste targets. In addition,
when there are multiple categories of waste in an image, such models cannot achieve effec-
tive identification. Therefore, they cannot be applied directly to tasks such as automated
waste sorting.

Cui et al. [8] used the YOLOv3 algorithm to detect domestic waste, decoration waste
and large waste on the street. Xu et al. [9] proposed a five-category waste detection
model based on the YOLOv3 algorithm and achieved 90.5% average detection accuracy
with a self-made dataset. The dataset included paper waste, plastic products, glass prod-
ucts, metal products and fabrics. Chen et al. [10] proposed a deep learning detection
network for the classification of scattered waste regions and achieved good detection re-
sults. Majchrowska et al. [11] proposed deep learning-based waste detection method for
natural and urban environments. Meng et al. [12] proposed a MobileNet-SSD with FPN for
waste detection.

These methods can achieve image-based waste detection, but they do not provide the
grasping angle information for the target object. For a target object placed at any angle,
these methods only provide a horizontal identification box. Therefore, the robotic arm
cannot determine the optimal grasp mode for the shape and placement angle of a waste
object, which may easily lead to the object falling or to grabbing failure, especially in cases
involving a large aspect ratio, as a small angle deviation can lead to a large deviation in the
intersection over union (IoU).

In addition to object identification in general image analysis, a waste-sorting robotic
arm not only needs to identify a target object but also needs to accurately judge its placement
angle so that the robotic arm can determine the appropriate grasping angle. YOLOv5 has a
strong feature extraction structure and feature aggregation network, allowing it to achieve
higher detection recall and accuracy. It also provides a series of methods that can be used to
achieve data enhancement. YOLOv5 is a good choice for many common identification and
classification problems due to its fast detection speed, high detection accuracy and easy
deployment, making it popular in many practical engineering applications. Li et al. [13]
and Chen et al. [14] proposed improved algorithms for vegetable disease and plant disease
detection based on YOLOv5. Their experiments showed that the detection rates reached
93.1% and 70%, respectively, which were better than other methods. Ling et al. [15] and
Wang et al. [16] proposed gesture recognition and smoke detection models, respectively,
based on YOLOv5. Gao et al. [17] proposed a beehive detection model based on YOLOv5.
However, the original YOLOv5 does not provide the grasping angle information required
for a target object. For a target object placed at any angle, it only provides a horizontal
identification box, as shown in Figure 1a. Therefore, the robotic arm cannot determine
the optimal grasp mode for the shape and placement angle of a target object, which may
easily lead to the object falling or to grabbing failure, especially in cases involving a large
aspect ratio.
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(a) (b) 

Figure 1. Grabbing with horizontal and oriented detection box. (a) Horizontal detection box;
(b) oriented detection box.

In this work, we made two modifications to YOLOv5 to improve its suitability for
automated waste sorting application scenarios. First, we added an angular prediction
network in the detection head to provide grasping angle information for the waste object
and developed a dynamic smoothing label for angle loss to enhance the angular prediction
ability of the model. Second, we optimized the structure of the feature extraction and
aggregation by enhancing the multi-scale feature fusion.

The contributions of this work are threefold:
(1) An optimized waste detection approach was designed based on YOLOv5 that

provides higher detection accuracy for both general-sized waste and waste with a large
aspect ratio;

(2) An angular prediction method is proposed for YOLOv5 that enables the rotation
detection box to obtain the actual position of oriented waste;

(3) New optimization schemes are introduced for YOLOv5, including a loss function,
feature extraction and aggregation.

2. Detection Method for Oriented Waste

2.1. Detection Scheme

As shown in Figure 2, the framework of the proposed waste detection scheme consists
of five parts: the input layer, feature extraction backbone network, feature aggregation
network, detection head and dynamic smoothing module. In this study, the backbone
network mainly consisted of the focus module, the convolution module and an optimized
HDBottleneckCSP module based on BottleneckCSP. The focus module reduces the number
of computations and improves the speed in accordance with the slicing operation. The
BottleneckCSP module is a convolution structure that demonstrates good performance
in model learning. The backbone was used to extract the features from waste images
and generate feature maps with three different sizes. The feature aggregation network
converges and fuses multi-scale features generated from the backbone network to improve
the representation learning ability for rotating waste angle features. The detection head
generates the category, location and rotation angle for waste based on the multi-scale
feature maps. Finally, the dynamic smoothing module partially densifies the “one-hot label
encoding” of the angle labels for model training.
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V c x y l s θ=

Figure 2. Rotation angle waste detection scheme.

2.2. Improvement of Detection Model

The original YOLOv5 model has the following limitations: (i) It can only generate
a target detection box with a horizontal angle and not a rotation angle. (ii) The stack of
bottleneck modules in BottleneckCSP is serial, which causes the middle-layer features to be
lost. (iii) The feature aggregation network lacks end-to-end connection between the input
and output feature maps.

To solve these problems, we optimized three aspects of YOLOv5: (i) We added an
angular prediction network and loss function, as well as a dynamic angle smoothing
algorithm for angular classification, to improve the angular prediction ability. (ii) We
optimized the BottleneckCSP module of the backbone network to enhance the model’s
ability to extract the features of oriented waste. (iii) We optimized the feature aggregation
network to improve the effect of multi-scale feature fusion.

2.2.1. Improvement of the Detection Head Network

The original YOLOv5 detector lacks a network structure for angular prediction and
cannot provide the grasping angle information for waste objects. Therefore, the robotic arm
cannot set the optimal grasp mode according to the placement angle of the waste, which
easily leads to the object falling or to grabbing failure. Thus, we optimized the structure of
the detection head.

Angular prediction can be realized as regression or classification. The regression mode
produces a continuous prediction value for the angle but there is a periodic boundary
problem, which leads to a sudden increase in the value of the loss function at the boundary
of periodic changes, increasing the difficulty of learning [18]. For example, in the 180◦

long-side definition method, the defined label range is (−90◦, 90◦). When the true angle
of waste is 89◦ and the prediction is −90◦, the error learned by the model is 179◦, but the
actual error should be 1◦, which affects the learning of the model.

Therefore, we added convolution network branches in the detection head and defined
the angle label with 180 categories obtained by rotating the long side of the target box
clockwise around the center. The angle convolution network generates the angle predic-
tion using information extracted from the multi-scale features obtained by the feature
aggregation network.
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In the detection head, the angle convolution network and the original network share
the output of the feature aggregation network as the input feature graph. The output of the
angle prediction network and the original network are merged as follows:

V = (ĉ, x̂, ŷ, l̂, ŝ, θ̂) (1)

where ĉ is the predicted category of the waste, x̂ and ŷ are the predicted central coordinates
of the object box, l̂ and ŝ are the predicted lengths of the longer side and shorter side of the
object box and θ̂ is the predicted angle of oriented waste.

2.2.2. Angle Smoothing and Loss Function

The realization of angular prediction as classification can avoid the periodic boundary
problem caused by regression, but there are still some limitations. The loss function of
traditional category tasks is calculated as cross-entropy loss, and the form of the labels is
“one-hot label encoding”, as shown in Equations (2) and (3):

yic =

{
1, c = θ
0, c �= θ&c ∈ {0, 1, . . . , 179} (2)

L = − 1
N ∑

i

179

∑
c=0

yiclog(pic) (3)

where yic is the “one-hot label encoding” for the angle of sample i, θ is the angle of the
oriented waste and pic is the prediction of the detection model.

Equation (8) shows that, for different incorrect predictions of the angle, the same loss
value is obtained and the distance of the mistake cannot be quantified, which makes it
difficult for model training to determine the angle of the oriented waste.

To solve this problem, we propose a dynamic smoothing label algorithm based on the
circular smooth label (CSL) algorithm [18] to optimize the “one-hot label encoding” label
of the angle.

The circular smooth label algorithm is shown in Equation (4):

CSL(x) =
{

g(x), θ − r < x < θ + r & x ∈ {0, 1, . . . , 179}
0, others

(4)

where θ is the rotation angle value, r is the range of smoothness and g(x) is the smoothing
function. The angle label vector manifests as a “dense” distribution because g(x) is within
the range of smoothness.

The value of the smoothing function is shown in Equation (5):

0 < g(θ − ε) = g(θ + ε) ≤ 1, |ε| ≤ r (5)

where, when ε = 0, the function has a maximum value of 1, and when ε = r, it is 0.
The CSL algorithm partially densifies the “one-hot label encoding”. When the angular

prediction of the model is in the range of smoothness, different loss values for different
predicted degrees are obtained; thus, it can quantify the mistake in the angle category
prediction. However, the performance of CSL is sensitive to the range of smoothness. If the
range of smoothness is too small, the smoothing label will degenerate into “one-hot label
encoding” and lose its effect, and it will be difficult to learn the information from the angle.
If the range is too large, the deviation in the angle prediction will be large, which will lead
to it missing the object, especially for waste with a large aspect ratio.

Therefore, we propose a dynamic smoothing function for the angle label to adjust the
smoothing amplitude and range.

The dynamic smoothing function uses the dynamic Gaussian function to smooth the
angle labels. It can be seen from Figure 3 that the smoothing amplitude and the range
of the Gaussian function are controlled by the root mean square (RMS) value: the larger
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the RMS, the flatter the curve; the smaller the RMS, the steeper the curve and the smaller
the smoothing range. Therefore, the RMS of the Gaussian function is gradually shrunk to
achieve dynamic smoothing, as shown in Equation (6).

DSM(x) = exp
(
−d2(x, θ)

2 × b2

)
, x ∈ {0, 1, . . . , 179} (6)

We provide two efficient functions—linear annealing and cosine annealing—to adjust
the RMS, as follows:

b = c + e × cos(
0.5 × π × epoch

epochs
)

b = c − e × epoch
epochs

where θ is the value of the rotation angle for the waste, which corresponds to the peak
position of the function; x is the encoding range of the waste angle; b is the value of the RMS;
and d(x, θ) is the circular distance between the encoding position and the angle values. For
example, if θ is 179, d(x, θ) is 1 when x is 0; epoch and epochs represent the current number
of training rounds and the maximum number of rounds of the model, respectively, and c
and e are hyper-parameters.

Figure 3. Gaussian function curves with different RMS.

It can be seen from Equation (6) that the DSM densifies the angle label according to
the distance between the encoding position and the angle value dynamically. In the early
stage of model training, b obtained large values because of the small epoch. At this time,
the range of smoothing was large, and the model’s learning of angles was reflected in the
window area. When the smoothing range was more “loose”, the model came closer to the
neighborhood area of the optimal point; thus, it reduced the difficulty of angle learning and
improved the recall rate in image waste detection. The range of angle smoothing decreased
with the increase in the epoch value. The objective of the model was changed from the
optimal region to the learning of the optimal point so that the deviation in the angular
prediction would be smaller. The higher accuracy of the angle prediction improved the
recall rate for the oriented waste, especially in cases with a large aspect ratio.
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The angular loss of waste was calculated using the cross-entropy loss function based
on the dynamic smoothing algorithm:

loss(a) = −
s2

∑
i=0

Iobj
ij

179

∑
t=0

{ p̂i(t) log[pi(t)] + [1 − p̂i(t)] log[1 − pi(t)]} (7)

where p̂i(t) = DSM(t). pi(t) is the prediction of the angle and s2 is the quantification of
the subdomain of the picture, and the model provides the prediction of the target for each
subdomain. Iobj

ij is 0 or 1, which indicates whether there is a target. When the prediction is
close to the true value, the cross-entropy has a smaller value.

In addition, the GIoU loss function [19] was used to calculate the regression loss of the
detection boundary box. In Figure 4, A and B are the real box and the prediction box of the
detection target, respectively. C is the smallest rectangle surrounding A and B. The green
area is |C| − |A ∪ B|.

The specific calculation is shown in Equations (8)–(10). GIoU not only pays attention
to the overlap of the real box and the prediction box but also to the non-overlapping area,
which allows it to solve the problem of the gradient not being calculated caused by A and
B not intersecting.

Figure 4. Illustration of GIoU.

IoU(A, B) =
|A ∩ B|
|A ∪ B| (8)

GIoU(A, B) = IoU(A, B)− |C| − |A ∪ B|
|C| (9)

loss(r) = 1 − GIoU(A, B) (10)

In the equations, A and B are the real box and the prediction box of the detection
target, respectively. C is the smallest rectangle surrounding A and B. The confidence loss
function and category loss function are as shown by Equations (11) and (12):

loss(o) = −
s2

∑
i=0

B
∑

j=0
Iobj
ij [ĉi log(ci) + (1 − ĉi) log(1 − ci)]

−lnoobj
s2

∑
i=0

B
∑

j=0
Inoobj
ij [ĉi log(ci) + (1 − ĉi) log(1 − ci)]

(11)

loss(c) = −
s2

∑
i=0

Iobj
ij ∑

c∈class
{ p̂i(c) log[pi(c)] + [1 − p̂i(c)] log[1 − pi(c)]} (12)

where Iobj
ij and Inoobj

ij indicate whether the prediction box j of the grid i is the target box,
and λnoobj indicates the weight coefficients.

The overall loss function of the improved model is a weighted combination of the
above loss functions, as shown in Equation (13):

Loss = loss(r) + loss(o) + loss(c) + loss(a) (13)
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2.2.3. Improvement of Feature Extraction Backbone Network

The feature extraction backbone network was used to extract the features of the waste
in the image. Due to the addition of angular prediction in the detection of oriented waste,
there is a higher demand on the feature extraction to realize effective recognition, especially
in cases involving a large aspect ratio due to a narrow area.

BottleneckCSP is the main module in the backbone of YOLOv5. The BottleneckCSP
module is stacked using a bottleneck architecture. As shown in Figure 5a, the stacking of
the bottleneck modules is serial. With the deepening of the network, the feature abstraction
capability is gradually enhanced, but shallow features are generally lost [20]. Shallow
features have lower semantics and can be more detailed due to the fewer convolution
operations. Utilizing multi-level features in CNNs through skip connections has been
found to be effective for various vision tasks [21–23]. The bypassing paths are presumed
to be the key factor for easing the training of deep networks. Concatenating feature maps
learned by different layers can increase the variation in the input of subsequent layers
and improve efficiency [24,25]. In addition, attention mechanisms, which are methods
used to assign different weights to different features according to their importance, have
been found to be effective for the recognition of an image [26,27]. The coordinate attention
mechanism (CA) [28] is one such mechanism that shows good performance. Therefore, as
shown in Equation (14), we concentrated and merged the middle features of BottleneckCSP
and added the CA module to enhance the feature extraction capability. The attention
mechanism is optional in the module at different levels.

Zout = g
(

Zc
h×w×(c×t)

)
(14)

where ⎧⎪⎨
⎪⎩

Z1 = f1(x)
Zt = ft

(
Zt−1)

Zc =
[
Z1

h×w×(c×t), Z2
h×w×(c×t), . . . , Zt

h×w×(c×t)

]

 

(a) (b) 

Figure 5. Comparison of BottleneckCSP before and after improvement. (a) BottleneckCSP module.
(b) HDBottleneckCSP module.

Z is the feature map, x is the input of the BottleneckCSP module, f is the function
mapping of the bottleneck module, and g represents the CA attention operation.

Due to the “residual block” connection in the bottleneck architecture, excessive feature
merging between bottlenecks leads to feature redundancy, which is not suitable for model
training, and the increased number of parameters means that more resources are consumed.
Therefore, the characteristic layers were connected using “interlayer merging”, as shown in
Figure 5b. The optimized module was named HDBottleneckCSP.

The CA module structure in HDBottleneckCSP is shown in Figure 6. The input feature
maps are coded along the horizontal and vertical coordinates to obtain the global field
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and to encode position information, respectively, which helps the network to detect the
locations of targets more accurately.

Figure 6. CA attention module.

As shown in Equation (15), the CA module generates vertical and horizontal feature
maps for the input feature map and then transforms them through a 1 × 1 convolution.
The generated A ∈ R

C/r×(H+W) is the intermediate feature map for the spatial information
in the horizontal and numerical directions, r is the down sampling scale and F1 represents
the convolution operation.

A = δ
(

F1

([
Zh, Zw

]))
(15)

where A is divided into Ah ∈ R
C/r×H and Aw ∈ R

C/r×W in the spatial dimension. As
shown in Equations (16) and (17), it is transformed into the same number of channels as
the input feature map through the convolution operation, while gh and gw are used as the
attention weight and participate in the feature map operation. The output result of the CA
module is shown in Equation (18).

gh = δ
(

Fh

([
Ah
]))

(16)

gw = δ(Fw([Aw])) (17)

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j) (18)

The optimized feature extraction backbone network structure is shown in Figure 7. It
extracts features through the convolution module and the HDBottleneckCSP module and
generates feature maps with three sizes by downsampling (1/8, 1/16 and 1/32).

Figure 7. Backbone network structure for feature extraction.
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2.2.4. Improvement of Feature Aggregation Network

The YOLOv5 feature aggregation network consists of feature pyramid networks [29]
(FPNs) and path aggregation networks [30] (PANets). The structure of a PANet is shown
in Figure 8a. The PANet aggregates features along two paths: top-down and bottom-up.
However, the aggregated features are deep features with high semantics, and the shallow
features with high resolution are not fused. In order to make use of the input features more
effectively, we used P2P-PANet to replace the PANet based on BiFPN [31], as shown in
Figure 8b.

 
(a) (b) 

Figure 8. Network structures of PANet and P2P-PANet. (a) PANet network structure. (b) P2P-PANet
network structure.

Compared to PANet, P2P-PANet adds end-to-end connection for the input-feature and
output-feature maps, which establishes a “point-to-point” horizontal connection path from
the low level to the high level, and it can realize the fusion of high-resolution and complex
semantic features in an image without adding much cost. Through the extraction and
induction of semantic information for the high-resolution and low-resolution feature maps,
the angular feature information of rotating waste is further enhanced, and the detection
ability of the model is improved.

The method for oriented waste detection after all the optimizations was named
YOLOv5m-DSM and is shown in Figure 9. When a picture is input into the model,
YOLOv5m-DSM extracts features using the backbone and generates downsampling feature
maps with three different sizes for the detection of waste. The feature aggregation network
undertakes feature aggregation and fusion to enhance the model’s ability to learn features.
The detection head generates the prediction information for waste targets based on the
multi-scale features. In the model’s training stage, the label of the training set is smoothed
using the dynamic smoothing module, and the loss in the prediction, including class, angle
and position, is calculated using the loss calculation module for iterative learning.
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V c x y l s θ=

Figure 9. Method diagram for YOLOv5m-DSM.

3. Experimental Results and Analysis

3.1. Datasets

The dataset for the experiment contained eleven kinds of domestic waste, including a
cotton swab, a stick, paper, a plastic bottle, a tube, vegetables, peels, a shower gel bottle, a
coat hanger, clothes pegs and an eggshell. The vector of the label contained the category, the
center x coordinate of the target box, the center y coordinate of the target box, the long-side
value, the short-side value and the angle value. The angle was the angle between the long
side of the target frame and the horizontal axis in the clockwise direction, with a range of
(0◦, 180◦).

3.2. Evaluation Index

In order to evaluate the performance of YOLOv5m-DSM, it was compared and ana-
lyzed using the recall (R), mean average precision (mAP) and other indicators. The recall is
as follows:

R =
TP

TP + FN
× 100% (19)

TP represents a “true positive” sample, and FN represents a “false negative” sample.
The mean average precision formula is shown in Equation (20).

mAP =
1
m

m

∑
i=1

APi (20)

The mean average precision refers to the average precision (AP) for each category of
samples, which is calculated from the recall rate and precision (P) as follows:

R =
TP

TP + FN
× 100% (21)
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AP =
∫ 1

0
P(R)dR (22)

3.3. Experimental Results and Analysis

In order to better show the advantages of the method described in this paper, YOLOv5-
DSM was compared with mainstream horizontal box detection methods and rotating box
detection methods in the experiments.

Table 1 shows a comparison of the detection effects for YOLOv5m-DSM and horizontal
rectangular box detection methods, such as SSD-OBB, YOLOv3-OBB, YOLOv5s-OBB and
YOLOv5m-OBB, which are angle classification network structures commonly added in
detection heads based on their original models [32,33].

Table 1. Comparison between YOLOv5m-DSM and horizontal frame detection methods.

Method Recall/% mAP/%
AP of “Large Aspect Ratio Category”/%

Cotton Swab Stick Plastic Bottle Shower Gel Bottle Tube

SSD-OBB 82.1 74.9 42.6 41.9 76.2 71.6 67.8
YOLOv3-OBB 82.6 75.8 41.6 40.5 79.8 75.5 68.1
YOLOv5s-OBB 84.7 77.5 43.4 40.7 85.8 76.5 71.5
YOLOv5m-OBB 87.2 82.3 52.1 57.1 83.8 79.6 72.1

YOLOv5m-DSM (Cos) 94.5 93.3 70.1 80.7 100 100 99.9
YOLOv5m-DSM (Linear) 94.8 93.9 78.7 81.0 100 100 100

Table 1 shows that, compared with SSD-OBB, YOLOv3-OBB and YOLOv5s-OBB, the
recall rate and average precision of YOLOv5m were better. Compared with the original
network, YOLOv5m-DSM showed improvements of 7.6% and 11.6% in the recall rate and
the average precision, respectively. This proves that the modified waste detection algorithm
has obvious improvements. Furthermore, YOLOv5m-DSM showed a good detection effect
for oriented waste with a large aspect ratio, demonstrating an obvious improvement over
the original model. The good performance of DSM (Cos) and DSM (Linear) proves that the
dynamic smoothing label was effective and strong.

The detection effects of YOLOv5m, YOLOv5m-OBB and YOLOv5m-DSM are shown
in Figure 10. It can be seen from Figure 10a that the YOLOv5m network only generated a
horizontal detection box. It did not provide the grasping angle information for the waste
object. Therefore, the robotic arm could not set the optimal grasp mode according to the
inherent shape and placement angle of the target object, which could easily lead to the
object falling and to grabbing failure, especially in cases involving a large aspect ratio.
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(a) 

  
(b) 

  
(c) 

Figure 10. Comparison of detection effects of the methods. (a) Detection using YOLOv5m.
(b) Detection using YOLOv5m-OBB. (c) Detection using YOLOv5m-DSM.

Figure 10b shows that, when the angular classification network was added to the
detection head, YOLOv5m-OBB could generate a waste object detection box at any angle,
but the angle of the generated detection box was not accurate enough, especially in cases
involving a large aspect ratio. Due to the large aspect ratio, a slight deviation in the
prediction box resulted in a smaller IoU for the prediction box and the true box, which
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resulted in difficulties in the model training. Therefore, a large aspect ratio makes effective
learning difficult.

Figure 10c shows the detection results for YOLOv5m-DSM. It can be seen that YOLOv5m-
DSM could generate a waste object detection box at any angle and could detect objects involving
a large aspect ratio accurately. It can be seen that, with the optimization of the feature extraction
backbone network and feature aggregation network, and after the optimization of the loss
function through the dynamic smoothing algorithm, YOLOv5m-DSM had better precision and
performance in the detection of oriented waste.

Table 2 shows a comparison of the detection effects of YOLOv5m-DSM and the main-
stream rotating rectangular box detection methods.

Table 2. Comparison of YOLOv5m-DSM and rotating frame detection methods.

Method Recall/% mAP/% Params (M) GFLOPs FPS

RoI Trans 88.6 87.3 55.4 265.4 5.8
Gliding-Vertex 92.4 89.6 41.4 224.8 7.6

R3Det 91.4 90.1 48.0 250.5 7.0
S2A-Net 94.3 93.1 38.9 153.8 8.3

YOLOv5m-DSM (Cos) 94.5 93.3 23.7 76.5 15.5
YOLOv5m-DSM (Linear) 94.8 93.9 23.7 76.5 15.5

It can be seen that, when compared to RoI Trans [34], the average recall rate and
average precision of detection increased by 6.2% and 6.6%, respectively. Compared to
Gliding-Vertex [35], they increased by 2.4% and 4.3% respectively. Compared to R3Det [36],
they increased by 3.4% and 3.8%, respectively. The recall rate and average precision of the
YOLOv5m-DSM model were also better than those of S2A-Net [37], and our method had
fewer parameters and a detection rate twice as high. In addition, we extended the flops
counter tool to calculate the floating point operations (FLOPs) in the methods, and the
computation load of YOLOv5m-DSM was lower than the comparison algorithm, making
the model more suitable for deployment and application in embedded devices.

3.4. Network Model Ablation Experiment

The network model ablation comparison experiment was used to evaluate the opti-
mization effects of each improvement scheme. The experimental comparison results are
shown in Table 3. Optimization 1 involved using the dynamic smoothing algorithm to
densify the angle label conversion and calculate the loss function (1a is linear annealing and
1b is the cosine annealing angle). Optimization 2 involved the improvement of the feature
extraction backbone network based on the proposed HDBottleneckCSP module. Optimiza-
tion 3 involved an improvement of the feature aggregation network of the YOLOv5 based
P2P-PANet structure.

Table 3. Ablation experiment.

Method Angle op 1a op 1b op 2 op 3 Recall/% mAP/%

YOLOV5m × × × × × - -
YOLOV5m-OBB

√ × × × × 87.2 82.3
Optimization model 1

√ √ × × × 92.5 90.5
Optimization model 2

√ √ × √ × 93.6 91.7
Optimization model 3

√ √ × × √
93.4 91.5

YOLOv5m-DSM (Cos)
√ × √ √ √

94.5 93.3
YOLOv5m-DSM (Linear)

√ √ × √ √
94.8 93.9

It can be seen from Table 3 that, after adding the linear dynamic smoothing algorithm
and the corresponding loss function, the recall rate and mean average precision of optimiza-
tion model 1 increased by 5.3% and 8.2%, respectively. After adding the linear dynamic
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smoothing algorithm and HDBottleneckCSP module, these values increased by 6.4% and
9.4% in optimization model 2, respectively. After adding the linear dynamic smoothing
algorithm and P2P-PANet module, they increased by 6.2% and 9.2% in optimization model
3, respectively. For the YOLOV5m-DSM (Linear) model, the detection recall rate and
average precision of the model increased by 7.6% and 11.6%, respectively, with the above
optimization methods.

In order to analyze the effects of replacing the original module structure with the HD-
BottleneckCSP structure and P2P-PANet network on the image waste detection algorithm
more clearly, as well as the reasons for these effects, the intermediate characteristic graphs
of YOLOv5 and YOLOv5m-DSM were extracted for comparison, as shown in Figure 10.

Figure 11a,b show an input image and label image, and Figure 11c–f and Figure 11g–j
show the 1/8, 1/16 and 1/32 down sampling feature maps of YOLOv5 and YOLOv5m-
DSM in the backbone network. It can be seen from Figure 11c,d,g,h that shallower feature
information was extracted from the model after using the HDBottleneckCSP network, and
the edge information and feature details of the waste were obtained more clearly. As can
be seen from Figure 11e,i, two network structures obtained high-level semantic features
through multi-layer convolution operations. Finally, from the comparison of Figure 11f,j,
we can see that the YOLOv5m-DSM network generated a clearer edge for the target object,
which led to an improvement in the recall and accuracy of the waste detection.

     
(a) (c) (d) (e) (f) 

     
(b) (g) (h) (i) (j) 

Figure 11. Intermediate characteristic diagrams of YOLOv5 and YOLOv5m-DSM. (a) Input image.
(b) Label image. (c–f) Down sampling feature maps of YOLOv5. (g–j) Down sampling feature maps
of YOLOv5m-DSM.

Table 4 shows a comparison of the detection effects of “interlayer merging” and “layer
by layer merging” on the characteristic layer of the HDBottleneckCSP network.

Table 4. Effect comparison of “interlayer merging” and “layer by layer merging”.

Model mAP/% Recall/% Parameters

Layer by layer merging 90.9 92.8 894,842
Interlayer merging 91.7 93.6 717,645

It can be seen from Table 4 that, compared with “layer by layer merging”, the “in-
terlayer merging” used for feature map aggregation had fewer training parameters and
a better detection effect. This was mainly because the “layer by layer merging” led to
excessive duplication of the use of feature maps, which can easily cause feature redundancy
and increase the difficulty of learning for the model. In addition, overly dense feature
map aggregation increases the number of channels in the feature map, thus increasing the
number of parameters and consuming more computing resources.
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Table 5 shows the effects of the proposed method with different backbones. It can be
seen that, compared with other backbones, such as VGG19, Resnet50, and CSPDarknet, the
backbone proposed in this paper achieved a better detection effect.

Table 5. Effect comparison with different backbones.

Backbone Recall/% mAP/%
AP of “Large Aspect Ratio Category”/%

Cotton Swab Stick Plastic Bottle Shower Gel Bottle Tube

VGG19 92.4 90.5 69.5 65.1 88.9 98.2 96.8
Resnet50 93.8 92.1 68.9 77.9 90.9 100 100

CSPDarknet 93.4 91.5 67.5 75.2 90.0 100 98.2
Ours 94.8 93.9 78.7 81.0 100 100 100

In order to analyze the effects of replacing the original module structure with the
HDBottleneckCSP and P2P-PANet network on image waste detection clearly, as well as the
reasons for these effects, Figure 11 shows maps of the feature aggregation network and the
detection results for YOLOv5 and YOLOv5m-DSM.

Figure 12a–h show the multi-scale feature maps and detection results for the network
obtained from the convergence of the original YOLOv5 and YOLOv5m-DSM features. It
can be seen from the graph analysis that the YOLOv5 model converged the feature map
but, in the generated multi-scale feature map, the contour of the detected object was not
clear enough, the feature differentiation from the background map was not obvious and a
situation occurred involving mixing with the background feature. The YOLOv5m-DSM
algorithm uses the P2P-PANet structure and the smoothing labels of the angle, which
makes the model’s learning of image features more obvious and the feature contour of the
detection object clearer and more differentiated from the background features, thus making
the final detection effect more accurate.

    
(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure 12. Feature aggregation network maps of YOLOv5 and YOLOv5m-DSM. (a–d) Multi-scale
feature maps and detection result of YOLOv5m. (e–h) Multi-scale feature maps and detection result
of YOLOv5m-DSM.

Table 6 shows a comparison of the effects of dynamic smoothing and the circular
smooth label with different hyper-parameters.
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Table 6. Comparison of dynamic smoothing and the circular smooth label.

Method Recall/% mAP/%

CSL (r = 7) 92.8 91.0
CSL (r = 6) 93.2 91.8
CSL (r = 5) 93.2 91.3

DSM-Cos (c = 5, e = 4) 94.3 93.2
DSM-Cos (c = 4, e = 4) 94.1 93.1
DSM-Cos (c = 4, e = 3) 94.5 93.3

DSM-Linear (c = 8, e = 4) 94.2 93.5
DSM-Linear (c = 7, e = 4) 94.6 93.8
DSM-Linear (c = 7, e = 3) 94.8 93.9

It can be seen from the table that different detection effects were obtained by adjusting
the range of the circular smoothing algorithm. However, the performances of the two
kinds of dynamic smoothing were better than the best result with the circular smooth label.
This proves that the dynamic smoothing was strong. Dynamic smoothing controls angle
learning by shrinking the range of smoothness gradually. In the initial stage of model
training, a larger smoothing range was set to reduce the difficulty of model learning and
improve the recall rate for waste detection. With the iteration of the model learning, the
angle smoothing range was gradually reduced through the attenuation function to reduce
the angle deviation in target detection, thus improving the detection accuracy. Higher
accuracy for angle prediction can improve the recall rate for oriented waste, especially in
cases involving a large aspect ratio.

3.5. Detection Application Results

In order to demonstrate the waste detection performance of the improved method
proposed in this paper, the method was used for actual testing in different scenarios with
different levels of illumination, such as a waste station, garage, corridor, lawn, and so on.
The results are shown in Figure 13. It can be seen that the method detected the waste objects
effectively in a series of scenarios. It was proven that the method described in this paper is
able to carry out the detection of oriented waste effectively.

  

Figure 13. Cont.
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Figure 13. Waste detection with YOLOv5m-DSM in different scenarios.

4. Conclusions

This paper focused on waste detection for a robotic arm based on YOLOv5. In addition
to object identification in general image analysis, a waste-sorting robotic arm not only
needs to identify a target object but also needs to accurately judge its placement angle,
so that the robotic arm can set the appropriate grasping angle. In order to address this
need, we added an angular prediction network to the detection head to provide the
grasping angle information for the waste object and proposed a dynamic smoothing
algorithm for angle loss to enhance the model’s angular prediction ability. In addition,
we improved the method’s feature extraction and aggregation abilities by optimizing
the backbone and feature aggregation network of the model. The experimental results
showed that the performance of the improved method in oriented waste detection was
better than that of comparison methods; the average precision and recall rate were 93.9%
and 94.8%, respectively, which were 11.6% and 7.6% higher than those of the original
network, respectively.
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Abstract: Object detection and image recognition are some of the most significant and challenging
branches in the field of computer vision. The prosperous development of unmanned driving tech-
nology has made the detection and recognition of traffic signs crucial. Affected by diverse factors
such as light, the presence of small objects, and complicated backgrounds, the results of traditional
traffic sign detection technology are not satisfactory. To solve this problem, this paper proposes
two novel traffic sign detection models, called YOLOv5-DH and YOLOv5-TDHSA, based on the
YOLOv5s model with the following improvements (YOLOv5-DH uses only the second improvement):
(1) replacing the last layer of the ‘Conv + Batch Normalization + SiLU’ (CBS) structure in the YOLOv5s
backbone with a transformer self-attention module (T in the YOLOv5-TDHSA’s name), and also
adding a similar module to the last layer of its neck, so that the image information can be used
more comprehensively, (2) replacing the YOLOv5s coupled head with a decoupled head (DH in both
models’ names) so as to increase the detection accuracy and speed up the convergence, and (3) adding
a small-object detection layer (S in the YOLOv5-TDHSA’s name) and an adaptive anchor (A in the
YOLOv5-TDHSA’s name) to the YOLOv5s neck to improve the detection of small objects. Based
on experiments conducted on two public datasets, it is demonstrated that both proposed models
perform better than the original YOLOv5s model and three other state-of-the-art models (Faster
R-CNN, YOLOv4-Tiny, and YOLOv5n) in terms of the mean accuracy (mAP) and F1 score, achieving
mAP values of 77.9% and 83.4% and F1 score values of 0.767 and 0.811 on the TT100K dataset, and
mAP values of 68.1% and 69.8% and F1 score values of 0.71 and 0.72 on the CCTSDB2021 dataset,
respectively, for YOLOv5-DH and YOLOv5-TDHSA. This was achieved, however, at the expense of
both proposed models having a bigger size, greater number of parameters, and slower processing
speed than YOLOv5s, YOLOv4-Tiny and YOLOv5n, surpassing only Faster R-CNN in this regard.
The results also confirmed that the incorporation of the T and SA improvements into YOLOv5s leads
to further enhancement, represented by the YOLOv5-TDHSA model, which is superior to the other
proposed model, YOLOv5-DH, which avails of only one YOLOv5s improvement (i.e., DH).

Keywords: computer vision; object detection; traffic sign detection; you only look once (YOLO);
attention mechanism; feature fusion

MSC: 68W01; 68T01

1. Introduction

The detection and recognition of traffic signs play essential roles in the fields of assisted
driving and automatic driving. Traffic signs are not only the main sources for drivers to
obtain the necessary road information, but they also help adjust and maintain traffic
flows [1]. However, in real-life scenarios, the influence of complex weather conditions and
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the existence of various categories of objects presented on the road—with a large proportion
of these being small objects—have brought great challenges to the research on automatic
detection and recognition of traffic signs.

There were two traffic sign detection and recognition techniques in the early days—
one based on color features and the other based on shape features. Later, hybrid techniques
emerged, e.g., [2], which considered both the color and geometric information of traffic
signs during the feature extraction. The noise reduction and morphological processing
made it easier to process images based on shapes, using the geometric information of a
triangle, a circle, or a square commonly found in traffic signs, along with the RGB color
information, in order to identify the images containing traffic signs. Although such a
technique can detect the presence of traffic signs in images, it cannot distinguish between
different classes of traffic signs.

With the emergence of deep learning, some models based on it have been applied
for image classification and object detection, showing excellent performance, such as the
two-stage detectors, represented by, e.g., the region-based convolutional neural networks
(R-CNNs), and the single-stage detectors, represented by, e.g., You Only Look Once (YOLO)
versions. R-CNN [3] was the first model applying convolutional neural networks (CNNs)
for object detection. R-CNN generates candidate boxes first before detection to reduce
the information redundancy, thus improving the detection speed. However, it zooms and
crops images, resulting in a loss of original information. SPP-net [4] defined a spatial
pyramid pooling (SPP) layer in front of the fully connected layer, which allowed one to
input images of an arbitrary size and scale, thus not only breaking the constraint of fixed
sizes of input images but also reducing the computational redundancy. Fast R-CNN [5]
changed the original string structure of R-CNN into a parallel structure and absorbed the
advantages of SPP-net, which allowed it not only to accelerate the object detection but
also to improve the detection accuracy. However, if a large number of invalid candidate
regions is generated, it would lead to a waste of computing power, whereas a small number
of candidate regions would result in missed detection. Based on the above problems,
Ren et al. proposed the concept of region proposal networks (RPNs) [6], which generates
candidate regions through neural networks to solve the mismatch between the generated
candidate regions and the real objects. However, these two-stage models were not superior
in training and detection speed, so single-stage models, represented by the YOLO family,
came into existence [7]. By creating the feature map of the input image, the learning
category probability, and the boundary box coordinates of the entire image, YOLO sets
the object detection as a simple regression problem. The algorithm only runs once, which
of course reduces the accuracy, but allows achieving a higher processing speed than the
two-stage object detectors, thus making it suitable for real-time detection of objects. The
first version of YOLO, YOLOv1 [8], divides each given image into a grid system. Each
grid detects objects by predicting the number of bounding boxes of the objects in the grid.
However, if small objects in the image appear in clusters, the detection performance is
not as sufficient. The second version, YOLOv2 [9], preprocesses the batch normalization
based on the feature extraction network of DarkNet19 to improve the convergence of the
network. Later, YOLOv3 [10] added logic regression to predict the score of each bounding
box. It also introduced the method of Faster R-CNN giving priority to only one bounding
box. As a result, YOLOv3 can detect some small objects. However, YOLOv3 cannot fit
well with the ground truth. YOLOv4 [11] uses weighted real connections (WRCs), cross-
mini-batch normalization (CmBN), self-adaptive training (SAT), and other methods, which
allows it to not only keep suitable training and detection speed but also achieve better
detection accuracy. YOLOv5 passes each batch of training data through a data loader,
which performs three types of data enhancement—zooming, color space adjustment, and
mosaic enhancement. From the five models produced to date based on YOLOv5, this
paper proposes improvements to the YOLOv5s model, which uses two cross-stage partial
connections (CSP) structures (one for the backbone network and the other for the neck) and
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a weighted non-maximum suppression (NMS) [12] to improve the detection accuracy of
the occluded objects in images.

The two-stage object detectors, such as R-CNN, SPP-net, and Fast R-CNN mentioned
above, are not suitable for real-time detection of objects due to their relatively low de-
tection speed. As single-stage object detectors, the YOLO versions are obviously better
than the two-stage detectors in terms of the detection speed achieved. However, their
detection performance is not as efficient. To tackle this problem, this paper proposes two
novel YOLOv5s-based traffic sign detection models, called YOLOv5-DH and YOLOv5-
TDHSA, with the following improvements to YOLOv5s (YOLOv5-DH uses only the second
improvement below), which constitute the main contributions of the paper:

1. Replacing the last layer of the ‘Conv + Batch Normalization + SiLU’ (CBS) structure in
the YOLOv5s backbone with a transformer self-attention module (T in the YOLOv5-
TDHSA‘s name), and also adding a similar module to the last layer of its neck, so that
the image information can be used more comprehensively;

2. Replacing the YOLOv5s coupled head with a decoupled head (DH in the both models’
names) so as to increase the detection accuracy and speed up the convergence;

3. Adding a small-object detection layer (S in the YOLOv5-TDHSA‘s name) and an
adaptive anchor (A in the YOLOv5-TDHSA‘s name) to the YOLOv5s neck to improve
the detection of small objects.

Based on results obtained from experiments conducted on two public datasets (TT100K
and CCTSDB2021), the proposed YOLOv5-DH and YOLOv5-TDHSA models outperform
the original YOLOv5s model along with three other state-of-the-art models (Faster R-CNN,
YOLOv4-Tiny, YOLOv5n), as shown further in the paper.

The rest of the paper is organized as follows. Section 2 introduces the attention
mechanisms, feature fusion networks, and detection heads commonly used in object
detection models. Section 3 presents the main representatives of the two-stage and single-
stage object detection models. Section 4 explains the YOLOv5s improvements used by
the proposed models, including the transformer self-attention mechanism, the decoupled
head, the small-object detection layer, and the group of adaptive anchor boxes. Section 5
describes the conducted experiments, and presents and discusses the obtained results.
Finally, Section 6 concludes the paper.

2. Background

2.1. Attention Mechanisms

Attention is a data processing mechanism used in machine learning and extensively
applied in different types of tasks such as natural language processing (NLP), image
processing, and object detection [13]. The squeeze-and-exchange (SE) attention mecha-
nism aims to assign different weights to each feature map and focuses on more useful
features [14]. SE pools the input feature map globally, then uses a full connection layer
and an activation function to adjust the feature map, thus obtaining the weight of the
feature, which is multiplied with the input feature at the end. The disadvantage of SE is
that it only considers the channel information and ignores the spatial location information.
The convolutional block attention module (CBAM) solves this problem by first generating
different channel weights, and then compressing all feature maps into one feature map
to calculate the weight of the spatial features [15]. Currently, the self-attention [16] is one
of the most widely used attention mechanisms due to its strong feature extraction ability
and the support of parallel computing. The transformer self-attention mechanism, used
by the YOLOv5-TDHSA model proposed in this paper, can establish a global dependency
relationship and expand the receptive field of images, thus obtaining more features of
traffic signs.

2.2. Multi-Scale Feature Fusion

The feature pyramid network (FPN) [17] utilized in Faster R-CNN and Mask R-
CNN [18] is shown in Figure 1a. It uses the features of the five stages of the ResNet
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convolution groups C2–C6, among which C6 is obtained from a MaxPooling operation
by directly applying 1 × 1/2 on C5. The feature maps P2–P6 are obtained after the FPN
fusion, as follows: P6 is equal to C6, P5 is obtained through a 1 × 1 convolution followed
by a 3 × 3 convolution, and P2–P4 are obtained through a 1 × 1 convolution followed by a
fusion with the feature of the former 2 × Upsample and a 3 × 3 convolution.
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Figure 1. Different feature fusion structures.

The FPN in YOLOv3 is shown in Figure 1b. The features of C3, C4, and C5 are used.
The features from C5 to P5 first pass through five layers of convolution, and then through
one layer of 3 × 3 convolution. The features of P4 are obtained by connecting M5 (through
1 × 1 Conv + 2 × Upsample) and C4 through five layers of convolution, and one layer of
3 × 3 convolution. The features of P3 are obtained by connecting M4 (through 1 × 1
Conv + 2 × Upsample) and C3 through five layers of convolution, and one layer of
3 × 3 convolution.

The feature extraction network of YOLOv5 uses a ‘FPN + Path Aggregation Network
(PAN)’ [19] structure, as shown in Figure 1c. PAN adds a bottom-up pyramid behind the
FPN as a supplement. FPN conveys the strong semantic features from top to bottom, while
PAN conveys strong positioning features from bottom to top. The specific operation of
PAN includes first copying the last layer M2 of FPN as the lowest layer P2 of PAN, and then
fusing M3 with the downsampled P2 to obtain P3. P4 is obtained through a feature fusion of
M4 and downsampled P3. However, the feature extraction network does not work well for
the detection of small objects. The feature fusion utilized by the YOLOv5-TDHSA model,
proposed in this paper, is based on a small-object detection layer, making the detection of
small objects more accurate. This is described in more detail in Section 4.3.

2.3. Detector Head

Since the head of YOLOv1 only generates two detection boxes for each grid, it is
not suitable for both dense and small-object detection tasks. Its generalization ability is
weak when the size ratio of the same-type objects is uncommon. The head of YOLOv2
improves the network structure and also adds an anchor box. YOLOv2 removes the last
fully connected layer in YOLOv1, and uses convolution and anchor boxes to predict the
detection box. However, since the use of convolution to downsample the feature map
results in a loss of the fine-grained features, the model’s detection of small objects is poor.
Consequently, the passthrough layer structure has been introduced in the head of YOLOv2
to divide the feature map into four parts to preserve the fine-grained features. The head of
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YOLOv3 introduces a multi-scale detection logic and utilizes a multi-label classification
idea on the basis of YOLOv2. The loss function has been optimized as well. YOLOv4
adopts a multi-anchor strategy, different from YOLOv3. Any anchor box greater than the
intersection over union (IoU) [20] threshold is regarded as a positive sample, thus ensuring
that the positive samples ignored by YOLOv3 will be added to YOLOv4 to improve the
detection accuracy of the model. The output of YOLOv5 has three prediction branches.
The grid of each branch has three corresponding anchors. Instead of the IoU maximum
matching method, YOLOv5 calculates the width–height ratio of the bounding box to the
anchor of the current layer. If the ratio is greater than the parameter value set, this indicates
that the matching degree is poor, which is considered as a background. The coupled
detection head of YOLOv5s performs both the recognition and positioning tasks on a
feature map simultaneously. However, these tasks have different focuses, making the final
recognition accuracy low. The ‘decoupled head’ idea allows one to separate these two
tasks and achieve better performance. Therefore, the models proposed in this paper use a
decoupled head instead of the original YOLOv5s coupled head, which is described in more
detail in Section 4.2.

3. Related Work

Over the past 20 years, the object detection models were divided into two categories:
(1) traditional models (before 2012), such as V-J detection [21,22], HOG detection [23],
DPM [24], etc., and (2) deep learning (DL) models, beginning with AlexNet [25]. The
following subsections briefly present the DL object detection models, divided into two-
stage and one-stage models, whose development route is illustrated in Figure 2.

R-CNN

SPP-net Fast R-CNN CenterNet YOLOv4FPNSSD

YOLOv1

YOLOv2

DSSD

YOLOv3 FoveaNet

FCOS

YOLOv5

RetinaNet

RefineDet

Faster R-CNN

AlexNet 

Mask R-CNN

 

Figure 2. The development route of the DL object detection models.

3.1. Two-Stage Object Detection Models

Krizhevsky et al. proposed AlexNet as a CNN framework when participating (and
winning the first place) in the ImageNet LSVRC 2012 competition. This model brought the
climax to the development of deep learning.

Later, R-CNN emerged for object detection. However, R-CNN unifies the size of all
candidate boxes, which causes a loss of the image content and affects the detection accuracy.
Based on R-CNN, SPP-net, Fast R-CNN, Faster R-CNN, Mask R-CNN, and other models
have been developed subsequently.

SPP-net was proposed in 2014. It inserts a spatial pyramid pooling layer between
the CNN layer and fully connected layer, which allows it to solve the R-CNN loss of the
image content caused by adjusting all candidate boxes to the same size. In order to find
the location of each area in the feature map, the location information is added after the
convolution layer. However, the time-consuming selective search (SS) [26] method is still
used to generate the candidate areas.

On the basis of R-CNN, Fast R-CNN adds an RoI (region of interest) pooling layer
and reduces the number of model parameters, thus greatly increasing the processing speed.

197



Axioms 2023, 12, 160

The method of SPP-net is used for reference, CNN is used to process the input images, and
the serial structure of R-CNN is changed to a parallel structure, so that classification and
regression can be carried out simultaneously, and the detection is accelerated.

In order to solve the problem that Fast R-CNN uses the SS method to generate candi-
date areas, Faster R-CNN uses an RPN to directly generate candidate areas, which enables
the neural network to complete the detection task in an end-to-end fashion [27].

Based on Faster R-CNN, Mask R-CNN uses a fully constructive network (FCN). The
model operates in two steps: (1) generating the candidate regions through an RPN, and
(2) extracting the RoI features from candidate regions using RoIAlign (region of interest
alignment) to obtain the probability of object categories and the location information of
prediction boxes.

The two-stage object detection models are not suitable for real-time object detection
because they require multiple detection and classification processes, which lowers the
detection speed.

3.2. One-Stage Object Detection Models
3.2.1. YOLO

YOLO’s training and detection are carried out in a separate network. The object
detection is regarded as a process of solving a regression problem. As long as the input
image passes through inference, the location information of the object and the probability
of its category can be obtained [28]. Therefore, YOLO is particularly outstanding in terms
of detection speed. There are different versions of YOLO proposed to date. Based on its
fifth version, YOLOv5, five models have been produced, namely YOLOv5n, YOLOv5s,
YOLOv5m, YOLOv5l, and YOLOv5x. The YOLOv5-DH and YOLOv5-TDHSA models,
described in this paper, propose improvements to the YOLOv5s model, whose network
structure is shown in Figure 3. A focus network structure is used at the beginning of the
trunk to derive the value of every other pixel in an image. This is followed by four inde-
pendent feature layers, which are stacked. At that point, the width and height information
is concentrated on the channel, and the input channel is expanded four times.

FOCUS CBS CSP1_1 CSP1_
3 CBS CSP1_

3 CBS SPP CBS UPsample

CSP2_
1 UPsample

80×80×255

40×40×255

20×20×255

Concat

Concat

Concat

Concat

Input Backbone Neck

CBS

CBS

CSP2_1

CSP2_1

CBS Conv BN SiLU

CSP1_X CBS

Resunit CBS CBS add

Resunit Concat CBS

CBS

CSP2_X CBS Concat CBS

CBS

CBS
2×X SPP CBS

MaxPool

MaxPool

MaxPool

Concat CBS FOCUS

MaxPool

MaxPool

MaxPool

MaxPool

Concat CBS

Head

CBS

CBS

640×640

CSP2_
1

Conv

CSP2_1 Conv

Conv

 

Figure 3. The structure of the YOLOv5s model.

YOLOv5s uses Mixup [29] and Mosaic for data enhancement, where Mosaic splices
four images to enrich the background of the detected object. The data of the four images
are processed at one time during a batch normalization computation.
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In the backbone part, the model extracts features from the input image. The extracted
features, through three feature layers, are used for the next network construction.

The main task of the neck part is to strengthen feature extraction and feature fusion,
so as to combine feature information of different scales. In the Path Aggregation Network
(PANet) structure, upsampling and downsampling operations are used to achieve feature
extraction. When the input size is 640 × 640 pixels, the maximum scale of output feature is
80 × 80 pixels, so the minimum size of the detection frame is 8 × 8 pixels. However, when
there are many smaller objects in the dataset, this will affect the detection accuracy. The
proposed improvements of YOLOv5s in this regard are described in Section 4.3.

In the head part, the three feature layers, which have been strengthened, are regarded
as a collection of feature points. This part is used to judge whether the feature points have
objects corresponding to them. The YOLOv5s detection head is a coupled head which
performs complete identification and location tasks on a feature map. However, recognition
and location are two different tasks. Therefore, this paper proposes a branch structure to
carry out recognition and location tasks separately. This improvement to the YOLOv5s
structure is described in more detail in Section 4.2.

There have been some improvements of YOLOv5 recently proposed for traffic sign
and traffic light recognition. For instance, Chen et al. [30] introduced a Global-CBAM
attention mechanism for embedding into YOLOv5′s backbone in order to enhance its
feature extraction ability, and achieved sufficient balance between the channel attention
and spatial attention for improving the target recognition. Due to this, the overall accuracy
of the model was improved, especially for small-sized target recognition, and the mean
accuracy (mAP) achieved was 6.68% higher than that before the improvement.

In order to solve the problem of using YOLOv5s for the recognition of small-sized traf-
fic signs, Liu et al. [31] proposed to replace the original DarkNet-53 backbone of YOLOv5s
with MobileNetV2 network for feature extraction, selecting Adam as the optimizer. The
result of this was the reduction in the number of parameters by 65.6% and the computation
amount by 59.1% on the basis of improving the mAP by 0.129.

Chen et al. [32] added additional multi-scale features to YOLOv5s to make it faster
and more accurate in capturing traffic lights when these occupy a small area in images. In
addition, a loop was established to update the parameters using a gradient of loss values.
This led to mAP improvement (from 0.965 to 0.988) and detection time reduction (from
3.2 ms inference/2.5 ms to 2.4 ms inference/1.0 ms NMS per image).

3.2.2. SSD

The Single Shot MultiBox Detector (SSD) [33] is a one-stage object detection model
proposed after YOLOv1. In order to improve YOLO’s imperfection for small-object detec-
tion, SSD uses feature maps of different sizes and prior boxes of different sizes to further
improve the regression rate and accuracy of the predicted box. The proportion of the prior
frame size to the image is calculated as follows:

Sk = Smin +
Smax − Smin

m − 1
(k − 1), (1)

where k ∈ [1, m], m denotes the number of characteristic graphs, and Smax and Smin denote
the maximum and minimum value of the ratio, respectively.

4. Proposed Improvements to YOLOv5s

This section describes the YOLOv5s improvements used by the models proposed in
this paper. The decoupled head (DH) improvement is used by both proposed models,
YOLOv5-DH and YOLOv5-TDHSA, whereas the other two improvements are used only
by YOLOv5-TDHSA.
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4.1. Transformer Self-Attention Mechanism

The transformer model was proposed by the Google team in June 2017 [34]. It has not
only become the preferred model in the NLP field, but also showed strong potential in the
field of image processing. The transformer abandons the sequential structure of Recurrent
Neural Networks (RNNs) and adopts a self-attention mechanism to enable the model to
parallelize training and make full use of the global information of training data.

The core mechanism of the transformer model is the self-attention depicted in Figure 4.
The regular attention mechanism first calculates the attention distribution on all input
information and then obtains the weighted average of the input information according to
this attention distribution. Self-attention maps the input features to three new spaces for
representation, namely Query (Q), Key (K), and Value (V). The correlation between Q and
K is calculated as well, after which a SoftMax function is used to normalize the data and
widen the gap between the data to enhance the attention. The weight coefficient and V
are weighted and summed to obtain the attention value. The self-attention mechanism
maps the features to three spatial representations, which allows one to avoid problems
encountered when features are mapped to only one space. For example, if Q1 and Q2 are
directly used to calculate the correlation, there will be no difference between the correlation
between Q1 and Q2 and the correlation between Q2 and Q1. In this case, the expression
ability of the attention mechanism will become weak. If K is introduced to calculate the
correlation between the original data, it can reflect the difference between Q1 and K2 on
one hand and Q2 and K1 on the other, which can also enhance the expression ability of the
attention mechanism. Since the input of the next step is the attention weight obtained, it is
not appropriate to use Q or K; thus, the third space, V, is introduced. Finally, the attention
value is obtained through weighted summation.
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Feed 
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V K Q
Multi-head 
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Figure 4. The module structure of the transformer self-attention mechanism.

However, the transformer model would significantly increase the amount of compu-
tation, resulting in higher training costs. The feature dimension is the smallest when the
image features are transferred to the last layer of the network. At this moment, the influence
on training the model would be the smallest if the transformer is added. Therefore, the
proposed YOLOv5-TDHSA model uses the transformer only as a replacement of the CBS at
the last layer of the backbone of the original YOLOv5s model, and also adds the transformer
to the last layer of its neck.
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4.2. Decoupled Head

After performing analytical experiments indicating that the coupled detection head
may harm YOLO’s performance, the authors of [35] recommend replacing the original
YOLO’s head with a decoupled one. This idea is taken on board by the models proposed
in this paper to reduce the number of parameters and network depth, thus improving the
model training speed and reducing the feature losses.

During the object detection, it is necessary to output the category/class and position
information of the object. The decoupled head uses two different branches to output the
category and position information separately as the recognition and positioning tasks have
different focuses. The recognition focuses more on the existing class to which the extracted
features are closer. The positioning focuses more on the location coordinates of the ground
truth box so as to correct the parameters of the bounding box. YOLO’s head uses a feature
map to complete the two tasks of recognition and location in a convolution. Therefore, it
does not perform as well as the decoupled head D1 shown in Figure 5, which is used by the
models proposed in this paper. However, the decoupling process increases the number of
parameters, thus affecting the training speed of the model. Therefore, in order to reduce the
number of parameters, the feature first goes through a 1 × 1 convolution layer to reduce
the dimension and then through two parallel branches with two 3 × 3 convolution layers.
The first branch is used to predict the category. Since there are 45 categories in the TT100K
dataset used in this paper, the channel dimension becomes 45 after a convolution operation
and the processing of the Sigmoid activation function [36]. The second branch is mainly
used to determine whether the object box is a foreground or background. As a result,
the channel dimension becomes 1 after the convolution operation and Sigmoid activation
function. There is also a third branch used to predict the coordinate information (x, y, w,
h) of the object box. Therefore, after the convolution operation, the channel dimension
becomes 4. Finally, the three outputs are integrated into 20 × 20 × 50 feature information
through Concat for the next operation. The decoupled heads D2, D3, and D4, shown
in Figure 6, also follow the same steps to generate feature information of 40 × 40 × 50,
80 × 80 × 50, and 160 × 160 × 50, respectively. The proposed YOLOv5-DH model only uses
D1, D2, and D3 to replace the ‘Head’ part of the original YOLOv5s model (c.f., Figure 3).
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Figure 5. The structure of the decoupled head D1 used by the proposed models.
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Figure 6. The structure of the proposed YOLOv5-TDHSA model.

4.3. Small-Object Detection Layer and Adaptive Anchor

During the detection of traffic signs, the changing distance between the shooting
equipment and the object makes the size of traffic signs in the collected images different,
which has a certain impact on the detection accuracy [37]. YOLOv5s solves this problem
in the form of PANet. Taking an input image size of 640 × 640 pixels as an example, the
feature information of the feature map output through the original model is 80 × 80 × 255,
40 × 40 × 255, and 20 × 20 × 255, respectively. At this time, the grid sizes of the generated
detection box are 8 × 8 pixels, 16 × 16 pixels, and 32 × 32 pixels, respectively. However,
when there is a large number of objects with size smaller than 8 × 8 pixels in the dataset,
the detection performance for these small objects is not acceptable. Furthermore, the
feature pyramid pays more attention to the extraction and optimization of the underlying
features. With increasing the depth of the network, some features at the top level will be
lost, reducing the accuracy of the object detection.

To improve the detection of small objects, a branch structure is added to the PANet
of YOLOv5s to maintain the same size of the input image. However, the neck part adds a
160 × 160 × 128 feature information output. In other words, the feature map continues to
expand by performing the convolution and upsampling on the feature map after layer 17.
Meanwhile, the 160 × 160 pixels feature information obtained from layer 19 is fused with
the layer 2 feature in the backbone at the layer 20 to make up for the feature loss during
feature transmission. The addition of a small object detection layer in the network can ease
the difficulty of small object detection. At the same time, it combines the features of the
top level with those of the bottom level to supplement the features lost in the bottom level,
thus improving the detection accuracy.

The network structure after the addition of the small-object detection layer is shown
in Figure 6. A branch is added to connect layer 2 and layer 19 (the red solid line part). In
this case, the added fourth output size is 160 × 160 × 128. After the head decoupling, the
feature information size is 160 × 160 × 50. The minimum size of the generated detection
box is 4 × 4 pixels, which improves the detection of small objects.

The original YOLOv5s network model has only three detection layers. As a result,
there are three groups of anchor boxes corresponding to the feature maps at three different
resolutions. In each group of anchor boxes, there are three different anchors. A total of nine
anchors can be used to detect large, medium, and small objects. However, the YOLOv5-
TDHSA model, proposed in this paper, deepens the network and adds an output layer of
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feature information. It uses a group of 12 anchor boxes, added to the original YOLOv5s
model, to calculate the feature map at the new resolution. The ratio between an anchor and
the width and height of each ground truth box is calculated, and the K-Means and genetic
learning algorithms are used to obtain the best possible recall (BPR). When BPR is greater
than 0.98, it indicated that the four groups of anchor boxes generated can be suitable for
custom datasets.

The addition of the small-object detection layer and the group of adaptive anchor boxes
allows us to significantly improve the detection accuracy of the proposed YOLOv5-TDHSA
model, as demonstrated in the next section.

5. Experiments

5.1. Datasets

Two public datasets were used in the experiments conducted for the performance com-
parison of models. The first one was the Tsinghua-Tencent 100 K Chinese traffic sign detec-
tion benchmark [38], denoted as TT100K in [39]. It includes 100,000 high-definition images
with large variations in illuminance and weather conditions, among which 10,000 images
are annotated that contain 30,000 traffic sign instances (in total), each of which theoretically
belongs to one of the 221 Chinese traffic sign categories. The images are taken from the
Tencent Street View Map. Sample images are shown in Figure 7. However, there is a serious
imbalance in the distribution of categories in this dataset, and even some categories do not
have instances corresponding to them. Therefore, in the conducted experiments, similarly
to [39], only categories with more than 100 traffic sign instances were used, resulting in 45
categories spread over 9170 images.

Figure 7. Sample images of the TT100K dataset.

The other dataset used in the experiments was the CCTSDB2021 Chinese traffic sign
detection benchmark [40], which was built based on the CCTSDB2017 dataset [41,42] by
adding 5268 annotated images of real traffic scenes and replacing images containing easily
detected traffic signs with more difficult samples of a complex and changing detection en-
vironment. Three traffic sign classes are distinguished in CCTSDB2021, namely a warning,
a mandatory, and a prohibitory traffic sign class, as shown in Figure 8. There are a total of
17,856 images, including 16,356 images in the training set and 1500 images in the test set.
However, the weather environment attribute, which represents a great challenge for the
object detection models, is only present in the images of the test set and not of the training
set. Therefore, only these 1500 images, presenting greater difficulty to the detection of
traffic signs contained in them, were used in the experiments.
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Figure 8. Sample images of the CCTSDB2021 dataset, containing (A) warning traffic signs; (B) manda-
tory traffic signs; (C) prohibitory traffic signs.

In the experiments, as shown in Table 1, the 9170 TT100K images and 1500 CCTSDB021
images were separately divided (using the same ratio) into a training set (60% of the total
number of images), a validation set (20%), and a test set (20%). The corresponding number
of labels in each of these three sets is shown in Table 1.

Table 1. Splitting the datasets into training, validation, and test sets.

TT100K Dataset CCTSDB2021 Dataset

Training set 13,908 labels 1935 labels
Validation set 4636 labels 645 labels

Test set 4636 labels 645 labels

5.2. Experimental Environment

In the training process, the initial learning rate was set to 0.01, and a cosine annealing
strategy was used to reduce it. 300 epochs were performed with the batch size set to 32.
The experiments were conducted on a PC with a Windows 10 operating system, Intel (R)
Core (TM) i7-10,700 CPU@2.90 GHz, NVIDIA GeForce RTX3090, and 24GB video memory,
by using CUDA 11.1 for training acceleration, PyTorch 1.8.1 deep learning framework for
training, and an input image size of 640 × 640 pixels, as shown in Table 2.

Table 2. Experimental environment’s parameters.

Component Name/Value

Operating system Windows 10
CPU Intel (R) Core (TM) i7-10,700
GPU GeForce RTX3090

Video memory 24 GB
Training acceleration CUDA 11.1

Deep learning framework for training PyTorch 1.8.1
Input image size 640 × 640 pixels

Initial learning rate 0.01
Final learning rate 0.1
Training batch size 32

5.3. Evaluation Metrics

Evaluation metrics commonly used for the performance evaluation of object detection
models include precision, average precision (AP), mean average precision (mAP), recall, F1 score,
and processing speed measured in frames per second (fps).
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Precision refers to the proportion of the true positive (TP) samples in the prediction
results, as follows:

precision =
TP

TP + FP
(2)

where TP denotes the number of images containing detected objects with IoU > 0.5, that
is, the number of images containing positive samples that are correctly detected by the
model; FP (false positive) represents the number of images containing detected objects with
IoU ≤ 0.5.

Recall refers to the proportion of correct predictions in all positive samples, as follows:

recall =
TP

TP + FN
, (3)

where FN (false negative) represents the number of images wrongly detected as not con-
taining objects of interest.

The average precision (AP) is the area enclosed by the precision–recall curve and the X
axis, calculated as follows:

AP =
∫ 1

0
p(r)dr, (4)

where p(r) denotes the precision function of recall r.
F1 score is the harmonic average of precision and recall, with a maximum value of 1 and

a minimum value of 0, calculated as follows:

F1 = 2 · precision · recall
precision + recall

. (5)

The mean average precision (mAP) is the mean AP value over all classes of objects,
calculated as follows:

mAP =
∑ AP

Nclasses
, (6)

where Nclasses denotes the number of classes.

5.4. Results

Based on the two datasets, experiments were conducted for performance comparison
of the proposed YOLOv5-DH and YOLOv5-TDHSA models to four state-of-the-art models,
namely R-CNN, YOLOv4-Tiny, YOLOv5n, and YOLOv5s. The size and number of param-
eters of models are shown in Table 3 and the duration of a single experiment conducted
with each model is shown in Table 4. On the two datasets, TT100K and CCTSDB2021,
five separate experiments were performed with each of the models compared. In each
experiment, the same data were utilized for all models, generated by randomly splitting
the used dataset into a training set, a validation set, and a test set, as per Table 1. The results
obtained for each model were averaged over the five experiments in order to serve as the
final evaluation of the model performance.

Table 3. The size and number of parameters of compared models.

Model
Size
(MB)

Number of Parameters
(Million)

Faster R-CNN 360.0 28.469
YOLOv4-Tiny 22.4 6.057

YOLOv5n 3.6 1.767
YOLOv5s 13.7 7.068

YOLOv5-DH 22.8 11.070
YOLOv5-TDHSA 24.8 12.224
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Table 4. Single experiment duration of compared models.

Dataset Faster
R-CNN

YOLOv4-
Tiny

YOLOv5n YOLOv5s
YOLOv5-

DH
YOLOv5-
TDHSA

TT100K 47 h 37.5 h 30 h 32 h 33 h 35 h

CCTSDB
2021 8.5 h 4 h 0.8 h 1 h 2 h 2.5 h

Tables 5–10 show the mAP and F1 score results obtained in each experiment, conducted
on the TT100K dataset, for each of the models compared. Table 11 shows the averaged mAP
and F1 score results over the five experiments, along with the processing speed achieved,
measured in frames per second (fps). The obtained results, shown in Table 11, demonstrate
that on the TT100K dataset, both proposed models (YOLOv5-DH and YOLOv5-TDHSA)
outperform all four state-of-the-art models in terms of mAP and F1 score, at the expense
of having a bigger size, greater number of parameters, and slower processing speed
(surpassing only Faster R-CNN). From the two proposed models, YOLOv5-TDHSA is
superior to YOLOv5-DH in terms of both evaluation metrics (mAP and F1 score).

Table 5. Results of Faster R-CNN on TT100K dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 52.9 53.6 54.1 53.4 52.6

F1 score 0.576 0.581 0.586 0.579 0.575

Table 6. Results of YOLOv4-TINY on TT100K dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 57.7 62.8 63.1 64.6 63.2

F1 score 0.608 0.672 0.655 0.654 0.675

Table 7. Results of YOLOv5n on TT100K dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 66.0 66.2 65.1 66.3 66.6

F1 score 0.651 0.645 0.639 0.646 0.641

Table 8. Results of YOLOv5s on TT100K dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 74.5 75.6 75.2 75.3 75.1

F1 score 0.728 0.741 0.740 0.730 0.728

Table 9. Results of YOLOv5-DH on TT100K dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 77.2 78.3 77.6 78.5 78.1

F1 score 0.762 0.771 0.762 0.772 0.769
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Table 10. Results of YOLOv5-TDHSA on TT100K dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 83.3 83.5 82.6 83.3 84.2

F1 score 0.819 0.811 0.797 0.810 0.816

Table 11. Results of compared models on TT100K dataset.

Model F1Score mAP
(%)

Processing Speed
(fps)

Faster R-CNN 0.579 53.3 40
YOLOv4-Tiny 0.653 62.3 160

YOLOv5n 0.644 66.0 111
YOLOv5s 0.733 75.1 100

YOLOv5-DH 0.767 77.9 84
YOLOv5-TDHSA 0.811 83.4 77

Tables 12–17 show the mAP and F1 score results obtained in each experiment, conducted
on the CCTSDB2021 dataset, for each of the models compared. Table 18 shows the averaged
mAP and F1 score results over the five experiments, along with the processing speed
achieved. The obtained results, shown in Table 18, demonstrate that both proposed models
(YOLOv5-DH and YOLOv5-TDHSA) outperform all four state-of-the-art models in terms
of mAP and F1 score on this dataset as well, at the expense of having a bigger size, greater
number of parameters, and slower processing speed (surpassing only Faster R-CNN). From
the two proposed models, YOLOv5-TDHSA is again superior to YOLOv5-DH in terms of
both evaluation metrics (mAP and F1 score).

Table 12. Results of Faster R-CNN on CCTSDB2021 dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 61.9 48.7 45.7 46.0 61.1

F1 score 0.65 0.62 0.59 0.61 0.65

Table 13. Results of YOLOv4-TINY on CCTSDB2021 dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 62.6 64.2 53.7 62.3 64.7

F1 score 0.66 0.68 0.62 0.65 0.67

Table 14. Results of YOLOv5n on CCTSDB2021 dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 68.7 72.5 54.8 60.7 71.3

F1 score 0.72 0.72 0.60 0.63 0.74
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Table 15. Results of YOLOv5s on CCTSDB2021 dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 64.7 70.2 58.9 68.5 73.7

F1 score 0.70 0.72 0.63 0.69 0.76

Table 16. Results of YOLOv5-DH on CCTSDB2021 dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 71.9 67.6 62.2 65.2 73.8

F1 score 0.71 0.70 0.68 0.68 0.76

Table 17. Results of YOLOv5-TDHSA on CCTSDB2021 dataset.

Experiment
1

Experiment
2

Experiment
3

Experiment
4

Experiment
5

mAP (%) 69.1 73.4 62.1 69.7 74.7

F1 score 0.73 0.76 0.66 0.67 0.76

Table 18. Results of compared models on CCTSDB2021 dataset.

Model F1Score mAP
(%)

Processing Speed
(fps)

Faster R-CNN 0.62 52.7 28
YOLOv4-Tiny 0.66 61.5 162

YOLOv5n 0.68 65.6 83
YOLOv5s 0.70 67.2 77

YOLOv5-DH 0.71 68.1 70
YOLOv5-TDHSA 0.72 69.8 66

6. Discussion

The incorporation of the proposed improvements into YOLOv5s resulted in overall bet-
ter traffic sign detection. This was confirmed by a series of experiments conducted for evalu-
ating and comparing the performance of the proposed models (YOLOv5-DH and YOLOv5-
TDHSA) to that of YOLOv5s and three other state-of-the-art models, namely Faster R-CNN,
YOLOv4-Tiny, and YOLOv5n, based on two datasets—TT100K and CCTSDB2021. The
obtained results clearly demonstrate that both proposed models outperform all four models,
in terms of the mean average precision (mAP) and F1 score.

Although both proposed models are better than the two-stage detection Faster R-CNN
model, in terms of the model’s size, number of parameters, and processing speed, they
still have some shortcomings in this regard compared with the one-stage detection models
(YOLOv4-Tiny, YOLOv5n, YOLOv5s). Therefore, in the future, some lightweight modules
will be introduced into the proposed YOLOv5-TDHSA model (which is superior to the
other proposed model YOLOv5-DH) in order to reduce its size and number of parameters,
and increase its processing speed.

To check if the proposed models are significantly different statistically from the com-
pared state-of-the-art models, we applied the (non-parametric) Friedman test [43,44] with
the corresponding post-hoc Bonferroni–Dunn test [45,46], which are regularly used for the
comparison of classifiers (more than two) over multiple datasets.
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First, using the Friedman test, we measured the performances of the models, used
in the experiments described in the previous section, across both datasets. Basically, the
Friedman test shows whether the measured average ranks of models are significantly
different from the mean rank expected, by checking the null hypothesis (stating that all
models perform the same and the observed differences are merely random), based on the
following formula:

Tx2 =
12N

k(k + 1)

(
∑k

i=1 r2
i −

k(k + 1)2

4

)
, (7)

where k denotes the number of models, N denotes the number of datasets, and ri. represents
the average rank of the i-th model. In our case, k = 6 and N = 2.

Instead of Friedman’s Tx2 statistic, we used the better Iman and Davenport statistic [47],
which is distributed according to the F-distribution with (k − 1) and (k − 1)(N − 1) degrees
of freedom, as follows:

TF =
(N − 1)Tx2

N(k − 1)− Tx2
. (8)

Using (8), we calculated the following values: TF = 34 for F1 score and TF = ∞
for mAP. As both these values are greater than the critical values of 3.45 and 5.05 for six
models and two datasets, with confidence levels of α = 0.10 and α = 0.05, respectively, we
rejected the null hypothesis and concluded that there are significant differences between
the compared models.

Next, we proceeded with a post-hoc Bonferroni–Dunn test, in which the models were
compared only to a control model and not between themselves [44,48]. In our case, we used
the proposed YOLOv5-TDHSA model as a control model. The advantage of the Bonferroni–
Dunn test is that it is easier to visualize because it uses the same Critical Difference (CD)
for all comparisons, which can be calculated as follows [48]:

CD = qα

√
k(k + 1)

6N
, (9)

where qα denotes the critical value for α
k−1 . When k = 6, qα = 2.326 for α = 0.10, and

qα = 2.576 for α = 0.05 [48]. Then, the corresponding CD values, calculated according to
(9), are equal to 4.352 and 4.819, respectively. Figure 9 shows the CD diagrams based on
F1 score and mAP. As can be seen from Figure 9, the proposed YOLOv5-TDHSA model
is significantly superior to Faster R-CNN on both evaluation metrics for both confidence
levels, and achieves at least comparable performance to that of YOLOv4-Tiny on both
evaluation metrics for both confidence levels, and to that of YOLOv5n on F1 score for
both confidence levels. It is not surprising that the Bonferroni–Dunn test found YOLOv5-
DH and YOLOv5-TDHSA similar to YOLOv5s, as both proposed models are based on it.
Having incorporated only one YOLOv5s improvement into itself, naturally, YOLOv5-DH is
reported by the Bonferroni–Dunn test as more similar to YOLOv5s than YOLOv5-TDHSA.
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(a) (b)

(c) (d)

Figure 9. Critical difference (CD) comparison of YOLOv5-TDHSA (the control model) against other
compared models with the Bonferroni–Dunn test, based on (a) F1 score with confidence level α = 0.05,
CD = 4.819; (b) F1 score with confidence level α = 0.10, CD = 4.352; (c) mAP with confidence level
α = 0.05, CD = 4.819; (d) mAP with confidence level α = 0.10, CD = 4.352 (any two models not
connected by a thick black horizontal line are considered to have significant performance differences
between each other).

7. Conclusions

We have proposed two novel models for accurate traffic sign detection, called YOLOv5-
DH and YOLOv5-TDHSA, based on the YOLOv5s model with additional improvements.
Firstly, a transformer self-attention module with stronger expression abilities was used in
YOLOv5-TDHSA to replace the last layer of the ‘Conv + Batch Normalization + SiLU’ (CBS)
structure in the YOLOv5s backbone. A similar module was added to the last layer of the
YOLOv5-TDHSA’s neck, so that the image information can be used more comprehensively.
The features were mapped to the new three spaces for representation, thus improving
the representation ability of the feature extraction. The multi-head mechanism used aims
to realize the effect of multi-channel feature extraction. So, the transformer can increase
the diversity of similarity computation between inputs and improve the ability of feature
extraction. Secondly, a decoupled detection head was used in both proposed models to re-
place the YOLOv5s coupled head, which is responsible for the recognition and positioning
on a feature map. As these two tasks have different focuses, resulting in a misalignment
problem, the decoupled head uses two parallel branches—one responsible for the cate-
gory recognition and the other responsible for positioning—which allows to improve the
detection accuracy. However, as the decoupled head is not as fast as the coupled head,
and due to the increase in the number of model parameters, the dimension was reduced
through a 1 × 1 convolution before the decoupling to achieve balance between the speed
and accuracy. Thirdly, for YOLOv5-TDHSA, a small-object detection layer was added to
the YOLOv5s backbone and connected to the neck. At the same time, upsampling was
used on the feature map of the neck to further expand the feature map. Supplemented by a
group of adaptive anchor boxes, this new branch structure can not only ease the difficulty
of small-object detection performed by YOLOv5-TDHSA, but can also compensate the
feature losses caused by feature transmission with the increasing network depth.

Experiments conducted on two public datasets demonstrated that both proposed
models outperform the original YOLOv5s model and three other state-of-the-art models
(Faster R-CNN, YOLOv4-Tiny, YOLOv5n) in terms of the mean accuracy (mAP) and F1
score, achieving mAP values of 77.9% and 83.4% and F1 score values of 0.767 and 0.811 on
the TT100K dataset, and mAP values of 68.1% and 69.8% and F1 score values of 0.71 and
0.72 on the CCTSDB2021 dataset, respectively, for YOLOv5-DH and YOLOv5-TDHSA. The
results also confirm that the incorporation of the T and SA improvements into YOLOv5s
leads to further enhancement, and a better performing model (YOLOv5-TDHSA), which
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is superior to the other proposed model (YOLOv5-DH) that avails of only one YOLOv5s
improvement (i.e., DH).
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Abstract: This paper proposes a non-parametric technique of option valuation and hedging. Here,
we replicate the extended Black–Scholes pricing model for the exotic barrier options and their
corresponding Greeks using the fully connected feed-forward neural network. Our methodology
involves some benchmarking experiments, which result in an optimal neural network hyperparameter
that effectively prices the barrier options and facilitates their option Greeks extraction. We compare
the results from the optimal NN model to those produced by other machine learning models, such
as the random forest and the polynomial regression; the output highlights the accuracy and the
efficiency of our proposed methodology in this option pricing problem. The results equally show that
the artificial neural network can effectively and accurately learn the extended Black–Scholes model
from a given simulated dataset, and this concept can similarly be applied in the valuation of complex
financial derivatives without analytical solutions.

Keywords: barrier options; Black–Scholes model; polynomial regression; random forest regression;
machine learning; artificial neural network; option Greeks; data analysis
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1. Introduction

The concept, techniques and applications of artificial intelligence (AI) and machine
learning (ML) in solving real-life problems have become increasingly practical over the
past years. The general aim of machine learning lies in attempting to ‘learn’ data and
make some predictions from a variety of techniques. In the financial industry, they offer a
more flexible and robust predictive capacity compared to the classical mathematical and
econometric models. They equally provide significant advantages to the financial decision
makers and market participants regarding the recent trends in financial modeling and
data forecasting. The core applications of AI in finance are risk management, algorithmic
trading, and process automation [1]. Hedge funds and broker dealers utilize AI and ML
to optimize their execution. Financial institutions use the technologies to estimate their
credit quality and evaluate their market insurance contracts. Both private and public
sectors use these technologies to detect fraud, assess data quality, and perform surveil-
lance. ML techniques are generally classified into supervised and non-supervised systems.
A branch of ML (supervised) techniques that have been fully recognized is deep learning,
as it provides and equips machines with practical algorithms needed to comprehend the
fundamental principles, and pattern detection in a significant portion of data. The neural
networks, the cornerstones of these deep learning techniques, evolved and developed in
the 1960s. In the fields of quantitative finance, the neural networks are applied in the
optimization of portfolios, financial model calibrations [2], high-dimensional futures [3],
market prediction [4], and exotic options pricing with local stochastic volatility [5].

Axioms 2023, 12, 384. https://doi.org/10.3390/axioms12040384 https://www.mdpi.com/journal/axioms
213



Axioms 2023, 12, 384

For the methodology employed in this paper, artificial neural networks (ANNs) are
systems of learning techniques which focus on a cluster of artificial neurons forming a
fully connected network. One aspect of the ANN is the ability to generally ‘learn’ to
perform a specific task when fed with a given dataset. They attempt to replicate or mimic
a mechanism which is observable in nature, and they gain their inspiration from the
structure, techniques and functions of the brain. For instance, the brain is similar to a huge
network with fully interconnected nodes (neurons, for example, the cells) through links, also
referred to as synapses, biologically. The non-linearity feature is introduced to the network
within these neurons as the non-linear activation functions are applied. The non-linearity
aspect of the neural network tends to approximate any integrated function reasonably
well. One significant benefit of the ANN method is that they are referred to as ‘universal
approximators’. This feature implies that they can fit any continuous function, together with
functions having non-linearity features, even without the assumption of any mathematical
relationship which connects the input and the output variables. Essentially, the ANNs
are also fully capable of approximating the solutions to partial differential equations
(PDE) [6], and they easily permit parallel processing, which facilitates evaluation processes
on graphics processing units (GPUs) [7]. The presence of this universal approximator
function is often a result of their typical architecture, training and prediction process.

Meanwhile, due to the practical significance of the use of financial derivatives, these
instruments have sharply risen in more recent years. This has led to the development of so-
phisticated economic models, which tend to capture the dynamics of the markets, and there
has also been an increase in proposing faster, more accurate and more robust models for the
valuation process. The pricing of these financial contracts has significantly helped manage
and hedge risk exposure in finance and businesses, improve market efficiencies and provide
arbitrage opportunities for sophisticated market participants. The conventional pricing
techniques of option valuation are theoretical, resulting in the formulation of analytical
closed forms for some of these option types. In contrast, others rely heavily on numerical
approximation techniques, such as Monte Carlo simulations, finite difference methods,
finite volume methods, binomial tree methods, etc. These theoretical formulas are mainly
based on assumptions about the behavior of the underlying prices of securities, constant
risk-free interest rates, constant volatility, etc., and they have been duly criticized over the
years. However, modifications have been made to the Black–Scholes model, thereby giving
rise to such models as the mixed diffusion/pure jump models, displaced diffusion models,
stochastic volatility models, constant elasticity of variance diffusion models, etc. On the
other hand, neural networks (NNs) have proved to be emerging computing techniques that
offer a modern avenue to explore the dynamics of financial applications, such as derivative
pricing [8].

Recent years have seen a huge application of AI and ML, as they have been utilized
greatly in diverse financial fields. They have contributed significantly to financial insti-
tutions, the financial market, and financial supervision. Li in [9] summarized the AI and
ML development and analyzed their impact on financial stability and the micro-macro
economy. In finance, AI has been utilized greatly in predicting future stock prices, and the
concept lies in building AI models which utilize ML techniques, such as reinforcement
learning or neural networks [10]. A similar stock price prediction was conducted by Yu
and Yan [11]; they used the phase-space reconstruction method for time series analysis in
combination with a deep NN long- and short-term memory networks model. Regarding
applying neural networks to option pricing, one of the earliest research can be found in
Malliaris and Salchenberger [12]. They compared the performance of the ANN in pricing
the American-style OEX options (that is, options defined on Standard and Poor’s (S&P)
100) and the results from the Black–Scholes model [13] with the actual option prices listed
in the Wall Street Journal . Their results showed that in-the-money call options were valued
significantly better when the Black–Scholes model was used, whereas the ANN techniques
favored the out-of-the-money call option prices.
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In pricing and hedging financial derivatives, researchers have incorporated the classi-
cal Black–Scholes model [13] into ML to ensure robust and more accurate pricing techniques.
Klibanov et al. [14] used the method of quasi-reversibility and ML to predict option prices
in corporations with the Black–Scholes model. Fang and George [15] proposed valuation
techniques for improving the accuracy rate of Asian options by using the NN in connection
with Levy approximation. Hutchinson et al. in [16] further priced the American call options
defined on S&P 500 futures by comparing three ANN techniques with the Black–Scholes
pricing model. Their results proved the supremacy of all three ANNs to the classical Black–
Scholes model. Other comparative research studies on the ANN versus the Black–Scholes
model are also applicable in pricing the following: European-style call options (with divi-
dends) on the Financial Times Stock Exchange (FTSE) 100 index [17], American-style call
options on Nikkei 225 futures [8], Apple’s European call options [18], S&P 500 index call
options with an addition of neuro-fuzzy networks [19], and in the pricing call options
written on the Deutscher Aktienindex (DAX) German stock index [20]. Similar works on
pricing and hedging options using the ML techniques can be found in [21–25].

Other numerical techniques, such as the PDE-based and the DeepBSDE-based (BSDE—
-backward stochastic differential equations) methods, have also been employed in valuing
the barrier options. For instance, Le et al. in [26] solved the corresponding option pricing
PDE using the continuous Fourier sine transform and extended the concept of pricing
the rebate barrier options. Umeorah and Mashele [27] employed the Crank–Nicolson
finite difference method in solving the extended Black–Scholes PDE, describing the rebate
barrier options and pricing the contracts. The DeepBSDE concept initially proposed by
Han et al. in [28] converted high-dimensional PDE into BSDE, intending to reduce the
dimensionality constraint, and they redesigned the solution of the PDE problem as a deep-
learning problem. Further implementation of the BSDE-based using the numerical method
with deep-learning techniques in the valuation of the barrier options is found in [29,30].

Generally, the concept of ANN can be classified into three phases: the neurons, the lay-
ers and the whole architecture. The neuron, which is the fundamental core processing unit,
consists of three basic operations: summation of the weighted inputs, the addition of a bias
to the input sum, and the computation of the output value via an activation function. This
activation function is used after the weighted linear combination and implemented at the
end of each neuron to ensure the non-linearity effect. The layers consist of an input layer, a
(some) hidden layer(s) and an output layer. Several neurons define each layer, and stacking
up various layers constitutes the entire ANN architecture. As the data transmission signals
pass from the input layer to the output layer through the middle layers, the ANN serves as
a mapping function among the input–output pairs [2]. After training the ANN in options
pricing, computing the in-sample and out-of-sample options based on ANN becomes
straightforward and fast [31]. Itkin [31] highlighted this example by pricing and calibrating
the European call options using the Black–Scholes model.

This research is an intersection of machine learning, statistics and mathematical finance,
as it employs recent financial technology in predicting option prices. To the best of our
knowledge, this ML approach to pricing the rebate and zero-rebate barrier options has
received less attention. Therefore, we aim to fill the niche by introducing this option pricing
concept to exotic options. In the experimental section of this work, we simulate the barrier
options dataset using the analytical form of the extended Black–Scholes pricing model. This
is a major limitation of this research, and the choice was due to the non-availability of the
real data. (A similar synthetic dataset was equally used by [32], in which they constructed
the barrier option data based on the LIFFE standard European option price data by the
implementation of the Rubenstein and Reiner analytic model. These datasets were used in
the pricing of the up-and-out barrier call options via the use of a neural net model.) We
further show and explain how the fully connected feed-forward neural networks can be
applied in the fast and robust pricing of derivatives. We tuned different hyperparameters
and used the optimal in the modeling and training of the NN. The performance of the
optimal NN results is compared by benchmarking the results against other ML models,
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such as the random forest regression model and the polynomial regression model. Finally,
we show how the barrier options and their Greeks can be trained and valued accurately
under the extended Black–Scholes model. The major contributions of this research are
classified as follows:

• We propose a non-parametric technique of barrier option valuation and hedging using
the concept of a fully connected feed-forward NN.

• Using different evaluation metrics, we measure the performance of the NN algorithm
and propose the optimal NN architecture, which prices the barrier options effectively
in connection to some specified data-splitting techniques.

• We prove the accuracy and performance of the optimal NN model when compared to
those produced by other ML models, such as the random forest and the polynomial
regression, and extract the barrier option prices and their corresponding Greeks with
high accuracy using the optimal hyperparameter.

The format of this paper is presented as follows: In Section 1, we provide a brief
introduction to the topic and outline some of the related studies on the applications of ANN
in finance. Section 2 introduces the concept of the Black–Scholes pricing model, together
with the extended Black–Scholes pricing models for barrier options and their closed-form
Greeks. Section 3 focuses on the machine learning models, such as the ANN, as well
as its applications in finance, random forest regression and the polynomial regression
models. In Section 4, we discuss the relevant results obtained in the course of the numerical
experiments, and Section 5 concludes our research study with some recommendations.

2. Extended Black–Scholes Model for Barrier Options

The classical Black–Scholes model developed by Fischer Black and Myron Scholes is
an arbitrage-free mathematical pricing model used to estimate the dynamics of financial
derivative instruments. The model was initially designed to capture the price estimate of the
European-style options defined under the risk-neutral measure. As a mathematical model,
certain assumptions, such as the log-normality of underlying prices, constant volatility, fric-
tionless market, continuous trading without dividends applied to stocks, etc., are made for
the Black–Scholes model to hold [13]. Though the Black–Scholes model has been criticized
over the years due to some underlying assumptions, which are not applicable in the real-
world scenario, certain recent works are associated with the model [33–36]. Additionally,
Eskiizmirliler et al. [37] numerically solved the Black–Scholes equation for the European
call options using feed-forward neural networks. In their approach, they constructed a
function dependent on a neural network solution, which satisfied the given boundary
conditions of the Black–Scholes equation. Chen et al. [38] proposed a Laguerre neural
network to solve the generalized Black–Scholes PDE numerically. They experimented with
this technique on the European options and generalized option pricing models.

On the other hand, the valuation of exotic derivatives, such as the barrier options,
has been extensively studied by many authors, mainly by imploring a series of numerical
approximation techniques. Barrier options are typically priced using the Monte-Carlo
simulations since their payoffs depend on whether the underlying price has/has not
crossed the specified barrier level. The closed-form solutions can equally be obtained
analytically using the extended Black–Scholes models [39], which shall be implemented as
a benchmark of the exact price in this work. The structure of the model is described below.

2.1. Model Structure

Generally, the Black–Scholes option pricing formula models the dynamics of an
underlying asset price S as a continuous time diffusion process given below:

dS(t) = S(rdt + σdB(t)) , (1)

where r is the risk-free interest rate, σ, the volatility and B(t) is the standard Brownian
motion at the current time t. Suppose V(S, t) is the value of a given non-dividend paying

216



Axioms 2023, 12, 384

European call option. Then, under the pricing framework of Black and Scholes, V(S, t)
satisfies the following PDE:

∂V(S, t)
∂t

+ rS
∂V(S, t)

∂S
+

σ2S2

2
∂2V(S, t)

∂S2 − rV(S, t) = 0 , (2)

subject to the following boundary and terminal conditions:

V(0, t) = 0 , ∀ t ∈ [0, T] (3)

V(S, t) = S − Ke−r(T−t) for S → ∞ , (4)

V(S, T) = max{S(T)− K, 0} , (5)

where K is the strike price and T is the time to expiration.
Since the barrier options are the focus of this study, the domain of the PDE in

Equation (2) reduces to D = {(S, t) : B ≤ S ≤ ∞; t ∈ [0, T]} with the introduction
of a predetermined level known as barrier B, and that feature distinguishes them from
the vanilla European options. The boundary and terminal conditions above remain the
same, with the exception of Equation (3), which reduces to V(B, t) = 0 for zero-rebate
and V(B, t) = R for the rebate barrier option. (In this paper, we shall consider the rebate
paid at knock-out. The other type is the rebate paid at expiry, and in that case, Equa-
tion (3) becomes V(B, t) = Re−r(T−t) , ∀ t ∈ [0, T].) The barrier options are either activated
(knock-in options) or extinguished (knock-out options) once the underlying price attains
the barrier level. The direction of the knock-in or the knock-out also determines the type
of barrier options being considered, as this option is generally classified into up-and-in,
up-and-out, down-and-in, and down-and-out barrier options. This paper will consider the
down-and-out (DO) barrier options, both with and without rebates. For this option style,
the barrier level is normally positioned below the underlying, and when the underlying
moves in such a way that the barrier is triggered, the option becomes void and nullified
(zero rebate). However, when the barrier is triggered, and the option knocks out with a
specified payment compensation made to the option buyer by the seller, then we have
the rebate barrier options. Under the risk-neutral pricing measure Q, the price of the
down-and-out (DO) barrier options is given as

V(S, t) = E
Q
[

e−r(T−t)(ST − K)+I{ min
0≤t≤T

St > B}
]

, (6)

and the solution to the above is given in the following theorem.

Theorem 1. Extended Black–Scholes for a DO call option (note that Equations (7) and (8) occurs
when the strike price K ≥ B. For K < B, we substitute K = B into d1 and d3.) is given by [39]

V(S, t) = SN(d1)− Ke−rτ N(d2)−
[

S
(

B
S

)2η

N(d3)− Ke−rτ

(
B
S

)2η−2
N(d4)

]
(7)

for d1 =
log

(
S
K

)
+
(

r + σ2

2

)
τ

σ
√

τ
, d3 =

log
(

B2

SK

)
+
(

r + σ2

2

)
τ

σ
√

τ
, d5 =

log
(

B
S

)
+
(

r + σ2

2

)
τ

σ
√

τ
,

where τ = T − t, d2,4 = d1,3 − σ
√

τ, η = (2r + σ2)(2σ2)−1 and N(x) =
∫ x
−∞

1√
2π

e
−y2

2 dy
is the cumulative standard normal distribution function. In the presence of a rebate R, the option
value becomes

VR(S, t) = V(S, t) + R

[(
B
S

)2η−1
N(d5) +

(
S
B

)
N(d5 − 2ησ

√
τ)

]
(8)
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2.2. Option Greeks

These refer to the sensitivities of option prices with respect to different pricing pa-
rameters. The knowledge and the application of option Greeks can equip investors with
risk-minimization strategies, which will be applicable to their portfolios. Such knowledge
is as vital as hedging the portfolio risk using any other risk management tools. For options
that have an analytical form based on the Black–Scholes model or other closed-form models,
the Greeks or the sensitivities are normally estimated from these formulas. In the absence
of analytical option values, numerical techniques are employed to extract the Greeks. These
Greeks are adopted from [40], and we only consider the delta (ΔDO), gamma (ΓDO) and the
vega (νDO).

2.2.1. Delta

This measures the sensitivity of options values to changes in the underlying prices.
The delta for the DO call options behaves like the delta of the European call options when
the option is deep in-the-money, and it becomes very complicated as the underlying price
approaches the barrier level:

∂V(S, t)
∂S

= N(d1)−
(

B
S

)2η−2
{
− B2

S2 N(d3) +
2η − 2

S

(
B2

S
N(d4)− Ke−rτ N(d3)

)}
,

where d1, d3 and d4 are given in Theorem 1.

2.2.2. Gamma

This measures the sensitivity of delta to a change in the underlying price, or the second
partial derivative of the option value with respect to the underlying price:

∂2V(S, t)
∂S2 = =

φ(d1)

σS
√

τ
−
(

B
S

)2η−2{ (2η − 2)(8η − 7)
S

(
B2

S
N(d4)− Ke−rτ N(d3)

)

+
B2

S2

(
2N(d3) +

φ(d3)

σ
√

τ

)
+ 2(2η − 2)

(
B2

S2 N(d3)

)}
,

where d1, d3 and d4 are given in Theorem 1; also, φ(x) = 1√
2π

e
−x2

2 is the probability density
function of the standard normal distribution.

2.2.3. Vega

This measures the sensitivity of options values to changes to volatility. It is calculated
as

∂V(S, t)
∂σ

= S
√

τφ(d1)−
(

B
S

)2η−2
{
√

τKe−rτφ(d4)−
4r
σ3

(
B2

S
N(d4)− Ke−rτ N(d3)

)
ln

B
S

}
.

where d1, d3 and d4 are given in Theorem 1; also, φ(x) = 1√
2π

e
−x2

2 is the probability density
function of the standard normal distribution.

3. Machine Learning Models

Machine learning models, such as the ANN, polynomial regression model and random
forest regression models, form the methodology in this research. Here, we briefly describe
each of them and their financial application as they relate to the rebate barrier options
problem. The numerical experiments are performed on an 11th Gen Intel(R) Core(TM)
i7-1165G7 @ 2.80GHz processor, 16 GB RAM, 64-bit Windows 10 operating system and
x64-based processor.
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3.1. Artificial Neural Networks

This subsection utilizes the concept of ANN in the approximation of functions which
describe the financial model in perspective. It will highlight the whole network environ-
ment and the multi-layer perceptron (MLP) idea. In connection with the application of
ANN to option pricing, the concept lies first in the generation of the financial data (barrier
option pricing data) and then employing the ANN to predict the option prices according to
the trained model.

3.1.1. Network Environment

The research computations and the data processing are implemented using Python

(version 3.9.7), which is an open-source programming tool. The ANN employed in the
data analysis and construction of the model, as well as the training and validation, is
implemented with Keras ( https://keras.io/about/, accessed on 6 April 2023), which is a
deep learning application programming interface, running concurrently with the machine
learning platform Tensorflow (version 2.2.0).

3.1.2. Multi-Layer Perceptron

An MLP is a feed-forward ANN category comprising a minimum of three layers:
the input layer, the hidden layer and the output layer. The MLP with as little as one
hidden layer tends to approximate a large category of non-linear and linear functions with
arbitrary accuracy and precision. Except for input nodes, every other node consists of
neurons triggered by non-linear activation functions. During the training phase, an MLP
employs the supervised learning techniques, also known as backpropagation, and in this
section, we use the backpropagation network method, which is by far the most widespread
neural network type.

Mathematically, consider an MLP network’s configuration with first and second
hidden layers h(1)k and h(2)k , respectively, and input units xk, where k denotes the number of
the units. The non-linear activation function is written as f (.), and we denote f (1)(.), f (2)(.)
and f (3)(.) differently since the network layers can have various activation functions, such
as the sigmoid (Sigmoid is defined by f (z) = 1/(1 + exp (−z)), where z is the input to
the neuron), hyperbolic tangent (Tanh is defined by f (z) = 2sigmoid(z)− 1, where z is
the input to the neuron), rectified linear unit (ReLU) (ReLU is defined by f (z) = max[0, z],
where z is the input to the neuron), etc. The weights of the network are denoted by wjk,
the activation output value yj, and the bias bj, where j denotes the number of units in each
layer. Thus, we have the following representation:

h(1)j = f (1)
(

∑
k

w(1)
jk xk + b(1)j

)

h(2)j = f (2)
(

∑
k

w(2)
jk h(1)k + b(2)j

)

yj = f (3)
(

∑
k

w(3)
jk h(2)k + b(3)j

)
.

3.1.3. The Hyperparameter Search Space and Algorithm

This section further explains the hyperparameter optimization techniques, which aim
to search for the optimal algorithm needed for our optimization problem. It is essential
to note that the parameters of the NN are internal configuration variables that the models
can learn. Examples are the weights and the bias. In contrast, the hyperparameters
are external and cannot be learned from the data but are used to control the learning
process and the structure of the NN. These parameters are set before the training process,
and some examples include the activation function, batch size, epoch, learning rates,
etc. The choice of hyperparameters hugely affects the accuracy of the network. As a
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result, different optimal methods, such as manual search, Bayesian optimization, random
search and grid search, have been developed. We will employ the Keras tuner framework
( https://keras.io/keras_tuner/, accessed on 6 April 2023), which encompasses some
algorithms, such as the random search, hyperband and Bayesian optimization. For these
three search algorithms, we choose the validation loss as the objective with the maximum
search configuration of six trials. The following variables define the search space of our
NN architecture:

(1) Width and depth: The depth refers to the number of hidden layers, and the width is
the number of units in each hidden layer. Thus, the depth ranges from [1, 4] with a
step of 1, and the width ranges from [32, 512] with a step of 32.

(2) Activation function: These are non-linear activation functions in the NN, and we only
consider Sigmoid, ReLU and Tanh .

(3) Optimizer: This modifies the model parameters and is mostly used for weight adjust-
ments to minimize the loss function. We only consider Adam, SGD, Adagrad and
RMSprop.

(4) Learning and dropout rates: Learning rates control the speed at which the NN learns,
and we set it at [0.01, 0.001, 0.0001]. The dropout is a regularization technique
employed to improve the ability of NN to withstand overfitting. We set it at [0.1, 0.5]
with a step size of 0.1.

The activation functions are used in each layer, except the output layer. The network is
trained with 45 epochs, 256 batch sizes and an early stopping callback on the validation loss
with patience = 3. Since the option pricing model is a regression problem, our primary
objective is to keep the mean squared error (MSE) of the predicted prices to a minimum.
The essence of training a neural network entails minimizing the errors obtained during the
regression analysis, and this is done by selecting a set of weights in both the hidden and
the output nodes. Thus, to evaluate the performance of our ANN, we consider the MSE as
the loss function used by the network and the mean absolute error (MAE) as the network
metrics, which are given, respectively, as follows:

MSE =
1
N

N

∑
i=1

(Vi(S, t)− V̂i(S, t))2

MAE =
1
N

N

∑
i=1

|Vi(S, t)− V̂i(S, t)| ,

where N is the number of observations, Vi(S, t) is the exact option values and V̂i(S, t) is the
predicted option values. Finally, we alternate the activation functions, optimizers, batch
normalization and dropout rates to investigate the effect of the network training on the
option valuation and avoid overfitting the models.

3.1.4. Data Splitting Techniques for the ANN

Data splitting is a fundamental aspect of data science, especially for developing data-
based models. The dataset is divided into training and testing sets, and an additional
set known as the validation can also be created. The training set is used mainly for
training, and the model is expected to learn from this dataset while optimizing any of
its parameters. The testing set contains the data which are used to fit and measure the
model’s performance. The validation set is mainly used for model evaluation. If the
difference between the training set error and the validation set error is large, there is a case
of over-fitting, as the model has high variance. This paper considers supervised learning in
which the model is trained to predict the outputs of an unspecified target function. This
function is denoted by a finite training set F consisting of inputs and corresponding desired
outputs: F = {[−→a1 ,−→x1 ], [

−→a2 ,−→x2 ], · · · [−→an ,−→xn ]}, where n is the number of 2-tuples of input/
output samples.
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Train–Test Split

This paper considers the train–test split as 80:20 and a further 80:20 on the new train
data to account for a validation dataset. Thus, 80% of the whole dataset will account for the
training set and 20% for the test dataset. Additionally, 80% of the training set will be used
as the actual training dataset and the remaining 20% for validation. After training, the final
model should correctly predict the outputs and generalize the unseen data. Failure to
accomplish this leads to over-training, and these two crucial conflicting demands between
accuracy and complexity are known as the bias–variance trade-off [41,42]. A common
approach to balance this trade-off is to use the cross-validation technique.

K-Fold Cross Validation

The k-fold cv is a strategy for partitioning data with the intent of constructing a more
generalized model and estimating the model performance on unseen data. Denote the
validation (testing) set as Fte and the training set as Ftr. The algorithm (Algorithm 1) is
shown below.

Algorithm 1 Pseudocode for the k-fold cross validation
Input the dataset F , number of folds k and the error function (MSE)

1: Data split :
• Randomly split F into k independent subsets Fi,F2, · · · ,Fk of same size.
• For i = 1, 2, · · · , k: Fte ← Fi and Ftr ← F \ {Fi}.

2: Fitting and Training:
• Fit and train model on Ftr and evaluate model performance using Fte periodically:

Rte(i)=Error (Fte).
• Terminate model training when the Rte(i) stop criterion is satisfied.

3: Evaluation:
• Evaluate the model performance using Rte =

1
k ∑k

i=1 Rte(i).

3.1.5. Architecture of ANN

This research considers a fully connected MLP NN in the option valuation for this
research, which will consist of eight input nodes (in connection to the extended Black–
Scholes for the rebate option parameters). There will be one output node (option value); the
hidden layers and nodes will be tuned. There are two main models classified under the data-
splitting techniques: Model A (train–test split) and Model B (5-fold cross-validation split).
Each model is further subdivided into 3 according to the hyperparameter search algorithm.
Thus, Models A1, A2, and A3 represent the models from the data train–test split for
the hyperband algorithm, random search algorithm and Bayesian optimization algorithm,
respectively. Additionally, Models B1, B2, and B3 represent the models from the k-fold cross-
validation data split for the hyperband algorithm, random search algorithm and Bayesian
optimization algorithm, respectively. Finally, Tables 1 and 2 present the post-tuning search
details and the optimal model hyperparameters for the NN architecture, respectively.

Table 1. Trainable parameter search details.

Search
Details

Model A1 Model A2 Model A3 Model B1 Model B2 Model B3

Best MAE
score 0.07081 0.02794 0.01602 0.10141 0.03391 0.02911

Trainable
parame-

ters
254,305 218,145 113,345 138,945 80,961 4609

Total
search

time (secs)
620 714 642 642 491 754
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Table 1 compares the search time taken by each of the algorithms in tuning the hyper-
parameters. We observed that the hyperband algorithm is highly efficient regarding the
search time for the train–test split and the k-fold cross-validation models. The hyperband
algorithm search time is generally less when compared to the random search and the
Bayesian optimization algorithm. Furthermore, the Bayesian optimization provided the
lowest MAE score and required fewer trainable parameters than the hyperband and the
random search algorithm. This characteristic is equally observable for both models A and
B. From the tuning, we can see that the Bayesian optimization effectively optimizes the
hyperparameter when producing the lowest MAE, though it had the disadvantage of a
higher search time. In contrast to the Bayesian optimization, the hyperband algorithm
is optimal in terms of search time, despite having a higher MAE score. From the results
section, the final comparison of optimality will be made in terms of the deviation from the
actual values when all the models are used in the pricing process.

Table 2. Architecture of the ANN.

Hyperparameters Model A1 Model A2 Model A3 Model B1 Model B2 Model B3

Activation Fn Sigmoid Tanh Tanh ReLU Tanh ReLU
Optimizer Adam Rmsprop Adam Adagrad Rmsprop Adam

Learning rate 0.001 0.0001 0.0001 0.1 0.0001 0.0001
Hidden layers 4 3 4 4 2 3

Layer 1
(dropout) 512(0.2) 288(0.2) 32(0.1) 384(0.3) 480(0.2) 512(0.1)

Layer 2
(dropout) 192(0.2) 480(0.3) 32(0.1) 352(0.2) 160(0.3) 32(0.1)

Layer 3
(dropout) 224(0.4) 160(0.5) 512(0.2) 448(0.4) Nil 352(0.1)

Layer 4
(dropout) 480(0.5) Nil 224(0.2) 192(0.4) Nil Nil

3.2. Random Forest Regression

Random forest combines tree predictors in such a way that each tree in the ensemble
is contingent on the values of a randomly sampled vector selected from the training set.
This sampled vector is independent and has similar distribution with all the trees in the
forest [43]. The random forest regressor uses averaging to improve its predictive ability
and accuracy.

Let f (x; βn) be the collection of tree predictors where n = 1, 2, · · · , N denotes the
number of trees. Here, x is the observed input vector from the random vector X, and βn are
the independent and identically distributed random vectors. The random forest prediction
is given by

f̄ (x) =
1
N

f (x; βn) ,

where f̄ (x) is the unweighted average over the tree collection f (x). As the number of trees
increases, the tree structure converges. This convergence explains why the random forest
does not overfit, but instead, a limiting value of the generalization (or prediction) error is
produced [43,44]. Thus, we have that as n → ∞, the law of large numbers ensures that

EX,Y[Y − f̄ (X)]2 → EX,Y[Y −Eβ[ f̄ (X; β)]]2

Here, Y is the outcome. The training data are assumed to be drawn independently
from the joint distribution of (X, Y). In this research, we use the 80:20 train–test split
techniques to divide the whole dataset into a training set and a testing set. Using the
RandomForestRegressor() from the scikit-learn ML library, we initialize the regression
model, fit the model, and predict the target values.
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3.3. Polynomial Regression

Polynomial regression is a specific type of linear regression model which can predict
the relationship between the independent variable to the dependent variable as an nth
degree polynomial. In this research, we first create the polynomial features object using
the PolynomialFeatures() from the scikit-learn ML library and indicate the preferred
polynomial degree. We next use the 80:20 train–test split techniques to divide this new
polynomial feature into training and testing datasets, respectively. Next, we construct the
polynomial regression model, fit the model and predict the responses.

4. Results and Discussion

4.1. Data Structure and Description

For the ANN model input parameters, we generated 100000 sample data points and
then used Equation (8) to obtain the exact price for the rebate barrier call options. These
random observations will train, test and validate an ANN model to mimic the extended
Black–Scholes equation. We consider the train–test split and the cross-validation split on the
dataset and then measure these impacts on the loss function minimization and the option
values. The generated samples consist of eight variables, that is (S, K, B, R, T, σ, r, VR),
which are sampled uniformly, except the option price VR, and following the specifications
and logical ranges of each of the input variables (See Table 3). During the training process,
we fed the ANN the training samples with the following inputs (S, K, B, R, T, σ, r), where VR
is the expected output. In this phase, the ANN ‘learns’ the extended Black–Scholes model
from the generated dataset, and the testing phase follows suit, from which the required
results are predicted. Meanwhile, under the Black–Scholes framework, we assume that
the stock prices follow a geometric Brownian motion, and we used GBM(x = 150, r = 0.04,
σ = 0.5, T = 1, N = 100,000) for the random simulation. Table 3 below shows the extended
Black–Scholes parameters used to generate the data points, whereas Table 4 gives the
sample data generated. The range for the rebate, strike and barrier is from the uniform
random distribution, and they are multiplied by the simulated stock price to obtain the
final range.

Table 3. Extended Black–Scholes range of parameters—rebate barrier.

Strike Barrier Rebate Time Volatility Rate

[0.4, 1] [0.4, 1] [0.01, 0.05] [0.5, 1.5] [0.1, 0.5] [0.01, 0.05]

Table 4. Sample training data for rebate barrier option pricing model.

Stock Barrier Strike Rebate Rate Volatility Time Call Option

98.25745 51.92557 46.33445 0.01835 0.04355 0.22836 1.42274 54.61598
149.79728 96.91339 105.83799 0.04255 0.02863 0.27321 0.85166 47.22227
55.90715 38.39396 35.25565 0.01241 0.01989 0.34164 0.95034 20.32389
63.29343 41.03505 31.03422 0.04143 0.03072 0.21341 0.95572 32.80836

126.83153 116.65153 124.11145 0.02695 0.01888 0.45170 0.74936 9.60775
97.18410 75.27999 92.85564 0.01626 0.02186 0.39194 1.04861 15.67665

112.31872 112.30254 53.26221 0.01876 0.03539 0.43021 1.05975 0.04930

Statistics and Exploratory Data Analysis

In this section, we aim to summarize the core characteristics of our option dataset by
analyzing and visualizing them. The descriptive statistics which summarize the distribution
shape, dispersion and central tendency of the dataset are presented in Table 5. The following
outputs were obtained: the number of observations or elements, mean, standard deviation,
minimum, maximum and quartiles (25%, 50%, 75%) of the dataset. We observed that the
distribution of the simulated stock is left skewed since the mean is lesser than the median,
whereas the distributions of the option values, strike price and barrier levels are right
skewed.
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Table 5. Descriptive statistics for the rebate barrier.

Count Mean Std Min 25% 50% 75% Max

Stock 100,000.0 100.914912 25.412662 49.601351 89.084095 100.055323 110.997594 171.710128
Strike 100,000.0 70.644521 25.269816 20.236066 51.255058 68.083559 86.709133 170.197316
Rebate 100,000.0 0.029946 0.011529 0.010000 0.019957 0.029952 0.039881 0.049999
Barrier 100,000.0 70.574580 25.264409 20.380974 51.162052 67.929254 86.572706 169.477720
Time 100,000.0 1.000314 0.288309 0.500003 0.751330 0.999858 1.250020 1.499976

Sigma 100,000.0 0.299688 0.115622 0.100001 0.199680 0.299840 0.400159 0.499991
Rate 100,000.0 0.030006 0.011557 0.010001 0.019994 0.029978 0.040008 0.050000

OptionV 100,000.0 27.183098 17.482423 0.025235 13.547223 24.047318 38.324748 103.946198

In Figure 1, we consider the visualization using the seaborn library in connection
with the pairplot function to plot a symmetric combination of two main figures, that is,
the scatter plot and the kernel density estimate (KDE). The KDE plot is a non-parametric
technique mainly used to visualize the nature of the probability density function of a
continuous variable. In our case, we limit these KDE plots to the diagonals. We focus
on the relationship between the stock, strike, rebate and the barrier with the extended
Black–Scholes price (OptionV) for the rebate barrier options. From the data distribution
for the feature columns, we notice that the sigma, time and rate columns could be ignored.
This is because the density distribution shows that these features are basically uniform,
and the absence of any variation makes it very unlikely to improve the model performance.
Suppose we consider this problem as a classification problem; then, no split on these
columns will increase the entropy of the model.

On the contrary, however, if this was a generative model, then there would be no prior
to updating given a uniform posterior distribution. Additionally, the model will learn a
variate of these parameters since, by definition of the exact option price (referred to as
OptionV) function, these are the parameters which can take on constant values. Another
method to consider would be to take these parameters ‘sine’ functions as inputs to the
model instead of the actual values. We observed from our analysis that this concept works,
but there is not a significant improvement in model performance, which can be investigated
in further research.

4.2. Neural Network Training

The first category (train dataset) is employed to fit the ANN model by estimating the
weights and the corresponding biases. The model at this stage tends to observe and ‘learn’
from the dataset to optimize the parameters. In contrast, the other (test dataset) is not used
for training but for evaluating the model. This dataset category explains how effective
and efficient the overall ANN model is and the prediction probability of the model. Next
and prior to the model training, we perform data standardization techniques to improve
the performance of the proposed NN algorithm. The StandardScalar function of the
Sklearn python library was used to standardize the distribution of values by ensuring
that the distribution has a unit variance and a zero mean. During the compilation stage,
we plot the loss (MSE) and the evaluation metrics (accuracy) values for both the train and
validation datasets. We equally observe that the error difference between the training and
the validation dataset is not large, and as such, there is no case of over- or under-fitting of
the ANN models. Once the ‘learning’ phase of the model is finished, the prediction phase
will set in. The performance of the ANN model is measured and analyzed in terms of the
MSE and the MAE. Table 6 gives the evaluation metrics for both the out-sample prediction
(testing dataset) and the in-sample prediction (training dataset).
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Figure 1. Visualization plot.

Table 6. Model evaluation for testing and training data (shows no over- or underfitting).

Models Test Train
Loss (MSE) Metrics (MAE) Loss (MSE) Metrics (MAE)

Model A1 0.0214 0.0574 0.0249 0.0557
Model A2 0.0349 0.0987 0.0299 0.0929
Model A3 0.0446 0.1058 0.0423 0.1027
Model B1 0.0229 0.0601 0.0202 0.0584
Model B2 0.0425 0.0883 0.0394 0.0872
Model B3 0.0457 0.0782 0.0411 0.0762

Table 6 shows the model evaluation comparison for the train/test loss and accuracy.
It is observed that the test loss is greater than the training loss, and the test accuracy is
greater than the training accuracy for all the models. The differences in error sizes are not
significant, and thus the chances of having an overfitting model are limited. Figures 2–5
show the training and validation (test) of the loss and MAE values for all the models when
the models are fitted and trained on epoch = 45, batch size = 256, and verbose = 1. We
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visualize these graphs to ascertain whether there was any case of overfitting, underfitting
or a perfect fitting of the model. In underfitting, the NN model fails to model the training
data and learn the problem perfectly and sufficiently, leading to slightly poor performance
on the training dataset and the holdout sample. Overfitting occurs mainly in complex
models with diverse parameters, which happens when the model aims to capture all data
points present in a specified dataset. In all the cases, we observe that the models show
a good fit, as the training and validation loss are decreased to a stability point with an
infinitesimal gap between the final loss values. However, the loss values for Model B3
followed by Model B2 are highly optimal in providing the best fit for the algorithm.

(a) (b) (c)

Figure 2. Train/test MAE values for Models A1, A2 and A3; (a) MAE—Model A1; (b) MAE—
Model A2; (c) MAE—Model A3.

(a) (b) (c)

Figure 3. Train/Test MAE values for Models B1, B2 and B3; (a) MAE—Model B1; (b) MAE—Model B2;
(c) MAE—Model B3.

(a) (b) (c)

Figure 4. Train/Test LOSS values for Models A1, A2 and A3; (a) LOSS—Model A1; (b) LOSS—
Model A2; (c) MAE—Model A3.

(a) (b) (c)

Figure 5. Train/Test LOSS values for Models B1, B2 and B3; (a) LOSS—Model B1; (b) LOSS—
Model B2; (c) LOSS—Model B3.
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Next, we display the plots obtained after compiling and fitting the models. The pre-
diction is performed on the unseen data or the test data using the trained models. Figures 6
and 7 give the plot of the predicted values against the actual values, the density plot of the
error values and the box plot of the error values for all six models.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6. Option values visualization for Models A1, A2, A3; (a) Model A1: Regression plot;
(b) Model A1: Histogram plot; (c) Model A1: Box plot; (d) Model A2: Regression plot; (e) Model A2:
Histogram plot; (f) Model A2: Box plot; (g) Model A3: Regression plot; (h) Model A3: Histogram plot;
(i) Model A3: Box plot.

The box plot enables visualization of the skewness and how dispersed the solution
is. Model A2 behaved poorly, as this can be observed with the wide range of dispersion
of the solution points, and the model did not fit properly. For a perfect fit, the data points
are expected to concentrate along the 45 deg red line, where the predicted values are equal
to the actual values. This explanation is applicable to Models A2 and A3, as there was no
perfect alignment in the regression plots. We could retrain the neural network to improve
this performance since each training can have different initial weights and biases. Further
improvements can be made by increasing the number of hidden units or layers or using
a larger training dataset. For the purpose of this research, we already performed the
hyperparameter tuning, which solves most of the above suggestions. To this end, we focus
on Model B, another training algorithm.

Models B3 and B1 provide a good fit when their performance is compared to the other
models, though there are still some deviations around the regression line. The deviation
of these solution data points is also fewer than in the other models. It is quite interesting
to note that the solution data points of Models B1 and B3 are skewed to the left, as can be
seen in the box plots. This could be a reason for their high performance compared to other
models, such as A1, A2, and A3, which are positively skewed. However, this behavior
would be worth investigating in our future work.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7. Option values visualization for Models B1, B2, B3; (a) Model B1: Regression plot; (b) Model
B1: Histogram plot; (c) Model B1: Box plot; (d) Model B2: Regression plot; (e) Model B2: His-
togram plot; (f) Model B2: Box plot; (g) Model B3: Regression plot; (h) Model B3: Histogram plot;
(i) Model B3: Box plot.

Table 7 shows the error values in terms of the MSE, MAE, mean squared logarithmic
error (MSLE), mean absolute percentage error (MAPE) and the R2 (coefficient of determina-
tion) regression score. It also shows the models’ comparison in terms of their computation
speed, and it must be noted that the computation is measured in seconds. Mathematically,
the MSLE and MAPE are given as

MSLE =
1
N

N

∑
i=1

[loge(1 + Vi(S, t))− loge(1 + V̂i(S, t))]2 ,

MAPE =
100%

N

N

∑
i=1

∣∣∣∣Vi(S, t)− V̂i(S, t)
Vi(S, t)

∣∣∣∣ ,

where N is the number of observations, Vi(S, t) is the exact option values and V̂i(S, t)
is the predicted option values. For the MAPE, all the values lower than the threshold
of 20% are considered ‘good’ in terms of their forecasting capacity [45]. Thus, all the
models have good forecasting scores, with Model A1 possessing a highly accurate forecast
ability. Similarly, the values for the MSLE measure the percentile difference between the
log-transformed predicted and actual values. The lower, the better, and we can observe
that all the models gave relatively low MSLE values, with Models A1 and B1 giving the
lowest MSLE values.Please check that intended meaning is retained.

From Table 7, the R2 measures the capacity of the model to predict an outcome in the
linear regression format. Models B1 and B3 gave the highest positive values compared to
the other models, and these high R2-values indicate that these models are a good fit for our
options data. It is also noted that for well-performing models, the greater the R2, the smaller
the MSE values. Model B3 gave the smallest MSE, with the highest R2, compared to the
least performed model A2, which had the largest MSE and the smallest R2 score. The MAE
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measures the average distance between the predicted and the actual data, and the lower
values of the MAE indicate higher accuracy.

Table 7. Error values and computation time for various NN models.

Models Error Values Comp Time (secs)
R2-Score MAE MSLE MSE MAPE

Model A1 0.989839 1.128247 0.006056 3.143079 0.076672 93.22
Model A2 0.969974 2.080077 0.013861 9.175201 0.129603 76.93
Model A3 0.977491 1.991815 0.019283 6.840152 0.143385 60.21
Model B1 0.994019 0.990397 0.006361 1.821165 0.080418 51.48
Model B2 0.987908 1.328247 0.015289 3.681967 0.125486 51.85
Model B3 0.994371 0.932689 0.014919 1.714182 0.125429 31.17

Finally, we display the speed of the NN algorithm models in terms of their com-
putation times, as shown in Table 7. The computation time taken by the computer to
execute the algorithm encompasses the data splitting stage, standardization of set variables,
ANN model compilation and training, fitting, evaluation and the prediction of the results.
As noted in Models A1 and A2, the use of Sigmoid and Tanh activation functions accounted
for higher computation time, and this is due to the presence of exponential functions, which
need to be computed. Model A1 was the least performed in terms of the computation time,
and Model B3 was the best, accounting for a 66.56% decrease in time. We observe that the
computation time is reduced when the k-fold cross-validation split is implemented prior
to the ANN model training, as compared to the traditional train–test split. This feature is
evident as a further 41.62% decrease was observed when the average computation time for
Model B was used against Model A.

The overall comparison of the tuned models is presented in Figure 8. Here, we rank
the performance of each MLP model with regards to ST:TP, algorithm computation time,
and finally, the errors spanning from the R2 score, MAE and the MSE. The ST:TP ratio
denotes the search time per one trainable parameter. The ranking is ascending, with 1 being
the maximum preference and 6 being the least preference. From the results and regardless
of the number of search times per one trainable parameter, we observe that Model B3 is
optimal, followed by Model B1, and the lowest performing is Model A2. Hence, we can
conclude that models which consist of the k-fold data split performed significantly well in
the valuation of the rebate barrier options using the extended Black–Scholes framework.

Figure 8. Ranking of models for optimality.
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4.3. Analysis of Result Performance

One avenue to show the accuracy of our proposed model is to test the architecture
on a non-simulated dataset for the rebate barrier options. At present, we are not able to
obtain such real market data due to non-accessibility, and this is one of the limitations of the
research. However, we compare the NN results with other machine learning models, such
as the polynomial regression and the random forest regression on the same dataset. Both
techniques are capable of capturing non-linear relationships that exist amongst variables.

Polynomial regression provides flexibility when modeling the non-linearity. Im-
proved accuracy can be obtained when the higher-order polynomial terms are incorporated,
and this feature makes it easier to capture the non-complex patterns in the dataset. It is
also very fast when compared to both our proposed NN methodology and the random
forest regression (Table 8). In this work, we only present the results obtained using the
2nd-, 3rd- and 4th-degree polynomial regressions. We observed that in terms of accuracy,
polynomials of higher degrees gave rise to more accurate results and a significant reduction
in their error components.

However, one of the issues facing the polynomial regression is model complexity;
when the polynomial degree is high, the chances of model overfitting will be significantly
high. Thus, we are faced with the trade-off between accuracy and over-fitting of the model.
Regression random forest, on the other hand, combines multiple random decision trees,
with each tree trained on a subset of data. We build random forest regression models using
10, 30, 50, and 70 decision trees, then we fit the model to the barrier options dataset, predict
the target values, and then compute the error components. Finally, we compare these two
models to the optimal model obtained with the NN results (Model B3), and we have the
following table.

Table 8. Error values and computation time for Model B3, polynomial regression and random
forest regression.

Models Error values Time (secs)
R2-Score MAE MSLE MSE MAPE

Random Forest Regr.
Decision trees (10) 0.990380 1.182121 0.016714 2.938727 0.145200 6.02
Decision trees (30 0.992352 1.056031 0.013461 2.293958 0.118368 15.56
Decision trees (50) 0.992449 1.037465 0.015827 2.299464 0.117032 26.34
Decision trees (70) 0.992825 1.022187 0.014146 2.211590 0.127853 36.02
Polynomial Regr.
Polynomial order (2) 0.967764 2.156955 N/A 9.843225 0.327491 1.05
Polynomial order (3) 0.987900 1.269433 N/A 3.666175 0.206076 2.25
Polynomial order (4) 1 0.996147 0.689323 N/A 1.177380 0.114092 3.75
Neural Network
Model B3 0.994371 0.932689 0.014919 1.714182 0.125429 31.17

1 We consider polynomials of order ≥ 4 to be higher-order, and this is because of the increase in their complexity.
The accuracy of the 4th-order polynomial regression is actually higher than our proposed model, but the former
has the issue of overfitting the data, which comes with a higher degree of polynomial regression. Additionally,
the N/A in the MSLE cells is due to some negative values in the prediction set, which makes the logarithm of the
values N/A.

Increasing the number of decision trees leads to more accurate results, and Oshiro et al.
(2012) explained that the range of trees should be between 64 and 128. This feature will
make it feasible to obtain a good balance between the computer’s processing time, memory
usage and the AUC (area under curve) [46]; we observed this feature in our research.
The model was tested on 80, 100, 120, 140, 160, 180, and 200 decision trees, and we obtained
the following coefficient of determination R2 regression score (computation time): 0.9924
(34 secs), 0.9928 (52 secs), 0.9929 (62 secs), 0.9925 (75 secs), 0.9929 (83 secs), 0.9929 (89 secs)
and 0.9926 (102 secs), respectively. We obtained the optimal decision tree to be between 110
and 120 with an R2 score of 0.9929, and any other value below 110 will give rise to a less
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accurate result. Any value above 120 will not lead to any significant performance gain but
will only lead to more computational cost.

Table 8 compares the performance of our optimal NN model to the random forest and
the polynomial regressions. The performance is measured based on the error values and
the computational time. The NN model performed better than the random forest regression
regardless of the number of decision trees used, and this was obvious from the results
presented in Table 8 above. On the other hand, polynomial regression of the 2nd and 3rd
orders underperformed when compared to the NN model, but maximum accuracy was
obtained when higher order (≥ 4) was used. This higher order posed a lot of complexity
issues, which our optimal NN model does not face. Hence, more theoretical understanding
is needed to further explain the phenomenon, and this current research does not account
for it.

4.4. Option Prices and Corresponding Greeks

To compute the zero-rebate DO option prices and their corresponding Greeks, we
simulate another set of data (1,000,000) in accordance with the extended Black–Scholes
model, and the Table 9 below gives a subset of the full dataset after cleansing.

Table 9. Data subset of option values and Greeks.

S B K R r σ T V(t, S) ΔDO ΓDO νDO

190.14286 80.0 100.0 0.0 0.05 0.25 1.0 95.04795 0.99811 0.00013 1.14425
83.61440 80.0 100.0 0.0 0.05 0.25 1.0 2.08913 0.48534 −0.00174 7.12088
108.12702 80.0 100.0 0.0 0.05 0.25 1.0 17.72886 0.74465 0.01029 30.44055
146.39879 80.0 100.0 0.0 0.05 0.25 1.0 51.77793 0.96780 0.00194 10.39359
121.23493 80.0 100.0 0.0 0.05 0.25 1.0 28.42419 0.86428 0.00678 24.95840

For the NN application, we used the hyperparameters of Model B3 to construct
the NN architecture and train and predict the option values and their corresponding
Greeks. The risks associated with the barrier options are complicated to manage and hedge
due to their path-dependent exotic nature, which is more pronounced as the underlying
approaches to the barrier level. For the Greeks considered here, we focus on predicting
the delta, gamma and vega using the optimal NN model, and the following results were
obtained.

Figure 9 shows the plot of the predicted and actual values of the DO option prices,
together with the delta, gamma and vega values. For the option value, the DO call behaves
like the European call when the option is far deep in-the-money, and this is because the
impact of the barrier is not felt at that phase. The option value decreases and tends to zero
as the underlying price approaches the barrier since the probability of the option being
knocked out is very high. The in-the-money feature is equally reflected in the delta and
gamma as they remain unchanged when the barrier is far away from the underlying. Here,
the delta is one, and the gamma is zero.

Gammas for this option style are typically large when the underlying price is in the
neighborhood of the strike price or even near the barrier, and it is the lowest for out-of-
money options or knocked-out options. From Figure 9c, gamma tends to switch from
positive to negative without switching from long to short options. The values of gammas
are usually bigger than the gamma for the standard call option. These extra features pose a
great challenge to risk managers during the rebalancing of portfolios. Lastly, vega measures
the sensitivity of the option value with respect to the underlying volatility. It measures the
change in option value based on a 1% change in implied volatility. Vega declines as the
options approach the knock-out phase; it falls when the option is out-of-money and deep
in-the-money, and it is maximum when the underlying is around the strike price. Overall,
Figure 9a–d display how accurately Model B3 predicts the option values and their Greeks,
as little or no discrepancies are observed in each dual plot.
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(a) (b)

(c) (d)

Figure 9. Option values and Greeks; (a) DO option value; (b) DO delta; (c) DO gamma; (d) DO vega.

5. Conclusions and Recommendations

This research suggested a more efficient and effective means of pricing the barrier
call options, both with and without a rebate, by implementing the ANN techniques on
the closed-form solution of these option styles. Barrier options belong to exotic financial
options whose analytical solutions are based on the extended Black–Scholes pricing models.
Analytical solutions are known to possess assumptions which are not often valid in the
real world, and these limitations make them ideally imperfect in the effective valuation of
financial derivatives. Hence, through the findings of this research, we were able to show
that neural networks can be employed efficiently in the computation and the prediction
of unbiased prices for both the rebate and non-rebate barrier options. This study showed
that it is possible to utilize an efficient approximation method via the concept of ANN
in estimating exotic option prices, which are more complex and often require expensive
computational time. This research has provided an in-depth concept into the practicability
of the deep learning technique in derivative pricing. This was made viable through some
statistical and exploratory data analysis and analysis of the model training provided.

From the research, we conducted some benchmarking experiments on the NN hy-
perparameter tuning using the Keras interface and used different evaluation metrics to
measure the performance of the NN algorithm. We finally estimated the optimal NN archi-
tecture, which prices the barrier options effectively in connection to some data-splitting
techniques. We compared six models in terms of their data split and their hyperparame-
ter search algorithm. The optimal NN model was constructed using the cross-validation
data-split and the Bayesian optimization search algorithm, and this combination was more
efficient than the other models proposed in this research. Next, we compared the results
from the optimal NN model to those produced by other ML models, such as the random
forest and the polynomial regression; the output highlights the accuracy and the efficiency
of our proposed methodology in this option pricing problem.

Finally, hedging and risk management of barrier options are complicated due to their
exotic nature, especially as the underlying is near the barrier. Our research extracted the
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barrier option prices and their corresponding Greeks with high accuracy using the optimal
hyperparameter. The predicted and accurate results showed little or no difference, which
explains our proposed model’s effectiveness. For future research direction, more theoretical
underpinning seems to be lacking in connection to the evaluation/error analysis for all the
proposed models used in this research. Another limitation of this work is the use of a fully
simulated dataset; it will suffice to implement these techniques on a real dataset to estimate
the effectiveness. The third limitation of this research lies in the convergence analysis
of the proposed NN scheme, and future research will address this issue. In addition,
more research can be conducted to value these exotic barrier options from the partial
differential perspective, that is, solving the corresponding PDE from this model using the
ANN techniques and extending the pricing methodology to other exotic options, such as
the Asian or the Bermudian options.
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Abstract: Ski goggles help protect the eyes and enhance eyesight. The most important part of ski
goggles is their lenses. The quality of the lenses has leaped with technological advances, but there are
still defects on their surface during manufacturing. This study develops a deep learning-based defect
detection system for ski goggles lenses. The first step is to design the image acquisition model that
combines cameras and light sources. This step aims to capture clear and high-resolution images on
the entire surface of the lenses. Next, defect categories are identified, including scratches, watermarks,
spotlight, stains, dust-line, and dust-spot. They are labeled to create the ski goggles lenses defect
dataset. Finally, the defects are automatically detected by fine-tuning the mobile-friendly object
detection model. The mentioned defect detection model is the MobileNetV3 backbone used in a
feature pyramid network (FPN) along with the Faster-RCNN detector. The fine-tuning includes:
replacing the default ResNet50 backbone with a combination of MobileNetV3 and FPN; adjusting
the hyper-parameter of the region proposal network (RPN) to suit the tiny defects; and reducing
the number of the output channel in FPN to increase computational performance. Our experiments
demonstrate the effectiveness of defect detection; additionally, the inference speed is fast. The
defect detection accuracy achieves a mean average precision (mAP) of 55%. The work automatically
integrates all steps, from capturing images to defect detection. Furthermore, the lens defect dataset is
publicly available to the research community on GitHub. The repository address can be found in the
Data Availability Statement section.

Keywords: ski goggles lenses; surface defect; automatic optical inspection; Faster-RCNN; fine-tune;
MobileNetV3; FPN; RPN

MSC: 68T07, 68T20, 68T45

1. Introduction

Winter sports such as skiing, snowboarding, and snowshoeing offer great enjoyment,
and ski goggles are the necessary equipment to perform better in these activities. There
are many advantages that can help protect the eyes from harmful ultraviolet rays, provide
both facial and ocular safety protection, and offer color and contrast enhancement. Figure 1
shows some samples of ski goggles.

 

Figure 1. Some lens samples of ski goggles in different sizes, curvatures, and colors.
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The most critical component of ski goggles is the lenses, which offer an unrivaled
visual experience. In the manufacturing process of ski goggles, there are unavoidable
defects [1,2] on the surface of the lenses. Therefore, lens manufacturers should implement
a visual defect inspection system [3,4] to enhance product quality.

There are some challenging issues in the defect inspection for the lenses of ski goggles.
Firstly, the lens surfaces are curved and vary in size, making it difficult to design an
image acquisition system that captures their entire surface. As depicted in Figure 2, the
usual lens samples exhibit distinct curvatures and sizes. Secondly, the lenses are coated
with various tints, presenting a challenge in customizing the light source due to multiple
reflections. Thirdly, some surface defects are extremely small, which are inconspicuous
and subtle. Thus, the detection of such minor defects is particularly difficult and requires
higher precision.

 
Figure 2. Some standard sizes of ski goggles lenses. The width ranges from 92 to 205 mm, and the
height ranges from 60 to 126 mm.

Artificial intelligence (AI) technology can help organizations gain an edge over their
competitors [5]. AI has proven especially beneficial for improving product quality and
lowering costs. For manufacturers, AI promises benefits at every level of the value chain.
The AI-based system can detect defects faster and more accurately than the human eye. A
typical industrial visual inspection system based on deep learning incorporates several
fundamental components to facilitate accurate and efficient product quality assessment.
These components, critical to the system’s operation, include:

• Image Acquisition Devices: High-resolution cameras [6,7], often fitted with special-
ized lenses, capture images of inspected items. These devices may employ various
imaging technologies, such as monochrome, color, or infrared, contingent on the
application’s demands.

• Lighting: Customized illumination sources [8], including LED lights [9] or lasers, are
employed to enhance the contrast and visibility of features under inspection. The
choice and configuration of lighting are instrumental in achieving optimal image
quality for precise defect detection.

• Deep Learning Algorithms: Deep learning-based defect detection typically requires
training object detection models or alternative specialized architectures on the exten-
sively labeled datasets of defect images. Object detection methodologies have been
extensively applied in the detection of defects on the surfaces of industrial products,
such as steel, plastic, wood, and silk [10–12]. The task of object detection in computer
vision encompasses two primary functions: localization [13] and classification [14].
In traditional computer vision, classifiers [15] such as SVM, KNN, and K-means clus-

236



Axioms 2023, 12, 386

tering have played a vital role in categorizing classes. Meanwhile, object localization
mainly employs fast template-matching-based algorithms [16].

In recent years, significant progress has been made in neural networks, machine learn-
ing, and deep learning. Classifiers such as ResNet [17], VGG [18], EfficientNet [19], and Vi-
sion Transformer [20] have achieved state-of-the-art results for classification tasks. Concur-
rently, object localization has been applied to anchor-based and anchor-free methods [21].
The anchor-based approach, known as the two-stage object detector, includes the Faster
R-CNN [22] family. The anchor-free technique, referred to as the one-stage object detectors,
comprises models such as YOLO [23] and FCOS [24].

The remarkable success in this field stems from the seamless integration of localization
and classification tasks in deep learning. To gain a deeper insight, it is crucial to understand
the Faster R-CNN architecture’s automatic pipeline. The Faster R-CNN model systemat-
ically combines customizable neural sub-network blocks, including the backbone block,
region proposal network [25], and ROI-head block.

Figure 3 illustrates the fundamental components of an optical initialization system,
which include a light source, camera, and hardware to execute image processing algorithms.

 
Figure 3. Some main components in the optical inspection system.

In light of the aforementioned challenges and emerging trends, this paper aims to
develop an automatic defect detection system for ski goggles lenses, utilizing deep learning
techniques. To accomplish this objective, the following steps are undertaken:

(1) Design of an image acquisition model that integrates cameras and light sources to
effectively capture the entire surface of ski goggles lenses.

(2) Identification of lens defect categories and construction of a comprehensive ski goggles
lens defect dataset.

(3) Fine-tuning of the integrated object detection model that combines Faster R-CNN,
FPN, and MobileNetV3 by implementing the following modifications: replacement
of the default ResNet50 backbone with a combination of MobileNetV3 and feature
pyramid network (FPN) to optimize computational efficiency and performance; ad-
justment of the region proposal network (RPN) hyperparameters to accommodate the
detection of minuscule defects; and a reduction of the output channel count in the
FPN to enhance computational performance without sacrificing accuracy.

By executing these steps, the paper presents a novel deep learning-based approach for
detecting defects on ski goggles lenses, demonstrating potential applicability to various
manufacturing quality control scenarios.

The structure of the paper is organized as follows. Section 1 provides an introduction
to the study. Section 2 introduces the image acquisition technique, data labeling for
defects, and the defect detection method. Sections 3 and 4 present the research results
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and subsequent discussions, respectively. Finally, Section 5 offers concluding remarks and
summarizes the paper’s findings.

2. Materials and Methods

The deep learning-based defect detection system for ski goggles lenses presented in
this study is depicted in Figure 4. The system comprises two modules: the image acquisition
module and the defect detection module. The former is responsible for capturing images
of ski goggles lenses, extracting regions of interest, and labeling data. The latter trains the
customized model using input data and detects defects during inference.

 
Figure 4. The flowchart of the proposed method. There are two modules for processing images.
The first one is the image acquisition to capture the raw image, extract regions of interest, and data
labeling. The second module is defect detection, which involves training data and inferencing defects.
This module combines Faster R-CNN, MobileNetV3, and FPN to create the customized end-to-end
model. It is compatible with data of the ski goggles lenses.

Image Acquisition Module: This module is responsible for obtaining high-quality
images of ski goggles lenses. An optimized image acquisition setup, which combines
cameras and light sources, is employed to ensure the entire surface of the lenses is captured
with minimal glare and distortion. The regions of interest are extracted from the captured
images, and the data are meticulously labeled to identify and categorize defects present in
the lenses.

Defect Detection Module: A customized object detection model, based on the Faster
R-CNN architecture, is designed and integrated into this module. The model involves
replacing the backbone of Faster R-CNN with MobileNetV3 and integrating FPN for
efficient feature extraction and multi-scale representation. The customized model is trained
using the labeled input data and subsequently employed for detecting defects during the
inference phase.
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2.1. Image Acquisition Module

This module aims to collect accurate and high-quality images from the surface of the
ski goggles lenses. It also prepares the well-formatted data for the next module.

2.1.1. Capture Image

The first part of the module is image capture, which consists of cameras, light sources,
and ski goggles lens samples. To design the image capture system for the ski goggles,
lenses need to overcome some challenges mentioned in Section 1. The surface of the lens is
broad, and one camera cannot cover the whole of the lens surface. Therefore, we designed
the image acquisition system using five cameras. Each camera will focus on each region
marked on the lens, as in Figure 5.

 

Figure 5. The ski goggles’ lens sample. It is wide and curved; thus, we mark its surface to be easily
controlled by cameras.

Furthermore, the surface is also curved, so we designed the custom light source as in
Figure 6. The curvature of the light source is similar to the curvature of the lens, which
helps to reflect uniform rays over the lens surface. The custom light source has five pieces
of flat LED lights connected by an angle of 125 degrees. Figure 7 describes the detailed
design diagram of the image acquisition system. The ray of each flat LED piece transits
through the lens to the cameras opposite, respectively. Figure 8 depicts the actual pieces of
equipment when deployed.

 

Figure 6. The most that a custom light source meets the curvature of the ski goggles lens. Five dot
matrix LED modules are connected by an angle of 125◦.
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Figure 7. Design diagram of the image acquisition system. Five cameras are placed at the top. The
custom light source (yellow) is placed at the bottom. The ski goggles’ lens sample (red) is positioned
in the middle and held on two sides.

 

Figure 8. The actual model of image acquisition. The bottom is a custom light source that shines
through the ski goggles lens surface to the cameras. The computer controls the five cameras
through the acquisition card. The developed program will access the card’s interface to capture
images simultaneously.
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The parameters of a camera, such as resolution, sensor, pixel size, and frame rate, are
significantly influential in designing the distance from the camera lens to the inspected
object. Table 1 lists the parameters of the image acquisition system.

Table 1. The equipment description of the image acquisition system.

Equipment Producer Specification

Camera Basler Model acA4112-30uc, sensor Sony IMX352, resolution
12 mp, pixel size 3.45 × 3.45 μm, frame rate 30 fps.

Acquisition Card Basler USB 3.0 Interface Card PCIe, Fresco FL1100, 4HC, x4, 4Ports.
Data transfer with rates of up to 380 MB/s per port.

Vision Lens Tokina Model TC3520-12MP, image format 4/3 inch, mount C, focal
length 35 mm, aperture range F2.0-22.

Light Source Custom The custom-designed light source comprises five-dot matrix
LED modules that are connected by an angle of 125◦.

Computer Asus
Windows 10 Pro; hardware based on: mainboard Asus

Z590-A, CPU Intel I7-11700K, RAM 16G, VGA gigabyte RTX
3080Ti 12 GB.

For ease of visualization, Figure 9 shows the input and output of the system. Inputs are
lens samples. The system captures its surface and outputs images of the lens surface. We
also developed a Python program to simultaneously control five cameras and automatically
crop the areas of interest (ROI).

 
Figure 9. Input and Output of image acquisition. Input is some lens samples of ski goggles, and
output is raw images from five cameras.

2.1.2. Regions of Interest

The system uses five cameras to capture the whole of the lens surface, and each camera
only focuses on a portion of the lens. There are, however, limitations in the experiment,
such as that the cameras can capture the overlapping or out-boundary parts. Therefore,
we need to generate the ROIs from each raw image so that when stitched together, they
become the image of the whole lens. The first line of Figure 10 shows five natural photos
taken from the cameras, each containing redundant portions such as overlaps or areas
outside of the lens. The five below images are the results of creating ROIs, respectively. We
developed a program to capture images and generate ROIs seamlessly. The program was
inherited from the Pypylon package of Basler and PyTorch framework.
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Figure 10. Crop regions of interest from raw images. Five cameras capture five images in the first
row. To facilitate data labeling, extracting parts of good images is necessary. The bottom row is five
regions of interest.

2.1.3. Data Labeling

Based on our practical experience with the imaging system and discussing with the ski
goggles manufacturer, we conclude that there are the following common types of defects
on the surface of ski goggles lenses: scratch, watermark, spotlight, stain, dust-line, and
dust-spot. Figure 11 illustrates the detailed defect types.

 
Figure 11. Some defect samples on the surface of ski goggles lenses. Column (a): scratch defects,
(b): watermark, (c): spotlight, (d): stain, (e): dust-line, (f): dust-spot.

Because detect detection is based on supervised deep learning methods, the image
data need to be labeled for the training phase. We used the LabelMe tool [26] to mark the
defect regions with bounding boxes. Figure 12 illustrates the defect-labeling interface using
the label tool.

From the 37 ski goggles lens pieces provided by the manufacturer, the image acqui-
sition system captured and created a total of 654 images of 1330 × 800 pixels in size. We
carry out defect labeling for the defect detection task. As outlined in Table 2, the count of
labeled defects constitutes the initial dataset.

It is crucial to acknowledge that the distribution of defects in the dataset is imbalanced,
with dust-line being the most prevalent (7292 instances) and watermark being the least
prevalent (120 instances). This imbalance may result in a biased model. Consequently,
the flip technique is employed to generate supplementary synthetic data. The quantity of
underrepresented defect categories, including spotlight, stain, and watermark, is expected
to increase. As depicted in Figure 13, the synthetic image is generated from a small
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batch of defects and backgrounds. A total of 200 synthetic images are generated and
subsequently labeled. Table 3 presents the statistics regarding the categories of defects in
the synthetic dataset.

 
Figure 12. The GUI of LabelMe: the image annotation tool used to label defects on the surface of ski
goggles lenses.

Table 2. The defect detection dataset of ski goggles lenses: defect type and its respective quantity.

Type Defects Type Defects Type Defects

scratch 1972 spotlight 229 dust-line 7292
watermark 120 stain 281 dust-spot 1898

Total 11,792
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Figure 13. Synthetic image generated from the flip technique.

Table 3. The statistics of the number of defects in the synthetic dataset.

Type Defects Type Defects Type Defects

scratch 0 spotlight 1093 dust-line 0
watermark 973 stain 1328 dust-spot 0

Total 3394

Imbalanced and underrepresented data are a common challenge in collecting real-world
data, which may impact detection results. To address this issue, a synthetic dataset is gen-
erated and subsequently merged with the initial dataset, forming a combined dataset as
detailed in Table 4.

Table 4. The statistics of the defect categories from the combined dataset, which merges the initial
and synthetic datasets.

Type Defects Type Defects Type Defects

scratch 1972 spotlight 1322 dust-line 7292
watermark 1093 stain 1609 dust-spot 1898

Total 3394

For a comprehensive and in-depth analysis of the dataset, Table 5 enumerates the
number of images corresponding to each defect category.

Table 5. The number of images containing each defect category is extracted from the JSON file
containing the labels.

Defect
Type

Scratch Watermark Spotlight Stain Dust-Line Dust-Spot

Images 447 199 352 316 546 612
Instances 1972 1093 1322 1609 7292 1898

The next section will describe the defect detection model, which is trained and utilized
for inference using the aforementioned dataset.

244



Axioms 2023, 12, 386

2.2. Defect Detection Module

Finding a suitable object detection model for each data type is difficult. Faster R-CNN
architecture is the two-state object detector which has proven to have high accuracy
and be end-to-end trainable. Our work is to fine-tune this architecture by integrating
the MobileNetV3 [27] backbone and feature pyramid network for extracting multi-scale
features [28]. MobileNetv3 model is a lightweight neural network suitable for devices with
a limited computational resource budget. Furthermore, we also reduce the number of
channels to reduce latency in inference.

The following sections will cover the overview method of supervised machine learning
theory, and the overview of the integrated Faster-RCNN architecture is shown in Figure 4.
The backbone, RPN, and ROI-Head are the three main sub-networks in the defect detection
module. First, the backbone block combines MobilenetV3 and FPN to extract multi-scale
feature maps. Second, the RPN will create and propose the candidate defect regions. Finally,
the ROI-Head block will locate the position of defects and classify them. Related theories,
such as the bounding box regression, binary classification, multiclass classification, and
assigning the boxes to the level of feature maps, are also discussed in detail.

2.2.1. Object Detection Problem Setting Based on Supervised Learning Approach

There are various machine-learning paradigms, such as supervised, unsupervised,
and reinforcement learning. Because of the tasks related to detecting and classifying defects,
we apply the supervised learning approach. This direction is related to the input data,
labels, generative networks, loss functions, and measure metrics. This section describes the
basic theory of supervised learning.

Description: When given an image, determine whether or not there are instances of
objects from predefined classes and, if present, return the bounding box of each instance.

Input: A collection of N annotated images Xtrain and a label set Ytrain.

Xtrain = {x1, x2, . . . , xN} (1)

Ytrain = {y1, y2, . . . , yN} (2)

where yi is annotation in image xi, and each yi has Mi objects belong to C classes.

yi =
{
(bi

1,ci
1), (b

i
2,ci

2), . . . , (bi
Mk

,ci
Mk

)
}

(3)

where bi
j and ci

j denote the bounding box of jth object in xi and the class, respectively.
Algorithm: Optimize the loss function L of classification Lcls and bounding-box

regression Lbox−reg:
L = Lcls + Lbox−reg (4)

Formally, Lbox is based on the sum of squared errors (SSE) loss function, and Lcls is
based on the cross-entropy loss function. The loss function is optimized by training the
neural network after a specific amount of epochs.

Prediction: For xi
test, the prediction result is yi

pred,

yi
pred =

{
(bi

pred1
,ci

pred1
,pi

pred1
), (bi

pred2
,ci

pred2
,pi

pred2
), . . .

}
(5)

where bi
predj

, ci
predj

, pi
predj

are results of the bounding box, object class, and reliability.
For filtering the object detection results, we use a predefined threshold that compares
the reliability.
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Evaluation metric: The primary metric used to evaluate the object detection algorithms’
performance is the mean average precision (mAP). This metric considers the prediction of
correct category labels and accuracy location. There are two main performance evaluation
criteria: precision (P) and recall (Recall). The statistic of true positives (TP), false positives
(FP), true negatives (TN), and false negatives (FN) are needed to measure the P and
Recall values of the network model in the testing phase. The intersection-over-union (IoU)
is a critical concept to determine whether the test results are correct or not. TP, FP, TN, and
FN values depend on the IoU threshold. The formula of IoU is defined in Equation (6).

IoU(bpred, blb) =
Area(bpred ∩ blb)

Area(bpred ∪ blb)
(6)

The P and Recall of each category of one image can be calculated as follows:

PCij =
TPCij

TPCij + FPCij

(7)

RecallCij =
TPCij

TPCij + FNCij

(8)

where PCij and RecallCij represent Precision and Recall of category Cij in the jth image, respectively.
The average precision (AP) of the category Ci can be calculated:

APCi =
1
m

m

∑
j=1

PCij (9)

The dataset has multiple categories, the mAP of the entire category can be calculated
as follows:

mAP =
1
n

n

∑
i=1

APCij (10)

There are also many other criteria, but in this work’s scope, the performance evaluation
is measured mainly by the mAP metric.

2.2.2. Backbone: Feature Extractor Based on MobileNetV3 and Feature Pyramid Networks

MobileNetV3: It is important to emphasize the integration of the MobileNetV3 model
into the faster R-CNN architecture by its suitability for optic inspection systems [29]. Most
hardware of the inspection systems are low resource use cases, therefore, mobile-friendly
models should be applied to reduce latency. MobileNetV3 backbone plays the role of a
feature extractor in object detectors. MobileNetV1 [30] proposed depth-wise separable
convolution to reduce the number of parameters to improve computation efficiency, and
MobileNetV2 [31] introduced the inverted residual block to expand to a higher-dimensional
feature space internally to make more efficient layer structures. MobileNetV3 inherited
advances of V1 and V2; it deployed the Squeeze-and-Excitation [32] in the inverted residual
bottleneck and flexibly used the h-swish nonlinearity to significantly improve the accuracy
of neural networks.

The inverted residual is the main building block of the MobileNetV3 network. The
block follows a narrow–wide–narrow approach by input–output channels. As an example
in Figure 14, the input channel is 24, the space expansion channel is 72, and the output
channel is 40. The inverted residual block uses a combination of the expand convolution,
the depth-wise convolution, the squeeze-excitation block, and the projection convolution,
as in Figure 14.
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Figure 14. This is an instant of the inverted-residual block in MobileNetV3 architecture. First is
a convolutional expand layer that widens channels from 24 to 72. Second is the convolutional
depth-wise layer for better efficiency than traditional convolution. Its input and output channels are
equal to 72, and the striking attribute of convolution halves the resolution. Next is the squeeze and
excitation module to improve the power of features in the network. The final convolutional projection
layer presents features in the lower dimension space, from 72 to 40.

FPN [33]: The object detection field has many more innovative algorithms, but current
image data have become much more challenging, for instance, small object detection issues
with only a few pixels. It is hard to extract the information about small objects in feature
maps. FPN proposes a method to improve small object detection performance. It is an
essential component that exploits the features of small objects on different levels of feature
maps. FPN is an extended idea of pyramidal feature hierarchy that its architecture is a
combination between top–down pathway, bottom–up pathway, and lateral connections.

As in Figure 15, the backbone architecture combines the MobilenetV3 and FPN. It
is to extract multi-scale feature maps from the input image. The input is fed to Mo-
bilenetV3, which has 15 inverted residual blocks. The output is the multi-scale feature
maps {C1, C2, C3, C4, C5}, which are the input for FPN. FPN convolute and upsample Ci to
output the better quality multi-scale feature maps {P1, P2, P3, P4, P5}.

 

Figure 15. Backbone: the feature pyramid network and MobileNetV3 backbone together. The input
is the image of size H, W. Firstly, The MobileNetV3 extracts the image to many multi-scale feature
maps {C1, C2, C3, C4, C5}. Secondly, the multi-scale output of MobileNetV3 is the input for FPN. The
final result is the feature maps at multiple levels {P1, P2, P3, P4, P5}.
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The output channels of FPN present the multi-scale feature maps {P1, P2, P3, P4, P5}.
This hyper-parameter is vital to guarantee the quality of feature maps. Its default value
is 256 for the large benchmark dataset. With the customized dataset, we will fine-tune
the number of the output channels to obtain better performance. The results are shown
in Section 3.2.

The output feature maps from FPN are {P1, P2, P3, P4, P5}, which are also the input to
the feature pyramid network and the ROI-Head. In the next section, we will describe these
two blocks in detail.

2.2.3. RPN: Region Proposal Network

Detecting the position of objects is one of the two main tasks in object detection. The
theoretical basis for initializing the temporary object position remains more challenging. In
classical computer vision, selective search [34], multiscale combinatorial grouping [35], and
CPMC [36] apply a strategy based on grouping super-pixels. EdgeBoxes [37] and objectness
in Windows [38] use the window scoring technique. In deep learning-based computer
vision, Shaoqing et al. [22] propose region proposal networks to create the box anchors to
filter the potential positions. Anchor boxes are defined by two parameters: the wide range
of scales and the aspect ratios.

RPN initialized a set of anchor boxes on each image or feature map by two hyper-parameters:
scales and aspect ratio. They have a large impact on the final accuracy. Hence, we try to
exploit them for optimal results. Figure 16 illustrates the creation of anchors on an image.
The left image is an original, consisting of the red defect labels. The right imageinitializes
a set of anchor boxes with scales

{
322, 642, 1282, 2562, 5122} and a range of aspect ratios

{1 : 2, 1 : 1, 2 : 1}. Anchors are white, black, yellow, green, and blue rectangular boxes in
the right image.

 

Figure 16. Illustrate how to create the box anchors in the region proposal network. Left is the image
containing some red ground-truth boxes. RPN generates the reference boxes called “anchors” to map
to ground-truth boxes. The multi-scale anchors are generated on the right image at various positions.
They are the rectangular boxes marked with white, black, yellow, green, and blue colors.

The number of anchors generated is copious. RPN now tries to find anchors similar
to the ground boxes (labels). The metric that determines whether an anchor is similar to
the ground boxes is the IoU calculation. The pre-defined IoU thresholds are set to label
the anchors as foreground, background, or ignored. If IoU is larger than the first threshold
(typically 0.7), the anchor is assigned to one of the ground-truth boxes and labeled as
foreground (‘1’). If IoU is smaller than the second threshold (typically 0.3), the anchor is
either labeled as a background (‘0’) or otherwise ignored (‘−1’).
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In practice, the majority of anchors are background (the label is “0”), and so it is
difficult to learn the foreground anchors due to the label imbalance. To solve the imbalance
issue, the target number of foreground boxes N and the target number of background M
are pre-defined.

At this time, we have the labeled anchor set and a target set, as shown in Figure 17. The
RPN should learn to find rules to recognize the exact locations and shapes of ground-truth
boxes. This issue is known as bounding-box regression, which will be presented in the
next section.

 
Figure 17. Box regression transforms the proposal anchor set to ground-truth label set.

The role of RPN is to propose the potential regions that contain the defects. To
achieve this task, training the RPN is to regress the anchor boxes to the defect regions and
classify anchors as the labels “1” or “0”. Because of the large number of anchors, we only
choose some of the quality anchors called proposals for the next sub-network. The loss
function of RPN includes the L1 [20] loss function for bounding-box regression and binary
cross-entropy loss function for classifying the anchor as ground-truth or background.

LRPN = Lbox−reg−RPN + Lbinary−cls (11)

The following section details the bounding box regression and its loss function.

2.2.4. Bounding Box Regression

Bounding box regression will find some rules to scale-invariant transform a bounding
box (anchor) to another bounding box (ground-truth/defect). The best idea is to consider
the relationship between the center coordinates, where their width–height dimensions
are significant. This section describes the formula between the ground-truth box and
anchor. Figure 18 illustrates the parameters involved in transforming an anchor (the blue
dotted-line rectangle) into a ground-truth box (the green rectangle) during the training
phase, with the parameters are calculated using Equation (12).

δx = (bx−ax)/aw, δy = (by−ay)/ah
δw = log(bw/aw), δh = log(bh/ah)

(12)

where “a” and “b” denote anchor box and ground-truth box, respectively. Each one is
represented by a 4-tuple in the form of (x, y, w, h), where (x, y) is the center coordinate and
(w, h) is the width and height dimension. The regressor f aims to predict the transformation
δ from the anchor a to the target ground-truth box b, represented as follows:
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Figure 18. Illustration of transformation δ from the anchor a to the ground-truth box b. The formula
is in Equation (12).

The image feature, denoted as x, is used as the input for the regressor f . Consiquently,
the output is a prediction represented by δ̂ = f (x). The training process will minimize the
bounding-box loss function:

L(δ̂, δ) = ∑
p∈{x,y,w,h}

Lsmooth
1 (δ̂p − δp), (13)

where the function Lsmooth
1 (.) is the robust L1 loss defined in Equation (14).

Lsmooth
1 (t) =

{
0.5t2i f

∣∣t| < 1
|t| − 0.5 otherwise

(14)

To calculate the final prediction box coordinates, the regressed anchor is inferred based
on the inverse transformation of Equation (15) as follows:

apred
x = δ̂xaw + ax, apred

y = δ̂yah + ay

apred
w = awexp(δ̂w), apred

h = ahexp(δ̂h)
(15)

The final summary is as follows: the bounding-box regressor f is a neural network
with the input T, which are the image or feature maps, and the label is δ. A prediction
is δ̂ = f (T). The training process will optimize the loss function Lsmooth

1 (δ − δ̂). With the
formulas δ, Lsmooth

1 and δ̂ in Equations (12) and (14), and formula δ̂ = f (T), respectively.

2.2.5. ROI-Head

ROI-Head converts the selected proposals on each feature map into a small fixed
window (usually 7 × 7 pixels), and next is fed to the linear neural network to regress the
bounding boxes and classify defects.

The inputs of ROI-Head are: The feature maps {P2, P3, P4, P5} from the backbone
block; the proposal boxes from the RPN block; and the label of defects. The ratio of
foreground and background boxes will be customized to accelerate the training. The
proposals with higher IoU than the threshold are counted as foreground and the others as
background. This step will choose the best k proposals based on the IoU metric.

Before entering the ROI process, the top-k proposals are assigned to each level Pi of
the appropriate feature maps based on the formula in Equation (16).

LPi = f loor(k0 + log2(

√
w ∗ h

canonical_box_size
)) (16)
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where k0 is the reference value, which is generally set to 4; w and h are the the width and
height of the ROI area, respectively; and canonical_box_size is the canonical box size in pix-
els, set to 224, corresponding to the size of the pre-training image of the ImageNet dataset.

The ROIAlignV2 [37] process crops the rectangular regions on the feature maps speci-
fied by the proposal boxes. The linear neural network feeds the results of ROI to regress
the proposals to ground boxes and classify the defect type.

When training the ROI-Head network, the loss function sums up the cost of classifica-
tion Lde f ect−cls and bounding-box regression Lbox−reg−ROI , as in Equation (17).

Ldetector = Lde f ect−cls + Lbox−reg−ROI (17)

where Lde f ect−cls is the defect classification loss function that computes the cross-entropy
loss; and Lbox−reg−ROI is the smooth L1 loss as in Equation (13).

2.2.6. End-to-End Learning

The RPN block needs the cost to classify anchors as background or foreground (binary
cross-entropy) and find proposals for the candidate locations of defects (bounding-box
regression). Meanwhile, the ROI-Head network also incurs a cost to classify the defect
type (cross-entropy) and locate the defects’ position (bounding-box regression). Therefore,
the network can be trained in an end-to-end manner using the multi-task loss function
as follows:

L = LRPN + Ldetector (18)

where LRPN and Ldetector are based on the formulae in Equations (7) and (13), respectively.

3. Results

3.1. Experimental Setting

Defects are labeled and converted to COCO format to be compatible with object
detection models. All images are resized to 1333 px for long edge and 800 px for short
edge. We split the dataset into the training and test sets by a ratio of 80:20. In the first step,
we train and test on some of the standard defect detection architectures such as two-stage
object detectors (Faster-RCNN) and one-stage object detectors (Retina, FCOS). All models
are implemented using PyTorch Vision’s default configuration [39]. Table 6 displays the
experimental outcomes obtained from training Faster R-CNN-based models with ResNet50,
MobileNetV3-large, and MobileNetV3-small backbones, as well as the RetinaNet model,
and the FCOS model, using the initial dataset. In the second step, for increment accuracy,
we fine-tune the hyper-parameter in RPN, while for computational efficiency, we reduce the
output channel of FPN in the backbone. The final result is presented in the following section.

Table 6. Comparison of defect detection between each architecture trained on the ski goggles defect
dataset without any hyper-parameters adaptation.

Architecture BACKBONE
IoU Metric SPEED (S/IT)

AP AP50 AP75 TRAIN TEST

Faster-RCNN
RESNET50 56.3 78.5 63.3 0.528 0.126

MOBILE-LARGE 41.3 72.8 38.1 0.127 0.059
MOBILE-SMALL 10.0 25.1 08.4 0.086 0.045

FCOS RESNET50 59.6 78.6 64.0 0.352 0.126
RetinaNet RESNET50 10.2 25.2 05.9 0.331 0.140
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The models are trained with 2 GPUs with a batch size of 8 for 26 epochs using
SGD optimizer. The learning rate is initialized to 0.02 and learning ratio step at 16 and
22. Computer configuration is a CPU AMD Ryzen5 3600X, 64G RAM, 2 GPUs Gigabyte
2060 6G.

The method evaluates detection results based on the standard COCO-style average
precision measured at IoU thresholds ranging from 0.5 to 0.75.

3.2. Defect Detection Results

To have a defect detection result baseline for the defect dataset on the surface of
ski goggles lenses, we train and test different architectures and backbones. Parame-
ters of Faster-RCNN-ResNet50, Faster-RCNN-Mobile-large, Faster-RCNN-Mobile-small,
FCOS-Resnet50, and Retina-Resnet50 models are 41.1 M, 18.9 M, 15.8 M, 31.85 M, and
32.05 M, respectively. Table 6 shows the linear result of the larger architecture (more param-
eter) having better accuracy, but slower computational efficiency (speed, s/it). The balance
between accuracy and computational efficiency is an issue in automatic optical inspection
as hardware characteristics are compact. We recognize that the Faster-RCNN-Mobile-large
model has gained a balanced result in terms of accuracy and computational efficiency. From
this, we decide to fine-tune the Faster R-CNN with backbone Mobile-large to achieve a
better result.

Faster R-CNN has proven to be a state-of-the-art object detector with high accuracy
and flexible modular ability. Therefore, it can be integrated into some sub-network to
improve performance. We implement the Faster R-CNN-based detector that uses an
FPN-style backbone that extracts features from different convolutions of the MobileNetV3
model. The advance of MobileNetV3 block helps to improve speed; alternatively, FPN
presents the invariant of feature maps, leading to an improvement in the small defect
detection. However, Faster R-CNN has a drawback due to the complicated computation
in creating anchor boxes. Its hyper-parameters in RPN are often sensitive to the final
detection performance. The above disputation leads to fine-tuning Faster R-CNN to archive
high performance.

First, we fine-tune the output channel of FPN to improve the network’s speed. All
feature maps extracted from the MobileNetV3 network have their output projected down
to the number of channels by the FPN block. The default number of the output channel is
256. This parameter is finetuned within the value set {256, 128, 96, 64} to obtain the best
possible performance.

Second, we fine-tune the anchor scale factor in RPN to improve the accuracy. The anchor
scales affect the handling of the bounding boxes of different sizes. Its invalid value setting
causes the imbalance between negative and positive samples in training. The default value
of anchor scales in the Faster R-CNN model is

{
322, 642, 1282, 2562, 5122}. We augment

two values:
{

162, 322, 642, 1282, 2562} and
{

82, 162, 322, 642, 1282} in the RPN block.
Table 7 shows the aggregate results of fine-tuning the output channel number in FPN

and the anchor scales in RPN. When the output channel of FPN decreases, the training and
testing speed improves, while accuracy slightly decreases. Observing the efficiency of
anchor scales, configuration

{
162, 322, 642, 1282, 2562} achieved better results than the

other two configurations,
{

322, 642, 1282, 2562, 5122} and
{

82, 162, 322, 642, 1282}, with
the same channel as FPN. With the channel reduction in FPN from 256 to 128, and the re-
placement of the anchor scale

{
322, 642, 1282, 2562, 5122} by

{
162, 322, 642, 1282, 2562},

the accuracy is 55.0 mAP, which is close to the best accuracy, while the APs metric achieved
the best accuracy with 47.0. From this result, we choose the optimistic parameter set with
the output channel equal to 128 and the anchor scales equal to

{
162, 322, 642, 1282, 2562}

for balance in computational efficiency and accuracy.
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As mentioned in Section 2.1.3, the combined dataset (CoDS) arises from the fusion of
initial (InDS) and synthetic datasets. Comparing these datasets is crucial to illustrate the
efficacy in addressing a few data and imbalances. Table 8 depicts the evaluation outcomes
for both datasets when training the Faster R-CNN model with optimal parameters.

Table 7. Defect detection results from fine-tuning the output channel of FPN and the anchor scale in
RPN.

FPN RPN IOU METRIC SPEED (S/IT)

Out Channel Anchor Scales MAP APS TRAIN TEST

256 {82, 162, 322, 642, 1282} 55.3 46.4 0.4864 0.1161
256 {162, 322, 642, 1282, 2562} 49.2 42.8 0.4867 0.1179
128 {82, 162, 322, 642, 1282} 53.6 45.4 0.3040 0.1133
128 {162, 322, 642, 1282, 2562} 55.0 47.0 0.3080 0.1074
96 {82, 162, 322, 642, 1282} 46.7 39.6 0.2857 0.1094
96 {162, 322, 642, 1282, 2562} 51.8 42.7 0.2860 0.1046
64 {82,162, 322, 642, 1282} 47.6 38.3 0.2517 0.0993
64 {162,322, 642, 1282, 2562} 51.4 46.0 0.2520 0.0968

Table 8. The comparative assessment of the initial dataset and the combined dataset using
COCO metrics.

Model COCO Metric
DATASET

INITIAL DS (INDS) COMBINED DS (CODS)

Faster R-CNN with the
MobileV3 Backbone

The output channel number of
FPN is 64

The anchor scales of RPN
{162,322,642,1282,2562}

AP 51.4 55.1
AP50 71.5 75.8
AP75 40.7 47.4
APS 46.0 48.2
APm 47.3 50.3
APl 59.1 63.4
AR1 31.3 32.6
AR10 50.9 53.8
AR100 55.6 59.4
ARS 45.2 49.7
ARm 61.6 54.6
ARl 60.4 64.9

Figure 19 shows some results on the test set of the lens defect dataset. The red
rectangular boxes mark defects; the above label is the defect category.
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Figure 19. Selected examples of defect detection results. Defects are marked by the red rectangular
boxes and the label above is the defect category. (a–c) display a variety of defect types, including
dust-spot and dust-line. (d) showcases the spotlight defect type, while (e) highlights the stain defect
type. (f–h) and h feature the scratch defect type.

4. Discussion

The data presented in Tables 6 and 7 have been computed using the detection eval-
uation metrics employed in the COCO detection challenge. A comparative analysis of
object detection models, such as Faster R-CNN, FCOS, and RetinaNet, was conducted
based on the data provided in Table 6. The Faster R-CNN model serves as a baseline for
comparison due to its widespread use in object detection tasks. In terms of precision, FCOS
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outperforms Faster R-CNN with a 44.31% improvement in AP, a 7.97% enhancement in
AP50, and a 67.98% increase in AP75. However, FCOS exhibits slower training and testing
speeds, with a 177.17% reduction in training and a 113.56% decrement in testing relative to
Faster R-CNN. Conversely, RetinaNet shows a significantly lower precision performance,
with a 75.30% reduction in AP, a 65.35% decrease in AP50, and an 84.51% decline in AP75,
while also demonstrating slower training and testing speeds (160.63% and 137.29% slower,
respectively), in comparison to Faster R-CNN.

In the context of an optical inspection system, it is crucial to prioritize solutions that
demand minimal hardware resources while maintaining satisfactory performance levels.
A comprehensive analysis of various object detection models, including Faster R-CNN,
FCOS, and RetinaNet, reveals that Faster R-CNN emerges as the most suitable candidate for
deployment. Despite FCOS exhibiting superior overall precision, it significantly necessitates
more hardware resources owing to its slower training and testing speeds, with a 177.17%
reduction in training and a 113.56% decrement in testing compared to Faster R-CNN. In
contrast, Faster R-CNN strikes an optimal balance between performance and resource
efficiency, featuring notable precision performance and faster training and testing speeds in
comparison to FCOS and RetinaNet. Consequently, Faster R-CNN is the preferable choice
for deployment when considering hardware resource constraints.

Additionally, in Table 6, we dive into the performance analysis of some backbones
of the Faster R-CNN model. Comparing speeds between ResNet50, MobileNet-Large,
and MobileNet-Small as Faster R-CNN backbones showcases the trade-offs between per-
formance and resource efficiency. Although the ResNet50 backbone outperforms the
MobileNet-Large backbone in terms of AP, AP50, and AP75, it is notably slower in both
training and testing phases, with training taking 315.75% longer and testing experienc-
ing a 113.56% increase in duration. In contrast, MobileNet-Small provides the quickest
training and testing speeds among the backbones, at 32.28% and 23.73% faster speeds than
MobileNet-Large. However, this speed advantage comes at the cost of significantly reduced
performance metrics. MobileNet-Large balances performance and speed, maintaining
competitive performance metrics while achieving relatively faster training and testing
speeds than ResNet50.

The optimal model for this context combines the strengths of Faster R-CNN, FPN,
and MobileNetV3. The next step in optimizing this model is to fine-tune two parameters:
the output channel number in FPN and the anchor scales in RPN. As shown in Table 7, the
best-performing use-case has an FPN output channel of 256 and RPN anchor scales of {82,
162, 322, 642, 1282}, with a mAP score that is 12.28% higher than the second-best use-case.
Furthermore, the best-performing use-case has an APS score of 46.4, which is 8.62% higher
than the second-best use-case. In cases where speed is prioritized, the fastest use-case is
the one with an FPN output channel of 64 and RPN anchor scales of {162, 322, 642, 1282, 2562}.
Compared to the best-performing use-case, this use-case is 48.78% faster in training and
16.28% faster in testing.

Table 8 compares two InDS and CoDS datasets utilizing various COCO metrics.
Dataset CoDS exhibits superior performance in the majority of metrics when compared to
dataset InDS. Notably, CoDS surpasses InDS in average precision (AP) with a 7.2% increase,
as well as in size-based subcategories (APs, APm, and APl), with enhancements ranging
from 4.8% to 7.3%. Regarding average recall (AR), dataset CoDS exceeds InDS in most
categories, except for the medium object size category (ARm), where InDS outperforms
CoDS by 11.4%. In summary, the combined dataset demonstrates improved performance
relative to the initial dataset.

Imbalanced datasets and scarce data are common challenges when training deep
learning models with real-world data collection. CoDS performs better than InDS, thereby
illustrating that generating additional synthetic data is an effective approach to addressing
these challenges.

Despite the valuable contributions of this study, certain limitations should be ac-
knowledged: the number of labels in the defect dataset is relatively small, which may
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impact the generalizability of the findings; the approach to addressing unbalanced and
rare datasets is not extensively explored; the study does not employ newer defect detection
methods within deep learning to analyze the dataset; and a limited range of metrics is
considered for a detailed evaluation of defects, suggesting that additional performance
measures could provide further insight. Future research may address these limitations by
expanding the dataset, exploring more comprehensive solutions for unbalanced and rare
data, incorporating cutting-edge defect detection techniques, and utilizing a wider array of
evaluation metrics.

5. Conclusions

This paper solved the defect detection problem on the surface of ski goggles lenses
based on the deep learning approach. The work has achieved the design of the image
capture system that has five cameras cover the entire curved surface of the lenses, which
enables it to capture images automatically from all angles at the same time. This work
also presents the development of a surface defect detection dataset for ski goggles lenses,
contributing to the diversification of surface data sources in the deep learning-based
defect detection field. The defect detection result achieved excellent performance by
fine-tuning the reasonable hyper-parameters of the Faster-RCNN modular architecture
by replacing the ResNet backbone with MobileNetV3 and FPN to better extract feature
maps, by reducing the number of the output channel of FPN to increase the computational
performance, and by adjusting the anchor scale factor hyper-parameter in RPN, leading
to better accuracy. This work is helpful for automatic optical inspection systems because
of its limited hardware resource. The experimental results have reinforced the hypothesis
for correctly choosing the Faster-RCNN defect detection architecture and fine-tuning the
hyper-parameters. In the future, we will improve the dataset and make it publicly available
to the research community.
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Abstract: The DNS firewall plays an important role in network security. It is based on a list of
known malicious domain names, and, based on these lists, the firewall blocks communication with
these domain names. However, DNS firewalls can only block known malicious domain names,
excluding communication with unknown malicious domain names. Prior research has found that
machine learning techniques are effective for detecting unknown malicious domain names. However,
those methods have limited capabilities to learn from both textual and numerical data. To solve this
issue, we present a novel unified learning approach that uses both numerical and textual features
of the domain name to classify whether a domain name pair is malicious or not. The experiments
were conducted on a benchmark domain names dataset consisting of 90,000 domain names. The
experimental results show that the proposed approach performs significantly better than the six
comparative methods in terms of accuracy, precision, recall, and F1-Score.

Keywords: DNS; firewall; malicious; domain; name

1. Introduction

Preserving the integrity of network security is an important consideration for all
organizations. As nearly every aspect of business becomes increasingly digital, enterprise
network security software can help organizations mitigate the effects of cyber-attacks,
particularly by protecting against them, thereby safeguarding their operations and ensuring
their competitiveness in a rapidly changing marketplace.

Intrusion detection systems (IDS) and intrusion prevention systems (IPS) have long
been part of the network security toolkit to detect, monitor, and block malware and mali-
cious traffic. IDS are designed to detect intrusions into the network and issue warnings
when they detect a potential cyber-attack. However, the system itself cannot protect against
attacks, and that responsibility is left to human analysts. Meanwhile, IPS work proactively
to prevent successful attacks and respond according to predefined rules when an intrusion
is detected. One of the most important IPS are firewalls [1]. One such firewall for IP is
the DNS firewall. The majority of DNS firewalls are built on regularly updated lists of
known malicious domain names. However, this method can only block known malicious
communications, leaving a large number of malicious communications that cannot be
blocked because they are unknown.

To predict new malicious domains over DNS communications in a timely manner
with better DNS data features is important [2]. To resolve this challenge, Marques et al. [2]
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proposed a machine learning-based DNS firewall built with new domain names and
34 features. However, they utilized traditional classification models for their proposed
approach which have limited capabilities to learn from both numerical and textual features
of the domain name at the same time.

To resolve this issue, we propose a unified deep learning model which can learn from
both numerical and textual features. This model makes use of both numerical and textual
information in the domain name. These pairs are entered into the model and correlating
features between the pairs are extracted. Finally, the model uses the correlating features to
determine if these pairs represent a malicious domain or not.

Our work makes the following three major contributions:

(1) We consider the domain name textual and numerical features unified representation
learning issue in the context of malicious domain name detection tasks.

(2) A new deep learning model is proposed for malicious domain name detection.
(3) Experimental results for the detection of the malicious domain name demonstrate

the high performance of the proposed method in comparison with state-of-the-art
methods on the malicious domain name dataset.

The remainder of this article is organized as follows: Section 2 describes previous
research on malicious domain name detection. The details of our unified learning approach
are described in Section 3. In Section 4, the experimental setup is described, followed by
experimental results in Section 5. Finally, Section 6 concludes this article.

2. Related Work

A number of approaches for malicious domain name detection have been proposed
in the literature. In general, these approaches can be broadly classified into non-machine
learning-based and machine learning-based approaches.

2.1. Non-Machine Learning Approaches

The non-machine learning-based approaches use some kind of data obtained from
known malicious domain names for making malicious domain name signatures and using
those signatures to filter unknown malicious domain names.

Zhang et al. [3] proposed a blocklisting system, the purpose of which is to create
blocklists based on the relevance ranking scheme used by the link analysis community. The
system creates blocklists for individuals who choose to submit data to a central log-sharing
platform. The system evaluates the relevance of the submitter to the attacker based on the
attacker’s history and the submitter’s recent log generation patterns. The blocklist system
also incorporates extensive log prefiltering and severity metrics to understand the extent to
which attacker alert patterns are consistent with common malware propagation behaviors.
Prakash et al. [4] proposed PhishNet, which is based upon two components. The first
component uses five heuristics to find new phishing URLs. The second component is made
of an approximate matching algorithm that partitions the URL into several components,
then these multiple components of the URL are matched with entries in the blocklist indi-
vidually. Malicious URLs are often short-lived and are updated frequently to avoid being
on the blocklist. If these malicious URLs are updated by the same adversary using domain
name string manipulation, we can assume that unknown malicious URLs exist in the neigh-
borhood of known malicious URLs. Based on this assumption, Akiyama et al. [5] proposed
an effective blocklist URL generation method that uses search engines to discover unknown
malicious URLs in the neighborhood of known malicious URLs. Fukushima et al. [6] pro-
posed a blocklisting scheme in which they analyzed malicious URLs’ metadata, such as
domain, registrar, IP address, IP address block, and autonomous system. Furthermore,
they evaluated registrars and IP address blocks associated with malicious URLs. From
that evaluation, they made a blocklist with low-reputation IP address blocks and registrars
often used in malicious URLs. Sun et al. [7] proposed an automatic blocklist generator
(AutoBLG) that discovers new malicious URLs automatically by starting from an existing
URL blocklist. The idea of their approach is to extend the space of web page searches, while
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decreasing the number of URLs to be analyzed, by applying some prefilters to expedite the
process of creating a blocklist.

Unlike the above works, which use signatures for blocking malicious domain name,
we propose a machine learning-based approach that learns from malicious and benign
domain name data and classifies whether a given domain name is malicious or not.

2.2. Machine Learning Approaches

Machine learning-based approaches make a predictive model for detecting unknown
malicious domain names by training on data of malicious and benign domain names.

Saxe and Berlin. [8] used character-level embedding with a convolutional neural net-
work to retrieve associated features from file paths, registry keys, and URLs. The retrieved
features are then fed into three fully connected layers to classify file paths, registry keys, and
URLs as malicious or normal. Yang et al. [9] proposed a convolutional gated recurrent unit
neural network for detecting malicious URLs using characters as text classification features.
Their model, instead of using a pooling layer in a convolutional neural network, uses a
gated recurrent unit for feature acquisition in the time dimension. Luo et al. [10] proposed
an approach for identifying malicious HTTP GET requests using a novel architecture of
convolutional neural network for classification; they used natural language processing-
based analysis and Auto-Encoder for URL representation and extraction. Mondal et al. [11]
proposed an ensemble learning approach to predict the class probabilities of benign or
malicious URLs using multiple classifiers. After obtaining probabilities from multiple
classifiers, a threshold filter is applied to the probabilities to finally determine whether
the URL is malicious or not. Marques et al. [2] empirically investigated the impact of
three feature selection methods applied to six classification models on the performance of
malicious domain name detection. They conducted experiments on the malicious domains
dataset, and found that the decision trees with recursive feature elimination were more
suitable for the malicious domain detection task, compared with other baseline methods.

Unlike the above works, we simultaneously consider both numerical and textual
feature unified learning for malicious domain name detection.

3. Methodology

3.1. Overview

In order to utilize both numerical features and textual features for detecting malicious
domain names, we propose a combined deep learning-based model (hybrid feed forward
network (FFN)-long short-term memory (LSTM) [12] model that preserves the advantages
of both numerical and textual features. The network structure of the hybrid FFN-LSTM
model is shown in Figure 1. The original dataset was split into numerical and textual
features that were fed into the model as separate inputs. Individual learners were then
built based on numerical and textual features, and the outputs of the individual learners
were spliced together in parallel to form the input to a unified learner consisting of a fully
connected neural network.

3.2. Numerical Learner

Following Marques et al. [2], we performed the same two pre-processing steps—the
label encoder [13] and min-max normalization [14]—as them. The label encoder [13]
transforms categorical features by simply mapping each category with an integer value
ranging from 0 to n. After the label encoding [13], min-max normalization [14] was applied
to scale the different features so that each feature has equal weight for the numerical feature
learner. This sets the value of the data points from 0 to 1.

Pre-processed numerical features are sent to the FFN for learning numerical features.
The FFN is composed of three types of network layers: an input layer, a hidden layer, and
an output layer. Additionally, each of these layers contains n number of neurons. The first
layer with n neurons is the input layer, and the input feature vectors are received in this
layer. The hidden layer consists of a few layers. In the last output layer, the FFN outputs
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the results. We constructed the FFN with a depth of 5 layers. We denote these layers as
δ =

{
L1

n,L2
n,L3

n,L4
n,L5

n
}

.

Figure 1. Our proposed malicious domain name detection model.

The FFN output layer output is forwarded to the dropout [15] layer to prevent overfit-
ting. Owing to over-fitting, the classification ability of the FFN is limited. Dropout [15] can
effectively solve this problem. Dropout [15], is a mechanism to improve the performance of
the FFN by randomly setting the weights of the FFN to 0.

3.3. Text Learner

To construct an accurate malicious domain name detection model, the feature vector
representation of textual features is important. Although high-level representations such as
numerical features can be useful, they cannot reveal deep hidden semantics in the textual
features of the domain name. LSTM [12] is a deep learning architecture, which provides a
powerful representation of the textual features. It can learn semantic features automatically.
Before LSTM [12] could process textual features, we needed to pre-process textual features
with tokenization and represent them as an embedding matrix.

In the tokenization phase, the sequence of words is broken into multiple tokens based
on the white space separator character. In this process, each word is called a token.

The embedding layer takes a token index as input and transforms it into a low-
dimensional representation. Given a textual features sample tokens 𝓃 which is essentially a se-
ries of words

[
f1, . . . , f|𝓃|

]
, our goal is to obtain its matrix representation 𝓃 → N ∈ R

|𝓃|×dm ,
where N is a matrix consisting of a set of words fi → Fi , i = 1, . . . , |𝓃| in the given domain
name sample. Every word fi can now be represented as an embedding vector, i.e., Fi ∈ R

dm ,
where dm is the dimensional vector of words that appear in the textual features of the do-
main name. In our experiments, we randomly initialize the embedding matrix of malicious
domain names textual features, and during the training process it is learned. Thus, domain
name textual features matrix representation N having |𝓃| words sequence can be expressed
as follows:

N =
[
Fi, . . . ,F|𝓃|

]
(1)

All domain name textual features are truncated or padded to be the same length |𝓃|
for parallelization.

Lower dimensional embedding vectors are sent to an LSTM [12] network which can
be regarded as a sequence of LSTM [12] units for feature learning. Let F1, . . . ,F|𝓃| be
the entered words sequence (e.g., domain name textual features tokens), with having a
corresponding labels sequence (e.g., the next domain name textual feature tokens). At
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every step t, the LSTM [12] unit takes the Ft input, along with the previous hidden and cell
state, and computes the next hidden state and cell state using a set of model parameters.
The output is predicted using the output state (e.g., the next domain name textual feature
token based upon previous ones) at each step t.

Similar to the numerical learned features, the textual learned features using LSTM [12]
are fed to the dropout [15] layer to prevent overfitting.

3.4. Unified Learning

The highlight of our method is that we utilize textual and numerical features and
automatically determine the optimal ratio of each feature at the fusion stage. We feed
the outputs of numerical learner Qi and text learner Ti into a new unified vector U that
represents both textual and numerical features in a given sample, which can be formulated
as follows:

U = Qi ⊕ Ti (2)

The new unified vector is then fed into the fully connected layer, resulting in a vector
output γ as follows:

γ = σ(Wγ·U+ bγ) (3)

where · represent the dot product, the vector γ weight matrix is represented as Wγ, the
bias value of the vector γ is represented as bγ, and the activation function ReLU [16] is
represented as σ(·). Finally, the γ vector is sent to an output layer.

Each numerical and textual feature is properly represented into a feature vector by
previous layers. Using these feature vectors as input, a unified binary classifier is used in
the output layer to predict whether these features represent a malicious domain or not. In
this study, a sigmoid classifier was used, which computes a probability score for a given
domain name sample as follows:

P̂i = sigmoid(γ) (4)

3.5. Training

During the process of training, our model tries to learn the following parameters: the
five dense layers of FNN, the word embedding matrices of textual features, the LSTM [12]
layer, and the weights and bias of the fully connected output layer. After these parameters
are learned, the malicious domain name can be detected. These model parameters are
learned by minimizing the following binary cross-entropy loss function:

BCE = − 1
N

N

∑
i=0

Gi· log
(
P̂i
)
+ (1 −Gi)· log

(
1 − P̂i

)
(5)

where all samples in the dataset are denoted as N, and the output layer probability score is
denoted as P̂i, defined by Equation (4), Gi = {0, 1} indicates whether the i-th sample is a
malicious domain or not. As it has previously been shown that Adam [17] is less memory
intensive and more computationally efficient than other optimization methods, we decided
to minimize the objective function using the Adam [17] optimizer. In order to efficiently
calculate parameter updates during the learning process, we use backpropagation [18], a
simple implementation of the chain rule of partial derivatives.

4. Experiment Setup

4.1. Dataset

We use a public dataset in this study that has been collected and processed by
Marques et al. [19]. The dataset contains approximately 90,000 malicious and non-malicious
domain name samples of equal size. Each sample contains 34 features, such as IP, geoloca-
tion, open ports, domain name entropy, etc.
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4.2. Performance Evaluation

There are four possible outcomes of our model prediction: true positive (TP) indicates
that a malicious domain name is predicted as a malicious domain name, true negative
(TN) indicates that a non-malicious domain name is predicted as a non-malicious domain
name, false negative (FN) indicates that a malicious domain name is predicted as a non-
malicious domain name, and false positive (FP) indicates that a non-malicious domain
name is predicted as a malicious domain name. Based on these outcomes, the performance
evaluation metrics accuracy, recall, precision, and F1-Score can be calculated as given below.

Accuracy is perhaps the most intuitive way of measuring the performance of any
binary classification model. The accuracy metric can be interpreted as the percentage of
samples correctly classified by the model. Based on the notation introduced earlier, the
accuracy is defined in Equation 6 as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

As an alternative measure of classifier performance, precision can be interpreted as
the accuracy of positive predictions. Precision is defined by the following equation:

Precision =
TP

TP + FP
(7)

Precision is often used in conjunction with a metric called recall, as precision measure-
ment tends to look very high for models that predict few positives. Recall indicates the
proportion of positive instances that are correctly detected by the classifier, as defined by
the following equation:

Recall =
TP

TP + FN
(8)

The F1-Score is the harmonic mean of precision and recall, as defined by Equation (9).
A large F1-Score can only be obtained if both recall and precision are high.

F1 − Score =
2 × Precision × Recall

Precision + Recall
(9)

5. Results

RQ.1 What is the effectiveness of our approach against the state-of-the-art base-
line methods?

Our goal is to provide a method that can automatically classify malicious and non-
malicious domain names. However, one challenge to the usefulness of this approach is
to determine how much its performance is improved over the baseline approaches. By
answering this research question, it would become clear how far ahead our method is in
detecting malicious domain names compared to state-of-the-art methods. To compare the
performance of our method, we chose six baseline methods, which are listed below.

Linear discriminant analysis (LDA) [20–23]: The purpose of the discriminant analysis
is to find the linear function of the data that best separates the two data points. Each data
point is classified into one of its two groups. When considering the data, the between-group
variance is maximized, and the within-group variance is minimized. In LDA [20–23], it
is assumed that the data can be represented linearly. However, this often does not reflect
realistic relationships between the data, and discriminant analysis is limited in its ability
to best classify data points. In simple terms, LDA [20–23] attempts to find a separable
subspace of data points whose dimensionality is lower than that of the original data sample.
This is achieved by finding a hyperplane that maximizes the mean and minimizes the
variance between the two classes.

Support vector machine (SVM) [24]: The SVM [24] method works by finding the
hyperplane that divides feature space between two regions. In this way, on one side of the
plane are all data points belonging to class one, and all points that belong to class two are

264



Axioms 2023, 12, 458

on the opposite part of the plane. The aim is to maximize the margins so that the optimal
linearly separable hyperplane can be determined among multiple alternatives. Margin
optimization means maximizing the distance between the closest data points (also called
support vectors) on either side of the hyperplane. This results in a hyperplane that is as
far away as possible from the closest data points (support vectors). In other words, the
support vectors can be viewed as a hyperplane parallel to the main hyperplane, helping to
create the most efficient hyperplane.

K-nearest neighbor (KNN) [25–27]: To classify a point in the feature space,
KNN [25–27] examines the k nearest neighbors of the point and makes predictions based
on majority voting from those nearest neighbors. The input variable k is used to determine
the number of nearest neighbors to use. This k number is usually an odd number, to avoid
situations where new data points are equally distributed in two classes. KNN [25–27], as its
name implies, calculates the distance between different points in the feature space. In some
situations, it may be useful to weigh the “votes” of adjacent points according to distance,
so that nearby points contribute more to the classification than distant points.

Logistic regression (LR) [28]: LR [28] uses optimization methods such as gradient
ascent or the more efficient stochastic gradient ascent to find the optimal parameters of
a nonlinear function, called a sigmoid, which is very suitable for binary problems. The
advantage of using stochastic gradient ascent as an optimization algorithm is that it can
learn from new data by several batches and iterations.

Naive Bayes (NB) [29]: The NB [29] is a classifier that is based upon Bayes’ theorem of
statistical probability. It assumes every single predictor is equally important and indepen-
dent of one another. That is, given a class variable, it assumes that the absence or presence
of a particular feature is independent of the absence or presence of other features. Rather
than a simple classification, the NB [29] will report probabilities of an instance belonging
to an individual class. The class with the highest posterior probability in our case is the
prediction of whether the domain name is malicious or not.

Decision tree (DT) [30]: DTs [30] are essentially a set of questions designed to arrive at
a classification decision. As its name suggests, a DT [30] is a tree-like structure, which is
composed of several parts, such as root nodes, internal nodes, leaf nodes, and branches.
The root node represents the top-level decision node. In other words, it is where the
classification tree begins to be traversed. A leaf node is a node that is not split into
more nodes; it is where a class is assigned by majority vote. DTs [30] are constructed via
an algorithmic approach that makes a classification decision for a given data point by
recursively partitioning the available data. In other words, the algorithm partitions the
data recursively into subsets with rules that maximize information gain.

Figures 2–5 show the results of our approach in comparison with other baseline
approaches in terms of precision, recall, F1-Score, and accuracy. In terms of precision, our
approach obtains 0.989%.

The average precision value improvement by our approach over all baseline ap-
proaches is 0.051%, 0.049%, 0.019%, 0.04%, 0.034%, and 0.016% compared with
LDA [2], [20–23], SVM [2,24], KNN [2,25–27], LR [2,28], NB [2,29], and DT [2,30], respec-
tively. In terms of recall, our approach obtains 0.988%. The average recall value improve-
ment by our approach over all baseline approaches is 0.119%, 0.093%, 0.045%, 0.11%,
0.134%, and 0.036% compared with LDA [2,31], SVM [2,24], KNN [2,25–27], LR [2,28],
NB [2,29], and DT [2,30], respectively. In terms of F1-Score, our approach obtains 0.988%.
The average F1-Score value improvement by our approach over all baseline approaches is
0.093%, 0.079%, 0.035%, 0.083%, 0.097%, and 0.029% compared with LDA [2,31], SVM [2,24],
KNN [2,25–27], LR [2,28], NB [2,29], and DT [2,30], respectively. In terms of accuracy, our
approach obtains 0.988%. The average accuracy value improvement by our approach over
all baseline approaches is 0.081%, 0.069%, 0.031%, 0.072%, 0.08%, and 0.026% compared
with LDA [2,31], SVM [2,24], KNN [2,25–27], LR [2,28], NB [2,29], and DT [2,30], respec-
tively. All of these results indicate that the unified learning approach is more effective
compared with the baseline approaches.
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Figure 2. Comparison with baseline approaches on the precision metric.

Figure 3. Comparison with baseline approaches on the recall metric.
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Figure 4. Comparison with baseline approaches on the F1-Score metric.

Figure 5. Comparison with baseline approaches on the accuracy metric.

RQ.2 How effective is our unified learning approach in comparison with individual
features learning?

Numerical or textual features each provide separate useful information to distinguish
whether the domain name is malicious or not. To investigate the numerical or textual
features’ impact on performance individually, we remove the numerical or textual fea-
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tures from the input and its respective modules in the model, and perform comparative
experiments while keeping other conditions unchanged.

We evaluate performance through the accuracy, recall, precision, and F1-Score, and
Figure 6 shows the experiment results. From Figure 6 it can be observed that, after removing
the numerical or textual features, the performance on all the metrics decreased. In terms
of accuracy, the decrease is 0.159% and 0.194% using numerical and textual features,
respectively. In terms of precision, the decrease is 0.023% and 0.248% using numerical and
textual features, respectively. In terms of recall, the decrease is 0.307% and 0.067% using
numerical and textual features, respectively. In terms of F1-Score, the decrease is 0.19% and
0.169% using numerical and textual features, respectively. We notice that, after removing
numerical or textual features, although the performance has declined, this decline does not
reach 0%. The reason for this might be that numerical or textual features only account for a
small fraction of the total features used to accurately detect malicious domain name. All of
these results indicate that the unified learning approach is able to fully exploit its ability to
capture local numerical and textual features and extract deep relationships between them.
This shows that it is useful to feed numerical features along with textual features to the
model for the accurate detection of malicious domain names.

Figure 6. Individual and unified features comparison.

6. Conclusions

In this article, we proposed a novel approach that utilizes numerical and textual
features of a domain name for malicious domain name detection. These domain name
pairs are fed into a deep learning model that captures the semantic relationship between
numerical and textual features. Then, these association features are used to classify whether
a domain name pair is a malicious domain or not. We investigated the performance of our
approach using a public malicious domain name dataset. We evaluated our approach’s
performance against the state-of-the-art machine learning-based approaches for malicious
domain detection, and found our approach performs better for malicious domain name
detection. We made a comparative study by removing either numerical or textual features,
and performed experiments without changing other conditions. We found that it is more
effective to feed both numerical and textual features to the deep learning model. This
indicates that our proposed numerical and textual features pair representation is effective.
In the future, we will investigate how our approach performs on industrial projects.
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