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Abstract
Visual simultaneous localization and mapping (SLAM) remains a focal point in robotics research, particularly in the realm

of mobile robots. Despite the existence of robust methods such as ORBSLAM3, their effectiveness is limited in dynamic

scenarios. The influence of moving entities in these scenarios poses challenges to data association, leading to compro-

mised pose estimation accuracy. This paper proposes a novel approach that utilizes spatial reasoning to reduce the influ-

ence of dynamic entities present in an environment. Our approach, known as human–object interaction detection,

identifies the dynamic nature of an object by evaluating the intersecting area between the bounding boxes of a person

and the object. We tested our approach by extending the ORBSLAM3 RGB-D SLAM algorithm. Consequently, all

ORB features associated with dynamic objects are filtered out from the ORBSLAM3 tracking thread. To validate our

approach, we conducted evaluations on highly dynamic sequences extracted from the TUM RGB-D dataset. Our results

exhibited a significant performance enhancement over ORBSLAM3. Furthermore, in comparison to other state-of-the-

art research, our results remained competitive, given the simplicity of our approach.
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Introduction
Simultaneous localization and mapping (SLAM) is regarded
as the problem of navigating an unknown environment.
The approach is founded on navigating an unknown envir-
onment while simultaneously self-localizing and generating
a map.1 In general, SLAM is used either as a means of pro-
viding detailed maps (or models) of the surrounding envir-
onment or producing accurate positions of robots within a
given environment.2

A continuously growing topic of interest has been the
concept of visual SLAM. As opposed to the conventional
use of light detection and ranging (LiDAR) systems,

which provide trajectory and distance measurements
through data association, visual SLAM introduces the
application of cameras to provide pose estimates. The
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three dominant approaches of visual SLAM are feature-
based, direct, and red–green–blue-depth (RGB-D) SLAM.
The feature-based approach was founded on tracking and
mapping feature points, while direct methods considered
the whole image as an input, specifically the photometric
consistency between images, thus making it more computa-
tionally demanding.3

Davison et al.4 developed monoSLAM, a feature-based
method that used the extended Kalman filter to estimate
camera motion and feature positions of an unknown envir-
onment. One of the key issues of this method was the scale
of the environment, which was largely related to the extent
of computation required. The parallel tracking and mapping
method introduced the concept of using parallel threads for
tracking and mapping, thus reducing the computational cost
of the approach.5 With the introduction of utilizing different
threads for the different modules of the visual SLAM
process, later approaches adopted the technique, such as
ORBSLAM.6 A common example of the direct method
approach is LSD-SLAM,7 whereby a three-dimensional
(3D) environment is constructed as a pose-graph of key-
frames related to semi-dense depth maps.

With the development of RGB-D cameras, improved
visual SLAM approaches were introduced. These cameras
produce both RGB and depth images. Common RGB-D
cameras determine depth perception through the projection
of infrared patterns, constraining their usage in indoor
environments.3 However, depth ranges are often limited
to 5m.8 Examples of RGB-D SLAM include the work of
Endres et al.,9 who used the Kinect camera to simultan-
eously provide camera trajectory and generate dense 3D
models of indoor environments, and Salas-Moreno
et al.,10 who developed SLAM++, a method that registered
prior 3D objects to replace existing detected objects,
leading to increased mapping efficiency.

Most of these methods are limited in two key areas: lack
of interpretation of the environment and the inability to
cater to dynamic entities. The robustness and precision of
state estimation have largely been attributed to the base
assumption of a static environment. Feature extraction is
dependent on recognizing stable and unique visual elements
to facilitate tracking. Dynamic objects introduce complica-
tions such as occlusion of other objects, changes in lighting
conditions, motion blur, variations in scale, erroneous data
associations, and deformations. Consequently, the presence
of dynamic entities frequently disrupts this process, result-
ing in system failure.

Visual SLAMmethods have seen rapid progress over the
last decade in conjunction with the development of both
computer vision and machine learning algorithms. Several
approaches11,12 make use of convolutional neural networks
to detect and identify dynamic objects within a scene,
leading to the removal of dynamic feature points.
However, these approaches are limited to their predeter-
mined definition of dynamic objects. Defining static and
dynamic objects in a scene is largely attributed to the

environment. However, a key assumption in our work is
that objects that have the potential to be dynamic are nor-
mally due to human interaction. We recognize that many
other factors can cause objects to behave dynamically
(wind, animals, moving machinery, etc.), but we limit the
scope of this work to human-induced dynamics.

The current research proposes an approach that extends
ORBSLAM313 by filtering ORB features when extracted
from environments consisting of human motion and
object interaction. The approach utilizes the recently devel-
oped YOLOv814 object detection models to assist in deter-
mining a spatial relationship between humans and objects
within an environment. The contributions of the current
research include:

• The human–object interaction detection (HOID) method
utilizes spatial reasoning in either the two-dimensional
(2D) or 3D perspective to identify human–object
interactions.

• An extended RGB-D SLAM algorithm, utilizing our
HOID method, to identify and remove dynamic objects
in an environment.

Related work

Dynamic and semantic SLAM approaches
To address dynamic environments in visual SLAMmethods,
various strategies incorporate visual methods that include
both object detection and semantic segmentation. Bao Ai
et al.11 employed YOLOv415 with a dynamic object prob-
ability to mitigate the impact of dynamic entities.
Similarly, Guan et al.16 enhanced the ORB-SLAM3 frame-
work by integrating YOLOv517 for object detection in
dynamic indoor scenes.

Kaneko et al.18 presented a monocular visual SLAM
algorithm incorporating DeepLab v212 for semantic seg-
mentation, selectively excluding feature points in outdoor
dynamic areas to enhance stability. Xiao et al.19 proposed
Dynamic-SLAM, utilizing a custom solid state drive
(SSD)20 object detection model based on a convolutional
neural network, coupled with a missed detection compensa-
tion algorithm. This method emphasizes the critical role of
recall rate, particularly significant when employing object
detection or segmentation methods in SLAM algorithms.

In another approach, Zhong et al.21 proposed Detect-
SLAM, which integrates object detection and SLAM to
mutually enhance each other. This method implemented a
deep neural network, SSD,20 to detect both static and
dynamic objects. The detection of dynamic objects, com-
bined with a moving probability, was used to reduce their
influence. An object map generated by the SLAM process
was utilized as prior knowledge to enhance the object
detector.

DS-SLAM22 and DE-SLAM23 are similar in their approach
to enhancing robustness in dynamic environments. DS-SLAM
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applies a semantic segmentation model (SegNet24) to filter fea-
tures observed from dynamic objects, combining semantic seg-
mentation with a moving consistency check (based on an
optical flow technique) to omit feature points related to
dynamic objects. DS-SLAM generates an octo-tree map25

representing colored voxels with corresponding semantic
labels. Similarly, DE-SLAM focuses on highly dynamic envir-
onments by employing a combination of semantic detection
with MobileNet V2 SSD26 and adaptive particle filtering for
dynamic feature rejection, enhancing robustness against
moving objects in real-time applications. Islam et al.27 intro-
duced MVS-SLAM, which utilizes enhanced multiview geom-
etry to improve semantic RGB-D SLAM performance in
dynamic scenarios. This approach leverages semantic segmen-
tation to refine feature matching, thereby increasing the
system’s robustness in environments characterized by signifi-
cant motion.

More recently, Li et al.28 proposed YVG-SLAM, an
advancement of the ORB-SLAM3 algorithm that integrates
view geometry with the YOLOv5 algorithm to dynamically
remove feature points without relying on a priori assump-
tions. This method effectively reduces the impact of
dynamic elements by employing a feature recognition strat-
egy that determines geometric consistency in detected
bounding boxes. Similarly, Zhong et al.29 introduced
DynaTM-SLAM, a method that integrates visual and
semantic information for SLAM in dynamic environments.
They utilize YOLOv730 for object detection and apply tem-
plate matching within a sliding window to efficiently filter
dynamic feature points. Additionally, their approach
includes building an online object database to maintain con-
sistent data association for static objects, which are then
used to optimize camera poses through bundle adjustment
with semantic constraints.

Furthermore, Wang et al.31 proposed VIS-SLAM, an
innovative approach that integrates visual, inertial, and
semantic information for enhanced SLAM performance.
Their method employs a non-blocking model to extract
semantic information and assigns prior motion probabilities
to feature points based on object detections. A propagation
model is also utilized to estimate motion probabilities
for frames without semantic information. The integration
of inertial measurement unit (IMU) data assists in robot
localization by correcting errors inherent in visual data.
Experimental results demonstrate significant improvements
in localization accuracy, emphasizing the significance of
sensor fusion methods.

Fang et al.,32 presented a novel visual SLAM method
that uses semantic segmentation and a knowledge graph
to create a semantic descriptor. The knowledge graph repre-
sents the relationships between objects in the environment.
The study was motivated by the application of robotics as
an aid against cross-contamination that may occur during
the COVID-19 pandemic.

The semantic descriptor was described as a n × n matrix
consisting of scalar quantities. These quantities represent 80

different object categories that can be classified by the
semantic segmentation model (Mask R-CNN33). The
approach determined whether an object is dynamic based
on its relationship defined in the knowledge graph but
more specifically how close a human (moving object) is
to the moveable object.

Consider Figure 1, in which a random key point k, con-
sists of a human, representing a scalar quantity 1, and a
moveable object (e.g. book), representing a scalar quantity
0. Both objects are close and thus the book can be consid-
ered dynamic. Therefore, the influence of the human and
object (in terms of feature points) can be filtered out. The
size of the descriptor and the close proximity (distance) of
entities are defined in the study based on an experimental
threshold.

Fang’s descriptor introduced the concept of using masks
around a key point to discern meaningful relations between
objects and individuals. However, it was observed to be
limited by the contouring issues generated by Mask
R-CNN. To our knowledge, this is the only approach to
consider spatial reasoning, which is in relation to key
points. In contrast, our approach aims to define human–
object interactions through the intersection between object-
bounding boxes. Furthermore, our method incorporates
depth information to ascertain the significance of a 3D per-
spective in Visual RGB-D SLAM.

Limitations
These methods effectively utilize neural networks through
object recognition models to remove features associated
with predefined dynamic objects. Although these
approaches have enhanced the robustness of SLAM
systems, their performance is highly sensitive to the specific
detection models used. To improve the overall robustness
of the SLAM system, methods utilizing detection models
make use of accompanying geometry methods, such as
optical flow techniques or probability checks. Our approach
seeks to mitigate the dependency by being independent of
any particular detection model. This design allows for
greater flexibility and scalability, making our method

Figure 1. Semantic descriptor.
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adaptable to various contexts and environments of the
intended applications. Furthermore, our work places signifi-
cant emphasis on the concept of human–object interaction.
By focusing on the spatial relationships and interactions
between humans and objects, our method can discern
dynamic and potentially dynamic elements in the environ-
ment, potentially improving the accuracy and robustness
of the SLAM system.

Method
The current section details our method in three subsections.
First, the overview of the extended ORBSLAM3 approach
is given. We then present the use of YOLOv8 and the def-
inition of dynamic objects. Finally, we describe the HOID
method in depth.

System overview
Our approach extends the use of ORBSLAM3, which
was built on the preceding ORBSLAM2.34 The algorithm
supports both visual and visual–inertial modes on mon-
ocular, stereo, and RGB-D systems. In principle, our
method will be able to extend various visual SLAM algo-
rithms and is not limited to specific features. We aimed to
improve the RGB-D system and make use of the depth
information. The system architecture is presented in
Figure 2.

The integration of the HOID method into the
ORBSLAM3 framework involves specific modifications
to the tracking thread to filter dynamic features. The follow-
ing steps outline the detailed integration process:

1. Feature extraction and initial processing: The track-
ing thread first extracts ORB features from the current
RGB frame and associates these features with depth
information from the corresponding depth image.

2. HOID filtering process: After feature extraction, the
tracking thread invokes the HOID method to analyze
human–object interactions within the frame. The
HOID method utilizes object detection to identify
dynamic entities by analyzing the overlap between
object-bounding boxes and human-bounding boxes in
the RGB frame. If the interaction area between a
human and an object exceeds a predefined threshold,
the object is classified as dynamic. A more detailed
explanation of the HOID method is provided in a subse-
quent section of this paper.

3. Dynamic feature exclusion: ORB features associated
with dynamic objects are filtered out, ensuring that
only static features remain for further processing. This fil-
tering process helps exclude the dynamic features from
subsequent SLAM computations, thereby enhancing
the robustness of the system in dynamic environments.

4. Reintegration into ORBSLAM3 architecture: The
static features obtained after the HOID filtering

Figure 2. System overview.
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process are reintegrated back into the original
ORBSLAM3 architecture. These static features are
then used for pose estimation and map updates, main-
taining the integrity and accuracy of the original
ORBSLAM3 system.

Object detection
Object detection is a vast field, encompassing various algo-
rithms and datasets. There have been a number of object
detection models that have been applied within the
SLAM and robotics field. Some of the popular approaches
include Faster R-CNN35 and YOLO.36 In addition to clas-
sifying and localizing objects using bounding boxes, seg-
mentation models have gained favor for their ability to
preserve object shapes through masking.

In the context of the work presented by Fang et al.,32

Mask R-CNN exhibited issues along the contouring of the

classified objects. This is not ideal as it may result in
errors when determining whether objects are interacting
with one another. Therefore, our implementation utilized
the latest version of the YOLO models, YOLOv8 by
ultralytics.14

YOLOv8 is not limited to detection but also includes
models that incorporate segmentation, pose estimations,
and tracking. Our method requires bounding box informa-
tion and will therefore focus on detection. Table 1 repre-
sents the performance of pre-trained YOLOv8 models, on
the COCO dataset. As the mean average precision (mAP)
increases, so does the inference time. Furthermore, while
the choice of model can impact object identification preci-
sion, our approach is versatile and the model can be
changed to suit the desired performance.

Using object detection, it is possible to remove objects
from a scene based on selecting classes of interest that
have been defined as dynamic. Our approach only
assumes humans as a dynamic class and that objects are
dynamic solely due to human interaction. Given that the
YOLOv8 models were pre-trained on the COCO dataset,
the following objects were chosen to be potentially
dynamic: chair, cup, book, bottle, keyboard, laptop,
mouse, person, and TV/monitor. The selection of the
dynamic objects was based on objects typically found in
the TUM dataset,37 on which our approach was evaluated.
Selection criteria for dynamic objects will be context-
dependent and tailored toward the specific environment
being mapped.

Table 1. Performance of YOLOv8.14

Model mAP

YOLOv8n 37.3

YOLOv8s 44.9

YOLOv8m 50.2

YOLOv8l 52.9

YOLOv8x 53.9

mAP: mean average precision.

Figure 3. Human–object interaction detection.

Indermun et al. 5



Human–object interaction detection
This paper introduces a novel approach for deducing
human–object interactions by leveraging spatial reasoning.
Figure 3 provides an overview of the HOID method. We
utilized two distinct versions of the method. The initial
version relied solely on the RGB frame, the generated
ORB features, and a list of potentially dynamic objects.
Similar to Fang’s descriptor, these relationships were
detected from a 2D standpoint. In a subsequent iteration,
we incorporated the depth image to refine the selection of

object feature points. This was achieved by discerning rela-
tionships in the 3D space.

The premise behind the method is founded on the inter-
acting area between the bounding box of a person and a
potentially dynamic object. The interacting area pertains
to the shared region between two bounding boxes and the
extent to which they overlap. If the ratio between the over-
lapped area and the object area is greater than a certain
threshold, referred to as the area of interaction, it is
assumed that human–object interaction is detected.
Therefore, determining the object to be dynamic.

Figure 4. Interacting area scenarios.

Figure 5. Feature removal process.
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In Figure 4, three example object scenarios are pre-
sented. Object A is completely encompassed within a
person’s bounding box, classifying it as dynamic. Object
B exhibits an area surpassing the designated minimum
interaction area, hence it is also classified as dynamic. In
contrast, Object C displays an area below the specified
threshold for interaction, rendering it non-dynamic.
Consequently, ORB features from bounding boxes (a)
and (b) would be removed.

In order to potentially enhance the precision of the pro-
posed SLAM method, we considered depth data. Once an
object met the criteria for being considered dynamic in rela-
tion to the interaction area, a second filtering step was
implemented. This involved comparing depth data using
sample boxes positioned at the center of both the object
and person bounding boxes. If the disparity between these
sample boxes fell below a predefined depth threshold, it sig-
nified that the object was in close proximity to the person.
Consequently, such an object was classified as dynamic,

and its associated features were subsequently removed. A
significant assumption of this approach is that the object
is ideally positioned at the center of the corresponding
bounding box. However, this assumption may not hold
true, especially for narrower objects. A flow diagram repre-
senting the feature removal process for both the 2D and 3D
methods is shown in Figure 5.

We display our method using a single RGB-D frame
extracted from a sequence within the TUM dataset. In
Figure 6, we present the observed detections and 1000 gen-
erated ORB features. Implementing the HOID method with
a minimum interaction area set at 0.4 effectively eliminates
dynamic features, as depicted in Figure 7(a). Introducing
depth into the analysis, with a corresponding limit of 0.2
m, reveals the retained features, as illustrated in
Figure 7(b). Both figures emphasize the impact of including
depth in preserving features. However, the effectiveness of
retaining or removing features is discussed in the next
section.

Experimental results and discussion
To assess the performance of our proposed RGB-D SLAM
method, we utilized the TUM dataset. This dataset is a valu-
able resource containing both RGB-D images and corre-
sponding ground-truth data, specifically designed for
evaluating visual SLAM techniques. It encompasses a

Figure 6. Sample frame with generated ORB features and

YOLOv8 detections.

Figure 7. Sample frames from our approach.

Table 2. Trajectory errors [m] on the minimum area of

interaction.

Minimum area

Sequence 0.2 0.3 0.4

f3-walking-static 0.0087 0.0078 0.0084

fr3-walking-xyz 0.0162 0.0154 0.0152

fr3-walking-halfsphere 0.0349 0.0315 0.0278

Indermun et al. 7



diverse range of scenes, including static and dynamic
scenarios.

For our research, we focused on three primary subsets
within the dataset: f3-walking-static, f3-walking-xyz, and
f3-walking-halfsphere. These subsets represent high-
dynamic scenarios featuring two individuals walking in
an office environment. This selection allows us to rigor-
ously evaluate the robustness and effectiveness of our
approach in real-world, highly dynamic settings. Each set
consists of a sequence of images recorded at a frame rate
of 30 fps with a resolution of 640 × 480. All three
sequences underwent five iterations, with the median
value chosen as the final result to ensure accuracy and
consistency.

Prior to performing a comparison against ORBSLAM3
and the current research, it was necessary to determine
the minimum area of interaction. The resulting root mean
square error (RMSE) of the absolute trajectory errors
(ATEs) are shown in Table 2. Throughout the experimental
runs, the optimal range that demonstrated the lowest errors
fell within 0.2 to 0.4. Specifically, an interacting area of 0.3
resulted in the lowest ATE for the f3-walking-static
sequence, whereas an area of 0.4 yielded the lowest ATE
for the f3-walking-xyz and f3-walking-halfsphere
sequences. Consequently, the chosen minimum interaction
area was set at 0.4.

The determination of the depth limit is inherently con-
textual, as it pertains to defining the proximity at which a

human is deemed to be in alignment with an object. We
have decided to set this limit at 0.2m, a threshold we con-
sider subjectively proximate enough for meaningful
human–object interaction. This parameter directly correlates
with the measurement of distance differences between
objects.

Table 3 shows the performance comparison between
ORBSLAM3 and our method. There is a significant
improvement observed in our approach. Figures 8 and 9
represent the trajectories for ORBSLAM3 and our approach
with respect to the f3-walking-xyz subset, respectively. In
the context of our study, the observed gap in trajectory at
the initial and final segments of the generated trajectory is
attributed to the time-stamp associations between RGB
and depth images. Given our emphasis on enhancing

Table 3. ATE represented in meters as the RMSE, mean and median values.

ORBSLAM3 Ours

Sequence RMSE Mean Median RMSE Mean Median

fr3-walking-static 0.4169 0.4014 0.4411 0.0084 0.0070 0.0013

fr3-walking-xyz 0.7580 0.6420 0.6250 0.0152 0.0134 0.0123

fr3-walking-halfsphere 0.2146 1940 0.1895 0.0278 0.0235 0.0208

ATE: absolute trajectory error; RMSE: root mean square error.

Figure 8. ORBSLAM3 trajectory from f3-walking-xyz sequence. Figure 9. Our approach trajectory from f3-walking-xyz

sequence.

Table 4. Computation analysis.

Algorithm Method

Computation

time (ms)

DS SLAM22 Moving consistency check 29.5

DynaSLAM38 Multiview geometry &

Background inpainting

±400

DynaTMSLAM29 Template matching 4.33

Ours HOID 12

HOID: human–object interaction detection.
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RGB-D SLAM, such occurrences are consistent. The
subsets f3-walking-static and f3-walking-xyz demonstrated
a significant improvement of 98%, while the f3-walking-
halfsphere subset showed an 87% enhancement.
Evidently, our method exhibits a greater performance than
ORBSLAM3 in highly dynamic environments.

Our approach has been compared to current research
methods that have aimed to improve the robustness and per-
formance of visual SLAM within dynamic environments.
The comparison can be seen in Table 5. Our results are
competitive with the literature, achieving the lowest error
in the f3-walking-halfsphere subset. Furthermore, our
method stands out by eliminating the need for supplemen-
tary motion checks or optical flow, relying instead on
spatial reasoning within a frame. It is worth noting that
the method’s performance is contingent upon the speed
and efficiency of the object detection model. Therefore,
the speed of our method is limited to the inference speed
of the selected model. Ignoring the detection model, the
process of filtering features and removing dynamic
objects averaged 12ms per frame. The computation speed
is based on the following laptop specifications: 7th
Generation Intel i7-7700HQ, 3.8GHz processor, 4x
Cores, 8x Threads with 16GB RAM, and an NVIDIA
Geforce GTX 1060 6GB GDDR5 graphics card. All pro-
cessing involved frames of 640 × 480 resolution and the
programming was done in C++ on Ubuntu 20.04.6 LTS.
Assessing and enhancing computational efficiency is con-
tingent upon effective resource management and the spe-
cific hardware configuration utilized, which complicates
direct comparisons with existing literature. To accurately
evaluate and benchmark computational efficiency, it is
imperative to assess resource utilization across diverse
hardware configurations. Nonetheless, considering this
complexity, Table 4 presents a comparison of time perform-
ance based on the primary method employed, excluding
detection speeds. It is important to acknowledge that not
all methods were designed for real-time performance.
However, the study conducted by Zhong et al.29 demon-
strated the fastest computational time.

In the second iteration of our method, we explored the
integration of associated depth images to assess the poten-
tial enhancement of 3D spatial reasoning on performance.
This entailed a comparison of depth data, where sample
boxes positioned at the center of both the object and
person bounding boxes were compared. A sample box
size of 20 × 20 was specifically chosen for objects related
to the dataset. The selection of a sample size is contingent

upon the objects within an environment. However, the limi-
tation of this method stems from the assumption that most
objects are not narrow and cover a substantial area within
their bounding boxes. The use of segmentations for com-
paring depth data may prove more advantageous, and this
avenue will be explored in future work.

Table 6 presents a comparison between the 2D and 3D
methods. Notably, the differences between the two
approaches are minimal, with the most significant gap
being 14.7%, favoring the 2D method in the f3-walking-
halfsphere sequence. It appears that the inclusion of depth
data does not necessarily improve the approach, as it
retains features not aligned with the people within the
scene. This suggests that the removal of features through
a 2D perspective might yield more benefits. In a scene
where a person moves across objects, their movement can
negatively influence the features being tracked on an
object. The HOID approach employs a minimum area of
interaction, removing these influences shortly before and
after a person has moved across it.

The comparison of both methods is constrained to the
TUM dataset, and a more comprehensive assessment can
be achieved in a dataset with increased instances of
human–object interaction. Additionally, both methods
face limitations concerning the space a human occupies
within a given frame, as the corresponding bounding box
removes a considerable number of feature points.
Arguably, this might not be as large a drawback, given
that scenes where humans dominate the frame would inher-
ently pose challenges to tracking regardless.

The potential of the 3D method should become more
beneficial in scenes illustrating clear interactions between
humans and objects. Moreover, this approach holds
promise for applications in semantic SLAM, where the
extraction of detailed scene information is highly desirable.
We intend to further explore these scenarios in future
research.

Table 5. Absolute trajectory error (ATE) [m] comparison with current research.

Sequence Yue et al.22 Bescos et al.38 Zhong et al.21 Fang et al.32 Guan et al.16 Zhong et al.29 Our approach

fr3-walking-static 0.0081 0.0068 – 0.0104 – 0.0068 0.0084

fr3-walking-xyz 0.0247 0.0156 0.0241 0.0164 0.0140 0.0149 0.0152

fr3-walking-halfsphere 0.0303 0.0301 0.0514 0.0923 0.0550 0.0291 0.0278

Table 6. ATE RMSE for 2D and 3D method.

Sequence HOID 2D HOID 3D

fr3-walking-static 0.0084 0.0087

fr3-walking-xyz 0.0152 0.0153

fr3-walking-halfsphere 0.0278 0.0326

ATE: absolute trajectory error; RMSE: root mean square error; 2D:

two-dimensional; 3D: three-dimensional; HOID: human–object

interaction detection.

Indermun et al. 9



Conclusion
This paper introduces a novel approach that leverages spatial
reasoning to mitigate the influence of dynamic entities within
an environment. Our method was tested by building upon the
open-source visual SLAM algorithm, ORB-SLAM3.
Referred to as HOID, our approach determines whether an
object is dynamic by analyzing the shared intersection
between the object and a person’s bounding boxes. If the
interacting area exceeded an experimentally defined thresh-
old, the objects were classified as dynamic. Consequently,
the associated features were eliminated and reintegrated
into the tracking thread of the algorithm.

To evaluate the effectiveness of our method, we con-
ducted tests on dynamic sequences from the TUM dataset.
Our method significantly outperformed ORBSLAM3 in
dynamic scenarios. Furthermore, our results were competi-
tive with the literature. Considering the simplicity of our
method, human–object spatial reasoning proved capable of
effectively improving pose estimation.

Our findings highlight several broader implications for
the field of robotics and autonomous systems. By effect-
ively filtering out dynamic features, the HOID method
enhances the accuracy and reliability of visual SLAM
systems in dynamic environments, which is crucial for the
deployment of autonomous robots in real-world scenarios
where dynamic interactions are common. Furthermore,
the ability to detect and exclude dynamic human–object
interactions significantly improves the safety and efficiency
of robots operating in close proximity to humans, with
important implications for collaborative robots (cobots) in
industrial and service applications. Furthermore, our research
lays a foundation for further studies into dynamic SLAM,
encouraging the development of more advanced algorithms
that incorporate additional dynamic factors and improve
computational efficiency.

However, while our study presents promising results,
several limitations should be acknowledged. The evaluation
was primarily conducted using the TUM RGB-D dataset,
which, while widely recognized and extensively used,
may not fully encompass the range of dynamic scenarios
encountered in real-world environments. Our focus on
human–object interactions as the primary source of dynam-
ics excludes other potential dynamic factors such as moving
machinery and environmental conditions.

A second iteration of our method incorporated the use of
depth information. However, it was found that there was no
significant change to warrant integrating depth perception.
As a result, our findings suggest that retaining features of
objects not aligned with a human-led to a higher level of
error. The inclusion of depth may be beneficial for semantic
SLAM applications, where extracting more contextual
information of an environment is desirable. We aim to
investigate this further.

Future research should aim to incorporate more diverse
and highly dynamic datasets to understand the full potential

and limitations of our approach in various real-world scen-
arios. This will help assess the scalability of the method in
handling more complex dynamic environments.
Additionally, we aim to extend the application of HOID
to encompass both semantic and risk-aware navigation, to
potentially improve the overall reliability and safety of
autonomous systems. We plan to investigate this further
and implement our approach in real-world scenarios involv-
ing increased human–object interaction to generate
semantic-based maps.
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