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Abstract— Walk2Map has emerged as a promising data-
driven method to generate indoor traversability maps based
solely on pedestrian trajectories, offering great potential for
indoor robot navigation. In this study, we investigate a
novel approach called Walk2Map++, which involves replacing
Walk2Map’s first-person sensor (i.e., IMU) with a human
observing third-person view from the robot’s onboard camera.
However, human observation from a third-person camera is
significantly ill-posed due to visual uncertainties resulting from
occlusion, nonlinear perspective, depth ambiguity, and human-
to-human interaction. To regularize the ill-posedness, we pro-
pose integrating two types of constraints: photometric (i.e.,
occlusion ordering) and physical (i.e., collision avoidance). We
demonstrate that these constraints can be effectively inferred
from the interaction between past and present observations,
human trackers, and object reconstructions. We depict the
seamless integration of asynchronous map optimization events,
like loop closure, into the real-time traversability map, facilitat-
ing incremental and efficient map refinement. We validate the
efficacy of our enhanced methodology through rigorous fusion
and comparison with established techniques, demonstrating
its capability to advance traversability prediction in complex
indoor environments. The code and datasets associated with this
study are available for further research and adoption in the field
at https://github.com/jonathantyl97/HO3-SLAM.

I. INTRODUCTION

Traversability prediction, which involves visually recog-
nizing whether a particular area on a 2D floor is navigable
or not, presents a fundamental challenge in visual robot nav-
igation. This problem has been approached through various
formulations, such as region-wise traversability prediction
[1]–[13]. However, most existing studies have focused on
outdoors with good visibility, such as grasslands or corridors.
In contrast, in crowded, occlusion-prone environments such
as offices, these techniques are severely limited in their
applicability. Figure 1 shows an example of such a crowded
office, where the floor area is difficult to see directly.

Several recent studies have reported traversability studies
targeting office environments. Kucner et al. [14] focused on
constructing maps of dynamics (MoDs), which encode se-
mantic information regarding typical motion patterns within
a given environment using laser range finders. Meanwhile,
Alempijevic et al. [15] addressed the mapping of human
motion dynamics by utilizing interactions with humans to
identify areas where traversability changes occur. Addition-
ally, Papadakis et al. [16] proposed a generative methodology
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Fig. 1. Vision-based traversability prediction is an open problem in crowded
office environments where occlusions and obstacles are rich. In a crowded
dynamic scene, it is difficult to obtain a good point cloud map and human
detection due to occlusions and obstacles. The left and right panels show the
DSO point cloud map and Detectron2 human detection mask, respectively.

to enhance mobile robot mapping and navigation in indoor
environments, leveraging human spatial activity for passage
detection and occupancy prediction, while effectively mit-
igating false positive human detections using prior map
information. Nevertheless, its focus is primarily on scenarios
characterized by minimal obstacles and occlusions, leaving a
significant gap in addressing challenges prevalent in typical
office environments. The broader issue of navigating through
general office spaces remains largely unresolved.

To address the issue of obstacles and occlusions in a
scene, a new data-driven approach to constructing floor plans
known as Walk2Map [17] has recently emerged and gained
traction. This method offers a simple yet powerful means
of generating floor plans based solely on the trajectories
of individuals walking indoors. The advancements inspire
it in affordable and high-performance equipment, such as
IMU measurements on smartphones and data-driven inertial
odometry. Remarkably, the floor plans generated through
Walk2Map exhibit exceptional quality, it can be seen that
it has ideal qualities as a traversability map [18] for mobile
robots. However, the use of this floor plan as a traversability
map for autonomous mobile robot applications is severely
limited by the requirement to equip pedestrians with odome-
ters. Overcoming this hurdle is a key focus of our research.

In this study, we investigate a novel approach called
Walk2Map++, which involves replacing Walk2Map’s first-
person sensor (i.e., IMU) with a human observing third-
person view from the robot’s onboard camera. This inno-
vative approach offers several advantages. Firstly, it enables

2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)
October 14-18, 2024. Abu Dhabi, UAE

979-8-3503-7769-9/24/$31.00 ©2024 IEEE 11601



the acquisition of the traversability map in a robot-centric
coordinate system as opposed to a pedestrian-centric one,
facilitating long-horizon path-planning by robots. Moreover,
measurement data from multiple pedestrians can be collected
in real-time without relying on wireless networks, hence the
efficiency of map construction is enhanced. In this case,
our approach shares the same objective with dynamic map-
building approaches such as DynaSLAM [19] in that it
uses people observation and obstacle reconstruction to build
dynamic environment maps. Still, the key difference is that
we focus on the efficient building of a traversability map
rather than 3D point cloud maps.

To address the problem’s ill-posed nature, we leverage
photometric and physical constraints, focusing on human-
object occlusion ordering and collision avoidance. These
constraints are inferred from observations using object re-
construction and human trackers. We also demonstrate real-
time integration of asynchronous map optimization for in-
cremental traversability map refinement. Our methodology
is compared with established techniques, validating its ef-
fectiveness in improving traversability prediction in complex
environments.

The contributions of this paper are as follows: (i) We
address Walk2Map++, a challenging problem that replaces
Walk2Map’s first-person sensor (i.e. IMU) with a human ob-
serving third-person view from a robot’s onboard camera. (ii)
Establishing dynamic relationships and physical constraints
between moving humans and stationary objects through the
utilization of SLAM and human detectors, which enables
the observation of interactions within the environment. (iii)
Employing photometric constraints to determine dynamic hu-
man locations in the transition from 3D to 2D space through
a novel occlusion ordering algorithm and human pose esti-
mation methods, and further enhancing the understanding of
human positions in complex scenarios. (iv) Evaluation of the
method’s effectiveness through a concrete performance index
for traversability maps, validated via fusion and comparison
with well-known methods in comprehensive real-world ex-
periments. (v) The code and datasets associated with this
study are publicly available1, facilitating further research and
adoption in the field.

II. RELATED WORKS

A. Traversability Prediction

Traversability prediction, a prominent facet of computer
vision research, has undergone notable advancements within
the supervised learning paradigm [20]. Recent methodologies
exhibit the evolving landscape of this field, expanding its
scope from outdoor terrains to intricate indoor environments.
Researchers have explored the effectiveness of generating
control commands based on onboard sensor data, demon-
strating efficacy in predicting traversable regions within
complex indoor spaces [21]. A noteworthy trend involves the
exploration of self-supervised frameworks for autonomous

1https://github.com/jonathantyl97/HO3-SLAM

robot applications, addressing challenges such as long-
range traversability [22], RGB-D traversability prediction
[23], visibility challenging environments [24], and hazardous
forest scenarios [25]. These frameworks capitalize on the
synergistic use of Simultaneous Localization and Mapping
(SLAM) and Multi-Object Tracking (MOT), monitoring both
stationary objects and moving entities in real-time to enhance
overall traversability prediction. In addition to supervised
learning, emerging semi-supervised [26] and unsupervised
[27] frameworks, leveraging scene geometry, appearance,
and range-color information, show promise. However, these
existing methods do not assume crowded or occlusion-rich
environments and do not provide effective clues to the
floor area in these challenging environments. In contrast,
our approach allows the emphasis on predicting traversable
areas within occluded regions, a critical aspect for navigating
challenging terrains with restricted visibility, marking a sig-
nificant stride toward the development of autonomous robot
systems adept at handling complex environments.

B. Human Moving Trails Observation

In addressing the enduring challenge of scene arrangement
recovery under moderate to heavy occlusion in monocular
video analysis, Monszpart et. al. introduce iMapper [28], a
data-driven method that uniquely leverages the correlation
between human-object interactions and scene-object arrange-
ments. By identifying characteristic interactions and em-
ploying an innovative occlusion-aware matching procedure,
iMapper yields substantial advancements in both scene anal-
ysis and 3D human pose recovery, particularly in scenarios
with medium to heavy occlusion, as demonstrated through
rigorous quantitative and qualitative evaluations. The idea of
creating maps from human observations in a fixed camera or
non-occluded setup is not new [29]. Our main difference
is that we use a moving camera and assume a crowded
environment with rich occlusions and obstacles.

On the other hand, Walk2Map [17] is a data-driven ap-
proach for constructing floor plans solely from the trajecto-
ries of people walking indoors. It leverages the movements
of individuals equipped with ego-motion sensors, such as
IMU (Inertial Measurement Unit) measurements on smart-
phones, to generate high-quality floor plans. We observe that
these floor plans are of good quality and could be used as
traversability maps for indoor robot navigation. However,
Walk2Map assumes that a first-person sensor such as an
IMU will be attached to a human, and is not intended for
use in autonomous mobile robots. In contrast, in this study,
we wish to achieve the same functionality (Walk2Map++) by
not relying on that premise and using the robot’s third-person
camera as the sole sensing device.

III. APPROACH

We present an overview of our approach in Figure 2, which
provides an overview of the proposed Walk2Map++ ap-
proach and the whole framework. Walk2Map++ takes image
sequences as input and outputs a traversability map (Section
III-A). Walk2Map++ aims to realize the functionality of
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Fig. 2. Block diagram of framework: All modules are interconnected via ROS (Robot Operating System). The PHYS module comprises DSO (Direct
Sparse Odometry) and is responsible for generating point clouds utilized by other modules. Within the PHOT module, a Human-Object Occlusion Ordering
Algorithm is employed to extract occlusion ordering information, which is then combined with point cloud coordinates derived from Detectron2 human
masks. Additionally, the Walk2Map++ module utilizes human pose estimation to predict human distance from the camera and estimate traversable regions.
These traversability maps are visualized using the rviz visualizer. In the traversability map image, the red box represent the estimated human location,
hence the traversable region. The grey path indicates the traversable region, which has been walked by the human. The grey path is inprinted by the red
boxes.

Fig. 3. Traversability prediction under severe occlusion. Left: Conven-
tional first-person-view setup with IMU. Right: Proposed third-person-view
monocular vision setup.

Walk2Map using a third-person robot view instead of a first-
person view human equipped with an IMU sensor, generating
a traversability map in grid map format solely from the
trajectories of people walking indoors, as shown in Figure 3.
This module restricts human locations by analyzing human
behavior and makes the traversability map as accurate as
possible (Section III-B). However, this base method alone
may not provide sufficient performance under crowded and
occlusion situations. Two more modules will be introduced
for augmentation. Primarily, leveraging the physical con-
straint of humans avoiding collisions with obstacles, we
constrain human behavior towards incremental obstacle maps
to enhance the accuracy of the traversability map (Section
III-C). Secondly, based on the occlusion ordering between
humans and obstacles, a photometric constraint is introduced

Fig. 4. Top-left: The projection of point clouds to the keyframes visualize;
Top-right: Human mask used for occlusion ordering algorithm; Bottom-left:
DSO; Bottom-right: Traversability map visualized with rviz visualizer.

to constrain the depth ordering of humans and obstacles from
the camera’s viewpoint to further enhance the accuracy of the
traversability map (Section III-D). Additionally, incremental
map updates are supported for asynchronous map optimiza-
tion during loop closing (Section III-E). Figure 4 shows the
different modules of our framework.

A. Traversability Map

The traversability map constitutes a vital component
within the operational framework of the robotic system,
manifesting as a two-dimensional grid overlaying the mobile
plane of the robot. The grid, characterized by its discrete
partitioning into cells, adheres to a spatial resolution of 10 cm
× 10 cm, meticulously structured to facilitate precise naviga-
tion. Through extensive analysis, it has been determined that
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the adoption of a finer cell granularity yields only marginal
enhancements in performance, while significantly amplifying
both computational overheads and storage requisites.

Each cell within the grid is endowed with the capacity
to assume one of three distinct states:“traversable,” denoting
navigable terrain; “untraversable,” indicative of impassable
regions; and “unknown,” signifying areas yet to be surveyed
or categorized. In the initialization phase, all grid cells
uniformly commence with an initial state of “unknown,”
awaiting subsequent evaluation and classification.

Tcombined = T1 ∩ T2 (1)

Finally, we update the traversability map based on the
obstacle map using Equation 1, where Tcombined signifies the
common traversable area that is present in both T1 and T2.
T1 indicates the traversable map created by Walk2Map++,
a human pose distance estimation method (Section III-B),
while T2 indicates the traversable map created by photomet-
ric constraints using a novel human-object occlusion ordering
algorithm (Section III-D).

B. Walk2Map++

Walk2Map++ endeavors to accurately predict the position
of humans relative to the camera by analyzing their heads and
posture. Building upon prior research on pedestrian posture
analysis, it has been observed that the length of a pedestrian’s
torso remains relatively constant during walking, providing
valuable insight for position analysis.

D = k · f · L
∥P1 − P2∥

(2)

Specifically, utilizing the measured torso length denoted
as L and the distance from the camera to the human torso
denoted as D. f is the focal length of the camera and ∥P1−
P2∥ represents the Euclidean distance between the two torso
keypoints. The relationship is established through Equation
2, where Euclidean distance calculation is employed. In this
study, we utilize the state-of-the-art human pose estimation
model - OpenPose [30], for this purpose. The human pose
tracking model used is a pre-trained lightweight model.

Prior to model implementation, parameter calibration is
imperative, with a focus on determining the key parameter
k in Equation 2. k is the calibration constant which helps
to account for any discrepancies between the ideal pinhole
model and the actual camera system. Utilizing two keypoints
from human pose estimation, such as those illustrated in
Figure 5, allows for the inference of torso length in pixel
units. However, it’s important to note that the 3D coordinates
do not directly translate to physical distances in meters,
necessitating the application of a scale factor. Additionally,
accurate measurements based on known distances or sizes
of objects within the scene are essential for the precise
determination of D.

This torso-keypoint-based method demonstrates robust-
ness compared to alternative approaches, as it does not
require pedestrians to consistently face the camera for key

Fig. 5. (Left, Middle): Human-centric coordinate system. As shown in the
middle figure, keypoint 1 and keypoint 8 is used as a reference point of
torso length.(Right): The relationship between occluder’s feature point and
occluded human’s region.

points acquisition; rather, keypoints data can be obtained as
long as the pedestrian is within the camera’s view. Therefore,
the algorithm is deemed valid at all angles of observation.

C. Physical Constraints (PHYS)

Motivated by the fact that obstacle areas are more fre-
quently visible than traversable floor areas, we construct
an online obstacle map and simultaneously constrain the
position of the human using physical constraints of humans
avoiding collisions with obstacles. For this purpose, we
employ DSO [31] because this specific SLAM algorithm
provides high discrimination ability between dynamic and
static objects, yielding a reasonably dense point cloud format
obstacle map. Moreover, it is common for floor and ceiling
areas to be omitted from the obstacle map due to occlusion
and it’s necessary to note that obstacles positioned higher
than human height do not pose physical constraints on hu-
mans. Therefore, specifically, through the following steps, we
generate a two-dimensional high-confidence obstacle map:
(1) Using the torso key points from human pose estimation,
the estimated distance of humans from the camera is ob-
tained, and then translated into 2D space of traversability
map. The estimated human location area is painted and
defined as “Traversable” in the traversability map. (2) DSO
point clouds that are on the ceiling, floor, and too far from
the camera are filtered out. (3) The traversable area from both
human pose estimation and occlusion ordering algorithm is
found. The intersection between both traversability maps is
updated into the final map.

D. Photometric Constraints (PHOT)

Occlusion serves as both a hindrance to the recognition of
third-person viewpoint cameras and a cue for determining the
depth order between humans and obstacles. By combining
information from the human masks obtained through Detec-
tron2 [32] and the point cloud extracted from DSO, we have
developed an occlusion ordering algorithm. We utilize a pre-
trained Detectron2 model to generate accurate human masks
from the camera frames, and these masks are then combined
with the point cloud obtained from DSO to create a fused
representation. This algorithm analyzes the fused information
to determine the occlusion order between humans and objects
in the scene, aiding in more accurate scene understanding.
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Fig. 6. Left: Occlusion ordering algorithm; Right: Grouped cluster point
cloud visualized in rviz visualizer. Purple cluster indicate points that are in
front of the human, orange cluster indicate points that are behind of the
human.

The algorithm is employed to determine whether the points
are positioned in front of or behind the human with a higher
likelihood.

As shown in Figure 5, the red point represents the point
with coordinates (xpoint and ypoint), while (xmin, xmax,
ymin, and ymax) represents the x and y range of the human
area. Armed with this information, we can subsequently
infer that pedestrians are likely situated amidst clusters of
point clouds, indicating a higher probability of traversability
within the intermediate area. If xpoint and ypoint are in x
and y range, then the point is in front of the human with
a higher probability. Each cell within the grid is endowed
with the capacity to assume one of three distinct states:
“traversable”, denoting navigable terrain; “untraversable”, an
indicator of impassable regions; and “unknown”, signifying
areas yet to be surveyed or categorized. In this study, the
values assigned to the points are subsequently reflected on
the traversability map, with clusters of points being classified
and grouped. The grid map contains values ranging from 0
to 255. Traversable areas are designated by a decrease of 5,
while obstacles are marked by an increase of 10. From these
clusters, we can deduce the potential location of a human
situated between them, as illustrated in Figure 6.

It is essential to underscore that our occlusion ordering
algorithm is grounded in a specific assumption: the upper
body of the pedestrian is frequently unoccluded. While
this assumption may not be extensively discussed in the
current context, it is crucial to highlight that, in practical
scenarios, this assumption often proves accurate and is not
deemed excessively restrictive. However, it is imperative to
acknowledge that the occlusion ordering algorithm becomes
ineffective when the human body is fully occluded or when
most of the body is occluded. In such cases, these instances
will be disregarded, and the algorithm will wait until the
upper body of the human becomes visible again.

E. Asynchronous Map Fusion

In order for the traversability map reconstruction task to
function as an add-on to an existing online SLAM system
and support incremental map construction, we implement the
ability to dynamically update optimized traversability maps
to properly reflect various asynchronous map optimization
events, such as SLAM loop closures and map merging. Our
devised framework seamlessly integrates modules, DSO [31],
Human pose estimation for human distance estimation, and
human occlusion ordering algorithm.

(a) (b)

Fig. 7. (a) Online Traversability Map: In our traversability map, the red box
represents the current camera position while the green box represents the
estimated human location. The gray region indicates the human trail, hence
the traversable region. The black lines indicates the obstacles or point cloud
clusters. (b) Observer Robot set up, with a right-facing monocular camera
mounted on the platform of approx. 1m height from ground

Walk2Map++, PHYS and PHOT mentioned so far all
provide a traversability area relative to the robot pose, so
they are valid even if the robot pose is modified via map
optimization events, there is no need for re-computation.
To generate a sparse point cloud map, a video stream is
fed into DSO. Concurrently, these points are projected onto
keyframes. The occlusion ordering algorithm, in tandem
with the Detectron2 [32] human mask and YOLOv7 [33]
human detection model, discerns the occlusion hierarchy of
humans and point cloud. Detectron2’s detection outcomes,
represented by bounding boxes, ascertain the location of
the human body, informing both human pose estimation
and occlusion ordering algorithm modules to predict the
human’s location and consequently determine the traversable
region. The final prediction of the traversable region is the
intersection of these two areas, culminating in a cohesive
representation within the complete framework, as shown in
Figure 7(a).

For PHYS, the traversability map can be generated on
the fly by considering the point cloud from the DSO map
as obstacles (Untraversable areas). In PHOT, the robot’s
viewpoint provides crucial information for the traversability
map, with the relative position of the human observed in each
frame. Additionally, the traversability map is continuously
updated on the fly.

IV. EXPERIMENTAL RESULTS

A. Data Preparation

We conducted an extensive data collection process to
curate three distinct datasets, each comprising multiple hu-
man subjects and strategically positioned objects simulating
crowded scenarios, as shown in Figure 8. To diversify the
scenarios, we arranged static objects in various configu-
rations such as I-Configuration, L-Configuration, and T-
Configuration setup, as exemplified in Figure 9. All setups
were confined within an area of approximately 6 m × 10 m,
with each data collection session covering a travel distance
of 20 m and lasting approximately one minute. The human
subjects in the setup were moving around during the data
collection process.
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Fig. 8. I-Shape path experimental set up which simulates a crowded indoor
scene.

To ensure data quality, we captured all datasets in video
format at a frame rate of 30 frames per second. Notably,
meticulous attention was paid to environmental setup, with
tables of dimensions approximately 80 cm × 60 cm × 250
cm (Height x Width x Length) arranged to emulate realistic
scenarios.

A monocular camera mounted on the right side of the
robot’s platform of 1 m from the ground efficiently captured
high-quality images and videos of our experimental setup, as
illustrated in Figure 7(b). Video streams were input into DSO
and results were recorded using the ROS rosbag functionality
to generate corresponding (.bag) files containing exclusive
DSO outputs. Point cloud coordinate information extracted
from DSO outputs facilitated map construction in subsequent
modules.

For map generation, we utilized the ROS map server tool
[34], enabling map creation and storage in image format
(.png) for visualization or in Portable Gray Map format
(.pgm) to facilitate evaluation tests. Before map evaluation
and ablation studies, a ground truth reference was established
using the original DSO point cloud map. Manual measure-
ments of table sizes and annotation of ground-truth objects
were performed, followed by post-processing steps including
dilation [35], denoising [36], and C-obstacle [37] analysis to
refine the map and minimize noise, ensuring accuracy and
reliability.

B. Performance Index

The evaluation method adheres to the standard for map
quality assessment, employing a journey-based approach
[38] known for its reliability despite its relatively higher
computational cost. The basic idea of [38] is to consider
potential map users and determine map quality by averaging
the quality of their actual path planning. More specifically,
map users are characterized by journeys with clear starting
and ending locations and the objective of navigating using
shortest-path planning algorithms. The evaluation process
involves comparing each map user’s shortest path to the
oracle’s shortest path as determined by a manually annotated
ground truth traversability map. For each waypoint along
the oracle’s path, the closest corresponding waypoint on the
map user’s path is determined, and the Euclidean distance
between them is calculated as the error. These error values
are averaged over all waypoints on the oracle’s path and then

Fig. 9. Bird’s eye view of obstacles setup of all kinds of configurations,
namely I-Configuration, L-Configuration, and T-Configuration. The gray
rectangle box indicates the point cloud data from DSO, hence the tables
set up. The green trail is the frame positional data from DSO, and the red
triangle is the current camera position, or current frame. Our data collection
process is by using a robot equipped with a monocular camera and taking
a video footage surrounding the set up.

averaged over all map users to obtain a map quality index.
The above journey-based metrics provide higher confi-

dence and more realistic utility estimates compared to image
processing-based approximations such as least squares error.
In contrast, a potential concern with this metric is the
increase in unbounded computational cost as the map size
or number of potential map users increases. However, given
the scale of our experiment, we found that the computation
time was reasonable.

To enhance the thoroughness and accuracy of map evalua-
tion, we developed specialized code capable of concurrently
evaluating multiple maps. This code efficiently processes
and analyzes numerous maps simultaneously, assigning pri-
orities to each and generating an error score as output.
This advanced evaluation methodology ensures the reliability
and precision of our map evaluation process, facilitating a
comprehensive assessment of overall system performance.
Additionally, the simultaneous evaluation of multiple maps
enables the identification of potential issues or discrepancies,
empowering us to make necessary adjustments for optimal
functionality.

C. Quantitative Evaluation

The existing method First-person view IMU (FPV IMU)
is directly extended to camera TPV and is used as a
baseline method. Furthermore, it is employed for direct
comparisons between the proposed method and the best-
known methods. In this context, we use shorter abbreviations
for the modules to represent them for better readability:
PHYS - Physical Constraint, PHOT - Photometric Constraint,
W2M - Walk2Map++. By employing various combinations
of modules, we can generate 7 distinct combinations, namely:
(PHYS + PHOT + W2M, PHYS + PHOT, PHYS + W2M,
PHOT + W2M, PHYS, PHOT, W2M). Each of these con-
figurations produces its own performance score which we
further evaluate qualitatively.

fEvaluatedError =

∑n
i=1 |pgt[i]− pmap[i]|

N
(3)

To comprehensively evaluate our system, we conducted
independent tests for each combination. We meticulously
recorded the performance metrics and conducted thorough
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comparisons. Our experimentation encompassed three di-
verse datasets, and the resulting findings are presented in
Table I. I-Cfg = I-Configuration; L-Cfg = L-Configuration;
T-Cfg = T-Configuration. The average performance results
are calculated with Equation 3.

From the findings presented in Table I, it is evident that
the proposed method (PHYS + PHOT + W2M), consistently
delivers robust performance across various configurations.
While a lower average score indicates a better performing
result, our method exhibits commendable efficacy even in
more intricate scenarios with increasing complexity from I-
configuration to L-configuration and T-configuration.

In comparing individual traversability maps (PHYS,
PHOT, and W2M) with our proposed method, it is read-
ily apparent that our approach outperforms them across
all data configurations. Notably, the PHOT module utilizes
an occlusion ordering algorithm to extrapolate the likely
human presence within densely populated scenes, offering
a generalized area without specifying precise coordinates. In
contrast, the W2M module contributes to human distance
estimation, translating human location from 3D to 2D space.
The integration of W2M with the point cloud data from
PHYS enables accurate human location estimation, ensuring
a comprehensive and precise determination of the individ-
ual’s position.

On a side note, it is important to acknowledge that each
of the PHYS, PHOT, and W2M modules comes with its
limitations and prerequisites for optimal functionality. For
PHOT and W2M, challenges arose when the human upper
body was not visible, fully occluded, or when multiple
humans were standing together, leading to sub-optimal al-
gorithm performance. In the case of PHYS, if DSO loses
track of frames, the point cloud map output might fall short
of expectations.

These modules collectively contributed to deducing the
location of the human in 2D space. While the occlusion
ordering algorithm provided an approximate location of the
human, Walk2Map++ refined this estimation, offering a more
accurate measurement of the human’s distance from the
camera. Each module generated its traversability map, and
the final map was derived from the intersection of multiple
maps, resulting in a more precise representation.

In instances where PHYS encountered difficulties, render-
ing the occlusion ordering algorithm unusable due to the
absence of point clouds, our framework intelligently avoided
attempting traversability map generation. Similarly, if PHOT
faces issues, such as the inability to locate the human, it
leads to the absence of a traversability map. In cases of
Walk2Map++ failure, where the human distance cannot be
determined accurately, a map was still generated, albeit as an
estimation of the human area without precise human location
information.

In situations where any of these modules confronted the
aforementioned challenges, our framework adopted a judi-
cious approach by refraining from generating the traversabil-
ity map until the requisite conditions were met, ensuring the
reliability and accuracy of the output.

TABLE I
AVERAGE PERFORMANCE RESULTS.

Average Performance I-Cfg. L-Cfg. T-Cfg.
[39] 2.35 18.68 15.77
PHYS + PHOT + W2M 1.36 12.42 15.45
PHYS + PHOT 1.12 15.43 13.45
PHYS + W2M 3.36 13.22 9.07
PHOT + W2M 4.56 19.23 15.67
PHYS 2.31 18.67 23.45
PHOT 8.66 14.56 18.56
W2M 11.22 12.34 20.45

Furthermore, in our prior study [39] using ORB-SLAM3
[40] as the PHYS method instead of DSO [31], together with
an occlusion ordering algorithm and a novel human height-
depth estimation module, the performance was evaluated.
This configuration, combined with an occlusion ordering
algorithm and an innovative human height-depth estimation
module, underwent performance evaluation. Significantly,
our current method (PHYS + PHOT + W2M) surpasses this
prior approach, underscoring substantial advancements in our
research. DSO utilizes a direct visual odometry approach,
minimizing photometric errors between consecutive frames,
proving advantageous in scenes with less texture or repetitive
patterns where feature-based methods like ORB-SLAM3
may encounter challenges. Furthermore, DSO’s direct ap-
proach enhances robustness in dynamic scenes, where feature
points may change rapidly, while feature-based methods such
as ORB-SLAM3 might struggle due to reliance on distinctive
features susceptible to occlusions or scene changes [41].

We improved our human-height depth estimation method,
replacing the previous assumption-based approach that led to
inaccuracies. We now use a human pose estimation method
and a new distance estimation algorithm. By using two
keypoints from the human torso (Figure 5), we significantly
improve estimation reliability. This allows for more accurate
calculation of torso length and human location, enhancing
the traversability map’s reliability.

V. CONCLUSIONS

In conclusion, this paper presents a novel integrated frame-
work, offering inventive solutions for traversability predic-
tion through multiple pedestrian observations. Leveraging a
unique occlusion ordering algorithm and a human pose esti-
mation distance estimator, our approach addresses the chal-
lenges of traversability estimation. By interlinking modules,
each generating its traversability map, we achieve a com-
prehensive prediction of traversable areas within crowded
scenes.

The novelty of our study lies in its distinctive approach,
giving an overall good performance in terms of accuracy and
the quality of the generated traversability map. This valu-
able research contributes a unique perspective to the field,
offering an innovative approach to solving the traversability
prediction problem.
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