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Abstract. Detecting traversable areas from monocular vision is a fundamental problem for safe 

and efficient indoor robot navigation. Recent advances in deep learning have made it possible 

to detect floor regions stably and robustly. However, most existing methods rely on the direct 

visibility of the floor, which is often violated in crowded scenes like office environments, limit-

ing their effectiveness. To address this limitation, we explore a novel approach that leverages 

pedestrian observation. By observing pedestrian behavior and assuming the floor region they 

occupy as traversable, we complement existing solutions. Recent advancements in computer 

vision techniques, including dynamic object detection (e.g., YOLO object detector), absolute 

localization of stationary objects (e.g., SLAM), and relative localization between dynamic and 

stationary objects (e.g., Occlusion ordering), enable the implementation of this approach. We 

developed a prototype system by extending state-of-the-art techniques in dynamic SLAM and 

object detection and conducted real-world experiments to demonstrate its basic performance. 

Our approach has significant potential for applications in challenging domains such as human-

robot collaboration and long-horizon action planning. 
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1 Introduction  

Detecting traversable areas using monocular cameras is crucial for safe and efficient 
robot navigation. This problem has been extensively studied in computer vision, with 
various approaches such as obstacle detection [1], free space detection [2], and 3D 
reconstruction [3, 4, 5]. Many researchers have used deep learning models to predict 
pixel-level depth values from images [1], while others have developed vision-based 
algorithms that gradually expand into free space from the robot's feet [2]. Additionally, 
some studies have focused on reconstructing 3D geometric models using the robot's 
onboard camera view sequence [3, 4, 5]. However, most of the existing studies assume 
that the floor area is directly visible, which is not always the case in crowded scenarios. 
For instance, in crowded scenes like an office where humans and robots collaborate 
[6], obstacles (e.g., desks) often occlude the floor areas humans are standing on. In 
such situations, floor detection methods become ineffective, and neither obstacle detec-

tion nor 3D reconstruction methods can provide floor information. 

To address this issue, we propose an innovative approach to learning traversable areas 
by tracking pedestrians, i.e., observing the behaviour of pedestrians assuming that the 
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floor region they are standing on is traversable. From our observation, it is recently 
becoming possible to implement this new approach by combining state-of-the-art of 
computer vision techniques, including (1) detection of dynamic objects (e.g., YOLO 
[7] object detector), (2) absolute localization of stationary objects (e.g., DynaSLAM 
[8]), and (3) relative localization between dynamic and stationary objects (e.g., Occlu-
sion ordering). Moreover, typical objects in human environments like desks are not tall 
enough to occlude a pedestrian's entire body. Finally, we infer the occlusion order of 
stationary objects and pedestrians in the same image coordinate system to localize the 
pedestrians in terms of their position relative to the stationary objects, whose absolute 
coordinates are reconstructed. We will be using Detectron2 instance segmentation 
mask method [9] and bounding box method for occlusion order reasoning. After that, 
we make an ablation study on the combination of the methods to achieve more desira-
ble results. We conducted preliminary experiments that showed how deep learning 
based YOLOv7 [7] detectors could easily detect regions in human images. Although 
the lower body and floor contact areas of humans are often occluded, the head and 

upper body are detectable and not occluded.  

This research is closely related to the large-body research area of pedestrian observa-
tion. However, most of them are not intended for traversable region analysis. Further-
more, many of them assumed a fixed-point camera. To the best of our knowledge, the 

current work is the first to explore traversable area analysis from moving cameras [10]. 

In summary, our approach to learning traversable areas by tracking pedestrians repre-
sents a significant improvement over existing methods that rely on the assumption that 
the floor area is directly visible. By leveraging the maturity of human detection tech-
nology and the occlusion patterns of stationary objects and pedestrians, our approach 
can effectively detect traversable areas in crowded scenes, making robot navigation 
safer and more efficient. 

2 Related Works 

This section presents most relevant approaches and draws a relation to these previous 
works of the proposed method. Furthermore, we clearly state the application domain to 
which the proposed method contributes. In particular, we will focus on work that as-
sumes monocular vision rather than other sensor modalities such as 3D point cloud 
scanners or stereo cameras. We extensively took advantage of the easy accessibility of 
monocular cameras for the usage of SLAM system and further explored the achievabil-

ity of such system. 

Traversable region detection problem is closely related to visual reconstruction prob-
lems such as structure-from-motion (SfM) [4] , simultaneous localization and mapping 
(SLAM) [3], [11], [12] and visual odometry (VO) [5]. These approaches aim to recon-
struct the robot's ego-motion and geometric environment models from the robot's view 
sequence. Among them, SLAM, a problem setup that sequentially updates environ-
mental geometric models or maps from live view sequences, is most relevant to this 
work. Existing solutions of SLAM can be divided into filtering-based [13] and optimi-
zation-based methods [14], with the latter dominating the current state of the art. While 
most  of existing optimization-based methods assume stationary or semi-stationary 
environments, new types of SLAM techniques have emerged in recent years that ad-
dresses a dynamic environment [12], as we focus on in this study. In particular, our 
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implementation is inspired by one of the state-of-the-art technologies, DynaSLAM [8], 
which will be detailed in the subsections described later. However, all of the existing 
reconstruction techniques only targeted specific traversable regions that are directly 
visible from the robot. In contrast, our approach aims to predict traversable regions that 

are not directly visible by using the indirect means of pedestrian observation. 

Traversable region detection technology contributes to several important applications 
of visual navigation such as point goal navigation [15], object goal navigation [16] and 
coverage path planning [17]. In these applications, representations based on traversable 
regions are often used for state recognition and action planning. Compared with exist-
ing traversable region detection techniques that aim to reconstruct directly visible re-
gions, our approach extends the scope of the reconstruction target from visual regions 
to even invisible regions which pedestrians are standing on. This brings a number of 
benefits. First, from the perspective of human-robot collaboration [6], the area where 
the pedestrian is standing often contains more contextual and semantic information that 
is important for the task compared to other areas. Second, from the perspective of state 
recognition and action planning, considering not only the visible area but also the in-
visible areas enable rich state representation and long-horizon exploration planning 
[18]. It should be noted that there are other approaches to traversable region detection 
[19], such as obstacle detection and floor detection [2] and monocular depth regression 
[1]. These approaches again aim to recognize obstacle-free regions or traversable floor 
regions that are directly visible to the robot. Therefore, they and our approach are in a 
complementary relationship.  

DynaSLAM 

DynaSLAM is a state-of-the-art visual simultaneous localization and mapping (SLAM) 
algorithm that builds on the foundation of ORB-SLAM2 [20]. One of the primary 
challenges in dynamic SLAM is distinguishing between camera motion and object 
motion within the scene. DynaSLAM overcomes this by using a probabilistic model to 
estimate the likelihood of an object's motion. If an object's motion is inconsistent with 
the predicted motion based on the camera's motion, it is identified as a dynamic object 
and removed from the map. 

Our approach shares the design philosophy with DynaSLAM in two respects. First, our 
approach is also modular, with several modules such as static object modeling and 
dynamic object detection, each of which is connected to the ever-growing cutting-edge 
research field, including object detection [7], tracking [21], scene parsing [22], recon-
struction [3], inpainting [23], occlusion reasoning, and action planning [17]. Second, 
the module group for stationary object recognition and the module group for dynamic 
object recognition are clearly separated, which allows us to focus on research and de-

velopment of the latter module group without modifying the former module group.  

However, our approach is different from DynaSLAM in many aspects. In particular, it 
introduces a new type of observation that is independent of the observations used by 
DynaSLAM. That is, relative observations of interactions between stationary and dy-
namic objects are used by our new observation model, in contrast to the absolute met-
ric observations from stationary and dynamic objects used by DynaSLAM.  
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Figure 1: Block diagram of our proposed framework. A segmented video stream in rosbag format is 

pass into ORB-SLAM3 [24]. The feature points coordinates are extracted and projected onto the 
keyframes for visualization. By comparing the map pts 3D location/distance to the camera and the 

location of the human to the camera, we classify the map pts to two simple classes (Near and Far). We 
can obtain the human estimated location in the 3D map and hence estimate the traversable region.  The 

final outcome can be visualized using rviz visualizer [30]. 

 

3 Approach 

Our approach leverages the strengths of ORB-SLAM3 [24] and YOLOv7 [7] human 
detection model to address the challenge of reasoning the occlusion order of humans 
and objects in crowded environments. ORB-SLAM3 is a leading visual SLAM algo-
rithm that provides real-time tracking of the camera pose and map features. Mean-
while, YOLOv7 is a highly accurate and efficient deep learning-based object detection 
model, which has superior performance in human detection. 

Our framework has three sub-modules: static object modeling, moving object detec-
tion, and occlusion order inference. Given these modules, the system localizes the 
pedestrian region on the floor by sequentially performing static object modeling, mov-
ing object detection, and occlusion order inference. The subsections below provide 

details on each module used. 

Static Object Modelling 

The generation of 3D point clouds using ORB-SLAM3 [24] is a major advancement in 
vision and robotics. SLAM involves navigating and mapping unknown environments, 
and existing approaches can be categorized as filter-based (e.g., EKF [25]) or optimiza-
tion-based (e.g., Graph-SLAM [26]). Filter-based methods provide real-time estima-
tion updates, while optimization-based methods offer accurate and consistent maps. 
ORB-SLAM3, the latest version of the ORB-SLAM algorithms [27], is a powerful tool 
that can be used with various camera types and incorporates new features, including 
the robust DBoW3 feature descriptor [28]. Its output is a highly accurate point cloud 
representing the robot's environment, bringing significant progress to SLAM and ap-

plications in robotics and computer vision. 

Dynamic Object Detection 

In our study, we utilized two different approaches for pedestrian detection: YOLOv7 
[7], a representative object detector and the state-of-the-art model at the time of this 
writing, and Detectron2, which we used to treat pedestrian detection as a semantic 
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segmentation problem. While YOLOv7 represents the human region as a bounding 
box, Detectron2 [9], represents it as a free-form region, allowing for a more accurate 
approximation of the human domain. Conversely, YOLOv7's bounding box representa-
tion offers a high frame rate, making it an attractive option in scenarios where speed is 

critical. 

To compare the performance of these two methods, we conducted experiments to eval-
uate their accuracy and computational speed in the common field of real-time pro-
cessing. Our results, which are reported in the experimental section, shed light on the 
relative strengths and weaknesses of the two approaches. Ultimately, our study pro-
vides valuable insights for researchers and practitioners seeking to optimize pedestrian 

detection performance for real-time applications.  

Occlusion Order Inference  

Pedestrian tracking is a fundamental task in computer vision that aims to locate and 

follow people's movement in visual scenes. However, occlusions caused by other 

humans or objects can pose significant challenges to accurate pedestrian localization. 

To address this issue, we have developed a technique called occlusion-ordering-based 

relative-depth estimation which aims to analyze depth values to determine the occlu-

sion order of humans and objects. By leveraging occlusion-ordering information, it 

becomes possible to discern which person or object appears to be in front of another. 

Specifically, when one person's occlusion order is consistently greater than that of 

another person or object, it suggests that the latter is occluded by the former. This 

method is particularly useful in crowded environments where people and objects are 

likely to overlap, making it difficult to accurately track individual pedestrians. 

The implementation of occlusion-ordering-based relative-depth estimation has practi-

cal applications for various fields, including indoor robot navigation, where accurate 

pedestrian localization is necessary for detecting traversable regions. By improving 

the accuracy of pedestrian tracking, this approach can enhance the ability of robots to 

navigate in crowded indoor environments and operate safely and efficiently in these 

settings. 

Implementation Details 

We developed a prototype of the proposed system by adding some changes to the 

public code of ORB-SLAM3 [24]. In particular, we modified some of the original 

code by adding some functionalities with some built-in ORB-SLAM3 APIs. We make 

use of ROS nodes to achieve concurrent process of ORB-SLAM3, extraction and 

projection of feature points and keyframes, occlusion ordering algorithm, and finally 

visualization on rviz visualizer. The framework is capable of processing data from a 

moving camera, perform human occlusion ordering algorithm and finally output the 

result on rviz visualizer concurrently. The traversable region will be clearly shown on 

the rviz visualizer as well. From Figure 1 above, we can see the flowchart block dia-

gram of the framework. The entire framework consists of two main components: 

ORB-SLAM3 and occlusion mapping.  
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Figure 2:Projected feature points in rviz visualizer 

 

Figure 3:Occlusion ordering algorithm 

 

ORB-SLAM3 Components: 

Feature points and keyframes extraction 

The initial stage of this framework includes the ORB-SLAM3 process. We obtain 

feature points generated by ORB-SLAM3, which are shown as green feature points on 

the map in this context. In ORB-SLAM3, the feature points are obtained using the 

Oriented FAST and Rotated BRIEF (ORB) feature detector and descriptor. The ORB 

feature detector identifies key points in the image based on their high intensity gradi-

ents and corner-like structures. Once the key points are detected, the ORB descriptor 

is computed for each key point. These key points serve as potential feature points, 

each consisting of coordinate information that can be extracted for our purposes. In 

the original framework, ORB-SLAM3 also outputs the keyframes information. 

To achieve this, we modified the original ros_mono.cc, System.cc and System.h files. 

In ros_mono.cc, a new function is added to save the keyframe trajectory and feature 

points coordinates. A logic is added to check if a new keyframe is added and save it 

as images in the image grabber function. Two functions are added to System.cc and 

System.h: GetLastKeyFrameID() ，SaveMapAndTracjectory() 

Modifications have been made to the image grabber class in ros_mono.cc to publish 

3D points and 2D projections into a custom ROS topic. The 2D projection features the 

projection of feature points onto the keyframes. 

 

Projection of feature points onto keyframes 

While the coordinate information of the feature points is being extracted, the green 

feature points are projected onto the keyframes concurrently [10]. A Python code has 

been developed for this process. Initially, the keyframe pose is represented as a qua-

ternion, so we need to convert it into a 3x3 matrix before passing it to OpenCV [29] 

which calculates it. We can visualize the projection with rviz [30] visualizer as shown 

in Figure 2 below. The trajectory and feature points are clearly visible in this visualiz-

er. The green points represent the feature points that are being projected onto the cur-

rent keyframe, while the red points represent the feature points generated by ORB-

SLAM3. The green trajectory represents the camera position trajectory.  
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Figure 4:Feature points occlusion reason-

ing value annotations 

Figure 5: Feature points annotations with 

occlusion ordering algorithm 

 

Occlusion Mapping Components: 

In this component, a custom message type called TrackedFrame.msg has been creat-

ed. It will be used by ORB-SLAM3 to publish the required information. 

Occlusion ordering algorithm: 

A Python code detect.py which is modified from the original detectron2 code was 

used to provide human detection model, Detectron2 human masking and occlusion 

ordering algorithm. In this code, TrackedFrame.msg was read and near/ far points was 

calculated. The outcome was published to rviz visualizer for visualization purposes. 

The occlusion ordering algorithm makes use exclusively of the human area range and 

the feature points coordinates in 2D space. This is simply a 2-class classification 

problem where we classify the feature points as in front of or behind the human with 

higher probability. 

As shown in Figure 3 above, the ‘X’ represents the feature points with coordinates 

(x_feat, y_feat). (x_min, x_max, y_min, y_max) represents the human area range. A 

simple if-else statement loop can determine and estimate the position of the feature 

points with higher probability. It could efficiently be integrated into SLAM systems 

and be used in environments with greatly degraded visual information. We label the 

feature points in our output video for a better visualization of the algorithm. The cases 

for the feature points labels are as follows: 

d = ‘-1’ when the feature points are in front of the human 

d = ‘1’ when the feature points are behind of the human  

d = ‘0’ when the feature points are not available/ not in range of the human area.  

As shown in Figure 4 above, the feature points which are in range of the human area 

are correctly classified as ‘-1’ which means that the feature points are in front of the 

human. On the other hand, the feature points that are in the x range and out of y range 

can be classified as ‘1’ which means the feature points are behind the human with a 

higher probability. In a ‘0’ case, it means that the feature points are out of the human 

area range and are not available to be classified. We execute the occlusion ordering 

algorithm and then projects the feature points onto keyframes to find the estimated 

location of the human in 3D space. Once again, the outcome can be visualized with 

rviz visualizer with colored feature points. As shown in Figure 5 above, the board that 
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is behind the human has a lot of feature points built by ORB-SLAM3 [24]. The fea-

ture points 3D coordinates are used to be compared with the human location and 

hence are classified as ‘1’ which means that is behind the human. We can ultimately 

visualize this with rviz [30] visualizer. For the scene in Figure 5, as shown in Figure 6 

below, we can observe that there are points that are colored as Orange and Purple. 

 
Figure 6:Feature points colored for visualization purpose 

The orange cluster is the feature points which are behind the human in this scene. All 

the points that are labeled as ‘1’ and observed at the current frame are colored as or-

ange and classified as behind the human. On the other hand, feature points that are 

classified as purple are the points that are in front of the human. On the other hand, if 

the human is standing behind the board, as shown in Figure 7 and Figure 8 below, the 

purple cluster would simply represent the feature points of the board, which is in front 

of the human. The visualized results are as shown in Figure 10 below. By observation, 

we can conclude that the human is standing right in between the orange and purple 

cluster. 

                          

Figure 7: Human standing behind the board   Figure 8: Human standing behind the board visualized 

 

Occupancy Grid Map: 

 

Figure 9: Occupancy Grid map as shown in rviz 



9 

Figure 10:Example Scene 

 

Figure 11:Human occluded scenario 

 

 We can concurrently display the map points using a 2D occupancy grid map using 

rviz visualizer as well as shown in Figure 9 above. The map shows a red box indicat-

ing the possible human position, and a map of obstacles being marked. The red arrow 

indicates the current camera point-of-view. The traversable region in the map is 

marked with grey contour in the visualizer. The grid map is obtained by using the 

built in OccupancyGrid message type  in ROS. The occupancy grid map can hold 

values from 0 to 100. Close to 0 is considered to be free space and close to 100 is 

considered to be occupied. Every time an obstacle is marked the value will increase 

by 10. The concurrent process is achievable with the usage of ROS nodes, and we can 

continuously update the frames to the visualizer with a moving camera video.  

4 Experimental Results 

Experimental environment setup: 

We first set up the test environment in a wide area to build a map with ORB-SLAM3 
[24] as shown in Figure 10 below. A large object, such as a board, is positioned 

somewhere in the middle to serve as the occlusion object.  

                              

 

The video stream is utilized to track and map the environment , aiming to generate a 

map with a sufficient number of sparse feature points using ORB-SLAM3. Conse-

quently, the environment needs to be spacious enough to ensure the acquisition of  a 

high-quality map with sparse feature points. 

Preparing input video: 

As the framework is capable of executing ORB-SLAM3 mapping and the occlusion 

ordering algorithm at the same time, a video stream featuring a human subject who 

for the occlusion ordering algorithm is present, as shown in Figure 11 above. The 

pedestrian performed a natural walking motion without understanding the intention of 

the experiment. We scan and map the environment as much as possible with the hu-

man moving in the scene. The video is then converted to rosbag format, <video>.bag . 
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Running with data obtained: 

Once we have the rosbag file ready, we simply start up an ORB-SLAM3 process with 

the occlusion algorithm and rviz visualizer running concurrently. All the process runs 

concurrently at once as shown in Figure 12 below. 

 

              
       Figure 12:Processes running concurrently    Figure 13: An instance of ground-truth annotation 

Studying with annotated ground truth: 

We randomly sampled 50 feature points and manually annotated their correct classifi-

cations (Behind or in front). By comparing the ground truth with our system's runs, 

we investigated the algorithm's performance. We randomly selected 5 frames and 

calculated the average percentage of correctly labeled feature points. All the feature 

points are annotated relative to the human position, as shown in Figure 13 above. 

Observation by eyes and manual annotation is carried out to obtain an accurate 

ground truth. The framework classifies the feature points with different colors in rviz 

[30] for visualization purposes. As shown in Table 1 below, an outstanding correct-

ness rate of 96.71% has been achieved.  

 

The results are recorded in the Table 1 below: 
 

 

 

 

 

 

Table 1:Ground truth vs Actual run performance (Abbreviations: GT – Ground Truth, R – Run) 

For ground truth assessment, we randomly selected 5 frames and manually annotated 

the green feature points. We compared the accuracy of our framework with the 

ground truth annotations to evaluate its performance. Based on our experiments, the 

algorithm demonstrates exceptional performance when the human is positioned in 

front of the occlusion. Our proposed framework exhibits robustness and is deemed to 

perform well. 

No 

Annotated feature points 

GT_Front GT_Behind 

 

R_Front 

 

R_Behind % 

1 2 48 2 48 100.00 

2 4 46 4 46 100.00 

3 7 43 7 43 100.00 

4 35 15 32 18 91.43 

5 38 12 35 15 92.11 

Average = 96.71 
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Ablation Study: 

Table 2 below presents the results of a series of ablation studies that combine the 

modules in the proposed framework. These studies utilize human-object occlusion 

ordering datasets to evaluate the performance of the methods employed. The occlu-

sion ordering algorithm is executed using  the YOLOv7 [7] human detection model. 

Traditionally, bounding boxes are applied around the detected objects when using 

such human detection models. In our case, we can directly use the bounding box edg-

es (x_min, x_max, y_min, y_max) to determine the position of the feature points us-

ing the algorithm. A detailed explanation is provided in Figure 3 above. Alternatively, 

we can incorporate the Detectron2 instance segmentation mask for this purpose. It is 

worth noting that during the ORB-SLAM3 [24] process, unwanted map can occasion-

ally be generated on dynamic objects, which in our case, is the human. To address this 

issue, we can apply a filter using the same Detectron2 mask on the human area . This 

filtering method is essentially what we have employed in our proposed framework. 

We processed 3 different datasets and evaluated their performances using different 

methods. The correctness ratio represents the percentage of correctly labeled feature 

points compared to manually annotated ground truths. The method used is the same as 

shown in Table 1. We randomly sampled 50 feature points from random frames and 

annotated them through observation. The limitations of the bounding box method in 

obtaining an accurate contour of the human pose present an obvious flaw in this 

study. For example, when the human is positioned behind an object, the bounding box 

may include points that are located at the side of the human contour, leading to a larg-

er inaccuracy in the estimation. On the other hand, utilizing Detectron2 to acquire the 

contour of the human shape offers a significantly more reliable and accurate method. 

This approach allows us to filter out unwanted feature points associated with the hu-

man and obtain a precise boundary that corresponds to the actual human pose. 

 

 

 
 

 

Table 2:Ablation studies with different module 

5 Conclusions 

In conclusion, our research introduces a simple yet robust human-object occlusion 
ordering framework for estimating traversable regions in crowded environments using 
SLAM systems. By leveraging the position of pedestrians, we can accurately predict 
traversable areas based on the occlusion order between humans and objects. The 
framework's simplicity makes it easy to implement and integrate into existing SLAM 
systems, while still demonstrating remarkable robustness in handling occlusions in 
complex and dense environments. This has significant implications for various 
applications, such as robot navigation and autonomous vehicles, where accurately 
predicting traversable areas is crucial for safe and efficient movement. 

 1st 2nd 3rd 

Mask with Mask filter (Proposed)  1.0 0.96 0.98 

B.Box with Mask filter 0.87 0.79 0.78 

B.Box 0.75 0.71 0.73 
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