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Abstract—This paper proposes an occlusion-aware mechanism,
used on a framework for detecting and tracking pedestrians in
videos acquired from surveillance cameras, which includes the
extraction of trajectory points, estimation of walking velocities,
detection of groups, and projection of the final trajectories into a
2D plan. The occlusion-aware mechanism is introduced in order
to manage irregularities in the pedestrian trajectory data derived
from occlusions. This mechanism is able to identify the parts of
the human body that are occluded, using skeleton data generated
by human pose estimation algorithms, and adjust the dimensions
of the bounding boxes of the occluded pedestrians.

Index Terms—object detection, multi-object tracking, trajec-
tory extraction, pose estimation, computer vision, deep learning

I. INTRODUCTION

Over the last few decades, with the rapid increase in com-
puting power and the development of different Deep Learning
techniques capable of autonomously learning features, many
advances have been made in the field of Artificial Intelligence.

An area that has gained significant importance is Computer
Vision, which covers techniques both in the image domain,
such as image classification and object detection, and in the
video domain, such as multi-object tracking and action recog-
nition. However, several challenges still need to be overcome,
including varying viewpoints and illumination, occlusions, and
complex backgrounds.

The goal of this work is to develop a framework capable of
detecting pedestrians in videos acquired from high-resolution
surveillance cameras, as well as tracking them over time, so
that relevant information can be extracted, including the paths
taken by each pedestrian, the speed at which they walk, and
the detection of groups of people. The main contribution of
this study is the introduction of an occlusion-aware mechanism
that is able to identify and adjust the dimensions of bounding
boxes corresponding to occluded individuals.

The remainder of this paper is organized as follows: Section
II provides a brief summary of the related work; Section III
describes the dataset that was used in the experiments; Section
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IV presents an overview of the developed framework, and
highlights details concerning implementation decisions as well
as the algorithms used; Section V provides an analysis of the
achieved results; and Section VI draws the main conclusions
and suggestions for future work.

II. RELATED WORK

The creation of multi-target multi-camera tracking datasets
has become increasingly difficult due to the need to ensure data
privacy. In this context, the authors of [1] introduced the Multi-
Camera Track Auto (MTA) dataset, which was created using
recordings made in the Grand Theft Auto V video game. The
MTA dataset contains more than 2800 bots (people identities),
and consists of a set of videos recorded on 6 different cameras,
with more than 100 minutes of video per camera. In addition,
the authors developed a baseline for the dataset, which consists
of a framework with stages for detecting, re-identifying, and
tracking bots, as well as calculating the distance traveled by
each of them and associating trajectories.

In [2], the authors proposed the use of deep learning tech-
niques to monitor social distancing, to prevent the increasing
spread of the COVID-19 virus. Based on data acquired from
video surveillance cameras, they used the YOLOv3 [3] algo-
rithm for person detection, and the DeepSORT [4] algorithm to
track each detected person over time. Furthermore, the authors
compared YOLOv3 with other object detectors, namely Faster
Region-based Convolutional Neural Network (Faster R-CNN)
[5] and Single Shot MultiBox Detector (SSD) [6], concluding
that YOLOv3 is the most efficient, in terms of speed-accuracy
trade-off.

The authors of [7] proposed a system to perform pedestrian
detection and tracking in surveillance videos. In order to detect
each pedestrian, the authors used the YOLOv5 [8] algorithm,
from which the center of the generated bounding boxes was
inferred to estimate the social distance between people. As for
tracking, the authors used the DeepSORT algorithm to obtain
the complete trajectory of each pedestrian.

In [9], the authors proposed a modular pipeline for surveil-
lance systems with the objective of early detection and pre-
vention of suicide. The proposed system consisted of modules



for pedestrian detection, pedestrian tracking, pose estimation,
and action recognition. For the first module, the authors used a
pre-trained YOLOv5x model and performed fine-tuning using
their own private dataset. Then, to track the detected people
over time, they used the DeepSORT tracking algorithm, which
was also employed to detect groups and generate information
about the traveled trajectories. This information, together with
pedestrian pose information extracted through the HRNet [10]
pose estimation algorithm, was used to evaluate the occurrence
of actions over a predefined duration, to infer risk behavior.

III. DATASET DESCRIPTION

For the purpose of this study, the VIRAT Video Dataset [11]
was chosen, in particular the stationary footage from ground-
based surveillance cameras, which consists of approximately
25 hours of video distributed across 16 different scenes. The
videos were recorded in either 720p or 1080p, at a frame rate
of 25 to 30 fps, varying according to the camera used.

Every video frame is annotated with the bounding boxes of
the objects moving throughout the scene (i.e., people and cars),
along with the events that occur over time. Furthermore, the
homography [12] of each scene is also provided, in the form
of projection matrices that allow the data acquired from the
videos to be projected into the 2D floor plan.

IV. METHODOLOGY

Initially, each video is loaded and decoded into a sequence
of frames, which are stored in a list. Then, for each frame in
the list, an object detection algorithm is used to identify and
locate pedestrians. Based on the bounding boxes generated by
the object detector, a multi-object tracking algorithm is then
used to assign a numerical identifier (ID) to each person over
time, and an occlusion-aware mechanism is applied to correct
the dimensions of the occluded bounding boxes. With these
adjustments, trajectory points are extracted, and an estimate of
the speed at which each person walks is calculated based on
the previous points. Furthermore, taking into account aspects
such as the distance between pedestrians and the scale of the
bounding boxes, groups are inferred. Finally, based on the
trajectory points that were registered throughout the video, a
projection is created in the 2D floor plan (top view) with all
the paths that were traveled by the pedestrians.

A. Pedestrian Detection

To detect each person in the video frames, object detection
algorithms can be employed. The concept of these algorithms
consists of identifying the objects present in a given image,
returning, for each object: the bounding boxes with the coor-
dinates of its location, its class prediction, and the confidence
score associated to the detection (from 0.0 to 1.0).

You Only Look Once (YOLO), whose first version was pro-
posed in [13], is one of the most commonly used approaches
for this task. Its architecture consists of a single Convolutional
Neural Network (CNN) capable of simultaneously generating
multiple bounding boxes, as well as class probabilities for each
of them. The main advantages over other object detectors, such

as R-CNN [14] (including Fast [15] and Faster [5] R-CNN),
are that it is extremely fast, can take into account the context
in which the objects are in the image, and is very generalizable
in how it learns the representations of each object.

Throughout the years, several versions of the YOLO algo-
rithm have been proposed, with version 8 currently available.
This study uses version 5 (YOLOv5 [8]), given that it is cur-
rently in a stable state, shows good performance, and is easily
accessible through the PyTorch Hub [16] repository of pre-
trained models. More specifically, we chose the YOLOv5x6
model due to its ability to detect distant people, as it operates
on high-resolution images (1280x1280 pixels).

B. Pedestrian Tracking

To obtain the location of each detected pedestrian over time,
it is necessary to associate the bounding boxes that correspond
to the same person, throughout the video frames. A numerical
identifier (ID) is thus assigned to each tracked pedestrian. This
is referred to as the tracking-by-detection paradigm. For this
study, we decided to use the ByteTrack [17] algorithm, which
is the current state of the art in multi-object tracking.

In order to associate the bounding boxes, ByteTrack lever-
ages every detection, contrary to most methods, which discard
those with low confidence scores. The reason for this method
to include low-confidence detections is that many result from
occlusions, which does not invalidate their usefulness. Hence,
detections are selected based on the confidence score, using a
threshold set to 0.6. With this in mind, for each video frame,
the detected bounding boxes whose confidence score is greater
than the threshold, are associated with the bounding boxes
predicted using a Kalman filter [18] (based on information
from previous frames). This association consists of computing
motion or appearance similarity (i.e., Intersection Over Union
(IoU) or Re-Identification (Re-ID), respectively), and applying
the Hungarian method [19] to assign the IDs based on the
similarity. If the associations are unsuccessful, then the process
is repeated for the detections whose confidence scores are
lower than the threshold, using IoU only, in order to resolve
occlusion and background detection cases.

The components used in the Kalman filter to predict the
tracks, based on measured locations and prior knowledge, are:
(x, y, a, h, vx, vy, va, vh), where (x, y) is the center position
of the bounding box, a is its aspect ratio, h is its height, and
(vx, vy, va, vh) are the corresponding velocities.

C. Occlusion Awareness

When certain obstacles are present, such as cars, lampposts,
trees, bushes, etc., the bounding boxes generated by YOLOv5
simply surround the visible area of the occluded pedestrians.
However, in some tasks, namely trajectory point extraction, it
is essential to have an estimate of the location of the feet of
each person. To address this issue, we developed a mechanism
to detect whether or not an individual is occluded and, if so,
automatically adjust the dimensions of its bounding box to
include the occluded area.



Fig. 1. Correspondence between each body joint, obtained using the HRNet
algorithm, and its respective body part. The hip body joints (11 and 12) were
not taken into account for occlusion awareness.

Regarding pedestrian occlusion detection, we opted to use a
pose estimation algorithm, more specifically, HRNet [10]. This
algorithm consists of predicting where each person is located
in an image by identifying and classifying their body joints,
along with a body part ID and a confidence score (from 0.0 to
1.0). HRNet follows a top-down approach, which means that
it uses information derived from object detection algorithms
relative to the location of each detected individual in an image.
With this in mind, the skeleton of each person is divided into
4 parts: upper part, lower part, left arm, and right arm. Having
the body parts established, and access to the confidence score
of each body joint, we establish that if there is any body joint
with a low confidence score (a threshold of 0.3 was used),
then the body part to which it belongs is considered occluded.
An illustration of the body part division process is depicted in
Fig. 1.

Depending on which part of the body is occluded, we apply
different adjustments to the dimensions of the bounding box
of the occluded person. Considering that a bounding box is
defined as (x, y, w, h), where (x, y) are the coordinates of
the top-left corner, and (w, h) are the width and height of
the bounding box, respectively, if either the left or the right
arm is occluded, the dimensions are adjusted as follows: x′ =
x− w

8 , w′ = w+ w
4 . In addition, if the lower part is occluded,

a modified sigmoid function σ(α) (whose parameters were
empirically set) is calculated as a means of limiting the amount
by which the height of the bounding box is increased, taking
into account its aspect ratio (α = w

h ). Thus, when the aspect
ratio of the bounding box has a small value (e.g., 0.4) the
height is not increased as much as when it has a larger value
(e.g., 1.0). This process can be described as follows:

σ(α) =
1.5

1 + e−7.5(α−0.75)
(1)

h′ = h+ (h× σ(α)) . (2)

On the other hand, if the upper part is occluded, the y
coordinate of the top left corner is decremented with the same
value by which the height was increased:

y′ = y − |h− h′| . (3)

D. Trajectory Point Extraction

Based on the IDs assigned to each person by the ByteTrack
algorithm, we are able to extract additional information regard-
ing the paths traveled over time. To this end, according to the
corrected bounding boxes, we store every point corresponding
to the center of the bottom side (feet position).

However, due to oscillations in the dimensions of the bound-
ing boxes, that occur due to the presence of certain obstacles
or the manner in which each person moves, the extracted
points end up showing some irregularities. To solve this issue,
a smoothing method is applied. It consists of computing the
moving average of the 5 most recent points (if less than 5, only
the available points are considered). A recursive approach was
followed, which means that the smoothing process applied to
the current point considers the smoothing corrections applied
to the previous.

In addition, as mentioned in Section III, the dataset includes
information regarding the homography of each scene, in the
form of projection matrices. This allows the transformation of
the pixel coordinates in each video frame into their equivalent
projections in the 2D floor plan. Therefore, for each generated
trajectory point, its equivalent projection in the 2D floor plan
is also stored.

E. Velocities Calculation

In order to estimate the walking speed of each pedestrian, in
a first approach, we tried to use the velocity information of the
central position of the bounding box (vx, vy) provided by the
Kalman filter, one of the components used in the ByteTrack
algorithm, as reported in Section IV-B. However, since these
values are inferred from the pixel coordinates of the video
frames, the walking speed of pedestrians far from the camera
turned out to be much lower than those close to it. To solve
this problem, we decided to use the coordinates projected into
the 2D floor plan, as a way to obtain a better approximation
of the actual speed. It was calculated based on the distance
traveled by each pedestrian in one second.

F. Group Detection

Another functionality that we found useful was to check if
a detected pedestrian is alone or belongs to a group of people.
To do so, based on the two bounding boxes of a pair of people,
we analyze two criteria that need to be mutually confirmed.
The first criterion is whether the distance between the centers
of the two bounding boxes is less than 1.35 times the value of
the maximum width. The second criterion is to measure the
difference between the scales of the two bounding boxes, that
is, to confirm that the result of dividing the area of the larger
bounding box by the area of the smaller bounding box is less
than 1.5.

After all pairs are associated, a check is performed with the
goal of joining all pairs with common elements into a single
group, marking it with a bounding box.



Fig. 2. Examples of applying the proposed occlusion-aware mechanism: (a)
without occlusion awareness (b) with occlusion awareness.

Fig. 3. Example of reapplying the HRNet algorithm to the corrected bounding
boxes (only body joints with a confidence score over the threshold of 0.3 are
drawn): (a) before occlusion awareness (b) after occlusion awareness.

V. RESULTS

A. Occlusion Awareness

As reported in Section IV-C, the occlusion-aware mecha-
nism was developed to detect whether a person is occluded,
and to adapt the dimensions of the bounding boxes to include
the occluded area. Based on the results of several experiments,
we were able to confirm its effectiveness in estimating the ac-
tual body boundaries of occluded pedestrians. Some examples
are illustrated in Fig. 2.

Regarding the extraction of trajectory points, in cases where
the lower part of the body was occluded, our method was able
to predict the location of the feet of the occluded person, so as
to improve the accuracy of the resulting trajectory. However,
as the occlusion awareness mechanism takes into account the
aspect ratio, and moving the arms influences the width of the
bounding boxes, this created some noise in the trajectory. In
addition, given that this method was developed specifically for
pedestrian occlusions, in some cases, such as cyclist occlusions
(where they usually lean forward and therefore the width of
the bounding boxes is larger), it did not perform as well.

It is also worth mentioning that as the confidence scores of
body joints are used to infer whether a body part is occluded,
this may lead to some false positives, although their impact is
not significant. On the other hand, when reapplying the HRNet
algorithm to the corrected bounding boxes, the pose estimation
results were improved, as illustrated in Fig. 3.

Fig. 4. Example of applying the trajectory smoothing method to irregularities
caused by gait movement: (a) without smoothing (b) with smoothing (5-point
window).

Fig. 5. Example of applying the trajectory smoothing method to irregularities
caused by obstacles: (a) 5-point window (b) 10-point window.

B. Trajectory Smoothing

The smoothing method was applied to reduce the impact of
oscillations on the trajectory points. To assess its effectiveness,
we performed an analysis according to the factors that caused
the oscillations. These include the way each person walks and
the occurrence of occlusions.

Regarding the oscillations caused by the manner in which
each person walks, the smoothing method was able to achieve
good results in mitigating them. Fig. 4 shows an example of
these results, with a window of 5 trajectory points.

However, when addressing irregularities caused by the pres-
ence of obstacles, a smoothing window of 5 trajectory points
is not sufficient. Thus, we attempted to apply a window of 10
trajectory points. This eventually reduced the irregularities in
the trajectories, although given that only past points are used,
this caused a significant delay in the extracted points, implying
that they no longer matched the location of the pedestrians. A
comparison between using a window with 5 and 10 trajectory
points is illustrated in Fig. 5.

VI. CONCLUSION

In this study, we developed a system for detecting and track-
ing pedestrians in outdoor spaces, through videos captured by
high-resolution surveillance cameras.

The experiments conducted on the VIRAT dataset confirmed
the effectiveness of the proposed occlusion-aware mechanism
in detecting occluded body parts and adjusting the dimensions
of the respective bounding boxes, thus improving the accuracy
of the extracted trajectory points in the presence of occlusions.

The current version of the proposed mechanism only consid-
ers previously extracted trajectory points to smooth the current
points. Thus, for future work, we aim to further improve the
trajectory smoothing method by also considering information
extracted from future frames.
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