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Abstract

Multi-person tracking (MPT) has emerged as a crucial
tool for behavior monitoring in clinical settings, offering
signicant potential for advancing autism research. In this
paper, we assess the state of the art in MPT, with a specic
focus on its application to autism spectrum disorder (ASD)
behavior analysis. Clinical environments present unique
challenges for MPT, including frequent occlusions, visu-
ally similar appearances such as uniforms, and complex
social interactions. We explore these challenges in depth
while highlighting recent advancements in tracking algo-
rithms that present opportunities for improving behavioral
monitoring in healthcare. Through a comprehensive review,
we examine the limitations of existing MPT methods when
applied to our clinical dataset, BAV-ASD (behavioral anal-
ysis videoset for ASD), discussing their applicability and
gaps in addressing the unique demands of clinical autism
studies. Our ndings emphasize the critical role of MPT
in enabling non-intrusive, accurate, and continuous mon-
itoring of challenging behaviors, such as aggression and
self-injury, in individuals with ASD. By addressing the lim-
itations of existing methods, this work paves the way for
future research aimed at enhancing the reliability and effec-
tiveness of MPT systems in clinical environments, ultimately
supporting early intervention strategies and improving out-
comes for individuals with ASD 1.

1. Introduction

Multi-person tracking (MPT), a vital aspect of computer
vision, involves identifying and consistently tracking in-
dividuals across video streams with unique identiers for
each subject [4, 45]. As a subset of multi-object tracking
(MOT), MPT is widely used in domains such as surveil-

1Our code can be found at https : / / github . com /
ostadabbas / ASD - Tracking - Challenges. Supported by
NSF-CAREER Grant #2143882 and #R01LM014191.

lance, robotics, human action recognition, and autonomous
vehicles [1, 4, 14, 23, 45, 51]. These applications rely on ac-
curate detection, localization, and association to maintain
reliable tracking across video frames [36].

Despite signicant advances in MOT techniques over the
past decade [6, 9, 17, 19, 38, 48, 52, 53], challenges persist,
particularly in maintaining temporal consistency during fre-
quent occlusions or in scenes involving visually similar in-
dividuals [50]. Figure 1 illustrates a common challenge in
MPT where subjects with similar appearances, such as uni-
forms, can result in identity switches, as seen in the Byte-
Track algorithm [53]. Such issues are especially critical
in healthcare applications and clinical environments, where
accurate tracking of individuals (e.g., patients in gowns or
uniformed clinical staff) is essential for reliable behavioral
analysis.

Autism spectrum disorder (ASD) affects 1 in 36 children
[32] and is often accompanied by challenging behaviors
(CB) such as self-injury, tantrums, aggression, and prop-
erty destruction [25]. These behaviors rank among the most
common reasons for referral to behavioral healthcare ser-
vices and contribute signicantly to healthcare costs. Early
detection and intervention during episodes of aggression
can alleviate stress for families and caregivers, enabling pre-
emptive action to mitigate risks.

Video-based monitoring offers a non-intrusive solution
for observing challenging behaviors, particularly for indi-
viduals who may not tolerate wearable sensors. However,
clinical environments introduce unique challenges for MPT,
including individuals frequently exiting and re-entering the
camera’s view, high occlusion rates, and similar appear-
ances among subjects, such as clinical staff in uniform.
These factors often undermine the effectiveness of existing
MPT methods in clinical contexts.

This paper reviews the state of the art in MOT, empha-
sizing its application to autism behavior analysis in clinical
settings. The key contributions of this work are as follows:

• An in-depth examination of the unique demands and
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Figure 1. Illustration of tracking challenges in multi-person tracking across four consecutive frames from the DanceTrack dataset [44].
This sequence highlights a common issue in multi-object tracking, where visually similar appearances lead to ID switch (IDS) errors.
Specically, the ByteTrack algorithm [53] struggles to maintain consistent IDs for subjects #576 and #579 as they exhibit overlapping
trajectories and similar visual features.

characteristics of clinical environments, focusing on
video datasets collected during autism behavior anal-
ysis sessions.

• A comprehensive analysis of the challenges, limita-
tions, and opportunities for MOT models transitioning
from public to clinical settings.

• Benchmark experiments using state-of-the-art MOT
models to evaluate their performance on our behav-
ioral analysis videoset for ASD (BAV-ASD), providing
insights into the efcacy of these methods for autism
behavior analysis.

By addressing the limitations of existing methods and
tackling complex scenarios such as high occlusion and visu-
ally similar subjects, this work aims to advance MPT tech-
niques for healthcare applications. It provides a foundation
for future research, highlighting the potential of MOT to
enhance behavioral monitoring and support early interven-
tion strategies, not only for individuals with ASD but also
in broader healthcare contexts. The ndings of this paper
can be generalized to other healthcare applications, such as
patient monitoring, rehabilitation, and elder care, showcas-
ing the signicance of MOT in improving outcomes across
diverse domains.

1.1. Small Data Statement

The research presented in this paper qualies as small
data research due to the nature of clinical datasets used
for autism behavior analysis. These datasets are inherently
limited in size because they involve data collected in spe-
cialized environments with strict ethical and logistical con-
straints. Unlike large-scale public datasets, clinical data of-
ten feature fewer samples, varying video quality, and re-
stricted availability due to privacy concerns and participant
consent. To tackle these challenges, we employed the fol-
lowing strategies:

• We employed multiple state-of-the-art MOT algo-
rithms pre-trained on large-scale benchmark datasets

such as MOT17 [34]. Rather than re-training these
models, we adapted them by adjusting their tracking
parameters to optimize performance in indoor clin-
ical environments. This approach leverages the ro-
bust generalization capabilities of pre-trained models
while tailoring them to the specic characteristics of
our dataset.

• By carefully selecting clips that highlight unique track-
ing challenges (e.g., occlusion, uniform similarity), we
focused on the robustness of existing algorithms rather
than generalization to diverse large-scale scenarios.

• We evaluated multiple state-of-the-art MOT algo-
rithms to identify trends and ensure that ndings are
not biased by the limitations of any single method.

These strategies were essential in ensuring reliable eval-
uation despite the small data constraints, demonstrating the
feasibility of deploying MOT in clinical environments for
ASD behavior analysis.

2. Related Works

Recent advancements in multi-object tracking (MOT)
and computer vision have the potential to signicantly ex-
pand their applications in healthcare, particularly in autism
spectrum disorder (ASD) analysis. While MOT techniques
have achieved notable success in domains like surveillance
and autonomous systems, their adaptation to clinical set-
tings presents unique challenges. These include high oc-
clusion rates, similar appearances among individuals, and
the complexity of unstructured environments. This section
explores the evolution of MOT methodologies, from tra-
ditional tracking-by-detection approaches to modern end-
to-end frameworks, and their integration into vision-based
healthcare applications with a focus on ASD-related be-
havior analysis. A summary of these works is provided
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Table 1. Overview of related works in multi-object tracking (MOT) methodologies and their applications in vision-based ASD analysis.

(a) Multi-Object Tracking (MOT) Algorithms

Algorithm Key Contributions Limitations

SORT [8] Multi-object tracking by Kalman lter and Hungarian
algorithm.

Dependent on detection quality; lacks re-identication;
struggles with occlusions.

DeepSORT [48] Combines appearance descriptors CNN-based, distance
metrics, and cascade matching for stable associations.

Dependent on detection quality; high computational
cost; struggles with similar objects.

StrongSORT [17] Improves DeepSORT through more robust associations,
and enhanced appearance and motion modeling.

Slower than joint trackers; dependent on detection
thresholds; ID switches in crowded scenes.

OC-SORT [10] Occlusion handling with observation-centric motion
modeling.

Struggles with re-identication in scenarios where ob-
jects frequently exit and re-enter the camera view.

Tracktor [6] Uses detector regressors for tracking without motion
models or training.

Dependent on detection quality; struggles with occlu-
sions and small objects.

ByteTrack [53] Handles occlusions by integrating low-condence de-
tections thorough the BYTE mechanism.

Dependence on detection quality; challenges in
crowded scenes and high occlusion rate.

MPNTrack [9] Message-passing network with time-aware updates; ef-
cient batch processing using CNN and geometric em-
beddings.

Limited to ofine processing; struggles with dynamic
motion and scenes; dependent on detection quality and
manual parameter tuning.

MOTR [52] End-to-end transformer tracker with dynamic queries
and temporal modeling.

High computational cost; struggles with new and simi-
lar objects; requires parameter tuning.

MOTRv2 [55] Enhances MOTR with improving detection and associ-
ation.

Dependent on large datasets; high computational cost;
occasional errors in crowded scenes.

FairMOT [54] Integrates detection and ReID in a single framework. Computationally intensive; struggles with prolonged
occlusions.

DragonTrack [19] Combines transformers and graphs for robust tracking. Computational intensity; less suitable for scenarios with
limited hardware capabilities.

(b) Vision-based Autism Spectrum Disorder (ASD)-related Application

Authors Task Video Data Algorithm Limitations

Prakash et al. [37] MBA P: 300 ASD; Pub-
licly sourced videos

YOLO, Faster R-CNN Limited dataset diversity; each model assumes a partic-
ular video data distribution, such as frontal visibility or
person-person interaction.

Singh et al. [43] MBA P: 17 ASD, 18 TD Optical ow, OpenPose Limited dataset diversity; reliance on bounding box se-
lection.

Wei et al. [47] SBD Curated SSBD Mask R-CNN Lack of clinical data; videos collected from online me-
dia platforms.

Ali et al. [3] SBD P: 60 ASD; SSBD YOLO, DeepSORT Limited dataset diversity.

Barami et al. [5] SBD P: 241 ASD YOLO, OpenPose Limited dataset diversity.

Dia et al. [16] FER SSBD Haar cascade classier Single-person face detection; lack of clinical data; lim-
ited dataset diversity.

Khor et al. [29] FER SSBD Haar cascade classier Single-person face detection; limited video representa-
tion (onset); lack of clinical data; limited dataset diver-
sity.

Gao et al. [20] SBD SSBD AlphaPose, VideoPose3D Single-person detection; lack of clinical data; limited
dataset diversity.

Ruan et al. [42] SBD Caltech ADOS in-
terview

ST-GCN Single-person detection; limited dataset diversity.

FER: Facial expression recognition. SBD: Stereotypical behavior detection. MBA: Multitask behavioral analysis. P: Primary.
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in Table 1, which outlines key contributions from foun-
dational algorithms like SORT [8] and DeepSORT [48]
to advanced frameworks such as MOTR [52] and Drag-
onTrack [19]. The table also highlights recent efforts to
apply object detection and tracking techniques to ASD
analysis, such as behavior tracking and diagnostic tools
[3, 5, 16, 20, 29, 37, 42, 43, 47]. Furthermore, it underscores
the limitations of existing approaches, including their re-
liance on controlled environments, challenges in handling
occlusions, and the scarcity of diverse datasets, emphasiz-
ing the need for more robust and adaptable solutions.

2.1. MOT Methods

Traditional MOT methodologies primarily follow the
tracking-by-detection paradigm in which objects are ini-
tially detected and subsequently associated across consec-
utive frames. These methods rely on convolutional neural
networks (CNNs) for object detection in individual frames,
followed by track association across frames to produce con-
sistent trajectories. For example, SORT [8] combines a
Kalman lter and the Hungarian algorithm for efcient
track association. Enhancements like DeepSORT [48] in-
corporate cosine distance metrics to improve appearance
similarity measures. StrongSORT [17] builds upon Deep-
SORT, improving object detection, feature embedding, and
trajectory association using motion and appearance-based
metrics. OC-SORT [10] focuses on improving data asso-
ciation in scenarios with occlusions and long-term track-
ing challenges. By introducing observation-centric motion
modeling, OC-SORT tries to enhance trajectory consistency
and robustness compared to traditional SORT. Tracktor [6]
focuses on extending bounding boxes across frames using
a detector, without a motion model like SORT. It treats
the object detection model itself as the tracker. Detections
from the previous frame are propagated to the current frame,
and the detector determines if the object is still present.
ByteTrack [53] further renes data association through a
BYTE mechanism, addressing missing detections by in-
cluding low-condence candidates such as occluded ob-
jects. Some approaches, such as MPNTrack [9], use mes-
sage passing networks (MPNs) to address the data associa-
tion challenge in tracking-by-detection approaches. By for-
mulating the MOT problem as a graph and applying MPNs,
these methods can reason globally over an entire set of de-
tections and predict nal solutions.

Despite their widespread adoption, CNN-based MOT
methods face challenges in scalability, dependency on pre-
cise detections, and handling occlusions or complex subject
interactions. These limitations stem from their reliance on
post-processing for track association, which restricts the ef-
fective utilization of temporal dynamics in video sequences.

Emerging end-to-end MOT frameworks address these
limitations by integrating detection, localization, and as-

sociation into a unied process. These methods implic-
itly learn appearance and positional variations, conceptu-
alizing MOT as a sequential prediction task. Transformer-
based end-to-end methods, such as MOTR [52], simulta-
neously optimize detection, tracking, and reidentication,
eliminating the need for handcrafted features. Extending
an end-to-end object detection with transformers (DETR)
[13], MOTR introduces ”track queries” that model tracked
instances across video sequences for iterative predictions.
MOTRv2 [55] renes this approach using a bootstrapping
technique with pretrained detectors for improved accuracy.
FairMOT [54] is another end-to-end method that integrates
object detection and re-identication (ReID) into a single
framework using a CenterNet-like architecture.

Recent innovations, such as DragonTrack [19], combine
transformer-based detection with graph neural networks to
improve robustness, particularly in handling occlusions and
complex interactions. However, as highlighted in the lim-
itations column of Table 1a, these frameworks continue to
face important challenges in real-world applications, par-
ticularly in handling high occlusion rates and frequent re-
entries of tracked subjects. These limitations signicantly
degrade detection quality and compromise the accuracy of
subject associations.

2.2. Vision-Based ASD Applications

The use of computer vision techniques for ASD assess-
ment has risen signicantly, providing noninvasive alterna-
tives to traditional diagnostic methods that rely on wear-
able sensors. Core vision-based tasks in ASD applications
include facial expression recognition, tracking stereotyped
movements, monitoring attention, and analyzing social en-
gagement [22, 27]. These methods address the challenges
faced by individuals with ASD, such as difculties recog-
nizing facial expressions and maintaining joint attention, as
well as repetitive motor behaviors [2, 46].

Several studies integrate MOT into ASD-focused ap-
plications, but the tracking models they rely on have no-
table limitations. For multitask behavioral analysis, ap-
proaches such as integrating YOLO models [26] and Faster
R-CNN [39] have been applied to detect and track inter-
actions between children and caregivers [37]. Addition-
ally, optical ow techniques [31] combined with OpenPose
[12] have been employed to analyze specic biomarkers for
early ASD detection, including eye, head, and neck move-
ments [43]. To identify stereotypical behaviors, methods
leveraging Mask R-CNN [24] have been used for child de-
tection [47], while other approaches [3, 5] integrate YOLO
with tracking frameworks like DeepSORT [38] or pose es-
timation tools such as OpenPose [12]. Despite their utility,
these models face notable challenges. YOLO struggles with
detecting small objects due to its spatial resolution limita-
tions and exhibits difculties with multiple object detection

76



and occlusion [21]. OpenPose, while effective in pose esti-
mation, is highly sensitive to occlusions and overlapping
body parts [56], which complicates tracking in complex
environments and limits its real-time applicability in real-
world scenarios. Similarly, Mask R-CNN relies heavily on
high-quality region proposals and has high computational
demands, reducing its efcacy in noisy environments [33].
Moreover, it struggles with tracking small, repetitive mo-
tions [21], further restricting its application in ASD-focused
studies.

Most current methods emphasize single-object track-
ing within controlled environments, often employing tools
like Haar cascade classiers for facial expression analy-
sis [16, 29]. These techniques are optimized for structured
video data featuring clear, front-facing views but face sig-
nicant challenges in real-world conditions, such as vari-
able lighting, occlusion, or non-standard camera angles.
For the analysis of stereotypical behaviors, models such
as DS-SBD [20] utilize AlphaPose [18] and VideoPose 3D
[35], which are highly sensitive to occlusions and overlap-
ping body parts, limiting their effectiveness in complex,
dynamic environments [56]. Spatiotemporal graph convo-
lutional networks (ST-GCN) [49] have also been applied
for behavioral analysis, requiring pre-segmented sequences
and struggling to capture long-term temporal dependencies.
These constraints reduce their efcacy in analyzing pro-
longed and repetitive behaviors [30], emphasizing the im-
portance of developing robust, adaptable models capable of
performing reliably in unstructured, real-world scenarios.

Table1b summarizes recent studies in vision-based ASD
analysis, their datasets, algorithms,and limitations of exist-
ing approaches. It is important to note that the lack of di-
verse, large-scale datasets due to ethical and logistical con-
straints exacerbates these challenges, increasing the risk of
overtting and limiting robustness. This highlights the need
for advanced tracking methods capable of operating effec-
tively in real-world environments while capturing the com-
plex behaviors associated with ASD.

3. MOT in ASD: A Case Study
Individuals with ASD often exhibit unique behavioral

patterns and challenges, including difculties in communi-
cation, social interaction, and repetitive behaviors. Monitor-
ing these behaviors is crucial for early diagnosis, personal-
ized intervention planning, and evaluating therapeutic out-
comes. While some studies have utilized wearable biosen-
sors to track physiological and behavioral data, these meth-
ods can be invasive and may not be suitable for all individu-
als. For instance, in a recent study involving 86 participants,
8 individuals (9.3%) were excluded because they could not
wear the physiological biosensor due to tactile sensitivity or
behavioral noncompliance [25]. In such cases, video-based
monitoring offers a noninvasive and unobtrusive alternative,

enabling comprehensive behavior analysis without impos-
ing discomfort. This paper explores the application of MOT
techniques in video-based monitoring to overcome chal-
lenges such as high occlusion, visually similar subjects, and
complex interactions. To assess the performance of MOT
methods and their challenges and opportunities in health-
care applications, we employed six different algorithms in-
cluding ByteTrack [53], MOTR [52], DeepSORT [38], OC-
SORT [11], FairMOT [54], and StrongSORT [17]. These
methods were applied to our clinical video set (BAV-ASD),
recorded from functional analysis (FA) sessions for behav-
ior analysis in individuals with autism. Evaluation metrics
such as multiple object tracking accuracy (MOTA) [28],
identication F1 Score (IDF1) [41], and ID switch error
(IDS) were computed to measure the precision and relia-
bility of these methods in handling challenging conditions.

3.1. BAV-ASD Dataset

Our dataset, BAV-ASD (behavioral analysis videoset for
ASD), comprises eight video clips totaling 21,483 frames.
It represents a small subset of a larger dataset collected in
a multi-camera clinical setting involving individuals with
autism. Each participant engaged in fteen 10-minute func-
tional behavior analysis sessions per day over ten days.
The video recordings were captured in test rooms and con-
trolled environments, showcasing a variety of challenging
scenarios, such as high occlusion rates, complex poses, ag-
gressive behaviors, limited elds of view, and interactions
among multiple participants, including staff and caregivers.
These features reect real-world clinical settings, where
accurately tracking individuals is necessary for behavioral
analysis and intervention planning.

The dataset is manually annotated with bounding boxes
and unique identiers for each individual, ensuring its suit-
ability for evaluating tracking methods. It is important to
note that videos with mirror reections were excluded, and
each camera’s footage was processed independently. As a
result, the MOT methods assessed in this study are single-
camera approaches and do not incorporate cross-camera re-
identication capabilities. Table 2 provides a summary of
the BAV-ASD video set and includes screenshots from each
clip to illustrate the primary tracking challenges.

3.2. MOT Challenges in Clinical Settings

Clinical videos pose a unique set of challenges for MOT
systems, stemming from their dynamic yet constrained en-
vironments. Below, we highlight the primary obstacles en-
countered:

Subjects, particularly patients, in clinical videos often
exhibit non-standard poses, such as lying down, bending, or
interacting closely with medical staff. These complex pos-
tures create difculties in accurately identifying and track-
ing body parts, especially when the body orientation devi-
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Table 2. Overview of the BAV-ASD dataset highlighting key characteristics of different video clips.

# FrameN Main Challenges Screenshot # FrameN Main Challenges Screenshot

C1 2557 Fully attached or close
proximity subjects. C2 3421 Complex behavior such

as self-injury, occlusion.

C3 577 Fully attached subjects,
complex poses. C4 1811 High rate of occlusion,

aggressive behavior.

C5 1097 Limited eld of view,
exit/re-enter events. C6 1505

Uniform similarity
among staff, complex
poses.

C7 9001 High rate of occlusion,
limited eld of view. C8 1514 Complex poses such as

crawling.

ates from the detector’s training set.
Many clinical settings include two-way mirrors for ob-

servation. These mirrors cause reections that confuse ob-
ject detectors and trackers, leading to false positives or du-
plicate detections. Solutions require reection-aware pro-
cessing techniques, which add computational overhead.

Staff members often wear similar uniforms, and patients
are typically dressed in similar gowns which reduces the
distinctiveness of appearance-based features used in track-
ing. This similarity results in frequent identity switch errors
and tracking failures.

Subjects frequently leave and re-enter the camera’s eld
of view, disrupting the continuity of tracks. Re-identifying
individuals after they re-enter is particularly challenging in
small rooms with a limited camera view.

Clinical cameras are typically xed, providing a limited
eld of view that excludes parts of the room or fails to cover
all interactions. This limitation results in blind spots during
tracking and challenges in maintaining consistent ID num-
bers for tracked individuals.

Subjects, particularly those exhibiting challenging be-
haviors, often move unpredictably or interact intensely with
their environment and others. These irregular pose and mo-
tion patterns reduce the effectiveness of conventional mo-
tion models in tracking algorithms. Clothing changes dur-
ing medical procedures or events, such as subjects taking
off their garments, can drastically alter appearance-based
features used for identity tracking, leading to identity loss.

To address these challenges, several avenues for fu-
ture research are suggested, including the development of

reection-aware object detectors, the design of pose-robust
models, the creation of re-identication algorithms for in-
dividuals exiting and re-entering the frame, providing cus-
tomized tracking methods for indoor situations, and the im-
plementation of techniques to manage to handle occlusions
and subjects in close proximity.

3.3. MOT Opportunities in Healthcare

The majority of existing behavior analysis and patient
monitoring in healthcare settings relies on wearable sen-
sors. While these sensors provide valuable physiological
and movement data, they can be intrusive and impracti-
cal for certain populations. For example, individuals with
autism often struggle with wearing devices due to sensory
sensitivities, making sensor-based approaches less feasible.
In such cases, video-based monitoring emerges as a promis-
ing alternative. Video is non-invasive and unobtrusive, en-
abling continuous monitoring without interfering with the
natural behaviors of patients.

Multi-object tracking serves as a key element of video-
based analysis, offering opportunities to extract detailed in-
formation about movement, interaction patterns, and spatial
relationships in clinical settings. As the rst step in video
processing, MOT generates essential data for downstream
tasks such as activity recognition, behavior analysis, and
anomaly detection. In healthcare, these capabilities have
diverse applications, including monitoring clinician perfor-
mance, assessing patient behaviors, and studying interac-
tions in therapy sessions.

For instance, in autism-related research, MOT enables
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Table 3. State-of-the-art evaluation on the BAV-ASD dataset and benchmarks. The best results for each metric are highlighted in bold,
while the second-best-performing metrics are indicated in blue, and the symbol ’–’ represents unreported values. All trackers exhibit
lower MOTA and IDF1 scores on BAV-ASD (our dataset) compared to other datasets. This table highlights the increased complexity and
difculty of clinical datasets compared to standard benchmarks.

MOT Method BAV-ASD (Ours) MOT17 [34] MOT20 [15] DanceTrack [44]

MOTA IDF1 MOTA IDF1 MOTA IDF1 MOTA IDF1

ByteTrack [53] 62.2 53.0 80.3 77.3 77.8 75.2 89.6 53.9
DeepSORT [38] 60.0 44.6 78.0 74.5 71.8 69.6 87.8 47.9
OC-SORT [11] 59.7 48.3 78.0 77.5 75.9 76.4 89.4 54.2
StrongSORT [17] 60.1 48.1 78.3 78.5 72.2 75.9 91.1 55.2
MOTR [52] 58.3 47.8 73.4 68.6 – – 79.7 51.5
FairMOT [54] 57.9 40.3 73.7 72.3 61.8 67.3 82.2 40.8

the study of social interactions, gaze patterns, and challeng-
ing behaviors without requiring invasive equipment. In re-
habilitation, it supports the analysis of motor recovery by
tracking patient movements.

In addition to behavior monitoring, multi-person track-
ing can be effectively utilized in health-related online edu-
cation platforms to enhance and automate interactions with
learners in virtual environments. Furthermore, MOT facil-
itates staff behavior analysis in hospital settings, aiding in
workow optimization and ensuring adherence to best prac-
tices. With its ability to process real-time data and adapt to
dynamic environments, MOT has the potential to enhance
healthcare video analytics, bridging the gap between unob-
trusive monitoring and actionable clinical insights.

4. Experimental Results

4.1. Implementation Details

The experimental results were obtained on a setup with
a Core i9 5.4 GHz CPU, RTX 4080 GPU, and 32 GB of
RAM. We followed standard protocols to evaluate MOT
methods. Common evaluation metrics include identity
F1 score (IDF1) [40], multiple object tracking accuracy
(MOTA) [7], and identity switches (IDS) metrics. We also
set the MAX-AGE tracking parameter to 150 frames to
ensure consistent ID assignment for individuals who tem-
porarily leave and re-enter the camera’s eld of view, ac-
commodating brief occlusions or exits in indoor scenar-
ios. In addition to our collected dataset (BAV-ASD), we
conducted experiments on MOT17 [34], MOT20 [15], and
DanceTrack [44] benchmark datasets. MOT17 consists
of 7 training and 7 testing sequences, primarily featuring
crowded street scenes. MOT20 includes 4 training and 4
testing sequences with more crowded scenes and higher oc-
clusions. DanceTrack contains 100 sequences, focusing on
tracking in scenarios with high inter-object similarity and
complex motions.

4.2. State-of-the-Art Evaluation on BAV-ASD

We evaluated six different MOT methods on the BAV-
ASD dataset and compared their performance to standard
benchmarks. As shown in Table 3, these methods include
ByteTrack [53], DeepSORT [38], OC-SORT [10], Strong-
SORT [17], MOTR [52], and FairMOT [54]. By apply-
ing these methods to our BAV-ASD dataset, a notable ob-
servation emerged: while MOT17 includes diverse scenes
with moderate density and occlusion, MOT20 targets highly
crowded scenarios, and DanceTrack focuses on uniform
appearance and complex motion patterns, the BAV-ASD
dataset surpasses these challenges in difculty. Its clini-
cal context introduces irregular behaviors, frequent occlu-
sions, and dynamic environments, making it signicantly
more challenging for tracking algorithms.

As shown in Table 3 ByteTrack achieved the best MOTA
and IDF1 scores in the BAV-ASD dataset. Table 4 presents
the detailed results of MOT performance across the indi-
vidual clips. This table highlights how tracking metrics,
such as MOTA and IDF1, are inuenced by different chal-
lenges. In Clip 4, where the primary challenge is the high
rate of occlusion and aggressive behavior, the IDF1 score
(40.6)—measuring an MOT method’s ability to maintain
consistent ID assignments—is particularly low, represent-
ing the poorest performance among all clips in this met-
ric. In contrast, Clip 8 presents a unique challenge where
the participant with autism exhibits complex poses, such as
crawling during the test session. This signicantly impacts
the detection capability of the MOTmethod, resulting in the
lowest MOTA score (40.3) observed across the clips. These
ndings underscore how specic scenarios can affect track-
ing metrics.

5. Discussion, Conclusion, and Future Work
In this study, we evaluated multiple MOT methods on a

challenging real-world dataset collected in a clinical setting
involving individuals with autism (BAV-ASD). Our anal-
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Table 4. Performance evaluation of ByteTrack on BAV-ASD video
clips, with tracking metrics across diverse scenarios.

# MOTA IDF1 IDS

C1 60.3 50.5 482
C2 50.2 55.7 471
C3 64.8 53.7 54
C4 63.3 40.6 410
C5 84.1 66.2 160
C6 77.2 54.3 452
C7 57.1 50.3 485
C8 40.3 52.4 21

Average 62.2 53.0 317

ysis highlighted several unique challenges specic to this
dataset, including frequent occlusions, uniform subject ap-
pearances, and complex behaviors. These challenges signif-
icantly impact the performance of standard MOT methods,
underscoring the limitations of existing techniques in clini-
cal and indoor tracking scenarios.

The BAV-ASD dataset presents an opportunity to de-
velop and rene more robust MOT methods tailored for
healthcare applications. Future work should focus on cre-
ating customized algorithms optimized for indoor tracking
scenarios. These methods should address domain-specic
challenges, such as handling mirror reections, incorporat-
ing cross-camera re-identication for multi-camera setups,
and adapting to the unique motion patterns and behaviors
observed in clinical environments.

Furthermore, this study highlights the potential of MOT
in real-world healthcare applications, such as monitoring
individuals with autism during functional behavior analysis
sessions. Developing accurate and explainable tracking sys-
tems for such applications can enhance AI-driven decision-
making. By leveraging these opportunities and addressing
the identied challenges, the next generation of MOT meth-
ods can bridge the gap between academic research and prac-
tical deployment in healthcare settings.
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vakovic, Marı́a Núñez, Jeremy Oakley, and Anthony
O’Hagan. Response (minimum clinically relevant change)
in asd symptoms after an intervention according to cars-2:
consensus from an expert elicitation procedure. European
child & adolescent psychiatry, 31(8):1–10, 2022. 4

[28] Rainer Stiefelhagen Keni Bernardin. Evaluating multiple ob-
ject tracking performance: The clear mot metrics. EURASIP

Journal on Image and Video Processing, 2008:246309,,
2008. 5

[29] Stephen Wen Hwooi Khor, Aznul Qalid Md Sabri, and Alice
Othmani. Autism classication and monitoring from pre-
dicted categorical and dimensional emotions of video fea-
tures. Signal, Image and Video Processing, 18(1):191–198,
2024. 3, 4, 5

[30] Mayank Lovanshi and Vivek Tiwari. Human skeleton pose
and spatio-temporal feature-based activity recognition using
st-gcn. Multimedia Tools and Applications, 83(5):12705–
12730, 2024. 5

[31] Bruce D Lucas and Takeo Kanade. An iterative image reg-
istration technique with an application to stereo vision. In
IJCAI’81: 7th international joint conference on Articial in-
telligence, volume 2, pages 674–679, 1981. 4

[32] Matthew JMaenner. Prevalence and characteristics of autism
spectrum disorder among children aged 8 years—autism
and developmental disabilities monitoring network, 11 sites,
united states, 2020. MMWR. Surveillance Summaries, 72,
2023. 1

[33] Palak Mahajan, Namrata Karlupia, Pawanesh Abrol, and
Parveen K Lehana. Analyzing performance of masked r-cnn
under the inuence of distortions. In International Confer-
ence on Innovations in Computational Intelligence and Com-
puter Vision, pages 339–351. Springer, 2022. 5

[34] Anton Milan, Laura Leal-Taixé, Ian Reid, Stefan Roth, and
Konrad Schindler. Mot16: A benchmark for multi-object
tracking. arXiv preprint arXiv:1603.00831, 2016. 2, 7

[35] Dario Pavllo, Christoph Feichtenhofer, David Grangier, and
Michael Auli. 3d human pose estimation in video with tem-
poral convolutions and semi-supervised training. In Proceed-
ings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 7753–7762, 2019. 5

[36] Ricardo Pereira, Guilherme Carvalho, Luı́s Garrote, and Ur-
bano J Nunes. Sort and deep-sort based multi-object tracking
for mobile robotics: Evaluation with new data association
metrics. Applied Sciences, 12(3):1319, 2022. 1

[37] Varun Ganjigunte Prakash, Manu Kohli, Swati Kohli, AP
Prathosh, Tanu Wadhera, Diptanshu Das, Debasis Panigrahi,
and John Vijay Sagar Kommu. Computer vision-based as-
sessment of autistic children: Analyzing interactions, emo-
tions, human pose, and life skills. IEEE Access, 11:47907–
47929, 2023. 3, 4

[38] Abhijeet Pujara and Mamta Bhamare. Deepsort: real time
& multi-object detection and tracking with yolo and tensor-
ow. In 2022 International Conference on Augmented Intel-
ligence and Sustainable Systems (ICAISS), pages 456–460.
IEEE, 2022. 1, 4, 5, 7

[39] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun.
Faster r-cnn: Towards real-time object detection with region
proposal networks. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 39(6):1137–1149, 2016. 4

[40] Ergys Ristani, Francesco Solera, Roger Zou, Rita Cucchiara,
and Carlo Tomasi. Performance measures and a data set for
multi-target, multi-camera tracking. In European conference
on computer vision, pages 17–35. Springer, 2016. 7

[41] Ergys Ristani, Francesco Solera, Roger Zou, Rita Cucchiara,
and Carlo Tomasi. Performance measures and a data set

81



for multi-target, multi-camera tracking. In Gang Hua and
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