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Abstract

Thermal multi-object tracking (MOT) is essential for
surveillance and safety-critical perception in low-visibility
environments, yet it remains challenging due to weak ap-
pearance cues, low contrast, frequent occlusions, and
unstable object boundaries. ~We present a three-stage
framework for thermal pedestrian MOT on the TP-MOT
benchmark, consisting of thermal pedestrian detection,
online tracking, and offline trajectory refinement. Our
main contribution is a lightweight post-processing mod-
ule that treats identity continuity as a first-class objec-
tive by stitching fragmented tracklets using temporal con-
tinuity, spatial proximity, motion consistency, and border-
aware constraints. Unlike approaches that rely on heavy
re-identification models or costly global optimization, the
proposed refinement stage improves identity preservation
while allowing the online tracker to remain simple and effi-
cient. The full system further provides a unified pipeline for
inference, visualization, evaluation, and submission gener-
ation, enabling reproducible benchmarking across tracker
variants. Experiments on the PBVS Thermal MOT bench-
mark show that the proposed refinement stage consistently
reduces fragmentation and improves continuity over raw
tracking outputs, yielding a robust and practical real-time
solution for thermal pedestrian surveillance.

1. Introduction

Multi-object tracking (MOT) in thermal imagery has be-
come increasingly important for surveillance, public safety,
intelligent transportation, and other vision systems that
must operate reliably under poor illumination, adverse
weather, or low-visibility conditions. Unlike RGB cameras,
thermal sensors capture infrared radiation and therefore re-
main effective when color and texture cues are severely de-
graded. This property makes thermal imaging especially
attractive for pedestrian monitoring in nighttime and safety-
critical environments. At the same time, thermal pedestrian

tracking remains difficult because objects often appear with
weak boundaries, limited appearance variation, and highly
ambiguous local structure, all of which make detection and
identity preservation substantially more challenging than in
conventional RGB settings.

Despite steady progress in modern MOT, thermal-based
tracking continues to present several unresolved difficul-
ties. First, the low-information nature of thermal imagery
reduces the discriminative power of appearance features,
making it harder to distinguish nearby pedestrians or re-
cover identities after occlusion. Second, crowded scenes,
missed detections, and abrupt motion changes frequently
fragment trajectories and induce identity switches. Third,
many high-performing tracking systems depend on heavy
re-identification modules or complex motion models, which
can improve robustness but often increase computational
cost and deployment complexity. These limitations are par-
ticularly restrictive when the goal is to build a practical sys-
tem that is both accurate and efficient for real-time thermal
pedestrian tracking.

To address these challenges, this codebase presents a
practical and extensible framework for thermal pedestrian
multiple-object tracking, developed around the PBVS 2025
challenge setting. The repository adopts a modular two-
stage pipeline that separates object detection from ob-
ject association, allowing each stage to be configured and
tuned independently. In its default formulation, the sys-
tem combines a thermal-adapted YOLOVS detector with a
lightweight SORT-based tracking stage, emphasizing strong
detection quality, stable association, and minimal runtime
overhead. Rather than relying primarily on computation-
ally expensive re-identification, the framework improves
identity continuity through carefully tuned association pa-
rameters, an online ID-switch postprocessor, and an addi-
tional offline tracklet-stitching procedure that merges short
fragmented trajectories when spatial and temporal evidence
is consistent. This design yields a codebase that is both
engineering-oriented and research-friendly, supporting re-
producible experimentation, submission generation, and
straightforward extension to alternative tracker backends.
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In brief, the main contributions are as follows:

* We present a modular thermal pedestrian MOT method
that integrates detection, tracking, identity-repair within
a unified pipeline.

* We introduce complementary identity-continuity mecha-
nisms, including online ID-switch correction and offline
tracklet stitching, to reduce fragmentation caused by oc-
clusion, missed detections, and complex motion.

* We provide an extensible experimental framework with
configurable tracker backend and standardized scripts,
making the repository suitable for both practical deploy-
ment and future thermal MOT research.

2. Related Work

Modern multi-object tracking (MOT) systems are largely
organized around the tracking-by-detection paradigm,
where an object detector first produces per-frame observa-
tions and a tracker subsequently enforces temporal identity
consistency. Over the past decade, a diverse family of asso-
ciation strategies, motion models, and auxiliary cues such
as appearance or segmentation have been proposed to im-
prove identity stability under occlusion and detection noise.
This section reviews the most relevant strands of prior work
and situates our system within this landscape.

2.1. Tracking-by-Detection

A foundational approach in modern MOT is SORT [3],
which combines Kalman filtering with Hungarian assign-
ment based on geometric overlap . Despite its simplic-
ity, SORT remains widely used due to its efficiency and
modular design, making it a natural baseline for detector-
centered tracking systems. Subsequent work has focused
on strengthening data association while retaining the same
basic structure. ByteTrack [17] demonstrated that discard-
ing low-confidence detections prematurely can significantly
degrade identity continuity; instead, these detections can
be recovered in a secondary matching stage to reduce track
fragmentation under occlusion. BoT-SORT [1] further en-
hances this paradigm by integrating improved motion mod-
eling, global motion compensation, and optional appear-
ance embeddings to improve robustness in complex scenes.
In parallel, OC-SORT [4] revisits the Kalman update formu-
lation by emphasizing observation-centric updates, improv-
ing tracking stability under non-linear motion and short-
term occlusions.

2.2. Identity Recovery and Tracklet Stitching

To address ID switch, where a tracker incorrectly assigns
different tracking IDs to the same target, previous works
have proposed identity recovery methods or tracklet stitch-
ing models that use different sources of information such
as appearance, spatial, and temporal cues to associate frag-
mented tracklets and reassign correct tracking IDs after the

online tracking process. These models typically rely on mo-
tion features or appearance features of tracklets for track-
let level association. For example, Translink [18] incorpo-
rates a CNN and a temporal attention network to extract
and encode the appearance features of a tracklet and formu-
lates the merging of tracklet pairs as a binary classification
task. AFLink [7] relies only on spatial and temporal infor-
mation. Some methods [6, 8, 16] adopt feature clustering
techniques to merge tracklets and improve performance in
multi-camera tracking scenarios. MambaMOT [9] proposes
a motion model that acts as a motion predictor and extracts
tracklet motion features for tracklet association.

3. Method

The released inference wrapper file instantiates a detector—
tracker—repair pipeline for single-class thermal pedestrian
multiple-object tracking. In the provided validation config-
uration, the system processes six thermal sequences (seq2,
seql’, seq22, seqd’, seg54, and seq66) sampled at
10 FPS with image resolution 960 x 1280. The overall de-
sign is intentionally modular: detections are first generated
and cached, trajectories are then estimated online, and iden-
tity continuity is subsequently refined by two offline post-
processing stages. This decomposition follows the tracking-
by-detection philosophy of SORT [3] while adapting it to
the fragmentation patterns that are common in thermal im-
agery [15].

Thermal pedestrian detection. For each frame I;, we
apply a YOLOVS detector [10] in a single-class setting (per-
son). The detector operates on resized inputs of 1920 x
1920, uses batched inference with batch size 10, and is con-
figured with a very low confidence threshold (10~%) and
non-maximum suppression threshold 0.75 in order to pre-
serve recall. Let

Dy = { (b}, s}

denote the set of normalized bounding boxes and confi-
dence scores predicted at time t. Instead of directly cou-
pling detector and tracker in memory, the pipeline stores
D, as per-frame YOLO text files. This choice improves re-
producibility, allows detector/tracker ablations without re-
running the full pipeline, and enables direct inspection of
detector failure modes.

Online tracking. Before tracking, the stored detec-
tions are converted from normalized YOLO coordinates
to image-space (x1,y1,T2,Yy2) boxes and filtered with a
stricter threshold sﬁ > 0.5. Online association is then per-
formed with SORT [3], which combines a constant-velocity
Kalman predictor with Hungarian matching over bounding-
box overlap. Given predicted track boxes 7; and detections
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Stage 1
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Multi-base raw thermal frames
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Stage 5
Final Output Stage
Stable long-term identities,
cleaner trajectories.

(Fragmented Tracklets — Stitched Identity)

|

Offline Motion-Consistent
Tracklet Stitching

® Temporal gap
Center distance
Border reasoning
Predicted motion
Direction consistency

Identity-Consistent
Pedestrian Trajectories

Identity Repair Stage Final Output Stage

Figure 2. Overview of the proposed thermal pedestrian multi-object tracking pipeline. The framework consists of five stages. Stage 1 shows
challenging thermal surveillance inputs with occlusion, overlap, scale changes, abrupt motion, and low contrast. Stage 2 detects pedestrians
using a YOLOvS8-based detector. Stage 3 performs online tracking-by-detection with to produce initial trajectories. Stage 4 introduces the
proposed identity repair module, which stitches fragmented tracklets using temporal gaps, spatial proximity, motion prediction, border
reasoning, and direction consistency. Stage 5 outputs stable identity-consistent pedestrian trajectories.

Dy, the association stage maximizes pairwise IoU, or equiv-
alently minimizes

Cy; =1 —ToU (b, bl).
In the released configuration, tracks are retained for up to
40 missed frames, and the IoU gate is set to 0.001, which
indicates a deliberately permissive association policy. This
setting is useful in thermal scenes where shape deforma-
tion, low contrast, and partial occlusion can make frame-to-
frame overlap unstable even when identity continuity is still

visually plausible.

Online short-gap identity repair. A key implementation
detail is that identity correction is not deferred entirely to
the end of the sequence. Immediately after each SORT up-
date, we apply an online remapping module that keeps a
memory of recently lost output identities. If a newborn raw
track u appears within At < 7 frames of a recently lost
track v, and if their centers satisfy

”Cu - Cv||2 < 60,

the newborn trajectory inherits the previous output identity
rather than emitting a new ID. Because the benchmark is

single-class, the optional label-consistency check is effec-
tively always satisfied. This step is particularly effective
for thermal videos, where brief detector interruptions often
arise from local temperature ambiguity, partial truncation,
or low signal-to-noise regions.

Offline motion-consistent stitching. The first offline
post-processing stage explicitly targets short illegal disap-
pear/reappear events. We treat a tracklet ending away from
the image border as an implausible disappearance and a
tracklet starting away from the border as an implausible ap-
pearance. For an old tracklet a and a new tracklet b, with
temporal gap
At = tztart o tznd,

we estimate endpoint velocity from a 3-point temporal win-
dow and extrapolate the previous trajectory as

Cq = cZ“d + v, At.

We merge b into a only when all of the following hold:
1) both endpoints lie outside a 60-pixel border band, 2)
1 < At < 30, 3) the predicted displacement satisfies
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l|éa — 5|2 < 80 pixels, and 4) if the motion magnitude
is informative (speed > 0.25 pixels/frame), the angle be-
tween the two velocity vectors is at most 45° and the speed
ratio is at most 3.0. This stage is intentionally conservative:
it only repairs fragments that are both temporally short and
kinematically consistent.

Learned relinking of longer fragments. A second of-
fline stage addresses longer-range fragmentation using a
fixed logistic relinking function. For each candidate
predecessor—successor pair, we construct a 48-dimensional
feature vector that encodes temporal gap, Euclidean and
axis-wise displacement, tracklet lengths, box-size ratios,
border distances, edge indicators, global velocity consis-
tency, and multi-window extrapolation errors computed
over temporal windows {2, 3, 5,10, 20}. A candidate pair is
considered only if the gap is at most 60 frames, the endpoint
distance is at most 120 pixels, and both tracklets contain at
least two observations; moreover, the predecessor must not
terminate near a 25-pixel image border. The final relinking
probability is

p=o(w'z),

where 2 is the normalized feature vector and o (-) is the sig-
moid function. We accept a merge only when p > 0.95 and
the candidate is mutually optimal for both the old and new
tracklet. This mutual-best constraint makes the relinking
pass high-precision and prevents cascade errors that would
otherwise amplify early mistakes.

Output formatting and reproducibility. After post-
processing, each visible target is written in MOT-style for-
mat as

(fv id,x,y,w, hv S,& _13 _1)7

where f is the 1-indexed frame number, id is the repaired
identity, (x,y,w,h) is the image-space bounding box, s
is the confidence score, and ¢ is the class label. The
script optionally renders qualitative overlays during detec-
tion, tracking, and post-processing, and finally collects one
seg*_thermal.txt file per sequence into a dated sub-
mission archive.

Overall, the released system can be viewed as a high-
recall thermal detector, a lightweight online motion tracker,
and a two-stage identity-repair backend. This asymme-
try is well suited to thermal MOT: the detector maximizes
candidate coverage, the online tracker preserves short-term
temporal continuity, and the post-processing stages recover
long-range identity consistency under missed detections,
brief occlusions, and mid-frame fragmentation.

4. Experiments

4.1. Dataset Splits

The repository configuration tracks six validation se-
quences: seq2, seql7, seqg22, seq47, segbi4,
seq66. These correspond to challenge-style sequences
where public annotations are not distributed in this
workspace.

4.2. Evaluation Metrics

We evaluate tracking performance using standard CLEAR
MOT and identity-aware metrics that are widely used
in multi-object tracking benchmarks and implemented in
MOTChallenge-style evaluation toolchains [2, 12]. In par-
ticular, we report MOTA, MOTP, IDF1, IDP, IDR, Recall,
and Precision. These metrics jointly measure localization
quality, and temporal identity consistency.

Let TP, F'P, and F'N denote the numbers of true posi-
tives, false positives, and false negatives aggregated over all
frames. Let [ DSW denote the number of identity switches,
and GT' denote the total number of ground-truth objects
across all frames. For identity-aware evaluation, I DT P,
IDFP,and IDF N denote identity true positives, identity
false positives, and identity false negatives, respectively.

MOTA. Multi-Object Tracking Accuracy summarizes the
dominant tracking errors into a single score [2]:

FN+FP+1DSW

MOTA =1- aT

6]

A higher MOTA indicates fewer missed detections, fewer
false alarms, and fewer identity switches. Because it penal-
izes all three error sources simultaneously, MOTA is com-
monly used as an overall measure of tracking performance.

MOTP. Multi-Object Tracking Precision measures local-
ization quality on matched object-hypothesis pairs [2].
In overlap-based evaluation, it reflects the spatial agree-
ment between matched predictions and ground-truth ob-
jects across all true-positive associations. In many bench-
marks, including PBVS, MOTP is reported in a lower-is-
better localization-error form.

IDP, IDR, and IDF1. Identity metrics evaluate whether
detections are assigned the correct trajectory identity over
time [13]. Using identity counts,

IDTP
IDP = —————— 2
IDTP + IDFP’ @

IDTP
IDR = ——5——n 3)

IDTP+IDFN’
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Table 1. PBVS website leaderboard results.

#  Participant MOTA MOTP IDF1 IDP [IDR Recall Precision
1 Ours 0.99 0.13 0.86 0.86 0.86 1.00 1.00
2 wgetwet 0.97 0.12 097 098 096 0.98 1.00
3 SKKU-AutoLab 0.97 0.14 094 095 0.93 0.98 1.00
4  wwwwl23 0.85 0.12 086 091 0.82 0.8 0.98
5 spcke 0.82 0.14 0.86 090 0.83 0.88 0.94
Table 2. Leaderboard ranking based on the weighted score.
IDF1 = 21DTP 4
T 9IDTP+IDFP +IDFN Rank \ Team Weighted Score
IDP measures identity precision, IDR measures identity 1 wqetwet 0.7575
recall, and IDF1 is their harmonic mean. These metrics are 2 SKKU-AutoLab 0.7550
particularly sensitive to trajectory fragmentation and iden- 3 Ours 0.7425
tity switches, making them informative for evaluating iden- 4 | wwwwl23 0.6700
5 spcke 0.6600

tity preservation over time.

Recall and Precision. Detection Recall and Precision are

defined as
TP
l=——-—
Reca TPLFEN (®)]
TP
Precision = W (6)

Recall measures the proportion of ground-truth objects
that are successfully detected, while Precision measures the
proportion of predicted detections that correspond to true
objects. These metrics describe detection coverage and
false-alarm behavior within the tracking pipeline [12].

4.3. Experimental Setup

Experiments are conducted on the PBVS Thermal MOT
dataset, which contains roadside thermal surveillance se-
quences captured under nighttime conditions. The dataset
exhibits several challenges common in thermal tracking
scenarios, including low contrast, partial occlusion, over-
lapping pedestrians, scale variation, and abrupt motion. All
experiments follow the official challenge evaluation proto-
col. The detector is a YOLOvVS8 model trained for single-
class pedestrian detection, which we adopted the weight
from [15]. Inference is performed on resized 1920 x 1920
frames. Detection results are stored and reused across
tracker variants to ensure fair comparison. The tracking
stage is evaluated using several widely used MOT asso-
ciation strategies implemented within the same pipeline,
including SORT [3], ByteTrack [17], BoT-SORT [1],
OC-SORT [4], BoostTrack [14], DifftMOT [11], and a
segmentation-assisted variant based on SAM3 [5].

Table 3. Extension of YOLOv8 detector TP-MOT evaluation
server results reported by [15].

Method MOTA1+ MOTP| IDF11
ByteTrack 0.9173 0.1367 0.7659
BoT-SORT 0.9174 0.1368 0.7605
BoostTrack 0.8654 0.1555 0.7545
DiffMOT 0.8630 0.1611 0.7812
OC-SORT 0.9071 0.1236 0.5685
SAM3 0.9003 0.2104 0.6073
SORT 0.9844 0.1263 0.8130
SORT + Stitching 0.9853 0.1262 0.8545

4.4. Comparison with Existing Trackers

Table 3 compares several representative tracking methods
under the same detection inputs. Among the tested trackers,
SORT provides the strongest baseline performance in this
thermal benchmark.

More complex trackers such as ByteTrack and BoT-
SORT achieve competitive detection recall but show lower
identity consistency in this dataset. DiffMOT and Boost-
Track provide stronger motion modeling but remain sen-
sitive to missed detections and fragmentation under severe
occlusion. These observations highlight an important prac-
tical insight: in thermal pedestrian tracking, identity conti-
nuity is often dominated by fragmentation recovery rather
than by increasing tracker complexity alone.
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Seq17
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SORT  OC-SORT
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Figure 3. Qualitative comparison of OC-SORT, SORT, SAM3, and the proposed trajectory-refinement method on representative PBVS
thermal MOT sequences. The proposed approach yields more stable identity assignments and smoother trajectories under occlusion and

motion changes.

4.5. Ablation on Tracklet Stitching

The offline stitching module further reduces trajectory frag-
mentation by reconnecting short tracklets that satisfy tem-
poral and motion-consistency constraints. Compared with
the baseline pipeline, this stage reduces the total number of
fragmented tracks and increases average trajectory length.
After introducing the proposed identity-repair module, the
extended SORT + Stitching configuration achieves the best
overall performance with a MOTA of 0.9853 and IDF1 of
0.8545. Compared with the vanilla SORT baseline, the pro-
posed refinement stage improves IDF1 by over 4% while
maintaining nearly identical localization accuracy.

4.6. Qualitative Results

Figure 3 visualizes representative tracking results across
several challenging sequences. Compared with other track-
ers, the proposed framework produces smoother trajectories
and more stable identity assignments when pedestrians un-
dergo temporary occlusion or cross paths. In particular, the
proposed border-aware stitching strategy prevents spurious
identity births in the interior of the image while still allow-
ing legitimate entries and exits near frame boundaries. This
constraint proves especially effective in roadside thermal
surveillance scenarios, where pedestrians frequently move
through the field of view.

5. Conclusion

This work presents a practical framework for thermal pedes-
trian multi object tracking that prioritizes robustness, effi-
ciency, and modular design. By separating detection and
association into configurable components, the system al-
lows flexible experimentation while maintaining stable real
time performance. The integration of online identity repair
and offline tracklet stitching further improves identity conti-
nuity in challenging thermal scenarios involving occlusion,
missed detections, and ambiguous appearance cues. To-
gether, these design choices provide a reliable baseline and
an extensible platform for future research in thermal based
multi object tracking.
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