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Tracking people across frames or
camera views is difficult because
traditional MOT methods rely on ‘
short-term cues and often lose

identities during occlusions or re-
entries.

Goal: Design a tracking pipeline
that maintains global identity
consistency across time using
long-term appearance memory.

Traditional tracking: lose identity during occlusion Improved tracking: consistent identity after occlusion @
{
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Challenges
encountered

» Similar
clothes.

» Environmental
factors such
as bad
lighting, shaky
camera, etc.

» Occlusion.

» Change in
pose and
orientation.

I Solution I

Blurry image source
y umag Person

ID 1 D1 ID34 ID65 Re-ID
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8 B ) Change in human orientation
MOT17-02 frame: depicting occlusion leads to identity inconsistency
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Il RESEARCH BACKGROUND

Single camera Multi-camera

g h RE-IDENTIFICATION

Trackir\s with Efficient Re-Identification in Ultrnivtics

| s 5] M e
Goal: Design a tracking ’D ~ U< '\ KL* i i
pipeline that maintains L s =L e I\ | | |
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global identity consistency e ) . Object  object LS _®
across time using long-term ,: L 0 S Re"djtfﬁ“m
appearance memory. -

L =D

https://y-t-g.github.io/tutorials/yolo-reid/

Track + If missed in CAM1 and again appears in CAM2 Re_ldentifY with
Assign ID ’ correct Id

Detect Object ——
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® Surveillance and public safety

Track a person across multiple non-overlapping
cameras

Missing person tracking @
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2 Crowd and event management

ENTRANCE
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Crowd flow analysis, Stadium & concert monitoring, track staff, security, or VIP movement across zones
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Feature SORT DeepSORT
Core Idea Motion-based tracking (Kalman SORT with a deep appearance
filter) descriptor
Association Metric IoU distance Mahalanobis(motion) +

Cosine(appearance) distance

Occlusion Handling Poor Strong

Computational cost Extremely low(very fast) Moderate (slower due to CNN
feature extraction)

Data Association Simple Hungarian Algorithm  Matching Cascade + Hungarian
Algorithm
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Feature OSNet ResNet-50
Feature focus = Omni scale: Global:
Fine details + Overall
Global shape and
structure dominant
colors
Capability Distinguish  Struggle with
by small two people
unique visual wearing
cues similar
clothes
Model size Lightweight = Heavyweight
(~2.2M (~23.5M-25M
parameters)  parameters)
Goal Person RelD General
purpose
image
recognition
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Grad Cam Activation Map for RelD feature extraction
OiNgt ResNet50

“ ’

Example 2: Riding a bicycle

OSNet ResNet50

Example 1: walking with backpack and cap

Low contribution High contribution
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Current Embedding » Search Memory
Bank
o]

* Gallery-based matching: Commonly used in cross-camera RelD
scenarios.

 Memory size is often fixed.

« Explicit global identity memory for online tracking remains

underexplored.
(1)



B DATASET

Consists of multiple pedestrian video sequences captured under varying illumination, crowd
density, and camera motion conditions. Each sequence provides ground truth annotations in
the MOTChallenge format, including bounding boxes and identity labels.

Sample Name FPS  Resolution Length Jracks Boxes Density Description

MOT17-13-SDP 25 1920x1080 750 (00:30) 110 11642 15.5 Filmed from a bus on a busy intersection

MOT17-11-SDP 30 1920x1080 900 (00:30) 75 9436 10.5  Forward moving camera in a busy shopping mall

MOT17-10-SDP 30 1920x1080 654 (00:22) 57 12839 19.6 A pedestrian scene filmed at night by a moving

A representative subset of the snes
MOT17 sequences was MOT17-09-SDP 30 1920x1080 525 (00:18) 26 5325 10.1 A pedestrian street scene filmed from a low
. le.
selected to perform inference nae
on it to ensure balanced MOT17-05-SDP 14  B40x480 837 (01:00) 133 6917 8.3 Street scene from a moving platform
coverage of diverse motion
and occlusion scenarios.
MOT17-04-SDP 30 1920x1080 1050 83 47557 45.3 Pedestrian street at night, elevated viewpoint
(00:35)
MOT17-02-SDP 30 1920x1080 600 (00:20) 62 18581 31.0 People walking around a large square.
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MOT117-1

W

1-SDP

MOT11-10-SDP

MOT117-09-SDP




Detection using YOLOv8
(Bbox; Segmentation masks)

Bbox-aligned crops

Feature
extractor

*Segmentation masks used only for region refinement (not mask-aware embeddings)
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B METHODOLOGY :: GLOBAL-ID MODULE

GloballD Module Workflow

Object Tracker(DeepSort)

Assigns local track IDs via Hungarian algorithm using

loU and appearance similarity

Track ID

+
feature embedding

v

GloballDBank

Search stored embeddings via cosine similarity
Gallery: max. 20 embeddings per identity

|

Yes :
Similarity = threshold ?

v

No

v

Assign same ID
Update that global ID
using EMA.

Assign new ID
New global ID
created.

removed from gallery

Entries unmatched for>30 frames are

!

Next frame



l COMPLETE PIPELINE

( MQOT17 Video frames

|

Object detector
YOLOV8-bbox/ segmentation mask

/\

Pretrained

weights Feature extractor Object tr agkmg
DukeMTMC/ 0OSNet/ResNet50 embedding vectors DREREEE
Market-1501
GloballD memory Hungarian similarity matching
Embedding+ local track ID Cost=1-(0.7*sim + 0.3 iou)
Y
EMA update:lexponential moving average
1 ves V;Assignment\
Same IDs J  sim2078?




B RESULTS

MODEL

Baseline
(YOLOv8+ DeepSORT)

OSNet-DukeMTMC
(YOLOvVS seq)
OSNet-Market-1501
(YOLOvVS seq)

ResNet50-DukeMTMC
(YOLOvVS seq)

ResNet50-Market-1501
(YOLOvS seq)

OSNet-DukeMTMC
(YOLOVS)
OSNet-Market-1501
(YOLOvS8)

ResNet50-DukeMTMC
(YOLOVS)

ResNet50-Market-1501
(YOLOvS8)

IDF1

0.2916

0.3918

0.3871

0.3479

0.3479

0.3783

0.3864

0.3084

0.3140

Performance comparison
F-IDF1

0.6412

0.6571

0.6583

0.6354

0.6354

0.6514

0.6531

0.6102

0.6203

FPS

8.51

1.38

1.44

2.23

2.46

7.13

6.55

6.03

5.73

ko

|TP|
IDF1= " |TP|+ |FN| +|FP|

2 X IDTPyo;

F-IDF1=
2 X IDTPget + IDFPyer + IDSW e
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B RESULTS :: MOTIVATI D

IDF1 measures how well identities are preserved over time.

2. Ground Truth(GT) : Manually annotated bounding boxes and identity labels for all visible
people in each frame is provided in the dataset.

3. Detected People: Individuals detected by YOLO in model pipeline which differs from the

GT. When YOLO misses a person, that person does not enter DeepSORT or OSNet/ResNet,

but IDF1 still penalizes the system.

1.

TP
I'TP| + (END+ |FP|

IDF1=

If a person in GT is never detected, the tracker is still penalized. This includes identity
switches that DeepSORT could never fix.

i)



B RESULTS :: F-IDF1

Idea: Calculate IDF1 only for people detected by YOLO, to isolate the RelD/tracking
performance.

2 X IDTP e

Filtered IDF1 =
HHere 2 % IDTP gg; + IDFP 4o + IDSWgg

Where instead of False Negative, we change it ID switches of only the
detected IDs.
This avoids _punishing tracker for detector weakness.
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Bl CONCLUSION /L

Feature embeddings plays a very important role in
person RelD, therefore managing and storing them
makes a difference in ID consistency.

Segmentation masks does not play a significant role
in improving the Identity consistency if the feature
extractor is not mask aware.

A strong GloballD bank keeps the feature vectors
and time to time update the features so that the
features of that identity can be more generalized
leading to more stable identity assignment.
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Limitations and Solutions

The current RelD backbones
doesn’t work well with
segmentation masks.

Make the RelD backbones
mask aware.

The detector causes the
original IDF1 score to
decrease.

Try out different detectors to
improve the IDF1 score.

I
™
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The current pipeline is
computationally costly because of
the extra globallD module and
DeepSORT CNN feature extractor.

Try other alternatives for
tracking and mainitaing the
feature vectors.
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