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Abstract

This study addresses the problem of person re-identification as a multi-dimensional
challenge ,in which appearance-based, temporal, kinematic, and semantic
characteristics intersect, and which cannot be adequately captured by a single
representation or a single processing pathway. This thesis is a rich and
comprehensive reference on the subject of re-identification, covering the most
popular and widely used re-identification methods in recent years in a broad and
detailed manner. The study aims to provide a critical analysis of person re-
identification approaches based on appearance, gait, and pose, in addition to recent
methods that leverage vision—language models to extract high-level semantic
features, while highlighting the strengths and operational limitations of each
category within real-world surveillance contexts.

The adopted methodology is based on an in-depth literature review supported by
practical experiments, focusing on evaluating the effectiveness of different fusion
strategies, with particular emphasis on late fusion mechanisms as a practical choice
that enables the integration of multiple feature sources without imposing strict
constraints on data modality or temporal synchronization. The study also discusses
fundamental challenges related to camera bias, data quality variability, and the
limited generalization capability of models when transitioning from benchmark
datasets to real-world scenarios. This thesis reviews several comparative practical
experiments to evaluate the modeling options used in extracting prior data such as
silhouettes and positions, or in a comparative study of linguistic models within the
context of the issue, with the aim of comparing the available options in terms of
accuracy and speed of performance.

The results indicate that reliance on a single representation often leads to limited or
unstable performance, whereas hybrid approaches that integrate appearance, motion,
and semantic information achieve a better balance between accuracy and operational
flexibility. Furthermore, the study shows that semantic features extracted via vision—
language models constitute a promising addition, but require supportive architectural
design to mitigate semantic errors and control computational cost.

In conclusion, this thesis proposes an analytical framework that links representation
types, fusion strategies, and real-world operational constraints, and presents a set of
future directions and research and engineering recommendations, including the
integration of agent-based intelligence, improvements in storage and retrieval

architectures, and the development of models that are more suitable for deployment
vi



in edge-computing environments. This study contributes a comprehensive
perspective that helps guide future research toward more reliable, interpretable, and
generalizable person re-identification systems.
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%98.40 | %97.70 | %96.60 | %90.70 | %76.20 | Hybrid Model (ResNet50 + 6-layer ViT)

%97.20 | %95.20 | %92.10 | %80.30 | %56.40 MobileNet + 4-layer ViT

HAT Ualgal lgiada (g spBiall o 3asalinal) zilaill qjlad guilid 45 jlia 19 g2
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MAP gtes e slow cbajlasl @ o) =olad) s O ehal Ladl 3a2 TR bl 300l of C3os Bl %
B Lo 5)ailly cenl) 23LAY) SIS 0355 () (sl ) Lol o o) (59 uSh & (Rank-1
ais Of MobileNet + ViT g5sed 539481 mitadl d ¢ ULl (39 . adasill (gad) J3) Lz 5 M)l S

el 53] Bl (3 Apjead) 5 Ol o 30l 1S Cm e BB &) zised)
e Gram saasall el dole] Al OF gy il SLsV) (3 4] fosdl @ Lo Lol bl odn uSE5 (M5 oy
339429 1215 WU 2l Sl ool G (ol el n e B> il 5 8l 8900 ey gl
W] clog Loahle Lo sl ol 3 b 815 U2 a3y 5ab 544 3 eSO Y et ads 2T OB sy
Gl ST oblie ) W Jpad) 3 JUsW ddbie 350 436 L (zgimg BLIY Goae 1gdy capad) Y

ASA Gl 2l i 13L5] Slighas jolas s dazs

Y3 oS 8Ll jgua) 2dl Ciosdt 4.6.1
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P ) Y Ty 813 35000

Describe this pedestrian image in detail (assuming the pedestrian is walking).

ol Lo Ly ya5 ad O3 s Blogl Ay Vision-Language Models (VLMs) z3U 26 4ulys & s L
—Tr 3 ) &) ol Bds WY Vs o allis *s Person Re-Identification (RelD) Wl
&= 55 & Generic Image Captioning ples SV Jeg ailiz DlalSy daline e josill Gss e
oW g5 e ol 5 Audainy e Blogl ReID Gl iz ((spad) el (g3l 5l 2l il

Bal) el (atliadly S el (S (S5l
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ICFG-PEDES ULl ds s o0 Sl

A man with short black hair is
wearing a red insulated jacket
with a hood and a pair of blue
denim jeans. He is wearing

yellow running shoes with

white soles and is carrying a
black backpack and has both his
hands in the pocket.

A woman in her twenties with
shoulder-length black hair is
wearing a black shirt layered
with a hooded grey insulated
jacket. She is also wearing a
black skirt and is carrying a
black backpack

A young woman with long

black hair is wearing a blue

puffer parka jacket with black
leggings and black knee-high
boots. She is also carrying a
blue and white backpack with
red straps.

:L}L:SKZ\;JJ, ey Liad

Y ol T e S3s 5 sl aghuny o alial) (ke (S Wglons aldlly cilit i) e ded L)
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BCICRNIC RN

Focus strictly on identity-relevant visual attributes.

Your description must include:

Avoid mentioning irrelevant background details.
Do not speculate beyond what is visually observable.

Use clear, explicit, and complete sentences.

Gender and approximate age group

Upper-body clothing (type, color, pattern, and material if visible)
Lower-body clothing (type and color)

Footwear (type and color)

Accessories (e.g., backpack, handbag, hat, glasses, carried objects)
Pose and action (e.g., walking, standing, direction of movement)

Any distinctive physical or visual characteristics

4J¢ d) Vision-Language Model z35¢ s3> 45 Person Re-Identification plegd Uanas axse g2

@ Simple Prompt )l S Jeg  ddad) adl 0 el ollldl de ST dbnng did duas JL@T
Tised) ,n;l & Oladadly 293 s 45,0 deget Complex Prompt )l 2,4 3)sall ple Croy by 64&;
Bdend ] Sland! ] BLo| Sy dan g (OlylganS Y (lelly I g5 o 5242 N> ol dbw e

U

QWS 2 ) Sl Sl

Overall Performance Ranking

1. LLaVA-1.5-7B + complex prompt
e Composite Score: 0.4110
« ROUGE-L: 0.1890
o Semantic Similarity: 0.5032
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« BLEU-4:0.0168
e Error Rate: 0.0%
2. LLaVA-1.5-7B + simple prompt
e Composite Score: 0.4060
o ROUGE-L: 0.2405
e Semantic Similarity: 0.4281
o« BLEU-4:0.0271
e Error Rate: 0.0%
3. Qwen2.5-VL-3B-Instruct + simple prompt
o Composite Score: 0.4052
o« ROUGE-L: 0.2233
e Semantic Similarity: 0.4400
e BLEU-4:0.0311
e Error Rate: 0.0%
4. Qwen2.5-VL-3B-Instruct + complex prompt
e Composite Score: 0.4038
« ROUGE-L: 0.1742
o Semantic Similarity: 0.4934
« BLEU-4:0.0176
o Error Rate: 0.0%

diaal) g agd) (ALY bl 2aLLAVA 3 QWEN (i sl (pad gail) 45584 20 Jg2ad)
ooy 3gadl dyylens ( Jolidl aLe iy Sl Vision-Language Models &3 ¢lsf OF puid) zils bl
o Q{S’U"““‘ L el ool sl LLaVA-1.5-7B 735 3i> «Composite Score Lk s, .prompt JI
& =2y @)W~ (Qwen2.5-VL-3B-Instruct 3¢ Js Caib &)la; Gk simple prompts complex
Len Y e B 39y pie U] g Lo (oYl mom Cp el (3l
o P 3 ek LSl ClogdU VA GLY) 3y complex prompt plisel Of miladl gy LST

b4 ~Sa & (BLEU-45 ROUGE-L _wslie 3 2ldl I LGl 3 35 «f ¥ Semantic Similarity
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«Qwen2.5-VL z35¢ wo Rl ( Jol Las Gls simple prompt 3ig « -S&l ey . ax bl 2l o 55T
AN B e s oSy

«Person Re-Identification Gl 3 29 55 29 (Vlly omall il (o Gon 55 Alolill ods S
& %K@M Azl wlslasyl = oj.@_léf LS. 34 i) e ﬁf i) Cland) 28 e 3,03 A

ipadly galll Sland) zos Js el 223l ) JUsW tpgy qooed) LY Adgiee 053 L8 (g hw Lo Juas

L5l ol 53asae RelD ksl 3
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(Fine-tuning ©93 — Baseline) ;wuiﬁ\ g5

LSS (5T 093 IV Grogl) e 230t 30d) LY bt wad ) sda i

dadl! gy
0.27 ROUGE-1
0.11 ROUGE-2
0.23 ROUGE-L
0.36 Semantic Similarity
s/ imagel 2 | Avg Generation Time
%5 Error Rate

SMOLVLM2-500M s31 jlal 21 g3
AR Jeolidly LYY (3 iy ST ((ple O8] jased 392) plal) bl Lol 300l OIS
;o s4hd5 Fine-tuning :&5u) &gl
coptd Bdas (LT 2300l Ol oar Euad I3 sl 2adl Olog) 835 et Ul Dol oda iin
bl ailas s 33l 332y Ad5 101 AILEE Faglg Z35el o 8 Lol (S Ol Bl oVl e B9Uas)
Jagrud) sladl
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Image + PSTG Prompt

l

Frozen SmolVLM2

l

Semantic Vector v_hat
(2048)
Token pooling + Linear
projector + L2 norm

Trainable SGI Adaptor

(MLP)
2048 to 1024 to 2048

l

‘ BNNeck + Classifier

l

Loss = 0.25 ID (LS-CE) +
1.0 Triplet

SMOLVLM2 + PSTG ¢ silll g sadll 32 Jid)
Market1501 isge Jo s13Y1 o3
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Tracklet J! z3U as 85,401 §y5uall 75U geod

& Joon Go Gad O] fdos o G puts jallias we 3oy 5300 o0 B ies ailias ged Belas axly
(& ety eob ik o Ll 331l pus

ot &t (Tracklet JS° s 4>y (Representative) Ju& L) Jo ool dandlin) slazel & JaY e adlal
33,4l 3ysall jailas we el BB dly amte L gadl feked) Sl

gleiy tracklets S fiad MARS 2 ndd Uy desest ma Ly o) bl gbl) 2308 s domn Led
single image + (nx3sf gas & b plad Ay BT Cus b IS flas o Yo bbb asly bl ol

A1y glad (3 tracklet

Fdl oSy Lgshams tracklet JI bl Jromw ) JLY) jlas) Fglons Lad

Rank-20 | Rank-10 | Rank-5 | Rank-1 | mAP Strategy (per tracklet)
%72.22 | %65.53 | %59.26 | %41.45 | %39.28 | Mean of all frames (our original
tracklet emb)
%47.29 | %39.74 | %34.19 | %19.52 | %18.24 It frame only
%48.72 | %41.60 | %34.62 | %20.37 | %18.94 2nd frame only
%50.00 | %44.44 | %37.18 | %20.66 | %19.86 3rd frame only
%52.85 | %45.30 | %38.75 | %23.36 | %21.48 4th frame only
%51.85 | %45.30 | %38.18 | %22.93 | %21.66 5th frame only

bl L 5ia e Aluaeall Jlaal) SUBY) 5L 4 a0 il Jsan 22052
sl o) 0L tracklet jo M) zis jiai Aegas o Al ;\)Ual giecs of o Y J.,af}!\ RZASE T W s ang
SLad) 058y YN sae 3 spae o b ole 08 RIS 2 LA e OF LS dlgas ol e Lol J22 gn Taar Lo
2 i) on sl el sy bl 06 OF bl e b a2 ole g (54
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o) AT Ao | & LBy L oil) asedl L2 ¢g o aubs 3.5 Y ((Concatenation)
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>>> Appearance-only (mean over frames)
mAP :39.28%

Rank-1: 41.45%

Rank-5: 59.26%

Rank-10: 65.53%

Rank-20: 72.22%

>>> KinematicGNN-only

mAP :0.62%

Rank-1: 0.28%

Rank-5: 1.28%

Rank-10: 1.71%

Rank-20: 3.99%

>>> Fusion (appearance || kinematic, concat + L2)

fused query embeddings: (702, 1152), gallery
embeddings: (2636, 1152)

mAP :19.07%
Rank-1: 24.64%
Rank-5: 34.19%
Rank-10: 37.04%
Rank-20: 40.60%

Gead gl O el (Badad S @il Jgan 23J 93)
TR IRY Jue ,lesls tracklets Jﬁ.&u U e llons PRV RVSINCITI NEPI IV R EARSIRI CS}«:J\ .
Y (3 Teoly Loli
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