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Abstract : Addressing the challenges of low resolution, severe occlusion and significant changes in personnel pose or shape variations,
this paper proposes a new method for personnel re-identification (PR) in surveillance videos based on multimodal information fusion,
using YOLOVY as the backbone network and combining it with The Multi-Modal model CLIP ( contrastive language-image pre-training) .
The method is divided into two stages. In the first stage, a ReID-YOLO network is constructed to enhance person feature detection
performance under challenging conditions. A receptive-field enhancement module and deformable convolution are introduced to improve
feature extraction for personnel with diverse poses and shapes. A spatially enhanced attention mechanism is employed to model
relationships among person features and restore occluded information. In addition, a normalized Gaussian distance-based loss function is
designed to increase sensitivity to low-resolution person features. These strategies jointly improve the accuracy and robustness of person
feature detection in surveillance videos affected by low resolution, pose variation, shape deformation, and occlusion. In the second
stage,, the Multi-Modal model CLIP is introduced to improve the overall accuracy and scene generalization ability. By leveraging CLIP's
image-text alignment ability, personnel targets extracted in the first stage are predicted using discriminative features provided by RelD-
YOLO. This fusion strategy mitigates CLIP's excessive reliance on global scene information while compensating for the limited scene-

awareness and target semantic parsing capability of YOLO-based networks. Experimental results under challenging conditions such as low
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resolution, ablation studies, and cross-identity scenarios demonstrate that the proposed method achieves outstanding performance in

video-based person re-identification. It outperforms YOLO-series networks and seven other state-of-the-art video re-identification models,

showing considerable promise for practical applications.

Keywords : video surveillance; person re-identification; YOLO object detection; multimodal model CLIP
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Fig.9 Visualization of cross modal information fusion

between text and image

Transformer 42F4) B SCAR Gt 2% E, E1 740 BEIF 450 —A>
Y 2 [ 5 1 SCASREAIE 1) 5, RS AR A= (6) A,

F . =E(T,,), T, € R™ (6)
s Ty 72— DB ¢, BISCANIE s N 3R 3CA
Hik K FE ;D 22 A B AR S S F . e R %
b s E, b o) SCARRRE ) 6 d s ] o R, 23 51 )
FISCAR SRS 28 5 B ST B T, 1, WSS — 38
FERFRAEZS M (BP F, e R F,,, e R"), CLIP AL
SEELT NG R E ARAE 5 X ) B 0y SCAS bR A A 3L
PERC,

CLIP A5 iak [l 15 R SCA X L2 ) 2k AT R
BTN SR, 0 E2A ARALE i RN SCATE I 2 R Ak
23 (] rh Y R R AT BB T, T 3 SO A G BB S SOA
WU PR R BB Y kAR CLIP FI 2R A5
H B AR N B3 J ¥ DX I 1 A5 55 JHG Xof I 198 SCAS 4 3k (i
“This is person ID1”) — AT Y 2% , I8 1o F /ME T
T 8 - SCAR RS A s s S R Bl 25 H Y, BER T,
FZ ¢, R RN (7) FR

exp(sim(E,,(Ilmdy) E(T,0)) )

.
Plc |I = !
(C,,‘ body) K (Sim(Ep<Ihﬂdv),El(Thod)j)>) (7)
Y exp ' '
j=1 T
im(F,  F_)= P * P (8)
s1 -
S N T

KA sim () FARFT MR F., WA G625
I SCARHE ) 85 F 2 Bk R SCAR AR [ 4 5 7 2
TSR K RS F, FUF, E A T

M _LIRE I, CLIP 5] A998 PR i F2 52 i LA
PN BE 55 1 B2 A RelD-YOLO 52 BEALA 52 4% h



5513 ES

% A5 RS RS T MR AU 5L B 6y S 277

N B3R FB AR LA ()5 R B, T o B SR A AT L A
JBE AR TR S5 PEAR Je AE AR AT RE FARAIR 4 e 15 S BT
P bt G TORCRRAE 7 BT A 53 B 1R 45 SR Y 5%, AT
AEME B ReID-YOLO 15 A4 1M1 38 5 il CLIP AU 7 77 fb
EORE R 5 BT E N 5 2 B BeU 2 A CLIP i
TR UG5 SRR ) 5 S A Bl A b 3 BE T, B A A
DGR 25 FL B SO AR T SUAF B A A8
G —FHIE ORI RIZ G —RHE SRR R Iz A 3
IER B B UM S5, A 2 e ik YOLO R 5111
AR Y S R ALSE R R AR BT B AR TR A f# AT 7 I
HIAE . [HIE, RelD-YOLO 5 CLIP Y P [A) 4 Bh T & 4
P W U PR RS S Sz Aae o se L A K
Oy BRSPS S BN BB AS AR AL GBS TR R BN B B
FP

3 X5 aMHh

i H AT Z A TF 0 MR PR FEACEUE 4, AR
WFFT R 4 50 FE AR b R A W AR AL B 2 U=
RIS A7 22 #3852 DA A I 45 PE BB 9031 BT 7 (1 R AR 5
Pade b4 SR ALY 3.2 mm SEHEE LT 4%
30 fps FAFRAI R AL E, U AR 93 BERAE 480~720 P 2
(A5 1k, B 20 Wil 1 5RAE S REAS e A8 80 ; 55 5 AR HL
ANV ] B R AR AR 55 2~ 7 AN AN B, A
NGB 2 400 ~ 800 5KFEAR , B4 524 12 600
P45 (10 000 Tk MR, 1 300 T A TIERAE 1 300 5K N1
EER) TR AN 5L By B Hosi S B B AR T S 2R
BAME, R R IR B AR T A R R0 IR AT
O K35 i it AR 7 B 34 A AR AR A LA DR 37 55 T 5 b
AEE I 2R e AR R SRR
BAMEK AFTERRI A G Hos, i 10 PR,

Fig. 10 Diagram of simulated scenarios with several kinds

of personnel difficult to be re-identified
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Table 1 Computing environment configuration

I 28
BER G Windows 11

GPU RTX4060 12 G

CPU Intel i9-13900HX

N7 326

Python 3.8

Cuda 11.8

3.1 HE¥EHLSR PR MEREITAG

WKHESS 2 TEAUAR PR 1 R XT 4 B W5 T AL B B JR
WGBS T AL, 3R 2 25 11 T AR WS 7 VA EE AN TR
LA I AR R 25 SR e 3, 0T 5 Y ET 3 7 A
PR W Z5 A5 RN H , AL 4E AlignGAN ( alignment generative
adversarial network )[37] . coAtNet'™ | ShuffletNet™™ |
ResNet1521 . DenseNet201 . MnasNet . SqueezeNetjM] 5
Horpr [l — AL A 2 s 0 i 2 5 I A 2 [R]— AR AL AR
£, A EAIHLAL A F R MR R SN A AL A
I 45 1 BE TEM 45 R RS 1 %8 ( Precision) |, #4 [ 38 ( Recall )
FNF Y5 HEH 2R ( mean average precision, mAP ) | JITHL#U{E
S AREUE

M2 Al FH, GG M PR M4 AH LG, A0 58 7
BEARPERE L, Ho | — AL M 3 b AR bs R S
mAP BUEE R /K, 2390000 0. 93 15 0. 91, 4845 P 31
55 3 02(0.9) s AEAHPLILA 37 5 P 484 R P S mAP £
E¥fE, TEBERE, B (different scene ) Iz
I, AR AT ST 7 R TE P 0 25 00 25 A5 B 1 R 147 1 B A [
PR T B3, Bl HH R £ 22 5 T AT AN HRRAE 28 AL X BB 2
FERE ST B E PR SR, A HE T At 99 28 A5 R | A5
Jr#k mAP FREIRE R AR, 2970 10% , T Resnet152 "FFEZ)
28% , AlignGAN T [% 24 38% , Shufflenet T [% 27 40% ,
Densenet201 K [% 24 30% , Mnasnet T [ 2 44% ,
Squeezenet TR&EZ) 51% , Coatnet T F&2) 39% , 3¢ HH is b
RUTE SN AS [RIAHAIL AU A B 287 T i Ao FE AN 2 19 0] 38, G
H& AlignGAN B9 P FI R BT B MR B2 23 1) 35 1) 65% FiI



278 f# £ ¥

47

F2 EEEENESERST

Table 2 Statistics and comparison of inference results

s Y5 P R mAP
[R]—AHHLIE A 0.56 0.49 0.53
ResNet152
AFIFHHLR fA 0.15 0.32 0.38
[l —AHHLAR A 0.79 0.85 0.84
AlignGAN
A FEFPLL A 0.28 0.21 0.52
[R]—AHHLIR A 0.85 0. 82 0. 64
ShuffleNet
A FEFHPLAL A 0.51 0.39 0.39
[R]—AH AL A 0.94 0.91 0.53
DenseNet201
AEFHLL 0.48 0.51 0.37
[R]— AR S 0.55 0.37 0.32
MnasNet
AN FEFHHLAL A 0.32 0.13 0.18
[R]—AHHLIR A 0.92 0.84 0. 67
SqueezeNet
AN FIAHBLA A 0.23 0.29 0.33
[R]—AH LR A 0.82 0.79 0.89
CoatNet
AEFHPLL A 0.41 0.38 0.54
[R]— LR S 0.90 0.93 0.91
A )
A FEFHPLAL A 0.71 0.70 0.82

75% , FWZ M E5VERETE RS LA AL PR AT 55 rh 32 31 /™
M, A4 T CLIP 2RSSR AERLS L3, AT AEAH]
AT AT RE R o AT AN By U 1 RE , 0L A 28 46
SR A TE AR B R AR T AR | 3R B A5
J7 ik HA Rz AL RE

A G By B BIFEAR LG IR BB XA
TR AE VS-Clothes'™ | 36 3 45 1 T AW 5T 5 i 7E A A
ARARLI R 15 000 F A 4 B 45 R g8 i, OF 5 M 48 AU PCB
(printed circuit board )" HAA ( head-shoulder adaptive
attention ) ") | Pixel"”’, CAL ( clothes-based adversarial
loss) | SC-RelD ( same-clothes person re-identification ) **”
XFLE, 90 26 1 R P AN 95 A5 ok T 8 AR 45 1 A b
(Rank-1) " F1 mAP, H# 3 Al &, AHFSE 7 LTE VS-
Clothes [ 4 AR ARL IR 7 56T HERE R AL, #H Tk
P 4% SC-RelD, mAP {H 43 H$2 % T 5.0% . 15.2% .
10. 6% F15. 8% , JEK7E T, CLIP A7 i 4o SCAS ~ B %)
P > BE T 7042 4 P o 300 DR A EL A, DT B 4 T
b PR ANV EC H AR RRAE , A R TR LR IR 51 5 43 11
BIAE . A, FEHEAR Rank-1 J7 16, ABFFE 71k 3 A
SIREN T 100% X R W] A I Ty B 45 S SUAS B
AT NG EHR VTR JLT- AR50 1 Uk R 5t g i v o i v
B bR, BORA R4 A DT BORS B H SE R0 &

B 11 2P0 T AT 5 ik B H At o 28 AR A B
XFgEH 4 AN B R R A R E 4B O

% 3 VS Clothes #1E&EMKX & R 5it
Table 3 Statistics of test results on VS-clothes dataset

(%)
VS-Clothes VS-Clothes VS-Clothes VS-Clothes
sk oD (02) (03) (04)

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

PCB 92.0 46.8 90.4 37.5 75.2 26.7 88.3 34.4
HAA 95.2 59.3 94.0 45.7 955 58.0 953 54.1
Pixel 96.8 65.1 95.2 51.1 94.4 59.6 90.7 54.8
CAL 98.4 52.1 95.8 41.7 91.0 38.7 88.4 43.3
SC-RelD 98.4 72.3 94.0 53.1 96.6 59.9 94.2 55.3
AL 100.0 77.3 100.0 68.3 90.0 69.3 100 61.1
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FEAE B CLIP PSR & SCA AR 5 BURFRIERE J1, AL
B R RAARAEAAERAN 53 B3R 50 R , 38 RE A SC
ARR(E BANTEAR PR MG E AT, T35 H AR
PRI RS, IR 1) B, LY, ASBIFSE 7 i 1 Bl
CLIP A5 33 SCAR — UG X e 2 2 FRAG AR 2 W S
ST RN PG A ARG R B B8 T G {5 B Bk,
SCPEAHRA I AR 2% A4 T B A Ak o 9 5L AU LA E
Fr. BRI 545 T CLIP 5 KA SRS B sz ik
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Fig. 11  Comparison of identification results for four types of personnel in similar uniforms
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Table 4 Statistics of surveillance video personnel target detection ablation experiment

IR ARl i
+RFEM +P-RFEM +DCN +SEA +NWD APY o5 /% AP /% AP /%
0.594 0. 680 0.751
Vv 0.611 0. 678 0.782
vV 0.784 0. 808 0. 882
vV 0.674 0.743 0. 830
0.617 0.723 0.785
Vv Vv 0.791 0.811 0. 891
vV VvV VvV 0.802 0. 843 0. 909
vV Vv 2 Vv 0.811 0. 852 0.924
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M 4 ATLUE Y R 45 5] A P-RFEM DCN |
SEA M NWD #H 5 HAS RIS BE 248 A [ R B2 4R T JiE
BT AW SR HR T A AR

Horr 51 P-RFEM $2TH B e, AP o M 0. 594
PERE] 0. 784, APYY 0. 68 #F%] 0. 808, AP I 0. 751
P23 0. 882, HETHIR 433155 30% (19% F1 17% |, St K 7E
T P-RFEM 32 51 A %8 TG FRE5 #5585 KRS 4% 2 3 H2 0L
il , WEA R A TR Ay Jek sz M S ], S T AN [) R Ay
TERNE B H SR G Re 71, HARTF , DCN A7 L T 45
EG L O 3 HE T3 1o P AR T SR s 245 18 4 5 B 1) Uk
SZ T | AT (AR i B SR 3 i3 R BRI AR R AR, R
Tha] AR M 45 5 H AP o 0. 594 T+ % 0. 674, AP
M 0. 680 HETF T 0. 743 AP 0. 751 T+ = 0. 830, %W
ZRHAE ST BRI A 52 AN AE T LA AR TE (135 1 R
J5 T A% T FEAE L SEA 3l ik 7 7 7 AL 38 56 R 3 5
FERRIE Y IR | (A5 7Y BE A2 T A b, DX 43 308 4 R R 4
PAAY HARIX 8, s b 51 A SERE 45 5 4518 bR 38 /N e
$ETE, AP BETHIE AR XA A, IR R AE %48 A S
PEAGBERLLE 7 ToU B AR X H Ar il 5 00 RS o 2 17 fig
1M SEA 7E 5|5 0 28 2R A A< 20 4 DXl 1% 4 31 1 R AiE 1)
[ S A 2550 A B 14 DX 38 5 ) A T4 005 8., AT AT Bl
TR (15 ToU BIE 254 ) 55 N L s A iy H A
YERENL, LT RFEM (G128 i B Y KIRZ B LA
R B4 R 15 B, P-RFEM i 38 1 1 FH 4 B i 5% 25
TEFERGR T B R 1) A5 B i A M O B R R AR 2 R g
J1 AR B S A ALK ) H AR B B3, AT
Huphg| A P-RFEM B DCN,P-RFEM 5 DCN YIS i 1
il AP o FIJHETE 8.5% , APL 4Tt 4.6% , APY $ T}
4. 1% , HJFEHTET P-RFEM BERZHY 5 Xf 42 4% 225 1 e A5
877, T DCN DU &5 T X R B0 B bR I 25 038 R 4, 7R
E RSNV D O A (NSl = R (=S & P
P-RFEM . DCN 55 SEA A1 A (o FH aF — 25 4 AR 0 4% {4
KB AP o AP APS A LT P-RFEM 15 DCN H{5
B4y B4R TE 1.4% 3. 9% F1 2.0% ; P-RFEM , DCN |
SEA 5 NWD A B4 fff 00 5% RRAE 4 BOPE R 5 21 I
FEIEB] T ARG SR A AR & 2 b s W 4 UM PR AR 55 F
P RO S

HE— 25 XA PR/ N BRRT AR, RS A
T NWD B & T 09 RRAE R I B8 E A% 46 5, 91 5 HoAth
4 FEEE (ToU, GloUP™ | CloU™" | DIoU™ ) #4751 .
VA48 A5 P il 3 1 48 45 R FH4F 2 ToU B {H T () AP
(AP AP AP o) s BRI XL 20 /0N H ke ) 25 21
PEATRFHE R 3 FUHE AR R FH COCO B 57 41 X A [H]
H#Ax R 5} (Small, Medium | Large ) f AP ( AP, AP, .
AP,) ., HIZERWE N, 45 10U WM T HAE &
B, S TSR AR YA T HE R IS 1 s EEs 2, Bk

M7 ,GloU YE28 ToU AP &, oA I 4 BE F Ak 45 5 Bk
AP AMNHXT T ToU 2 — 2 $E 7, {H $2 7 e B2 A B, A
fabr APY A TFHEZ S 2 (&, R TET GloU £ ToU 1)
SRk ERANEIAT B AR MAE 5 HA5 /Nl BRI 2
M 2ERERE, BR—CRE LEM T AR EAES
sk 68 85 31 4 T L, LA A B A R B AR A g K ek H
PR G OL T AR AL RO AR R A R, S SO ik
PEBESR T8 42/ 5 CloU & {A M RE W A1 T ToU, 45 A1
APY AP b FEIBCHEA 5 | LB AR AR AP $2 5
2% (355 0.601) A THEA S 2 i 8, W] CloU 1EAL
B bR G R MR 55 22 55 05 T (4 40 Ak BB A R0 s A
TRURS BE G 1 ; DIoU 45 T M BE P8 AR 308 T ToU , 36
SFEFRPERENL T CloU 1 GloU, J& A 7E T DIoU 7£ ToU
B AT b — 20 2% T B bR O S Z TR Y BRCEGRE E
A REALLE L A0 B FRAE B - % [ B 5 A2 1) S R
S AT G & T2 T B bR e 7 B HERRE ; NWD
TEAS AN VEAS 98 br b 2 R B0 B g 1k B, O HAE
AP AP APL AP SECEEE bR LT LA A
Jiik, KU NWD GBS AEE 241 2 RE Y 5t UL KRR 4
BT SRR B A B AR R SR A,

*5 AEAREEETHRIBREANRBFENE RS
Table 5 Statistics of personnel target detection under low

resolution and different loss measurements (% )

VMR AP APE AP APyt oapyapy

ToU 0.718 0.734 0.776  0.565 0.711  0.825
GloU 0.721 0.721 0.811 0.578 0.724  0.834
CloU 0.722 0.745 0.794 0.601 0.707  0.810
DIoU 0.743 0.765 0.791 0.592 0.736  0.842
NWD 0.758 0.785 0.833 0.643 0.748  0.847

BEX“ BAAALKT IR RATN ™ < Ry EBsE Ry
ARG FER/IN B AR 4 RN RINE R LA 51 12 45
T M2 RelD-YOLO #f 38 25 5 I 55 JE Al ) 2% E 47 X L
I 12 A& 1, YOLOvO H sk I 55 H 30 i A a8 152 A6
(TR 5 A7 ARG I HE AN 52 ) | Bt PR A T L JR sz 1B =2
PR, FEAbBE“AIG /3 HE /N B AR 8 BRI 94T AN H
BRI JCHEA A 4R 58 2L RAE | S S50R I 2 I i HE 15 X dn
ANGERE AR, YOLOVO X< iR £ B s S TR AR A HR
W™ B ARSI ) A R 5, IR A T, A B B S B T
o V5 R 5 A o LA O 0 R A0 A G 2 X3, 53 500G 0 e
B EEE AL, HHEZ T, RelD-YOLO ifi it P-RFEM
5 DCN #5178z B9 356 [, i@ 2k SEA IR AR E B IR
FE4E G NWD f Ak i FAE (9] V20K B2 | DA T A 50k 2% gt T 6
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Fig. 12 Comparison of network target detection results for 4 types of difficult personnel
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UE CLIP AL PR AT 55 A R, AR EE A 3.1
FRORTER A BRI B 3.2 19408 1 35043 4 2SR50 R wE Y
SLAY A BB TN 6 s 3 AVALA TR AT A, vk
RV TR bR R IR R (P) . W3R 6 AT B, BRI
CLIP AR A DL B4 FOORG B 5 K, o 2 A2 AN [ AH AL

W5, 5 CLIP BERAHZS & 64T N B3 5 0y 150 0 A5
551 BrBER A RelD-YOLO TR A YOLOvO, 5% HoJFL A
FETWIAT7IA . 1) CLIP AR 5 3 4> 37 55 1 2 )=y PR
FERFEROCHE N B FF UG RRAE , HOHO 155 1 B Beker
3] P AU 3 AR TR X N D3 B A AT S RS I IE, 565 1
B B ik s T oM R B T EOGE 2 B B BRI
55 0381;2) ReID-YOLO #H LbF YOLOVY, 7E AR AL £ . A
[F] 43 B3 ARG SR B A R ol R 2% 12 Rz 000 TR e B
FRAEAN AR KT TEARASELIN < SR BR s |« A%
Sy HER/INEAR” 7 TR RE AL, BE K IR IS IR | A 1
B, NS 2 BrBE CLIP 2R3 B r iU 42 4t 7 5 g % o
WU S e R IR (S B . VA [ RelD-YOLO 5

%= 6 CLIP A\ 5 57l ghsoig

Table 6 CLIP personnel identity prediction ablation experiments

(i YINEE D LK JEARAHI JRy HR I
Clip +YOLOV9  +RelD-YOLO  w—#fL  AEAAHL  F—HHL  ASEMH  F—AAHL ASFEAEI E—HHL REHL
s HLA W M A A A LA
Y 0.58 0.21 0.47 0.19 0. 54 0.22 0. 46 0.19
vV Y 0.78 0.71 0.81 0.73 0.79 0.69 0.73 0. 64
vV vV 0.91 0. 87 0.92 0. 84 0.87 0. 83 0.91 0. 84
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Fig. 13 Diagram of network video PR results for 4 types of
difficult personnel at a certain time
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