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Abstract: This paper proposes a domain adaptation detection framework based on self-supervised
visual representations, integrating general object detection with prototype library matching techniques.
By leveraging the pre-trained features of DINOv3 for matching and screening, the proposed method
can localize and distinguish target vehicles under few-shot conditions without the need for fine-tuning.
First, a data augmentation front-end module based on multi-view synthesis is constructed to generate
multi-angle samples. This aligns with overhead surveillance scenes, compensating for viewpoint
deficiency in cross-domain settings. Subsequently, an inter-class clustering and prototype matching
method is designed. By mining data modalities via clustering algorithms, a real-world prototype library

encompassing various morphologies is constructed to address the issue of large intra-class variations.
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Building upon this, a joint global and local representation is introduced, which integrates semantic and

textural details from different network layers to achieve fine-grained discrimination of target vehicles.

Experimental results demonstrate that under few-shot conditions, the proposed method effectively

overcomes the degradation in detection performance caused by viewpoint domain shift. Compared with

traditional approaches, it improves the detection recall rate and significantly reduces false positives

triggered by non-target vehicles, validating the effectiveness and robustness of the proposed domain

adaptation framework in special vehicle monitoring scenarios..
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Fig. 1 Illustration of fine-grained appearance confusion and cross-domain viewpoint shift
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Fig. 3 Examples of multi-view vehicle generated images

1.2 ETEMEMRERNS RERSFERDLME

T AE TG W AT A B b e AR b A 1Y
A JRyF NG 1 K SR R AR B SO AR SR T —
DA W B A58 A R (SSVMEs, self-supervised vision
models ) A %00 ) 22 RUBERHAIE Gt I 45
1.2.1 aREREFI SHELFEME B
BRI 25 5 AN ] TR R RS s 1 40 1Y
4 4 W B R RS 7Y AR SC 3%k FH DINOWV3 A h RRAIE
P& ) FE T g i A R T A BT AR AR
(MIM, masked image modeling) -5 J) 5| X [ WiB 2%
2 I I 2 3 3k A Vi £ JC b v B v B R A
i 1 EZ DX S R T b4 R L L (AR 7R 2 5 HLAT i
ZACBE ST BE AL o X AN ZRAL ] 15 DINOV3
RERSTE B Z FEFD AR MG DL AR REFH 42 2]
Bk BRSNS AR TR UE S, N S
PSR EIE SR R SR AL T A RRIE LAl

DINOv3 J& DA b5 fE i) ML 5 Transformer (ViT ) 48

¥ R SRt T 14, R A 4% ) 5] 44 (Isotropic ) ¢ :
G AE 49 1 V) B (Patch Embedding) (i Bt 55 1] 43 ¢
NP, — MR 148016 9 TR K
(Stride) , 2 J5i AT T2 1 4 Hh BT FHRRAE RS 31 2—
ANAE P DINO AL 78 M [RI BRI R T, ki
AR AR IR RURE 5 4 — 250, DR s A 4 1 15 808 an s fk
ai b RSO AR R SO TR 2 ) 28 T 45 5 1 T T
BeUbE | AN BB B30 A X AR RRAE (0 A Rk .
T AR DINOvV3 I A 5 B M 0 w4 F A
33— 7] ], 7 SCH | A DEIM HE %8 fir 452t i) 25 7] 94
PiE Be % (STA , spatial tuning adapter ) 2 ] HRFEAS
ML o ML S A RO R A P
A A DINOv3 i) Jz2 & 3K AT e b 42 BOE 4300 Ry
8.16 Fll 32 [N Z 2 G FH1EIT 51, id M S8, S16 11532,
FIT VT 22 RUBE R A I 25 2540, & 4 T/ o

1.2.2 RERfBESLHIERE HTHRZEME
I RN T sk b s R AN T, O T SR 2



XX

WA AR

TR FR R b A AR A I 7 v

Transformer
Block1
Transformer
Block2

STA
EINL LN

i
HRJRRHIE
Floc

Transformer
Block3
Transformer
Block4

MaxPool
2x2
FHF AR BEAR R )

Conv 3x3

Stride 2 IRIZHRFIE

Fglo

Conv 3x3

Stride 2 KAE3D LA

IR % RIERRIFHE &

Conv 3x3 \_ Fiinat = {Froc: Fgro} /

Stride 2

K4 Z RPEEFRESEIR G I 5 454

Fig. 4 Architecture of the multi-scale feature extractor
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Fig. 5 Visualization of clustering results for hazardous chemical and large transport vehicles

St = maxejefk.(vq : ej)o

S A AT AR AT — R S IR B
e s B O ORFL AR AR B A DT B R, UG 2L
7 AL 55 1h Zero123 A= B A% 1 AL 71 9 5 EHE 97
A RIURE T A AR X R A R I o X ML A 2
THT KBS T RIEE 8, B iR TR0 J45 R
R AR R SR . DRGSR IE 7 Fs .

2 I

2.1 BUREMITAIER

AT A FEL R A 4 A ) S R R I B, AR SO B 9
P T — AR A . IR R A
X O R 2 114 I T - P00 A ) R RS . RS
Gy RSB T | N L B, T S b N S| P
T IR UFAS R A 5 3k 32 Ak e 0 MCHE T B s or
WEs AT T, ARG B bRl it e . Bhod 48 4 i an
F2 MR

% 16 ) A 5 T ARG R ARG 3 A 4R
P B | SR RS 8% P Al AR R BT B RE 7
G i 238 S T A 00 5 R vh B0 H AR BT o5 0 B
SR FH A 0156 R Aty B A5 A0 (1 7 55 B 7, 73 T R /R AR
R RE 75 75 15 AR A TR T B AR . mAP@
0.5 42 ToU ({2 0.5 B 19 7 250K5 2 Y48, T 94
R i 25 2 v 5 oy g



XX

REREE, AF. BLT I WUEH LA R AR A AL E G T v 7

e

%i‘

£ B R AL A 14 B2 P O £

os @ §

® fuiLi

L PNiSa k]
* AR

KIS RIATKEEPN ISR K S Pk Y

Fig. 6 Visualization of clustering results for hazardous chemical and large transport vehicles
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Fig. 7 The matching process in the online inference phase
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