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Abstract: Objective Intelligent analysis and processing of UAV-captured images by using computer vision has become the
mainstream approach for power transmission line inspection. As the most widely used connection components in transmis-
sion lines, bolts play a critical role in structural integrity. However, under complex environmental conditions, bolts are
prone to defects, such as lost nuts and pins, which may pose serious threats to the safe and stable operation of transmission
systems. Therefore, bolt defect classification via computer vision techniques is essential to ensure transmission reliability.
Vision-language models (VLMs) have high potential in bolt defect classification tasks where visual information is limited.
However, vision-language pretraining approaches that are based on image-text contrastive learning typically require large-
scale datasets and diverse textual descriptions. For instance, general-domain multimodal datasets often comprise millions
of image-text pairs, and bolt defect datasets are characterized by small-scale data and limited textual descriptions. As a
result, contrastive learning approaches cannot be directly applied to such tasks. To expand the applicability of VLMs in
bolt defect classification, this study proposes a transmission line bolt defect classification method that integrates vision-
language feature alignment and textual decoupling (VL-Bolt). Method We analyze the alignment behavior of image-text
pairs in a training batch and identify a key limitation of standard image-text contrastive learning: intraclass semantic over-
lap. When multiple samples from the same class are present in a batch, image-text contrastive learning incorrectly treats
identical class descriptions as negative pairs, hindering effective alignment between images and their textual counterparts.
This issue is particularly pronounced in small-scale bolt defect datasets with limited textual diversity. Then, we adopt the
CLIP ViT-B/32 model as the backbone. However, because of the lack of power domain knowledge in CLIP’ s pretraining
and the high similarity between different bolt defect features, its performance in fine-grained classification is constrained.
To address this issue, we introduce a text feature decoupling (TFD) loss, which explicitly disentangles textual features of
different defect categories in the feature space. Building upon the decoupled textual features, we further design a text-
anchor-guided visual feature alignment (TA-VFA) strategy tailored to bolt defect classification. In TA-VFA, decoupled
text features serve as anchors to guide the alignment of their corresponding image features, facilitating the effective separa-
tion of image representations across different defect categories. This architecture inherently resolves the intraclass semantic
overlap issue, making it suitable for the bolt defect classification task. Moreover, considering the limited scale of the bolt
defect dataset, we propose a progressive fine-tuning strategy for the image encoder to mitigate overfitting and improve gener-
alization. Specifically, only Transformer layer 11 is unfrozen during early training, and additional layers are gradually
unfrozen at the late stages. This scheme enables the model to prioritize learning high-level semantic features relevant to bolt
defects while retaining low-level structural information and the generalization ability gained during pretraining. Result In
comparative experiments, VIL-Bolt achieves a classification accuracy of 92.2% on the bolt defect dataset, surpassing the
baseline by 3. 9% and outperforming multiple ImageNet-pretrained vision models and four recent bolt defect classification
models fine-tuned on bolt datasets. Compared with the multimodal MUCO-BD (multi-modal contrastive learning for bolt
defect classification) model, the proposed VL-Bolt model has a slightly lower classification accuracy; however, it has
approximately 29. 9% fewer trainable parameters. Moreover, when the VL-Bolt model is pretrained with domain-specific
knowledge with the same configuration as MUCO-BD, its performance surpasses that of MUCO-BD, demonstrating the
superior adaptability of the proposed approach. We also compare our transfer strategy with four recently proposed transfer
learning methods. Results demonstrate that VL-Bolt achieves superior accuracy and generalization performance. From the
perspectives of algorithm principle and structure, the main reason for the poor classification performance of CLIP-Adapter,
CoOp (context optimization) , CoCoOp (conditional context optimization) , and Tip-Adapter models is the excessively high
interclass similarity of bolt defects. Compared with WiSE-FT (ensembling the weights of the zero-shot and fine-tuned mod-
els), a transfer method designed to enhance model generalization, VL-Bolt outperforms it by 2. 2%, demonstrating the gen-

eralization advantage of the proposed transfer method. To verify the robustness of the proposed method, this study applies
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VL-Bolt to three publicly available datasets and compares its classification performance with that of end-to-end fine-tuning
model. On the fine-grained classification datasets Flowers102 and StanfordCars, VL-Bolt achieves substantial improve-
ments, particularly on StanfordCars, where it surpasses the end-to-end fine-tuning model by 10. 7%. On the Caltech101
dataset, which is characterized by large interclass variations, VL-Bolt still demonstrates strong task adaptability, further
validating the robustness of the proposed approach. Ablation studies confirm the contribution of each component of our
method and its bolt classification task compatibility. The TA-VFA architecture avoids the intraclass semantic overlap
issue, and its integration leads to a notable improvement in accuracy. The text feature decoupling mechanism can effec-
tively mitigate interclass confusion to a certain extent. Notably, the progressive image encoder fine-tuning strategy guides
the model to focus on target semantics, substantially improving accuracy. To identify the optimal layer depth for progres-
sive fine-tuning, we analyze training loss and validation accuracy curves and find that unfreezing only Transformer layers 5
to 11 achieves optimal performance. Compared with end-to-end fine-tuning, the progressive image encoder fine-tuning
strategy effectively stabilizes the training process and mitigates overfitting. In visualization experiments, the near-
orthogonality of interclass text feature similarities validates the effectiveness of the proposed text feature decoupling loss.
Moreover, using t-distributed stochastic neighbor embedding, we visualize the feature spaces learned by image-text contras-
tive learning, CLIP ViT-B/32, and VL-Bolt. Compared with the other methods, VL-Bolt shows better interclass separabil-
ity with more natural boundary distributions, achieving reasonable balance in feature representation. Gradient-weighted
class activation map visualizations further reveal that VL-Bolt focuses on bolt targets and defect regions while reducing
attention to irrelevant background areas, thereby providing a solid foundation for downstream classification tasks.
Conclusion The proposed VL-Bolt substantially improves the classification performance of VLMs in bolt defect classifica-
tion tasks. Specifically, the TFD loss and TA-VFA architecture demonstrate strong task adaptability and effectively miti-
gate the challenge of intraclass semantic overlap while reducing the burden of data preparation. Moreover, the progressive
fine-tuning strategy for the image encoder suppresses overfitting and directs the model’ s attention toward defect-relevant
regions. Overall, this work provides new insights into the practical application of VLMs in power transmission line inspec-
tion.

Key words: transmission line; bolt defect classification; vision-language feature alignment; vision-language model; fea-

ture decoupling; transfer learning

0 35

I

AR R, FR 7 A P 4 I Ay SR 1 A Y LA
TR R R R SER A TE AN E
PRI BB AT 5 AR B R S s 2 (R iR S
45,2020) o Horp R AR A i e 2 B v B TSR
(R A, i T e 4 FLARUR R 1 i 31 S
PR EVE R . SR, F R B K A TR 2258
ZRANER B GRUR LS 45 ,2021Db) , % B4
() AR Ty 7 A BB R A AT 2 PG . IR A A
FRUIN FL B S 70 52 e SI00 BB a5 o 1Lt B T PR e
T B B 5 R R AT R I o) i R 2 ) A AR
FE IS AT R ™ E R (2R IN L 2022) o BRUL, dE T
SRR R AR AR T A S e PR3 T At 2 i O vl
LRI IEH TAERM L ZEF 5T

U i 2 AR [ 5 S O LA TE

NHUR F AR kAR 4% (BT B 55, 2020) , 5241 5k E
B I AR AR RO /NG R R S ), 552 B R A 2 A ]
B W T BRI OB i 4 45,2018) o EF4MBIF5E A
$ TH MR AR TRUAR J50 A 7 T ASCHS PR U AR N
(2023 ) 7] T8 22 ] A AL 8 50 g B0 e s, A5 S IR I
B | AMRAG: P45 43 B 30 Ak 380 v, S BBCEEE J 9 BB 174
R R R 23 RIS, AT 88 T 73 2K W % 5 Zhang 55 A
(2024b) $2 H 77— B 3 RUH) S5 85 245 g 1 Oy 34 5 5
W% ) MR A SR PRI A A7 1 e A e PR LR
WER , BT T o EERE . RO UF ST I A
SR AEARTE S BT B RIS AR A (2021a) 25 TR ke
5 MR R 22 [ B IR, R P 1) 428 1 ol 2 I 4 g A A B
X R TR P 1 i 5 A B X SIS 2326 5 BRI A5 L (2021)
P PG00 30 A0 K 30 8 i Ak BB AR, 14 R R e A ]
1G9 ) B, B YOLOvV3 (you only look once ) 45
RUSCBLIRAR BRI U0 o TR TR TN T 45 4
(977 85, A s Liu 558 A (2022) $2 4 T —Fh il 8 0

2913



2914

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 8,Aug. 2026

BT -5 T 5t 22 190 28 1) 2 A 5k I 0 207 02, 5203 41
KT IRk B E iR,

Bl A 5 S BRI R, A AL 0E 5 SCAR
15 2 BIp ) 2 R Ry i THASE B TN BE ) 1Y B e
(Zhang 45,2024a) . S ] BAERLGIEIE |
ORI 22 PR B AR R A B A AT 55 1Y
fi£ /1 (Ramachandram il Taylor,2017) ., i, 15 5 —
PG HE T A5 Y ( contrastive language-image pre-
training, CLIP) FI] F DA 28 SR HU (1) 4 424~ B SCRT, 38
b PR —SCAKT oy > SEAT I 2, 52 IR SCAR
X} 3% (Radford 55, 2021) o DA o0 28 FR IR P SO0 K
B SO IR 22 B AR A B R, 3 7 7R i R
T CRRARBE ) o (HZ , FREAS CLIP SRR AR
T SCIRCRV RN 4 387 T AT Sy BRAE (Jiang 55, 20235
Khan Fl Tapaswi, 2024 ; Momeni 45 ,2023) , 1 A ] 12
T IR B 2 31 0 SCARRAE 3L v BE AR RL, R I i A 780 g
VE A TR B 02 o Ah  AESEPRAT S,
T s ) AR B8 R SCAS il ik 2 A T i A 3 T
SRBCE A RO RUAE , 3 o A A e LA e it P R — SO
X HE 27 T T8 43 >0 B MR AR B B AR G A4 1 SUAE BRI e
BRI B 5 SEUTE RS G R, i, A
H AR AR B B AR EAT R — SO e 2] 257
BORIBCR .

UL, A g P LR, MUCO-BD
Y (multi-modal contrastive learning for bolt defect
classification) (5K I 55,2025 ) i 15 5| A &5 71 19 i H
2 i HLEMR O A 2R SO A, IR —3C
AR HeAE S St T AR R AR O 2
o] B R A A AR B B . O IR AR THIR ke
BRBE 23 2 P RE T T R B MY L (H EAT R AR R A 4
FORNSCAE 2l o 3 TS T B A B AR T
AR

T ARSI (B R AR ALLE 7 T, AH DG RIS 4244 T
B & o Zheng 55 N (2019) 75 241000 B 4G R AT 55
H o g 2 AR 23 A1 8 A 28 3 O A T AR,
FEAEZE ) O TR) T J A AH O 29 R, A ROAIR T 26 1)
FEOEARRURE | $2 T 1 B A X 200 B 2 S5 i X 43 BE T o
Lezama 55 A (2018 ) £i& th — B 1E A2 fIR Bk kA (orthogo-
nal low-rank embedding) #1 2% , H T 54~ 2 51 A9 4
TE R4 3 —A>1-23 8], 5] i A [ 28531 7~ 1) 2 8] 4
PEIEAT , AT 3 2 [a) DX g3 o 3 A 2 ] 2o AH O™ J
TR AT 55 PR IE S B TR 55 2%

BRI RIS R — SCASEZS X 55 1Y 7 ik A TR
K o VIiLT (vision-and-language Transformer) & %Y
(Kim %5 ,2021) % 8t — ) Transformer 2244 , ¥ K%
patch 55 3CAR token & [A]fif ABLRY 38 1) BRI B
IR ST R AR EHR —SORKFAE RS 55, 25 2
T+ T8 LRARE 1. UniCL(unified contrastive learn-
ing) (Yang & ,2022 )il it 4t — 1Y Z B8 X L2z > 4
IR B Ay S BUS X SR LS & S 2 BRI
RO SR 17 A S %

RRTH L —TH F R IR A B 226 By iE
P, AR SCHR H il I SRR R X0 55 AR SCAS ik 1)
H, 2 5 R R 4 43 28 7 1% (transmission line bolt
defect classification method integrating vision-language
feature alignment and textual decoupling, VL-Bolt) .
7 VAR AOM) B3 ol e Bl 4 | B4R SO IR 1Y
ST S8 T AR A R BB 4328, T AT S G i
TR G R, A SCRY EETTERANT « DA SR
TEARRE P AR AR b AT RS —SORXS Lo or S 5 5
SRS N T SCE B W52, TS B0 b 27 ) i
2) BT X WER A U5 o SIS TR 5 R AL B8 3 Fg ) R, i i S
ARSI A AT % pR R, A A [7) ol 4 4 iR 22 TR 400 1
A2, T S B SCAS AR 4 5 3) 4 T B MRS SCAS
fiE, 3t — b SCAS Gl 5 5 | 5 A RS ARR AR X 5 07125, 5
I A [ R A ol B PR AP ALE A R k5 ] v A A5 % 03
B3 4) 4 W i 21 G i s ) SR, T8 5 02 )2
5 A% i A% 2% BY Transformer J2 2 50 DL SE BURR E 1&
e, AR T AU A TR

1 BEREHEEXNEES

AT 5 CLIP A5 B R FH Y R — SCA X e 2
AN BE R A R B 0 2R ) S R AT 0BT o R A R
P 4E (bolt defect classification dataset, BDCD) i & 1E
GEEIN 3L SEaN ST T TN e Y e UL
R, T 4 740 8 . IZEE S EMREE 4 L SC
AHEGARTT N TVt BT, 8] S0 i il
SRAIE AR UK, N« 22 B 2555 4R LAION-400M
£ 55 2 A4 T SOR 5 4% 58 i T 25 %5005 2 Tma-
geNet-1K G HCR 290 128 T AT UL, MR G b %K
Fa B 5 30 AT 0 TN R Bl A 22 R A K

CLIP A5 B 1% 31| 25 80 4fs 4 S A EL I WA £ 1)
LA UG SRR, UG ECRE DR, SCARS R N4



$31% /5 8H] /2026 £ 8 A

WE, B, BEME, Fmt, Z&, B
Al A P SRR AE X 37 70 ST A AR R B PR 2k BR IR BR IR S K77 %

W RBIE R TR S R BIR—X
AXT LA 2] R SRR Iz AR T o SR, A Gk
B A AR AL/ N SCAS R R AR B — SN T
BT BE S 1 KON A S iR 5, 5 e IR SCAS Xt 5%
ROk

1R 1 iR ke i B 5 kAT R —3C
AN LA 2T I 2R N SISO, N, X
TE VIR R IR W IR R — SO XS T2 ) 25
e KA H 5 “A photo of normal bolt” #4 #H8L BE (H3 21
k), e ME S HABZE 5 ST A photo of bolt
losing” &5 B AR BLRE ({5 B e ik ) o SR, 24 iZtt
U R B 55— R () D TE 8 MR A Y R (5 4 i)
A, HEXF N B9 4 34 “This is a normal bolt” 5 “A photo
of normal bolt” AR 1 SCRA ], (HZ7E 4 i 4T b2 )
HEZ2F “This is a normal bolt” /52 # M R A FEAS , i
51 % wh o8 ARV FE 4 55 BI85 “ A photo of normal
bolt” i AH LI (4 [R] ], 2 5 15 L Fie AT K5 “This is a
normal bolt” BARLLEE (TRZLEAHT k) o X FF—AHEIR
i S8 A i S S 2 T B 2R MR SO TR A R
Xt5%

— AR EHS [EHGORS I STASFl A
N
ﬁ‘\ . A photo of normal bolt
\\‘\ \\\ 4 A photo of bolt losing
]
ES

eI

. | \\
& X & \ % “Aphoto of nut losing bolt
. \\ \\
" \\\\ ‘\‘\\ j
\\\ < This is a normal bolt
X
\
‘. \\\\

Bl iR

T AL A A
- /MU AR AR
- J5/ M) SR AR
1 KNEESRERE

Fig. 1 Intra-class semantic overlap

IR FEA R AT IR B RO b HOSOR
iR Z R AN L SR M BB e S TR . i
A —LE P50 IR B S TE % IR, (HR R T 838 3
FME e —E R RS T SRR . CLIP By R M

BB 38 23 BEAILF T AL T LA AL U PN [ 2R A
(18 S BEAME 4 5 Uni CL 380 o0 K 45 SCAR T e 40
B NG — 1 UG — SUAR—FR 225 (] R 48 ][] 2
SCA s MUCO-BD i 4 78 4 HAUR AR Fnik it 2 4k
SCAS i 3R O At G AR 2 R SCAS T 2B —

],
2 VL-Bolt&ExEIE

ARG AR & 2 7, 3% ] CLIP ViT-
B2 KR, YNGRI3 RSB B - 5 1 BB, R SO
FRIE AR REAR 2 B0 CLIP B 1 SCAS G ith 4 , (2 (A
[F) 24 3] e 673 45 38 SCAS AR R AIE 255 1] v 58 20 i R 5 265 2
W B, 1 E AR SCAS R R S 0 R, R 28 3L
P2 vR B S B0 G RRAIE 5 X6 g 1) 5k B SCAR AR E X
3, IG5 G i =X R B i G 3 W 2 fip ok 100
), R AR BB BE K SOR 5 1) ER g 25 BT
AR 1, s O R SORARIEAE SR 43 28 S A,
A BEUR I FRAE 5 SCACRAAE UEA 700 B TR v, i o T
iR
2.1 XAHHERELE

BEXT AR AR CLIP A5 7Y v B dfe o 25 () A {1 2
5 I 1] B, VL-Bolt 57k i 575 1 B BEIE o 1 SCAS 4
TEL 25, 4 MBI 5 6T 17 P SCA AR i 2 AR 1 25 (] v A 288
SR 5 1 B AR SRR TR AE A 5 22 R SCAR RRAE
XoF 35 (8 28 ) i A, DA s B £ FH R B RE A L 2 A AL
SCA R 7 2T KA o3P . IR 255 1 BB
i 3 [ 2 B “A photo of [els ] ™ Sy 22 Bl i 4= A
Text 1~Text N SCAHEIR , N R 280050, R4 Bl SC
A IR 2L SCAR Gt #8549 B SCARRRHE T~ T,y JE
FICARHE, #4 E SCASREAE fif # (text feature decou-
pling, TFD) 41k pR %k, HAK K

L = ]\1]22/2(<TUTJ> - 51‘1‘)2 (1)

o (T, 1) Fr AL 8, J (R T, 0
TC% KN

1 i=j
5. = 2
Y {O 1 #] (2)

I Ly, 00 SCAS G 5 i, 50 25 2 531 SCASRRAIE
[T IE S

2915



2916

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 8,Aug. 2026

2.2 XA SR ERFEXF

BEXF IR —SCARRS L 27 > Y S N i SO 5 )
R, SCAS B 5] 5 00 AR R AIE X 5 (text-anchor-
guided visual feature alignment, TA-VFA )} 2 fi##i 0
SCASRFEAT il s 008 PR 20 A 45, A7 1 40 R i X
FESCAKHE , SEEEUR R AR 23 B o %07 R A 4
UL, A ROk N TR LR SR, a2
oM BLTR T =1, 2,3, -, N) N R B
B SCARAIE 5 YN R v 1 TRIAR 280k PRI 2 B e 2 1
FRfEm (=1, 2,3, -+, B), BN, E#K
5 SRR Z (8] AR BL 35 h

s;=(I.T,) (3)
ARLLEEAB B RS S e R 2, HAR Ky
S = [Sij]RxN (4)

| ﬁllé;?\iiﬁl

SR P AZ SUIR B pR OO PRI G G 8 2 R A T 100
DA e PRI ABCRFAIE 1 -5 68 17 K50 SCASRRAIE 1) £ 22 []
(O AFHBUE , [Tk R AR5 A 1 SCAR RO AR ABLEE | AT
S EBFNSCARHEA RO 55 o 38 SUR 2R R ECH

L = %Z fCrossEmropy (Si,:v }’l) =

i=

exp(s, ) (s)

Ay AR5 R R A FR A

IR R AR T EURARHE 5 4 28 1 SCA Bl i 22 [
AR AFLUE , T A [7) -t 2 P G b Pl 4500k 7 9 SCAS , i
5 A RO IS P SO 5 (M)t I 6 T A S 0
HE T FEBARHE 4 73 B RO

55 2 BrEe: SORHAS| LGRS 57 | RS SEAAEE

. Il.Tl. Il .T3 Il .T4
. LTI, T, LT,

Y& TS
Rl B
. Ll T T

UG —SCAEIERS 7

BRAR IR o S A
N

[E{G e

UG R HIBREE

{_normal bolt T ]

FEHAIE AW SCA

K2 VL-Bol Bkt be
Fig. 2 An overview of VL-Bolt

2.3 it E R 4R AL 2R R SR R
WAt o Al A1 15 e P 40T Y TN i dl R AL

5 1 BL SORIFHIERHS | H @ | ’
4 g BIFE N SCANA . .TI.TZ LT,
Textl: A photo of bolt losing
Text2: A photo of normal bolt S . L . BT L1 >
P , SRS 2 SURFHER RSB
Text3: A photo of nut losing bolt . T-T T-T . T-T
s A S 374
|Text4: A photo of pin losing bolt|
: 7.7, 7.7, 77, [
I
! HHRSOASHIE AL

AR SOAS [ IE 3 28

N
O R

. & %%

= =0 BRGSO R

(vision Transformer ) B BUAIG 2 2 22 5C 7 KME 1 Jai 58
W55 R, SR E T4 Ras o B iR X

PR BRSO A (R o 8 v AN e £
FEAERE AU TRIRR Sy 400 i e 25 R AL, SO 45
B A5 (R A5 R R, B e 1 2 i 25 I 3R
% (progressive fine-tuning for the image encoder, PFT) .
CLIP ViT-B/32 {5 1 (¥ [ {5 2 % 8 205 A4 G 141 3 Ca) T
7N o Raghu %8 A (2021) 38 5 ol B AL 5 7 45 i, ViT

(48 B, 3T b, AR SCHE 00 w0 E B B AR R
Transformer i5)2 , YR 45 {I0)2 , (AL a2 2] 84
O3 AT 55 M S 1 1o J2 08 SURRAE , RN B3 IS J2 454
5 U k1 12 AL BE 7, SE B R T s B R Ui
15 .

SR A BB AR Bl B 3 288 1) S P R R 2 8, AR SR



$31% /5 8H] /2026 £ 8 A

I, SRR, MEK, =W, BH, Al
Eﬁ‘lé}S'C##?EXTH‘%Diﬁ:ﬁ?i%ﬁ%ﬁ‘ﬁfﬁéﬁﬁm%*@ﬁﬂﬁﬁxﬁ55

FH A 38 1 gk X R AL, 38 JZ2 2R Transformer 2
IE W5 B R HERR 2, O B8 MERR e e KA IR A
AR AR AN 3 (b) iR, e 45 R K] TETR
45 Transformer 0~4 )2 AU 5~11)20], iK%
/\%{Eﬁ%$
2.4 1REVHEE

W 2 A 7R, FERE R i B, AR SCH AT
F 585 2 B B A /s 1 [ 5 it s A AR I A £ T
W2 g —HER i A U 2 UG St 2% 5 i i
FUGAFIEAE RS I e R™, Horp b R4 RSE , d iR A
YEFE . ARGl T ENR S SORFFIEC 200 55 K265 1
B B o) AR I A R AR A B SRR T~ T PR S
ARFFMEHFE T e R™AER 7326k o 70 R TIN 43 4L
S e RN

1 52 1o

/

o]
Transformer JZ[0] =
: 12 %
A - 0]
b
Transformer JZ[11] l'J
¥

JRIA—1k 3,‘1!5
sy K

=

[ i H G N

(a) CLIP ViT-B/32 G2t 241

R

_/

v 3 e

O witkam

A

S=1IT" (6)

e, VU — AT AR 23 B0 B R
S1 L AE R EUR A T 5IAR 4 , HLAR Ny

7, = argmax,S,, i=1,2,+,b (7)

3 XB5EE

3.1 THRRBMSHIEE

ARSI LT PyTorchl. 12, OHEZE (i FI& 45
P Ht NVIDIA GeForce RTX 3090, % 1 By Bt s if 3¢
A G i g R Adam PEALAS , 2% 21 %258 10, I Zh%e
BOoh 1545, 26 2 B BUROE UG gt 2%, i A RS 1Y)
Ir RN 224 x 22448 K R AT 2. 3715 Wit U0 R
B, Ul ke YR 36 R 100 %8, HIF 10 58 X f# R Trans-

|i§§ Epoch=0,n= 11, Accurancy = 0|

—>{ fiftl% Transformer &5 n J2 |
v

WiACRZ <
222285 x 107, Adam fifb8s
v

UIEER IR, TR

val_Accurancy

val Accurancy >
Accurancy

Accurancy = val Accurancy

| Epoch = Epoch + 1 |<—

(b) It AR R

I3 ik (R b 2 T SR s T

Fig. 3 Progressive fine-tuning for the image encoder

((a) the architecture of the CLIP ViT-B/32 image encoder; (b) progressive fine-tuning workflow )
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Fig. 4 Bolt defect dataset: sample counts and examples
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Table 1 Results of different bolt defect classification models

FE B ZHE10° YIZSEEN0° BRR/% FEHERY% FUE% HERFE%
ViT-B/32(Dosovitskiy 45,2021 ) (1A 85.8 85.8 87.2 88.7 87.9 89.5
RN50(He %%,2016) [EES 23.5 23.5 88.3 89.9 89.1 90.4
EfficientNet(Tan 1 Le,2019) E3FEA 10.7 10.7 86.1 87.4 86.7 87.8
MobileNet v3(Howard %,2019) ESEES 4.2 42 85.5 86.9 86.2 87.4
CLIP ViT-B/32(Radford % ,2021) LA 86.2 86.2 85.9 88.0 86.8 88.3
MfE DenseNet (249K 45,2022) e 125 12.5 88.5 90.2 89.3 90.8
Mot WRN (Liu%5,2022) F4 115 11.5 88.0 88.9 88.4 89.8
ATT-RN50(Lin % ,2021) (A 24.0 24.0 88.1 89.7 88.8 90.1
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Table 2 Comparison results between VL-Bolt and
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Ik T 24 T R/ %
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TLID BDCD 96.8
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Table 3 The bolt defect classification results of different

transfer methods

TRk TER /%
CLIP-Adapter( Gao %,2024) 81.9
CoOp(Zhou%%,2022b) 79.4
CoCoOp(Zhou % ,2022a) 56.3
Tip-Adapter(Zhang 55 ,2022) 412
Tip-Adapter-F(Zhang % ,2022) 79.1
WiSE-FT a = 0.5(Wortsman % ,2022) 89.4
WiSE-FT H¢:4f; a( Wortsman 45 ,2022) 90.0
VL-Bolt(43C) 92.2
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Table 4 Classification accuracy on public datasets
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Table 5 Results of ablation experiments

TA-VFA TFD  PFT %ﬁﬁi ﬁ/i% HEI 1%
N N N 86.2 17.6 92.2
N - N 86.2 17.6 91.7
N N - 86.2 17.6 89.6
N - - 86.2 17.6 88.9
- - - 86.2 17.6 223
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Table 6 The bolt defect classification accuracy of

different classification heads
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Fig. 5 Loss and accuracy curves ((a) progressive fine-tuning; (b) end-to-end fine-tuning)
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