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Abstract: To address the issues such as difficulty in defect representation, insufficient semantic information, and am-
biguous class boundaries in corrosion detection of distribution-line fittings, a domain knowledge-guided vision-language
detection method is proposed. First, a low-contrast feature enhancement module is designed to enhance textures, bounda-
ries, and key channel responses of low-contrast corrosion regions through multi-scale directional extraction,
boundary-guided modulation, and channel adaptive recalibration. Second, a knowledge-guided representation module is
constructed to transform distribution-line domain knowledge into textual prompts and to dynamically optimize text em-
beddings with a vision-conditioned prompt adapter, improving the model’s semantic understanding of corrosion patterns
and fitting states. Finally, a cross-modal semantic alignment strategy is introduced to constrain visual-semantic consisten-
cy through region-text contrastive classification loss and semantic alignment regularization, enhancing discrimination of
similar categories. The experimental results show that the proposed method achieves 87.1% mean average precision
(mAP50) on a self-built defect dataset of distribution-line fittings. In open-semantic detection and zero-shot generalization
experiments, the mAP50 values reach 81.2% and 44.2%, respectively, with an inference speed of 34.9 frames per second.

The proposed method can achieve a balance among detection accuracy, open-category generalization and inference effi-
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ciency, providing a technical support for defect detection of distribution-line fittings.

Key words: distribution lines; defect detection; vision-language model; domain knowledge; low-contrast feature en-

hancement; cross-modal alignment; open-vocabulary detection
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Table 1 Experimental environment

s s
BIERSE Ubuntu20.04.6
CPU Silver 4210R CPU
GPU RTX 3080
CUDA 11.6
Python 3.8
PyTorch 1.13.1
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==
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Table 2 Dataset for power distribution line fittings and their

defect detection

e L2 6 4 L St AR
AR R K 2R e IE 8 487
AT AL TR 2k IR H 2482
WA R K 2 e A 740
FAT AR K 2R e Ak 1956
MR TR 5K 2R e AR B R 1100

NIER R AE B % AR IE F IR T SRS
SO FFRES T, AR T H AR S A B E Ar
(object detection and visual grounding, ODVG)#%z{
Bl S T T80 SRR SRR SE R . 5148 COCO
% AR AL, BRI A% 5 A, ODVG %3
FELFAEARERIEER B, NI T TS+
= VEE R E ORI S R SCAS, AR T e
BRI —ESRANIREES . 2R EGkK
P55 %170 EL) SRR COCO et 4R — 5, Hit%
O H BIAE T PP AR TR E 7547 ORI I SCAR 23 8] 40
IRSE IR B AL G R ME D 2605 . IR U AR
TEARIR EEINER 3 . FREAEnldR ., 3% 3 {5
2 B RABRE SRR 7> AR Bl . ESERRa
ODVG ##a 2R, ASCHFLHED H U L 5 e B i o
TN ZFLRSUERIR IR, (A — R
TR A FE LR I BUBSMEMRHER £ &
FHIRFEA, AR ORAE A TE S22 3T (i E S et

%3 ODVG 3R SCA AR
Table 3 Typical annotation examples in ODVG format

F3 bR

PR R 5K 2R I K T e e ar, AR
e KA EEAT, IR

FAAzh

SRR RATARIRARs t, RE R
IR I IR LB o
SFPR S FRP R e T S
R I
s Wﬁ;%ﬁFE VLR T AT R, IR

AR B AR U AR E A Fa AR 22 IF
Et.(intersection over union, IoU)E{E N 0.5 B -1
% [ 1) {H (mean average precision at an IoU threshold
of 0.5, mAP50)H1 IoU [®{& )y 0.5~0.95 I [ 1kE

J& ¥5{8 (mean average precision, mAP), {ERNIRALS
DK B B S A FR bR o AR T ol P2 3 i A A0 A T it
Hi(frames per second, FPS)fff, HUUMHUEITS
4 & (number of parameters, Params)ffij &,
23 HRRSCIE

JESAE DKDetect #-REHRFAT R, AT DKL
LALRUN D i, FESEZE By A ] N DLFE.
KGRM AR 7 SIS BEAT T Rl s der, Seierah R
WE 4 Fin.

% 4 DKDetect gl 5256
Table 4 Ablation study of DKDetect

DLFE KGRM CMSA mAP50/% mAP/%
84.2 62.5
\ 85.3 63.9
J 86.1 64.4
\ 84.9 63.3
\ \ \ 87.1 66.5

5] N\ DLFE {§8 mAP50 M 84.2%32F+ % 85.3%,
mAP M 62.5%42T+E 63.9%, XFMETHE T2 RE
77 TAVRFAE S HUGT 75 et X 3 S0 B 85 4 1 B i i
TESEIE s X 5 ol R iE 34k . [RIE, DLFE 4%
i T8 FAR EHLEIIH] 2 REHEBIE, s RS
TR B AH SCRFAE e B, 3E T Ay 5 A e X33 A2
FRpt 7S H A A A R AR AR Al . 5]\ KGRM,
mAP50 (BN 86.1%, mAP {H N 64.4%, HIZ5IEE
FE 3 AMEH LR . X Ut B TN 1R A SO
KB, FEEMEL ARG R A AT B
s S IR [ ST RE 1A % B B R R AN
— 7T, SURENR SRS R R A A “ 4
CIEH” SRR IR LA WY R B A R
PR . AMUERIE S5 E B8 E B s, M
T RS R 7 2% i N 25 ) BT Sl 1) ) 5 R B R 5
F—I7 M, AR ARG IC A8 B LE AR A T2 R
I X IR ARSI E S S, Bk T
TE SCAHRNAE BRI DL S AL TR SO FEAS R IR E
KA. KGRM ({3255 T DLFE, X UiBA7E 4 aTEk
A P SO THT %) B s %o S A 2 e 1) 4 FH L
PG 2 T RV ARFAE A B B 2 5] N S AREZS X0 55 SRS
mAP50 16 84.9%, mAP {4 63.3%, 71 LLi /.
JER DRI 18 SOF 55 1 DU 303K 22 A2 B AR 73 A b 29 AR
DRFAE RN SCAE X — 30, 121 W IR B 2 s
FE A4 S IE M ISR, I EE R NGE
FRAFRAERE 1. #5045 DLFE $45E 1 & R A



ﬂf}é‘/ﬁ:‘y EEIZI:E! %%}LHH%! é\_—ré:

ATUSIR 51T AL T 55 AR I P 2 B < LB T I D 05 2981

fELL K. KGRM Fri i ah A48 SN, NS
X 5 WG I Sk AR B e A R . = R
I, mAPS0 Al mAP 23514 87.1%F1 66.5%.
FHELT R, % H i T 2.9%4H1 4.0%.

L565kE, DLFE MRLGJRJESG R 1 51X 45
(IZER 2, N KGRM HRAE T 5 575 b (K A0 5 45
fEFIN ;s KGRM #E— 2045 & A AR 2o, (304
R RENS B AL H G FOAL DR AR s S AR X 55 SR
DU AREAE 7 AT J2 TR 5 A AR o 5 05 SO — St . =%
TERCT R 3 a— 1 SUB X 2007 (it
X UMERERR . S2eh mAP 2575 T mAPS0, 1itH
TSR BEEAE T P24 ToU BIE N A RECRFFILE, MY
AT HAs e, Wk T RAANEE S, X
TiC, H 2 % 4o L5 Tl R 6 (R s o ML A SIE B S
2.4 XfEESEIE

4T A DKDetect [RIRCINIVERE, ASZIG
At COCO ¥ B4 it AT 3 LT EL, 45 40
K5 Fn. MG Bkill 2 YOLOvVIe K IMAEL
i, H mAP50 A3 T 78.7%. {F Transformer 25y
M #s, Deformable-DETR £ i a] 28 FE 14 7 J1 ML)
1 mAPS0 $RTFF 81.2%, {EHEFWE MK, XE
19.7 Mi/s. L9 E 5 A28 YOLO-World-L Al
YOLOE-8-L EHUS#: 5 mAPS0, {H K|k = 45t A1
PSS B 7152 PR« Grounding DINO #% A3 T
86.2%, {HIL 6.0 Mil/s {14 FHLI P 2 LAY K A HL 3 A
FIRIEPE TR SR . FELRAHA WeDetect ) mAP50 iy
84.2%, HMEFLWEILF] 35.1 Wi/s, FH 1K ik
K, A3 DKDetect 7ESLEAE -, mAP50 5 mAP
HE— BT 4 87.1%H1 66.5%. 5 Grounding DINO
AHEG, DKDetect AMKSEEm HY 0.9%, FH: 34.9 i/s
(RHERE A ST ) 5.8 %5, SeBL TS SRR
(BT

AR, R SR 8 A FE A7 AE R 20 AN 2o i
IR, %645t T &R AT IFEbR . 75
a2, SEBRAC 2GR FdE AN A 4 2R AN
BRI ISR BA RIRE R, KA A
5 I T S TR s R EAR A AR IE . 9 DRIESE
55 45 ot LSk i S AR A, A SR B UG 3L
oA, FmEE ARSI EE A 0.5 IR
(average precision at an intersection over union
threshold of 0.5, AP50)/3 B8 A4 £E AN 7 5% A1 R 1)
KB T B 6 vk, SEEIEERD B ZE R
L2 s <0 = N v - S S = I 1 [

YOLO-World-L 7 #2844 Y i 7K 28 e R B s e 2 51
EHy APS0 5 73.3%. #HELZ T, DKDetect #£i%3
Sl E i APSO IA 3] 79.1%, BEEELEBAIIRT; 4.0%:;
FERRRR AU TRk 2 S A T |, R LA A4 T
3.7%. X ¥ H45 25T DLFE SR LB BRI ) 1
5. KGRM XJ4iieif SUE B LLE CMSA X
FMNAF LI . FIREE RIGUE T AR SCBLA LR
AP FROR B B Bk
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Table 5 Comparative experiments of object detection models

Hik mAP50/% mAP/% FPS/ Params/10°
(i-s1)

YOLOv8s2¢! 76.3 55.3 121.4 11
YOLOV9c27! 78.7 574 99.7 25

YOLOv10s®! 77.9 56.7 171.2 7
DETRE! 78.5 492 28.6 41
DAB-DETR28] 80.3 57.3 21.0 43
Deformable-DETR[) 81.2 58.8 19.7 40
YOLO-World-LI!! 82.5 59.5 54.6 48
YOLOE-8-LI20! 83.0 60.2 55.9 45
Grounding DINO!®! 86.2 65.6 6.0 172
LLMDet(2! 85.5 64.8 6.0 172
FEAREAIC 84.2 62.5 35.1 176
AR 87.1 66.5 34.9 176

6 FAAILAT IR FE(APS0)XS HL S
Table 6 Per-category precision (AP50) comparison

AP50/%
2 FLER K - 7t .
FIBRHEEH YOLO-World, COmounding pil
DINO [ SV i
R TR 5K 2 e 1 H 80.2 83.7 81. 85.2
Fr T AL 5K 28 e I 90.4 93.6 923 941
R iR ke 28 e R 1 77.1 81.2 786 823
Hr T TR 5k 28 245 et 91.5 943 935  94.8

SRR R ok 2 S AR
733 78.2 751 79.1
ok

25 AIMLERSH

NT TRl bR e SR g, B
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FE 2, WeDetect B BAFFERBNRE B O, 412
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DLFE A5k, AR LU RE 45 b X S 7 R AE 2 R)
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Fig.5 Visualization results of the proposed model
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Table 7 Comparative experiments of object detection models

AR mAP50/% mAP/% FPS/(i-s) Params/10°
YOLO-World-L[!! 725 52.8 54.6 48
YOLOE-8-LI201 74.1 543 55.9 45
Grounding DINOI'S! 78.6 582 6.0 172

LLMDet(221 773 57.1 6.0 172
SRR 76.8 56.5 35.1 176
AR SO 81.2 60.4 349 176

2.7 FRUALCIZ L RES1SELE
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Table 8 Open-vocabulary generalization experiment

AP50/%
& LR Grounding ~ 3££k AL
YOLO-World-L DING —
BRI IR R 235 27.6 258 312
RREELR ™ AR 50.3 53.7 515 564
FR B IR h 23.0 28.1 255 316
IR 2 e 1l 514 54.6 521 575
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Fig.6  Visualization results of open-vocabulary
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