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Abstract The improper crimping height of the wire harness terminal leads to the wire core being cut off or having a large
gap. In manual detecting number of wire cores and judging whether the wire core is broken after terminal crimping, there
are many challenges, such as high labor intensity and visual fatigue. In this paper, a wire core detection method based on
deep learning in the microscopic image of the wire harness terminal for counting is proposed. K-means multidimensional
clustering algorithm was used to cluster the wire core bounding boxes to generate the anchor boxes that conform to the
distribution of the core bounding boxes, aiming at the properties of dense and irregular arrangement of terminal wire core
microimaging. The gradient equalization mechanism was used to reconstruct the loss function to deal with the extremely
uneven category of anchor boxes with different attributes in the terminal image. The results show that the algorithm
proposed in this paper achieves a mean average precision of 96.2% while maintaining the real-time performance and the
same counting accuracy as the manual, compared with the other object detection algorithms. The proposed algorithm can
be used for wire core counting and crimping quality evaluation of wire harness terminals.

Key words deep learning; object detection; harness terminal; gradient harmonizing mechanism; microscopic imaging

17 . 95 Y 35 R A 2 R AR AL R B AN L AR RE T A
H HAEE W T 5 i B2 7 25 B RE ol e B AR 2 i DA A8 AN 1

AW RS TR AG SEROBRAK, ) IR W R RE, SO AR IE LR B T e BB

B TR R MRS SRR T B e S5 S el v O 7 b P g R e 3 R i
VERER A T B v A S BB R F R IR T2 FREE I R, Ge it 1 AR R A R H R i 1 AR 2 B

i BHEE. 2021-07-09; fEEIHHE: 2021-07-19; RABH. 2021-08-02

EETH: ERARRFAIES(41773024,U1404103) I g 4 i 26 5 10 5 BHRF 00 H 9% Bhi1%10 (21A520016) 2021 4F 2 30 3 B
B BEJA G S (HNKJIZK-2021-56C)

BIS1EE . zss@hpu.edu.cn

1815008-1


https://dx.doi.org/10.3788/LOP202259.1815008
mailto:E-mail:zss@hpu.edu.cn
mailto:E-mail:zss@hpu.edu.cn

I BT o o BE T I M L 58 4R i 1 T, K
M B AE L T 53 A 5 A b X 0 s 46 TR 2 i
UL R MG ik 2 R R U A5 R A o T S B T
TASEMIEE , 70 i 8 ol n 5 b 9 T AR L 9 S A
e B DI A i 1 (1) SR BUR E

NI 4 5 A AR RO Jag B ¢ L2 2 P i
8 S 5 R T oK o O S B TR i RE A, Sk [ 2]
45 B L DL BE T K LA i TR AR I AR A, T
i~ AR T s 4 5 2 R M 3L B8 4 R J LA k. 3C
TR [ 3 T2 7K P 4 7 15 3 1 4 R 1 T A AR S8 G
T i 25 i 5 A6 TR AR 40 4 BBOR SR A o SCHk (4 ] 8
X A TR A% A WLBR B 4R ) — i DL B B i
/NI FEE B B D Al B R AR I B3k o SCHRES A
SCHIR (6] 73 51 LA 35 20 2R 8 R 72 S8 K (0 B2 DR B 25
Canny 58 1 G A I J5 35 73 550 diis 5 351 00 5 58, A ke 1
e G2 K T7 3k v S 5 T 320 B e R R BBOAS A f Y )
Ao 8 5T GORMIE 52 0 A, RS 20 S 1 48 I 3 A A
AR BIF 5 4 BT O 5 20 N AR A RS A BB B, 32 R
D7 VR AE R (EL 23 ) R I R B R 2 e A B AL G
T S AT 2R BRI B I S A A RO o WP —
ol DRI 9 P9 2008 T R80T 12 6 S I TROR BB A BT R B A=
7 HA AR

T AATELR SR 2 JERA 5= 0 R 45
DU, 805 45 R LA B i 7 AT RSB, &
A8 ] E AR ORGSR S 0 o3 B R R A
i B 45 2B O T IR R G, AT 55 B, EL TR V6 PR IE AR 8L 73
FIROR o LT % A T B0 BORE RS T T R H

EfficientNet

$£59% F 18H1/2022 £ 9 B/ EXBFFHE

L[l R S N B Rl B o A TTES FIUN R i 8 o QI (IE
B S B MR fE S 9T . D4R K, B A R-CNNY |
Fast R-CNN""" | Faster R-CNN"" | Mask R-CNN"*/ |
SSD YOLO" AR5 TR BE 2% > 1 H bR G B3 1 %
LR TSN 8 EA A R SRS R vy ol [P B e e S RP
TEFRERCR AT AN A 220 240 N TR S
TH RV TAE TP BUS TR ROR

% LR B K A AR Y R R g e T
B o DA A R X, AR SO 20 T R ) R A
S £ B bR AR I ) B, I 36 F EfficientDet " ki T —
T £ AR oty 1 38 ol PRI 8 A ) B v, T R T AR
T AT T o MR £ S ARG I &5 SR vl s e 2R 8 /) E st
B, DL AR o 1 2 75 R R B R R bR L SE G
S RIUE T IriR Ak el AT S Akt
2 THT ] £ o i - I B A ) s s T

(ERVS
2.1 BEERERERE

2 SR L Hp O i G DR B SR e e i A
VR A BE 2 B EfficientDet-DO [ £ f51 78 3JE 17 2% 00 1
DU o At T s~ 701 T 280 22 % 4 A A LS D0 HE 51 i
E LS 0 A 5] B, 7F EfficientDet S5l |, AR 4 3% +
Tl G v 2008 B e P 18 FH K-means 71 5 HE R 285
IR A 5 40 A UG JE 1Y) A AHE 4 B8 L, 5 AR B 3 A L
il 74 1 451 2K pRER, ff i 0 ORISR TR R B S 2R
TR AR RIS TR AR AR A I R i 32 T B R I (7 [ A
Fr R AR A E 1 s .

BiFPN layers

non-maximum
suppression

1 FT ik EfficientDet A% 28 3 i 1 8 £ 145 28 85 A6 0 37 72
Fig. 1 Core detection process of harness terminal microscopic image based on improved EfficientDet model
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Fig. 3 Examples of data augmentation for microscopic images of wire harness terminals. (a) Original photo; (b) flip horizontal; (c) flip

vertical; (d) saturation enhancement; (e) hue enhancement; (f) intensity enhancement; (g) salt and pepper noise; (h) Gaussian noise
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Table 1  Number of images in the harness terminal microscopic
image dataset
Dataset Original Data augmentation ~ Core of cable
Train 385 2582 77696
Test 96 96 3074
Total 481 2678 80770
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Table 2 Performance comparison of single-stage target detection model on beam terminal micro image dataset

Detection framework Backbone Loss type mAP /% Elapsed /s Speed /(frame-s ')
YOLOv3 DarkNet-53 CrossEntropy +MSE 90. 2 1.73 55.61
RetinaNet ResNet-50-FPN FocallLoss+L1Loss 89.8 2.75 34.90
NAS-FPN ResNet-50-NAS-FPN FocallLoss+1.1Loss 89.5 4.14 23.20

EfficientDet-DO EfficientNet-BO-BiF PN FocallLoss+1.1Loss 90.7 1.57 61.14
Improved EfficientDet-DO EfficientNet-BO-BiFPN GHM-C+GHM-R 96.2 1.64 58.23
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