W4T & BT W H 31 b % # Vol. 47, No. 7
2021 &£ 7 H ACTA AUTOMATICA SINICA July, 2021

ETREF IR T84 Birtaill 577 =R 770E
BROCH bt ERR e BRI R

W OE WMo Ty IR EALAE T AR L PR RS I A5 Ak o R R I E . AR SO S A
F IR I 7 R ) U A R — AN 43 2R R RS, R A Faster RCNN (Region convolutional neural network) 55 YOLOv3
JTESEIL T M W T A I HER 328 . O I R RORE e . SIS R I CE, PR ELE I HERT % (Mean average
precision, mAP) 73 liEE] 97.05 %+ 99.22 %. UMbk, TATE S AR HFRHERIK 58510, FIA K-means 554 Faster RCNN
F1 YOLOv3 ) Anchor boxes 34T T ik ¥ it, MHERI R D4 T 1.16 %+ 0.1 %, FFHE HEF T K H by Asr I ) i 2% 45 )
YOLOvV3-BigObject , ££ 3 = HERG 2R A IR] I, A0 0 55K 1] v R0 B T) DR 4 9 oA B ARG I 8] () — 2 R X AR e o
) FEL B AR EAT AT, 45 21 T IR U5 i s 38 45 41

KEEIR S, IRAEES, TR, HERRI, Faster RCNN

IR BRSO, ATREN, S0, MR, S5 22 I AR T oo 28 2F H AR I S 7 R A0 7 vk, B b2k, 2021,
47(7): 1701-1709

DOI 10.16383/j.aas.c190037

Detecting Object and Direction for Polar Electronic

Components via Deep Learning
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Abstract The category, direction identification and positioning of polar electronic components play an important role
in the industrial production, welding and inspection. In this paper, we first successfully transform the original problem
of directional identification of polar electronic components into a classification problem. Then, the Faster RCNN (region
convolutional neural network) and YOLOv3 methods are used to realize the correct classification, direction identification
and accurate positioning of the polar electronic components. The experiments validate the effectiveness of our proposed
method and the mAP (mean average precision) of the two proposed algorithms can reach 97.05 %, 99.22 %. In addition,
we improve the anchor boxes of the Faster RCNN and YOLOv3 by K-means algorithm through the length and width
distributions of the target frames of the datasets, the accuracy can be improved by 1.16 %, 0.1 %. We also propose the
YOLOv3-BigObject network structure for the large target detection, while improving the accuracy, the cost time for
detecting a single picture is also greatly reduced. Finally, the board with the electronic components is chosen to test and
good experimental results are obtained.
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Fig.1 Traditional and deep learning image classification
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Table 1  The dataset 1 contains the number of images and targets of targets in each category
“RERS Jit 1 (L) Jil 2 (A7) Jit 3 (F) Jit 4 () J537
1 2775 (2934) 3129 (3300) 2739 (2899) 3 264 (3460) 9793 (12593)
T2 2833 (2970) 3123 (3315) 2813 (2946) 3180 (3369) 9800 (12600)
w3 2840 (2993) 3090 (3309) 2827 (2977) 3108 (3321) 9800 (12600)
it 7032 (8897) 7570 (9924) 6975 (8822) 7676 (10150) 14000 (37793)
®2 BRAE 2 WA SR T BE A H AR SR
Table 2 The dataset 2 contains the number of images and targets of targets in each category
TARE RS Jil 1 (k) Jil) 2 (47) Ji) 3 (°F) Jil) 4 (2) M
M1 1 278 (1365) 1349 (1448) 1322 (1461) 1329 (1441) 4949 (5714)
2 1 282 (1380) 1380 (1467) 1307 (1400) 1344 (1430) 4970 (5677)

Bl 2155 (2745) 2 289 (2915)

2 214 (2861) 2673 (2871) 5691 (11391)
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Fig.4 Direction recognition change to classification
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Fig.9 The Internal network parameter setting
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Table 3  Experimental result of dataset 1
Backbone Anchor boxes Anchor boxes SIlZ-4E 1T ToU mAP (%) WARTHE (s)
Faster RCNN VGG-16 9 0.7037 93.77 -
Faster RCNN VGG-16 6 0.8577 94.95 -
Faster RCNN ResNet101 9 0.7037 97.05 -
Faster RCNN ResNet101 6 0.8577 97.36 -
YOLOv3 Darknet-53 9 0.5728 99.22 -
YOLOv3 Darknet-53 3 0.7362 99.31 0.0217
YOLOv3-BigObject - 3 0.7362 99.44 0.0118
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Table 4 Experimental result of datasets 1 and 2
Backbone Anchor boxes Anchor boxes 5INZEER T ToU mAP (%) MRS (s)

Faster RCNN ResNet101 9 0.6294 97.28 -
Faster RCNN ResNet101 6 0.8000 97.53 -
FPN ResNet101 9+ - 98.70 —

SSD ResNet101 9+ - 76.25 -
YOLOv3 Darknet-53 9 0.4476 99.26 -

YOLOv3-BigObject - 3 0.6645 99.20 0.0118
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Fig.13 Video experimental result
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