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Recognition of Color-ring Resistors Based on Improved MobileNetV3

Y1 Zi-Juan, JIA Yuan
(School of Computer Science and Technology, Southwest University of Science and Technology, Mianyang 621010, China)

Abstract: To address the poor robustness, low accuracy, and slow operation of existing color-ring resistor recognition
methods, this study proposes a lightweight image recognition algorithm for color-ring resistors basecf on.the MobileNetV3
network. Firstly, data augmentation is conducted on a self-built data set to ingrease the sample size and improve the
robustness of the model. Secondly, a convolutional block attention module (CBAM) attention module is utilized in the
bottleneck structure, which can enhance the ability of the model to refine features in space and channels for accuracy
improvement. Thirdly, the classifier is optimized by removing the redundant dimension-increasing operations, which can
reduce the number of parameters while improving accuracy and thereby speed up the operation of the model. Finally, a
skip connection is embedded in\the network in response to unequal feature image sizes and channel numbers. This makes
the model able to extract more features from deep networks and improves accuracy. The experimental results show that
the model can recognize color-ring resistors quickly and accurately, with its accuracy reaching 98% on the self-built data
set. The model can provide a new technical reference for the automatic recognition of resistors.
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1 BINEEAEEH MobileNetV3 #7426 st by

Algorithm Accuracy (%) Params (M) MACs (G)
MobileNetV3 95.24 2.54 0.06
MobileNetV3+CA 93.75 2.18 0.06
MobileNetV3+SimAM 95.98 2.08 0.06
MobileNetV3+ECA 96.43 2.08 0.06
MobileNetV3+CBAM 96.88 2.59 0.09
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TR RS NAE W 45 00 BTG S 45 #4645 1
R T B 1 SimAM F CA FEEER 1 3 A\ 15 HE 7l =R
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GBI R RE. K 2 N AR AR AL T S I R A
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K2 R ETE I TEREXS EE

g /> 2 $& . MobileNetV3 C #EI7E MobileNetV3 B
BRI 1) Bl b 35 m T eSdk FR e R O e 5 4, A A5
RELRIEE T 0.14%, R W BRRE B 10 & T e 32 s B
BURIRFAE R I RE 7). 5 24 2503 J5 1) MobileNetV3 52 5!
R AR R UE R R AR TE 2.97%, BRI SR B WA R T
— & LA VRIEFERE A 5 FR.

F 4 WESH

Algorithm Accuracy (%) Params (M) MAC:s (G)
PALHT 95.24 2.54 0.06

et s 97.47 0.96 0.06

>

£3 KBRS A RERT EE (%)

8, -8 N

Algorithm ¥ @L@CHU - .ﬁnﬁ{}ﬁ
Precision Recall Precision Recall
BBBG 91.5 89.6 92.3 100.0
BBGG 86.3 91.7 95.9 97.9
BGBG 93.6 91.7 100.0 95.8
BRBG 95.7 91.7 100.0 97.9
GBBG 95.7 93.8 100.0 95.8
GBBG _ 89.6 89.6 97.9 97.9
RBBG 100.0 97.9 100.0 100.0
RBBG 96.0 100.0 98.0 100.0
RBRG 97.9 97.9 97.8 91.7
RBYG 97.9 95.8 95.8 95.8
RRBG 95.8 95.8 100.0 100.0
RRBG 97.9 97.9 93.9 95.8
YBBG 98.0 100.0 95.9 97.9
YBRG 98.0 100.0 97.9 97.9
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BITHES . AL AT AL SO BB e
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AT DA B B AL AR S TN T R S B A
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P T 1.19%, BRI SHES W T — /R0 -, KRG
AL B 53 2K 2% G A RE B 32 78 2 SR AUR, I g K
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Algorithm Accuracy (%) Params (M) MACs (G)
MobileNetV3 95.24 2.54 0.06
MobileNetV3_A 96.88 | 259 0.09
MobileNetV3 B 98.07 Y1.02 0.08
MobileNetV3 C _ 9821 = 1.03 0.09
BBBG IO 1 1 01 00100010
BBGG 0o 0 0000010000
BGBG [0 0 0 00 00O0O0GO0O 40
BRBG [0 0 0ffJ0o 0 0 0 0 0 0 0 0 0
GBBG (0 0 0 o 00000000
EGBBG_-OOOOO 000000T10 30
= RBBG [0 0 0 00 0o 000000
2 RBBG_ [0 0 0 1 0 0 oo 0 00 0 0
% RBRG [0 0 0 0000 oo o0o0o0off]2
~ RBYG [0 0 0 00 000 OO O0O0O
RRBG [0 0 0 0 0 0 000 Of¥2 0 0
RRBG_ }0 0 0 0 0 0 0 0 1 0 O 0 10
YBBG [0 0 0 0 0 0 0 1 00 0
YBRG 0 0 0 0 0 0 0000 43 NI
Qg‘%63&2@2&(‘;@‘y&%%ﬁ%%i@f&“

True labels ¢\
Bls R

M| 5 eiir B E M ! BBBG. BBGG. GBBG.
RBBG. RRBG I YBRG 3% (0 Fi 5 FEA K 4 %
TEA, 74525355 7 100%. ifi BRBG. RBRG. RRBG
M YBBG KA H 2 MERKIE# I, BN
H 95.83%. £ BBGG F7l, BR8] B m H A2 Hoth
KARZE 5% 57 BBGG, FRE#i UK, 108 90.56%.
3.6 SHBMEERITEL LI

N T BB IR A S S A B R R, K S
AlexNet. VGG16. ResNetl8. GoogLeNet. InceptionV3
Al EfficientNet-B0 %54 ML AL 147 50f HE S5, WA 45
Rk 5 pral.

T sg 4k AT PAE H, GoogLeNet 1 IncepitonV3
REAR G €20 H BEL AR IR S8 R B 22, T A% G 1 28 3 ) 4%
Ul AlexNet. VGG16_BN fil ResNet18 Z#RHS T
AR %, Hh ResNetl8 HERI R i, HESHE
AR AR R T AR SO AL R IA F) 98.21%,
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