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Fig.1 Automatic sampling and identification device for feedstuffs
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Fig.2 Schematic diagram of device working status
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Table I The impact of different attention mechanisms on model performance
BB Model HERA/ % *E?@%%/% HIE/ Y% F\/% SR TE B
Accuracy Percision Recall F, score Parameters FLOPs
ShuffleNetV2 97.75 97.68 97.50 97.51 1263 854 149.58 < 10°
ShuffleNetV2+CBAM 98.31 97.90 97.84 97.85 1305 806 150.11<10°
ShuffleNetV2+SE 98.39 98.14 98.10 98.09 1304 222 149.6210°
ShuffleNetV2+SimAM 98.13 97.52 97.50 97.46 1263 854 149.58 < 10°
ShuffleNetV2+ECA 98.69 98.65 98.64 98.61 1263918 149.58 X 10°

FTSImAM, P43 A4 285 #4150 11 RE A 250 4l 41 38 1 2 )
AR O 2R, 3l s A T 8 1 A AR 1) 2 B30 VR A
i A B TR TR B U R
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Hardswish i bR R RIZE G PR RERINTE 4T
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Table 2 The impact of different activation functions on model performance

T PREL HEw R/ % KR/ % Mm% FUY8U % SR T s
Activation function Accuracy Percision Recall Fscore Parameters FLOPs

ReLLU 97.75 97.68 97.50 97.51 1263 854 149.58 < 10°

SiLU 98.31 97.95 97.90 97.90 1263 854 158.10<10°

ReLLU6 98.27 97.76 97.54 97.55 1263 854 149.58 X 10°

Hardswish 98.45 98.35 98.30 98.30 1263 854 148.10x10°

2.3 HRASLIOHEER
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i hy Hard Swish J80T PR AR 235 F4) 8 48 o T4 10 4k
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FRTHEAY )RR TERE , T B SL I A R IR 3 PR
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Table 3 Improved ablation test results of ShuffleNetVZ mode

Hy HEIL WO PR AT ER b MR/ KR/ #ARER/ % R % ZHhE TR RB A

No. HECA HardSwish Adjustment Accuracy Percision Recall F score Parameters FLOPs
1 X X X 97.75 97.68 97.50 97.51 1263 854 149.58 X 10°
2 N X X 98.69 98.65 98.64 98.61 1263918 149.58 X 10°
3 X N X 98.45 98.35 98.30 98.30 1263 854 148.10x 10°
4 N N X 99.26 99.25 99.25 99.24 1263918 148.10x 10°
5 NG X N/ 98.15 98.20 98.15 98.15 911 826 103.91X10°
6 X N/ N 96.25 96.10 95.80 95.79 911 794 102.83 X 10°
7 / v N 99.13 99.13 99.13 99.13 911 826 102.8310°

T 2T R TE X Y B TR G 5 AR R VR 2T B, </ R 1 B R R G 5 P R IO A B . Note:

“X” means that the improvement measure is not added to the corresponding improvement model test number, and “~/” means that the im-

provement measure is added to the corresponding improvement model test number.

22 3AA, TE 45 1 B3I 4, SR
JnEE 25 HALE ECA FILE Rel.U it & HardSwish %
T BRI B BE B TR Y B TR K B, I A R

YERR A BIBE NN 0.94 F 0.7 H 40 . 7E9 5 M 4 13k
AT AW INEE IHLH ECA A RelLU £
ey HardSwish 38075 pR T, #5080 1) PR 5 850 B e %
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Fig.8 Loss values of different improved models on the training set(A) and accuracy of

different improved models on the validation set(B)

24 AEEBERERT L ST

Ry itk — 2 53 B A i 5 e itk 19 ShuffleNetV2-EH
I £ 18570 () 25 G MR R, 5 20 B R 48 ) 4% 5T R
AlexNet , VggNet16,GoogleNet ,ResNet18 LA K K Ht

1 ShuffleNetV2 #E47XF L, 78 FH [7] 19 455 75 31| 25 24
BE T T I 2, 10 sk I 2R e B R R /N (2288
AR s B, DA R DA L ) Bk e Rk
Ak G -S4 ] iR A R N 4 TR .

F4 ARRBMEEMILLINEER

Table 4 Comparative test results of different model performances

R IR 17 AW/ % F Y% SR FEss A AN/ MB PUNIRE]/ms

Model Accuracy Percision Recall F, score Parameters FLOPs Model size ~ Recognition time
AlexNet 90.86 89.29 86.55 86.13 13 630 440 312.11X10° 55.70 21
VggNetl6 94.65 93.21 93.90 93.89 134301514 155.00< 10 5270 90
Googl.eNet 95.67 95.70 95.35 95.36 5983802 159.00X 107 39.40 17
ResNet18 98.35 98.27 98.25 98.24 11 181 642 182.00x 107 42.70 24
ShuffleNetV2 97.75 97.68 97.50 97.51 1263 854 149.58 X 10° 4.99 17
ShuffleNetV2-EH 99.13 99.13 99.13 99.13 911 826 102.83 < 10° 3.58 8

¢ 4 7] 51, ShuffleNetV2-EH W 45 A& R A1 1L T
AlexNet, VggNet16,Googl.eNet Fll ResNet18 #E fiffj %

Ay B 8.27 4.48 .3.46 0. 78 T 4% s, K W K L =5
9.84.5.92,3.43.0.86 F 4 &5, A Ml K 5 12,58,
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Fig.9 Confusion matrix of feed ingredient

type identification model
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A lightweight model for identifying types of feed raw material based
on improved ShuffleNetV?2

TIAN Min, NIU Zhiyou, LLIU Meiying

College of Engineering/Ministry of Agriculture and Rural Affairs Key Laboratory of Smart Farming for
Agricultural Animals , Huazhong Agricultural University, Wuhan 430070, China

Abstract A lightweight model of ShuffleNetV2-EH with higher accuracy of identification, lower
complexity of computation, and suitable for identifying the types of feed raw material based on the light-
weight convolutional neural network model ShuffleNetV2 to achieve rapid identification of warehousing
feed raw materials and solve the difficulties in manually identifying the types of feed raw materials with simi-
lar crushing degree, color, and shape in currently processing and producing the combined feed raw materi-
als. Firstly, the efficient channel attention (ECA ) mechanism was introduced into the structure of Shuffle-
NetV2 network model, which adaptively adjusts channel weights based on input to enhance the ability of
network model to percept important features in images of feed raw materials. Secondly, RelLU was re-
placed with HardSwish activation function to improve the recognition accuracy of the model without adding
additional weights and parameters of bias. Finally, the structure of ShuffleNetV2 network model was ad-
justed to reduce the number of parameters and the complexity of computation in the model on the basis of
ensuring the recognition accuracy of model. The results showed that the recognition accuracy of Shuffle-
NetV2-EH model on image sets from 8 types of feed raw materials was 99.13% , 1.38% higher than that
of the original ShuffleNetV2 model. Its accuracy, recall, and F, score increased by 1.45%, 1.63% , and
1.62 %, respectively. The number of model parameters and floating-point operations decreased by 352 092
and 45.27X10°, compared to that of the original model. The overall performance was superior to classical
convolutional neural network models including AlexNet, VggNetl6, Googl.eNet, and ResNetl8. It is in-
dicated that the improved ShuffleNetV2 model well balances the complexity of computation and the recogni-
tion accuracy of the model, providing an algorithm foundation for online identification of feed raw materials
in the warehousing process.

Keywords feeds; type identification; lightweight model; ShuffleNetVZ; efficient channel attention
(ECA)
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