LV K224 2023,45(6) http://xuebao.jxau.edu.cn g ]
Acta Agriculturae Universitatis Jiangxiensis DOI:10.13836/j.jjau.2023139  Eienrs

XG5, 22, e, 2 BT 20k ResNet 18 BRI U 5 00 JEA 58 [0 ] VLG AN R 72741, 2023, 45(6) : 1517~
1527.

LIU F J,LI Y,WU L,et al.Identification and classification of flax drought stress based on improved ResNet18[J]. Acta agriculturae
universitatis Jiangxiensis,2023,45(6):1517-1527.

LT Wik ResNet18 11 8] bk 15 B3 361 12531
2
5 R
AEELE AR R EWE
(1.HR gl R (5 BRAR AR, HAR 22N 7300702, 22538 R M5 Bt ik 221 730070)

FEE [ H A ] S BUAE R 3 0ot 198 PR T 2 Fh 300 S W A Dl A GE L8 27 T T e 2 TR 501 0 IS o o SR A 3l
1 [m) 81, 5t —Fh 3 T BCHE ResNet18 A KT 52 Wt 43 FER B0k o [ 5 2 T SEPE 4% HR s i AR v 3
(CBAM )4, 5 Ak X1 26 X6F Fpat R AE A 4 BURE 7 5 LU A 2 5% 2 e s AR v J2 B80S BRI 4 BB 3 320, 52
B A B A B HEA T T — AR AE 5 505 K ReLU BT PR B0 e 1 LeakyRe LU #47 PR %K, 38 6 HH B 2650 T
PG, RIS A TG TR EE TR 3K A B St R SEAS R T R AR B RR I B EUR B
PEARFE 30143 N AAE SRR , I PSR 3958 14 J TR B8 IR AR 1) Z2 Bk o [ 45 28 300 ResNet 18 A2 5324 i
B 515 98.67% , AH H T ResNet1 8 FIl VGG 16 43 HE =1 6.14 F14.87 T 43 5, AR FF s S50/ MYk 42.80 MB,
PR PG A R ] R 17.50 ms. [ 4538 3% SCRE T X6 bR 52 e EL A 5 4 14 43 20O | B S SC Bk A X1k
& LARR e U A SRR . AT RR S MU 7 A S R A R AR S

FKEIR WU 0 ; BRI s ResNet 185 1ER 77 > s IR 7 )
HE 535 :5565.9 XERFRERD: A Frrg Rl (FIEAR S ) #RIRAS (OSID) :
X B HRE:1000-2286(2023)06-1517-11

Identification and Classification of Flax Drought Stress
Based on Improved ResNet18

LIU Fangjun',LI Yue'", WU Ling®, WU Lili'

(1. College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070,
China;2.Network Information Center, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: [ Objective | In order to realize the real-time monitoring of flax drought stress on the mobile
terminal, and solve the problem of low accuracy and slow speed of traditional machine learning methods in
recognizing and classifying, this study proposes a classification and recognition method of flax drought stress
based on improved ResNet18.[ Method ] Firstly, the Convolutional Block Attention (CBAM ) module is added to

the network to strengthen the network’ s ability to extract features ; secondly, the connection order of the batch
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standard layer, activation function, and convolutional block in the residual block is adjusted to achieve the
normalization operation of the input sample data; and lastly, the RelLU activation function is replaced by the
LeakyReLU activation function to avoid the phenomenon of neural death.The experiment was divided into three
water stress treatments, namely, coercionless, mild coercion and severe coercion, and the images of flax leaves
with different drought degrees were collected in batches, the data samples were divided into the training set and
the test set based on the proportion of 3: 1, and the method of data enhancement was used to increase the
diversity of the samples. [Result] The test results show that the classification accuracy of the improved
ResNet18 model is as high as 98.67%, which is 6.14 and 4.87 percentage points higher than that of ResNet18
and VGG16, respectively, while the required parameter size of the model is only 42.80 MB, and the inference
time for a single image is 17.50 ms. [ Conclusion | The model of this study has a better classification and
recognition effect on flax drought stress. It can realize the real-time requirements of flax drought stress
recognition on embedded devices, thus providing technical support for the research of flax drought monitoring,
mechanized production and so on.
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Tab.l1 Leaf characteristics of leaf images under three different stresses
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Tab.2 Comparison of evaluation criteria of different models

TR HEB5/% K 1% B W1/% F AH/% ) /ms  HEASR/INMMB
Classification model Accuracy Precision Recall F ~score Time Model size
VGG16 93.80 92.67 93.00 92.83 17.88 51221
ResNet18 92.53 92.67 92.67 92.67 17.06 42.68
ResNet18-CBAM 97.07 97.00 97.00 97.00 17.56 42.81
ResNet18-J4 #4544 95.20 95.00 95.33 95.16 17.13 82.07
ResNet18-LeakyRelLU 94.13 94.33 94.33 94.33 16.31 82.08
ABFSE The study 98.67 98.67 98.67 98.67 17.50 42.80
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Tab.3 Comparison of precision,recall and F,—score of different models

255 s KB 1% B/ % FAE/%
Category Model Precision Recall F,—score
Tehia VGG16 95.00 97.00 95.99
Coercionless ResNet18 94.00 97.00 94.98
ResNet18-CBAM 96.00 98.00 96.99
ResNet18-J#4£ 25 1) 96.00 97.00 96.50
ResNet18-LeakyReLU 95.00 98.00 96.48
E N 99.00 97.00 97.99
TREEME VGG16 90.00 93.00 91.48
Mild coercion ResNet18 91.00 93.00 91.99
ResNet18-CBAM 97.00 97.00 97.00
ResNet 18— 44 25 1) 94.00 95.00 94.50
ResNet18-LeakyReLU 94.00 93.00 93.50
AR 97.00 100.00 98.48
WA VGG16 93.00 89.00 90.96
Severe coercion ResNet18 93.00 88.00 90.43
ResNet18-CBAM 98.00 96.00 96.99
ResNet18- 444 454 95.00 94.00 94.50
ResNet18-LeakyReLU 94.00 92.00 92.99

EN T 100.00 99.00 99.50
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Fig.10  Comparison of classification accuracy of different models
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