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Abstract The occurrence of apple leaf diseases has a significant impact on apple quality and yield. Disease monitoring is
therefore an important measure to ensure the healthy development of the apple industry. Based on the ResNet structure, a
lightweight disease recognition model based on multiscale feature fusion is proposed. First, the feature fusion mechanism
is used to extract and fuse the high-dimensional and low-dimensional features of the network, strengthen the transmission
of semantic information between convolution layers, and enhance the ability to distinguish subtle lesions. Next, multi-
scale depth separable convolution is added to extract disease features of different scales by using multi-scale convolution
kernel structure, which improves the richness of features and restricts the parameters of the model. Finally, a dataset
containing five kinds of apple leaf diseases is used to verify the effectiveness of the proposed method. The experimental
results show that the recognition accuracy of the model is 98.05% , and that the number and calculation of the model
network are only 4.02 MB and 0.92 GB, respectively. Compared with other models, it also has advantages, and can
provide a new scheme for the accurate identification of diseases and pests in agricultural automation.
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(b) multiscale depthwise separable convolution
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Tabel 1 Dataset distribution

Diseases category of . Validation

apple leaf Training set cet Test set

Mosaic 2918 978 978

Brown_spot 3379 1138 1138

Rust 3497 1098 1098

Grey _spot 2886 995 995

Alternaria_boltch 3210 1066 1066

Total 15827 5275 5275

3.2 ELBHRBEEMIER

S PR 0 I A0 R 2 B AR B A RE A B A AT
R G2 BRE Ty, e R YO0 AL Tk O BE LB I T R
(SGD) , By 1kt B S5y & f A0 e, 4L A R/ B2k 128,
B S BT 2 ) FACHE 08 R B8 0. 001, fi
R AU BB S 100, 45 R R A2 SOOI 461 2K ok B0 53
PURAE o A AR B e A IR B 5 ik 7E I 2 ok A vh
BN 25— Epoch, i FH 56 3k 5 I 38— YA 5, IO
A7 56 E S R b M RE B A B BB, IR 58 B K T RE B
A A I AT R A ASE TR R I X AR 4G T 25 2R

K2 SLRIBIE R

Tabel 2 Experimental environment configuration

Operating system Ubuntu 18. 0
GPU NVIDIA Tesla V100
Deep learning framework Pytorch-GPU-1.7.1
Programing language Python 3. 8. 2

GPU Acceleration library CUDA10.2, CUDNNS. 0
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Tabel 3 Output dimension number comparison experiment
unit: %

. Recognition accuracy of
Diseases

the test set in dataset

at [ appl
category of apple Map  Map  Map Map

leaf ResNetld )y () (16)  (32)
Mosaic 99.54 99.69 99.90 99.59 99.39
Brown _spot 99. 32 99.12 99.21 99.82 99.91
Rust 94.63 95.99 97.12 96.22 95.57

Grey _spot 93.47 95.49 96.39 95.20 95.04
Alternaria_boltch 96. 34 94.95 94.93 93.84 94.82
Arc 96. 66 97.04 97.51 96.93 96.95
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Tabel 4 Test results of different combinations of improvement strategies

units: %

Recognition accuracy of the Validation set in dataset

Diseases category

Mu-ds (3X3,5X

Mu-ds (3X3,7X  Mu-ds (5X5,7X  Mu-ds (3X3,5X

of apple leaf Map(8) 5)+ Map (8) 7)+ Map (8) ) Map (8)  5,7X7)+Map (8)
Mosaic 99. 90 99. 69 99. 80 99. 89 99. 29
Brown _spot 99.21 99.91 99. 38 99.21 99.55
Rust 97.12 97. 36 94.77 97. 27 94.59
Grey _spot 96. 39 96. 00 95. 80 96. 61 95.79
Alternaria_boltch 94.93 93. 60 96.63 97.35 97.84
Arc 97.51 97.31 97.25 98. 05 97.41
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AlexNet™ | VGG16™"  ResNet50, Inception_ V4™ K 4 &
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Tabel 5 Comparison of recognition results of different algorithms

Model Test set accuracy /% Parameters /MB Floating Point Operations /GB
ResNet18 96. 66 11.18 1.83
ResNet50 96.45 23.52 4.12
AlexNet 95.13 14.6 0.31
VGG16 95.88 72.34 15.44
Inception_V4 97.21 41.15 6.15
MobileNet_V2 96.07 2.23 0.32
Propose Model 98.05 4.02 0.92
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Fig. 7 Variation curve of model recognition accuracy and loss value. (a) Validation set accuracy; (b) validation set loss value
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