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Fig. 1 Common diseases of pepper
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Table 1 Source of each disease training set

ok e FEl 14 B4 T H B Rt A ait

Type Training set Image flipping Adjust contrast Adjusting sharpness Adjusting saturation Total
dl 271 271 18 0 0 560
d2 560 0 0 0 0 560
d3 276 276 8 0 0 560
d4 187 187 186 0 0 560
d5 280 280 0 0 0 560
d6 112 112 112 112 112 560

T d1~d6 43 5 Fe 7R SR R FER IR ANE AT MR E R R AIELE . Note:d1-d6 represent anthracnose, viral diseases, tempera-

ture discomfort, bacterial diseases,root rot, and nutrient deficiency respectively.
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Fig. 9 Loss curves (A) and accuracy curve (B) in each classification model
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Table 2 Comparison of evaluation standards for different models

oA NIRRT KEHE/ % FEIE 574 F /% I /ms FEAIR/N/MB

Model Accuracy Precision Recall F, value Time Model size
ResNet-34 82.19 82.91 80.7 81.79 78.38 81.34
EfficientNetv2 66.75 62.67 64.72 63.68 79.35 77.86
VGG-16 90.97 91.46 92.35 91.90 118.76 512.27
MaxViT 94.50 94.57 94.82 94.69 102.14 109.32
MaxViT(DConv) 95.00 95.02 94.35 94.68 102.03 108.68
MaxViT-DF 98.10 98.48 98.06 98.27 106.89 109.66
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Table 3 Comparison of evaluation criteria for different models in different diseases %
Ji 3 Disease 17 Model 4[] 3 Recall KB Precision F{H F, value
ResNet-34 82.09 84.62 83.34
EfficientNetv2 50.75 56.67 53.55
BT VGG-16 97.01 94.20 95.58
Anthracnose MaxViT 91.04 100.00 95.31
MaxViT(DConv) 92.54 96.88 94.66
MaxViT-DF 95.92 100.00 97.71
ResNet-34 87.86 76.88 82.00
EfficientNetv2 70.00 73.68 71.79
SRR VGG-16 82.86 94.31 88.22
Viral diseases MaxViT 92.86 92.20 92.53
MaxViT(DConv) 93.57 92.25 92.91
MaxViT-DF 97.86 97.16 97.51
ResNet-34 51.43 81.82 63.16
EfficientNetv2 50.00 56.45 53.03
Pi=Ni:3y Senn
it A VGG-16 91.43 76.19 83.12
Temperature L
discomfort MaxViT 86.30 90.00 88.11
MaxViT(DConv) 87.14 87.14 87.14
MaxViT-DF 98.57 95.83 97.18
ResNet-34 97.83 81.82 89.11
EfficientNetv2 78.26 63.16 69.90
I
A fifﬁ%’ VGG-16 93.48 95.56 94.51
Bacterial
diseases MaxViT 100.00 95.83 97.87
MaxViT(DConv) 100.00 93.88 96.84
MaxViT-DF 100.00 97.87 98.92
ResNet-34 97.14 93.15 95.10
EfficientNetv2 92.86 81.25 86.67
HRIE 5 VGG-16 100.00 95.89 97.90
Root rot MaxViT 98.57 100.00 99.28
MaxViT(DConv) 100.00 100.00 100.00
MaxViT-DF 100.00 100.00 100.00
ResNet-34 67.86 79.17 73.08
EfficientNetv2 46.43 44.83 45.62
ﬁk? VGG-16 89.29 92.59 90.91
Nutrient o
deficiency MaxViT 96.43 93.10 94.74
MaxViT(DConv) 100.00 92.86 96.30
MaxViT-DF 96.43 100.00 98.18
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Fig. 10 Classification results of pepper diseases based on MaxViT-DF model
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Authentic labels

g
i

d1~d6 435 /R BIELIR R BRI IR RIS AR o ARJE R MBI 2 . d1-d6 represent anthracnose, viral diseases , temperature discom-

Authentic labels

Authentic labels

dl

d3

d4

d5

do

dl

d2

d3

d4

d5

do

dl

d2

d3

d4

d5

d6

THbRSS:
Prediction label
dl d2 d3 d4 d5 do
3.0% | 0.0% | 0.0% | 0.0% |12.0%
2.0% 19.0% | 1.0% | 0.0% | 1.0%
0.0% |14.0% 0.0% | 4.0% | 0.0%
12.0% | 4.0% | 2.0% 0.0% | 0.0%
0.0% | 5.0% | 2.0% | 0.0% 0.0%
4.0% [12.0% | 5.0% | 0.0% | 0.0%
ResNet-34
TIbRZ:
Prediction label
dl d2 d3 d4. d5 d6
1.0% | 0.0% | 3.0% | 0.0% | 2.0%
0.0% 4.0% | 0.0% | 0.0% | 2.0%
1.0% |23.0% 0.0% | 0.0% | 0.0%
2.0% | 2.0% | 0.0% 0.0% | 0.0%
0.0% | 3.0% | 1.0% | 0.0% 0.0%
0.0% 3.0% | 0.0% | 4.0% | 0.0%
VGG-16
THbRZ
Prediction label
dl d2 d3 d4. d5 do
0.0% | 1.0% | 0.0% | 0.0% | 2.0%
1.0% 6.0% | 0.0% | 0.0% | 1.0%
0.0% |13.0% 0.0% | 0.0% | 0.0%
6.0 | 0.0% | 0.0% 0.0% | 0.0%
0.0% | 0.0% | 0.0% | 0.0% 0.0%
0.0% 0.0% | 0.0% | 0.0% | 0.0%

MaxViT ( DConv )

fort, bacterial diseases, root rot, and nutrient deficiency respectively.
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ds
do

THbRZS
Prediction label
dl d2 d3 d4 d5 do
5.0% | 5.0% [10.0% | 3.0% |20.0%
8.0% 16.0% | 1.0% | 0.0% | 1.0%
3.0% |36.0% 0.0% | 5.0% | 0.0%
12.0% | 18.0% | 5.0% 0.0% | 2.0%
5.0% | 6.0% | 5.0% | 1.0% 2.0%
34.0% 7.0% |14.0% | 0.0% | 0.0% | 5107
EfficientNetv2
TR
Prediction label
dl d2 d3 d4 d5 d6
0.0% | 0.0% | 0.0% | 0.0% | 0.0%
1.0% 5.0% | 0.0% | 1.0% | 1.0%
2.0% |12.0% 0.0% | 0.0% | 0.0%
4.0% | 0.0% | 0.0% 0.0% | 0.0%
0.0% | 0.0% | 0.0% | 0.0% 0.0%
3.0% 3.0% | 1.0% | 0.0% | 0.0%
MaxViT
THIbR:
Prediction label
dl d2 d3 d4 d5 do
0.0% | 0.0% | 0.0% | 0.0% | 0.0%
1.0% 1.0% | 0.0% | 0.0% | 1.0%
0.0% | 4.0% 0.0% | 0.0% | 0.0%
2.0% | 0.0% | 0.0% 0.0% | 0.0%
0.0% | 0.0% | 0.0% | 0.0% 0.0%
0.0% 0.0% | 0.0% | 0.0% | 0.0%
MaxViT-DF

Fig. 11 Confusion matrix of classification results of each model
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A method for identifying and classifying pepper
diseases based on improved MaxViT

LI Xixing, CHEN Jiahao, WU Rui, YANG Rui

College of Mechanical Engineering/ Key Laboratory of Modern Manufacturing
Quality Engineering , Hubei Untversity of Technology, Wuhan 430068, China

Abstract A method suitable for identifying and classifying pepper diseases was designed to achieve
precise recognition and classification of pepper diseases in complex environments including background clut-
ter or interference.Six common diseases in the growth process of peppers were used to expand the dataset
with data augmentation methods.An improved MaxViT-DF model was proposed based on MaxViT.The or-
dinary convolution in the MaxViT model was replaced with deformable convolution to enable the model to
extract features closer to the recognition target in complex environments.A feature fusion module was intro-
duced when applying attention to the MaxViT model to improve the model’s global perception ability. The
results showed that the improved MaxViT-DF model had an identification and classification accuracy of
98.10%, and the classification accuracy for six common pepper diseases was higher than 95%. The im-
proved model had significant advantages in convergence speed and classification accuracy compared with
models including ResNet-34, EfficientNetv2, and VGG-16.1t is indicated that the MaxViT-DF model can
effectively identify and classify common diseases in different types of peppers.

Keywords MaxViT-DF; classification of pepper disease; deformable convolution; feature fusion;

deep learning
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