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Fine-grained Chrysanthemum Phenotype Recognition
Based on Deep Active Learning and CBAM

YUAN Peisen DING Yifei XU Huanliang
(College of Artificial Intelligence, Nanjing Agricultural University , Nanjing 210095, China)

Abstract; Chrysanthemums have a wide variety of flower types with subtle differences in flower
phenotypes, which are difficult to label accurately, and this poses a great challenge for intelligent
classification and recognition of chrysanthemums. Based on deep active learning and hybrid attention
mechanism module, i. e. convolutional block attention module (CBAM ), a method and framework for
intelligent recognition of chrysanthemum phenotypes under insufficient labeling data was proposed.
Firstly, the more informative samples among the unlabeled chrysanthemum samples were selected for
labeling by an active learning strategy based on the optimal labeling and second-optimal labeling method
BvSB (Best vs second-best), and the labeled samples were put into the training samples; secondly, a
deep convolutional neural network ResNet50 was used as the backbone network to train the labeled
samples, and the hybrid attention mechanism module CBAM was introducted, so that the model can more
accurately extract the high-level semantic information in fine-grained images; finally, the classification
model continued to be trained with the updated training samples until the model reached the number of
iterations and then stopped. The experimental results showed that the method can achieve 93.66% ,
93.15% and 93.41% of precision, recall and FI value respectively with a small number of
chrysanthemum labeled samples. The method can provide technical support for intelligent identification of
chrysanthemums and other flowers under the situation of insufficient labeling data.
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Fig.1 Chrysanthemum images
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Fig.8 Loss graph of ablation study
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Tab.7 Results of ablation experiment %
B RIES H [l F1 i
ARICT7 93.66 93.15 93. 41
ResNet50 88.12 87.25 87. 68
ResNet50 — CBAM 90. 14 90. 45 90. 29
ResNet50 — AL 91.24 90. 56 90. 89

M2 7 nl A, AR SO R R I . R il R 8 #
93.66% , M %k F] 93.15% ,F1 {Hik %] 93.41% ,
A LE T ResNet50 7EAF 1 3 . A 9] 280 F1 AH I 43 5]
P 5.54.5.9.5.73 NE 4 M. M T ResNet50 —
CBAM , 7EXE 1 % .43 1R R0 F1E b 43 0 32 & 3. 52,
2.7 3.12 N 4 s A LT ResNet50 — AL, 78 4 14
B H B FLAE 530 48 & 2.42.2.59.2.52 4>
Ao ULHIAR SO R AT HA W .
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Tab.8 Results of contrast of different networks

and methods %
A RS FENLIES F1 {8
A7 ¥ 93. 66 93.15 93. 41
GoogleNet 62.47 62.81 62. 64
SqueezeNet 82. 45 81. 89 82.17
VGG16 88. 14 87. 66 87. 89

A2 8 W] J, AL IR ARG R 3 B R A FL
{8 3 TPEH 48 b5 ARSI WAL T H B 3 R & B b
ZM 4%, M T GoogleNet, 78 SCJ7 WL FE RS 1 % . 1
A FL {4 427 31,19 .30. 34 .30.77 A F

-

(¢) VGG16

53 R A T SqueezeNet, A SCT5 25 720K ) % L 41 [l
EMFLAE e 11.21,11.26 11. 24 4~FH 4
KA T VGG16 , ARSI VA AERT i 38 A7 [ 3270 FL
{H B2 5.52.5.49.5. 52 DA 4 i o WA SOY
P R R 2 45 A A LR A R
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Fig.9 Grad — CAM diagram of four models
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