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Wheat Spikes Detection Method Based on Pyramidal Network of
Attention Mechanism

ZHANG Quanbing HU Shanshan SHU Wencan CHENG Hong
( National Engineering Research Center for Agro-Ecological Big Data Analysis and Application ,
Anhui University, Hefei 230601, China)

Abstract; With the aim to predict the wheat yield accurately, an improved wheat spikes detection method
based on feature pyramid network was proposed. In order to solve the problem of misdiagnosis or omission
in the detection results, channel attention mechanism and spatial attention mechanism were introduced
into the coding and decoding regions of the original feature extraction network, which increased the
extraction of spatial information and semantic information on the wheat spikes and effectively improved the
detection performance of the network for obscured wheat spikes. At the same time, a weighted-region
proposal network was designed to improve the input of the original region proposal network, in which
several low-resolution feature maps with strong semantic information characteristics were fused together on
channel levels. After a series of full connection layers and activation functions, the fused feature map was
converted to probability of the corresponding channels, which were used to weight the underlying high-
resolution feature maps to enhance useful information channels. Thus, a more accurately detection frame
was generated for smaller spikes which were difficult to detect. The experimental results of the collected
wheat spikes images showed that the method could significantly improve the detection effect of the shaded
and smaller wheat spikes, where the precision of recognition, recall rate and average precision were
80.53% , 87.12% and 88.53% , respectively. Through the comparative analysis of wheat spikes
detection results in different periods on the public ACID data set, the validity of the proposed method was
further verified.
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Fig.2 Improved feature integration component
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Tab.2 Comparison of detection results of

different models %

Hom Wi e e L
Faster R — CNN 49.55 75.29 71.34
FPN — RPN 66. 38 88.03 83.29
CFPN — RPN 66. 63 88.79 85.02
SFPN — RPN 67.59 88.63 84. 20
CSFPN — RPN 67.70 90. 19 85.98
FPN — WRPN 79. 86 87.39 84. 82
CSFPN — WRPN 80.53 87.12 88.53
YOLO v4 66. 50 77.82 82.34

(a) Faster R—-CNN (c) CSFPN-RPN

(b) FPN-RPN
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Fig.6 Test results with different models
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Fig.7 P — R curves with different convolutional neural network models
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Fig.9 Wheat images with different occlusions
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Tab.3 Detection results of wheat with different

occlusions %

BRI U i Y
e e AR R AR
B H 2
FPN - RPN 69.42 89.76 85.46 64.86 84.55 82.70
CFPN — RPN 69.98 88.98 85.73 65.47 86.31 82.86
SFPN — RPN 70.27 88.75 85.62 66.42 85.26 82.79
CSFPN — RPN 73.90 89.19 86.33 67.01 83.37 82.95
FPN — WRPN 80.39 90.42 86.82 74.91 84.85 83.54
CSFPN - WRPN 82.53 91.62 90.90 75.44 85.14 84.87
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