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Extraction of Lodging Area of Wheat Varieties by Unmanned
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Abstract. In order to extract the lodging area timely and accurately, a lodging area extraction model,
namely Attention_U’~ Net, was proposed. By integrating multi-scale features and based on U~ Net,
Attention_U’~ Net employed non-local attention mechanism to replace the hole convolution with large step
size, expanded the receptive field of high-level network and improved the recognition accuracy of ground
objects with different sizes, and utilized channel attention mechanism to improve the cascade mode and
enhanced the accuracy. A multi-level joint weighted loss function was designed to balance the difficult
and easy samples, and solve the challenge of imbalance between positive and negative samples. Patch-
based pipelines were utilized to extract the lodging area. Experimental results on the self-built dataset
showed effectiveness of Attention _ U> — Net. The precision rate was 86.53% , the recall rate was
89.42% , and the F1 value was 87.95% , respectively. Compared with FastfFCN, U — Net, U*— Net,
FCN, SegNet and DeepLabv3, Attention_U’— Net achieved the highest F1 value and showed strong
robustness and extraction accuracy. Compared with the labeled area, the extracted area obtained by
Attention_U’~ Net via cropping method was the closest one, and the accuracy rate of lodging area can

reach 97.25% . Meanwhile, the false detection area of Attention_U’— Net was the smallest among all
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models. Experimental results showed that Attention_U’— Net had strong robustness and high segmentation

accuracy, which can be utilized as a valuable reference for UAV remote sensing of wheat affected area

and loss assessment.

Key words: wheat; unmanned aerial vehicle remote sensing; lodging area extraction; deep learning;
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Tab.4 Comparison of area extraction accuracy of each model of cropping method

2 FastFCN U — Net FCN SegNet DeepLabv3 U%- Net Attention_U?— Net
[ N N [ N N | N /N X NS 7 NS o /N N | o /N 2 /NI 51 /N < /E N
U T AL/ hm? 3.00 0.40 3.00 0.40 3.00 0.40 3.00 0.40 3.00 0.40 3.00 0.40 3.00 0.40
_— 8.62x 1.48x 8.56x 1.51x 8.91x 1.20x 8.63x 1.48x 873 x 1.38x 8.96x 1.15x 8.85x 1.25x
[t 108 108 108 108 108 108 108 108 108 108 108 108 108 108
2 W A7/ hm? 2.90 0.50 2.89 0.51 3.00 0.40 2.91 0.50 2.94 0. 46 3.02 0.39 2.98 0.42
HEH 1 AL/ hm® 2.86 0.36 2.83 0.34 2.92 0.32 2.85 0.35 2.89 0.36 2.95 0.34 2.94 0.37
5 T AL/ hm? 0. 04 0.14 0. 06 0.17 0.08 0.08 0. 05 0.14 0. 05 0.11 0.07 0. 05 0. 04 0. 06
P./% 94. 67 93.22 95.34 94.28 95.43 96. 62 97.25
F5 TREFFSEMNRNEREREILL
Tab.5 Comparison of area extraction accuracy of each model of down sampling method
2 FastFCN U — Net FCN SegNet DeepLabv3 U%— Net Attention_U?~— Net
) [ N 7 N [ /O /N | < 7 N < VU 7 N <7 N o /N /N | < /N 2 VNI T /N < [E VN
FRE®A/hm? 3.00  0.40  3.00 0.40 3.00 0.40 3.00 0.40 3.00 0.40 3.00 0.40  3.00 0. 40
. 8.89x 1.21x 8.99x 1.12x 9.03x 1.08x 9.08x 1.03x 8.95x 1.16 x 9.02x 1.09x 9.02x 1.08 x
it 108 108 108 108 108 108 108 108 108 108 108 108 108 108
P2 I AL/ hm? 2.99 0.41 3.03 0.38 3.04 0.36 3.06 0.35 3.01 0.39 3.04 0.37 3.04 0.36
E 4 T A/ hm? 2.89 0.30 2.88 0.26 2.92 0.28 2.92 0.26 2.92 0.31 2.93 0.30 2.92 0.28
15 K6 T B/ hm? 0.11 0.11 0.14 0.12 0.12 0.08 0.14 0.08 0.10 0.08 0.11 0.07 0.12 0.08
P /% 93. 49 92.31 93.94 93.49 94.70 94.71 93. 96
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Fig.8 Qualitative comparison of crop experimental results of down sampling method
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Fig. 9  Qualitative comparison of crop experimental results of cropping method
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