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Abstract To explore the application potential of unmanned aerial Vehicle (UAV) remote sensing images for subtropical
tree species recognition, the ECA-ResNet with residual module and effective channel attention is proposed to train and
recognize single tree crown images. First, the single tree crown was extracted by single-tree segmentation algorithm. The
single-tree crown image patch dataset of UAV visible image was constructed by means of clipping images with different
window sizes, and they were divided into training data, validating data, and independent test dataset respectively.
Second, with ResNet50 as a backbone network, by inserting effective channel attention into ResNet bottleneck and
adjusting network structure, the ECA-ResNet was constructed. Then, the datasets were inputted into pretrained ECA-
ResNet model for parameter training and validation iteratively, and independent test. After that, the optimum window size
of single-tree crown image was determined. The results show that the ECA-ResNet gets a better recognition result for tree
species in single-tree crown image patch dataset with window size of 64X 64 pixel, the accuracy of training and validation
of the proposed network reaches 98.98% and 96.60% , respectively. The recognition accuracy and Kappa coefficient of
independent test reach 85.61% and 0.8140. The training, validation, and independent test accuracy of ECA-ResNet in
this paper are 2.63 percentage points, 1.80 percentage points , and 5. 31 percentage points higher than that of the
ResNet50 respectively. It is proved that, convolutional neural network (CNN) can fully extract the spatial features of UAV
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recognition capability.
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visible images for tree species recognition, effective channel attention can effectively improve CNN” single tree species

Key words tree species recognition; residual network (ResNet); efficient channel attention (ECA); UAV visible image;

single tree crown image patch
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Table 1 Training and independent test results of the model in single-tree crown image with different patch sizes

Training data

Validation data Independent test data

Scheme Optimizer
Accuracy /%  Kappa Accuracy /%  Kappa Loss  Accuracy /%  Kappa
I(variable size) SGD 97.98 0.9638 0.0973 95.73 0.9449  0.1929 77.27 0.7056
I1(32 X 32 pixel) SGD 93.25 0.9131 0.2711 86.75 0.8293 0.4920 68. 18 0. 5966
TI1( 64 X 64 pixel) SGD 98. 98 0.9869 0.1012 96. 60 0.9595  0.1678 85.61 0. 8140
IV (96 X 96 pixel) SGD 97.98 0.9769  0.0553 95. 14 0.9388 0.1838 81.82 0.7629
V(128X 128 pixel) Adam 95.19 0.9381  0.2000 96. 15 0.9505 0.1453 79.55 0.7332
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Table 2 Confusion matrix of independent test dataset

Ground true species

Recognized species

Alnus Other broad-leaves Cunninghamia Liriodendron Pinus
Alnus 26 1 0 0 0
Other broad-leaves 0 18 4 2 2
Cunninghamia 1 38 1 1
Liriodendron 0 0 1 15 0
Pinus 2 1 0 16

PA /% 89. 66 81.82 86. 36 83.33 84.21

UA /% 96. 30 69.23 86. 36 93.75 84.21
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—

single tree species
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segmented crown

BRAZ AR BRI Sy 5 AL, — Bk R A i R
Iy R A 5 1] 4 (h) v = Bk R R Hp 7 ik 4 e R 531 O A
W R, — R R TR D A2 A5 [T 4 L) e AR e TR0
WML, X EHEBNMARKZ W2 RS
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* Pinus massoniana

s Cunninghamia lanceolata
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Fig. 4 Results of single tree crown segmentation and recognition in five test circular samples
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Table 3 Performance comparison of different models (single tree crown image clip dataset with 64 X 64 pixel)

Network Training data Validation data Independent test data
Accuracy /% Kappa Loss Accuracy /% Kappa Loss Accuracy /% Kappa
VGG16 95.38 0. 9405 0.1783 94.23 0.9258 0. 2090 75.00 0. 6804
ResNet18 94. 36 0.9251 0. 1529 93.80 0.9203 0.3176 77.27 0.7036
ResNet34 95. 84 0.9464 0.2126 93. 80 0.9201 0.2722 79.55 0.7356
ResNet50 96. 35 0.9442 0. 1505 94.80 0.9301 0.2024 80. 30 0. 7452
ResNet101 96. 69 0.9602 0.1278 94. 44 0.9284 0.2348 69.70 0.6130
ResNet152 96.41 0.9567 0.1229 94.87 0.9339 0.2264 65.91 0.5641
resnext50_32x4d 96. 77 0.9583 0. 0999 94. 44 0. 9285 0.1845 72.73 0.6501
densenet121 96.40 0.9536 0. 1544 93.16 0.9119 0.2911 73.48 0. 6557
MobileNetV2 86.41 0.8254 0.4771 88.89 0.8571 0. 3599 65.91 0. 5555
SqueezeNet 84.01 0.7939 0.5726 86.75 0. 8286 0.4139 68.94 0. 5948
ECA-ResNet 98.98 0.9869 0.1012 96. 60 0.9595 0.1678 85.61 0.8140
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Table 4 Performance comparison of CNN model before and after improvement

Scheme Operation ECA Training Validation Test accuracy FL(,)I-DS / Parameter Speed /
accuracy /% accuracy /% /% Gbit (frame-s™")
I(ResNet50) Before reduced 96. 35 94. 80 80. 30 3. 827 23518277 4.59
11 Before reduced  ~/ 96.57 94.51 83.09 3.832 23518325 4.99
III(ECA-ResNet)  After reduced N 98. 98 96. 60 85.61 3.015 19886697 5.45
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