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Abstract: [Objective] The traditional image recognition method relies on manual design features, is time-

consuming and labor-intensive, has large number of network model parameter and has low recognition accuracy
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rate. The goal was to solve these problems in traditional method for identifying citrus fruit infected with
Huanglongbing. [Method] Firstly, we collected the images of citrus fruit with Huanglongbing, and performed
data enhancement modes such as flip, rotation, affine, and Gaussian disturbance. Further, we used the Mixup
algorithm to establish a linear relationship between samples to enhance the robustness of the model for
identifying data samples. Then, we transfered the prior knowledge on the ImageNet data set of Xception
network, and proposed a citrus Huanglongbing fruit recognition model of X-ResNeXt model based on Mixup
algorithm and convolutional neural network. Finally, the momentum gradient descent optimization method was
used to reduce the impact of shocks and effectively accelerate the convergence of the model to the local
optimum. [Result] The accuracy rate of the X-ResNeXt model trained on the data set after data enhancement
was 91.38%. After optimization with transfer learning, the training time reduced by 432 s, and the accuracy rate
of the model increased to 91.97%. Combined with the enhancement of Mixup mixed data for further training, the
accuracy rate of the model improved to 93.74%. Finally, the momentum gradient descent method was used to
optimize the model convergence, and the final model accuracy rate reached 94.29%, which was 3.98% and
1.51% higher than Inception-V3 and Xception networks, respectively. [Conclusion] In the case of a small
amount of data, reducing the complexity of the model and transfering existing prior knowledge will help to
improve the performance of the model. The Mixup mixed data enhancement method is beneficial to improve the
adaptability of the model to identify image samples of citrus fruit with Huanglongbing and improve model
performance. The X-ResNeXt model is superior to the classic recognition model in terms of accuracy rate and

recall rate, and can provide references for the high-precision, rapid and non-destructive identification of citrus

Huanglongbing.
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Table 1 Effects of Mixup mixed data enhancement on model performance

17K /N Model batchsize yl HERAZ /% Accuracy rate 7 [F1%/% Recall rate F148%5 F1 index
32x2 1.0 91.97 90.76 0.914
32x2 0.8 92.17 91.25 0.917
32x2 0.4 93.74 92.58 0.932
32x2 0.2 93.31 92.17 0.927
32x2 0 91.88 90.79 0.913
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Table 2 Comparison test of model optimization methods based on gradient descent

RATTE B HERI /% TRZY% F148¥5

Optimization method Momentum Accuracy rate Recall rate F1 index
B AL BE R 92 Stochastic gradient descent (SGD) 93.53 92.42 0.930
LA T B&E Momentum gradient descent (MGD) 0 93.53 92.42 0.930
0.5 93.74 92.58 0.932
0.9 94.29 93.69 0.939
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