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Abstract

The storage age of dried tangerine peel (Citrus reticulata peel) is significantly positively correlated
with its quality characteristics and market value. However, traditional methods for identifying the
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age of dried tangerine peel mainly rely on expert judgment or chemical analysis, which are subjec-
tive, complex, time-consuming, and labor-intensive. To address these limitations, this paper pro-
poses an intelligent method for identifying the age of dried tangerine peel based on the lightweight
deep learning framework MobileNetV3. A dataset of tangerine peel images with varying storage
ages was constructed, and regional cropping was used to standardize the original image samples,
generating standardized images with a resolution of 224 x 224 pixels and a black background. Dur-
ing the data preprocessing and augmentation phase, strategies such as pixel value normalization
and random rotation were applied to enhance the model’s generalization ability and robustness.
The experimental section compares seven classic and lightweight convolutional neural network
models, including MobileNetV3, ResNet, DenseNet, FasterNet, AlexNet, VGG16, and EfficientFormerV2.
The results show that MobileNetV3-large achieves a classification accuracy of 86.96% and a preci-
sion of 87.55%, with a single image inference time of only 5.36 milliseconds, while having only 16.3
MB of model parameters. Its overall performance significantly outperforms the other models. In
conclusion, this paper presents a simpler and more accurate method for identifying the age of dried
tangerine peel, providing efficient and reliable technical support for deployment on edge compu-
ting devices.
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Figure 1. Example of image cropping effects
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Table 1. Evaluation metrics results of different models

1. SREATTNIERE R BURE

BRLE Bkl (loss) gfffgg HERE (%) RS TEE) F145C%) BB K/NMB)

AlexNet 0.7439 15.12 79.79 80.02 78.68 78.87 233

VGG 0.7679 13.47 82.05 82.86 82.48 82.24 527.8
ResNet 0.4597 10.16 85.60 85.68 86.07 85.83 162
DenseNet 0.5149 13.55 79.79 79.78 80.59 79.87 28.5
MobileNetV3 0.4532 5.36 86.96 87.55 87.16 87.28 16.3
EfficientFormerV2 0.3950 10.60 87.61 86.97 87.81 87.23 13.5
FasterNet 0.3896 9.03 87.22 87.31 87.74 87.32 114
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MobileNetV3-Large 7E7r SV RE . HERERR SHAV R S0 7 T SLHL T FetEPA

HAAKA, MobileNetV3-Large SEHL T 86.96%[FITHEMHR . 87.16% 114 %5 87.28%1] F1 4341, 1E
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