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Abstract

Fruit quality inspection is a critical component in modern agricultural production and distribution.
Cherry tomatoes, as small fruits with high nutritional value, are highly susceptible to mechanical
damage caused by vibration during transportation. Such latent damage not only compromises the
fruit’s visual quality but may also accelerate decay and spoilage, thereby affecting edible quality and
posing risks to consumer health. Traditional macroscopic inspection methods struggle to effectively
identify such latent damage and cannot provide early warnings. Therefore, this paper proposes a
latent damage detection method for cherry tomatoes based on the integration of hyperspectral mi-
croscopic imaging (HMI) and deep learning. A custom-built vibration test platform was constructed
to simulate latent damage caused by vibration during actual transportation. Subsequently, HMI data
from both undamaged and damaged cherry tomatoes were collected using the HMI system to con-
struct a dataset for training and evaluating the latent damage detection algorithm. To investigate
the feasibility of utilizing multidimensional perceptual information from HMI data for cherry to-
mato damage detection, corresponding deep learning models were developed for one-dimensional,
two-dimensional, and three-dimensional HMI data. For one-dimensional spectral data, a 1DCNN
network based on the VGG16 framework was constructed to fully extract deep features from spec-
tral data and enhance the recognition accuracy of latent damage samples. For two-dimensional im-
age data, a cherry tomato latent damage classification model based on the ResNet18 network was
developed. The base model was improved by incorporating a Feature Pyramid Network (FPN) to
enhance its perception of multi-scale structures. For HMI three-dimensional spatial data, channel
and spatial attention mechanisms were introduced into the basic 3DCNN framework to improve
complex data processing capabilities and prevent loss of deep-level key features. Experimental re-
sults show that the improved 3DCNN model (SC-3DCNN) achieves an accuracy rate of 0.98, with pre-
cision exceeding 0.98 for all categories, recall exceeding 0.96, and an F1 score exceeding 0.97, out-
performing other models. In summary, the microscopic hyperspectral-based detection model for
latent damage in cherry tomatoes accurately identifies hidden injuries during transportation, while
validating the advantages of microscopic hyperspectral 3D data in detection applications.
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Figure 1. Main research flowchart
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Figure 6. Average spectral reflectance curve of cherry tomato cells
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Table 2. Classification model results for latent damage in cherry tomatoes based on one-dimensional spectral data
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Table 3. Results of the cherry tomato latent damage classification model based on two-dimensional image data
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Figure 10. Confusion matrix of cherry tomato damage classification models based on 2D image data: (a) 2DCNN;
(b) ResNetl8; (c) F-ResNet18
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Table 4. Classification model results for hidden damage in cherry tomatoes based on HMI 3D data
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Figure 11. Confusion matrix of cherry tomato damage classification models based on HMI 3D data: (a) 3DCNN;

(b) S-3DCNN; (c) SC-3DCNN
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