
Academic Editor: Walter Neu

Received: 12 January 2026

Revised: 5 February 2026

Accepted: 24 February 2026

Published: 28 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Hyperspectral Imaging and Grading of Kiwifruit with
Hierarchical 3D Convolution Data Processing
Botao Zhang, Zhipeng Wu, Yingfang Ni, Yuwei Cai and Zhiqiang Guo *

School of Information Engineering, Wuhan University of Technology, Wuhan 430070, China
* Correspondence: guozhiqiang@whut.edu.cn

Abstract

The taste and quality of kiwifruit are key factors affecting consumers’ purchase intention
and satisfaction. As an important indicator for measuring kiwifruit quality, sugar content
is crucial for quality grading. Accurate and rapid kiwifruit grading based on sugar content
is of great significance for ensuring product quality and enhancing market competitiveness.
Traditional grading methods mostly adopt destructive sampling, which are cumbersome,
low in efficiency, and difficult to meet the needs of modern large-scale production. There-
fore, this paper proposes a kiwifruit classification method based on the Hierarchical 3D
Convolution and Attention Mechanism Network (H3DAMNet). This method performs 3D
convolution operations on multiple dimensions of hyperspectral data blocks simultane-
ously to deeply extract spatial–spectral features. It assigns weights to each channel through
the channel attention mechanism to weaken attention to irrelevant information, and in-
troduces the bottleneck self-attention mechanism to capture the positional dependence
in input features, thereby effectively modeling global information. Referring to industry
standards, kiwifruit are classified into three grades based on sugar content: first-grade
(≥14.5 ◦Brix), second-grade (13.5–14.5 ◦Brix), and third-grade (≤13.5 ◦Brix). On the test set
containing 280 kiwifruit samples, the overall accuracy (OA) of this method reaches 97.5%
and the average accuracy (AA) is 97.3%, successfully realizing the accurate classification of
kiwifruit according to sugar content and setting a reference example for the classification of
other similar fruits.

Keywords: kiwifruit sugar grading; hyperspectral data processing; hierarchical 3D
convolution; attention mechanism

1. Introduction
Kiwifruit is popular with consumers because of its high nutritional value and good

taste. With the acceleration of the pace of life and the enhancement of health awareness,
consumers have stricter requirements on the quality of kiwifruit. They not only pay
attention to taste and nutrition but also put forward higher requirements on appearance,
texture and flavor. This has prompted high-grade kiwifruit to be favored by the market.
In order to meet consumer demand, kiwifruit rating classification has become the key to
postharvest. As an important index of quality and taste, sugar content affects consumers’
purchase intention and is an important basis for fruit sorting. However, mainstream sugar
measurement methods involve physical treatment, resulting in fruit damage, waste of
resources and increased costs.

As a new generation of non-destructive testing technology, hyperspectral imaging
technology combines near-infrared spectroscopy with imaging technology to obtain spectral
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information and image information of agricultural products at the same time. By measuring
the response of materials to different wavelengths of light, spectroscopy can deeply reveal
the internal structure and properties of materials, and thus provide strong support for
quality detection. In the field of non-destructive testing of fruit quality, spectroscopic
techniques have been widely used to accurately measure key quality indicators such as
fruit sugar content [1], hardness [2] and acidity [3]. Spectroscopy technology has broad
application prospects in the field of fruit quality detection.

Many scholars have introduced the tool of deep learning to achieve end-to-end detec-
tion. Jie et al. [4] established a prediction model of citrus granulation by using the input of
the preprocessed transmission spectrum obtained by hyperspectral imaging. After adding
the batch normalization layer, the CNN obtained 100% accuracy and 97.9% accuracy in the
training set and validation set, respectively. Yazad et al. [5] collected the spectral data of the
mature and immature stages of papaya fruit based on the hyperspectral imaging system.
SSRN was used for modeling regression to evaluate the maturity of papaya fruit. Cui
et al. [6] used 3D-CNN to realize the early detection of apple Valsa canker disease based on
hyperspectral images. Hu et al. [7] combined visible/near-infrared (VNIR) and short-wave
infrared (SWIR) hyperspectral imaging (HSI), and used 1D-CNN to detect the degree of
pesticide residues on the surface of Hami melon. Pappu et al. [8] used VGG16 network
combined with machine learning to realize the detection of citrus black spot, and the overall
accuracy rate reached 93%. In addition, Li et al. [9] directly fed 3D hyperspectral patches
into a 3D-CNN to jointly learn spectral–spatial representations, providing a typical 3D
end-to-end learning paradigm for hyperspectral cubes. Zhong et al. [10] further designed
an SSRN that takes raw 3D HSI cubes as input and sequentially extracts spectral and
spatial features via residual blocks, with batch normalization improving generalization and
achieving state-of-the-art HSI classification accuracy on multiple data sets. Roy et al. [11]
proposed HybridSN, which combines 3D convolution for spectral–spatial feature learning
and 2D convolution for enhanced spatial semantic learning, demonstrating an efficient
3D–2D hybrid strategy for HSI cube analysis. For kiwifruit quality monitoring, Bu et al. [12]
used hyperspectral imaging combined with deep learning to detect hidden bruises in
kiwifruit, demonstrating the feasibility of deep models for nondestructive defect inspection.
Cong et al. [13] integrated hyperspectral imaging with a hybrid CNN/GRU-based learning
and XGBoost regression framework to nondestructively predict kiwifruit firmness and TSS
during refrigeration, indicating that deep learning can support both quality quantification
and decision-making in postharvest management. Guo et al. [14] developed a dual-branch
selective attention capsule network (DBSACaps) for early detection of kiwifruit soft rot
using hyperspectral images, highlighting that deep learning can effectively exploit hyper-
spectral cube information for postharvest disease screening. These studies have proved
that the combination of hyperspectral imaging technology and deep learning has great
potential in non-destructive testing.

Although the classification method based on convolution neural network can obtain
higher classification accuracy, it is undeniable that there are still some limitations. For
example, the convolution receptive field is small, and it is difficult to capture global features
for some networks with fewer layers. Therefore, some Transformer-based classification
networks have become new research hotspots. The Transformer structure can achieve global
feature extraction by establishing long-distance dependencies. It is this advantage that
just makes up for the shortcomings of the convolution neural network’s lack of acceptance
domain. Therefore, we propose a deep learning model based on hierarchical 3D convolution
and attention mechanism, named H3DAMNet. Experiments show that H3DAMNet has
better performance and generalization ability than other network models.
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2. Materials and Methods
2.1. Samples

The Yunhai No.1 kiwifruit used in this experiment was harvested on 15 September
2022 from Chuyang Orchard in Hubei Province, China. Fruits free from disease and insect
lesions, fresh wounds and scars, and fully bagged during growth were selected, with the
weight of each fruit ranging from 90 to 110 g. After harvesting, the fruits were air-dried
to remove field heat and then transferred to a cold storage for short-term preservation. A
total of 280 Yunhai No.1 kiwifruits were used for subsequent experiments.

2.2. Hyperspectral Imaging System and Sugar Meter

This study adopts the SNAPSCAN VNIR hyperspectral imaging system developed
by IMEC, Leuven, Belgium, Figure 1. The system consists of a hyperspectral imager,
uniform halogen lamp light sources (2 with homogenizing sheets), a standard reflectance
panel (reflectance 99%), a precision electric displacement platform (positioning accuracy
±0.01 mm), a computer and supporting professional software (IMEC Hyperspectral Studio
V4.2). The spectral acquisition range of the system is 470–900 nm, the image resolution is
set to 800 × 800 pixels, the integration time is 4.0 s, the analog gain of the imager is 2.0,
and the spectral sampling interval is 1.2 nm, ensuring high resolution and stability of the
collected data.

 
Figure 1. Hyperspectral imaging system.

After setting up the experimental environment and configuring the system parameters
appropriately, turn on the light source and imager for preheating to avoid erroneous data
collection caused by system instability. Upon completion of preheating, the first scan
the standard reflectance panel with the imager for calibration, adjust the panel to fill the
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camera’s field of view and conduct the initial calibration. Then, place the fruit directly
below the lens, and adjust its position via the real-time image on the software to ensure
the fruit is centered in the imaging area for subsequent processing. During the experiment,
the high power consumption of the halogen lamp will cause a continuous rise in ambient
temperature under prolonged illumination, which interferes with the normal operation of
the imager and may result in abnormal noise in the spectral images. Therefore, the system
must be shut down for natural cooling after 30 min of shooting, and the experiment can
be restarted only when the ambient temperature drops below 35 ◦C. After collecting each
kiwifruit sample, mark a dot on its back with a sign pen to facilitate the determination of
sampling points for the subsequent sugar content test.

In this study, the soluble solid content (SSC) of kiwifruit samples was determined
using the ATAGO PAL-α digital handheld pocket refractometer ATAGO CO., LTD., Tokyo,
Japan. This instrument features a wide measurement range of 0% to 85% for SSC with
a high accuracy of ±0.2%, ensuring the accuracy and reliability of the measured data.
It is suitable for use at a temperature of 10–40 ◦C and is equipped with an automatic
temperature compensation function, which can detect the prism temperature via a built-
in temperature sensor and perform corresponding compensation, thus eliminating the
influence of temperature variations on the measurement results.

For the SSC measurement, the prism surface was first cleaned with distilled water and
the instrument was zeroed by pressing the “ZERO” button to guarantee measurement accu-
racy. An appropriate amount of kiwifruit juice was then dropped onto the refraction prism
surface, followed by pressing the measurement button. The value displayed on the screen
after the arrow flashed three times was recorded as the measured SSC value. To further
improve data accuracy, each measurement was repeated three times at a single sampling
point, with the average value taken as the final SSC data for that point. Additionally, two
more measurement points were marked at 120◦ clockwise and 120◦ counterclockwise from
the spectral sampling point on the equatorial part of the kiwifruit. The SSC at these marked
points was measured using the same method, and the average SSC of the three points was
regarded as the overall SSC of the fruit.

2.3. Hyperspectral Image Preprocess

Hyperspectral imaging detection and quality analysis were conducted on this batch of
samples in this study, and while hyperspectral imaging technology can capture abundant
spectral information, its problem of data redundancy is particularly prominent. First, the
hyperspectral image data of a single complete kiwifruit reaches 366 megabytes, which con-
tains a large amount of blank background information irrelevant to fruit quality, resulting
in severe data redundancy; second, the complete data has both a high spatial dimension
(800 × 800 pixels) and a high spectral dimension (150 bands), which will greatly increase
the computational complexity of the model, not only leading to low model training ef-
ficiency but also easily causing overfitting; third, the light reflection angle in the edge
area of the kiwifruit has a large deviation, and the stability and reliability of the corre-
sponding data are significantly lower than those in the central area of the fruit. Therefore,
Regions of Interest (ROI) were extracted from the 800 × 800 pixel hyperspectral images of
these 280 samples: median filtering was first applied for denoising, and fruit masks were
obtained via Otsu threshold segmentation at the 871 nm band; then, the external matrix
of the fruit contour was calculated and proportionally shrunk to the central area; finally,
the images were cropped into 30 × 30 pixel hyperspectral data blocks, with a total of
20,074 data blocks obtained. It should be emphasized that the hyperspectral data blocks
from the same kiwifruit are obtained through non-overlapping slicing. After extracting
the central ROI of a single kiwifruit, we slice it into multiple 30 × 30 pixel blocks without
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spatial overlap between adjacent blocks—each block corresponds to an independent spatial
region. This approach effectively improved the data quality.

On this basis, referring to the grading requirements for soluble solids content in the [15]
2022 Kiwifruit Industry Standard, China Report Hall and combining the opinions of experts
from Huazhong Agricultural University, all data blocks were divided into three grades
according to sugar content (first-grade fruit ≥ 14.5 ◦Brix, second-grade fruit 13.5–14.5 ◦Brix,
third-grade fruit ≤ 13.5 ◦Brix). Statistical information is shown in Table 1.

Table 1. Kiwifruit data set statistical information.

Category Sugar Range (◦Brix) Train Verification Test Sum

First grade ≥14.5 4890 1630 1630 8150
Second grade 13.5–14.4 3559 1187 1187 5933
Third grade ≤13.5 3594 1198 1199 5991

2.4. H3DAMNet

To solve the problem that 2D convolution is difficult to capture the spatial and spectral
features of hyperspectral at the same time, and convolution neural networks are weak
in the modeling of sequence information, a new kiwifruit classification method based on
hierarchical 3D convolution and attention mechanism network (H3DAMNet) was designed.
Figure 2 shows the overall architecture. The network consists of four core modules: hierar-
chical spectral–spatial feature extraction module, channel attention mechanism module,
BoT module and classification module.
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Figure 2. H3DAMNet network structure.

2.4.1. Hierarchical Spectral–Spatial Feature Extraction Module

The hierarchical spatial–spectral feature extraction module is composed of 3D con-
volution layer, batch normalization layer and Mish activation function, which is used to
capture the characteristics of hyperspectral data. The introduction of skip layer connection
improves feature reusability, reduces information loss, enhances information flow between
different levels, and improves the comprehensiveness and richness of feature expression.
At the same time, skip layer connection avoids gradient disappearance and ensures stable
training and optimization of the network.
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2.4.2. Squeeze and Excitation (SE) Block

In the primary spatial–spectral features, not all dimensions significantly affect the
classification results, and there is redundant information. Therefore, the squeeze and
excitation block [16] is introduced, and the neural network is used to adaptively generate the
weight coefficient. These coefficients are weighted with primary spatial–spectral features
to enhance useful features and suppress irrelevant features. Through this mechanism, the
sensitivity of the network to key information is improved.

2.4.3. Bottleneck Transformer (BoT) Block

By introducing a multi-headed self-attention mechanism, it is possible to consider
the information of all positions in the sequence at the same time, so as to model the
context relationship more comprehensively. At the same time, the network can capture the
complex dependencies in hyperspectral sequences from a long distance, thereby improving
the accuracy of classification. The BoT block uses a Transformer encoder to replace the
3 × 3 convolution layer in ResNet [17]. The Transformer encoder contains a self-attention
layer and a fully connected layer. Through this design, the BoT block combines the
advantages of convolutional neural networks and Transformer models. It not only inherits
the efficient extraction ability of CNN for local features, but also enhances the model’s
ability to capture global information through the self-attention mechanism.

2.4.4. Classification Module

As the output of the network, the linear layer realizes the hierarchical prediction of
kiwifruit through the full connection layer and the Softmax function. This layer converts the
high-level features learned by the network into specific classification results, and completes
the prediction task of the entire network.

2.5. Loss Function

The cross-entropy loss function is used to calculate the loss value in each epoch
of training. The calculation method of the cross-entropy loss function is as follows
Equation (1), where loss(p, q) is the output loss, p(xi) is the real distribution of the sample,
and q(xi) is the predicted distribution of the sample.

loss(p, q) = −
n

∑
i=1

p(xi) log(q(xi)) (1)

2.6. Experimental Environment and Evaluation Index

This experiment was carried out on a graphics workstation equipped with Inter Xeon
CPU E5-2620v4@2.1GHz, Nvidia RTX2080Ti GPU, 64 GB memory, and 64-bit Windows10
operating system. The software environment is Pytorch 1.7.0 deep learning framework
based on Python 3.7.8. The number of rounds of model training is 150, the batch size is 16,
and the Adam optimizer is used for gradient descent.

In this study, the overall accuracy (OA), average accuracy (AA), precision (P), recall
(R) and F1 Score (F1) are used to evaluate the performance of the model, and the relevant
calculation methods are shown in Equations (2)–(6).

OA =

N
∑

i=1
xii

N
∑

i=1

N
∑

j=1
xij

(2)

AA =
1
N

N

∑
i=1

xii
Xi+

(3)
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P =
TP

TP + FP
(4)

R =
TP

TP + FN
(5)

F1 =
2 × P × R

P + R
(6)

3. Results and Discussion
3.1. Network Structure Analysis Experiment

In the H3DAMNet proposed in this paper, the spectral–spatial feature capture module
(SSFEM) and the bottleneck Transformer block (BoTBlock) are two crucial core components.
In order to find the best network structure to solve the problem of kiwifruit grading,
this section designs an architecture search experiment. In each experiment, different
combinations of module numbers are used, and each combination is trained under the
same hyperparameter setting. The prediction accuracy of each model on the test set is
recorded and used as the main index to evaluate the quality of the model. The experimental
results are shown in Table 2.

Table 2. Classification structure of different network structures.

SSEFM BoTBlock First Grade Second Grade Third Grade OA AA

2 1 0.940 0.897 0.922 0.921 0.920
2 2 0.914 0.935 0.926 0.924 0.925
2 3 0.891 0.914 0.882 0.895 0.896
3 1 0.953 0.937 0.955 0.950 0.949
3 2 0.986 0.963 0.960 0.975 0.970
3 3 0.910 0.891 0.860 0.889 0.887
4 1 0.923 0.957 0.833 0.920 0.921
4 2 0.888 0.827 0.781 0.835 0.832
4 3 0.760 0.704 0.730 0.736 0.732

From the data in the table, it can be seen that when SSFEM and BoTBlock are combined
as (3, 2), the model prediction accuracy is the highest, OA is 97.5%, AA is 97.0%, and the
precision of kiwifruit grades is the best. However, when combined with (4, 3), the accuracy
is the lowest. Due to the increase in modules, the amount of parameters increases greatly,
and the training set data is not enough to support the complexity of the model, causing
over-fitting and affecting the generalization ability of the test set. When designing the
network structure, it is not appropriate to blindly stack the modules, and it is necessary
to select the appropriate number according to the data set to construct an efficient model.
SSFEM and BoTBlock need to be reasonably matched to ensure that the model has good
performance on both training and test sets.

3.2. Analysis of the Results of Comparative Experiments

In order to evaluate the performance of the proposed H3DAMNet network, it is com-
pared with the mainstream hyperspectral classification networks, including HyBridSN [11],
SSRN [12], DBDA [18], A2S2KResNet [19], BS2T [20] and SPRN [21]. These networks have
significant performance and wide application in the field of hyperspectral image classifica-
tion, so they can provide us with a benchmark to compare and evaluate the performance of
H3DAMNet networks.

In order to ensure the accuracy of the experimental results, all neural networks are im-
plemented using the Pytorch (1.10.0) deep learning framework. The BatchSize is uniformly
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set to 16, the Adam optimizer is used to update the parameters, and the training Epoch is
fixed to 150. The prediction accuracy of each model on the test set is shown in Table 3.

Table 3. Results of different networks on the test set.

Model First Grade Second Grade Third Grade OA AA

HyBridSN [11] 0.931 0.940 0.879 0.917 0.917
SSRN [12] 0.945 0.935 0.896 0.927 0.925
DBDA [13] 0.908 0.865 0.867 0.883 0.880

A2S2KResNet [14] 0.931 0.950 0.892 0.924 0.925
BS2T [15] 0.917 0.893 0.915 0.910 0.909
SPRN [16] 0.911 0.916 0.925 0.917 0.917

H3DAMNet 0.996 0.963 0.960 0.975 0.973

It should be noted that the slight differences in H3DAMNet’s results between
Tables 2 and 3 are caused by the randomness of initial weights in deep learning train-
ing: Table 2 presents results of network structure search without saving trained weights,
while Table 3 shows results of formal comparative experiments with retrained optimal
structure under the same hyperparameters.

Table 3 demonstrates that H3DAMNet achieves the optimal performance on the test
set. Its overall accuracy (OA) reaches 0.975, representing a 4.8% improvement over the
second-ranked SSRN. For the average accuracy (AA), H3DAMNet attains 0.973, while SSRN
and A2S2KResNet follow closely with an AA of 0.925—indicating a 4.8% gap compared
to H3DAMNet. The dual-branch structured BS2T and DBDA networks exhibit slight
overfitting, attributed to the small sample size and large parameter count.

All models deliver strong performance in first-grade kiwifruit recognition, with accu-
racy exceeding 0.9. For second-grade kiwifruit prediction, all models except DBDA and
BS2T retain high accuracy. Regarding third-grade kiwifruit precision, only BS2T, SPRN,
and H3DAMNet surpass 0.9; the inferior performance of other models impacts the overall
and average accuracy.

Figure 3 displays the classification performance of different models for kiwifruit of
various grades. It should first be clarified that in the confusion matrix, rows represent
predicted labels and columns represent true labels, and the diagonal positions (where
predicted labels = true labels) correspond to correctly classified samples, which are darker
than other positions. This indicates that the trained models can complete the basic ki-
wifruit grading task, validating the effectiveness of neural networks in hyperspectral
data processing.

From the off-diagonal regions (representing classification errors), it can be observed
that the HyBridSN, DBDA, and A2S2KResNet networks perform poorly in predicting first-
grade kiwifruit, often misclassifying true third-grade kiwifruit as first-grade; in addition,
the DBDA and BS2T networks exhibit significant errors in predicting third-grade kiwifruit,
misclassifying some true first-grade and true second-grade samples as third-grade. These
misclassifications directly reduce the overall accuracy of the models. In contrast, the
proposed H3DAMNet model performs better: it has a higher proportion of diagonal
cells, not only achieving high accuracy in predicting first-grade kiwifruit but also having a
significantly lower probability of misclassifying true second-grade and third-grade kiwifruit
into other grades.

Based on the overall performance analysis of the confusion matrix, we further explored
the specific patterns of misclassification and found that for most comparative models, the
number of true first-grade fruits predicted as second-grade is roughly similar to the number
of true first-grade fruits predicted as third-grade. This phenomenon indicates that the
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spectral characteristics of first-grade fruits have a relatively high overlap with those of
second-grade and third-grade fruits, mainly due to two reasons: first, the differences in
soluble solids content (sugar content) among kiwifruit of different grades are subtle (e.g.,
only a 1 ◦Brix gap between first-grade and second-grade), leading to insignificant differ-
ences in spectral responses; second, there is weak noise interference during hyperspectral
data acquisition (such as small fluctuations in the light intensity of halogen lamps), which
further blurs the spectral differences between grades.

Figure 3. Confusion matrix.

In summary, the comparative experimental results show that H3DAMNet achieves
significantly higher overall accuracy (OA = 97.5%) and average accuracy (AA = 97.3%) on
the test set than mainstream hyperspectral classification models such as HyBridSN, SSRN,
and DBDA, demonstrating superior overall classification performance.

3.3. Classification Results of Different Grades of Kiwifruits

In order to further explore the classification effect of different network models on
fruits at all levels, the precision rate, recall rate and F1 value of each type of fruit were
calculated. Through these indicators, the classification ability of the model is evaluated
more comprehensively.

Based on the overall performance analysis of the confusion matrix and the data
in Table 4, this study further explored the specific patterns and underlying causes of
misclassification:
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Table 4. Classification results of different grades of kiwifruit.

HyBridSN
[11]

SSRN
[12]

DBDA
[13]

A2S2KResNet
[14]

BS2T
[15]

SPRN
[16]

H3DA
MNet

First
grade

P 0.929 0.928 0.893 0.932 0.927 0.959 0.947
R 0.931 0.945 0.910 0.931 0.917 0.911 0.996
F1 0.930 0.936 0.900 0.932 0.922 0.935 0.971

Second
grade

P 0.880 0.907 0.895 0.898 0.912 0.895 0.995
R 0.940 0.936 0.866 0.950 0.893 0.916 0.963
F1 0.910 0.921 0.880 0.923 0.903 0.905 0.979

Third
grade

P 0.937 0.945 0.858 0.940 0.883 0.880 0.994
R 0.879 0.896 0.867 0.892 0.915 0.925 0.960
F1 0.907 0.920 0.863 0.915 0.899 0.902 0.977

Most models exhibited high precision in classifying first-grade fruits. Among them,
the SPRN model ranked first with a precision of 0.959, followed closely by H3DAMNet
at 0.947, indicating that mainstream models possess strong capabilities in recognizing
the spectral features of high-sugar kiwifruit. However, in terms of recall, H3DAMNet
significantly outperformed other models with a score of 0.996 (the second-place SSRN only
reached 0.945), meaning H3DAMNet could identify nearly all true first-grade fruits and
avoid the loss of high-quality fruits being misclassified as low-grade. In contrast, the recall
rates of BS2T and SPRN models for first-grade fruits were less than 0.92. This is mainly
because pure Transformer models (such as BS2T) have weak ability to capture local spectral
details, while SPRN’s spectral partitioning strategy failed to fully distinguish the subtle
sugar content difference between first-grade and second-grade fruits.

As an intermediate grade, second-grade fruits have sugar content in a critical range,
and their spectral features overlap with both first-grade and third-grade fruits, making
them the most difficult grade to classify. Data shows that the recall rates of DBDA and
BS2T models for second-grade fruits were only 0.866 and 0.893, respectively, with a large
number of second-grade fruits misclassified as first or third grade. This is because DBDA’s
dual-branch attention mechanism failed to effectively fuse spatial–spectral features, and
BS2T’s bottleneck structure had insufficient generalization ability when processing critical
features. In contrast, H3DAMNet achieved a precision of 0.995 and a recall of 0.963 for
second-grade fruits, with an F1 score as high as 0.979. This benefits from the fine extraction
of critical spectral features by its hierarchical 3D convolution and the weight enhancement
of spectral bands unique to second-grade fruits by the SE module, thereby accurately
distinguishing fruits in the critical sugar content range.

Third-grade fruits have low sugar content, resulting in relatively weak spectral signal
intensity that is susceptible to noise interference. The SSRN model achieved the second-
highest precision of 0.945 through its residual block structure, and SPRN’s recall rate
reached 0.925, but the F1 scores of both models did not exceed 0.92. The precision of
DBDA and BS2T for third-grade fruits was only 0.858 and 0.883, respectively, indicating a
large number of misjudgments in the samples predicted as third-grade (e.g., misclassifying
low-quality second-grade fruits as third-grade), which would lead to the downgrading of
qualified fruits and resource waste. H3DAMNet achieved the optimal precision (0.994) and
recall (0.960) for third-grade fruits.

In summary, H3DAMNet performed best in terms of precision, recall, and F1 score for
second-grade and third-grade fruits, and also significantly outperformed other models in
the recall and F1 score for first-grade fruits. Its multi-dimensionally balanced classification
performance fully demonstrates the rationality of the integrated design of hierarchical 3D
convolution and attention mechanism. It can adapt to the differences in spectral features
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of kiwifruit with different sugar content grades, providing reliable support for accurate
grading in actual production.

4. Conclusions
This study proposes a kiwifruit sugar content grading model (H3DAMNet) based

on hierarchical 3D convolution and attention mechanism. Through the collaboration of
four core modules, it achieves synchronous extraction and efficient modeling of spatial–
spectral features. The model’s key advantages include synchronously capturing joint
spatial–spectral features to avoid information loss, fusing dual attention mechanisms to
balance local and global feature learning, and achieving both classification accuracy and
generalization ability with a moderate parameter scale. On the test set of 280 kiwifruit
samples, the model attains an overall accuracy (OA) of 97.5% and an average accuracy
(AA) of 97.3%, significantly outperforming mainstream hyperspectral classification models.
It successfully realizes accurate three-level grading, providing an effective reference for the
non-destructive grading of similar fruits. Future research will focus on expanding the data
set by collecting kiwifruit samples of different varieties and from various planting regions.
By verifying the performance of H3DAMNet on cross-variety and cross-region data, we
aim to improve the model’s generalization ability and promote its application in large-scale
kiwifruit grading production.
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