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Abstract

Accurate cultivar identification of commercial dried goji berries is essential for raw material
sorting, batch consistency assessment, and quality control during processing and distribu-
tion. Conventional approaches based on manual judgment or physicochemical analysis
are often subjective, labor-intensive, time-consuming, and costly, making them unsuitable
for rapid commercial sorting and quality inspection. To develop a rapid, low-cost, and
nondestructive method for dried goji berry cultivar identification, this study proposes a
visual recognition framework that integrates RGB imaging with lightweight deep learning.
A dataset comprising 25,899 RGB images from five cultivars of commercial dried goji berry
samples, namely Ningqi No. 7, Linqi No. 5, Ningqi No. 1, Keqi 6082, and Jingqi No. 1,
was constructed. Given the pronounced surface shrinkage, complex texture, and subtle
inter-cultivar appearance differences of dried goji berries, an image quality enhancement
method was designed to strengthen the representation of color gradation, textural details,
and edge information. For model development, CoAtNet was selected as the baseline
network and redesigned for lightweight deployment. By integrating an improved feature
extraction module and an information-preserving downsampling module, the proposed
LSH-CoAtNet model enhances fine-grained feature representation while reducing com-
putational cost. On the quality-enhanced image dataset, the proposed method achieved
an accuracy of 98.80%, a precision of 98.81%, a recall of 98.80%, and an F1-score of 98.80%.
The model contained only 6.41 M parameters and required 1.60 GFLOPs, outperforming
the baseline model in both classification performance and computational efficiency. Ab-
lation experiments and five-fold cross-validation further confirmed the effectiveness of
the image quality enhancement strategy, the contribution of each improved module, and
the stability of the model. Overall, the proposed method, which combines RGB image
quality enhancement with LSH-CoAtNet, provides a low-cost, nondestructive, and efficient
technical solution for rapid cultivar identification, raw material sorting, batch consistency
assessment, and quality control of commercial dried goji berries during processing and dis-
tribution. It may also serve as a reference for intelligent classification and quality inspection
of other specialty dried horticultural products.

Keywords: dried goji berries; cultivar identification; processed horticultural products; RGB
imaging; lightweight deep learning; nondestructive detection
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1. Introduction
Goji berry (Lycium barbarum L.) is an important specialty horticultural crop in China

with substantial edible, medicinal, and economic value. Rich in bioactive compounds
such as polysaccharides, carotenoids, flavonoids, and phenolic compounds, it has attracted
considerable attention in functional foods, products used as both food and medicine, and
specialty agricultural products [1,2]. In production and distribution, goji berries are usually
processed, stored, and sold as dried commodities. Different cultivars vary in nutritional
quality, bioactive composition, aroma characteristics, and commercial-use traits; moreover,
drying affects the color, phenotypic traits, and chemical quality of dried goji berries [3–5].
Therefore, rapid, accurate, low-cost, and nondestructive cultivar identification methods are
increasingly needed for commercial inspection and quality control.

At present, cultivar identification and quality evaluation of commercial dried goji
berries are still commonly performed using empirical manual judgment and conventional
physicochemical analysis. For cultivar identification, manual assessment is usually based
on visible traits such as fruit color, size, shape, surface shrinkage, and sensory characteristics.
However, this process is easily affected by operator experience, subjective judgment, and
environmental conditions, resulting in limited repeatability and consistency [6]. In fruit
quality evaluation, physicochemical analytical methods can provide relatively reliable
information on nutritional and bioactive components, but they generally require sample
pretreatment, specialized instruments, trained personnel, and relatively long analysis
time [7]. These limitations restrict their application in rapid, standardized, and large-
scale inspection during raw material acceptance, sorting, processing, batch evaluation,
and distribution supervision. Therefore, a rapid, nondestructive, and low-cost visual
identification method is needed to support standardized cultivar identification and quality
control of commercial dried goji berries.

In recent years, near-infrared spectroscopy, hyperspectral imaging, and multimodal
detection technologies have been applied to geographical traceability, component analysis,
quality evaluation, and classification of goji berry and related Lycium products, achieving
favorable performance [8–12]. These methods can characterize differences in chemical
composition, spectral response, and spatial information, and therefore provide effective
tools for origin identification, quality assessment, and product classification. However,
despite their high analytical accuracy, these methods generally depend on expensive spe-
cialized equipment, strict acquisition conditions, and complex preprocessing and modeling
procedures. These requirements may limit their low-cost deployment and rapid adoption in
small- and medium-sized processing enterprises, storage and sorting facilities, and market
distribution scenarios. By contrast, RGB imaging combined with machine vision has the
advantages of low equipment cost, convenient image acquisition, high detection efficiency,
and straightforward system integration, and has been widely explored in agricultural
product recognition, quality inspection, and intelligent sorting [13]. RGB image-based
visual recognition therefore provides a practical and cost-effective pathway for rapid and
nondestructive cultivar identification of commercial dried goji berries.

However, several research gaps remain. First, although RGB imaging and deep
learning have been widely used in agricultural product recognition, their application
to cultivar identification of commercial dried goji berries remains limited. After drying,
cultivar-related visual differences become subtle and are mainly reflected in color gradation,
shrinkage morphology, surface wrinkle texture, contour characteristics, and local bright-
ness patterns. This indicates that dried goji berry cultivar identification has characteristics
of a fine-grained visual recognition task rather than a simple appearance classification
problem [14,15]. Second, existing general image preprocessing and enhancement methods
are not necessarily designed for the visual characteristics of dried goji berries. Drying-
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induced shrinkage, uneven color distribution, and complex surface texture may weaken
cultivar-related visual cues, indicating the need for a task-oriented image quality enhance-
ment method that emphasizes color gradation, wrinkle texture, and edge information.
Previous studies on colorfulness measurement and local adaptive contrast enhancement
have shown that color distribution and local contrast information can be quantitatively
characterized and enhanced while preserving visual appearance [16,17]. Third, many deep
learning models can achieve high classification accuracy, but their computational cost may
limit deployment on sorting equipment, mobile terminals, or edge computing platforms.
Therefore, it remains necessary to develop a lightweight model that can balance recognition
accuracy, parameter size, computational complexity, and potential edge-device deployment
feasibility [18–22].

Based on the above research gaps, this study investigated whether cultivar-specific
visual differences in commercial dried goji berries could be better represented by enhancing
color gradation, wrinkle texture, and contour information in RGB images, and whether
a lightweight CoAtNet-based model could achieve accurate cultivar identification with
reduced computational cost. Specifically, this study aimed to: (1) construct an RGB image
dataset of five representative commercial dried goji berry cultivars, including Ningqi
No. 7, Linqi No. 5, Ningqi No. 1, Keqi 6082, and Jingqi No. 1; (2) develop an image
quality enhancement method to improve the representation of color, texture, and edge
features; (3) design a lightweight LSH-CoAtNet model by introducing an improved feature
extraction module and an information-preserving downsampling module; and (4) evaluate
the proposed method in terms of classification performance, model compactness, cross-
validation stability, and computational efficiency. This study aims to provide a feasible
RGB image-based method for rapid, low-cost, and nondestructive cultivar identification
of commercial dried goji berries and to offer a reference for intelligent classification and
quality control of dried horticultural products.

2. Materials and Methods
2.1. Dataset Construction and Preprocessing
2.1.1. Image Acquisition and Dataset Construction

The dataset used in this study consisted of dried goji berry samples from five cultivars,
namely Ningqi No. 7, Linqi No. 5, Ningqi No. 1, Keqi 6082, and Jingqi No. 1. To reduce
the interference of irrelevant background factors while increasing the diversity of imaging
conditions, all images were captured in a controlled indoor environment with a fixed
shooting distance, a uniform background, and variable illumination settings. The uniform
background and fixed shooting distance were used to reduce variations caused by imaging
geometry and background interference, whereas the variable illumination settings were
used to enrich the brightness and color appearance of the samples in the dataset. This image
acquisition protocol was intended to help the model learn cultivar-related discriminative
visual features under diverse but controllable imaging conditions.

To construct a single-berry image dataset suitable for subsequent cultivar classification,
a three-stage image processing workflow was designed based on the original group images,
as shown in Figure 1. The first stage involved image acquisition and preprocessing, includ-
ing original image input, grayscale conversion, and Gaussian denoising, to reduce noise
interference and improve the stability of subsequent segmentation. The second stage in-
volved edge extraction, contour analysis, and target screening. Otsu thresholding [23] with
morphological optimization, Canny edge detection [24] with edge enhancement, and con-
tour extraction were sequentially used to locate candidate target regions, while non-target
regions were removed according to area and shape constraints. The third stage involved
target segmentation and output. Target masks were constructed based on the screening
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results to extract individual goji berries, and each target was cropped using its bounding
rectangle and saved independently, yielding single-berry images with a black background.

Figure 1. Workflow for extracting individual dried goji berry images from original multi-berry
images using image preprocessing, edge detection, contour filtering, mask-based segmentation, and
independent cropping.

During preprocessing, each goji berry was treated as an independent target region.
The cropped single-berry images were uniformly resized to 224 × 224 pixels and saved
as PNG files in the corresponding folders. Finally, the original samples were divided into
training, validation, and test sets at a ratio of 7:2:1.

As shown in Figure 2, five data augmentation operations were applied in this study:
vertical flipping, horizontal flipping, rotation, scaling, and translation. Transforming
the original images in this way is a practical strategy when the sample size is limited.
It increases dataset diversity and helps the model learn more robust features, thereby
improving generalization ability [25]. For deep learning models, more training samples
provide more learning opportunities and can improve both accuracy and stability. Details
of the dataset are shown in Table 1.
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Figure 2. Representative examples of data augmentation operations applied to dried goji berry
images, including horizontal flipping, vertical flipping, rotation, scaling, and translation.

Table 1. Distribution of images for the five dried goji berry cultivars, including the total number of
images and the numbers in the training, validation, and test sets.

Cultivar Number of Images Training Validation Test

Ningqi No. 7 5346 3742 1069 535
Linqi No. 5 5178 3624 1035 519

Ningqi No. 1 5340 3737 1068 535
Keqi 6082 5211 3647 1042 522

Jingqi No. 1 4824 3376 964 484
Total 25,899 18,126 5178 2595

2.1.2. Image Quality Enhancement Method

Given the high similarity among cultivars in this dataset and the complexity of the
illumination environment, an image quality enhancement method was introduced to extract
more informative visual cues. The procedure used in this study is described below:

(1) Color space conversion: Images were first loaded with OpenCV and converted
from the default BGR space to RGB to standardize the color channels for subsequent
processing. The RGB images were then transformed into Lab space, in which the L channel
represents luminance, the a channel represents the red-green component, and the b channel
represents the yellow-blue component. By decoupling luminance from chromaticity, this
step provides the basis for targeted enhancement of the a and b channels while reducing
interference from luminance variation [26].

(2) Adaptive chromaticity enhancement based on wavelet transform: For the a and b
channels in Lab space, wavelet transform was used to perform fine-grained enhancement in
the frequency domain. First, a two-dimensional discrete wavelet transform (DWT) with the
Haar basis was applied separately to the a and b channels, decomposing each channel into
a low-frequency sub-band that captures smooth-region information and high-frequency
sub-bands that retain edge and detail information. Second, Canny edge detection was
applied to the low-frequency sub-bands, and Gaussian blurring was used to generate an
edge-strength map describing the spatial distribution of edges. Gain factors were then
computed adaptively according to edge strength. Specifically, low gain was assigned to
strong-edge regions to avoid edge blurring, whereas higher gain was assigned to smoother
regions to enhance subtle chromatic detail. This design preserves the boundary features
of goji berries while strengthening discriminative fine details [27]. The gain factor was
calculated as follows:

gain = 1.0 + 0.5 × (1 − edge_strength) (1)
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where, for regions with high edge strength (i.e., edge_strength close to 1), 1 − edge_strength
approaches 0 and the gain factor approaches 1.0, meaning that only limited enhancement
is applied to the high-frequency sub-bands. This helps prevent blur or artifacts caused
by over-enhancement near edges. For smoother regions with low edge strength (i.e.,
edge strength close to 0), 1 − edge_strength approaches 1 and the gain factor approaches
1.5, meaning that stronger enhancement is applied to the high-frequency sub-bands to
emphasize subtle chromatic variations and fine details.

(3) Learning-based color fine-tuning using a 3D-LUT: To further enhance color gradation
while preserving the natural appearance of goji berry images, a three-dimensional lookup
table (3D-LUT) was introduced for nonlinear color mapping. First, a 17 × 17 × 17 color grid
covering the RGB space in the range [0,1] was constructed. For each sampling point in the grid,
the color was converted to HSV space, the saturation channel (S) was randomly perturbed
within −10% to +30%, and the result was converted back to RGB to generate a dynamic LUT
that simulates subtle color variation under real acquisition conditions. Second, after the image
was transformed from Lab back to RGB, the enhanced image was normalized to [0,1] and
mapped to the LUT grid according to pixel values, enabling nonlinear color fine-tuning. This
data-driven mapping increases color gradation while maintaining the overall visual tone of
the image [28].

(4) No-reference colorfulness control: To avoid oversaturation caused by excessive
enhancement, the Hasler and Suesstrunk colorfulness metric was used for quantitative eval-
uation and correction. The image was decomposed into RGB channels and the colorfulness
value was calculated [16]. The corresponding formula is as follows:

C =
√

σ2
RG + σ2

YB + 0.3
√

µ2
RG + µ2

YB (2)

RG = R − G (3)

YB = 0.5 × (R + G)− B (4)

where RG denotes the red-green component, YB denotes the yellow-blue component, µ
denotes the mean value, and σ denotes the standard deviation. The colorfulness metric
proposed by Hasler and Suesstrunk was used as a no-reference quantitative measure of
the overall perceived colorfulness of enhanced images [16]. In this study, the colorfulness
threshold was set to 100 as a conservative upper bound to avoid excessive saturation
while reducing distortion of the original color appearance of dried goji berries. If the
calculated colorfulness value C exceeded this threshold, the image was converted to
HSV space, and the saturation channel (S) was proportionally reduced by a factor of
max_colorfulness/C until the colorfulness value satisfied the threshold requirement. This
operation was used to maintain visual naturalness and reduce the risk of unrealistically
saturated colors after enhancement.

(5) Local contrast post-processing: To further emphasize surface contours and wrinkle
details, local contrast stretching was applied to the enhanced image in RGB space. First, the
local mean and local standard deviation were calculated separately for each channel [29].
The local mean was computed as follows:

µ(x, y) =
1
Z ∑

(i,j)∈Ω(xy)

G(i − x, j − y;σ) · I(i, j) (5)

G(∆x, ∆y;σ) =
1

2πσ2 exp
(
−∆x2 + ∆y2

2σ2

)
(6)
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Z = ∑
(i,j)∈Ω(xy)

G(i − x, j − y;σ) (7)

where ∆x = i − x, ∆y = j − y denote the coordinate offsets of neighboring pixels relative
to the central pixel (x, y), ensuring that the Gaussian kernel is symmetrically distributed
around the center. Z denotes the sum of all Gaussian weights within the neighborhood and
is used to eliminate the influence of the total weight on the mean value. The formula for
local standard deviation is as follows:

σlocal(x, y) =

√√√√ 1
Z ∑

(i,j)∈Ω(xy)

G(i − x, j − y;σ) · [I(i, j)− µ(x, y)]2 + ϵ (8)

where [I(i, j)− µ(x, y)]2 represents the squared deviation of a neighboring pixel from the
local mean and reflects the degree to which the pixel departs from the local intensity trend.
The Gaussian kernel G(·) was used to weight the squared deviations, so that pixels closer
to the center contributed more strongly to the calculation of the local standard deviation.
In this way, the local standard deviation could better characterize local variation around
the central pixel. The parameter ϵ = 10−8 is a small constant introduced to avoid a zero
standard deviation when pixel values within the local neighborhood are identical, thereby
preventing numerical instability in the subsequent gain calculation. The normalization
factor (Z) was identical to that used for the local mean so that the weighting scheme
remained consistent.

Next, the local gain factor was calculated by combining the global standard deviation
with the local standard deviation. Previous studies on local adaptive contrast enhancement
have shown that local gain functions based on variance or standard deviation can enhance
local image details, but excessively large gain values may amplify noise or introduce
artifacts in low-variation regions [17,29,30]. Therefore, the gain factor (g) was constrained
to the range of 0.1–5.0 in this study. The lower bound of 0.1 was used to avoid excessive
suppression of local contrast, whereas the upper bound of 5.0 was used to prevent over-
enhancement and noise amplification in regions with very small local standard deviation.
This bounded gain strategy was adopted to improve local texture and contour visibility
while maintaining image stability. The gain factor was calculated as follows:

g = σglobal/σlocal (9)

σglobal =

√√√√ 1
H × W

H

∑
x=1

W

∑
y=1

[
I(x, y)− µglobal

]2
(10)

µglobal =
1

H × W

H

∑
x=1

W

∑
y=1

I(x, y) (11)

where H and W denote the image height and width. Finally, local contrast enhancement
was performed according to Iout = µlocal + (Iin − µlocal) · g, after which outlier handling
and value clipping were applied to obtain the final enhanced image.

Through the above procedure, this study established a complete image quality en-
hancement method that balances stronger color and detail representation with visual
fidelity, and the entire dataset was processed accordingly.

2.2. Proposed Framework: LSH-CoAtNet

To address the subtle inter-cultivar differences in appearance, the similarity in tex-
ture and color, and the demand for computational efficiency in practical deployment, an
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improved lightweight image classification framework was constructed on the basis of
CoAtNet. The overall architecture is shown in Figure 3.

Figure 3. Overall architecture of the proposed LSH-CoAtNet model, including convolutional stages,
HWD ADown and ShuffleMBConv modules, Transformer stages, and the final classifier head for
dried goji berry cultivar identification.

In this study, CoAtNet was used as the baseline backbone and selectively redesigned
within its hierarchical architecture [31]. The hybrid modeling advantage of convolution
and attention in CoAtNet was retained, while lightweight attention, an enhanced low-level
feature-extraction module, and an information-preserving downsampling module were
introduced to better capture subtle inter-cultivar differences under lightweight constraints.
Compared with the baseline CoAtNet, the final model improved accuracy on the quality-
enhanced dataset from 94.83% to 98.80%.

As shown in the architecture, the proposed improvements can be summarized in
three aspects:

(1) Lightweight reconstruction.
To reduce model complexity and improve deployment efficiency, the Transformer

component and overall network depth of the baseline CoAtNet were redesigned. Specif-
ically, the original Softmax-based self-attention was replaced with LinearAttention, the
relative position bias parameters were removed, and both the number of attention heads
and the per-head dimension were reduced to lower the computational and memory cost of
attention. At the network level, the stacking depth was pruned by reducing num_blocks
from [2, 2, 3, 5, 2] to [2, 2, 2, 3, 1], thereby removing redundant computation. This redesign
preserves the hybrid modeling strengths of CoAtNet while providing a lighter backbone
for efficient feature extraction and practical deployment.

(2) ShuffleMBConv.
Compared with the original MBConv, ShuffleMBConv first splits the input channels

into two branches. One branch uses a lightweight transformation to preserve and transmit
basic features, whereas the other passes through an MBConv-based main branch for deeper
local modeling. The two branches are then concatenated and channel-shuffled to enable
cross-branch information exchange. This design retains the local representation capability
and channel-attention advantages of MBConv while reducing the proportion of channels
that must pass through the full MBConv path, thereby lowering both computational
complexity and parameter cost. In addition, the dual-branch structure and channel shuffle
improve feature diversity and fusion efficiency, making the module better suited to high-
resolution stages in lightweight networks.

(3) HWD ADown.
Conventional downsampling often reduces resolution at the expense of texture detail.

In this study, HWD ADown was used to replace the downsampling operations in stages S1
and S2 of the backbone so that critical texture and contour information could be preserved
while spatial dimensions were reduced. This is particularly important for fine-grained goji
berry cultivar identification, where inter-class differences are subtle.
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By combining these three improvements, the proposed model achieved 98.80% accu-
racy on the quality-enhanced dataset while reducing the parameter count and computa-
tional cost to 6.41 M and 1.60 GFLOPs, respectively, compared with 16.99 M parameters
and 3.35 GFLOPs for the baseline CoAtNet. These results indicate a favorable balance
between recognition performance and deployment efficiency.

2.3. Lightweight Reconstruction

To reduce model complexity and improve deployment efficiency, the Transformer
component and overall network depth were redesigned for lightweight deployment while
retaining the hybrid modeling framework of CoAtNet [32,33]. The original CoAtNet
uses a Softmax-based multi-head self-attention mechanism [34] and deep hierarchical
stacking to enhance feature modeling capability [31], but these designs also introduce
high parameter counts and computational overhead [35]. Considering the strong demand
for model efficiency in processing, sorting, and distribution inspection of commercial
dried goji berries, the baseline model was compressed from two aspects, namely attention
computation and network depth, to balance classification performance with computational
cost [32,33,36].

2.3.1. Linearized Attention Mechanism

The Transformer module of the original CoAtNet adopts a Softmax-based self-attention
mechanism and introduces a relative positional bias table to enhance spatial relationship
modeling [37]. However, Softmax-based self-attention requires explicit computation of
pairwise similarities between Query and Key on high-resolution feature maps, and its
time and storage costs increase rapidly with the number of tokens, thereby increasing
deployment cost. Therefore, LinearAttention [38] was used in this study to replace the
original attention structure. In addition, parameters related to relative positional bias were
removed to further reduce the parameter count and simplify attention computation. As
shown in Figure 4, in the present implementation, LinearAttention first generates Query,
Key, and Value through linear layers, then uses ReLU as the feature-mapping function to
nonlinearly map Query and Key, and replaces Softmax normalization with linear weighted
computation. This avoids explicit construction of a full attention matrix and reduces the
complexity of the attention module [35,38]. With reference to the single-head dimension
setting in the Transformer block of the original CoAtNet, the number of attention heads
and the dimension of each head were further reduced to heads = 4 and dim_head = 16,
respectively, to decrease the parameters and computation of the attention branch [31].
Experimental results showed that this modification improved inference efficiency while
maintaining classification performance, making it more suitable for cultivar identification
of commercial dried goji berries in resource-constrained scenarios.

2.3.2. Network Depth Reduction

In addition to the attention module, the hierarchical depth of the baseline network
was pruned to reduce redundant computation caused by repeated stacking [32,39]. As
shown in Figure 5, the num_blocks configuration of the original CoAtNet-0 is [2, 2, 3, 5, 2],
whereas it was reduced to [2, 2, 2, 3, 1] in this study to decrease overall model complexity
while keeping the number of channels in each stage unchanged. The core idea of this
design is that, for fine-grained visual recognition tasks such as cultivar identification
of commercial dried goji berries, shallow and middle-level texture, color, and contour
details play important roles [40]. Although excessively deep network stacking can enhance
representation capability, it also introduces additional computational burden. Therefore,
this study sought a better balance between accuracy and efficiency by reducing the number
of deep modules [32,33,39].
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Figure 4. Comparison between the original Softmax-based self-attention in the baseline CoAtNet
and the ReLU-based LinearAttention module in the proposed model. (a) Original Softmax-based
attention; (b) LinearAttention with ReLU feature mapping.

Figure 5. Stage-wise depth configuration of CoAtNet and the proposed LSH-CoAtNet. The number of
repeated blocks in stages S0–S4 was reduced from [2, 2, 3, 5, 2] in the original CoAtNet to [2, 2, 2, 3, 1]
in LSH-CoAtNet.

2.4. ShuffleMBConv

The improvement of CoAtNet aimed to further reduce computational complexity
while maintaining classification accuracy. To this end, this study proposed a ShuffleM-
BConv module, which integrates the channel split and channel shuffle mechanism of
ShuffleNet [41] with the MBConv-style lightweight convolutional block used in CoAt-
Net. This design is intended to enhance local feature representation and cross-channel
information interaction while keeping the computational cost low.

The structure of the ShuffleMBConv module used in this study is shown in Figure 6.
Specifically, for an input feature map with a spatial size of H × W, the feature channels are
first evenly split into two branches along the channel dimension. The first branch adopts a
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lightweight pointwise transformation consisting of 1 × 1 convolution, batch normalization,
and GELU activation, which provides low-cost feature transformation while preserving
part of the original information flow. The second branch uses an MBConv-style residual
transformation to strengthen local feature extraction. In this branch, a 1 × 1 convolution is
first used for channel projection, followed by batch normalization and GELU activation. A
3 × 3 depthwise convolution is then applied to capture local spatial information, followed
by another batch normalization and GELU activation. Subsequently, an SE module is
introduced to recalibrate channel-wise feature responses. Finally, a 1 × 1 convolution and
batch normalization are used to restore the channel representation, and the transformed
feature is added to the branch input to form a residual connection.

Figure 6. Structure of the proposed ShuffleMBConv module, including channel split, lightweight branch
transformation, MBConv-based residual feature extraction, channel concatenation, and channel shuffle.

After the two branches are processed, their outputs are concatenated along the channel
dimension. Channel shuffle is then applied to promote information exchange between
the two branches and reduce the information isolation caused by fixed channel splitting.
Through this design, ShuffleMBConv maintains the spatial resolution of the feature map
while improving local representation capability and channel interaction efficiency with
relatively low computational overhead.
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https://doi.org/10.3390/horticulturae12070781


Horticulturae 2026, 12, 781 12 of 28

2.5. HWD ADown

Conventional downsampling methods change feature map size by controlling con-
volution kernel size and stride. However, images with complex features require more
convolution kernels, which reduces efficiency and substantially increases the number
of parameters and computational cost [41]. To reduce the spatial dimension of feature
maps while preserving key discriminative information, the HWD ADown module was
used in this study to replace the downsampling operations in the S1 and S2 layers of the
original model.

As shown in Figure 7, the HWD ADown module consists of two parallel branches
and a feature fusion layer. The input feature map first undergoes average pooling with
a stride of 2 to preliminarily compress the spatial dimension and smooth noise, thereby
accommodating slight texture fluctuations in goji berry images. The processed feature map
is then divided into two parts along the channel dimension. One branch is processed by the
HWD submodule, which applies a one-level Haar wavelet transform to the input feature
map to obtain one low-frequency component reflecting the overall contour information of
goji berries and three high-frequency components corresponding to detail information in the
horizontal, vertical, and diagonal directions. The four components are then concatenated
along the channel dimension, and depthwise separable convolution is used to compress the
number of channels to the target dimension, achieving feature dimensionality reduction
and fusion [27]. The other branch first uses max pooling with a stride of 2 to further
compress the spatial dimension and retain locally salient features, and then uses depthwise
separable convolution to adjust the number of channels to the target dimension, ensuring
consistency with the output dimension of the HWD branch. Finally, the outputs of the two
branches are fused through channel concatenation to complete the downsampling process.

Figure 7. Structure of the proposed HWD ADown module, consisting of an HWD branch with one-
level 2D discrete wavelet transform and a pooling branch with max pooling, followed by depthwise
separable convolution and feature concatenation.
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The HWD ADown module preserves key texture and edge information while reducing
image resolution. It is designed to address the subtle differences in color, texture, and contour
among commercial dried goji berry samples from five cultivars, improving the retention and
recognition of fine-grained features and thereby enhancing classification accuracy.

2.6. Experimental Design and Software Environment

The experimental design of this study consisted of four main parts. First, several
representative deep learning models were compared to evaluate their applicability to dried
goji berry cultivar identification and to select an appropriate baseline network. Second,
the effectiveness of the proposed image quality enhancement method was evaluated by
comparing the classification performance of models trained using original images and
enhanced images. Third, ablation experiments were conducted to analyze the individual
contributions of the proposed lightweight feature extraction module and the information-
preserving downsampling module. Finally, five-fold cross-validation was performed to
evaluate the stability and reliability of the proposed LSH-CoAtNet model.

The software tools used for image preprocessing, data organization, performance
evaluation, model complexity analysis, and result visualization are summarized in Table 2.

Table 2. Software tools and their corresponding versions and purposes used in this study.

Software/Tool Version Purpose

Python 3.8.18 Programming language

PyTorch 1.13.1 Model construction, training,
and testing

torchvision 0.14.1 Image transformation and
model-related utilities

CUDA 11.7 GPU-accelerated computation

OpenCV 4.8.1 Image preprocessing and image
quality enhancement

NumPy 1.24.4 Numerical calculation and array
processing

pandas 2.0.3 Dataset organization and experimental
result recording

scikit-learn 1.3.2 Calculation of accuracy, precision,
recall, and F1-score

THOP 0.1.1.post2209072238 Calculation of parameter size and
floating-point operations

Matplotlib 3.7.5 Visualization of training curves and
experimental results

OriginPro 2025b Figure preparation and result
visualization

3. Results
3.1. Experimental Setup

Models were constructed and improved using the PyTorch deep learning framework
in the Anaconda3 environment, and model training and testing were conducted on a GPU
under Windows 10. The GPU used was an NVIDIA GeForce RTX 8000.

The batch size was set to 16, the input image size was standardized to 224 × 224
pixels, the number of training epochs was set to 150, the learning rate was set to 0.00003,
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and the random seed was set to 42. The Adam optimizer and cross-entropy loss function
were used.

3.2. Evaluation Metrics

Several key evaluation metrics were selected for model assessment, namely accuracy,
precision, recall, and F1-score. Their mathematical expressions are as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(12)

Precision =
TP

TP + FP
(13)

Recall =
TP

TP + FN
(14)

F1 =
2PR

P + R
=

2TP
2TP + FP + FN

(15)

where P denotes precision, R denotes recall, TP (True Positive) denotes the number of
samples predicted by the model as the positive class whose actual labels are also positive.
TN (True Negative) denotes the number of samples predicted by the model as the negative
class whose actual labels are also negative. FP (False Positive) denotes the number of
samples predicted by the model as the positive class whose actual labels are negative. FN
(False Negative) denotes the number of samples predicted by the model as the negative
class whose actual labels are positive.

3.3. Network Model Comparison Experiments

To evaluate the suitability of the selected baseline model, eight deep learning models
widely used in image classification in recent years were selected for comparative experiments,
as shown in Figure 8. These models included CoAtNet [31], ResNet50 [42], ConvNeXt [43],
EfficientNetV2 [44], GhostNet [45], MobileNetV4 [46], RepVGG [47], and ShuffleNetV2 [19].
Among them, CoAtNet achieved the best overall performance, with accuracy, precision, recall,
and F1-score values of 94.83%, 94.87%, 94.83%, and 94.83%, respectively.

Figure 8. Overall classification performance comparison of different deep learning models on the test
set in terms of accuracy, precision, recall, and F1-score.
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To intuitively compare the class-level classification performance of different models,
normalized confusion matrices for the eight models on the test set were plotted. In a nor-
malized confusion matrix, the main diagonal elements represent the proportion of correctly
classified samples in each true class, whereas the off-diagonal elements represent the propor-
tion of samples misclassified into other classes. Therefore, higher normalized values along
the main diagonal and lower off-diagonal values indicate stronger class discrimination
ability. As shown in Figure 9, CoAtNet exhibited higher normalized values along the main
diagonal, indicating good recognition performance for the five classes of commercial dried
goji berries. In contrast, ResNet50, ConvNeXt, EfficientNetV2, GhostNet, MobileNetV4,
RepVGG, and ShuffleNetV2 showed different degrees of off-diagonal misclassification in
some classes, indicating weaker class-level discrimination than CoAtNet.

Figure 9. Normalized confusion matrices of different deep learning models on the test set. Panels
(a–h) denote CoAtNet, ResNet50, ConvNeXt, EfficientNetV2, GhostNet, MobileNetV4, RepVGG, and
ShuffleNetV2, respectively. Classes 1–5 represent Ningqi No. 7, Linqi No. 5, Ningqi No. 1, Keqi 6082,
and Jingqi No. 1, respectively.
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To further evaluate class-wise classification performance, the precision, recall, and
F1-score of each network model across the five classes were calculated, as shown in Table 3.
The results showed that CoAtNet achieved the highest values for the largest number of
class-wise metrics among the compared models.

Table 3. Class-wise precision, recall, and F1-score of different deep learning models on the test set. All
values are expressed as percentages. Bold values indicate the best result for each class and metric. Classes
1–5 correspond to Ningqi No. 7, Linqi No. 5, Ningqi No. 1, Keqi 6082, and Jingqi No. 1, respectively.

Model Metric 1 2 3 4 5

CoAtNet
Precision (%) 97.99 99.16 94.37 95.19 94.17

Recall (%) 98.53 99.16 97.01 92.95 93.45
F1-score (%) 98.26 99.15 95.67 94.05 93.81

ResNet50
Precision (%) 93.90 99.14 86.62 86.72 84.49

Recall (%) 96.14 97.05 93.01 84.99 79.77
F1-score (%) 95.00 98.08 89.70 85.84 82.06

ConvNeXt
Precision (%) 80.00 91.93 70.36 68.47 64.06

Recall (%) 80.88 91.35 73.45 71.07 58.38
F1-score (%) 80.44 91.64 71.88 69.74 61.09

EfficientNetV2
Precision (%) 99.07 98.73 89.74 89.64 92.95

Recall (%) 97.61 98.31 96.01 93.85 83.82
F1-score (%) 98.33 98.52 92.77 91.70 88.15

GhostNet
Precision (%) 74.16 86.15 65.17 62.15 63.25

Recall (%) 81.25 83.97 63.87 72.15 48.75
F1-score (%) 77.54 85.04 64.52 66.78 55.06

MobileNetV4
Precision (%) 86.89 94.09 74.61 82.28 72.98

Recall (%) 91.36 94.09 85.63 70.52 69.75
F1-score (%) 89.07 94.09 79.74 75.95 71.33

RepVGG
Precision (%) 96.72 97.24 85.82 79.26 83.09

Recall (%) 92.10 96.62 91.82 84.99 75.72
F1-score (%) 94.35 96.93 88.72 82.02 79.23

ShuffleNetV2
Precision (%) 76.58 88.74 64.41 67.31 65.17

Recall (%) 82.35 84.81 72.26 69.26 52.99
F1-score (%) 79.36 86.73 68.11 68.27 58.45

As shown in Figure 10, CoAtNet and EfficientNetV2 showed relatively high distri-
butions for precision, recall, and F1-score across the five classes. CoAtNet exhibited a
narrower distribution range than most of the compared models, indicating smaller class-
wise performance variation. In contrast, ConvNeXt, GhostNet, and ShuffleNetV2 showed
lower metric distributions and wider ranges.

As shown in Table 4, the compared models exhibited clear differences in both classifi-
cation performance and computational complexity. Lightweight models such as GhostNet
and ShuffleNetV2 had relatively low parameter sizes and GFLOPs, but their classification
performance was lower than that of CoAtNet. In contrast, CoAtNet achieved the best
overall classification performance among the compared models, but it also required a
relatively larger number of parameters and higher computational cost.
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Figure 10. Class-wise distributions of precision, recall, and F1-score for different deep learning
models on the test set. (a) Precision; (b) recall; (c) F1-score. Each boxplot summarizes the variation in
model performance across the five dried goji berry cultivars.

Table 4. Model complexity comparison of different deep learning models in terms of parameters
and GFLOPs.

Model Params (M) GFLOPs

CoAtNet 16.99 3.35
ResNet50 25.56 4.13
ConvNeXt 28.59 4.46

EfficientNetV2 20.31 25.54
GhostNet 5.18 0.16

MobileNetV4 9.71 0.91
RepVGG 7.83 1.53

ShuffleNetV2 2.28 0.15
LSH-CoAtNet 6.41 1.6
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Based on the above results, CoAtNet was selected as the baseline network for sub-
sequent model improvement. Image quality enhancement and lightweight structural
optimization were then used to improve the model’s representation capability for fine-
grained class-related features while reducing computational overhead.

3.4. Verification of the Effectiveness of the Quality Enhancement Method

To verify the effectiveness of the proposed image quality enhancement method for the
classification of commercial dried goji berries, comparative experiments were conducted
using CoAtNet as the base model on the original image dataset and the quality-enhanced
image dataset.

As shown in Figure 11, the quality-enhanced images showed clearer color gradation,
surface texture, and edge contours than the original images. To further evaluate the influ-
ence of image quality enhancement on classification performance, the overall performance
of CoAtNet on the two datasets was compared, as shown in Figure 12.

Figure 11. Visual comparison of representative dried goji berry images before and after image quality
enhancement. The upper row shows the original images, and the lower row shows the corresponding
quality-enhanced images for samples 1–6.

Figure 12. Classification performance comparison between the original dataset and the quality-
enhanced dataset in terms of accuracy, precision, recall, and F1-score.
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After image quality enhancement, the accuracy, precision, recall, and F1-score of CoAtNet
increased from 92.20%, 92.34%, 92.32%, and 92.31% to 94.83%, 94.87%, 94.83%, and 94.83%,
respectively. The corresponding improvements were 2.63, 2.53, 2.51, and 2.52%, respectively.
These results indicate that the proposed image quality enhancement method improved the
classification performance of CoAtNet on dried goji berry cultivar identification.

3.5. Results of Model Improvement
3.5.1. Ablation Study

Ablation experiments are an important means of verifying the effectiveness of each
improved module [48]. To systematically analyze the effects of lightweight reconstruction,
ShuffleMBConv, and HWD ADown on model performance and efficiency, ablation experi-
ments were performed using CoAtNet as the baseline model. Accuracy, precision, recall,
and F1-score were used as performance metrics, while parameter count and GFLOPs were
used as efficiency metrics. The experimental results are shown in Table 5.

Table 5. Ablation results of the proposed LSH-CoAtNet components in terms of classification perfor-
mance and model complexity. LR, SMB, and HAD denote lightweight reconstruction, ShuffleMBConv,
and HWD ADown, respectively. A check mark indicates that the corresponding component is included.

Base LR SMB HAD Acc (%) Prec (%) Rec (%) F1 (%) Params (M) GFLOPs
√

94.83 94.87 94.83 94.83 16.99 3.35√ √
93.67 93.69 93.67 93.66 6.41 1.68√ √
96.41 96.41 96.41 96.41 17.28 3.06√ √
97.18 97.19 97.18 97.18 17.29 3.62√ √ √
93.21 93.20 93.21 93.19 6.33 1.59√ √ √
96.99 97.01 96.99 96.99 6.34 1.57√ √ √
98.84 98.85 98.84 98.84 16.68 3.08√ √ √ √
98.80 98.81 98.80 98.80 6.41 1.60

As shown in Table 5, lightweight reconstruction substantially reduced model complexity,
although it resulted in a slight decrease in classification performance when used alone. Com-
pared with the baseline CoAtNet, the model with only lightweight reconstruction decreased
accuracy from 94.83% to 93.67%, precision from 94.87% to 93.69%, recall from 94.83% to
93.67%, and F1-score from 94.83% to 93.66%. Meanwhile, the number of parameters decreased
from 16.99 M to 6.41 M, corresponding to a reduction of approximately 62.27%, and GFLOPs
decreased from 3.35 to 1.68, corresponding to a reduction of approximately 49.85%.

When ShuffleMBConv was introduced alone, accuracy increased to 96.41%, which
was 1.58% higher than the baseline. Precision, recall, and F1-score also increased to 96.41%,
96.41%, and 96.41%, respectively. The number of parameters was 17.28 M, which was only
0.29 M higher than that of the baseline, while GFLOPs decreased from 3.35 to 3.06.

When HWD ADown was introduced alone, the model achieved higher classification
performance than the baseline. Accuracy increased to 97.18%, which was 2.35% higher
than the baseline. Precision increased to 97.19%, while recall and F1-score both increased to
97.18%. Under this configuration, the number of parameters was 17.29 M, and GFLOPs
increased from 3.35 to 3.62.

When lightweight reconstruction, ShuffleMBConv, and HWD ADown were introduced
simultaneously, the model achieved an accuracy of 98.80%, precision of 98.81%, recall of
98.80%, and F1-score of 98.80%. Compared with the baseline CoAtNet, the final model
improved accuracy by 3.97% while reducing the number of parameters from 16.99 M to
6.41 M and GFLOPs from 3.35 to 1.60. Compared with the ShuffleMBConv + HWD ADown
combination, the final model showed only a slight decrease in accuracy, from 98.84% to 98.80%,
but reduced the number of parameters from 16.68 M to 6.41 M and GFLOPs from 3.08 to 1.60.
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Overall, the ablation results show that the final LSH-CoAtNet model achieved higher
classification performance than the baseline CoAtNet while substantially reducing parame-
ter size and computational complexity.

3.5.2. Comparison Before and After Model Improvement

To evaluate the influence of model structural improvement on classification of commercial
dried goji berries, CoAtNet was used as the baseline model and compared with the proposed
LSH-CoAtNet. The comparison results are shown in Figure 13. Figure 13a presents the loss
and accuracy curves of the two models on the validation set; Figure 13b shows the confusion
matrix of LSH-CoAtNet on the test set; Figure 13c presents the precision, recall, and F1-score
of the two models across the five classes; and Figure 13d further compares the models before
and after improvement in terms of classification performance and model efficiency.

Figure 13. Performance comparison between CoAtNet and LSH-CoAtNet. (a) Validation loss and
accuracy curves; (b) normalized confusion matrix of LSH-CoAtNet on the test set; (c) class-wise
precision, recall, and F1-score comparison; (d) comparison of classification performance and model
complexity in terms of accuracy, precision, recall, F1-score, Params, and GFLOPs. Classes 1–5
represent Ningqi No. 7, Linqi No. 5, Ningqi No. 1, Keqi 6082, and Jingqi No. 1, respectively.
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As shown in Figure 13a, LSH-CoAtNet exhibited lower validation loss and higher
validation accuracy during training, with relatively smaller fluctuations in the later stage.
By contrast, the validation loss of the baseline CoAtNet fluctuated more markedly. Al-
though its accuracy generally showed an upward trend, its stability was inferior to that of
LSH-CoAtNet.

The confusion matrix in Figure 13b shows that the predictions of LSH-CoAtNet on
the test set were mainly concentrated along the main diagonal. The numbers of correctly
identified samples in the five classes were 542, 470, 498, 544, and 506, respectively, and the
total number of misclassified samples was small.

Figure 13c further shows the class-wise performance differences between CoAtNet
and LSH-CoAtNet. Compared with CoAtNet, LSH-CoAtNet achieved higher precision,
recall, and F1-score values across most classes, with smaller class-wise fluctuations. In
particular, for Classes 3, 4, and 5, where CoAtNet showed relatively lower performance, the
improvement achieved by LSH-CoAtNet was more evident. For example, the F1-scores of
LSH-CoAtNet for Classes 4 and 5 reached 98.28% and 98.06%, respectively, whereas those
of CoAtNet were 94.05% and 93.81%, respectively.

As shown in Figure 13d, LSH-CoAtNet outperformed CoAtNet in both overall classifi-
cation performance and model efficiency. Compared with the baseline model, the accuracy,
precision, recall, and F1-score of LSH-CoAtNet increased from 94.83%, 94.87%, 94.83%, and
94.83% to 98.80%, 98.81%, 98.80%, and 98.80%, corresponding to increases of 3.97, 3.94, 3.97,
and 3.97%, respectively. Meanwhile, the number of parameters decreased from 16.99 M to
6.41 M, and GFLOPs decreased from 3.35 to 1.60, representing reductions of 62.27% and
52.24%, respectively.

Overall, LSH-CoAtNet achieved higher classification performance with lower parame-
ter size and computational complexity than the baseline CoAtNet.

To conduct paired comparisons of the two models and provide statistical evidence,
McNemar’s test is performed in this paper. For each test image, the prediction outputs of
the two models are converted into binary results, i.e., correct classification or incorrect clas-
sification. A 2 × 2 contingency table is constructed based on the paired classification results
(correct or incorrect) obtained from CoAtNet and LSH-CoAtNet. The exact McNemar’s test
is adopted to examine whether the difference in classification accuracy between the two
models is statistically significant. The difference is regarded as statistically significant if the
p-value is less than 0.05.

As shown in Table 6, 37 samples incorrectly classified by CoAtNet were correctly
classified by LSH-CoAtNet, whereas only 3 samples correctly classified by CoAtNet were
incorrectly classified by LSH-CoAtNet. The exact McNemar test showed a significant differ-
ence between the two models (p = 1.95 × 10−8, p < 0.001), indicating that the improvement
achieved by LSH-CoAtNet was statistically supported.

Table 6. Paired prediction results and exact McNemar test between CoAtNet and LSH-CoAtNet on
the same test set.

Paired Prediction Result Number of Samples

Both models correctly classified 2550
CoAtNet correct, LSH-CoAtNet incorrect 3
CoAtNet incorrect, LSH-CoAtNet correct 37

Both models incorrectly classified 5
Exact McNemar test p-value 1.95 × 10−8

https://doi.org/10.3390/horticulturae12070781

https://doi.org/10.3390/horticulturae12070781


Horticulturae 2026, 12, 781 22 of 28

3.6. K-Fold Cross-Validation

To further verify the robustness, stability, and generalization ability of the proposed
model for classification of commercial dried goji berries, five-fold cross-validation was
conducted on the quality-enhanced image dataset. The data were randomly shuffled, and
the experimental results were then analyzed comprehensively. Five-fold cross-validation is
a widely used and effective validation technique. Specifically, the dataset was randomly
shuffled and divided into five mutually exclusive subsets. In each trial, one subset was
selected as the validation set and the remaining four subsets were used as the training set.
This process was repeated five times, and the results of all folds were statistically analyzed.
This method helps minimize bias caused by data partitioning and thereby improves the
reliability of model evaluation [49].

As shown in Table 7, the accuracies of the five folds were 98.82%, 99.23%, 99.21%,
99.00%, and 98.63%, respectively. The corresponding precision values were 98.82%, 99.23%,
99.20%, 98.98%, and 98.62%; recall values were 98.81%, 99.21%, 99.20%, 98.99%, and 98.60%;
and F1-scores were 98.81%, 99.22%, 99.20%, 98.98%, and 98.61%. Across the five folds,
the accuracy, precision, recall, and F1-score were 98.98%, 98.97%, 98.96%, and 98.96%,
respectively, with standard deviations of 0.26, 0.26, 0.26, and 0.26%.

Table 7. Five-fold cross-validation results of LSH-CoAtNet in terms of accuracy, precision, recall,
and F1-score.

Fold Acc (%) Prec (%) Rec (%) F1 (%)

1 98.82 98.82 98.81 98.81
2 99.23 99.23 99.21 99.22
3 99.21 99.20 99.20 99.20
4 99.00 98.98 98.99 98.98
5 98.63 98.62 98.60 98.61

The performance variation across the five folds was small. The accuracy ranged
from 98.63% to 99.23%, with a range of 0.60%. Similar variation ranges were observed for
precision, recall, and F1-score. These results indicate that LSH-CoAtNet maintained stable
classification performance across different data partitions.

3.7. Edge-Device Inference Efficiency

To further evaluate the inference efficiency of the proposed model on resource-
constrained hardware, CoAtNet and LSH-CoAtNet were tested on an NVIDIA Jetson
Orin Nano platform. The trained PyTorch models were directly transferred to the edge
device for inference testing, and no ONNX or TensorRT acceleration was used in this
experiment. All input images were resized to 224 × 224 pixels, consistent with the input
size used in the main experiments. The inference speed was evaluated using frames per
second (FPS) and average latency under batch size 1 and batch size 16. The batch size 1
setting was used to approximate single-image online inference, whereas the batch size 16
setting was used to evaluate mini-batch inference throughput. A higher FPS and a lower
latency indicate faster inference performance.

As shown in Table 8, LSH-CoAtNet achieved faster inference speed and lower latency
than the baseline CoAtNet on the Jetson Orin Nano platform. Under batch size 1, LSH-
CoAtNet achieved 50.18 FPS, which was higher than the 35.10 FPS of CoAtNet. The
corresponding average latency decreased from 28.49 ms/image to 19.93 ms/image. Under
batch size 16, LSH-CoAtNet achieved 98.31 FPS, whereas CoAtNet achieved 61.25 FPS. The
average latency decreased from 16.33 ms/image to 10.17 ms/image.
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Table 8. Inference efficiency of CoAtNet and LSH-CoAtNet on the Jetson Orin Nano platform in
terms of FPS and latency under batch sizes of 1 and 16.

Model FPS Batch = 1 Latency Batch = 1
(ms/Image) FPS Batch = 16 Latency Batch = 16

(ms/Image)

CoAtNet 35.10 28.49 61.25 16.33
LSH-CoAtNet 50.18 19.93 98.31 10.17

Compared with CoAtNet, LSH-CoAtNet increased FPS by 42.96% and reduced aver-
age latency by 30.05% under batch size 1. Under batch size 16, FPS increased by 60.51%, and
average latency decreased by 37.72%. These results indicate that the lightweight structural
design of LSH-CoAtNet improved edge-device inference efficiency compared with the
baseline CoAtNet.

3.8. Robustness Evaluation Under Perturbed Imaging Conditions

To further evaluate the robustness of the LSH-CoAtNet model, a perturbed test dataset
was constructed based on the original test set in this work. Four categories of image
perturbations were adopted for the experiment, including illumination variation, Gaussian
noise, motion blur, and partial occlusion.

As shown in Table 9, LSH-CoAtNet achieved an accuracy of 92.92% on the per-
turbed test set. The macro-averaged precision, recall, and F1-score were 93.13%, 92.96%,
and 92.89%, respectively, while the weighted precision, recall, and F1-score were 93.30%,
92.92%, and 92.96%, respectively. Although the classification performance decreased under
perturbed imaging conditions compared with the original test condition, the model still
maintained an accuracy above 90%. These results indicate that LSH-CoAtNet retained a
certain degree of robustness under simulated illumination variation, image noise, motion
blur, and partial occlusion conditions.

Table 9. Robustness performance of LSH-CoAtNet on the perturbed test set in terms of accuracy,
macro-average metrics, and weighted-average metrics.

Metric Value (%)

Acc 92.92
Macro Prec 93.13
Macro Rec 92.96
Macro F1 92.89

Weighted Prec 93.30
Weighted Rec 92.92
Weighted F1 92.96

These results indicate that LSH-CoAtNet retained a certain degree of robustness under
simulated perturbation conditions such as illumination fluctuation, image noise, motion
blur, and partial occlusion.

4. Discussion
The results of this study support the feasibility of RGB image-based cultivar identifi-

cation for commercial dried goji berries. This study investigated whether cultivar-related
visual differences in dried goji berries could be better represented by enhancing color,
texture, and contour information in RGB images, and whether a lightweight CoAtNet-
based model could achieve accurate identification while reducing computational cost. The
experimental results showed that image quality enhancement improved the classification
performance of the baseline CoAtNet, and the proposed LSH-CoAtNet further improved
recognition accuracy while substantially reducing parameter size and GFLOPs. These find-
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ings are consistent with previous studies showing that RGB machine vision has practical
value in nondestructive recognition and quality inspection of agricultural products [13].

From a visual-feature perspective, dried goji berry cultivar identification can be re-
garded as a fine-grained visual classification problem. After drying, different cultivars may
show similar overall appearance, and the discriminative information is mainly reflected in
subtle differences in color gradation, surface wrinkle texture, shrinkage morphology, local
brightness distribution, and contour characteristics. Therefore, directly using original RGB
images may not fully highlight cultivar-related visual cues. The proposed image quality
enhancement workflow, including color space conversion, wavelet enhancement, 3D-LUT
color fine-tuning, colorfulness control, and local contrast enhancement, was designed to
improve the visibility of color, texture, and edge-related information. This design is consis-
tent with the principles of fine-grained image recognition, colorfulness measurement, and
local adaptive contrast enhancement [14–17].

From the perspective of model design, the ablation results indicate that lightweight
reconstruction, ShuffleMBConv, and HWD ADown contributed differently to the final
model. Lightweight reconstruction substantially reduced parameter size and computa-
tional cost, but caused a slight decrease in accuracy when used alone. The introduction
of ShuffleMBConv and HWD ADown compensated for this performance loss and im-
proved the classification performance of the lightweight model. This suggests that, for
fine-grained cultivar identification of dried goji berries, model performance depends not
only on network depth or parameter size, but also on whether local texture, edge contour,
and color-distribution information can be effectively preserved during feature extraction
and downsampling. The McNemar test further showed that the difference in paired clas-
sification correctness between CoAtNet and LSH-CoAtNet was statistically significant,
providing statistical support for the improvement achieved by the proposed model. The
lightweight design of LSH-CoAtNet is also consistent with efficient network design prin-
ciples that emphasize the balance between recognition performance and computational
cost [18,19].

The perturbation-based robustness evaluation further showed that LSH-CoAtNet
maintained an accuracy of 92.92% under simulated non-ideal imaging conditions, including
illumination variation, Gaussian noise, motion blur, and partial occlusion. This result
suggests that the proposed model retained a certain degree of robustness to common
image disturbances. In addition, several comparison models showed relatively higher
off-diagonal values for visually similar cultivars, such as Keqi 6082 and Jingqi No. 1. This
may be related to the similarity of dried goji berry samples in red-orange color distribution,
surface wrinkle texture, shrinkage morphology, and contour appearance. In contrast, LSH-
CoAtNet substantially alleviated this class-level confusion, suggesting that the proposed
model improved the representation of local texture and contour-related features.

Compared with near-infrared spectroscopy, hyperspectral imaging, and multimodal
detection methods previously used for geographical traceability, quality evaluation, and
classification of goji berry and related Lycium products [8,11,12], the RGB image-based
method used in this study has lower equipment cost, simpler image acquisition procedures,
and better potential for integration into low-cost visual inspection systems. However, spec-
tral methods can provide richer chemical and spectral information, whereas RGB images
mainly capture external visual characteristics. Therefore, the proposed RGB-based method
should be regarded as a practical and cost-effective visual recognition approach rather
than a complete replacement for spectral or physicochemical analysis. In this sense, LSH-
CoAtNet further emphasizes the balance between fine-grained cultivar recognition and
computational efficiency, which is important for potential application in mobile terminals,
portable detection devices, and intelligent sorting systems.
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Although this study achieved promising experimental results, several limitations re-
main. First, only five commercial dried goji berry cultivars were included, and the cultivar
coverage remains limited. Future studies should include more cultivars, geographical
origins, processing batches, drying degrees, and storage conditions to improve the general-
ization ability of the model. Second, the images were acquired mainly under controlled
indoor conditions. Although the perturbation-based robustness experiment simulated
illumination variation, noise, motion blur, and partial occlusion, further validation is still
required under real sorting-line conditions, including complex backgrounds, fruit overlap,
dynamic illumination, different imaging angles, and different imaging devices. Third,
although preliminary offline edge-device inference testing was conducted on the Jetson
Orin Nano platform, the current deployment experiment was still performed under a static
image testing setting. The overall speed and stability of a real sorting system may also be
affected by image acquisition, image transfer, preprocessing, continuous sample movement,
dynamic illumination, and hardware integration. Therefore, further validation using actual
commercial sorting equipment should be conducted to evaluate real-time inference effi-
ciency and engineering adaptability under continuous sorting-line conditions. Finally, this
study was based only on RGB image information and did not incorporate near-infrared,
hyperspectral, or physicochemical indicators. Future work may explore multimodal fusion
strategies to improve the comprehensive representation of cultivar differences.

5. Conclusions
To meet the demand for rapid, low-cost, and nondestructive cultivar identification of

commercial dried goji berries, this study constructed an RGB image dataset comprising
commercial dried goji berry samples from five cultivars and systematically compared the
performance of several representative deep learning models in the fine-grained classifi-
cation of dried goji berries. The experimental results showed that CoAtNet had clear
overall advantages in recognition accuracy and feature representation capability. Therefore,
CoAtNet was used as the baseline model, and LSH-CoAtNet, a lightweight network model
suitable for cultivar identification of commercial dried goji berries, was further proposed.

To address the pronounced surface shrinkage, complex texture, subtle inter-cultivar ap-
pearance differences, and susceptibility of color and texture features to imaging conditions
in dried goji berries, an image quality enhancement method was introduced to improve
the representation of surface color gradation, textural details, and edge information. In
terms of model structure, lightweight reconstruction was used to reduce the number of
parameters and computational complexity; the ShuffleMBConv module was introduced to
enhance local feature extraction and channel information interaction; and the HWD ADown
module was adopted to preserve more texture, contour, and other fine-grained features
related to cultivar identification during downsampling. Experimental results showed that
LSH-CoAtNet achieved a classification accuracy of 98.80% on the quality-enhanced image
dataset while requiring only 6.41 M parameters and 1.60 GFLOPs, achieving a favorable
balance between recognition performance and model compactness.

In summary, the method proposed in this study, which combines RGB image enhance-
ment with LSH-CoAtNet, provides a low-cost, nondestructive, and efficient visual detection
solution for cultivar identification, raw material sorting, batch consistency assessment, and
quality control of commercial dried goji berries during processing and distribution. This
method may also provide a reference for intelligent classification, commercial sorting, and
quality inspection of other specialty dried horticultural products.
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Abbreviations
The following abbreviations are used in this manuscript:

3D-LUT Three-dimensional lookup table
CNN Convolutional neural network
CoAtNet Convolution and attention network
DWT Discrete wavelet transform
F1-score Harmonic mean of precision and recall
GFLOPs Giga floating-point operations
GPU Graphics processing unit
HSV Hue, saturation, value
HWD Haar wavelet downsampling
HWD ADown Haar wavelet downsampling adaptive downsampling
Lab CIELAB color space
LR Lightweight reconstruction

LSH-CoAtNet
Lightweight CoAtNet incorporating ShuffleMBConv and
HWD ADown modules

LUT Lookup table
MBConv Mobile inverted bottleneck convolution
RGB Red, green, and blue
ShuffleMBConv Shuffle mobile inverted bottleneck convolution
SMB ShuffleMBConv
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