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Abstract

Soybean variety recognition supports germplasm management and intelligent agricultural
inspection, but remains challenging because varieties often show subtle inter-class differ-
ences, large intra-class imaging variation, and imbalanced samples. This study adopts
a cascaded pipeline that combines YOLO-based object localization, manual verification
and cropping, and fine-grained classification, allowing the classifier to learn from stan-
dardized cropped soybean seed images rather than original whole images. To improve
Swin Transformer for this task, we propose Swin-Diff-DCA, which introduces Dynamic
Channel Aggregation (DCA) in Stage 3 for middle-level local feature reuse and a differential
attention branch in Stage-4 window attention for deep discriminative enhancement. On
a dataset containing 25 soybean varieties and 1511 test images, Swin-Diff-DCA achieves
average results of 87.18% Accuracy, 82.33% Macro-F1, and 87.44% Weighted-F1 across
three random seeds under the current split and evaluation protocol. It outperforms Reg-
Net, ResNet-50, ViT, the Swin Transformer baseline, and single-module variants. The
results show that combining middle-level feature reuse with deep differential enhancement
improves cropped soybean variety classification, while low-sample and visually similar
classes remain the main sources of misclassification.

Keywords: soybean variety recognition; fine-grained image classification; Swin Transformer;
differential attention; Dynamic Channel Aggregation; agricultural image analysis

1. Introduction

Soybean variety recognition is an important task in germplasm resource manage-
ment, breeding material screening, and seed quality inspection. Accurate identification of
different soybean varieties can help improve the efficiency of sample archiving, variety
verification, and agricultural production supervision. Traditional recognition methods usu-
ally rely on manual experience or physicochemical testing. Although these methods have
certain reliability, they are easily limited by detection efficiency, labor cost, and subjective
judgment when the sample size is large, the number of varieties is high, or rapid detection
is required. Therefore, constructing an image-based automatic soybean variety recogni-
tion method has clear research significance and application value, consistent with recent
work on high-throughput seed phenotyping using deep learning [1]. Machine-learning-
based soybean seed and seedling quality classification has also shown the potential of

Agriculture 2026, 16, 1509

https://doi.org/10.3390/agriculture16141509


https://crossmark.crossref.org/dialog?doi=10.3390/agriculture16141509&domain=pdf&date_stamp=2026-07-12
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com
https://orcid.org/0009-0009-7206-6459
https://doi.org/10.3390/agriculture16141509

Agriculture 2026, 16, 1509

2 of 26

replacing labor-intensive manual inspection with data-driven visual assessment. Existing
soybean seed recognition studies have explored several visual and spectral analysis strate-
gies for variety identification and seed quality assessment. Hyperspectral imaging and
spectroscopy-based methods provide rich spectral information and have shown effective-
ness in distinguishing seed varieties or defects, but they usually depend on specialized
acquisition equipment and may be less convenient for low-cost image-based recognition
scenarios [2-5]. Transfer-learning, ensemble-learning, attention-based, and deep neural
network methods further demonstrate that data-driven visual features can improve soy-
bean seed classification performance compared with purely manual inspection [2-5]. These
studies provide an important basis for automatic soybean seed recognition, while the
present study focuses on fine-grained classification using ordinary RGB images after target
localization and manual cleaning, where the key challenge is to distinguish visually similar
soybean varieties from subtle color, texture, contour, and local morphological differences.

This paper adopts a two-stage process of object detection and image classification to
complete soybean variety recognition. First, a YOLO object detection model is used to locate
soybean seed regions in the original images [6], and single-seed or target soybean seed
images are cropped according to the detection boxes. Then, the cropped seed images are
fed into a deep learning classification model to identify the specific variety. Compared with
directly classifying the whole original image, this process can reduce the interference caused
by background, irrelevant regions, and target scale variation, allowing the subsequent
classification stage to focus more on discriminative features of soybean seeds, such as color,
shape, contour, texture, and local color differences.

Even after YOLOv11 detection [7] and target cropping, soybean variety classification
still has obvious fine-grained recognition difficulty. Different soybean varieties are highly
similar in overall appearance, and inter-class differences are often concentrated in local
texture, seed coat color, contour details, and subtle morphological changes. At the same
time, images within the same variety may also be affected by shooting angle, lighting
conditions, seed pose, and individual differences, resulting in large intra-class variation in
the cropped seed images. In addition, the number of samples among different varieties
is imbalanced in the actual dataset, and the model may tend to favor categories with
more samples, thereby affecting the recognition performance of minority varieties. These
factors jointly make soybean seed variety recognition a challenging long-tailed fine-grained
classification task.

Existing deep learning classification models provide important architectural founda-
tions for image-based soybean seed recognition. CNN-based models such as ResNet and
RegNet are effective in extracting hierarchical local visual patterns, and their residual or
network-design strategies have been widely used to improve feature representation in
image classification tasks [8,9]. Transformer-based models were first established through
attention-based sequence modeling [10] and were later extended to image recognition
through Vision Transformer, which demonstrates the potential of self-attention for model-
ing global relationships among image patches [11]. Swin Transformer further introduces hi-
erarchical representation and shifted-window attention, making it suitable for image recog-
nition tasks that require both local modeling and multi-scale feature representation [12].
These models provide useful baselines for soybean seed classification because they can
represent local texture, shape, and broader spatial relationships in cropped seed images.
However, directly using the Swin Transformer backbone may still create two problems
in this task: first, middle-level local structural information may be weakened during
layer-by-layer propagation; and second, deep window attention may be insufficient to
highlight fine-grained discriminative differences during semantic aggregation. Therefore,
the structural improvements in this study mainly focus on two levels: enhancing the trans-
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mission of local texture, contour, and color-boundary information in the middle stage, and
strengthening the response to weak difference regions between similar varieties in the deep
semantic stage.

This paper proposes a Swin-Diff-DCA classification model for soybean seed variety
recognition, which is used in the variety classification stage of the two-stage process. The
model uses Swin Transformer as the backbone. A differential attention branch, inspired by
differential attention modeling, is introduced into Stage-4 window attention to enhance
deep discriminative feature representation through the differential response between auxil-
iary attention and original attention. Meanwhile, Dynamic Channel Aggregation (DCA) is
introduced in Stage 3 and implemented as a dynamic residual channel routing mechanism.
It uses intermediate features of anchor blocks to provide channel-level residual supple-
mentation for target blocks, thereby strengthening the transmission of middle-level local
structural information to deep semantic features. On the basis of preserving the representa-
tion ability of the pretrained backbone, this design improves the model’s sensitivity to local
discriminative differences required for fine-grained soybean seed classification.

To improve training stability, the training process combines ImageNet pretrained
weights, label smoothing, grouped learning rates, freeze warm-up, cosine learning-rate
scheduling, mixed-precision training, AdamW optimization, and gradient clipping. In
the evaluation stage, Accuracy, Weighted-F1, and Macro-F1 are used comprehensively.
Weighted-F1 reflects the overall recognition performance under the sample distribution
of the test set, while Macro-F1 is used to assist in observing the balanced classification
performance among different varieties.

The main scientific contributions of this study are threefold. First, this study constructs
and organizes a cropped-and-cleaned RGB soybean seed image dataset for fine-grained va-
riety classification. The dataset construction process explicitly separates YOLO-based object
localization, manual sample verification, and classification-stage evaluation, which helps
reduce background interference and clarifies that the reported performance mainly reflects
cropped-image classification rather than complete end-to-end deployment performance.
Second, this study proposes Swin-Diff-DCA, a Swin Transformer-based classification model
designed for visually similar soybean varieties. Different from directly using a general Swin
Transformer backbone, the proposed model introduces Dynamic Channel Aggregation
(DCA) in Stage 3 to strengthen the reuse of middle-level local texture, contour, and color-
boundary information and introduces a differential attention branch in Stage 4 to enhance
deep discriminative responses to weak inter-class differences. Third, under a unified data
split and evaluation protocol, this study evaluates the proposed model through baseline
comparisons, ablation experiments, ViT-based supplementary experiments, confusion ma-
trix analysis, and Grad-CAM visualization. These experiments provide evidence for the
effectiveness and limitations of the proposed modules under the current dataset setting.

The rest of this paper is organized as follows. Section 2 introduces dataset construction,
image preprocessing, model structure, evaluation metrics, and implementation details.
Section 3 presents experimental results, including model comparison, ablation experiments,
ViT-based supplementary experiments, and confusion matrix analysis. Section 4 discusses
metric interpretation, model effectiveness, interpretability, and limitations. Section 5 sum-
marizes the study and outlines future work.

2. Materials and Methods

2.1. Materials
2.1.1. Data Collection

This study focuses on fine-grained visual classification of soybean varieties and con-
structs an image dataset for variety recognition. The original images were collected from
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June to November 2025 from soybean seeds of different varieties, and the category labels
were organized according to the actual variety names. Image acquisition was conducted
under relatively stable indoor conditions using a Sony ZV-E10 digital camera and an
iPhone 15 Pro smartphone. The original images captured by the digital camera had a
resolution of 6000 x 4000 pixels, while the images captured by the smartphone had a
resolution of 3024 x 4032 pixels. During image acquisition, soybean seeds were placed on
both white and black backgrounds, and relatively stable indoor illumination was used to
maintain consistent lighting conditions. Since different soybean varieties often differ only
in subtle aspects such as color, texture, markings, contour, and local morphology, while
images within the same variety may also be affected by illumination, shooting angle, seed
pose, and individual differences, this task can be regarded as a typical fine-grained visual
classification problem [13,14].

In this study, classification was not performed directly on the entire original images.
Instead, this study adopts a cascaded data construction process of YOLO-based object
localization, manual verification and cropping, and fine-grained variety classification. First,
a YOLO object detection model is used to locate soybean seeds or valid target regions
in the original images. Then, candidate regions are cropped according to the detection
boxes, and samples with false detections, severe occlusion, blur, incomplete targets, or
uncertain labels are removed through manual verification. Finally, the cleaned cropped
images are organized by variety category to form a standard image classification dataset.
This process can reduce the interference of complex backgrounds and non-target regions,
allowing the subsequent model to focus more on the discriminative features of soybean
seeds themselves. The data volume of each soybean variety is shown in Table 1. It should
be noted that augmented images are only used for training-stage data expansion, and the
validation and test sets do not contain randomly augmented images.

Table 1. Category data volume.

Variety Original Images Manually Cropped Images Training Augmented Images Total Images
nn49 28 967 1456 2423
nn60 28 366 590 956

zld105 36 357 628 985
sn29 52 578 844 1422
1k314 38 742 1100 1842
nn47 31 450 616 1066
jd17 28 250 524 774
sd30 124 929 1444 2373
hd16 62 479 736 1215

jng20839 62 468 800 1268
nn43 78 596 888 1484
nn42 60 496 710 1206
sn23 66 503 826 1329
b73 64 610 1038 1648

sz2 59 485 850 1335
zd57 59 342 524 866
xd18 63 544 954 1498
zd53 59 450 750 1200
zd61 55 484 746 1230
zd59 55 317 528 845
zd51 47 274 492 766

sd29 45 227 384 611
xzd1 169 1469 2308 3777
zh301 186 1010 1552 2562
nn55 181 1240 1896 3136
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Table 1 reports the candidate classification images generated during manual cropping
and training-set augmentation, and it is not equivalent to the final number of images
used for training, validation, and testing. After quality review, sample cleaning, and data
splitting, the final dataset used for classification model training and evaluation contains
37,317 images, including 34,251 training images, 1555 validation images, and 1511 test
images. The augmented images are used only for model training, while the validation and
test sets do not contain augmented copies.

2.1.2. Dataset Splitting

The dataset is divided into training, validation, and test sets. The training set is
used for model parameter learning, the validation set is used for model selection and
hyperparameter adjustment, and the test set is used only for final performance evaluation.
The split is performed within each category, and a fixed random seed is used to ensure that
different models are trained and compared under exactly the same data split. To avoid data
leakage, samples from the same original image or highly similar cropped regions are not
assigned to both the training and test sets. The resulting split is summarized in Table 2.

Table 2. Training/validation/test split.

Dataset Split Number of Images Augmentation Used Purpose
Training Set 34,251 Yes Parameter Learning
Validation Set 1555 No Model Selection
Test Set 1511 No Final Evaluation

Since the soybean variety dataset has class imbalance, using Accuracy alone as the
model selection metric may bias the model toward categories with more samples [15].
Therefore, this paper uses Macro-F1 as the core metric for model selection and experimental
analysis, while also reporting Accuracy, Precision, Recall, Weighted-F1, and average loss to
evaluate the model more comprehensively on long-tailed and difficult categories.

To reduce the risk of sample leakage, dataset splitting was performed at the original-
image level for source-related cropped samples. Specifically, all cropped samples generated
from the same original image were assigned to the same subset, namely the training,
validation, or test set, so that source-related crops did not appear simultaneously across
different subsets. During sample cleaning, near-duplicate or highly similar crops were
also checked to reduce overlap among the training, validation, and test sets. This strategy
was used to reduce the possibility of inflated test performance caused by similar samples
appearing in different subsets. The overall cascaded process is illustrated in Figure 1.

2.2. Data Preprocessing

This section introduces the preprocessing pipeline from original images to classifica-
tion model inputs, including YOLO object localization, manual verification and cropping,
image standardization, and data augmentation. It should be noted that the detection stage
is used to obtain classification input regions, while the main evaluation target of this study
is the classification model on cropped and cleaned images.

https:/ /doi.org/10.3390/agriculture16141509
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Figure 1. Overall pipeline of soybean variety recognition.
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2.2.1. Object Detection

In the preprocessing stage, a YOLO object detection model is first used to locate targets
in the original soybean images. Given an original image, the detection model outputs
candidate bounding boxes and their confidence scores, which are used to determine the
locations of soybean seeds or valid local regions in the image. Candidate bounding boxes
with confidence scores lower than 0.25 were discarded, and non-maximum suppression
with an IoU threshold of 0.60 was applied to remove duplicated detections. The remaining
bounding boxes were used as the initial cropping regions for classification-stage image
construction. The purpose of this step is not to directly complete variety classification, but
to obtain more stable input regions for the classification stage from complex original images.

After automatic detection, the candidate cropped images are further manually verified.
Samples with shifted detection boxes, incomplete targets, severe blur, obvious occlusion,
or uncertain category labels are removed or corrected. After this step, the classification
stage uses soybean images that have been cropped, cleaned, and organized by category,
rather than the original whole images. This processing strategy decouples the detection
task from the classification task, so that the classification model performance mainly reflects
fine-grained variety recognition ability rather than object localization quality. The YOLO
version used in this paper is YOLOv11. The detection targets are soybean seeds or valid
local regions. The cropping regions are determined by detection boxes. Manual verification
mainly removes false detections, severe occlusion, blurred images, incomplete targets, and
samples with uncertain labels. The subsequent experiments mainly evaluate classification
model performance on cropped and cleaned images, and YOLO detection accuracy is not
used as the core evaluation object. The YOLO data construction settings are summarized in
Table 3.

Table 3. YOLO data construction settings.

Item

Setting

Detection model

YOLOv11

Detection target

Soybean seeds or valid target regions

Input images

Raw collected images

Cropping basis

YOLO detection boxes

Cropping strategy

Crop according to detection boxes, apply boundary correction when necessary,
then resize proportionally and pad with black borders

Manually removed samples

False detections, severe occlusion, blurred images, incomplete targets, and
samples with uncertain labels

Classification-stage input

Images manually verified, cropped, cleaned, and organized by category

Confidence Threshold

0.25

IoU threshold for NMS

0.6

Manual verification criteria

False detections, shifted boxes, incomplete seeds, severe occlusion, blur, strong
shadow interference, and uncertain labels

2.2.2. Image Standardization and Data Augmentation

The target regions cropped by YOLO vary in aspect ratio and scale, so they need to
be standardized to a fixed input size. Directly stretching the cropped images to a fixed
size is simple, but it changes the real geometric shape of soybean seeds. For soybean
variety recognition, seed contour, length-width ratio, edge morphology, and local texture
distribution may all contain important discriminative information. If non-proportional
stretching is used, these fine-grained structural cues may be artificially distorted.
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To preserve the original aspect ratio of the target region, this paper adopts image
standardization based on proportional resizing and black-border padding. Specifically, the
original aspect ratio of the cropped image is first maintained, and the longer side is resized
to the target scale. Then, black pixels are padded along the shorter side so that the image
becomes a fixed-size square input. This method satisfies the fixed input size requirement of
Swin Transformer while avoiding geometric deformation caused by direct stretching.

Aspect-ratio-preserving padding was used to avoid geometric distortion of seed
contours and local morphological cues. Compared with direct stretching, proportional
resizing with black padding preserves the original seed shape while producing fixed-size
square inputs required by the classification backbone. The comparison between direct
stretching and aspect-ratio-preserving padding is shown in Figure 2.

Effect of Padding on Accuracy

87.16

KN NI ot *oc,lx

&
s\ﬂ\“"o\
Model

Figure 2. Comparison between direct resizing and aspect-ratio-preserving padding for classification
input standardization. The two preprocessing strategies were evaluated under the same data split,
model architecture, training settings, and test-set evaluation protocol, and the reported metrics are
used to compare their effects on classification performance.

Data augmentation in this paper consists of offline augmentation and online augmen-
tation during training. Offline augmentation is performed during classification dataset
construction and is mainly applied to training samples. It includes HSV-space color per-
turbation, such as changes in hue, saturation, and brightness, to expand the training
set and improve model robustness to illumination and color variations. The offline aug-
mented training data are saved in classifier_dataset_hsv. The validation and test sets do
not contain randomly augmented samples, avoiding evaluation results being affected by
augmentation randomness.

During model training, the training set further uses online random augmentation,
including fixed-size resizing, random horizontal flipping, random vertical flipping, random
rotation, and ImageNet mean-variance normalization. The validation and test sets use
only deterministic preprocessing, including fixed-size resizing, tensor conversion, and
ImageNet normalization, without random flipping, random rotation, or color perturbation.
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By separating offline and online augmentation, this paper ensures that the training stage
contains data perturbation while the final evaluation process remains reproducible and fair.

The augmentation settings were kept consistent within each corresponding stage.
During classification dataset construction, offline HSV and brightness augmentation was
applied only to the training set, and each training image was augmented with two ad-
ditional images. The hue shift was randomly sampled from —3 to +3 in OpenCV hue
units, the saturation factor was sampled from 0.7 to 1.3, the brightness scaling factor was
sampled from 0.7 to 1.3, and the brightness offset was sampled from —30 to +30. During
classification model training, the same online augmentation strategy was applied to all
classification models, including ResNet, RegNet, ViT, Swin Transformer, and the proposed
variants. Specifically, random horizontal flipping and random vertical flipping were ap-
plied with probabilities of 0.5 and 0.5, respectively, and random rotation was performed
within —15° to +15°. No online hue, saturation, or brightness perturbation was used
during classification model training. The validation and test sets did not use random
augmentation and were processed only with deterministic resizing, tensor conversion, and
ImageNet normalization.

2.3. Model

This study uses Swin Transformer as the base classification network and introduces
Differential Attention and Dynamic Channel Aggregation (DCA) into its deep attention
and intermediate feature propagation paths. The overall model takes cropped and stan-
dardized soybean images as input. It first extracts multi-scale visual features through the
hierarchical window attention structure of Swin Transformer. Then, a differential atten-
tion branch is introduced in Stage 4 to enhance the model’s response to weak inter-class
differences. Meanwhile, DCA is introduced in Stage 3 and implemented as a dynamic
residual channel routing mechanism to strengthen middle-level local detail reuse. The two
modules act on different stages and are designed to jointly improve fine-grained soybean
variety classification.

Swin Transformer progressively models image representations through local window
self-attention and hierarchical feature downsampling. Compared with traditional convo-
lutional neural networks, this structure can preserve local texture modeling ability while
using self-attention to capture longer-range regional relationships. For soybean variety
classification, differences among varieties may appear in overall morphology, local texture,
and color distribution. Therefore, a Transformer backbone with hierarchical representation
ability can better adapt to this fine-grained recognition task.

2.3.1. Dynamic Channel Aggregation

Dynamic Channel Aggregation (DCA) is introduced to alleviate the weakening of
middle-level discriminative details during deep feature propagation. Compared with
the deep semantic features before final classification, Stage-3 features usually retain more
local texture, boundary morphology, and regional color variation information. In this
paper, DCA is implemented as a dynamic residual channel routing mechanism from anchor
blocks to target blocks, enabling the model to adaptively select and reuse middle-level
channel information according to the current sample feature state. This design prevents
the classification decision from relying only on final-stage high-level semantic features and
preserves more local cues related to variety differences before deep discrimination.

The DCA module is placed inside Stage 3 to enhance effective feature transmission
among different blocks. This study selects the 1st, 4th, and 9th blocks in Stage 3 as anchor
blocks, and the 11th, 14th, and 17th blocks as target blocks. Given the input feature of a tar-
get block, DCA does not replace the original Swin block. Instead, it dynamically generates
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fusion weights from different anchor features through a channel gating network [16,17]
and injects the weighted routing feature into the target block in a residual form. This
design enables the model to adaptively select more valuable middle-level information
according to the current sample feature state, rather than using fixed connections among
all intermediate features.

Let the output feature of the i-th block in Stage 3 be denoted as X;. This study selects
the outputs of the 1st, 4th, and 9th blocks as anchor features, denoted as A;, Ay, and A3,
and performs dynamic residual injection at the 11th, 14th, and 17th target blocks. For a
target block output T, global average pooling is first performed along the token dimension
to obtain a sample-level channel descriptor. Then, a two-layer MLP is used to generate the
channel-wise gating weights for different anchors, as shown in Equation (1):

Gj = oc(W26(W1GAP(T))), j=1,2,3 (1)
where G; denotes the channel-wise gating weight of the j-th anchor feature. The routing
feature is defined in Equation (2):

3
R = =1 G]' © A]' 2)

where A; denotes the output feature of the j-th anchor block, T denotes the current target
block feature, G; denotes the channel-wise gating weight generated from the target feature
for the j-th anchor, and R denotes the weighted fused routing feature. Finally, the target
block output is updated in a residual form, as shown in Equation (3):

T'=T+ YdcaR 3)

where 7, is a learnable residual strength parameter initialized to 0. This initialization
keeps the model behavior close to the original Swin Transformer at the beginning of
training, and the model gradually learns whether to introduce middle-level anchor features
during subsequent training.

The 1st, 4th, and 9th blocks are selected as anchor blocks to cover middle-level feature
states from shallow to deep within Stage 3. The 11th, 14th, and 17th blocks are selected
as target blocks to supplement the later part of Stage 3 with texture, edge, and color
details retained in earlier blocks. Without changing the number of layers or downsampling
path of the original Swin backbone, this setting forms a residual transmission path from
middle-level local details to deep discriminative features.

The advantage of DCA is that it strengthens feature reuse within Stage 3 without
destroying the pretrained backbone structure. Differences among soybean varieties are
often reflected in local texture, color boundaries, and subtle morphological changes, and
such information may be more evident in middle-level features. Through anchor-to-target
dynamic routing, the model can supplement deeper discriminative representations with
local details retained in earlier blocks, thereby alleviating insufficient detail information
caused by excessive abstraction in deep representations. Since this module is connected
in a residual form and stabilized with zero initialization, it is compatible with pretrained
Swin Transformer weights. It should be noted that the anchor-target combination in this
paper is an empirical design based on the depth distribution of Stage 3, and its effectiveness
is mainly verified through the main ablation experiments. A more fine-grained search of
anchor-target combinations can be further studied in future work.
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2.3.2. Differential Window Attention

Diff Attention is injected into the Stage-4 deep window attention module of Swin
Transformer. This module adds a lightweight differential attention branch outside the
original window attention, using differential modeling of attention responses to highlight
more discriminative local regions in the current features. Since Stage 4 has a higher-
level semantic representation, introducing Diff Attention at this stage can further enhance
subtle inter-variety differences near the classification decision, while avoiding premature
interference with the formation of shallow texture features.

For the Stage-4 window input feature X, the original Swin window attention first
computes the query, key, and value vectors Q, K, and V, and obtains the original attention
distribution as shown in Equation (4):

-
A = Softmax < Q\;} + B) 4)

where B is the relative position bias. In addition to the original attention, Diff Attention

introduces a lightweight branch and uses lower-dimensional query, key, and value vectors
Qy, K, and V; to compute auxiliary attention, as shown in Equation (5):

QiK'
A; = Softmax i +B )

Then, two learnable coefficients are used to construct the differential attention response
in Equation (6):
Agitf = M Aj; — AyDetach(A) (6)

where A denotes the original window attention distribution, A; denotes the lightweight
auxiliary attention distribution, and Ay;¢¢ denotes the differential response constructed
from the auxiliary attention and the original attention. Detach(A) is used to block the
direct gradient disturbance of the differential branch on the original main attention branch,
so that the newly added branch affects the output in a residual enhancement manner.
The coefficients A1 and A, are obtained from learnable parameters through Sigmoid. The
differential response is applied to the lightweight value vector and then projected through
a linear layer before being added to the original window attention output in a residual
form, as shown in Equation (7):

Y = Ypase + VaitfProj (Agiee V1) )

where Ay;¢f is a learnable residual strength parameter. This module is injected only into
Stage 4 because this stage is closer to the classification decision and is suitable for enhancing
deep discriminative responses among similar varieties, while avoiding early interference
with shallow and middle-level texture features.

From the perspective of interpretability, DCA and Diff Attention correspond to two
key levels in the model’s discrimination process. DCA acts on Stage 3 of Swin Transformer
and mainly focuses on preserving and reusing middle-level local features. Diff Attention
acts on Stage 4 and mainly focuses on fine-grained difference enhancement in the deep
semantic stage. For soybean variety recognition, differences among varieties are often
concentrated in subtle visual cues such as the hilum region, seed coat color, surface texture,
edge morphology, and local markings. If the model loses such local information in deep
representations or only focuses on common salient regions shared by different varieties, it
may easily misclassify visually similar varieties.
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Diff Attention is introduced to enhance the response of deep attention to weak dif-
ference regions. Ordinary window attention in deep stages may learn common response
regions that are useful for classification but insufficiently discriminative. In contrast, fine-
grained soybean variety recognition relies more on capturing weak differences among
similar categories. This study adds a lightweight differential attention branch to the Stage 4
window attention and highlights more class-discriminative local regions through differen-
tial modeling between auxiliary attention responses and original attention responses. Since
Stage 4 is closer to the final classification decision, enhancing differential responses at this
stage helps improve the model’s discrimination ability for similar varieties.

Therefore, DCA and Diff Attention are designed for two complementary problems
in fine-grained soybean classification: DCA focuses on whether middle-level local details
can be effectively transmitted, while Diff Attention focuses on whether deep attention can
highlight inter-class differences. The former provides richer local discriminative cues, and
the latter further enhances difference regions before classification decision-making. The
subsequent experimental section verifies the above design assumptions through module
ablation, ViT-based supplementary experiments, difficult-class analysis, and visualization
results. The structure of the DCA module is shown in Figure 3. The differential attention
branch introduced into Stage 4 is illustrated in Figure 4.

Stage 3 of Swin Transformer Block+DCA routing

H/16 X W/16 X512

B Normal block

Anchor block

o0

target block

DCA Router
Channel Gating + Dynamic Residual Routing

[z, =z evor)
!

/
Ly

H/16 X W/16 X512

Main branch

Diff Attention inside Stage 4 W-MSA \

Q,K,V]——[A:U(QKT+B)}—{A® V]

Lite Differential branch

Main © y-Diff

y = Main @ 7 ® DiffProj(AV)

q,k,v

Al = U(qkT)]"[AA - /\1 ® Al S /\2 ® A(letacl AV - AA ® v

Figure 4. Differential window attention in Stage 4. @ denotes addition, © denotes subtrac-
tion/difference, and ® denotes multiplication
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2.4. Evaluation Metrics

Model performance was evaluated using Accuracy, Precision, Recall, F1-score, Macro-
F1, Weighted-F1, and average cross-entropy loss. Accuracy measures the overall classifica-
tion correctness among all test samples and is defined in Equation (8):

TP+ TN

TP+TN+FP+FN ®)

Accuracy =

where TP, TN, FP, and FN denote true-positive, true-negative, false-positive, and false-
negative samples, respectively.

Precision represents the proportion of samples predicted as a certain class that truly
belong to that class, while Recall represents the proportion of samples of a certain class that
are correctly recognized. They are defined in Equations (9) and (10):

TP
P .. _
recision 4TP n P (9)
TP
Recall = m (10)

F1-score is the harmonic mean of Precision and Recall and is used to comprehensively
measure the balance between precision and recall, as shown in Equation (11):
2 x Precision x Recall

Fl1 = 11
Precision + Recall (1)

Considering the class imbalance in the soybean variety dataset, this paper uses Macro-
F1 as the core metric for model selection and comparative analysis. Macro-F1 calculates
the equal-weighted average of Fl-scores across all classes, so it is more sensitive to the
recognition performance of minority and difficult categories, as shown in Equation (12):

1
Macro-F1 = Echzl F1; (12)

where C denotes the total number of classes, and F1; denotes the Fl-score of the i-th class.
Weighted-F1 is calculated by weighting each class according to its sample size, as shown in
Equation (13):

c ng
i=1 N

where n; denotes the number of samples in the i-th class, and n denotes the total

Weighted-F1 =) F1; (13)

number of samples in the test set. Using Macro-F1 together with Weighted-F1 allows
the model’s performance on long-tailed categories and overall data distribution to be
observed simultaneously.

In the final evaluation stage, all models are tested on an independent test set. The
evaluation script outputs Precision, Recall, F1-score, support, and average loss for each
class and saves overall metrics, per-class metrics, and per-image prediction results. For
the final model in this paper, the evaluation script is consistent with the training script in
model structure. It first constructs Swin Transformer, then injects Stage-3 DCA and Stage-4
Diff Attention, and finally loads the best_swin_diff_dca_aligned.pth weights for testing,
ensuring one-to-one consistency between the training and evaluation structures.

2.5. Implementation Details

During training, ImageNet pretrained weights are used to initialize the Swin Trans-
former backbone, and label smoothing, grouped learning rates, freeze warm-up, cosine
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learning-rate scheduling, mixed-precision training, and gradient clipping are used to
improve training stability [18-20].

All model training and experimental evaluation were conducted on a GPU server
equipped with an NVIDIA GeForce RTX 5090 GPU with 32 GB memory. The software
environment included Python 3.10.0, PyTorch 2.10.0.dev20251203+cul28, Torchvision
0.25.0.dev20251203+cul28, CUDA 12.8, timm 1.0.24, scikit-learn 1.7.2, OpenCV 4.12.0,
and Ultralytics 8.3.234. The same GPU server and software environment were used for
the main classification experiments, ablation experiments, model complexity analysis, and
final test-set evaluation.

All training and evaluation scripts construct data paths, weight paths, and output
directories based on the script location, avoiding path errors caused by changes in the
running working directory. Evaluation results are uniformly saved in result folders with the
same names as the evaluation scripts, including text reports, per-class metrics, overall metric
JSON files, and per-image prediction CSV files, facilitating subsequent table generation,
confusion analysis, and error sample analysis. To improve experimental reproducibility,
the key training configuration, optimization strategies, and module hyperparameters of
the main model are summarized in Table 4.

Table 4. Main model training configuration.

Item

Setting

Backbone model

swin_base_patch4_window?7_224.ms_in22k_ft_inlk

Input size 224 x 224
Batch size 32
Training epochs 30
Optimizer AdamW
Backbone learning rate 1x107°
New modules and classifier learning rate 3 x 10~*
Weight decay 0.05
Label smoothing 0.05

Freeze the backbone for the first 3 epochs; train only Diff Attention,

Freeze warm-up strategy

DCA, and the classifier; then unfreeze all parameters

Diff branch lightweight ratio

LITE_RATIO = 0.25

Diff initialization parameters

INIT_LAMBDA = —2.0, INIT_DIFF_GAMMA = 0.02

DCA anchor blocks

Blocks 1, 4, and 9 in Stage 3

DCA target blocks

Blocks 11, 14, and 17 in Stage 3

DCA residual strength initialization

INIT_DCA_GAMMA =0.0

Validation/test preprocessing

Deterministic resizing and normalization without random augmentation

Training preprocessing

Offline HSV/color augmentation during dataset construction; online
Resize, random horizontal flip, random vertical flip, random rotation,
and ImageNet normalization during training.

Hardware platform

GPU server with NVIDIA GeForce RTX 5090 GPU, 32 GB memory

Software environment

Python 3.10.0; PyTorch 2.10.0.dev20251203+cu128; Torchvision
0.25.0.dev20251203+cu128; CUDA 12.8; timm 1.0.24; scikit-learn 1.7.2;
OpenCV 4.12.0; Ultralytics 8.3.234
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The initialization values of the newly introduced modules were chosen to keep the
model close to the pretrained Swin Transformer at the beginning of training. Specifically,
gamma_dca was initialized to 0 so that the DCA path was initially inactive, and gamma_diff
was initialized to a small value to avoid strong perturbation of the pretrained attention out-
put. The lightweight ratio of the Diff branch was set to 0.25 to limit additional computation
while retaining sufficient capacity for auxiliary attention modeling.

3. Results

Unless otherwise specified, all classification results reported in this section were
obtained on manually verified, cropped, and cleaned soybean seed images rather than on
the original whole images. Therefore, the reported metrics evaluate the classification stage
of the proposed two-stage framework and should not be interpreted as the end-to-end
performance of the complete detection—cropping—classification pipeline.

To improve readability in the result analyses, Dynamic Channel Aggregation (DCA)
refers to the Stage-3 residual channel routing module used to reuse middle-level local
features, and Differential Attention (Diff Attention) refers to the differential attention
branch introduced into the Stage-4 window attention module. In the following tables and
discussions, Swin-Diff-DCA denotes the Swin Transformer model equipped with both Diff
Attention and DCA.

3.1. Experimental Setup

This section evaluates the soybean variety classification performance of different
models on an independent test set. The classification experiments in this paper do not
directly perform variety recognition on the original whole images. Instead, they are
based on soybean seed images that have been processed by YOLO target localization,
manual verification, cropping, and cleaning. Therefore, the results reported in this section
mainly reflect the variety recognition ability of classification models on standardized
cropped images, rather than the overall performance of a complete end-to-end detection—
classification system in complex scenes.

The test set contains 1511 soybean seed images covering 25 soybean varieties. During
testing, all input images are resized to 224 x 224 and processed using a deterministic prepro-
cessing pipeline. Random flipping, random rotation, and color perturbation are not used,
ensuring that the evaluation results of different models are comparable and reproducible.

To ensure fair comparison, all classification models use the same training, validation,
and test splits and adopt the same deterministic preprocessing and evaluation scripts during
validation and testing. To further evaluate the stability of the model comparison, RegNet,
ResNet-50, ViT, Swin Transformer, and Swin-Diff-DCA were each trained and evaluated
using three different random seeds under the same data split, preprocessing pipeline, and
evaluation protocol. The average results across the three runs are reported in Section 3.5.
Except for differences in model structure, the training epochs, main optimization strategies,
and model selection metric are kept as consistent as possible.

It should be noted that different backbones do not have exactly the same pretrained
sources, parameter scales, or structural priors. Therefore, the model comparison in this
paper is mainly used to show the performance differences of different methods under the
unified experimental protocol, rather than to claim absolute superiority in all scenarios.

3.2. Overall Performance Comparison with Baseline Models

Table 5 shows that Swin-Diff-DCA achieves the best single-run results under the
current data split and evaluation protocol.
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Table 5. Comparison between the proposed model and baselines.
Model Accuracy ~ Macro Precision Macro Recall Macro-F1 Weighted-F1
(%) (%) (%) (%) (%)

RegNet 7942 71.85 76.28 72.56 79.81
ResNet-50 81.20 7547 78.32 76.01 81.21
ViT 83.79 77.49 80.95 78.01 84.18
Swin Transformer 85.97 80.26 82.51 80.32 86.21
Swin-Diff-DCA 87.16 81.86 84.65 82.20 87.51

Compared with CNN baseline models, Transformer-based models perform better
on this fine-grained classification task. RegNet and ResNet-50 achieve Accuracy values
of 79.42% and 81.20%, and Macro-F1 values of 72.56% and 76.01%, respectively. ViT
further improves the Accuracy to 83.79% and Macro-F1 to 78.01%. This result suggests
that attention-based region relationship modeling is useful for cropped soybean variety
classification under the current experimental setting.

Swin Transformer further outperforms ViT, achieving an Accuracy of 85.97% and a
Macro-F1 of 80.32%. The 2.18 percentage-point Accuracy gap between Swin Transformer
and ViT suggests that hierarchical window attention is better suited to this fine-grained task
than directly applying global self-attention to fixed-size cropped inputs. Compared with or-
dinary ViT, Swin Transformer gradually enhances semantic representation while preserving
local texture information through local window attention and hierarchical feature modeling,
which is consistent with the local-detail requirement of soybean variety recognition.

After adding Diff Attention and DCA to Swin Transformer, the model performance
is further improved. Compared with the Swin baseline, the final model improves Ac-
curacy by 1.19 percentage points, Macro-F1 by 1.88 percentage points, and Weighted-
F1 by 1.30 percentage points. Compared with RegNet, the final model improves Accu-
racy by 7.74 percentage points, Macro-F1 by 9.64 percentage points, and Weighted-F1 by
7.70 percentage points. These results indicate that the proposed module combination im-
proves classification performance under the current test protocol, especially when Macro-F1
is used as the core long-tailed fine-grained evaluation metric.

3.3. Model Complexity Analysis

In addition to classification accuracy, model complexity is also an important factor
for evaluating the practical value of soybean variety recognition models. Since the pro-
posed Swin-Diff-DCA model introduces Dynamic Channel Aggregation in Stage 3 and
a differential attention branch in Stage 4, it is necessary to examine whether the perfor-
mance improvement is accompanied by an acceptable computational cost. Therefore, this
section compares different models in terms of parameter number, FLOPs, model size, and
single-image inference time. The complexity comparison results are shown in Table 6.

Table 6. Model complexity comparison.

Model Params (M) FLOPs (G) Size (MB) Inf?;:)lme Macro-F1 (%) Welg(l:/:)ed-Fl
ResNet-50 23.56 8.17 89.87 64.46 76.01 81.21
RegNet 17.96 6.35 68.52 34.58 72.56 79.81
ViT 85.82 35.13 327.37 38.25 78.01 84.18
Swin Transformer 86.77 30.88 331.00 63.80 80.32 86.21
Swin-Diff-DCA 89.66 31.09 342.02 73.64 82.20 87.51
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As shown in Table 6, Swin-Diff-DCA introduces a moderate computational overhead
compared with the original Swin Transformer baseline. Specifically, the parameter num-
ber increases from 86.77 M to 89.66 M, FLOPs increase from 30.88 G to 31.09 G, model
size increases from 331.00 MB to 342.02 MB, and single-image inference time increases
from 63.80 ms to 73.64 ms under the current testing environment. This additional cost
mainly comes from the channel gating and residual routing operations in DCA, as well as
the lightweight auxiliary branch used in differential window attention. In return, Swin-
Diff-DCA improves Macro-F1 from 80.32% to 82.20% and Weighted-F1 from 86.21% to
87.51% compared with the Swin Transformer baseline. Therefore, the proposed model pro-
vides a trade-off between improved fine-grained classification performance and increased
inference cost.

From a practical perspective, this trade-off suggests that Swin-Diff-DCA is more suit-
able for scenarios where recognition accuracy and balanced performance are prioritized
over the lowest possible inference latency. For resource-limited or real-time deployment
scenarios, the additional inference time should be considered, and further model compres-
sion or deployment optimization may be needed. It should also be noted that the current
complexity analysis is conducted under the same input size and testing environment, and
the reported inference time may vary with hardware platform, software framework, batch
size, and deployment settings. Therefore, the results in Table 6 are mainly used for relative
comparison among the evaluated models.

3.4. Ablation Experiments on Diff Attention and DCA

Table 7 shows the ablation results of Diff Attention and DCA on the Swin Transformer
backbone. Compared with the original Swin Transformer, adding only Diff Attention
improves Accuracy from 85.97% to 86.23%, Weighted-F1 from 86.21% to 86.65%, and
Macro-F1 from 80.32% to 80.43%. This indicates that introducing a differential attention
branch into the Stage 4 deep window attention may help improve discriminative feature
representation in the high-level semantic stage under the current experimental setting.

Table 7. Swin ablation experiments. Note: “,/” indicates that the corresponding module is used,

whereas “-” indicates that it is not used.
Model Diff Attention DCA Accuracy (%) Macro-F1 (%)  Weighted-F1 (%)
Swin Transformer - - 85.97 80.32 86.21
Swin-Diff Vv - 86.23 80.43 86.65
Swin-DCA - vV 86.30 79.94 86.49
Swin-Diff-DCA \/ \/ 87.16 82.20 87.51

After adding only DCA, Accuracy increases from 85.97% to 86.30%, and Weighted-F1
increases from 86.21% to 86.49%. However, DCA does not provide a consistent improve-
ment across all evaluation metrics. The Macro-F1 of Swin-DCA decreases from 80.32% to
79.94%, indicating that DCA alone may improve overall prediction correctness but does
not stably improve class-balanced performance for minority or difficult varieties. This
discrepancy is related to the role of DCA: it strengthens middle-level local feature reuse,
but it does not explicitly address class imbalance or highly subtle inter-class differences
when used alone. Therefore, DCA should not be interpreted as a standalone solution
for difficult-class recognition. Its main value in this study is to provide complementary
middle-level local cues, which become more effective when combined with differential
attention in the full Swin-Diff-DCA model.
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When Diff Attention and DCA are introduced together, the model achieves the best
performance. Swin-Diff-DCA reaches 87.16% Accuracy, 82.20% Macro-F1, and 87.51%
Weighted-F1, all higher than the models using Diff Attention or DCA alone. In particular,
Macro-F1 improves by 1.88 percentage points compared with the Swin baseline, indicating
that the combination of the two modules achieves better overall accuracy and Macro-F1
performance on this test set.

From the perspective of model structure, Diff Attention and DCA act at different levels
and are therefore complementary. DCA is located in Stage 3 of Swin Transformer and
mainly uses anchor block features to assist target blocks, enhancing the transmission of
middle-level local texture, color boundary, and morphological details. Diff Attention is
located in Stage 4 and mainly enhances differential attention responses in the deep semantic
stage close to the classification decision. The former focuses on middle-level local feature
reuse, while the latter focuses on deep discriminative feature enhancement. Therefore,
combining the two modules leads to more obvious improvements in comprehensive metrics
on the current test set.

3.5. Stability Analysis with Multiple Random Seeds

To further evaluate whether the performance improvement is stable under different
random initializations, all baseline models and the proposed Swin-Diff-DCA model were
trained and evaluated using three different random seeds. As shown in Table 8, Swin-
Diff-DCA achieves the highest average Accuracy, Macro-F1, and Weighted-F1 among the
compared models. Compared with the Swin Transformer baseline, Swin-Diff-DCA im-
proves the average Accuracy from 84.74% to 87.18%, the average Macro-F1 from 79.08% to
82.33%, and the average Weighted-F1 from 85.02% to 87.44%. These results indicate that the
improvement of Swin-Diff-DCA is not only observed in a single run but also remains con-
sistent across different random seeds under the current data split and evaluation protocol.

Table 8. Average results of different models under three random seeds.

Model Runs  Accuracy (%)  Macro-F1 (%)  Weighted-F1 (%)
RegNet 3 79.15+1.03 72.27 £ 0.66 79.61 £0.14
ResNet50 3 79.57 £ 0.81 73.42 +1.56 79.96 + 0.69
ViT 3 83.94 £0.33 78.01 £ 0.50 84.21 £ 0.45
Swin Transformer 3 84.74 + 0.48 79.08 = 1.09 85.02 4+ 0.40
Swin-Diff-DCA 3 87.18 £ 0.61 82.33 £ 0.93 87.44 + 0.57

3.6. ViT-Based Supplementary Experiment

To further analyze whether the design ideas of Diff Attention and DCA depend only on
the hierarchical window structure of Swin Transformer, this study conducts supplementary
experiments based on the ViT-B/16 backbone. ViT and Swin Transformer are structurally
different: ViT uses global self-attention to model image tokens, while Swin Transformer
uses hierarchical window attention to gradually extract multi-scale features. Therefore,
transferring Diff Attention and DCA to the ViT backbone can test the applicability of
these two modules to fine-grained soybean variety classification from the perspective of a
different Transformer structure.
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The ViT-based supplementary experiment uses the ViT baseline as the foundation and
constructs three variants: ViT + Diff, ViT + DCA, and ViT + Diff + DCA. These models
are evaluated on the same test set. The results show that the ViT baseline achieves 83.79%
Accuracy, 78.01% Macro-F1, and 84.18% Weighted-F1. ViT + Diff achieves 83.59%, 78.51%,
and 83.44%, respectively. ViT + DCA achieves 84.72%, 78.58%, and 84.82%, respectively.
ViT + Diff + DCA further improves the metrics to 85.65%, 79.66%, and 85.92%, achieving
the best performance among the ViT-series models. The ViT-based supplementary results
are summarized in Table 9.

The results show that DCA and Diff + DCA can bring relatively stable performance
improvements on the ViT backbone, indicating that the design ideas of middle-level
feature reuse and deep differential enhancement do not completely depend on the window
attention structure of Swin Transformer. Among them, ViT + DCA improves Accuracy,
Macro-F1, and Weighted-F1 compared with the ViT baseline, and ViT + Diff + DCA achieves
the best results, suggesting that the two modules also have certain complementarity on the
ViT backbone. It should be noted that when Diff Attention is used alone, Macro-F1 increases
from 78.01% to 78.51%, but Accuracy and Weighted-F1 decrease to 83.59% and 83.44%,
respectively. This indicates that Diff Attention alone mainly improves the class-balanced
metric when transferred to ViT, while its improvement in overall performance is not stable.
Therefore, the ViT-based supplementary experiment can be regarded as supplementary
evidence for the Swin-based main results, but it should not replace the main ablation
conclusion of Swin-Diff-DCA.

Table 9. ViT-based supplementary experiment. Note: “y/” indicates that the corresponding module

“_n

is used, whereas indicates that it is not used.

Model Diff Attention DCA Accuracy (%) Macro-F1 (%)  Weighted-F1 (%)
ViT - - 83.79 78.01 84.18
ViT + Diff Vv - 83.59 78.51 83.44
ViT + DCA - Vv 84.72 78.58 84.82
ViT + Diff + DCA Vv Vv 85.65 79.66 85.92

3.7. Confusion Matrix Analysis

The confusion matrix can directly reflect the misclassification relationships among
different classes. Overall, the confusion matrix of the final model shows a clear diagonal
distribution, indicating that most classes can be correctly recognized. This observation is
consistent with the model’s Accuracy of 87.16% and Weighted-F1 of 87.51%, suggesting
that the model has good overall classification ability.

However, the off-diagonal elements in the confusion matrix show that the errors are
concentrated among a small number of visually similar or class-boundary-ambiguous
varieties rather than being uniformly distributed across all classes. For example, 17 samples
of 1k314 are misclassified as z1d105, 12 samples of hd16 are misclassified as jng20839, and
9 samples of zd57 are misclassified as zd53. In addition, 5 and 6 samples of nn55 are
misclassified as zh301 and xzd1, respectively, and 4 samples of zd61 are misclassified
as zd53.
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The confusion among zd-series varieties is particularly noteworthy. The misclassifica-
tions from zd57 to zd53 and from zd61 to zd53 indicate that the model still has difficulty
distinguishing these visually similar varieties. These classes may have high similarity
in seed morphology, seed coat color, surface texture, and local markings, making it dif-
ficult for the model to distinguish them stably using only a single cropped image. This
result is also consistent with the difficult-class analysis above, indicating that the errors
are mainly concentrated among fine-grained visual neighbor classes rather than being
randomly distributed across all classes.

To further quantify the recognition performance of difficult classes, Table 10
presents the per-class metrics of Swin-Diff-DCA on several classes with low Fl-scores
or high confusion.

Table 10. Metrics of Swin-Diff-DCA on highly confused classes.

Major Misclassification Direction of

Class Precision (%) Recall (%) F1 (%) Support True Class
zd51—sd29:2;
zd51 33.33 58.33 4242 12 zd51—nn55/sd30/xzd1: 1 each
zd59 42.86 54.55 48.00 11 zd59—nnb55/sn23/xd18/zd51/zd53: 1 each
jng20839 48.48 88.89 62.75 18 jng20839—nn43: 2
zd53 53.49 82.14 64.79 28 zd53—zd51: 2
4d57 86.84 5789 69.47 57 zd57—2zd53: 9; zd57—nn55/zd51: 3 each;

zd57—xd18/zd61: 2 each

From Table 10, zd51 and zd59 are the most difficult low-sample classes in the current
test set. They contain only 12 and 11 test samples, respectively, and their F1-scores are
42.42% and 48.00%. These low Fl-scores indicate that the final model still has limited
reliability for some minority varieties. For such low-sample classes, even a small number
of wrong predictions can cause large fluctuations in Precision, Recall, and F1-score. In
addition, the misclassification directions show that these errors are not random. For
example, zd51 is confused with sd29, nn55, sd30, and xzd1, while zd59 is confused with
nnbd5, sn23, xd18, zd51, and zd53. This suggests that low sample size and visual similarity
jointly contribute to the weak performance of these classes.

The confusion matrix shown in Figure 5 can directly reflect the classification perfor-
mance of the model for each soybean variety. The confusion matrix analysis also shows
that several errors occur among visually similar soybean varieties, especially within the zd-
series classes. For example, zd57 is frequently misclassified as zd53, and zd53 also shows
confusion with zd51. These varieties may share similar seed coat color, contour, texture,
and local markings, making them difficult to distinguish using only cropped RGB images.
Therefore, although Swin-Diff-DCA improves the overall classification performance, its
practical reliability is still limited for low-sample and visually similar varieties. Future work
should increase samples for difficult classes such as zd51 and zd59 and further explore
class-balanced learning, hard example mining, metric learning, or local-region modeling to
improve recognition of these challenging categories.
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Figure 5. Confusion matrix of the Swin-Diff-DCA model on the soybean variety test set.

4. Discussion
4.1. Difference Between Macro-F1 and Weighted-F1

The difference between Macro-F1 and Weighted-F1 can reflect the influence of class
imbalance on model evaluation. The final model achieves an Accuracy of 87.16% and a
Weighted-F1 of 87.51%, but its Macro-F1 is 82.20%. Since Weighted-F1 weights classes
according to the number of samples, large-sample classes have a greater influence on this
metric. In contrast, Macro-F1 treats all classes equally and is therefore more affected by the
performance of minority and difficult classes.

This metric gap indicates that reporting only Accuracy may overestimate the model’s
balanced recognition ability across all varieties. The final model performs well on the
majority of samples, resulting in high Accuracy and Weighted-F1. However, the lower
Fl-scores of classes such as zd51, zd59, jng20839, and zd53 reduce the Macro-F1. This
shows that although the model has strong overall performance, it still has limitations in
recognizing minority and easily confused classes.
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Therefore, it is necessary to report Accuracy, Macro-F1, and Weighted-F1 together.
Accuracy reflects the overall correctness, Weighted-F1 reflects the sample-distribution-
weighted comprehensive performance, and Macro-F1 focuses more on whether each class
can be recognized fairly. For fine-grained soybean variety classification, Macro-F1 is
especially important because errors on minority and similar varieties can also affect the
reliability of variety verification and germplasm resource management in real applications.

4.2. Discussion on Model Effectiveness

The experimental results are generally consistent with the design motivation of the
proposed model. Soybean variety classification relies on local texture, seed coat color, edge
morphology, and subtle structural differences, and these features appear differently at differ-
ent network levels. Shallow and middle-level features usually preserve more local texture
and morphological information, while deep features are closer to semantic classification de-
cisions. Therefore, relying only on an ordinary classification backbone may make it difficult
to simultaneously consider middle-level details and high-level discriminative differences.

Swin Transformer outperforms CNN baselines mainly because its hierarchical window
attention structure is more suitable for modeling local and contextual relationships in soy-
bean images. CNNs have strong local texture modeling ability, but their ability to explicitly
model relationships among different regions is relatively limited. Swin Transformer uses
window attention and hierarchical downsampling to preserve local structural representa-
tion while gradually forming high-level semantic features, thereby better capturing subtle
and distributed visual differences among soybean varieties.

The effectiveness of Diff Attention is mainly reflected in deep discriminative feature en-
hancement. This module is introduced into Stage 4, which is closer to the final classification
decision and has stronger semantic abstraction ability. Through the differential attention
branch, the model can enhance class-discriminative responses in deep window attention,
helping it distinguish visually similar varieties. In the ablation experiment, Swin-Diff
improves Accuracy and Weighted-F1 compared with the Swin baseline, indicating that Diff
Attention alone brings limited improvements. Swin-Diff shows only small single-run gains
in Accuracy and Weighted-F1, so the effect of Diff Attention alone should be interpreted
cautiously. However, the improvement is small, and its stability should be judged together
with the results of the combined model.

The effectiveness of DCA is mainly reflected in middle-level feature reuse. This
module is introduced into Stage 3 and uses dynamic residual channel routing from anchor
blocks to target blocks, enabling the model to adaptively select useful channels according
to the current sample. Since Stage-3 features still contain rich texture, boundary, and color
variation information, DCA helps alleviate the weakening of these local details during
deep abstraction. Although Accuracy and Weighted-F1 improve when DCA is used alone,
its Macro-F1 slightly decreases, indicating that DCA alone is more helpful for overall
prediction than for class-balanced recognition of minority or difficult categories. Therefore,
the effect of DCA should be interpreted together with differential attention rather than as
an independent solution to long-tailed fine-grained classification.

The combination of Diff Attention and DCA achieves the best results on the current
test set, supporting the judgment that the two modules have certain complementarity
in this task. DCA mainly enhances middle-level local feature transmission, while Diff
Attention mainly enhances high-level differential attention responses. The former provides
richer local discriminative cues, and the latter strengthens inter-class differences before
classification decision-making. By combining the two modules, the model can use both
middle-level details and deep semantic discriminative information, achieving the best
Accuracy, Macro-F1, and Weighted-F1.
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4.3. Interpretability Analysis

To further analyze the model’s decision basis, this paper uses Grad-CAM [21] to
compare the visualization results of the Swin Transformer baseline and Swin-Diff-DCA.
The visualized samples include correctly classified samples and misclassified samples. By
comparing the heatmap regions of the two models, this analysis observes whether the
proposed model pays more attention to discriminative regions related to soybean seed
texture, edge morphology, and local color differences.

From Figure 6, it can be observed that Swin-Diff-DCA places more heatmap responses
on the seed body, edge, texture, and color variation regions in some correctly classified sam-
ples, while the responses of the Swin baseline are relatively more scattered or background-
influenced in some cases. This observation suggests that the proposed modules may help
enhance the model’s ability to represent fine-grained discriminative features. However,
Grad-CAM is mainly a qualitative visualization tool, and the heatmap results should
be regarded as auxiliary evidence rather than direct proof of the internal mechanism of
the model.

Original Swin Swin + Diff + DCA

s1
(nn60)

Ss2
(nn60)

Figure 6. Grad-CAM visualization comparison between Swin Transformer and Swin-Diff-DCA. The
middle panels show representative correctly classified cases, while the right panels show representa-
tive incorrectly classified cases.

4.4. Limitations

Although the proposed Swin-Diff-DCA model achieves the best performance on the
current test set, it still has certain limitations. First, the test set contains 1511 images
covering 25 classes, which is still limited for comprehensively evaluating model robustness.
Some classes have very few test samples. For example, jd17 has only 4 samples, zd59 has
11 samples, and zd51 has 12 samples. For these low-sample classes, a small number of
prediction errors can cause obvious fluctuations in Precision, Recall, and F1-score. Therefore,
the corresponding metrics should not be overinterpreted.

Second, the current results should be interpreted in relation to real-world soybean seed
inspection scenarios. The proposed two-stage framework is applicable to scenarios such
as laboratory seed variety verification, germplasm sample archiving, and batch-level seed
quality inspection, where images can be acquired under relatively controlled conditions
and candidate seed regions can be verified or cleaned before classification. In such sce-
narios, YOLO-based localization and cropped-image classification can reduce background
interference and support efficient screening. However, the present evaluation is still limited
because it is based on manually verified, cropped, and cleaned soybean seed images rather
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than original whole images in an uncontrolled deployment pipeline. In practical use,
detection-box quality, incomplete cropping, overlapping seeds, image blur, illumination
changes, background variation, device differences, and unknown or low-sample varieties
may affect the final recognition results. Therefore, the reported classification performance
should be regarded as evidence for the cropped-image classification stage, and future
deployment requires independent evaluation of the complete YOLO detection, cropping,
and classification pipeline under real inspection conditions.

Third, the current experiments mainly demonstrate the effectiveness of the model
under this data split, but its generalization ability across years, locations, devices, and ac-
quisition environments has not yet been verified. The appearance of soybean seeds may be
affected by growth environment, acquisition device, shooting conditions, and sample pro-
cessing methods. Therefore, validation on external independent datasets is needed in future
work to further support the application value of the model in real agricultural scenarios.

Future work should first expand data for low-sample classes, especially zd51, zd59,
and jd17, and then evaluate class-balanced loss, focal loss [22], resampling, or hard example
mining as separate experimental variables. Metric learning [23,24] or contrastive learning
can also be explored to enlarge feature distances among visually similar varieties such
as the zd-series classes. In addition, more interpretability analysis can be used to verify
whether the model consistently focuses on effective discriminative regions such as the
hilum, texture, edge morphology, and color variation.

Although this paper reports the parameter number, FLOPs, model size, and single-
image inference time of the evaluated models, the current efficiency analysis is still limited
to the classification stage under a fixed testing environment. The reported inference time
may vary across hardware platforms, software frameworks, batch sizes, and deployment
settings. Therefore, future work should further evaluate the complete YOLO detection,
cropping, and classification pipeline on target deployment devices, so as to better assess
the practical efficiency of the whole soybean variety recognition system.

5. Conclusions

This study constructs a cascaded soybean variety recognition process consisting of
YOLO-based object localization, manual verification and cropping, and fine-grained variety
classification. The quantitative results reported in this paper mainly reflect the performance
of the classification model on manually verified, cropped, and cleaned soybean seed images,
rather than the deployment-level performance of a fully end-to-end recognition system on
original whole images. This design explicitly separates target localization, sample quality
control, and cropped-image classification, allowing the classification model to focus on
soybean seed regions rather than background, scale variation, or irrelevant image content.

To improve cropped soybean variety classification, this paper proposes Swin-Diff-DCA
based on Swin Transformer. Dynamic Channel Aggregation (DCA) is introduced in Stage 3
and implemented as a dynamic residual channel routing mechanism to reuse middle-level
texture, color-boundary, contour, and local structural information. Diff Attention is injected
into the Stage-4 window attention to strengthen deep differential response modeling for
visually similar varieties. These two modules act on middle-level feature reuse and deep
discriminative enhancement, respectively, forming a complementary structure for fine-
grained soybean classification.

Under the current data split and evaluation protocol, Swin-Diff-DCA achieves average
results of 87.18% Accuracy, 82.33% Macro-F1, and 87.44% Weighted-F1 across three random
seeds on 25 soybean varieties and 1511 test images, outperforming RegNet, ResNet-50, ViT,
the Swin Transformer baseline, and the single-module Swin variants. The ablation results
show that Diff Attention and DCA provide complementary benefits when combined, while
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the confusion matrix and per-class metrics indicate that low-sample and visually similar
classes such as zd51, zd59, jng20839, zd53, and zd57 remain the main sources of errors.

Future work should expand the number and diversity of samples for difficult classes,
evaluate class-imbalance strategies as separate experimental variables, and verify gener-
alization across different years, devices, and acquisition environments [25]. In addition,
future work should further evaluate the complete end-to-end detection—classification
pipeline, including detection quality, cropping reliability, and inference efficiency on target
deployment devices, before making deployment-oriented claims.
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The following abbreviations are used in this manuscript:

Al Artificial intelligence
CNN Convolutional neural network
DCA Dynamic Channel Aggregation
Diff Attention Differential attention
FLOPs Floating-point operations
Grad-CAM Gradient-weighted Class Activation Mapping
HSV Hue, saturation, and value
ViT Vision Transformer
YOLO You Only Look Once
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