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ABSTRACT

To address the limitations of existing detection methods for imperfect maize kernels during grain acquisition
and storage — specifically limited detection categories, difficulty in identifying minute defects, insufficient
robustness in individual kernel extraction, and incomplete information from single-view inspection — this paper
proposes a multi-stage detection method based on CALFNet. The proposed method begins with image
acquisition using a standardized imaging system, followed by a single-kernel extraction model that integrates
YOLOv8 with the watershed algorithm to segment densely distributed maize kernels. The Hungarian algorithm
is then employed to automatically match the front and back images of the same kernel. Based on this process,
a dual-stream feature fusion classification network, CALFNet, was constructed, integrating EfficientNet-B0 and
MobileNetV2 to fuse visual information from both sides of the kernels. A GUI-based detection system was
subsequently developed, and the DeepSeek V3 large language model was incorporated to analyse the
classification results, enabling the automatic generation of quality evaluation reports and production guidance
recommendations. Experimental results show that the CALFNet model achieved a classification accuracy of
99.16% on the test set, outperforming the comparative models. In a full-pipeline integrated test on 506 real-
world samples, the overall recognition and classification accuracy reached 96.05%. This study provides a
feasible solution for the intelligent assessment of maize quality.
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INTRODUCTION

Maize is a cornerstone of global food security and industrial development (Erenstein et al., 2022).
Establishing rapid detection technologies for imperfect kernels is essential for ensuring food safety and
determining grain grades during acquisition (Nie et al., 2022). While machine vision has significantly improved
the automation of kernel inspection over manual methods (Wang et al., 2023), the complex morphology of
defective kernels in diverse environments makes traditional segmentation based on fixed thresholds highly
unreliable (Guo et al., 2023). Consequently, deep learning has become critical for robust feature learning (Yao
etal., 2022).

Currently, deep learning applications in this field typically utilize single-stage or multi-stage algorithms.
Single-stage models achieve high real-time performance (Liu et al., 2024; Zhang et al., 2024; Telgeken et al.,
2024), but their single-view nature frequently misses unexposed asymmetric damages.
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Multi-stage algorithms address this by decoupling detection into kernel singulation and classification.
However, during the singulation stage, methods relying on manually crafted features—such as HSV colour
space (Yao et al., 2025), traditional watershed (Wang et al., 2021), or adaptive thresholds (Ni et al., 2019)—
lack robustness when extracting densely adhered kernels. Furthermore, in the subsequent classification stage,
because defects vary drastically from macroscopic morphological changes to microscopic local lesions,
existing single-backbone networks (Chen et al., 2023) struggle to simultaneously capture both global semantic
layouts and local detailed textures effectively (Dong et al., 2025).

Beyond the limitations in visual detection, existing inspection systems face a critical usability bottleneck
in practical grain storage applications. Conventional machine vision systems are predominantly designed to
output discrete quantitative data, such as the count and proportion of defective kernels (Nie et al., 2022; Wang
et al., 2023). For non-expert operators, these statistical metrics lack intuitive meaning. Consequently, there
remains a significant gap between obtaining quantitative classification results and making qualitative,
actionable decisions (Kumar & Kumar, 2024). Recently, Large Language Models (LLMs) have demonstrated
remarkable capabilities in data interpretation and context-aware reasoning through prompt engineering (Son
& Lee, 2025), offering a promising avenue to bridge this gap and provide intelligent decision support.

To address these limitations, this study presents a multi-stage detection and decision-support system.
First, YOLO v8 is integrated with a watershed algorithm for kernel singulation, and the Hungarian algorithm is
utilized for front-to-back image matching to address single-view information loss. Next, a dual-stream network,
CALFNet, is constructed by combining EfficientNet-BO and MobileNet V2. Through a cross-modal attention
mechanism, CALFNet fuses global morphological features with local defect details for classification. Finally,
the DeepSeek V3 large language model is incorporated to translate quantitative detection statistics into
qualitative evaluations and processing recommendations, aiming to provide direct decision support for grain
storage management.

MATERIALS AND METHODS
Detection Device Design

To achieve standardized image acquisition, a dual-view detection device was designed, comprising a
darkroom, dual light sources, and a transparent acrylic tray (300X200 mm), as shown in Fig. 1. Two high-
resolution cameras (Model KS50M-778 with IMX766 sensor, 8160 X 6120 pixels) are positioned symmetrically
above and below the tray. To prevent light interference, a sequential lighting strategy is employed, activating
the upper and lower lights alternately to capture dorsal and ventral images respectively. Specific parameters
are listed in Table 1.

light source
high-resolution camera
placement tray s
Fig. 1 - Detection device
Table 1
Camera specifications
Parameter Type Parameters
Horizontal Field of View 6y 72°
Vertical Field of View 6, 55°
Max Image Resolution 8160 x 6120 pixels
Shutter Mode rolling shutter
Pixel Size p; 0.001 mm
Focal Length f 4.2 mm
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The ideal Working Distance (WD) of the camera must fall within an interval defined by two core
boundary conditions: the upper limit determined by imaging resolution requirements and the lower limit
determined by Field of View (FOV) coverage requirements (Bugatti & Colosimo, 2022). The standard input
image size for image classification models like EfficientNet-B0 is 224 X 224 pixels. According to the literature,
the average length of common maize kernels is approximately 11.1 mm, the width is 8.1 mm, and the thickness
is 4.5 mm (Ji et al., 2024). To implement dual-sided detection, horizontally splicing the front and back images
is a common practice; thus, it is considered that the long edge should occupy at least 224 pixels in the acquired
image. Object-space Resolution refers to the actual physical dimensions corresponding to a single pixel on
the object plane. A greater working distance results in a larger object-space resolution value (i.e., lower
precision). Based on this, the relationship between object-space resolution, the minimum pixel coverage, and
the target object size can be constructed as:

R, =So - Amm 4955 ixel 1
obj — N, ~ 224 pixels mm/pixe (1)

Subsequently, based on the ideal Pinhole Camera Model and the principle of similar triangles,
introducing the pixel size (ps) and focal length f, the relationship with the maximum working distance (WDmax)
is established as:

Robj

WDpax = DS X f= 208.1 mm 2)

The camera must be installed at a sufficient distance to ensure its field of view completely covers the
entire target working area. The minimum working distance is determined jointly by the field of view and the
field of view angle. The longitudinal minimum working distance WDV min and the transverse minimum working
distance WDH min can be calculated respectively, and the larger of the two is taken as the minimum working
distance:

W Dy min = FOV—H/Z ~ 206.5 mm 3)
tan(0y/2)

WDy min = FOW/Z_ 1921 mm (4)
tan(8y,/2)

WD = max(W Dy min, WDy min) = 206.5 mm (5)

Therefore, the camera installation height should be 206.5 mm < WD < 208.1 mm.

The camera was installed according to the theoretical distance, and a calibration board was used for
testing, as shown in Fig. 2. The results indicate that the image field covers the required range with minimal
distortion.

R

Fig. 2 - Image acquisition performance

Singulation and Matching

To achieve precise singulation, a "Coarse-to-Fine" strategy is adopted. First, a YOLO v8m model,
trained on 1,631 images containing 66,957 labeled targets, is employed to locate kernels and generate
Regions of Interest (ROI) (Fig.4a). The model achieved a mean Average Precision (mAP) of 99.0% after 100
epochs (Fig.3). Subsequently, a Marker-Controlled Watershed algorithm is applied within each ROI. High-
confidence foregrounds are identified via Distance Transform on HSV-extracted masks (Fig. 4b), serving as
markers to guide the watershed algorithm in separating adhered boundaries (Fig.4c). The central connected
component is then selected and uprightly cropped via affine transformation (Fig.4d).
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Fig. 3 - Training process
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Matching front and back images are formulated as a minimum weight perfect matching problem in a
weighted bipartite graph. Vertices represent kernel instances from both views, and edge weights are defined
by the Euclidean Distance between their geometric centres, where smaller distances indicate higher
correspondence probability (Zhong et al., 2014). The Hungarian Algorithm is employed to optimize this
matching, establishing a global one-to-one correspondence as shown in Fig. 5.

(a) (b) (c) (d)

Fig. 4 (a) Original image of adherent kernels; (b) Distance transform;
(c) Generated segmentation boundaries; (d) Target kernel masks

Fig. 5 - Matching performance post-alignment

Classification Model Design and Dataset Construction
Model Design

To achieve maize kernel classification based on dual-sided images, this paper proposes the CALFNet
(Cross Attention and Lightweight Fusion Network) model. As shown in Fig. 6, the overall structure comprises
three key components: a feature extraction network, a feature fusion network, and a classifier.
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Fig. 6 - The architecture of the CALFNet model

classifier

Maize imperfect kernel recognition is a task that requires simultaneous consideration of local details,
such as edges and textures, and global semantics, such as overall layout and colour distribution. EfficientNet-
B0 and MobileNet V2 possess distinct design philosophies and technical implementations, enabling them to
provide complementary feature representations for the model across different dimensions (Ochoa-Ornelas et
al., 2024). To integrate the feature extraction results from EfficientNet-BO and MobileNet V2, this paper
designed a feature fusion network. This network consists of three sub-modules: Cross-Modal Attention,
Adaptive Fusion, and Normalization, which achieve feature enhancement, dynamic combination, and
numerical stability, respectively.

The Cross-Modal Attention module draws on the multi-head attention concept from Transformers
(Vaswani et al., 2017). Given two input features provided by EfficientNet-BO and MobileNet V2, respectively,
the module generates Queries (Q), Keys (K), and Values (V) through fully connected layers. It then calculates
a weighted output based on dot-product attention to enhance the interactive expression capability between

features. Its mathematical model can be expressed as:

Q = WX
K = WkY Wq' Wk,VVUER1280X128O (6)
V=wy
. QK"
Attention(Q,K,V) = softmax <\/d_k> %4 (7

The Adaptive Fusion module dynamically adjusts the weights of the two enhanced features through a
gating network. As shown in Fig. 7, the gating network consists of two fully connected layers and a GELU
activation function, outputting a weight vector to achieve weighted fusion. Finally, the fused features are
processed through Layer Normalization to improve training stability.

> Wy

FC Layer
GELU()
FC Layer
softmax()

L w,

I
i ]_,

Fig. 7 - Gated network architecture

The classifier in this paper adopts a sequential fully connected network, with the specific structure shown
in Fig. 8. It consists of two linear transformation layers and regularization modules. The first layer maps the
input feature dimension from 1280 to a 512-dimensional latent space, followed by Batch Normalization and
the Gaussian Error Linear Unit (GELU) to achieve feature standardization and non-saturating activation. To
suppress overfitting in the high-dimensional latent space, Dropout is introduced. The second layer further
projects the latent space features into an 8-dimensional class probability space to complete the classification.
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Fig. 8 - Classifier architecture

Dataset Construction and Augmentation

This paper utilizes the "GrainSet" open-source dataset, which contains a relatively rich set of samples
(Fan et al., 2023). The classification process for the grain samples strictly follows the ISO 5527 cereals
vocabulary standard, with labelling completed through manual classification. The dataset includes a training
set and a test set, totalling 19,000 samples, with 17,100 samples in the training set and 1,900 samples in the
test set (10% for each category). The dataset covers 8 categories corresponding to different types of maize
kernels, including Normal (NOR), Fusarium (F&S), Sprouted (SD), Mouldy (MY), Broken (BN), Attacked by
pests (AP), Heat Damaged (HD), and Impurities (IM). The specific distribution is shown in Fig. 9.
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Fig. 9 - Distribution of sample categories

To improve the model's generalization performance, a systematic data augmentation strategy was
adopted. All input images were first normalized to 224 X 224 pixels. To reduce the risk of model failure caused
by varying kernel poses, random flipping and random rotation were applied with a probability of 50%. To
simulate lighting and colour variations, random adjustments were made to brightness, contrast, saturation, and
hue. Additionally, grayscale conversion was combined with a probability of 10% to eliminate colour interference
and encourage the model to focus appropriately on learning structural features. These data augmentation
strategies help avoid interference from minor image features, enabling the model to better learn more universal
and important features, thereby improving its generalization performance.

Classification Model Training

The model training and testing environment was an Ubuntu 20.04.6 LTS system platform equipped
with an 8-core Intel Xeon Platinum 8255C processor (2.50 GHz), 32 GB of RAM, and 50 GB of disk space.
The GPU used was an NVIDIA Tesla T4 (16 GB video memory), with driver version 525.105.17 and CUDA
version 11.7.99. The training employed a Batch Size of 64 samples per batch for a total of 50 epochs.

During the training process, the Train Loss, Train Accuracy, Test Loss, and Test Accuracy for all
training epochs were calculated and saved. The training process is shown in Fig. 10. In the initial stage, the
model converged rapidly; by the 8th epoch, the training loss significantly decreased to 0.0708, the training set
classification accuracy increased to 97.93%, and the test set classification accuracy reached 98.00%. The loss
and accuracy stabilized at high levels, with classification performance fluctuating slightly but trending towards
further improvement overall. By 50 epochs, the model had fully converged, and the performance gap between
the training and test sets was small, indicating no need for further training.
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Fig. 10 - Training process

Generation of Quality Evaluation Based on Large Language Model

To bridge the gap between quantitative classification data and qualitative decision-making for non-
experts, this study introduces a Large Language Model (LLM) to generate actionable evaluation reports. As
illustrated in Fig. 11, the core methodology relies on Prompt Engineering strategies to transform visual
detection results into context-aware information (Son & Lee, 2025). The process involves aggregating
statistical data into a structured summary, which is then injected into a prompt template.

This template utilizes Role-Playing (e.g., "senior agricultural expert") and Task Constraints to guide
the DeepSeek V3 model in generating a standardized report comprising "Overall Evaluation, Problem Analysis,
and Processing Recommendations" via an API interface. A moderate temperature coefficient is applied to
balance output certainty and diversity.
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Fig. 11 - Diagram of the evaluation generation process

System Integration

To integrate and validate the collaborative capability of the proposed multi-stage algorithms and to
visually demonstrate the end-to-end detection process and performance in a systematic manner, this paper
designed an imperfect kernel detection system.
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The system integrates the proposed modules: standardized image acquisition, kernel singulation and
matching, and dual-stream feature fusion classification. A Graphical User Interface (GUI) was designed,
allowing users to upload maize kernel images collected from the standardized image acquisition device, as
shown in Fig. 12. The system automatically completes image segmentation extraction and kernel sample
image classification, as shown in Fig. 12(a), and displays the evaluation generated by the Large Language
Model (LLM), as shown in Fig. 12(b).

Image Analysis Results & Advice
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Fig. 12 - Detection system interface: (a) Image analysis interface; (b) Results and recommendations

RESULTS
Classification Model Performance Verification
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Fig. 13 - Confusion matrix

The classification performance of the CALFNet model on specific categories was evaluated using the
test set. The confusion matrix is shown in Fig. 13. Precision, Recall, and F1-score were adopted as evaluation
metrics, with results presented in Tab. 2. The model achieved over 98% accuracy in all 8 categories, with an
average Precision of 99%, an average Recall of 98.2%, and an average F1-score of 98.6%, indicating high
stability and robustness in the overall classification task.

Table 2

Classification performance evaluation

Evaluation Metric AP BN F&S HD IM MY NOR SD Average

Precision 100% | 98% | 98% | 100% | 100% | 97.9% | 99.1% | 99% 99%
Recall 99% | 100% | 100% | 96% | 99.7% | 91% | 99.9% | 100% 98.2%
F1-score 99.5% | 99% | 99% | 98% | 99.8% | 94.3% | 99.5% | 99.5% | 98.6%
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Table 3

Model comparison results

Model Accuracy | Avg Precision | Avg F1-score | Parameters
This Model | 99.16% 99.01% 98.58% 23.29 M

AlexNet 93.95% 93.32% 90.46% 57.04M
ResNet50 | 96.68% 95.11% 93.87% 23.52M

VGG16 96.58% 96.04% 93.56% 134.29M

To further verify the performance of the CALFNet model, this paper conducted comparative
experiments with three benchmark models (AlexNet, ResNet50, and VGG16). The results are shown in Tab.
3. CALFNet achieved the highest accuracy, average Precision, and average F1-score, significantly
outperforming the other models. Compared to AlexNet, CALFNet improved accuracy by approximately 5.2%
and the F1-score by 8.1%, demonstrating stronger classification capability. Compared to ResNet50 and
VGG16, CALFNet improved accuracy by 2.5% and 2.6% respectively, while maintaining a higher F1-score. In
terms of parameter size, CALFNet is 23.29M, which is close to ResNet50 but far lower than VGG16 and
AlexNet. This indicates that CALFNet maintains moderate model complexity while delivering high performance,
balancing computational efficiency and detection accuracy.

Feature Extraction Module Visualization

AP

Original

(a8)_

MobileNet EfficientNet

»
L 4

(c6) ) (c8)

(cl) (c2) (c3) (c4) (c5)

Fig. 14 - Visualization of Grad-CAM for different seed categories, where (a1)-(a8) are the original images.
(b1)-(b8) and (c1)-(c8) are the activation heatmaps from the EfficientNet and MobileNet branches, respectively

To verify the complementarity of the dual-stream network, this study employed Grad-CAM to visualize
the specific regions of interest for each feature extraction module (Selvaraju et al., 2020). As shown in Fig. 14,
the generated heatmaps reveal distinct attentional focuses: EfficientNet-BO generally targets global
morphological features and edges, whereas MobileNet V2 demonstrates higher sensitivity to local details and
"hard damage" features, such as fractures in Broken (BN) kernels or colour variations in Sprouted (SD) kernels.
These differences confirm that the two backbones effectively capture complementary feature representations
for complex imperfect kernel detection.
Ablation Study

An ablation study was conducted to evaluate the performance of the CALFNet model and its key
components in the maize imperfect kernel detection task. The results are shown in Tab. 4. The proposed
model achieved the highest Accuracy, Average Precision, and Average F1-score, significantly outperforming
variants using only EfficientNet-BO, MobileNet V2, or a simple attention mechanism.

Table 4
Results of the ablation study
Model Accuracy | Avg Precision | Avg F1-score
This Model 99.16% 99.01% 98.58%
EfficientNet-BO 98.58% 97.77% 97.42%
MobileNetV2 98.58% 97.46% 97.24%
Using Simple Attention | 97.00% 95.95% 95.00%
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The complete model improved Accuracy and F1-score by approximately 0.6% and 1.2% respectively
compared to EfficientNet-BO and MobileNet V2, indicating that the fusion module and cross-attention
mechanism significantly enhanced classification performance. Compared to the variant using a simple
attention mechanism, the complete model improved classification accuracy by approximately 2.2% and the
F1-score by approximately 3.6%, validating the contribution of the complex attention mechanism and adaptive
fusion design to performance.

Integrated Test

To simulate normal operating conditions and further verify the reliability of the integrated system, a
total of 2.5 kg of maize kernels from the Heilongjiang production area were selected. Imperfect kernels were
manually screened from this batch, yielding 206 imperfect kernels covering five categories: Normal (NOR),
Broken (BN), Heat Damaged (HD), Sprouted (SD), and Attacked by pests (AP). Additionally, 300 normal kernel
samples (approximately 1.5 times the number of imperfect kernels) were taken, totalling 506 samples. The
imperfect kernel detection system constructed in this paper was used for detection. The normalized confusion
matrix is shown in Fig. 15. For the three major categories—Normal (NOR), Broken (BN), and Heat Damaged
(HD)—which were more numerous in the sample, the recognition accuracy reached 96.7%, 96.6%, and 85.2%,
respectively, with an overall accuracy of 96.05%.

NOR QEURCLYEN 0.030 0.000 0.000 0.000 0.000 0.003

BN 0.000 0.000 0.000 0.000 0.000 0.8
W- 0,111 0.037 JENCEZM 0.000 0.000 0.000 0.000
0.6

SD- 0.000 0.000 0.000 0.000 0.000 0.000

True Class

AP- 0.000 0.000 0.000 0.000 0.000

F&S- 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.2

MY- 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0.0
S & & & & & 9
Predicted Class

Fig. 15 - Confusion matrix

CONCLUSIONS

This study addresses the critical challenges in maize quality inspection, particularly the limitations of
fine-grained segmentation and incomplete single-view information. By integrating YOLO v8 with the watershed
algorithm, the proposed method achieves robust kernel singulation in complex backgrounds. Furthermore, the
implementation of the Hungarian algorithm effectively facilitates front-to-back image matching, while the
CALFNet dual-stream feature fusion network provides comprehensive recognition of various imperfect kernels,
including mildewed, broken, and insect-damaged samples.

To validate the practical feasibility of these algorithms, an end-to-end intelligent detection system was
developed and integrated with a GUI. A key innovation of this system is the incorporation of the DeepSeek V3
large language model, which transforms quantitative classification data into intuitive, expert-level qualitative
evaluations and handling recommendations. Experimental results demonstrate that the CALFNet model
achieves a classification accuracy of 99.16% on the test set, significantly outperforming benchmark models
like AlexNet and ResNet50. Integrated tests on 506 real-world samples further confirm the system's
robustness, reaching an overall accuracy of 96.05% in practical scenarios.

Despite these advancements, certain limitations remain to be addressed in future research. The current
system’s processing speed could be further optimized to meet the high-throughput requirements of large-scale
industrial grain pipelines. Additionally, while the DeepSeek V3 integration provides valuable insights, future
work will focus on fine-tuning the model with more diverse agricultural datasets and exploring the deployment
of the entire pipeline on edge computing devices to enhance real-time performance in remote storage facilities.
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