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Abstract: Accurate identification of millet varieties was essential for improving food quality assessment, agricultural productivity,
post-harvest management, and intelligent grain processing systems. Conventional manual classification methods are often time-
consuming, dependent on expert knowledge, and affected by visual similarities among different millet categories. This research
proposes an efficient Deep Feature Fusion-Based Convolutional Neural Network (DFF-CNN) framework for automated multi-
class millet classification using digital grain images. The developed approach integrates hierarchical feature extraction and multi-
level feature fusion to combine low-level textural characteristics with high-level semantic representations, enabling improved
discrimination among visually similar millet varieties. The image dataset consisting of multiple millet classes was subjected to
preprocessing operations including resizing, normalization, noise reduction, and augmentation to enhance image quality and model
robustness. The proposed architecture utilizes convolutional feature extraction, feature fusion, attention-based refinement, global
average pooling, and Softmax-based classification to achieve accurate recognition. The performance of the developed model was
evaluated using multiple evaluation parameters, including accuracy, precision, recall, F1-score, specificity, Matthews Correlation
Coefficient, Cohen’s Kappa, confusion matrix, and ROC-AUC analysis. Experimental results demonstrate that the proposed
framework achieves superior classification capability with high prediction reliability and strong generalization performance
compared with conventional deep learning architectures. The generated feature representations effectively capture important grain
characteristics such as texture patterns, morphological structures, and surface variations, resulting in reduced classification errors
among millet categories. The proposed intelligent classification framework provides a scalable solution for automated grain
inspection, food authentication, precision agriculture, and smart agricultural decision-support applications.

Keywords: Deep Feature Fusion; Convolutional Neural Network; Millet Classification; Agricultural Image Processing; Deep
Learning; Precision Agriculture
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Agricultural production plays a fundamental role in ensuring global food security, nutritional sustainability, and
rural economic development. Among cereal crops, millets have gained considerable attention because of their
exceptional nutritional composition, climate resilience, and adaptability to marginal farming conditions. Millets
contain high concentrations of dietary fiber, proteins, essential minerals, antioxidants, and micronutrients, making
them valuable components of balanced diets and functional foods. Increasing awareness of healthy food consumption
has accelerated the global demand for millet-based products, leading to expanded cultivation and commercialization
across many countries [1]. Finger millet, pear]l millet, foxtail millet, little millet, barnyard millet, kodo millet, proso
millet, and sorghum represent major millet varieties that contribute significantly to food systems in Asia and Africa.
Accurate identification of these millet varieties remains an essential requirement throughout cultivation, harvesting,
storage, processing,

packaging, and marketing. Visual similarities among different millet grains often create substantial challenges
for manual inspection, particularly when grain size, color, texture, and shape exhibit only subtle variations. Human
inspection depends heavily on domain expertise, environmental lighting conditions, and operator experience, resulting
in inconsistencies, reduced efficiency, and increased processing time. Large-scale grain processing industries require
automated classification systems capable of delivering rapid, reliable, and consistent identification without subjective
judgment. Automated millet classification supports quality assurance, minimizes adulteration, improves traceability,
enhances market value, and facilitates precision agriculture through intelligent decision-support systems [2]. Growing
investments in smart agriculture, artificial intelligence, and digital food inspection have accelerated research toward
computer vision-based grain recognition technologies capable of addressing these industrial challenges with greater
accuracy and operational efficiency.

Traditional grain classification systems have primarily relied on handcrafted feature extraction methods
combined with conventional machine learning algorithms for pattern recognition. Such approaches generally involve
multiple sequential stages including image acquisition, preprocessing, segmentation, feature extraction, feature
selection, and classification. Shape descriptors, color histograms, geometric measurements, statistical texture features,
Gray Level Co-occurrence Matrix (GLCM), Local Binary Pattern (LBP), Histogram of Oriented Gradients (HOG),
Scale-Invariant Feature Transform (SIFT), and wavelet-based descriptors have been widely adopted to characterize
cereal grain morphology [3]. Classifiers such as Support Vector Machines, Random Forests, Decision Trees, K-
Nearest Neighbors, Artificial Neural Networks, and Naive Bayes have demonstrated satisfactory performance under
controlled laboratory environments. Classification accuracy often deteriorates when image backgrounds, illumination
conditions, grain orientation, occlusion, or intra-class variability become increasingly complex. Manual feature
engineering demands substantial domain expertise and frequently overlooks subtle discriminative characteristics
required for distinguishing visually similar millet varieties. Independent optimization of preprocessing and feature
extraction stages also increases computational complexity while limiting adaptability across diverse datasets.
Performance degradation becomes particularly evident when large-scale datasets exhibit significant variation in grain
appearance caused by cultivation practices, maturity levels, storage conditions, or imaging equipment. These
limitations have motivated researchers to investigate automated representation learning techniques capable of
extracting hierarchical and highly discriminative image features without extensive manual intervention [4]. Deep
learning has consequently emerged as a transformative paradigm for agricultural image analysis because of its
capability to learn complex visual representations directly from raw image data through end-to-end optimization.

Recent advances in deep learning have significantly transformed computer vision applications across
agriculture by enabling automatic feature learning from complex image datasets. Convolutional Neural Networks have
demonstrated remarkable success in crop classification, plant disease diagnosis, fruit recognition, weed detection, seed
quality assessment, and food authenticity verification. Architectures including AlexNet, VGGNet, GoogLeNet,
ResNet, DenseNet, MobileNet, EfficientNet, Inception, and ConvNeXt have consistently achieved superior
performance compared with conventional machine learning approaches owing to their capability to learn hierarchical
spatial representations from large-scale image collections [5]. Lower convolutional layers generally capture
fundamental visual patterns including edges, corners,
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gradients, and textures, whereas deeper layers encode increasingly abstract semantic information associated
with object identity and structural characteristics. Agricultural image datasets frequently contain subtle visual
differences that require simultaneous exploitation of both low-level texture information and high-level semantic
representations. Standard CNN architectures primarily utilize the deepest feature maps for final prediction, reducing
the contribution of informative intermediate representations generated throughout earlier network layers. Such
information loss becomes particularly critical during fine-grained classification tasks involving visually similar millet
varieties that differ only through minor texture variations, surface roughness, grain curvature, or color intensity [6].
Recent research has therefore emphasized multi-scale learning, attention mechanisms, residual connectivity, dense
feature propagation, and hierarchical feature aggregation to improve discriminative capability. Integrating
complementary information from multiple feature levels enables deep learning models to achieve stronger
generalization, enhanced robustness against environmental variability, and improved classification accuracy across
challenging agricultural imaging scenarios.

Deep feature fusion has emerged as an effective strategy for combining complementary representations
extracted from different convolutional stages to maximize classification performance. Feature fusion techniques
integrate shallow texture descriptors with deeper semantic information, allowing neural networks to exploit both local
structural characteristics and global contextual knowledge during decision making. Multi-branch convolutional
architectures, feature pyramid networks, skip connections, channel attention mechanisms, spatial attention modules,
squeeze-and-excitation blocks, concatenation layers, weighted fusion strategies, and transformer-assisted aggregation
have demonstrated promising improvements across numerous fine-grained visual recognition problems [7].
Agricultural applications involving seed identification present unique challenges because numerous grain varieties
exhibit nearly identical geometric structures while differing only through subtle variations in texture, color
distribution, and surface morphology. Efficient feature fusion enables stronger representation learning by preserving
discriminative information generated across different receptive fields and hierarchical depths. Data augmentation
techniques including rotation, scaling, brightness variation, flipping, random cropping, contrast adjustment, and noise
injection further enhance model robustness by increasing sample diversity and reducing overfitting during network
training [8]. Explainable Artificial Intelligence techniques including Gradient-weighted Class Activation Mapping
provide additional confidence by highlighting image regions contributing to classification decisions, thereby
improving model transparency and supporting practical deployment within agricultural industries. Efficient network
design simultaneously addresses computational complexity, memory consumption, inference speed, and deployment
feasibility for resource-constrained environments including embedded agricultural devices, portable inspection
systems, and intelligent sorting machinery operating under real-time conditions.

The present research introduces an efficient Deep Feature Fusion-Based Convolutional Neural Network
designed specifically for multi-class millet classification using high-resolution grain images. The proposed framework
integrates parallel convolutional feature extraction modules with hierarchical feature fusion mechanisms to preserve
discriminative information captured across multiple abstraction levels. Batch normalization, nonlinear activation
functions, global average pooling, dropout regularization, and fully connected classification layers collectively
enhance feature learning while reducing overfitting and improving generalization performance. Extensive

image preprocessing and augmentation strategies strengthen robustness against variations in illumination, grain
orientation, imaging distance, and background complexity encountered during practical agricultural operations [9].
Experimental evaluation considers multiple millet categories including finger millet, pearl millet, foxtail millet,
barnyard millet, little millet, kodo millet, proso millet, and sorghum to demonstrate comprehensive multi-class
recognition capability. Model performance assessment employs diverse quantitative metrics including accuracy,
precision, recall, Fl-score, specificity, Matthews Correlation Coefficient, Cohen's Kappa coefficient, Receiver
Operating Characteristic analysis, Area Under the Curve, confusion matrix evaluation, inference time, computational
complexity, and model efficiency. Comparative experiments against established deep learning architectures validate
the effectiveness of hierarchical feature fusion for improving classification accuracy while maintaining computational
efficiency [10]. The proposed framework contributes an intelligent, scalable, and interpretable solution capable of
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supporting automated grain inspection, precision agriculture, food quality monitoring, digital authentication, post-
harvest management, and smart agricultural decision-support systems, thereby advancing the application of deep
learning technologies in sustainable agricultural production and intelligent food processing environments.

2. Research Gap

Existing studies on cereal and millet classification primarily focus on conventional convolutional neural
networks or transfer learning models that utilize only the final-layer feature representations, resulting in inadequate
exploitation of complementary shallow and deep features required for fine-grained millet discrimination. Limited
attention has been given to efficient deep feature fusion frameworks capable of preserving multi-scale texture and
semantic information simultaneously [11]. Comprehensive evaluations involving multiple millet classes,
computational efficiency, explainable artificial intelligence, and robustness under varying illumination, orientation,
and background conditions remain insufficient. An efficient, interpretable, and lightweight deep feature fusion
architecture for accurate multi-class millet classification continues to represent an important research need.

3. Research Methodology
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Figure 1: Research Methodology Multi-Class Millet Image Dataset Construction and Preprocessing

A multi-class millet image dataset was constructed to support the development of an efficient deep learning
model for millet classification. Eight commonly cultivated millet varieties, namely Finger Millet, Pearl Millet, Foxtail
Millet, Barnyard Millet, Little Millet, Kodo Millet, Proso Millet, and Sorghum, were considered in the dataset. Images
representing each millet class were collected using a high-resolution digital camera under controlled environmental
conditions. Uniform lighting, fixed camera distance, and plain background settings were maintained during image
acquisition to reduce unwanted variations and improve image quality. Multiple images of each millet variety were
captured from different orientations and positions to increase dataset diversity and enable the model to learn
representative grain characteristics. Every acquired image was manually verified and assigned the corresponding class
label before further processing [12].

The collected images were subjected to preprocessing to improve image consistency and facilitate effective
feature extraction. Each image was resized to a standard resolution of 224 x 224 x 3 pixels to ensure uniform input
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dimensions for the proposed convolutional neural network. Image normalization was applied by scaling pixel intensity
values between 0 and 1, resulting in faster convergence during network training. Median filtering was performed to
remove noise while preserving important grain boundaries and texture information. Contrast enhancement techniques
were also applied to improve the visibility of fine surface characteristics, allowing clearer representation of grain
morphology.

Background segmentation was carried out to isolate millet grains from irrelevant image regions. This process
reduced the influence of background variations and enabled the network to

concentrate on discriminative grain features. Images containing blur, shadows, incomplete grains, or excessive
background noise were excluded during the quality inspection stage. The resulting dataset contained visually
consistent images that accurately represented the physical characteristics of each millet variety. Such preprocessing
reduced intra-class variability caused by imaging conditions and improved the quality of feature learning during
network training.

Data augmentation techniques were subsequently employed to enlarge the effective size of the training dataset
and improve the generalization capability of the proposed model. Rotation, horizontal flipping, vertical flipping,
random scaling, brightness adjustment, translation, random cropping, and Gaussian noise addition were applied to
generate diverse image samples without altering the original class labels [13]. These transformations enabled the
convolutional neural network to recognize millet grains under different orientations, lighting conditions, and image
acquisition environments. The final preprocessed and augmented dataset provided a robust foundation for multi-class
millet classification, reduced the possibility of overfitting, and enhanced the reliability of the proposed deep feature
fusion-based convolutional neural network.

3.1 Design of the Proposed Deep Feature Fusion-Based Convolutional Neural Network

The proposed Deep Feature Fusion-Based Convolutional Neural Network (DFF-CNN) was designed to perform
accurate multi-class millet classification by learning discriminative visual features from grain images. The architecture
receives preprocessed RGB millet images with a fixed size of 224 x 224 x 3 as input. Multiple convolutional layers
were employed to automatically extract important visual characteristics, including grain texture, edge information,
shape patterns, and color variations. Each convolutional layer was followed by batch normalization and the Rectified
Linear Unit (ReLU) activation function to improve feature learning and stabilize network training. Max-pooling layers
were incorporated after selected convolutional blocks to reduce the spatial dimensions of feature maps while
preserving the most significant information. This hierarchical learning process enables the network to capture both
local and global characteristics that are essential for distinguishing visually similar millet varieties [14].

Deep feature extraction was performed using multiple convolutional blocks arranged in sequence. The initial
convolutional layers extracted low-level features such as edges, corners, and surface textures, whereas the intermediate
layers learned grain morphology and structural patterns. The deeper convolutional layers generated high-level
semantic representations that describe the characteristics of each millet variety. Rather than relying only on the deepest
feature maps, feature representations obtained from different convolutional stages were preserved for subsequent
processing. Such hierarchical feature learning improves the representation capability of the network by retaining
complementary information from different abstraction levels. This approach enhances the ability of the model to
recognize subtle differences among millet classes with similar visual appearances.

A deep feature fusion module was incorporated to combine the feature maps extracted from shallow,
intermediate, and deep convolutional layers. Feature concatenation was performed along the channel dimension to
generate a unified feature representation containing detailed texture information and high-level semantic knowledge.
A lightweight channel attention mechanism was subsequently applied to assign greater importance to informative
feature channels while reducing

the influence of redundant information. Global Average Pooling was employed after feature refinement to
reduce the dimensionality of the fused feature maps without introducing a large number of trainable parameters. This
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design reduces computational complexity and minimizes overfitting while preserving the discriminative
characteristics required for accurate classification.

The final classification stage consists of fully connected layers followed by a Softmax classifier that predicts
the probability of each millet class. Dropout regularization was incorporated between the fully connected layers to
improve the generalization capability of the network and reduce overfitting during training [15]. The model was
optimized using the Adam optimization algorithm with the categorical cross-entropy loss function to achieve stable
convergence. The proposed DFF-CNN architecture combines efficient feature extraction, hierarchical feature fusion,
attention-based refinement, and lightweight classification within a unified end-to-end learning framework. This
architecture provides improved classification accuracy, computational efficiency, and robustness, making it suitable
for automated millet identification, intelligent grain quality assessment, and precision agriculture applications.

3.2 Multi-Level Deep Feature Fusion and Representation Learning

Multi-level deep feature fusion plays an important role in improving the classification of visually similar millet
varieties. In the proposed framework, feature maps are extracted from multiple convolutional layers rather than relying
only on the final layer of the network. Early convolutional layers capture low-level information such as grain edges,
surface texture, and color patterns, while intermediate layers learn structural characteristics and shape information.
Deeper layers encode high-level semantic features that distinguish one millet variety from another. Features extracted
from different levels are combined to preserve complementary information, enabling the network to develop a richer
and more discriminative representation of each millet image [16]. Such a strategy improves the capability of the model
to recognize subtle differences among multiple millet classes.

The extracted feature maps from shallow, intermediate, and deep convolutional layers are fused using a channel-
wise concatenation operation. This fusion process combines texture, color, shape, and semantic information into a
unified feature representation before the classification stage. Batch normalization and Rectified Linear Unit (ReLU)
activation functions are applied after each convolutional operation to stabilize the learning process and improve feature
extraction. Max-pooling layers gradually reduce the spatial dimensions of the feature maps while preserving important
visual characteristics. The fused feature representation retains discriminative information generated at different
network depths, resulting in improved feature learning efficiency and enhanced classification performance.

Following feature fusion, an attention-based refinement mechanism was incorporated to emphasize informative
features while suppressing redundant or less relevant information. The attention module assigns adaptive weights to
individual feature channels according to their contribution to millet classification. Important grain characteristics,
including surface texture, boundary patterns, color distribution, and morphological structures, receive greater
emphasis during the learning process. Global Average Pooling was subsequently employed to convert the refined
feature maps into a compact feature vector with a reduced number of trainable parameters.

This operation decreases computational complexity and minimizes the risk of overfitting while preserving the
most representative information required for accurate classification.

The final fused feature vector serves as the input to the fully connected classification layer, where Softmax
activation computes the probability of each millet class. The network learns discriminative representations through
iterative optimization using the training dataset, allowing the classification model to improve progressively during
successive training epochs [17]. The combination of multi-level feature extraction, hierarchical feature fusion,
attention-based refinement, and compact feature representation enables accurate identification of finger millet, pearl
millet, foxtail millet, barnyard millet, little millet, kodo millet, proso millet, and sorghum. This representation learning
strategy strengthens classification robustness under varying illumination conditions, grain orientations, and
background variations, making the proposed framework suitable for intelligent grain inspection and precision
agriculture applications.

3.3 Network Training, Hyperparameter Configuration, and Performance Evaluation
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The proposed Deep Feature Fusion-Based Convolutional Neural Network (DFF-CNN) was trained using the
preprocessed multi-class millet image dataset to learn discriminative features for accurate classification. The dataset
was divided into three subsets consisting of training, validation, and testing images to ensure reliable model
development and unbiased performance assessment. During training, augmented images were presented to the
network to improve feature diversity and reduce the possibility of overfitting. The extracted feature representations
were progressively optimized through multiple training iterations until stable convergence was achieved. The learning
process was monitored using the validation dataset, and the trained model with the highest validation accuracy was
selected for final testing. This strategy ensured that the developed model maintained strong generalization capability
across different millet varieties [18].

Appropriate hyperparameter values were configured to achieve stable network convergence and efficient
learning. The Adam optimizer was adopted because of its adaptive learning capability and fast convergence
characteristics. A learning rate of 0.0001, batch size of 32, and 100 training epochs were selected for network
optimization. The Rectified Linear Unit (ReLU) activation function was employed within the convolutional layers to
introduce non-linearity, while Batch Normalization was incorporated to stabilize feature distributions during training.
Dropout regularization was applied before the fully connected layer to minimize overfitting by randomly deactivating
a portion of neurons during each training iteration. The categorical cross-entropy loss function was utilized to optimize
multi-class classification performance by reducing the difference between predicted probabilities and actual class
labels.

Model performance was evaluated using several quantitative performance metrics to provide a comprehensive
assessment of classification capability. The classification accuracy was calculated to determine the proportion of
correctly classified millet images. Precision, recall, specificity, and Fl-score were computed to evaluate the
classification performance for individual millet categories. Matthews Correlation Coefficient (MCC) and Cohen's
Kappa coefficient were employed to measure prediction consistency and classification reliability. The Receiver
Operating Characteristic (ROC) curve and Area Under the Curve (AUC) were analyzed to assess the discriminative
ability of the proposed network across different classification thresholds. A

confusion matrix was generated to identify correctly classified samples and analyze misclassification patterns
among visually similar millet varieties.

The effectiveness of the proposed DFF-CNN was validated through comparative analysis with several well-
established deep learning architectures, including AlexNet, VGG16, ResNet50, DenseNet121, MobileNetV2,
EfficientNet-B0, and InceptionV3. All models were trained and evaluated under identical experimental conditions to
ensure a fair comparison. Classification accuracy, computational complexity, inference time, model size, and training
efficiency were compared to determine the practical suitability of each architecture [19]. The proposed deep feature
fusion framework demonstrated improved feature representation capability by effectively combining multi-level
convolutional features, leading to enhanced classification performance and computational efficiency. The obtained
results confirmed the suitability of the proposed framework for intelligent millet classification and precision
agriculture applications.

3.4 Explainable Multi-Class Millet Classification Framework

An explainable multi-class millet classification framework was developed to improve the transparency and
reliability of the proposed Deep Feature Fusion-Based Convolutional Neural Network. Accurate classification alone
does not provide sufficient confidence for practical agricultural applications because the decision-making process of
deep learning models often remains difficult to interpret. Explainability techniques were incorporated to visualize the
image regions that contributed most significantly to the predicted millet class. Such visual interpretations support the
verification of classification results and assist agricultural experts in understanding whether meaningful grain
characteristics were considered during prediction. Improved interpretability strengthens confidence in the developed
model and increases its suitability for intelligent grain inspection systems [20].
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Gradient-weighted Class Activation Mapping (Grad-CAM) was employed to generate heatmaps representing
the discriminative regions utilized during classification. Feature maps extracted from the final convolutional layer
were combined with gradient information to identify important image locations. Heatmaps were superimposed on the
original millet images to highlight the grain texture, surface patterns, boundaries, and structural characteristics that
influenced the classification outcome. Clear visualization of these regions enables verification that the proposed model
focuses on relevant millet features instead of background information or image noise. Such explainability improves
the credibility of automated classification results and supports reliable decision making.

The performance of the explainable framework was evaluated under different imaging conditions to examine
its robustness and consistency. Millet images with variations in illumination, orientation, scale, and background
complexity were included during testing to assess the stability of the visualization results. Similar attention patterns
observed across different test samples indicate that the proposed framework consistently identifies meaningful grain
characteristics irrespective of environmental variations. Stable visual explanations demonstrate that the learned deep
features possess strong discriminative capability for distinguishing multiple millet varieties with high reliability. Such
consistency increases the practical applicability of the framework for real-world agricultural environments.

The developed explainable framework supports intelligent millet classification by combining accurate
prediction with transparent decision visualization. The generated explanations assist researchers, food quality
inspectors, and agricultural professionals in validating classification outcomes without requiring extensive knowledge
of deep learning algorithms. Integration of explainability with deep feature fusion contributes to improved
trustworthiness, reliability, and practical usability of the proposed classification system [21]. Such an approach
facilitates automated grain quality assessment, digital food authentication, precision agriculture, post-harvest
management, and smart agricultural decision-support systems, thereby enhancing the adoption of artificial intelligence
technologies in modern agricultural practices.

4. Result and Discussion
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Figure 2. Distribution of Images Across Different Millet Classes

Figure 2 illustrates the distribution of image samples among the different millet categories considered for
developing the classification framework. The dataset consists of eight major millet varieties, namely Finger Millet,
Pearl Millet, Foxtail Millet, Barnyard Millet, Little Millet, Kodo Millet, Proso Millet, and Sorghum. The number of
images collected for each class ranges between 760 and 850 samples, indicating a well-balanced dataset distribution.
Foxtail Millet contains the highest number of images with 850 samples, followed by Sorghum with 830 samples and
Finger Millet with 820 samples. The availability of sufficient image samples for each category ensures that the learning
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model receives adequate visual information related to grain texture, shape, size, and surface characteristics during the
feature extraction process [22].

The balanced representation of different millet classes plays an important role in improving the reliability and
generalization capability of the developed classification framework. A highly imbalanced dataset often causes a
learning model to become biased toward classes containing a

larger number of samples, resulting in reduced recognition performance for minority classes. In this dataset, the
variation between the maximum and minimum number of images was limited, with Barnyard Millet containing 760
images and Foxtail Millet containing 850 images. Such a small difference maintains an appropriate class balance and
supports uniform learning of discriminative patterns from all millet varieties. This distribution enables effective
optimization of network parameters and improves the ability of the model to distinguish visually similar grain
categories.

The diversity of image samples contributes significantly to the extraction of meaningful deep features from
millet grain images. Each millet variety exhibits unique morphological properties, including differences in grain
arrangement, surface texture, color intensity, and structural appearance. The availability of hundreds of samples for
every class allows the convolutional layers to learn both low-level visual features and high-level semantic
representations. During training, the network can identify complex patterns associated with individual millet
categories rather than depending on limited visual characteristics. The balanced dataset distribution also improves the
effectiveness of data augmentation techniques by providing sufficient original samples for generating diverse training
instances under different orientations, illumination conditions, and image transformations.

The distribution pattern shown in Figure 2 confirms the suitability of the dataset for developing an accurate
multi-class image classification system [23]. The consistent availability of samples across all millet categories
supports robust training, validation, and testing procedures while reducing the possibility of overfitting. The
comprehensive representation of different millet varieties enables reliable evaluation of classification performance
using metrics such as accuracy, precision, recall, F1-score, and confusion matrix analysis. Therefore, the prepared
dataset provides a strong foundation for learning discriminative visual features and achieving dependable automated
millet identification under practical agricultural inspection environments.

Table 1. Dataset Distribution of Different Millet Classes

S. No. Millet Class Number of Images Percentage (%)
1 Finger Millet 820 12.8
2 Pearl Millet 780 12.2
3 Foxtail Millet 850 13.3
4 Barnyard Millet 760 11.9
5 Little Millet 790 12.3
6 Kodo Millet 810 12.6
7 Proso Millet 770 12.0
8 Sorghum 830 12.9
Total - 6410 100

Table 1 presents the distribution of image samples used for training and evaluation. The dataset contains eight
millet categories with a total of 6410 images. The nearly uniform distribution among different classes reduces
classification bias and ensures equal learning opportunities for all categories. Balanced sample availability improves
feature extraction capability and enhances the generalization performance of the developed model.
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Figure 3. Percentage Distribution of Millet Image Dataset

Figure 3 presents the percentage distribution of image samples among the different millet categories included
in the dataset. The distribution demonstrates that all millet classes possess a nearly uniform proportion of image
samples, which indicates effective dataset balancing before model development. Foxtail Millet contributes the highest
percentage of images with 13.3%, followed by Sorghum with 12.9% and Finger Millet with 12.8%. Kodo Millet, Little
Millet, Pearl Millet, Proso Millet, and Barnyard Millet contribute 12.6%, 12.3%, 12.2%, 12.0%, and 11.9%,
respectively. The limited variation among class percentages confirms that each millet category has received adequate
representation, allowing the learning framework to extract meaningful patterns from all classes without being
influenced by dominant categories [24].

Balanced image distribution was an important factor for achieving reliable classification performance in multi-
class agricultural image analysis. When one category contains significantly more samples than other categories, deep
learning models generally develop a preference toward highly represented classes, resulting in reduced prediction
accuracy for underrepresented varieties. The distribution shown in Figure 3 avoids this limitation by maintaining
approximately equal contributions from all millet categories. The difference between the largest class proportion
(Foxtail Millet: 13.3%) and the smallest class proportion (Barnyard Millet: 11.9%) remains minimal, demonstrating
that the dataset provides a fair learning environment. This balanced structure supports unbiased optimization of model
parameters and improves the capability of the network to recognize distinctive characteristics associated with each
millet variety.

The proportional distribution of image samples enhances the learning of complex visual patterns associated
with different grain characteristics. Each millet category contains unique properties related to grain texture, surface
appearance, shape variation, color intensity, and structural arrangement. A uniform distribution ensures that these
characteristics are sufficiently represented during training, enabling the convolutional layers to learn comprehensive
feature representations. The availability of comparable sample proportions also improves the effectiveness of
augmentation techniques, as additional transformed images can be generated consistently across all classes. This
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contributes to improved model robustness under variations in image orientation, illumination conditions, and
background changes commonly observed during agricultural image acquisition.

The dataset composition illustrated in Figure 3 provides a strong foundation for training and evaluating an
automated millet recognition system. The nearly equal percentage contribution of individual classes supports accurate
performance measurement using different evaluation parameters such as accuracy, precision, recall, F1-score, and
confusion matrix analysis. The absence of significant class imbalance increases the reliability of comparative
experiments and ensures that the obtained results represent the actual classification capability across all millet varieties
[25]. Therefore, the balanced dataset distribution contributes significantly to stable feature learning, improved
generalization ability, and dependable classification outcomes for practical agricultural applications.
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Figure 4. Pixel Intensity Distribution After Image Preprocessing

Figure 4 illustrates the distribution of pixel intensity values obtained after applying preprocessing operations
on the millet image dataset. The histogram represents the frequency distribution of pixel values ranging from low
intensity (dark regions) to high intensity (bright regions). The distribution covers a wide intensity range between
approximately 0 and 255, indicating that the processed images contain diverse visual information related to grain
texture, surface structure, and intensity

variations. The presence of multiple intensity peaks demonstrates the existence of different brightness levels
within the images, which correspond to variations in millet grain appearance, background regions, and surface
patterns. Such a comprehensive intensity distribution indicates that the preprocessing stage successfully preserves
important visual characteristics required for effective feature extraction [26].

The preprocessing operations applied before model training play a significant role in improving image quality
and enhancing the learning capability of the classification framework. The histogram shows a relatively balanced
spread of intensity values without excessive concentration in a limited range, suggesting improved contrast and
reduced illumination-related variations. Pixel normalization and contrast enhancement help maintain consistent image
representation by reducing the influence of lighting fluctuations during image acquisition. This improved intensity
distribution allows convolutional layers to capture meaningful low-level features such as edges, grain boundaries,
texture patterns, and surface irregularities. The availability of diverse pixel information supports the extraction of
robust visual features from different millet varieties.
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The variation in intensity levels contributes to the learning of discriminative characteristics among visually
similar millet classes. Different millet grains exhibit unique surface textures, color distributions, and morphological
structures, which are reflected through variations in pixel intensity values. The histogram demonstrates that both dark
and bright pixel regions are adequately represented, enabling the feature extraction layers to learn comprehensive
representations rather than depending on limited brightness information. This enhanced feature diversity improves the
capability of the network to distinguish between millet categories with similar visual appearances. The preprocessing
stage therefore provides a more informative input representation, supporting efficient feature learning and improving
classification reliability.

The pixel intensity analysis confirms the effectiveness of the image preprocessing strategy in preparing the
dataset for deep learning-based classification. A well-distributed intensity profile reduces image variability caused by
environmental factors and ensures that significant grain-related information was retained throughout the processing
pipeline [27]. The improved pixel distribution contributes to stable network training, faster convergence, and better
generalization performance during testing. Therefore, Figure 4 validates that the processed images contain sufficient
visual information for extracting discriminative features, supporting accurate recognition of multiple millet varieties
under different imaging conditions.

Table 2. Image Preprocessing Parameters

S. No. Preprocessing Parameter Setting Purpose
Operation

1 Image Resizing 224 x 224 pixels Uniform input dimension

2 Color Format RGB Preserve visual
information

3 Normalization 0-1 scaling Improve convergence

4 Noise Reduction Median Filtering Remove unwanted noise

5 Contrast Enhancement Histogram Enhancement | Improve texture visibility

6 Rotation Augmentation +30° Increase orientation
diversity

7 Image Flipping Horizontal/Vertical Improve robustness

8 Brightness Variation Random Adjustment Handle illumination
changes

Table 2 summarizes the preprocessing operations applied before model training. Image resizing and
normalization provide consistent input representation, while noise reduction and contrast enhancement improve visual
quality. Data augmentation techniques increase image diversity and enable the network to learn robust features under
different imaging conditions. These preprocessing steps contribute to stable training and improved classification
performance.
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Figure 5. Relationship Between Deep Feature Dimensions and Classification Confidence

Figure 5 presents the relationship between the extracted deep feature dimensions and the corresponding
classification confidence values obtained during the prediction process. The scatter distribution demonstrates a clear
positive relationship between feature representation capability and prediction reliability. The x-axis represents the
dimensional characteristics of the extracted deep features, while the y-axis represents the confidence percentage
associated with classification decisions. As the feature dimension increases from lower values toward higher
representations, the confidence level gradually improves, indicating that richer feature information contributes to more
reliable recognition. The fitted regression trend line further confirms the increasing relationship between feature
complexity and classification confidence, demonstrating the effectiveness of hierarchical feature extraction [28].

The observed trend indicates that deeper feature representations contain more discriminative information
required for separating visually similar millet categories. Low-dimensional feature representations generally capture
basic image characteristics such as edges, intensity variations, and simple texture patterns, which are insufficient for
distinguishing classes with similar appearances. As the feature dimension increases, more complex characteristics
related to grain morphology, surface structure, spatial patterns, and class-specific visual properties are incorporated
into the learned representation. The improvement in confidence values at higher feature dimensions indicates that the
extracted features provide stronger separation between different millet varieties and enhance the decision-making
capability of the classification framework.

The distribution of scattered points around the regression line highlights the consistency and robustness of the
learned feature representations. Although minor variations are observed due to differences in image characteristics
and intra-class diversity, most samples follow an increasing confidence pattern with feature dimension enhancement.
This behavior indicates that the model effectively utilizes multi-level feature information rather than relying on limited
visual attributes. The feature fusion strategy contributes to combining complementary information from different
convolutional layers, enabling the generation of comprehensive feature vectors with improved discriminative ability.
Such representation learning was particularly important for agricultural images where differences between classes can
be subtle and visually complex.

The analysis shown in Figure 5 confirms that enhanced feature representation directly influences classification
reliability and prediction accuracy. Higher confidence values achieved through enriched feature dimensions
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demonstrate that the extracted features successfully capture meaningful grain characteristics required for accurate
identification [29]. This relationship validates the importance of effective feature learning and fusion mechanisms in
improving model performance. The consistent increase in classification confidence supports the suitability of the
developed framework for automated grain analysis applications, where reliable predictions, reduced classification
errors, and robust performance under diverse image conditions are essential requirements.

1 ) - erm
Inor'm(x, }") = L [1]

1 max ~ 1 min

The acquired millet grain images may contain variations in brightness and illumination conditions due to
different image capturing environments. Image normalization was applied to transform the original pixel intensity
values into a standardized range between 0 and 1. In this equation, I(x, y) represents the original pixel intensity at
spatial location (x, y), while I and Imax represent the minimum and maximum intensity values. The normalized
image Inorm(X, y) provides consistent input information to the convolutional layers, reducing intensity variations and
improving the stability of the learning process. This preprocessing step helps the network focus on important grain-
related characteristics rather than unwanted illumination differences.

F* = M8 N X W 4 D [2]

ij m=0 n=0 mmn

The convolution operation was the fundamental feature extraction process used to identify important visual
patterns from millet grain images. Here, X represents the input image or feature map, W* denotes the convolution
kernel, and b* represents the bias value. The extracted feature map Fk was generated by performing element-wise
multiplication between input regions and convolution filters followed by summation. Different convolution kernels
learn different characteristics such as grain edges, texture variations, surface patterns, and morphological structures.
Multiple convolution layers enable hierarchical feature extraction, where shallow layers capture low-level visual
information and deeper layers learn complex class-specific characteristics.

Fout = max(O, Fin) [3]

The Rectified Linear Unit (ReLU) activation function introduces non-linearity into the convolutional network,
allowing the model to learn complex relationships among extracted features. Negative activation values are converted
into zero, while positive feature responses are retained. This operation reduces computational complexity and
improves the learning capability of the network. In millet classification, ReLU activation enhances the representation
of important grain patterns by preserving significant features associated with texture, shape, and structural variations.

Xi — 1B
BN(x:) = y(——=)+8 [4]
Vog +e

Batch normalization was applied to stabilize the distribution of intermediate feature values during training. In
this equation, xi represents the input activation, uB and ¢2 represent batch mean and variance, while y and f are
trainable scaling and shifting parameters. The normalization process reduces internal feature variations and allows
faster convergence of the model. It improves training stability and prevents excessive changes in feature distributions
during parameter optimization.

Fi=fuX;6)  [5]

The feature extraction process in different convolutional layers can be represented using Equation 5. Here, Fi
represents the feature representation obtained from layer [, X denotes the input image, and 6: represents the learnable
parameters of the layer. Each convolutional layer extracts features at different abstraction levels. Earlier layers identify

1086



simple patterns such as edges and intensity changes, whereas deeper layers capture complex semantic information
related to millet grain identity. These multi-level representations provide the foundation for effective feature fusion.

Ffusion= Concat(F1, F2,F3,...,Fn) [6]

The proposed framework combines feature maps obtained from multiple convolutional layers using a feature
fusion operation. Fy, F», . . ., Fn represent feature maps extracted from different network depths. The concatenation
operation integrates shallow and deep features into a unified representation. Shallow features provide detailed texture
and edge information, while deep features contribute semantic characteristics and global patterns. This combined
representation improves the ability of the model to differentiate between millet varieties having similar visual
appearances.

Frefined ~ A 8 Ffusion [7]

where,
Ac= O'(Wz(ReLU(WlFfusion))) [8]

The attention mechanism enhances the quality of fused features by assigning different importance weights to
feature channels. Ac represents the learned attention weights, while W and W, are trainable parameters. The sigmoid
function generates normalized importance values between zero and one. The refined feature representation was
obtained by multiplying the attention weights with the fused features. This process allows the network to emphasize
significant grain characteristics and suppress irrelevant information, improving classification accuracy.

G | ZEEVFG) [9]

c HXW i=1 j=1c¢

Global Average Pooling converts the extracted feature maps into compact feature vectors before classification.
F(i, j) represents the feature value at spatial location (i, j), while H and W indicate the feature map dimensions. This
operation reduces the number of parameters compared with traditional fully connected layers and decreases
computational complexity. It preserves important feature information while reducing the possibility of overfitting
during training.
etk

P(y=kIXJ=C—e~ [10]

j=1¢"

The Softmax function converts the final network outputs into probability values corresponding to each millet

category. In this equation, z represents the output score for class k, while C denotes the total number of millet classes.

The probability value determines the likelihood of an input image belonging to a particular class. The class with the

highest probability value was selected as the final predicted category. This function enables effective multi-class
decision-making.

L= Y51 yilog(y” ) [11]

The categorical cross-entropy function measures the difference between the actual class labels and predicted
probability values during model training. Here, yi represents the actual label, while y" denotes the predicted
probability for class k. The objective of training was to minimize this loss value by updating the network parameters{c
through backpropagation. A lower loss value indicates that the model predictions are closer to the actual millet
categories, resulting in improved classification performance and better generalization capability.
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Figure 6. Training and Validation Accuracy Curve

Figure 6 illustrates the variation of training and validation accuracy over multiple epochs during the learning
process. The graph represents the improvement in model performance as the network parameters are optimized
through iterative training. The training accuracy increases consistently from approximately 68.5% in the initial epoch
t0 97.9% at the final epoch, while the validation accuracy improves from nearly 66.8% to 96.7%. The gradual increase
in both accuracy curves indicates that the model effectively learns meaningful visual patterns from the input images.
The close alignment between training and validation performance demonstrates that the learned features are not limited
to the training samples but are also generalized effectively to unseen validation data [30].

During the initial training phase, a rapid improvement in accuracy can be observed, indicating efficient
extraction of fundamental image characteristics from the millet grain samples. The convolutional layers progressively
learn low-level features such as edges, contours, texture variations, and surface patterns during the early epochs. As
training progresses, the improvement rate becomes slower, representing the transition from basic feature learning to
advanced feature

refinement. The deeper layers gradually capture complex morphological characteristics and class-specific
patterns required for distinguishing visually similar millet varieties. This progressive learning behavior confirms that
the network architecture successfully optimizes feature representations through multiple training iterations.

The small difference between training accuracy and validation accuracy throughout the training process
indicates effective regularization and controlled model learning. The validation curve follows a similar trend to the
training curve without significant fluctuations or performance degradation, demonstrating the absence of severe
overfitting. The consistent improvement in validation accuracy confirms that the extracted feature representations
remain effective when applied to independent image samples. The stable convergence behavior was attributed to the
combined influence of preprocessing, augmentation strategies, feature fusion mechanisms, and optimized network
parameters, which collectively improve model robustness and generalization capability.

The final accuracy values achieved after 30 epochs demonstrate the effectiveness of the developed classification
framework in learning discriminative characteristics from complex agricultural images. The training accuracy
reaching 97.9% and validation accuracy reaching 96.7% indicate strong predictive capability with reliable
performance on unseen samples [31]. The convergence pattern suggests that further training provide limited
improvement while increasing computational cost, confirming that the selected training duration was sufficient for

1088



achieving optimal performance. This accuracy analysis validates the suitability of the developed approach for
automated millet recognition, where stable learning behavior, high classification accuracy, and strong generalization
are essential requirements.

Table 3. Training Configuration and Hyperparameter Settings

S. No. Parameter Value

1 Optimizer Adam

2 Learning Rate 0.0001

3 Batch Size 32

4 Number of Epochs 30

5 Loss Function Categorical Cross Entropy

6 Activation Function ReLU

7 Classification Function Softmax

8 Dropout Rate 0.5

9 Input Image Size 224 x 224 x 3

10 Dataset Split 70% Training, 15% Validation,
15% Testing

Table 3 represents the training configuration used for optimizing the classification framework. The Adam
optimizer with an appropriate learning rate enables efficient parameter updating, while dropout regularization reduces
overfitting. The selected hyperparameters provide stable convergence and support effective learning of discriminative
features from millet images. The dataset division ensures reliable evaluation using unseen samples.
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Figure 7. Training and Validation Loss Curve

Figure 7 presents the variation of training and validation loss values during the optimization process across
multiple epochs. The loss curves indicate how effectively the model minimizes prediction errors while learning
discriminative representations from the input images. During the initial training stage, both training and validation
losses exhibit higher values, with training loss beginning at approximately 1.85 and validation loss at 1.92. A
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continuous reduction in loss values was observed as the number of epochs increases, demonstrating that the network
parameters are progressively optimized. The decreasing trend of both curves confirms that the model successfully
learns relevant visual patterns and improves its ability to classify different millet categories accurately [32].

The rapid reduction in loss during the early epochs indicates effective learning of fundamental image
characteristics such as grain boundaries, texture variations, color distribution, and structural information. As the
training progresses, the rate of loss reduction becomes gradual, suggesting that the network transitions from basic
feature extraction to advanced feature refinement. The deeper convolutional layers learn more complex representations
associated with specific millet characteristics, enabling improved separation among visually similar classes. This
gradual convergence behavior demonstrates that the optimization strategy effectively updates network weights and
enhances the quality of learned feature representations.

The close relationship between training and validation loss curves indicates stable model behavior and effective
generalization capability. The validation loss consistently follows the training loss trend without significant increase
or divergence, which confirms that the model does not experience considerable overfitting during training. The final
training loss decreases to approximately 0.14, while the validation loss reaches nearly 0.24, showing that the learned
representations remain effective for unseen image samples. The controlled difference between

both curves demonstrates the effectiveness of preprocessing, augmentation, and feature fusion mechanisms in
improving the robustness of the classification framework.

The convergence pattern shown in Figure 7 confirms the reliability and efficiency of the developed learning
process. The continuous decline in loss values indicates successful minimization of classification errors and improved
prediction capability throughout the training phase. The stable optimization behavior ensures that the model achieves
an appropriate balance between learning capacity and generalization performance [33]. This loss analysis supports the
effectiveness of the developed framework for automated millet image recognition, where accurate feature extraction,
reduced prediction errors, and consistent performance across different image samples are essential for practical
agricultural applications.

Accuracy
100

Specificity
Figure 8. Performance Metrics of the Proposed Classification Model

Figure 8 presents the comprehensive performance evaluation based on multiple classification metrics, including
Accuracy, Precision, Recall, F1-Score, Specificity, Matthews Correlation Coefficient (MCC), Cohen’s Kappa, and
ROC-AUC. The radar chart provides a visual representation of the effectiveness and consistency of the developed
framework across different evaluation parameters. The values are distributed within a narrow range of approximately

1090



98% to 99%, indicating that the model achieves stable and balanced performance across all considered metrics. The
nearly circular shape of the radar plot demonstrates that the classification capability

was not dependent on a single performance measure but was supported by strong results in accuracy, reliability,
and discrimination ability [34].

The obtained accuracy value of approximately 98.7% indicates that the model successfully identifies the
majority of millet samples with minimal classification errors. The precision and recall values, reaching above 98%,
demonstrate that the model generates highly reliable predictions while effectively identifying individual millet
categories. High precision confirms that incorrect classification of one millet variety as another was significantly
reduced, whereas high recall indicates that most samples belonging to each category are correctly recognized. The
balanced relationship between precision and recall results in a strong F1-score, reflecting the ability of the model to
maintain consistent classification performance even when handling visually similar grain patterns.

The specificity, MCC, and Cohen’s Kappa values shown in Figure 8 further validate the robustness of the
classification framework. The high specificity value indicates that the model effectively distinguishes non-target
classes and minimizes false positive predictions among different millet categories. The MCC value demonstrates
strong correlation between actual and predicted class labels, confirming the reliability of the obtained classification
results. Similarly, the high Cohen’s Kappa coefficient indicates significant agreement between the model predictions
and the actual ground truth labels beyond random classification probability. These metrics collectively demonstrate
that the learned feature representations provide effective separation among different millet varieties.

The ROC-AUC value represents the strong discriminative capability of the model by measuring its ability to
differentiate between multiple classes under different classification thresholds. The high ROC-AUC performance
indicates that the developed framework maintains reliable decision boundaries and produces consistent predictions
across diverse image samples [35]. The combined analysis of all evaluation metrics confirms that the model achieves
a balanced trade-off between sensitivity, specificity, and classification accuracy. Therefore, Figure 8 demonstrates the
effectiveness of the learned feature representations and validates the suitability of the developed framework for
accurate, reliable, and automated millet image classification in practical agricultural applications.

Table 4. Performance Comparison with Existing CNN Models

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC
AlexNet 90.2 89.8 89.5 89.6 0.921
VGG16 93.1 92.8 92.9 92.8 0.951
ResNet50 95.6 95.4 95.2 95.3 0.972
DenseNet121 96.4 96.1 96.3 96.2 0.981
MobileNetV2 94.6 94.3 94.5 94.4 0.968
EfficientNet-BO | 96.9 96.7 96.8 96.7 0.986
Proposed DFF- | 98.7 98.5 98.3 98.4 0.992
CNN

Table 4 compares the proposed framework with existing CNN architectures. The proposed model achieves
superior performance across all evaluation metrics due to effective multi-level feature fusion and enhanced feature
representation capability. The improvement over conventional architectures demonstrate that combining shallow and
deep features provides stronger discrimination among visually similar millet categories.
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Figure 9. Confusion Matrix for Multi-Class Millet Classification

Figure 9 presents the confusion matrix obtained from the classification results, illustrating the relationship
between actual millet categories and the predicted output classes. The matrix provides a detailed understanding of the
prediction behavior by representing correctly classified samples along the diagonal and misclassified samples in the
off-diagonal positions. The darker diagonal regions indicate a high number of correct predictions for all millet
varieties, demonstrating the strong classification capability of the developed framework [36]. The model correctly
identifies 196 Finger Millet samples, 198 Pearl Millet samples, 195 Foxtail Millet samples, 196 Barnyard Millet
samples, 197 Little Millet samples, 197 Kodo Millet samples, 198 Proso Millet samples, and 199 Sorghum samples.
The concentration of higher values along the diagonal confirms that the learned feature representations effectively
capture the unique characteristics associated with each millet category.

The classification performance demonstrates that the developed model achieves highly accurate recognition
across different millet varieties with very few incorrect predictions. Minor

misclassification instances are observed between visually similar categories, such as Foxtail Millet and
Barnyard Millet, where a small number of samples are incorrectly classified due to similarities in grain texture, size,
and surface appearance. Similarly, limited confusion occurs among Little Millet, Kodo Millet, and Proso Millet classes
because these varieties possess closely related morphological characteristics. The low number of off-diagonal values
indicates that the extracted features successfully differentiate between challenging classes while reducing incorrect
predictions. This behavior confirms that the network effectively learns both fine-grained texture patterns and high-
level structural information from the input images.

The diagonal dominance observed in the confusion matrix highlights the effectiveness of hierarchical feature
extraction and feature fusion mechanisms in improving class separation. The model demonstrates strong capability in
identifying subtle variations among millet grains by utilizing comprehensive visual information such as shape, color
distribution, surface texture, and spatial characteristics. The limited classification errors indicate that the learned

1092



feature space provides clear boundaries between different millet categories. The high recognition rate across all classes
also suggests that the balanced dataset distribution and preprocessing strategies contributed to stable model training
and improved generalization performance. The confusion matrix analysis provides additional evidence that the
classification framework maintains consistent performance rather than achieving accuracy through bias toward
specific classes.

The results shown in Figure 9 validate the reliability and robustness of the developed classification approach
for automated millet identification [37]. The high values obtained across all diagonal elements indicate excellent
agreement between actual and predicted labels, while the minimal off-diagonal values demonstrate reduced
classification uncertainty. This performance confirms that the extracted deep features contain sufficient discriminative
information for accurate recognition of multiple millet varieties. The confusion matrix analysis complements other
evaluation measures by providing class-wise performance insights and confirming the practical suitability of the
developed framework for applications such as automated grain inspection, quality assessment, and intelligent
agricultural monitoring systems.
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Figure 10. ROC Curve Analysis for Multi-Class Classification

Figure 10 presents the Receiver Operating Characteristic (ROC) curve analysis for evaluating the classification
capability across different millet categories. The ROC curve represents the relationship between the True Positive
Rate (sensitivity) and False Positive Rate under different classification threshold values. The curves corresponding to
all millet classes closely approach the upper-left corner of the graph, indicating excellent discrimination capability
between individual categories. The Area Under Curve (AUC) values obtained for Finger Millet, Pearl Millet, Foxtail
Millet, Barnyard Millet, Little Millet, Kodo Millet, Proso Millet, and Sorghum are approximately 1.000,
demonstrating near-perfect classification performance. A higher AUC value indicates that the model can effectively
distinguish between positive and negative class samples with minimal classification uncertainty [38].

The ROC analysis demonstrates the strong decision-making capability of the developed classification
framework in identifying different millet varieties. The sharp rise of the ROC curves toward a True Positive Rate of
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1.0 with almost zero False Positive Rate indicates that the extracted feature representations provide highly separable
patterns among different classes. The model successfully captures important visual characteristics such as grain
texture, structural appearance, shape variations, and surface patterns, which contribute to accurate class discrimination.
The consistently high AUC values across all categories confirm that the learned feature space provides reliable
separation even among millet varieties with similar visual characteristics.

The comparison with the random classifier line further highlights the effectiveness of the developed model. The
random classifier represents a baseline condition where classification

decisions are made without meaningful feature understanding, resulting in an AUC value close to

0.5. In contrast, the obtained ROC curves remain significantly above the random prediction boundary,
confirming that the classification decisions are based on meaningful image representations. The identical high-
performance behavior across all millet categories indicates that the model does not exhibit preference toward any
particular class and maintains balanced recognition capability. This result was also consistent with the balanced dataset
distribution and effective feature learning strategy adopted during model development.

The ROC-AUC evaluation provides additional validation of the robustness and reliability of the developed
classification system. The near-perfect AUC values indicate strong sensitivity, low false-positive prediction rates, and
excellent generalization ability on unseen image samples. This analysis confirms that the learned deep representations
effectively capture class-specific characteristics required for accurate millet identification. The ROC curve results,
combined with accuracy, precision, recall, F1-score, and confusion matrix analysis, demonstrate the reliability of the
framework for automated grain inspection, quality assessment, and intelligent agricultural image analysis applications.

Table 5. Class-Wise Classification Performance Analysis

Millet Class Precision (%) Recall (%) F1-Score (%) Correct
Predictions
Finger Millet 98.5 98.0 98.2 196
Pearl Millet 99.0 99.0 99.0 198
Foxtail Millet 97.8 97.5 97.6 195
Barnyard Millet 98.2 98.0 98.1 196
Little Millet 98.7 98.5 98.6 197
Kodo Millet 98.5 98.5 98.5 197
Proso Millet 99.0 99.0 99.0 198
Sorghum 99.5 99.5 99.5 199

Table 5 provides class-wise evaluation results for individual millet categories. All classes achieve high
precision, recall, and Fl-score values, indicating consistent recognition capability across different varieties. The
results demonstrate that the developed framework effectively captures class-specific morphological and textural
features, reducing confusion among visually similar millet samples.

5. Conclusion

The accurate identification and classification of millet varieties have become increasingly important for
improving agricultural quality assessment, food authentication, post-harvest management, and intelligent farming
applications. The development of an automated image-based classification framework provides an effective
alternative to traditional manual inspection methods, which are often influenced by human expertise, environmental
conditions, and visual similarity among grain varieties. The proposed deep learning framework effectively addresses
these challenges by utilizing advanced feature learning and fusion strategies to extract comprehensive visual
representations from millet grain images. The experimental results
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demonstrate that the developed approach successfully learns discriminative characteristics associated with
different millet categories, including variations in grain texture, shape, surface structure, and intensity distribution.
The balanced dataset distribution and preprocessing operations contribute significantly to stable training performance
by ensuring consistent representation of all millet classes [39].

The integration of hierarchical feature extraction and deep feature fusion improves the ability of the model to
capture complementary information from different convolutional levels. Low-level features containing texture and
edge details are effectively combined with high-level semantic representations, resulting in a more informative feature
space for multi-class recognition. The training and validation analysis confirms stable convergence with continuous
improvement in accuracy and reduction in loss values, indicating effective optimization and strong generalization
capability. The close relationship between training and validation performance demonstrates that the framework
avoids excessive overfitting while maintaining reliable prediction capability on unseen samples. The feature fusion
mechanism enhances the separation between visually similar millet varieties by preserving important characteristics
that may be overlooked in conventional single-level feature extraction approaches.

Comprehensive performance evaluation using accuracy, precision, recall, Fl-score, specificity, Matthews
Correlation Coefficient, Cohen’s Kappa, confusion matrix, and ROC-AUC analysis confirms the effectiveness and
reliability of the proposed framework. The obtained results indicate that the model achieves highly accurate
classification across all considered millet categories with minimal misclassification errors. The confusion matrix
demonstrates strong class-wise recognition capability, while ROC analysis verifies excellent discrimination
performance between different millet varieties. The consistently high evaluation scores indicate that the learned feature
representations are robust and capable of handling complex variations present in agricultural images. These findings
highlight the potential of deep feature fusion approaches for developing intelligent systems capable of performing
automated grain identification with high accuracy and efficiency.

The developed framework provides a scalable solution for practical agricultural applications, including
automated grain sorting, quality inspection, digital crop identification, and smart food processing systems. The
combination of efficient feature extraction, feature fusion, and optimized classification enables reliable deployment
in real-world environments where rapid and consistent decision-making was required. The proposed methodology
contributes toward the advancement of artificial intelligence-driven agricultural technologies by reducing dependency
on manual evaluation and improving the accuracy of grain classification processes. Future research can focus on
expanding the dataset with field-acquired images, incorporating lightweight network architectures for edge-based
deployment, integrating explainable artificial intelligence techniques for improved interpretability, and extending the
framework toward real-time agricultural monitoring systems [40]. The outcomes of this research establish a strong
foundation for intelligent millet analysis and demonstrate the effectiveness of deep learning-based solutions in
supporting sustainable and precision-oriented agricultural practices.
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