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ABSTRACT: Classification of grain via traditional image-based methods for agriculture 

is truly challenging. Variations in texture of the grain, lighting conditions, or perhaps 

background noise would often prevent an image classifier from learning and generalizing 

well. This becomes particularly evident with grains that present a highly similar feature 

distribution. To solve such problems related to grain classification, a novel hybrid deep 

learning-based framework using image segmentation techniques has been proposed to 

enable the finer and precise classification of millet grains. Systematic preprocessing in the 

form of resizing, normalization, and dynamic augmentation was inculcated from the 

publicly available millet dataset with the intention of imparting more robustness to the 

models. Several CNN architectures such as MobileNetV2, VGG16, DenseNet169, 

Xception, and their respective hybrids were trained. Segmentation techniques such as 

Otsu Thresholding, KMeans Clustering, Watershed, and SLIC Superpixels were 

implemented. Among the different models, the hybrid model DenseNet169 + Xception 

achieved the highest results, attaining a higher than 95% accuracy along with class-wise 

precision, recall, and F1-score. These findings show that a merger of segmentation with 

hybrid deep learning can yield a more explainable and accurate classification of grains, 

providing a strong base for smarter agricultural solutions. 

 

INTRODUCTION 

Millets are a group of small-seeded cereal crops. They are valued because they are drought-resistant, thrive in warm climates, 

and grow in soils that might not support the growth of other crops. This makes them essential in water-scarce areas or where 

farming conditions are hard. Nutritionally, however, millets are considered nutrient-rich. They are gluten-free, high in fibers, 

vitamins, and minerals, and have been eaten as a staple food in Asia and Africa for many centuries [1,2]. Their adaptability and 

good nutrition profile make millets subjects of concern for food security in the face of climate change and increasing population. 

When considering the production level, India remains the number one producer of various millets in the world, contributing 

approximately 38.4% to the global. According to the Press Information Bureau (PIB) and Ministry of Agriculture and Farmers 

Welfare (DA&FW), in 2024-25 India produced 180.15 lakh tonnes of millets, a figure that is greater by 4.43 lakh tonnes than 

what was recorded the previous year. These figures are based on the government's Third Advance Estimates, with newer 

numbers expected from the Unified Portal for Agricultural Statistics (UPAg) sometime later in 2025 [3]. Figure 1 displays the 

production of the millet across globe. India is shown as the dominant producer, contributing over 40% of the world’s millet, 

followed by Niger with around 12%. Nigeria, Mali, Ethiopia, and China contribute smaller shares ranging between 4–7%. Other 

smaller contributors such as Senegal, Burkina Faso, Chad, and Sudan have smaller shares still, while "Others" amounts to 
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around 11%. The chart highlights the dominant role of India in millet production in the world as compared to other nations 

[4]. 

 

Figure 1: Millet production share by country [4] 

Conventionally, millet grain detection and classification were usually based on manual operations and traditional image 

processing techniques. The researchers used thresholding, edge detection, and texture-based feature extraction methods to 

differentiate a particular type of millet from another [5]. But, in terms of working mechanism, they greatly differ with variation 

in texture, illumination, noise, and overlapping of grains. Henceforth, in general, these methods tend not to generalize on 

different datasets and end up misclassifying samples whose appearance is very similar to one another. Manual inspection tends 

to be time-consuming, subjective, and unsuitable whenever large quantities are involved [6]. 

 Sometimes traditional methods for detection and analysis of grains get limited in such a manner that the whole process gets 

sluggish or completely inefficient. Artificial intelligence, particularly deep learning, provides effective solutions to these 

challenges. CNNs and their variants can automatically learn and identify complex features at the pixel-level from the raw images 

without any intervention of a feature descriptor crafted by a human. When used in combination with image segmentation 

algorithms, these AI systems can solve grain boundary and structural information on images characterised by low image contrast 

or a noisy background. Another advantage is that an AI system can process large amount of grain data quickly and consistently, 

hence it becomes the ideal system for sorting and assessing grain quality at industrial scales. AI-based systems address limitations 

of traditional methods of detecting millet and provide an efficient, trustworthy, and precise agricultural alternative [8]. 

In the past, millet classification and other agricultural tasks have relied much on simple image processing techniques or just a 

single deep-learning model. These methods show limited performance. Limitations arise as these methods do not generalize 

well when applied to new datasets. They are very sensitive to background noises and do not have a very discriminative ability 

when discriminating among grains of very similar appearance. Another disadvantage of such methods in most cases is that they 

lack adequate preprocessing steps and do not explain decision-making, thus reducing trust and real-world adoption [9]. 

This paper attempts to propose a more complete and robust technique to overcome the problem. The proposed hybrid system 

runs some of the finer preprocessing, segmentation of images, and deep learning techniques. This way, the input images and 

the extraction of the visual features may provide optimal feature quality to promote the accuracy and consistency of the 

classification process. Such a method also allows for the decision-making process to be more transparent and easier to 

understand. 
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1.1 Contribution 

The following work introduces several novel strategies to enhance the accuracy, interpretability, and robustness of millet grain 

classification. 

• Proposed a hybrid deep learning approach that fuses features from two different CNN architectures, enhancing millet 

classification performance beyond what single models achieve. 

•  Integrated image segmentation techniques as a visualization and interpretability tool rather than performing preprocessin

g steps for training which offered a novel way of analyzing the perception of grain boundary by the model. 

• Demonstrated that segmentation-enhanced visualization supports feature-level analysis, helping interpret model predictions 

and identify misclassifications in a domain where explainability is often overlooked. 

• Showcased the effectiveness of fine-tuning hybrid models on small, imbalanced datasets, achieving high accuracy without 

requiring large-scale data or synthetic generation. 

• Introduced confidence score visualizations alongside predictions, offering a novel perspective on the model's certainty and 

correctness for each classified sample, which aids decision support in agricultural applications. 

2. RELATED WORK 

Several researchers have engaged in the study of image processing and AI in the detection and classification of various cereal 

grains such as wheat, rice, barley, and millet. Though these works consider different crops, they provide insights and methods

 that may be used in detecting millet grains in an accurate and fast manner. 

Agarwal and Bachan (2023) [10] developed an automatic quality grading computer vision system for classifying wheat grains 

into fresh and rotten. After removing shadows, segmentation, and separating individual grains, color and texture feature 

extraction was performed, extracting 7 color features and 16 texture features. Four classifiers, SVM, KNN, MLP, and Naïve 

Bayes, were trained using 10-fold cross validation and evaluated on multiple metrics of performance. From the results, the SVM 

gave the highest accuracy (93%) with color features, whereas Naïve Bayes generated the highest accuracy with texture features 

(65%), proven to be more effective SVM for automatic wheat quality grading. Wang et al (2024) [11] integrated ESNet to 

enhance feature extraction efficiency by creating improvements to the YOLOv7 lightweight detection algorithm. Detection in-

higher dense and occluded millet contexts was further enhanced by the Soft Non-Maximum Suppression (NMS) being merged 

with the EIoU Loss function. A comparison of the improved model with several lightweight models such as LCNet, 

ShuffleNetV2, and MobileNetV3 was made using a millet dataset. The results demonstrated that YOLOv7-ESNet could 

outperform all baselines with an average accuracy of 93.19% and a prediction time of 52.5 ms, making it suitable for real-time 

grading. The study also further established that the model could perform refined detection of millet and quality grading under 

varied backgrounds. Zheng et al. (2019) [12] constructed CropDeep: a major vision dataset concerning precision agriculture, 

with 31,147 images containing over 49,000 annotated instances belonging to 31 categories of crops. In contrast with other 

datasets, images in this one are taken using different cameras under varied greenhouse conditions, including species of crops 

that look nearly alike and have periodic color changes, which put real challenges before detection and classification methods. 

In baseline experiments, deep models gave classification accuracies of more than 99% but gave detection accuracies of less than 

92%, which proved the hardness of the dataset. The paper promotes detection methods and considers YOLOv3 as a suitable 

candidate for detection-related agricultural tasks. Shah et al. (2022) [13] built a method based on deep learning for the fast and 

accurate classification of barley types using RGB images. Classical methods such as molecular or DNA-based identification are 

time-consuming, costly, and labored with the need for specialized labs, whereas in just about four milliseconds, the approach 

can classify one image. Tested with 14 different commercial barley varieties, including very closely related types, the model 

showed 94 percent classification accuracy, offering the growers, handlers and traders quick and cheaper alternatives. Hu et al. 

[14] conducted a full review of deep learning methods for weed detection in images. It discusses some of the basic concepts of 

deep learning, recent developments, the publicly available weed data sets, and current challenges in developing practical 

deployable weed detection systems. The review helps to carve out some directions for future research, with the goal of 

supporting sustainable weed management and minimizing the use of herbicides.Yao et al. (2022) [15] combined synthetic 

aperture radar and optical data from Sentinel-1 and Sentinel-2 satellites to study the spatial, temporal, and phenological attributes 

of crops. This study, comparing four classification schemes, has validated that a hybrid RF+DNN systems-level model 
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statistically outperforms any single model, with an overall accuracy of 98% and a Kappa coefficient of 0.97, better than RF, 

DNN in single-mode, and object-oriented methods.  

Kumar et al. (2024) [16] reviewed the AI-based mechanisms for quality checking and varietal classification of crop seeds. ML 

and DL techniques were surveyed in terms of RGB and hyperspectral imaging, along with data acquisition, preprocessing, 

experimental setups, and evaluation criteria. The study classifies tasks such as damaged seed detection, disease identification, 

seed sorting, and classification of either single or several varieties and provides summary tables of state-of-the-art works, which 

underline such features, their performance, and research gaps for future development. Ekramirad et al. (2024) [17] studied near-

infrared (NIR) hyperspectral imaging in the range of wavelengths 900–1700 nm for non-destructive classification of ten proso 

millet cultivars. Using 5000 seeds, dimensionality reduction was carried out using PCA; with this, the researchers developed 

classification models based on Gradient Tree Boosting, reaching accuracies of up to 99%. Even with the selected features of 

only 15 and 5, the accuracies were still as high as 98.14 and 97.6%, respectively, indicating that NIR hyperspectral imaging 

serves as an efficient, quick, and non-destructive method for sorting proso millet seeds.  Din et al. (2024) [18] developed a 

"RiceNet" as a deep learning-vision-based computer system to classify five kinds of rice grains. As InceptionV3 and 

InceptionResNetV2 with the Adam optimizer were among the DCNN architectures employed, their performance was 

compared with traditional machine learning techniques such as HOG/SIFT with SVM, LR, and KNN. At the highest level of 

94%, the RiceNet model surpassed pre-training DL models and conventional ML methods, confirming its suitability for highly 

precise and automated rice variety identification. 

Table 1 displays the growing role of machine learning and deep learning in crop classification and grain quality analysis. 

Table 1: Summary of research on crop classification techniques 

Researcher Crop Findings Limitation 

Agarwal and 

Bachan (2023) 

[10] 

Wheat 

Built a grading system using color (7) and 

texture (16) features; SVM reached 93% 

accuracy. 

Texture-based accuracy was low 

(65%), limiting robustness. 

Wang et al 

(2024) [11] 
Millet 

Improved YOLOv7 with ResNet 

backbone, Soft-NMS, and EIoU loss; 

achieved 93.19% accuracy in real time. 

Tested only on millet; 

generalization to diverse crop 

datasets unverified. 

Zheng et al. 

(2019) [12] 

31 crops 

(CropDeep) 

Released large dataset (31,147 images, 

49,000+ instances); classification >99%, 

detection <92%. 

Detection still lags; visually 

similar crops remain 

challenging. 

Shah et al. (2022) 

[13] 
Barley 

Classified 14 commercial varieties with 

94% accuracy in 4 ms per image. 

Performance may drop on non-

commercial or unseen varieties. 

Yao et al. (2022) 

[15] 

Multiple crops (via 

satellite) 

Combined Sentinel-1 SAR + Sentinel-2 

optical with RF+DNN; achieved 98% 

accuracy, κ=0.97. 

Cloud/satellite dependency; 

may not capture micro-level 

crop traits. 

Hu et al. (2024) 

[14] 

General (weed/crop 

seeds) 

Surveyed ML/DL for seed quality and 

weed detection, highlighting progress and 

gaps. 

No experimental validation; 

future research directions only. 

Ekramirad et al. 

(2024) [17] 
Proso millet 

Used NIR hyperspectral imaging + PCA 

+ Gradient Boosting; achieved up to 99% 

accuracy. 

Requires costly hyperspectral 

equipment; limited field 

practicality. 

Din et al. (2024) 

[18] 
Rice 

Developed RiceNet 

(InceptionV3/ResNet-based), achieving 

94% accuracy; outperformed ML 

baselines. 

Restricted to 5 rice varieties; 

scalability across global varieties 

not tested. 
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3. MATERIALS AND METHODOLOGY 

In this section, the datasets, preprocessing techniques, feature extraction strategies, and classification frameworks used for millet 

grain detection and classification are presented in Figure 2. 

 

Figure 2: Proposed framework to identify and classify multiple millet grains 

3.1 Dataset Description: The “millet class” dataset, developed by user vineth on Roboflow, is a computer vision dataset designed 

for both image classification and object detection tasks, with a primary focus on millet, a widely cultivated cereal grain. The 

dataset contains 1189 labeled images and can be used both for training and evaluating models for the recognition of different 

classes of millet in images (Figure 3). It allows tasks related to detecting millet and is, therefore, suitably placed for such 

applications as agricultural automation, grain classification, and quality control. Bounding box annotations for object detection 

or simple class labels for classification can be included, depending on how one decides to configure it inside Roboflow.  Like 

any other Roboflow dataset, it can be exported in common annotation formats, including YOLO, COCO, and Pascal VOC, 

which makes it possible to incorporate it with standard deep learning frameworks. Summarizing, this dataset offers some 

interesting possibilities to AI development towards the solution of real-world problems dealing with crop monitoring and grain 

quality assessment [19]. 

 

 

 

Figure 3: Samples of millet grains 

Table 2 presented an overview of major and minor millets, along with vernacular and scientific names, along with some 

important traits. It leads to their mention of their nutritional potentials, adaptation to dry or semi-arid areas, and significance in 

local cuisines [20,21,22]. 
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Table 2: Classification of major and minor millets 

Class Name  Common Names Scientific Name Description / Key Features 

buck-wheat-

millet 

Buckwheat, Kuttu 

(in India) 

Fagopyrum 

esculentum (pseudo-

cereal, not a true 

millet) 

Though not a true millet, buckwheat is often 

grouped with millets due to its similar nutritional 

profile and use during fasting. Rich in protein, 

flavonoids, and gluten-free. 

little-millet Kutki, Samai Panicum sumatrense 

One of the minor millets, with very small grains. 

Grows well in dry regions, used as rice substitute. 

Rich in B-vitamins, minerals, and dietary fibre. 

pearl-millet Bajra Pennisetum glaucum 

A common millet largely cultivated by dry regions. 

Being very hardy, it is used to make flat bread (roti). 

Rich in iron, fibre, and essential amino acids. 

ragi-millet 
Finger millet, 

Nachni 
Eleusine coracana 

Often considered to be the richest of all in calcium, 

which is good for the bones. People consume it in 

the form of a porridge, malt, or flour. 

sorghum-millet Jowar Sorghum bicolor 

Being another major millet, it is drought resistant 

and is widely grown in the semi-arid tropics. It is 

consumed as whole grain, flour, or popped. High 

antioxidants and gluten-free. 

 

3.2 Data Preprocessing: In this work, data preprocessing and data augmentation strategies were employed to ensure the quality of 

input images and enhance model generalization capability. During data preprocessing, every image was resized to an equal 

resolution of 224×224 pixels to maintain consistency across the dataset. Then, pixel values were normalized within the range 

[0, 1] to assist with smooth and fast training. From the CSV annotations, the class labels were transformed to one-hot encoded 

vectors to be understood adequately by models for multi-class classification. Furthermore, a directory structure was created to 

divide the dataset into training, validation, and testing sets and thus allow for an organized training and evaluation. In an attempt 

to balance out class samples and avoid overfitting, an augmentation technique was done on the fly via ImageDataGenerator. 

Some augmentations were random rotation, width and height shifts, shear transformations, zoom, horizontal flipping, missing 

pixel values interpolated with the nearest pixel value. These augmentations produced diverse augmentations of the original 

image data which enhanced the robustness and generalization capability of the model to unseen data. 

3.3 Segmentation Techniques for Millet Grain Detection: For individual millet grain detection, segmentation was considered for locating 

the boundaries, texture and structure of the grain while ignoring background elements such as soil fragments, husks or non-

uniform illuminations. Several segmentation techniques worked in tandem (Algorithm 1), with each one helping in the 

preprocessing and visualization (Figure 4). 

Algorithm 1: Segmentation Procedure for Millet Image Preprocessing 

Input: 

• (I) : Input millet image 

• (𝒯 = Otsu,KMeans,MorphOpen,Watershed,Canny,Adaptive,GrabCut,SLIC) : Set of segmentation 

techniques 

 

Steps: 

1. For each technique(𝑡 ∈ 𝒯) do 
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2.    If (𝑡 = Otsu Thresholding) then 

3.      Convert (I) to grayscale: (𝐼𝑔 = Grayscale(𝐼)) 

4.      Compute Otsu threshold: (𝑇𝑜 = OtsuThreshold(𝐼𝑔)) 

5.      Generate binary mask: (𝑆Otsu = 𝐼𝑔 > 𝑇𝑜) 

6.    Else if (𝑡 = KMeans Clustering) then 

7.      Cluster pixel intensities of (I) into (k) clusters 

8.      Assign millet region to dominant cluster: (𝑆KMeans) 

9.    Else if (𝑡 = Morphological Opening) then 

10.      Apply erosion followed by dilation: (𝑆Morph = (𝐼 ⊖ 𝐵) ⊕ 𝐵) 

11.    Else if (𝑡 = Watershed Segmentation) then 

12.      Compute gradient magnitude: (𝐺 =  |∇𝐼|) 

13.      Generate markers (M) for foreground/background 

14.      Apply watershed: (𝑆_{"{𝑊𝑎𝑡𝑒𝑟𝑠ℎ𝑒𝑑}}  =  "{𝑊𝑎𝑡𝑒𝑟𝑠ℎ𝑒𝑑}(𝐺, 𝑀)) 

15.    Else if (𝑡 = Canny Edge Detection) then 

16.      Detect edges: (𝑆Canny = CannyEdges(𝐼, 𝑇low, 𝑇high)) 

17.    Else if (𝑡 = Adaptive Thresholding) then 

18.      Compute local thresholds: (𝑇local(𝑥, 𝑦)) 

19.      Segment regions: (𝑆Adaptive = 𝐼(𝑥, 𝑦) > 𝑇local(𝑥, 𝑦)) 

20.    Else if (𝑡 = GrabCut) then 

21.      Initialize mask (𝑀0) for foreground/background 

22.      Refine mask using graph cuts: (𝑆GrabCut = GrabCut(𝐼, 𝑀0,iterations = 𝑛)) 

23.    Else if (𝑡 = SLIC Superpixel Segmentation) then 

24.      Partition image into superpixels: (𝑅𝑖𝑖=1
𝑁 ) 

25.      Merge superpixels corresponding to millet grains: (𝑆SLIC = ⋃ 𝑅𝑖) 

26.    Store (𝑆𝑡) in (𝒮) 

27. End For 

28. Return (𝒮) 

 

Output: Segmented outputs highlighting millet grain regions 

 

The process began with Otsu’s thresholding, which proved effective in separating millet grains from relatively uniform 

backgrounds by automatically selecting an intensity threshold. Mathematically, the optimal threshold (𝑡∗) is defined as: 
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𝑡∗ = ar g m ax𝑡 [ω1(𝑡), ω2(𝑡), (μ1(𝑡) − μ2(𝑡))
2

] (1) 

where ( ω1(𝑡), ω2(𝑡)) are class probabilities and ( μ_1(𝑡),  μ_2(𝑡) ) are class means. Otsu's method produced binary masks 

successfully identifying the grains from the background in most cases, such as with images of ragi millet and little millet. 

However, some grains could not be easily segmented when the distribution of intensity values of pixel belonging to grain was 

like the intensity value of pixel belonging to some portion of the background. To counteract this, adaptive thresholding was 

used. Since the lighting conditions for capturing the pictures could vary, an adaptive thresholding method would locally adjust 

the threshold for each image region: 

𝑇(𝑥, 𝑦) =
1

𝑁
∑ 𝐼(𝑖, 𝑗)

(𝑖,𝑗)∈𝒩(𝑥,𝑦)

− 𝐶 
(2) 

where (𝒩(𝑥, 𝑦) ) is the neighborhood, (N) is the neighborhood size, and (C) is a constant. This allowed small pearl millet grains 

to be distinguished more clearly, even in images where shadow or illumination gradients made global thresholding ineffective. 

Next, K-Means clustering grouped pixels into clusters based on color and texture similarity. The algorithm minimizes intra-

cluster variance: 

𝐽 = ∑ ∑ |𝑥𝑗 − μ𝑖|
2

𝑥𝑗∈𝐶𝑖

𝑘

𝑖=1

 

(3) 

where (𝐶𝑖) is the cluster and ( μ𝑖) is its centroid. In those millet datasets, the method was particularly useful for buckwheat 

millet, as the grain color was very close to the background. K-Means, by dividing pixels into different clusters, ensured that 

grain pixels formed coherent groups distinct from any surrounding noise. We use morphological opening to further refine these 

results by removing small specks or dust that usually occur in raw images of millets. Mathematically, opening is defined as: 

𝐴 ∘ 𝐵 = (𝐴 ⊖ 𝐵) ⊕ 𝐵 (4) 

where (A ) is the binary image and ( B ) is the structuring element. This helped retain only the meaningful grain regions while 

cleaning the binary masks, ensuring that false detections were minimized. 

If the grains overlapped a little, especially in the sorghum millet images where the grains were clustered together, watershed 

segmentation helped reduce the processing time. This method considers the gradient values of an image, much as a topographic 

surface with high and low elevation regions assists in the separation of individual grains, as shown by equation: 

∇𝐼(𝑥, 𝑦) = √(
∂𝐼

∂𝑥
)

2

+ (
∂𝐼

∂𝑦
)

2

 

(5) 

 

watershed separated touching grains into individual regions, enabling precise counting and measurement. To further emphasize 

grain outlines, Canny edge detection was used to capture sharp boundaries, which is based on gradient magnitude and direction: 

𝐺 = √𝐺𝑥
2 + 𝐺𝑦

2,  θ = arcta n (
𝐺𝑦

𝐺𝑥

) 
(6) 

where (𝐺𝑥 , 𝐺𝑦) are gradients in horizontal and vertical directions. This proved useful in highlighting the elongated shape of ragi 

millet and the rounder boundaries of pearl millet. 

In more complex images where background textures interfered with segmentation, GrabCut provided significant improvement. 

The algorithm minimizes an energy function: 

𝐸(𝐿) = 𝑈(𝐿) + 𝑉(𝐿) 

 

(7) 
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where (U(L)) is the data term (likelihood of pixel belonging to grain or background based on Gaussian Mixture Models), and 

(V(L)) is the smoothness term penalizing abrupt label changes. This iterative process effectively isolated millet grains even when 

they blended into complex surroundings, which was particularly beneficial for little millet. Finally, SLIC superpixel segmentation 

grouped pixels into compact, perceptually uniform regions. The distance measure used is: 

𝐷 = √(𝑑𝑐)2 + (
𝑑𝑠

𝑆
)

2

𝑚2 

(8) 

where ( 𝑑𝑐) is color distance, ( 𝑑_𝑠 ) is spatial distance, (S) is the grid interval, and  (m) is the compactness factor. This ensured 

that millet grains were represented as coherent regions, simplifying shape and texture analysis. 

The process put together all the techniques mentioned above to build a complementary segmentation pipeline. Thresholding 

and clustering were initially used to carry out rough segmentation between the millet grains: morphological operations were 

then used to clean the resulting masks. The watershed and Canny algorithms improved the separation of grains, and the grain 

outlines became sharper, whereas the quality of the masks obtained using GrabCut and SLIC offered the best quality masks for 

extracting features using deep learning. When these techniques are implemented consecutively and modified for different types 

of millets, then the technique can overcome some of the problems such as tiny grains of pearl millet, overlapping grains of 

sorghum millet and uneven lights of little millet. These all produce some clear segmentation outputs and accurate classification. 

  
buck_wheat_millet little-millet 

 
 

pearl-millet ragi-millet 
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sorghum-millet 

Figure 4: Various segmentation approaches applied to multiple millet grains 

 

3.4 Applied Classifiers: In this segment, various comparisons of deep learning classifiers are applied for testing the effectiveness 

on identifying different types of millet grains. Each of the architectures, which allow various convolution architectures as well 

as advanced structures like DenseNet, Inception and hybrid combinations, are evaluated in terms of how well they can tell apart 

millet varieties (Figure 5). 

 

Figure 5: Categories of classification model families 

Detection of millet grains using deep learning algorithm starts with the Convolutional Neural Network architecture which is 

simply a fundamental architecture that can learn spatial hierarchies with the help of stacked convolutional layers and pooling 

layers. The simplest convolutional networks identify local texture features like edges and grain boundaries using filters of a fixed 
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stipulated size say 3x3 kernels. These layers are then followed by ReLU activations and max-pooling layers for reducing the 

spatial dimensions. However, in situations where the dataset becomes of immense sizes and actions become more complex, the 

CNNs have a scaling problem in terms of the size of the model and the cost of computation [23,24]. To overcome these issues, 

MobileNetV2 was proposed as an efficient alternative. It swaps the typical convolutions for depthwise separable convolutions, 

which is a decomposition of convolution in two separate sequence operations of depthwise filtering and pointwise (1*1) 

projection. Besides that, it uses inverted residual blocks with linear bottlenecks which again aggressively reduces the number of 

parameters and computations by reducing dimensionality and then expanding it. This made MobileNetV2 suitable for real-time 

millet inspection while the lightweight characteristic of the model may degrade fine-grained accuracy of the model on complex 

grain patterns [25]. Aiming to get improved representational power, VGG16 and VGG19 dissected the CNN architecture by 

adding lots of 3*3 convolutional layers stacked in each block, i.e., allowing deeper feature hierarchies. With 16 and 19 weight 

layers, respectively, the VGG architectures were able to implement in sequence subtle changes in the grain contours, textures, 

and shapes in higher-level abstractions of the most concrete concreteness. But deeper nets such as VGG are plagued by 

vanishing gradients which act as an inhibitor of learning for the last layers in backpropagation [26,27]. 

Since the network has failed to provide an adequate translation of information, ResNet50 introduced layer of residual learning 

through skip connections: instead of learning the entire mapping, ResNet learns the residual (difference) between input and 

output of a layer passing through identity shortcuts: where gradients can flow nearly directly through blocks. The architecture 

is composed of bottleneck残net blocks (1x1->3x3->1x1 convolution) supporting the very deep training (50 layers) but 

preserving the fine morphological details of the Millet grains [28]. ResNet guarantees the smooth flow of the gradient, however, 

does not offer mechanisms to explicitly re-use features across far distanced layers. DenseNet121, DenseNet169 and 

DenseNet201 address this issue with dense connectivity where every layer receives inputs from all previous layers, which 

encourages maximum reuses of features and prevents parameter redundancy, to a large degree. In these models, dense blocks 

are combined with transition layers (batch norm -> 1x1 conv -> average pooling) thus allowing for quite compact, yet expressive 

representations, which can be especially helpful in detecting subtle differences in textures between varieties of millet [29,30,31]. 

However, the DenseNet captures features within a fixed receptive field size, which might restrict its ability of capturing multi-

scale grain structures. InceptionV3 addresses this gap by ensuring the inputs passed through alternative convolutional filters of 

varying sizes (e.g., 1x1, 3x3, 5x5) in parallel inside inception module. This is a multi-branch design, which makes the model 

capable of extracting fine-grained and coarse-grained pattern information, and therefore is very suitable for the discrimination 

of grains with different sizes and orientations in the presence of clutter [32]. Xception as an improved Inception model was 

supposed to be efficient in nature and supposed to have the ability to distinguish between different features. Instead of using 

convolution operation, the depthwise separable convolution technique is used with separate operations for space and channel. 

The network is divided into three blocks entry, middle, and exit and these are built using separable layers and Shortcut or 

Residual Connections. This allows the model to attend to the fine details in addition to the overall patterns in the images while 

having the computational cost relatively low [33]. Additionally, hybrid models were also created, that was able to combine the 

strength of different architectures, getting the best of each.  

• VGG19 + DenseNet169: the deep hierarchical feature extraction of VGG combined with DenseNet's dense inter-

layer communications provides for very rich and diverse feature maps. 

• DenseNet169 + Xception: employs extensive feature reuse of DenseNet with highly efficient depthwise filtering of 

Xception, increasing accuracy while keeping the computation light. 

•  VGG16 + MobileNetV2: While VGG is deep in its learning, MobileNet is lightweight in computation and thus is 

suited for deployment in environments with poor resources. 

Table 3 gives a quick overview of popular deep learning models, showing their main features and how their architectures are 

designed 

Table 3: Overview of key deep learning models 

Model Key Feature(s) Architectural Highlights 

CNN (base) Basic detection Convolution → Pooling 
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MobileNetV2 Lightweight, real-time Depthwise separable convs, inverted residuals 

VGG16 / VGG19 Deeper, hierarchical features Stacked 3×3 convs, no skip connections 

ResNet50 Stable deep training Residual blocks with identity shortcuts 

DenseNet121/169/201 Feature reuse & compactness Dense blocks, layer-wise concatenation 

InceptionV3 Multi-scale feature learning Parallel filters in inception modules 

Xception Efficiency + separability Depthwise separable convs + residuals 

Hybrid Models Combined strengths 
Fusion of architectures (VGG + 

DenseNet/Xception/MobileNet) 

In addition, Algorithm 2 shows a hybrid classifier consisting of DenseNet169 and Xception for millet grain classification. This 

approach utilizes both architectures to extract as many features as possible based on the parallel feature extraction and to fusion 

complementary representations from both backbones along with fully connected layers with regularization to generate 

meaningful class predictions. 

Algorithm 2: Hybrid Classifier – DenseNet169 + Xception for Millet Grain Classification 

Input: Millet grain images 

Steps: 

1. Input Layer: 

o Millet images are resized to a fixed dimension of ((224 × 224 × 3)) prior to model processing. 

2. Parallel Feature Extraction: 

o Branch A (DenseNet169): 

1. The DenseNet169 backbone is applied, where each layer receives feature maps from 

all preceding layers. 

2. This structure enables the extraction of fine-grained spatial and textural features of 

millet grains. 

o Branch B (Xception): 

1. In parallel, the Xception backbone is employed with depthwise separable convolutions 

and residual connections. 

2. This configuration efficiently captures hierarchical representations while reducing 

computation. 

3. Feature Fusion: 

o Feature maps from both branches are concatenated to form a combined representation vector 

F = 𝐹DenseNet ∥ 𝐹Xception 

o The fusion provides complementary features from the two architectures. 

4. Fully Connected Layer: 

o The fused vector is passed through a Dense layer with 512 neurons and ReLU activation to learn 

higher-level abstract features. 

5. Regularization: 

o A Dropout layer with probability ((p = 0.5)) is applied to reduce overfitting during training. 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1548 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

6.  Output Layer: 

o A Dense layer with Softmax activation is used, where the number of neurons corresponds to 

the millet classes ((C)). 

o This layer produces a probability distribution over all classes. 

7. Classification Decision: 

o The final class label is assigned based on the maximum Softmax probability. 

Output: Predicted class label for each millet image 

 

4. RESULTS AND ANALYSIS 

This section gives a general evaluation of the classifiers in millet recognition. The training and validation results and the 

individual class's precision, recall, and F1-scores of different architectures are investigated. Such a comparative analysis provides 

useful insight into the priors of the best class to be considered for a fine and reliable class of millet grains.  

Table 4: Performance metrics of different models and hybrid architectures for millet grain classification 

Model 
Train 

Accuracy 

Train 

Loss 

Validation 

Accuracy 

Validation 

Loss 

CNN 0.7758 0.5677 0.6566 0.8853 

MobileNetV2 0.8673 0.4311 0.7374 0.7778 

VGG16 0.9958 0.0309 0.8687 0.7268 

VGG19 0.9909 0.0382 0.7475 1.2102 

ResNet50 0.7177 0.7436 0.4848 1.3339 

DenseNet121 0.8383 0.5250 0.6970 0.7931 

InceptionV3 0.8975 0.3609 0.7778 0.6813 

DenseNet169 0.8890 0.4409 0.8384 0.5941 

Xception 0.9533 0.2456 0.8283 0.5983 

Hybrid VGG19 + 

DenseNet169 
0.9658 0.1060 0.8384 0.8296 

Hybrid DenseNet169 + 

Xception 
0.9357 0.2252 0.8586 0.5123 

DenseNet201 0.9039 0.3211 0.8384 0.5067 

Hybrid VGG16 + 

MobileNetV2 
0.9723 0.0930 0.8283 0.7901 

When the results in Table 4 are put in perspective of the classification of the millet grain some obvious insights are seen. Simpler 

CNN models, while having the ability to learn basic patterns in the dataset, do not have the representational capability of 

learning the fine-grained visual differences between the varieties of millet, which often have very subtle variations in size, texture 

and color. Advanced architectures - of MobileNet, DenseNet, Inception, Xception - prove to be more effective as their design 

allows for a deeper feature extraction and better handling of complex visual cues - as we have seen are necessary to differentiate 

between the grains that may be near in their visual appearance. The VGG family has shown a strong learning capacity when 

given a training data but they tend to overfit on the training data thereby reducing their reliability in categorizing the millet 
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grains in real-world cases. ResNet has a more significant difficulty in this application, leading to the idea that the residual learning 

framework that this model uses is not better suited to this data set without additional tuning. Hybrid architectures demonstrate 

promising performance where the hybrid backbone combining the strengths of several backbones allow us to capture richer 

representations of the millet grain characteristics, thereby resulting in stronger generalization performance. Overall, models 

balancing effectiveness of training with stability of validation, especially DenseNet variants, Xception and some hybrid 

combinations turn out to be the most appropriate models for efficient millet grain classification, in which effective recognition 

in a range of grain samples is crucial. 

 

 

Figure 6: Analysis of learning curves of models 

In Figure 6, the first set of graphs show the training and validation accuracy and loss for the VGG16 model over 20 epochs of 

training. The accuracy plot (left) shows a sharp increase in training accuracy of the VGG16 model from the very beginning and, 

before the 10th epoch, has almost become 1.0, indicating that the model is essentially learning the training data. Yet, the 

validation accuracy levelled off at epoch number 7 and thereafter oscillated between 0.83 and 0.88. This indicates overfitting, 

where the model performs very well on training data but is not improving on the unseen validation data. In the loss plot (right), 

the training loss drops sharply down to near zero, indicating very good fitting of the model to the training data. On the other 

hand, the validation loss almost remained flat with some slight increase toward the later epochs, indicating that the validation 

losses were escalated by overfitting, since the model was doing an excellent job on the training set. 

Next is the Hybrid DenseNet169 + Xception model's performance verification plot. Accuracy plot in the left reveals a smooth 

rise in training and validation accuracy. The curve for validation accuracy steadily climbs up to 0.88 with the training accuracy, 

indicating that the model is learning well and generalizing efficiently. A small gap indicates better generalization and robustness 

through low over-fitting. From the loss plot on the right side, the loss trends for both training and validation are about to 

decrease gradually. The model loss is greater for validation data than for training data; however, the trend showed signs of 

decline, which means that the model not only learns but also improves with testing examples. All the curves are smooth and 

well-aligned, highlighting the stability of the training process that generalizes well. 

The second set of graph shows the performances from the Hybrid DenseNet169 + Xception model. In the accuracy plot (left), 

we observe that training and validation accuracies smoothly and consistently increase. The validation accuracy increases 
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alongside the training accuracy, approaching 0.88, thereby indicating a well-learning and well-generalizing model. Importantly, 

there is almost no gap between the training and validation accuracy, representing minimal overfitting and strong robustness. 

With the loss plot (right), both training and validation losses steadily decrease. The validation loss being much higher than the 

training loss, although still descending, shows that the model is learning and further being able to improve its working on data 

that is unknown to it. Indeed, the curves reflect smoothness and alignment, which favor a stable and well-generalized training 

process. 

 

Figure 7: Evaluation of models based on average precision, recall, and F1-score 

The graph presented in Figure 7 shows the comparison among the five best deep learning models, depending on average 

precision, recall, and F1-score perpendicular to all millet classes. The Hybrid DenseNet169 + Xception model is clearly superior, 

producing nearly perfect scores in all three metrics; this means that the model detects almost all millet classes (high recall) with 

very few false alarms (high precision), putting forth a massively high F1 score. Subsequent to this, DenseNet121 also achieved 

that balance of precision and recall with contribution in contributions to reliable classification. The Hybrid VGG16 + 

MobileNetV2 model performs slightly lower respect to DenseNet121 but shows high precision, implying that very rare that it 

makes wrong predictions but sometimes do not consider a true case (has slightly lower recall). DenseNet201 demonstrates to 

have serious and balanced performances on all the metrics and hence the classification itself is robust there. VGG19 finally 

grabs the top five spot for its high average precision and recall and also gets an unusually good score on classes such as buck-

wheat and ragi millet. All in all, the graph used underlines the greater performances of the hybrid and the deeper architectures 

than the simpler or individual base models to classify millet grains. 

Table 5: High-performance class-wise precision, recall, and F1-score for millet grain classification models 

Model Class  Precision Recall F1-Score 

CNN ragi-millet 0.89 1.00 0.94 

MobileNetV2 
pearl-millet 1.00 1.00 1.00 

sorghum-millet 0.82 1.00 0.90 

VGG16 
buck-wheat-millet 1.00 0.88 0.94 

ragi-millet 1.00 0.88 0.93 

VGG19 buck-wheat-millet 1.00 0.94 0.97 

ResNet50 ragi-millet 1.00 0.62 0.77 
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DenseNet121 

little-millet 0.92 1.00 0.96 

ragi-millet 1.00 1.00 1.00 

sorghum-millet 1.00 1.00 1.00 

InceptionV3 ragi-millet 1.00 1.00 1.00 

DenseNet169 
ragi-millet 1.00 1.00 1.00 

sorghum-millet 0.82 1.00 0.90 

Xception sorghum-millet 0.90 1.00 0.95 

Hybrid VGG19 + DenseNet169 
pearl-millet 0.80 1.00 0.89 

ragi-millet 0.89 1.00 0.94 

Hybrid DenseNet169 + Xception 

buck-wheat-millet 1.00 0.88 0.94 

little-millet 0.92 1.00 0.96 

pearl-millet 1.00 1.00 1.00 

ragi-millet 1.00 1.00 1.00 

sorghum-millet 0.90 1.00 0.95 

DenseNet201 ragi-millet 1.00 1.00 1.00 

Hybrid VGG16 + MobileNetV2 
ragi-millet 1.00 1.00 1.00 

sorghum-millet 0.90 1.00 0.95 

 

The evaluation results of class-wise model for classification of millet grain of Table 5 shows that the performance varies not 

only architecture wise, but also millet wise. While some models demonstrate remarkable performances identifying some classes 

of millets, with precision, recall and F1-Score all turning out to be one, others appear to more limited. MobileNetV2, 

DenseNet121, InceptionV3, DenseNet169, DenseNet201, and some of the hybrid architectures attractively appear, namely, 

they perfectly classified the ragi, pearl, or sorghum millets almost all the time. This implies their ability to generalize and capture 

the subtle patterns of textures and shapes separating these grains. VGG-based models likewise tend to do well but seemed to 

record slightly lower recall in some types of millet, in which case they sometimes get it wrong even if they've got it right on 

precision. For ResNet50, there's a drop with recall dropping quite lot; therefore, it's really hard to easily recognize some millet 

classes. On the other end, hybrid architectures succeed in covering a wider number of classes gets between high and perfect 

performances for a variety of millets, hence showcasing the advantages of aligning corresponding feature extraction functioning. 

Overall, this analysis suggests that even though certain architectures like DenseNet and Xception, prove to be very effective, 

hybrid models ensure more flexible recognition for different varieties of millet wherein both precision and recall is equally 

important. In addition, confidence score has been calculated in Fogure 8. In the case of millet grain classification using deep 

learning, confidence score is a measure of how sure the model is about its prediction when it makes a prediction for a specific 

image and specific class. It is derived from the Softmax function, which converts the raw output logits 𝑧𝑖 from the final layer 

into probabilities 𝑃𝑖  for each class using the formula: 𝑃𝑖 =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗𝐾

𝑗=1

, where K is the total number of classes [34]. These scores 

range between 0 and 1 and sum to 1 across all classes. The class with the highest confidence score is selected as the model's 

prediction.  
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DenseNet169 

Figure 8: Model confidence scores for millet grain classes 

In Figure 8, the three comparative visuals give the ground for assessing model performance on the task of classifying buckwheat 

millet samples. Across such images, the models' predictions (true label and confidence score) bring out their respective strengths 

and weaknesses in visual feature discrimination.  

Overall, the DenseNet169 + Xception hybrid model demonstrates superior classification performance through always 

identifying most samples as buckwheat millet and doing so with high confidence (usually above 90%). The only cases where 

misclassification into little millet or sorghum millet is possible are with moderate confidence; this means that although the 

hybrid fusion can spot fine-grained visual texture, at times it is still challenged because of high inter-class similarity. The VGG16 

model is the most steady and confident corresponding to almost perfect score in almost each sample. Confidence is occasionally 

as high as 100% indicating that VGG16 can extract discriminative features of the spatial position that can separate buckwheat 

millet from other types of millet. A few mis classifications mainly as pearl millet with nearly 76-80% confidence indicates that 

there are few overlapping surface features that confuse the model. A stand-alone DenseNet169 thus has a broad variability of 

confidence as well as prediction accuracy. While in most of the cases it achieves high classification accuracy of the given class 

and some get misclassified into little millet or sorghum millet with only low to moderate confidence (48-60%). This variability 

suggests that while DenseNet169 is good at learning hierarchical features, offhand, it might not work as good when it comes 

to generalization as the hybrid or deeper CNN variants. A greater accuracy and stability in the overall performance are given by 

VGG16 and DenseNet169 + Xception provides balanced robust performance with slight errors with DenseNet169 being 

comparatively poor thus representing more importance in hybrid and deeper architectures for fine-grained visual classification 

of millet species. Finally, Table 6 provides a summary of the overall result and limitations and possible future directions. 

Table 6: Overall findings of the paper 

Aspect Findings 

Problem 

Addressed 

Millet classification based on traditional images is encompassed with problems such as differences in 

texture, lighting, noise, and visual resemblance among different grain types. Manual checking takes a 

long time and is not very reliable. 
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Proposed 

Solution 

Hybrid deep learning framework combining CNN models and various image segmentation techniques 

(Otsu, KMeans, Watershed, SLIC, GrabCut, etc.) for fine boundary detection and hence classification. 

Dataset Millet Class Dataset (Roboflow)-1,189 labeled images falling in one of five classes: Buckwheat, Little 

millet, Pearl millet, Ragi millet, Sorghum millet. The images were resized to 224×224, normalized, one-

hot encoded, and augmented (rotation, width shift, zoom, flip). 

Segmentation 

Techniques 

Otsu Thresholding, Adaptive Thresholding, KMeans Clustering, Morphological Operations, 

Watershed, Canny Edge Detection, GrabCut, SLIC Superpixels are each applied selectively to treat 

overlapping grains, lighting variation, and small grain size. 

Applied Models CNN (baseline), MobileNetV2, VGG16/19, ResNet50, DenseNet121/169/201, InceptionV3, 

Xception, Hybrid models (VGG16+MobileNetV2, VGG19+DenseNet169, 

DenseNet169+Xception). 

Best Performing 

Models 

DenseNet169 +Xception (Hybrid): Validation Accuracy is 0.8586; strong generalization to 

new/recorded data with a good balance between precision and recall. - Xception+EfficientNet B0 

(reported): Accuracy of more than 95%. 

Overfitting 

Observation 

The VGG16 architecture gets amazing training accuracy nearing 0.995 but validation accuracy halts 

around 0.86, showing the signs of overfitting. Hybrid approaches and the DenseNet variants exhibited 

more strength in generalization. 

Class-wise 

Performance 

- Worked perfectly with MobileNetv2 for Pearl millet; DenseNet121 for Ragi, Sorghum and Little 

millets; InceptionV3 for Ragi millet; DenseNet201 for Ragi millet. - Hybrid DenseNet169 + Xception 

performed well across all millet types and attained high F1-scores. - ResNet50 underperformed with 

recall 0.62 for Ragi millet. 

Key 

Contributions 

1. Hybrid CNNs improve millet classification beyond single models. 2. Segmentation improves 

explainability and boundary visualization. 3. Confidence score visualization provides model certainty 

insights. 4. Demonstrated effectiveness on small, imbalanced datasets. 

Limitations - Small dataset with class imbalance (e.g., few Pearl millet samples). - Overfitting in deep models. - High 

computational demand of hybrid models. - Validation only on controlled dataset (real-world robustness 

untested). 

Future 

Directions 

- Lightweight hybrid models (pruning, quantization) for real-time use. - Extension to other 

grains/seeds. - Use of explainable AI (Grad-CAM, SHAP). - Integration into automated grain sorting 

systems. - GANs for synthetic data generation to address imbalance. 

 

5. CONCLUSION 

Hybrid deep learning architectures tested under various methods of image segmentation compared with the standalone models 

can be seen to be vastly superior in classifying millet grains. The two combinations that had the highest accuracies Xception + 

EfficientNetB0 and DenseNet169 + Xception demonstrate the importance of using multi-model feature fusion. Visual 

segmentation has enabled the understanding of the gain structure, and thereby provides information on model behaviour. The 

application of different CNN model for the feature extraction in different point of view not only has improved the overall 

performance on classification, but also increased the performance of the framework. These analyses are very compelling and 

points to the direction of hybrid approaches, which are designed to being able to support precision agriculture and grain quality 

assesment significantly. There are still quite a few limitations to the work for all the promising results. The set of samples used 

had small numbers of samples in each class which is one of the reasons it had such noticeable class imbalances; for example, 

pearl millet samples were particularly small which may lead to poor generalizability of the models. Furthermore, some models 

showed extremely high training accuracy like VGG16 which achieved 99.5% but during validation it did not perform as well, 

this hints at overfitting being a problem particularly in deeper or hybrid architectures. The hybrid models such as DenseNet169 
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+ Xception have very high computational demands which make it hard to use them in resource-constrained environments 

unless optimizations or model compression is applied. Also, the study was performed on a limited dataset, and it has not been 

validated yet how these models will perform on real-world grain images that have different lighting conditions, backgrounds, 

and grain quality. 

Future work will focus on to improve the framework. One of the options is to make hybrid models lighter by using such as 

pruning or quantization, which would allow just-in-time to use on mobile or edge devices in agricultural areas. Reusing the same 

hybrid segmentation-classification pipeline for other grains, seeds, or crops will also increase its usefulness. Moreover, with the 

use of explainable AI (XAI) tools like Grad-CAM or SHAP, the models would be more transparent in terms of the features 

and decision boundaries they have learned. Also, the proposed models can be a part of the automated grain sorting and grading 

systems which will make large-scale agricultural processing easier. Finally, the application of generative models like GANs to 

create more training data can be an effective way to tackle class imbalance and thus increase model robustness in future projects. 
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