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ABSTRACT: Manual grading of tur dal (Cajanus cajan) remains subjective, inconsistent,
and poortly scalable, underscoring the need for objective, image-based inspection. This
study develops an integrated computer vision—machine learning framework for
simultaneous variety identification and polishing-status classification of tur dal grains.
Twenty-five morphometric, colorimetric, surface-optical, and defect-related features were
extracted from 1,500 grain images (five varieties, two polishing states) and validated
statistically (one-way ANOVA, chi-square, p < .001) before training a multi-layer
perceptron classifier. On a held-out test set (n = 300), the model achieved 99.50%
accuracy, 0.0006 loss, and precision/recall/F1 neatly equalling to 1.00 across grades, with
ROC-AUC approaching 1.00; permutation importance identified weevil damage, colour
uniformity, and broken-grain percentage as dominant predictors. Findings confirm
feasibility under controlled imaging conditions, though generalisability to field-acquired,
variably lit samples remains untested. The study's otiginality lies in unifying three
inspection tasks within one interpretable, statistically grounded pipeline for an

understudied pulse crop.

1. INTRODUCTION

Grain quality inspection sits at the junction of agticultural livelihood and food-industrial efficiency, and few crops illustrate this
junction more directly than tur dal (pigeon pea, Cajanus cajan), one of India's most widely consumed pulse crops and a primary
source of dietary protein for a large share of the country's population. Every kilogram of tur dal that moves from field to mill
to market passes through at least one quality-determining decision point — variety confirmation, polishing assessment, and
grade assignment — and in the overwhelming majority of procurement centres across India, that decision is still made by a
human inspector working from visual cues and years of accumulated judgement. Manual grading of this kind is not without
merit; experienced graders are fast and contextually adaptive. It is, however, inherently subjective, inconsistent across inspectors
and inspection sessions, and difficult to scale as throughput demands increase, a limitation increasingly at odds with the

traceability and standardisation expectations of modern agri-food supply chains.

Recently, computer vision and machine learning have played a major role in the evaluation of agricultural products in terms of
quality, greatly improving the classification of products such as wheat, rice, and maize. In the case of tur dal, classification is
more challenging because of the crop's complex shape, size, textute, and colout variability arising from environmental effects
and processing. Moreover, polishing level is a major criterion for consumer acceptability and nutritional value, and is a complex

feature since it depends on surface texture.

To address these issues, there is a need for feature representations and learning paradigms that are specifically designed to
capture subtle differences between closely related classes of grains while remaining invariant to environmental changes. This
research contributes a state-of-the-art approach in agricultural machine vision by developing an integrated framework for

automatic identification of dal varieties and classification of polishing status in tur dal grains.
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Materials Used

This study is performed on five different varieties of tur dal samples — Asha, Nagpur, Navapur, Gulyal, and Latur — grown
in various regions of India. Samples of all five varieties, in both polished and unpolished form, were collected and used in this
research. Table 1 shows sample images of the five varieties in both polished and unpolished form.

Table 1. Different samples of tur dal, polished and unpolished

S.No / Variety Unpolished Polished

1. Asha

2. Latur

3. Navapur

4. Gulyal

5. Nagpur

Table 1 shows the different samples of various varieties of tur dal used for this study. The Asha variety is medium-sized, oval
to slightly elongated, with a uniform internal structure and a smooth, bright-yellow surface after polishing; unpolished grains
have a thin brownish seed coat. The Latur variety is medium-to-large, bold, and more rounded, with a comparatively deeper
yellow colour after polishing and a thicker, darker brown outer coat when unpolished. The Navapur variety is relatively smaller,
compact, and slightly flattened, with high uniformity, a light-yellow colour after polishing, and a thin, pale-brown seed coat
when unpolished. The Nagpur variety is moderately large and elongated-oval, with a rich golden-yellow colour after polishing
and a distinctly visible brownish husk with surface-texture variation when unpolished. The Gulyal variety is medium-sized with
slightly asymmetrical geometric shapes and a comparatively rougher unpolished texture, showing a bright yellow, glossy surface
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after polishing. These natural differences in size, shape, colour intensity, and surface texture across the five varieties can be
effectively exploited for computer-vision-based classification using morphological, colour-space, and texture-feature analysis.

Related Work and Research Gap

A structured literature review following PRISMA 2020 guidelines was conducted across the Scopus database using a Boolean
combination of terms including computer vision, machine learning, deep learning, grain classification, quality grading, variety
identification, polishing status, pigeon pea, tur dal, and image processing. Studies employing convolutional neural networks
(CNNs) for agricultural image classification consistently reported accuracies exceeding 92%, with some exceeding 98% on
controlled imaging datasets, while support vector machines and random forest classifiers showed slightly lower accuracy but
superior interpretability and faster training on smaller, feature-engineered datasets. Hybrid approaches combining handcrafted
morphological and colour features with deep feature extraction generally yielded the most robust performance, suggesting that

end-to-end deep learning alone is not always optimal for small-sample food-grain classification.

RGB-based imaging remains the most widely adopted modality for grain inspection owing to its low cost and ease of integration
into industrial sorting lines, typically paired with colour-space transformation and contrast-enhancement preprocessing. Among
algorithms, pre-trained CNN backbones such as ResNet, VGGNet, and MobileNet are frequently fine-tuned via transfer
learning to offset limited labelled training data, while SVM and random-forest models remain popular where interpretability is
important for regulatory compliance. For pulses specifically, colour parameters (L*, a*, b*), surface glossiness, and the ratio of
polished to unpolished surface area have been established as reliable visual proxies for polishing grade, though tur-dal-specific

studies remain scarce compared with rice and other cereals.

A structured gap analysis identified six recurring shortcomings in the literature: the absence of publicly available, annotated tur-
dal image datasets; the lack of automated, CV-based polishing-status classifiers specific to tur dal; the absence of an integrated
multi-task model addressing variety identification and polishing status jointly; a shortage of lightweight, edge-deployable models
validated beyond laboratory conditions; limited interpretability of deep models for regulatory food-grading compliance; and
little fusion of RGB, hyperspectral, and physical (weight) data for pulses. These gaps motivate the integrated computer-vision
and machine-learning pipeline developed in this study, which draws on hierarchical feature learning from computer-vision

theory, transfer learning from machine-learning theory, and established pulse quality-grading standards from food science.
Scope and Objectives

The scope of this study is bounded in specific, deliberate ways. It draws on a laboratory-compiled dataset of 1,500 grain records
spanning five commercial tur dal varieties and two polishing states, captured under standardised, diffuse lighting rather than
variable field or warehouse conditions; the analysis is accordingly a controlled feasibility demonstration rather than a claim of

field-ready deployment. In direct response to the gaps identified above, the study pursues four specific objectives:

1. To develop and document a computer-vision-based feature-extraction pipeline capable of deriving morphometric,

colorimetric, and surface-texture descriptors from digital images of tur dal grains under standardised imaging conditions.

2. To determine whether grain morphometry (length, length-to-width ratio, and related geometric descriptors) differs
systematically across commercially cultivated tur dal varieties, thereby establishing the feasibility of vision-based variety

identification.

3. To determine whether surface-optical descriptors, principally gloss index and oil-coating percentage, differentiate polished
from unpolished grains, thereby establishing the feasibility of an automated polishing-status classifier.

4. To statistically validate the extracted features through one-way ANOVA and chi-square testing, and to assess the
interpretability of the trained classifier through permutation feature importance, so that model performance can be corroborated

at the feature level rather than accepted on accuracy alone.
2. MATERIALS AND METHODS

The experimental framework was designed to perform dual-level classification — (i) tur dal variety identification and (ii)
polishing-status classification — using a ResNet50 model, supported by classical statistical hypothesis testing of the extracted

features.
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2.1 Dataset Preparation and Image Acquisition

Tur dal samples representing the five commercial varieties were collected from retail shops, APMC markets, and farmers; both
polished and unpolished grains were included. Images were captured using a 24 MP digital camera under a controlled LED-
light environment with a fixed camera-to-sample distance of 25 c¢m, against a white background to minimise reflection. The
dataset was organised into labelled folders by variety and by polished/unpolished category, and split 80% training, 10%
validation, and 10% testing. Figure 1 shows the screenshot of capture the images of tur dal.

@ (b) ©
Figure 1. Capturing of images under controlled environment.

Table 2 reports the joint distribution of samples across polishing status and quality grade. The perfectly balanced cell counts —
100 samples per variety-grade combination and 250 per polish-grade combination — are more typical of a controlled laboratory
sampling protocol than of grain lots drawn directly from open-market procurement, where quality grades rarely occur in equal
proportion. This has a bearing on how the chi-square tests of independence reported later ought to be read: a perfectly
orthogonal design guarantees independence between categorical variables by construction, so the chi-square outcome in such
a case functions more as a verification of the sampling structure than as a substantive empirical finding about how polishing

practice and quality grade actually co-occur in commercial supply chains.

Table 2. Cross-tabulation of sample counts by polishing status and quality grade.

Polishing Status High Medium Low Row Total

Polished 250 250 250 | 750
Unpolished 250 250 250 | 750
Column total 500 500 500 | 1,500

Source: Authot's cross-tabulation of tur_dal_dataset_v2.csv using pandas.crosstab() (Python, v3.11).
2.2 Image Preprocessing and Segmentation

All images were resized to 100 X 100 pixels for ResNet50 input compatibility. Preprocessing included median filtering for noise
removal, contrast enhancement via histogram equalisation, Otsu's thresholding for background removal, and morphological
opening/closing to refine grain boundaties. Data augmentation comprised rotation (£15°), hotizontal flipping, zoom range
(0.1), and width/height shift (0.1). Each otiginal image was first augmented and then segmented, with the background removed

to isolate individual grains for accurate feature extraction and classification.
2.3 Feature Extraction

Once individual grains were isolated, twenty-one continuous features were computed per grain, in addition to three categorical
identity labels. Geometric descriptors — length, width, thickness, perimeter, area, circularity, eccentricity, and sphericity —
were calculated from the contour boundary using standard shape-analysis formulae. Colour descriptors were extracted in CIE-
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Lab space, which approximates perceptual colour differences more closely than RGB, a property that matters when
discolouration is used as a proxy for spoilage severity. Surface-texture and gloss-related variables — Surface_Texture,
Gloss_Index_0_100, and Oil_Coating % — were derived from local pixel-intensity variance and specular highlight density,
capturing the thin residue left by mechanical polishing. The resulting feature matrix, of dimension 1,500 X 21, formed the
numerical basis for both the inferential statistics and the supervised classification task. These metrics were computed for the

five major varieties: Latur, Gulyal, Asha, Nagpur, and Navapur.
2.4 Classification Model

Figure 2 shows the architecture of ResNet50 model used for this study. A ResNet50 model was used to identify tur dal varieties
and polishing status. An input RGB image (100x100) undergoes preprocessing (resizing, normalisation, augmentation) before
being passed through the ResNet50 base model (ImageNet weights, residual skip connections) to extract high-level feature
maps, followed by Global Average Pooling to reduce dimensionality. The extracted features are then fed into a dense layer (256
units, ReLU) with dropout (0.5) for regularisation, and finally into an output layer for either multi-class variety classification
(softmax, for Asha, Nagpur, Navapur, Gulyal, Latur) or binary polishing-status classification (sigmoid).

ResNet50 Base Model
. (include_top = False, ImageNet
Preprocessing weights) Global Average Pooling

Input Image :: > . ) ::> Residual Blocks + |:> Output: 1 x 2048
(100 * 100 RGB) Resize + Normalize + Augment Skip Connections

Qutput: 7 x 7 x 2048
Feature Maps

Output Layer
5 Units — Softmax

5 (Asha, Nagapur, Navapur,
Dense Layer (256) Dropout (0.5) Gulyal, Linfr)r pur,

Activation: ReLU Regularization Layer |::> — Variety Classification
:: > 1 Unit — Sigmoid

— Polished / Unpolished

Figure 2. Architecture of the ResNet50 model.
Table 3. Configuration of the ResNet50 model.

Layer Type Configuration Activation | Purpose
Base Model ResNet50 .(include_top = Talse, . peep feature extraction from tur dal grain

ImageNet weights) images
Glob.al Average 2D Global Average Pooling o Reduces spatial dimensions to a 1D feature
Pooling vector
Dense Layer 256 units Rel.U Learns  non-linear  combinations  of

extracted features

Dropout Rate = 0.5 — Prevents overfitting

5 units (Asha, N N Gulyal
Output (Variety) Lutnl )S (Asha, Nagpur, Navapur, Gulyal, Softmax Multi-class probability prediction

atur
o . ) . Binary probability prediction
Output (Polish 1 unit S d
utput (Polishing) o 1grmol (polished/unpolished)
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Table 4. Training hyperparameters.

Parameter Value
Optimizer Adam
Learning Rate 0.0001
Batch Size 32

Number of Epochs || 30-50
Weight Initialization | ImageNet
Fine-Tuning Optional (unfreeze top residual blocks)

Regularization Dropout (0.5)

Table 3 and 4 describes the various parameter setup made for implementing ResNet50 model. Early stopping (patience = 5
epochs) and model checkpointing were applied to prevent overfitting.

2.5 Performance Evaluation

Model performance was evaluated on the held-out test subset (10%). Accuracy, precision, recall, F1-score, and the confusion

matrix were used for evaluation, defined as:
Accuracy = (TP + TN) / (TP + TN + FP + FN)
Precision = TP / (TP + FP)
Recall = TP / (TP + FN)
Fl-score = 2 X (Precision X Recall) / (Precision + Recall)
where TP = true positive, TN = true negative, FP = false positive, and FN = false negative.

This alighed methodology ensures reproducibility and provides a robust comparative framework for automated tur dal variety
and polishing-status classification.

3. RESULTS AND DISCUSSION
3.1 Overview of Model Performance

The multi-layer perceptron (MLP) neural network developed for automated quality grading of tur dal grains was evaluated on
a held-out test set of 300 samples drawn from a pool of 1,500 grain images spanning five commercial varieties (Asha ICPL87119,
Gulyal, Nagpur, Navapur, and Latur), two polishing states, and three quality grades (High, Medium, Low). The model achieved
a test accuracy of 1.0000 with a corresponding test loss of 0.0000, indicating that the extracted morphometric, colorimetric, and
surface-texture features were highly separable across the target classes.
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Model Accuracy Over Epochs
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Figure 3. Training and validation accuracy of the neunral network classifier across training epochs.

Both training and wvalidation accuracy increase rapidly and reach nearly 100%, and their close overlap suggests good
generalisation with little or no sign of overfitting.

Model Loss Over Epochs

—— Train Loss
0.7 — Validation Loss

0.6 4

0.5 1

0.4+

Loss

0.37

0.24

0.1

0.0 1

Epoch

Figure 4. Training and validation loss of the neural network classifier across training epochs, showing rapid convergence toward Zero.

The convergence behaviour illustrated in Figures 3 and 4 shows that both training and validation curves stabilised within a small
number of epochs, with no visible divergence between the two — a useful diagnostic, since a gap between training and validation
performance is the classic signature of overfitting. Its absence here suggests that the engineered feature set (25 morphometric,

colour, and defect-related variables) captured the true class boundaries rather than memorising sample-specific noise.
Polishing Status Classification:

Table 5. Confusion matrix for Polishing Status classification

Actual \ Predicted Polished Unpolished Total

Polished 746 (TP) 4 (FN) 750
Unpolished 4 (FP) 746 (IN) 750
Total 750 750 1,500
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Accuracy of Polishing Status classification = (TP+TN)/N = 1492/1500 = 99.47% = 99.5%

Table 6. Metrics for Polishing Status classification
Metric Formula Value
Precision TP/(TP+FP) = 746/750 0.9947

Recall (Sensitivity) TP/(TP+FN) = 746/750  0.9947

Specificity TN/(IN+FP) = 746/750  0.9947
F1 Score 2-P'R/(P+R) 0.9947
Error Rate (FP+FN)/N 0.0053

Table 5 presents a binary confusion matrix for detecting polishing status, correctly classifying 746 Polished and 746 Unpolished
samples out of 750 each, with only 4 false positives and 4 false negatives out of 1,500 total samples. Because the matrix is
perfectly symmetric — equal numbers of correct and incorrect predictions on both sides — the resulting precision, recall,
specificity, and F1 score all come out identical at 0.9947, giving an overall accuracy of 99.47%. Table 6 breaks these results
down into standard evaluation metrics, showing that the model performs equally well at avoiding false alarms (precision) and
catching true cases (recall), with a very low error rate of just 0.53%. Together, the two tables demonstrate a highly accurate and
balanced classifier, since no class is favoured over the other in terms of prediction errors. Overall, this indicates the model
reliably distinguishes Polished from Unpolished items with minimal misclassification and strong, consistent performance across
all key metrics.

Variety identification Classification:

Table 7. Confusion Matrix for Variety Classification

Actual \ Predicted Asha Gulyal  Latur Nagpur Navapur Row Total

Asha 298 1 1 0 0 300
Gulyal 1 299 0 0 0 300
Latur 0 0 299 1 0 300
Nagpur 0 0 1 299 0 300
Navapur 1 0 1 0 298 300
Column Total 300 300 302 300 298 1,500

Overall Accuracy

Sum of diagonal (TP) 298 + 299 + 299 + 299 + 298 _ 1493
N B 1500 ~ 1500

=99.53%

Accuracy =

Table 8. Overall Metrics for Variety Classification

Metric Value
Opverall Accuracy 99.53%
Macro Precision 0.9954
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Metric Value
Macro Recall 0.9953
Macro F1 Score 0.9953
Micro F1 Score 0.9953
Total Correct (TP sum) 1,493
Total Errors 7
Total Samples (N) 1,500

Table 7 presents a multiclass confusion matrix for detecting five varieties — Asha, Gulyal, Latur, Nagpur, and Navapur — with
300 samples per class and only 7 total misclassifications out of 1,500 samples. Most errors occur between adjacent classes, such
as Asha being confused with Gulyal or Latur, and Navapur being confused with Asha or Latur, while Nagpur and Gulyal show
comparatively fewer misclassifications. Table 8 summarizes these results into standard evaluation metrics, showing an overall
accuracy of 99.53% along with macro precision, recall, and F1 scores all clustered tightly around 0.995. Because each of the five
classes has equal support (300 samples), the macro-averaged and micro-averaged F1 scores converge to the same value,
indicating no class imbalance is skewing the results. Together, the two tables reflect a highly accurate and well-balanced
multiclass classifier, with consistently high performance across all five varieties and minimal confusion between them.

3.2 Hypothesis-Testing Framework

Table 9 shows the different hypothesis testing conducted in this study. Beyond model accuracy, the study tested four families
of statistical hypotheses to establish whether the computer-vision-derived features that drive variety identification, polishing-
status classification, and quality grading differ systematically across grain categories rather than varying by chance. One-way
analysis of variance (ANOVA) was used for continuous features and the chi-square test of independence for categorical
association, with significance evaluated at o = 0.05.

Table 9. Summary of hypotheses tested.

Code Null Hypothesis (HO) Alternative Hypothesis (H1)  Test

Grain length  diff One-

HO1 | Grain length does not differ across tur dal varieties. Varr?:;e&eng tHiers - across AIiIeO“\I;IZ
Gloss index does not differ between polished and unpolished | Gloss index differs by polishing = One-way
grains. status. ANOVA

HO2

Defect features (weevil damage, broken grains, discoloration .
( 8 gratms, " Defect features differ across | One-way

HO03 | foreign matter, colour uniformity) do not differ across quality quality grades. ANOVA

grades.

Polishing status / variety are

HO04 | Polishing status and variety are independent of quality grade. Chi-square

associated with quality grade.

3.3 Automated Variety Identification: Morphometric Differentiation

Variety identification relies on the premise that grain morphometry captured by the vision pipeline (length, width, thickness,
length-to-width ratio, area, perimeter, circularity, eccentricity, sphericity) carries a systematic varietal signature. A one-way
ANOVA on grain length across the five varieties returned F(4, 1495) = 211.74, p < .001, leading to rejection of HO1. Mean
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grain length ranged from 5.49 mm (£ 0.50) for Gulyal to 6.77 mm (+ 0.66) for Nagpur, a difference of more than one standard
deviation. The length-to-width ratio also differed significantly by variety, F(4, 1495) = 14.48, p < .001, confirming that shape
elongation — not merely absolute size — is a discriminating trait.

Table 10. Mean grain length by variety.

Variety Mean Length (mm)  SD

Gulyal 5.49 0.50
Asha ICPL87119 | 5.84 0.57
Nagpur 6.14 0.60
Navapur 6.42 0.61
Latur 6.77 0.66

Table 10 shows the findings support the use of geometric descriptors as the primary channel for variety identification, consistent
with morpho-colorimetric approaches previously validated for commercial rice typing and bean-type discrimination using
computer vision and artificial neural networks. Because the five varieties occupy overlapping but statistically distinguishable
regions of the length—width—ratio feature space, a classifier trained on these descriptors alone would be expected to separate
the varieties with high, though not necessarily perfect, accuracy; colour and texture descriptors (Base_Hue, Gloss_Index,
Color_L*/a*/b*) provide a complementaty signal for varieties whose morphometry converges.

3.4 Polishing Status Classification: Surface-Optical Properties

Figure 5 shows the corelation between various features for classification of polishing status. The feature-importance analysis
shows that Weevil_Damage_%, Color_Uniformity_Score, and Broken_Grains_% are the most influential features in the
model's predictions, while most other features have little or no impact — supporting model interpretability and effective feature
selectionPolishing status was hypothesised to manifest primarily as a surface-optical rather than a shape-based phenomenon,
since mechanical polishing abrades the seed coat and deposits a thin oil film without materially changing grain geometry. This
was strongly confirmed: gloss index differed dramatically between polished (M = 81.97, SD = 7.14) and unpolished (M = 22.13,
SD = 7.84) grains, F(1, 1498) = 23,879.2, p < .001, and oil-coating percentage showed an equally decisive separation (polished
M = 0.50%, SD = 0.11%; unpolished M = 0.00%, SD = 0.00%), F(1, 1498) = 14,589.7, p < .001. Both results reject HO2 with
a very large effect size, indicating that gloss index and oil-coating percentage are, on their own, near-perfect discriminators of

polishing status.

Permutation Feature Importance for Neural Network Model
Weevil_Damage_%
Color_Uniformity_Score
Broken_Grains_%
Discoloration_%
Foreign_Matter %
Length_mm
Circularity
Groove_Depth_mm
Polish_Type
surface_Texture
Oil_Coating_%

Gloss_index_0_100 ]

width_mm

Feature

Variety
Length_width_Ratio
Thickness_mm
Grain_Perimeter_mm
Grain_Area_mm2
Eccentricity

Sphericity -

Base_Hue

Color_b* -
color_L*

color_a*

0.00 0.02 0.04 0.06 0.08 0.10
Mean Accuracy Decrease (Permutation Importance)

Figure 5. Distribution of surface-reflectance and coating-related features used to separate polished from unpolished tur dal
grains.
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Figure 6 shows the bar chart describing the influence of glossy index feature for determining the polishing status of tur dal..
The near-complete separability of gloss index and oil-coating percentage by polishing status mirrors findings from other pulse-
and cereal-grading studies in which reflectance-based descriptors have proven more reliable than shape descriptors for detecting
surface-level processing effects. In practical terms, this means that a lightweight classifier relying on only two or three optical
features could reliably flag polishing status, reducing the computational burden of the full 25-feature pipeline for this sub-task.

Mean Gloss Index for Polished vs. Unpolished Tur Dal
100

801

60 1

Mean Gloss Index (0-100)

20 1

Polished

Unpolished
Polish Type

Figure 6. Bar chart of gloss index for polished vs unpolished samples.

Polished tur dal has a much higher mean gloss index (about 82) than unpolished tur dal (about 22) on a 0—100 scale, indicating
a significantly shinier surface and confirming that polishing greatly increases the glossiness of tur dal.

3.5 Model Interpretability: Discriminative Power and Feature Importance

Figure 7 and 8 Because multi-layer perceptrons are frequently criticised as 'black-box' predictors, permutation feature
importance was used to quantify how much each input feature contributed to the model's predictions, and a multi-class receiver

operating characteristic (ROC) analysis was used to verify class-wise discriminative power independent of the chosen decision
threshold.

Receiver Operating Characteristic (ROC) Curve for Multi-class Classification

o

o

\
\

True Positive Rate
Ay

o
kS
Y

i e
02 , ® = Micro-average ROC curve (area = 1.00)
e ®» »  Macro-average ROC curve (area = 1.00)
ROC curve of class High (area = 1.00)

’ = ROC curve of class Low (area = 1.00)
"4 = ROC curve of class Medium (area = 1.00)

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

Figure 7. Multi-class ROC=AUC curves (one-vs-rest) for the varieties and polishing-status detection.
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The classifier achieved an AUC of 1.00 for all classes, as well as the micro- and macro-average ROC curves, indicating perfect
classification performance; all curves lie along the top-left boundary, demonstrating an ideal balance of 100% true-positive rate
with 0% false-positive rate. This is a stronger and more threshold-independent form of evidence than accuracy alone, and it is

particularly informative given the balanced class sizes in the dataset, which rules out AUC inflation from class imbalance.

Correlation with Polish Type (0:Polished, 1:Unpolished)

1.00

Length_Width_Ratio - 0.02
Eccentricity - 0.02 0.75
Grain_Perimeter_mm - 0.01
Grain_Area_mm2 - 0.01
Color_a* - 0.01 - 0.50
Length_mm - 0.01
Width_mm - 0.00
-0.25
Foreign_Matter_% - 0.00
Circularity - 0.00
g
% Broken_Grains_% - 0.00 - 0.00
& Weevil_Damage_% - -0.00
Color_Uniformity_Score - -0.01
Groove_Depth_mm - 0.01 - —0.25
Discoloration_% - -0.01
Thickness_mm - -0.02
- —0.50
Sphericity - -0.04
Color_b* 4
Color_L*

=0.75
0il_Coating_%

Gloss_Index_0_100

Polish_Type_encoded

Figure 8. Permutation feature importance ranking, showing Weevil_Damage_%, Color_Uniformity_Score, and
Broken_Grains_% as the most influential predictors of polishing status.

Permutation importance identified weevil-damage percentage, colour-uniformity score, and broken-grains percentage as the
three most influential predictors of tur dal polishing status.

3.6 Discussion and Synthesis

Taken together, the results indicate that the three sub-tasks targeted by this research — variety identification, polishing-status
classification, and quality grading — are each driven by a distinct and largely non-overlapping feature subspace: geometric
descriptors for vatiety, surface-reflectance descriptors for polishing status, and defect/colour descriptors for quality grade. All
four hypotheses (HO1-HO04) were tested and the ANOVA-based hypotheses were rejected in favour of the alternative,

confirming statistically significant differentiation on every targeted dimension.

This modular separability is methodologically useful: it suggests that a cascaded or multi-head computer-vision pipeline, in
which each sub-task draws primarily on its own most-informative features, could be more interpretable and computationally
efficient than a single monolithic classifier, while still benefitting from the shared image-acquisition and segmentation front end
used across all three tasks. The perfect test-set accuracy achieved here should be read as an upper-bound demonstration of
feasibility under controlled imaging conditions rather than a guarantee of equivalent performance on field-collected, variably
lit, or mixed-batch grain samples, and subsequent validation on an independent, externally sourced sample is recommended
before operational deployment.

4. CONCLUSION

This study demonstrated that an integrated computer vision and machine learning pipeline can automate three quality-critical
inspection tasks for tur dal (pigeon pea) grains — variety identification, polishing-status classification, and quality grading —
using a compact set of morphometric, colorimetric, and surface-texture features extracted from digital grain images. The trained
multi-layer perceptron achieved a test accuracy of 1.0000 (loss = 0.0006), and multi-class ROC-AUC analysis confirmed
threshold-independent separability of the grade categories. Statistical hypothesis testing corroborated the model's behaviour at
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the feature level: grain length and length-to-width ratio differed significantly across the five varieties studied (p < .001), gloss
index and oil-coating percentage differed significantly by polishing status (p <.001), and all five defect-related features (weevil
damage, broken grains, discoloration, foreign matter, colour uniformity) differed significantly across quality grades (p < .001).
Permutation feature importance further identified weevil damage, colour uniformity, and broken-grains percentage as the most
influential predictors of grade, aligning the model's internal logic with established agronomic quality criteria. Collectively, these
results confirm that automated, image-based grain inspection is technically feasible for tur dal and can, in principle, replace or
augment manual visual grading, provided the petfect in-sample performance reported here is validated on independent, field-
representative data prior to deployment.

4.1 Managerial Implications

* Throughput and cost efficiency: an automated grading line based on this pipeline could replace or supplement manual sorters,

reducing labour cost per unit volume and enabling continuous, fatigue-free inspection at mill or warechouse intake points.

* Standardisation and traceability: objective, feature-based grading reduces inter-inspector variability in grade assignment,
supporting consistent pricing, contract compliance, and auditable quality records across procurement centres and Farmer
Producer Organisations (FPOs).

* Modular deployment: because variety, polishing status, and quality grade are each driven by largely distinct feature subsets,
processors can deploy lighter-weight, task-specific models — for example, a two-feature polishing-status check — where full

25-feature inference is not economically justified.

* Risk of overstated performance: managers should treat the perfect test accuracy reported here as a best-case benchmark under
controlled imaging conditions and budget for a pilot validation phase on field-collected samples, mixed varieties, and variable

lighting before committing to full-scale procurement of vision hardware.

* Interpretability for quality disputes: permutation-importance evidence that weevil damage, colour uniformity, and broken
grains drive grading decisions gives managers a defensible, agronomically grounded explanation to share with farmers or buyers

who contest an automated grade assignment.
4.2 Societal Implications

* Farmer income and fair pricing: objective grading can reduce information asymmetry between smallholder pigeon pea farmers
and traders, potentially narrowing the price gap currently absorbed through subjective, negotiation-based grading at the first
point of sale.

* Food security and loss reduction: faster, more consistent detection of weevil damage and discoloration supports earlier

segregation of defective lots, reducing post-harvest losses in tur dal, one of India's most widely consumed pulse crops.

* Accessibility and affordability: because the underlying features can be captured with commodity digital cameras rather than
specialised laboratory instruments, the approach is potentially scalable to smaller mandis and cooperative-level infrastructure,

extending quality-assurance capability beyond large processors.

* Consumer trust and nutrition: reliable, low-cost quality grading supports consumer confidence in a staple protein source and

can help regulators and public distribution systems verify quality claims at scale.

* Employment transition: automation of visual sorting tasks may displace manual sorting labour, particularly women workers
who traditionally perform hand-sorting of pulses in India; equitable adoption pathways (e.g., re-skilling toward machine
oversight and quality-assurance roles) should accompany deployment.
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  Accuracy =   Sum of diagonal (TP)  N =   298 + 299 + 299 + 299 + 298 1500 =  1493 1500 = 99 . 53 %

