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Abstract

Introduction: Corn (Zea mays L.) is a strategic crop for global food security, animal feed, and biofuel
production. Maintaining the genetic purity of hybrid seeds is paramount for achieving high yields and
enhancing stress resistance. However, the visual similarity among different corn varieties poses a
significant challenge to traditional identification methods. Manual inspection is time-consuming,
subjective, error-prone, and not scalable. Thus, an automated, non-destructive, and accurate identification
system is needed. Deep learning, especially Convolutional Neural Networks (CNNs), is a powerful tool for
agricultural image recognition. Mobile-optimized architectures, such as MobileNet and NASNetMobile,
offer a compelling balance between accuracy and efficiency, making them well-suited for deployment on
smartphones and embedded systems. This study compares six deep learning architectures for non-
destructive identification of five Iranian corn seed varieties.

Materials and Methods: Six deep learning architectures were evaluated, including base MobileNet,
DenseNet121, MobileNetVV2, MobileNetV3Small, MobileNetV3Large, and NASNetMobile. All models
were pre-trained on ImageNet and fine-tuned for corn seed classification. A total of 9,374 high-resolution
images of five corn seed classes (KSC201, KSC260, KSC400, KSC703, KSC705) were acquired under
controlled conditions. The dataset was split into training (6114 images, 65.2%), validation (1875 images,
20%), and test (1385 images, 14.8%) sets. Models were trained using the Adam optimizer (learning rate
0.0001) for 50 epochs with categorical cross-entropy loss. Data augmentation (rotation, shift, zoom, flip)
was applied to enhance generalization. Performance was evaluated using accuracy, precision, recall,
specificity, F1-score, ROC curves, AUC, confusion matrices, and training time.

Results and Discussion: MobileNet achieved the best overall performance with 97.04% accuracy, 96.66%
precision, 96.70% recall, 99.27% specificity, and 96.67% F1-score. DenseNet121 ranked second with
95.96% accuracy and 95.41% F1-score. MobileNetVV3Small (95.02% accuracy, 94.20% F1-score)
outperformed MobileNetV3Large (93.43% accuracy, 92.82% F1-score). MobileNetV2 achieved 93.14%
accuracy and 92.71% F1-score, while NASNetMobile recorded the weakest performance with 87.08%
accuracy and 86.22% F1-score. All models showed high specificity, ranging from 96.77% to 99.27%.
Class-wise analysis revealed that KSC260 was the most stable class with Fl-scores of 98.01% for
MobileNet, 98.15% for MobileNetV3Small, 98.13% for DenseNet121, and 96.9% for MobileNetV2.
KSC703 also performed well with F1-scores of 98.42% for MobileNet and 98.27% for DenseNet121. In

@ 2025 The Author(s). Published by Shahid Chamran University of Ahvaz. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0),
BY which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is

properly cited.


https://doi.org/10.22055/agen.2026.52047.1804
mailto:akbarpour.oa@lu.ac.ir

590
Agricultural Engineering (Scientific Journal of Agriculture), 48 (4), 2025

contrast, KSC705 was the most challenging class; MobileNetV2 showed extreme behavior on KSC705
with 99.24% recall but only 77.74% precision, resulting in a low 87.19% F1-score. Persistent
misclassifications occurred between class pairs KSC201/KSC705 and KSC400/KSC705 across all models,
indicating significant feature overlap. ROC curve analysis showed that MobileNet, DenseNet121,
MobileNetV3Small, and MobileNetV3Large achieved an ideal AUC of 1.00, while MobileNetV2 and
NASNetMobile recorded excellent AUC values of 0.99 and 0.98, respectively. Regarding computational
efficiency, training time varied significantly: MobileNet required 108.32 minutes (highest), DenseNet121
required 104.66 minutes, while MobileNetV3Small required only 62.28 minutes, offering a 46-minute
reduction compared to MobileNet while maintaining 95.02% accuracy. MobileNetV2 (60.77 min),
MobileNetV3Large (63.96 min), and NASNetMobile (64.04 min) showed moderate efficiency. There is a
clear trade-off between accuracy and computational efficiency: MobileNet provides maximum accuracy
(97.04%) but requires the most training time (108.32 min), whereas MobileNetV3Small offers a balanced
solution with 95.02% accuracy and 62.28 min training time. Therefore, for maximum absolute accuracy
without computational constraints, MobileNet is the top choice; for a balanced trade-off between accuracy
and efficiency, DenseNet121 is suitable; and for resource-constrained environments such as mobile
devices, MobileNetV3Small is the best option.

Conclusion: This study demonstrates that mobile-optimized deep learning architectures, particularly the
base MobileNet and MobileNetVV3Small, possess high potential for accurate, non-destructive, and efficient
classification of corn seed varieties. These findings offer a practical reference for researchers and engineers
engaged in automated agricultural product classification, providing clear guidelines for architecture
selection based on specific application constraints.
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Figure (1) The imaging system (camera, lighting, and sample placement) used for capturing corn
seed images
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Figure (2) Representative seed images for each of the five corn seed varieties: (a) KSC260, (b)
KSC201, (c) KSC400, (d) KSC703, and (e) KSC705
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Table (2) Class-wise performance analysis of six deep learning models (MobileNet, DenseNet121,
MobileNetV2, NASNetMobile, MobileNetV3Large, and MobileNetV3Small) across five corn seed

varieties (KSC260, KSC201, KSC400, KSC703, KSC705)

L lens o oo ol S5 F1 sl
Architects Accuracy% Precision% Recall % Specificity%  F1 Score%
MobileNet 97.04 96.66 96.70 99.27 96.67
DenseNet121 95.96 95.76 95.16 99.01 95.41
MobileNetV2 93.14 93.89 92.38 98.32 92.71
NASNetMobile 87.08 86.27 86.64 96.77 86.22
MobileNetV3Small 95.02 94.97 93.82 98.80 94.20
MobileNetV3Large 93.43 93.93 92.48 98.40 92.82

lcke G WIS 10 Guos 5y 0k S Sk 3 Khos (Sldmslio o () Jgue

Table (3) Comparative Performance Analysis of Deep Learning Models Across Different Classes

s slone NS Con ol Sis F1 Ll
Architects Class Precision Recall Specificity% F1 Score%

MobileNet KSC201 0.927 0.9375 0.9892 0.9322

KSC260 0.9642 0.9966 0.9899 0.9801

KSC400 0.9787 0.9758 0.9934 0.9772

KSC703 0.9904 0.978 0.9972 0.9842

KSC705 0.9728 0.947 0.9938 0.9597

DenseNet121 KSC201 0.9444 0.8693 0.9926 0.9053

KSC260 0.9931 0.9697 0.9982 0.9813

KSC400 0.9527 0.9758 0.9848 0.9641

KSC703 0.9842 0.9811 0.9953 0.9827

KSC705 0.9137 0.9621 0.9786 0.9373

MobileNetV2 KSC201 0.9664 0.8182 0.9959 0.8862

KSC260 0.9929 0.9461 0.9982 0.969

KSC400 0.9708 0.9061 0.9915 0.9373

KSC703 0.987 0.956 0.9963 0.9712

KSC705 0.7774 0.9924 0.9331 0.8719

NASNetMobile KSC201 0.7421 0.8011 0.9595 0.7705

KSC260 0.9477 0.9158 0.9862 0.9315

KSC400 0.9123 0.7879 0.9763 0.8455

KSC703 0.9582 0.9371 0.9878 0.9475

KSC705 0.7532 0.8902 0.9313 0.816

MobileNetV3Small KSC201 0.9527 0.8011 0.9942 0.8704

KSC260 0.9799 0.9832 0.9945 0.9815

KSC400 0.9664 0.9576 0.9896 0.9619

KSC703 0.9748 0.9717 0.9925 0.9732

KSC705 0.8746 0.9773 0.967 0.9231

MobileNetV3Large KSC201 0.9592 0.8011 0.995 0.8731

KSC260 0.9861 0.9562 0.9963 0.9709

KSC400 0.9739 0.903 0.9924 0.9371

KSC703 0.9841 0.9748 0.9953 0.9795

KSC705 0.7933 0.9886 0.9393 0.8803
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Figure (3) Performance and Training Time Comparison for six neural network architectures
(MobileNet, DenseNet121, MobileNetV2, NASNetMobile, MobileNetV3Large, and
MobileNetV3Small) for classifying five corn seed varieties
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Figure (4) Comprehensive Comparison of the Training and Validation Performance for the Six
Neural Network Architectures Used in This Study
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Perfect Classification Performance (AUC > 0.98)
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Figure (6) Confusion matrix for each of the six neural network architectures (MobileNet,
DenseNet121, MobileNetVV2, NASNetMobile, MobileNetV3Large, and MobileNetV3Small) for
classifying five corn seed varieties (KSC260, KSC201, KSC400, KSC703, KSC705)
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