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 This study presents a new classification framework for corn quality 

assessment using the you only look once version 8 (YOLOv8) deep learning 

architecture. Traditional corn-sorting methods are labor-intensive, time-

consuming, and prone to human error. To address these challenges, this 

study proposes the corn quality classification (CQC) algorithm, an artificial 

intelligence (AI)-driven approach for automatically recognizing and 

categorizing pest- and disease-related defects. The proposed model uses 

YOLOv8, which integrates a convolutional neural network (CNN) backbone 

for feature extraction and object detection. The system was trained on 

labelled corn images to classify them into three categories: healthy, water 

rot, and bug. The model achieved an overall classification accuracy of 

92.7%, with class-specific accuracies of 88.9% for healthy, 70% for water 

rot, and 100% for bug. Key performance metrics included a recall of 93%, 

an F1-score of 62%, a mean average precision (mAP) of 92.7%, and an 

intersection over union (IoU) of 52.3%. Additionally, the F1-confidence and 

recall-confidence curves provided further insights into the model’s 

performance. The proposed classification framework and CQC algorithm 

demonstrate the feasibility of AI-powered agricultural monitoring systems, 

offering a reliable and efficient approach to corn quality assessment. By 

enabling consistent and accurate classification, the proposed system has the 

potential to reduce labor requirements and support precision agriculture 

practices for improved crop quality management. 
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1. INTRODUCTION 

Artificial intelligence (AI) has attracted increasing attention in agriculture because of its potential to 

improve crop monitoring, disease detection, and quality assessment. Corn, as one of the world’s major staple 

crops, is an important target for AI-based detection and classification systems [1]. Remote sensing 

technologies, including satellite imagery and unmanned aerial vehicles (UAVs), have been combined with AI 

algorithms to obtain useful information from corn fields. Convolutional neural networks (CNNs) have 

demonstrated strong performance in analyzing high-resolution images for crop identification and  

mapping [2]–[4]. Image processing and computer vision techniques have also been applied to field images to 

extract relevant characteristics, such as leaf patterns, plant height, and visible disease symptoms [5]. In 

addition, the you only look once (YOLO) framework [6] has enabled real-time detection of corn seedlings 
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under field conditions [7], while feature-threshold and backpropagation neural-network methods have been 

proposed to identify impurities and breakage in harvested corn grains [8]. 

Accurate identification of pest- and disease-related defects is essential for evaluating corn  

quality. Machine learning (ML) techniques, particularly CNNs [9], together with YOLO-based models and 

OpenCV [10], provide effective tools for extracting visual features and recognizing quality-related patterns. 

CNN architectures have been widely used in various computer vision applications because of their ability to 

learn discriminative features directly from image data [11]–[13]. This capability makes them suitable for 

detecting and classifying defects that affect corn quality [14]. YOLO is especially attractive because it 

combines object localization and classification within a single network, supporting rapid image processing 

and real-time implementation [15]. Its suitability for agricultural applications has been demonstrated by 

several studies. Lemon-YOLO, for example, introduced an SE_ResGNet34 backbone and SE_ResNet 

modules, achieving 96.28% detection accuracy at 106 frames per second and outperforming several 

established object-detection models [16]. Des-YOLOv4 incorporated average precision (AP)-loss and  

soft-non-maximum suppression (NMS) to address class imbalance and overlapping apples, achieving a mean 

average precision (mAP) of 97.13%, a recall of 90%, and a processing speed of 51 frames per second [17]. 

Similarly, an improved lightweight YOLOv5s model increased maize detection accuracy from 93.2%  

to 96.3% and weed detection accuracy from 85.6% to 88.9% through data augmentation, SENet, and  

C3-Ghost-bottleneck modules [18]. 

Other object-detection architectures, including region-based convolutional neural network  

(R-CNN) [19], fast R-CNN [20], faster R-CNN [21], and mask R-CNN [22] have also contributed to 

agricultural image analysis by improving region proposal, feature extraction, object localization, and 

classification. The use of residual network (ResNet) and visual geometry group network (VGGNet) 

backbones has further enhanced maize tassel detection from UAV and mobile-phone imagery [23]. 

Improvements to YOLOv5-based networks have likewise demonstrated the potential to increase detection 

accuracy while maintaining computational efficiency [24]. These advances have been built upon the success 

of deep CNNs for large-scale image recognition, which established the foundation for many modern 

computer vision models [25]. However, despite these advances, comparatively limited attention has been 

given to the automated classification of harvested corn according to visible pest- and disease-related quality 

conditions. Table 1 therefore compares relevant studies in terms of their objectives, hardware and software 

configurations, algorithms, and reported accuracy. Table 1 highlights reliable approaches for crop monitoring 

and quality assessment. However, corn detection and grading still lack precise, efficient, and standardized 

automated methods. Manual inspection is labor-intensive, time-consuming, and subjective, which may 

reduce assessment accuracy, delay defect identification, and affect farmers’ ability to manage and market 

their produce effectively. To address these limitations, this study makes the following contributions: 

i) A new classification framework: a CNN-based YOLOv8 framework is proposed to identify and classify 

corn quality defects caused by pests and diseases. 

ii) New corn defect classification results: the system distinguishes three corn quality classes and evaluates 

YOLOv8 performance in terms of classification accuracy. 
 

 

Table 1. Comparison with previous studies 
Reference Objective Hardware/software (algorithm) Accuracy 

[17] Real-time apple detection for 

harvesting robots 

MATLAB preprocessing and annotation 

(Des-YOLOv4) 
− mAP = 97.13% 

− Recall = 90% 

[16] Efficient object detection method 

for lemons in natural environment 

Intel Core i3-8100 CPU, NVIDIA Tesla 

V100 GPU (L-YOLO) 
− 96.28% 

[23] Detection of maize tassels from 
UAV RGB imagery 

UAV DJI Inspire 2 with ZENMUSE X5S 
camera, mobile phone (faster R-CNN with 

ResNet and VGGNet) 

− 94.99% for UAV images 

− 95.95% for phone images 

[5] Corn seed identification based on 

shape and color features 

Artificial neural network (ANN) − 89% (BIMA-20 good vs bad) 

− 97% (BIMA-20 good vs 

NASA-29 good) 
This work Corn quality classification (CQC) 

based on pest- and disease-related 

defects 

GF63 Intel(R) 

(CNN and YOLOv8) 
− 92.7% overall accuracy 

− 88.9% for "healthy" 

− 70% for "water rot" 

− 100% for "bug" 

 

 

2. PROPOSED FRAMEWORK  

The proposed framework for classifying corn quality consists of three modules: i) data collection 

and preprocessing, ii) development of the CQC algorithm, and iii) postprocessing. In general, the core 

components of this framework are illustrated as phase 1 (data collection and preprocessing) and phase 2 
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(development of CQC algorithm). This framework serves as a comprehensive guide to address the main 

research question: how accurately can the proposed deep learning-based algorithm classify corn quality 

conditions? Figure 1 demonstrates the flowchart of the proposed classification framework.  

 

 

 
 

Figure 1. Flowchart of the proposed classification framework 

 

 

2.1.  Phase 1: data collection and preprocessing 

The dataset consists of 771 farm images captured using a mobile phone from angled, overhead, and 

ground-level perspectives. These images reflect real corn-growing conditions rather than controlled or online 

sources. Figure 2 presents representative examples from the original farm-acquired dataset and illustrates the 

visual appearance of corn samples under natural acquisition conditions, including variations in color, texture, 

surface condition, and visible deterioration. Figure 2(a) shows a healthy corn sample with a normal visual 

appearance, whereas Figure 2(b) shows a spoiled corn sample exhibiting visible quality deterioration. These 

representative images illustrate the visual characteristics considered during the subsequent annotation of the 

dataset into the healthy, water rot, and bug classes. 

 

 

  
(a) (b) 

 

Figure 2. Examples of corn images (a) healthy corn and (b) spoiled corn 
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The corn images were annotated into three classes: healthy, water rot, and bug. Rotation, flipping, 

and scaling were applied to increase data diversity and reduce overfitting, expanding the dataset to  

1,771 images using the Roboflow application. The augmented dataset provided greater visual diversity, 

helping to reduce overfitting and improve the model’s generalization to unseen images. The final dataset was 

divided into training, validation, and testing subsets of 85%, 8%, and 7%, respectively. 

 

2.2.  Phase 2: development of corn quality classification algorithm 

A YOLOv8-based deep learning model was developed for automated CQC. The architecture uses a 

CNN backbone to extract visual features, followed by detection and classification heads for real-time object 

identification and categorization. YOLOv8 was selected for its accuracy, computational efficiency, and 

suitability for real-time applications. The model was trained using labelled maize images from three classes: 

healthy, water rot, and bug. The main steps used to develop the CQC algorithm are described as follows. 

 

Algorithm 1. CQC algorithm  

i) Installation of dependencies and implementation using Python libraries: the required Python libraries 

were installed to set up the training environment. Several well-known Python libraries were used for 

model implementation: 

− TensorFlow: an open-source ML framework developed by Google, used for model development 

and training. 

− OpenCV: a computer vision library utilized for image preprocessing and augmentation. 

− NumPy: a numerical computation library used for handling image data and performing 

mathematical calculations. 

ii) Importing YOLOv8: the necessary modules were imported, and a YOLO-specific command was 

executed to verify the configuration. 

iii) Dataset integration: the custom dataset from Roboflow was loaded into the YOLOv8 format. 

iv) Model training and validation: the model was trained and evaluated using performance metrics such as 

precision, recall, and mAP. 

v) Inference and testing: the trained model was tested on unseen images to assess its real-world accuracy. 

 

2.3.  Postprocessing 

To evaluate the performance of the corn classification algorithm, PyCharm, an integrated 

development environment (IDE), was used, and several key evaluation metrics were analyzed. These metrics 

include intersection over union (IoU), precision, recall, F1-score, AP, and mAP. The mathematical 

expressions for these metrics are provided in (1) to (6). 

 

𝐼𝑜𝑈 =
𝑎𝑟𝑒𝑎 𝑜𝑓 𝑜𝑣𝑒𝑟 𝑖𝑚𝑎𝑔𝑒 

𝑎𝑟𝑒𝑎 𝑜𝑓 𝑢𝑛𝑖𝑜𝑛 𝑖𝑚𝑎𝑔𝑒
 (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

 

𝐹1-𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (4) 

 

𝐴𝑃 = ∫  
1

0
𝑃(𝑟)𝑑𝑟 (5) 

 

𝑚𝐴𝑃 =
1

𝑁
∑  𝑁

𝑖=1 𝐴𝑃𝑖 (6) 

 

 

3. RESULTS AND DISCUSSION 

This study evaluates the performance of the CQC algorithm described in subsection 2.2 using the 

F1-confidence curve shown in Figure 3. The F1-score represents the balance between precision and recall. 

The healthy class maintained the highest F1-score across most confidence thresholds, indicating consistent 

classification performance, while the bug and water rot classes achieved lower scores and were more 

sensitive to threshold changes. The best overall performance was obtained at a confidence threshold of 0.287, 

where the combined F1-score reached 0.62, representing the most balanced trade-off between precision and 

recall across all classes. 
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Figure 3. F1-confidence curve for the three corn classes 
 

 

As shown in Figure 4, the healthy class maintained consistently high recall across most confidence 

thresholds, indicating reliable detection performance. In contrast, the recall values for the bug and water rot 

classes gradually decreased as the confidence threshold increased, showing greater sensitivity to threshold 

selection. The model achieved an overall recall of 0.93 at a confidence threshold of 0.000, indicating 

maximum sensitivity at the lowest threshold. However, selecting an appropriate threshold remains important 

to balance recall with prediction reliability.  
 

 

 
 

Figure 4. Recall-confidence curve for the three corn classes 
 

 

As shown in Figure 5, the model achieved an overall precision of 1.00 at a confidence threshold of 

0.924. The healthy class maintained relatively high precision across most thresholds, indicating more 

consistent predictions. In contrast, the bug and water rot classes showed greater variation, suggesting that 

their prediction reliability was more sensitive to the selected confidence threshold. Although precision 

increased at higher thresholds, this should be considered together with recall to determine a suitable  

operating point. 
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Figure 5. Precision-confidence curve 
 

 

The proposed CQC algorithm was evaluated using a dedicated test subset comprising 124 images, 

representing 7% of the total dataset of 1,771 images. These images were excluded from training and 

validation to provide an independent assessment of model performance. The test dataset consisted of three 

classes: healthy (54 images), bug (60 images), and water rot (10 images). The trained YOLOv8 model was 

applied to these unseen images, and predictions were compared against the ground truth labels to assess 

classification performance. Figure 6 presents the raw and normalized confusion matrices, respectively, 

providing a comprehensive evaluation of the classifier’s performance across the three classes. These matrices 

highlight the model’s strengths and weaknesses by showing both the number and proportion of correct and 

incorrect classifications. As shown in Figure 6(a), the confusion matrix demonstrates strong classification 

performance across the three corn categories. All 60 bug samples were correctly classified, indicating that the 

model effectively recognizes insect-related damage. For the healthy class, 48 of 54 samples were correctly 

identified, while 4 were misclassified as bug and 2 as water rot. the water rot class achieved 7 correct 

predictions out of 10, with 2 samples misclassified as healthy and 1 as bug. This lower performance may be 

attributed to the limited number of water rot samples and the visual similarity between early-stage water rot 

and healthy corn. The normalized confusion matrix in Figure 6(b) confirms class-specific accuracies of 100% 

for bug, 88.9% for healthy, and 70% for water rot. Overall, the proposed CQC algorithm performed reliably 

for bug and healthy corn, although further improvement is needed for the water rot class through increased 

data representation and enhanced feature learning. The overall test accuracy of 92.7% demonstrates the 

effectiveness of the proposed deep learning framework. 
 

 

  
(a) (b) 

 

Figure 6. Confusion matrices (a) raw counts and (b) row-normalized values 
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The overall test accuracy of 92.7% demonstrates competitive performance for the proposed  

three-class corn-quality task. Previous agricultural vision studies reported 96.28% detection accuracy for 

Lemon-YOLO [16], 97.13% mAP for apple detection using Des-YOLOv4 [17], and improved maize 

detection accuracy of 96.3% using an enhanced YOLOv5 model [18]. Faster R-CNN has also achieved 

94.99% and 95.95% detection performance for maize tassels acquired from UAV and mobile-phone imagery, 

respectively [23]. However, these numerical values should not be interpreted as direct rankings because the 

studies employ different datasets, target objects, class definitions, evaluation metrics, and acquisition 

conditions. The present study instead addresses the distinct problem of differentiating healthy corn from  

pest- and disease-related quality deterioration using farm-acquired imagery. 

 

 

4. CONCLUSION 

This study demonstrates the effectiveness of the proposed CQC algorithm, achieving an overall 

accuracy of 92.7%. The model attained class-specific accuracies of 100% for bug, 88.9% for healthy,  

and 70% for water rot. The lower performance for water rot was mainly associated with the limited number 

of annotated samples, which caused class imbalance and reduced the model’s ability to generalize. The 

model also achieved 93% recall, a 62% F1-score, 92.7% mAP, and 52.3% IoU. These findings address the 

research question by confirming that the proposed deep learning approach can provide reliable and efficient 

automated corn quality assessment. Future work should expand and balance the dataset, improve 

performance for visually challenging samples, and integrate the system into precision agriculture applications 

for large-scale deployment. 

 

 

FUNDING INFORMATION 

The authors gratefully acknowledge Universiti Teknikal Malaysia Melaka (UTeM) and the UTeM 

Kesidang Scholarship for the financial support that made this research possible. 

 

 

AUTHOR CONTRIBUTIONS STATEMENT 

This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author 

contributions, reduce authorship disputes, and facilitate collaboration.  

 

Name of Author C M So Va Fo I R D O E Vi Su P Fu 

Monther Yousef ✓ ✓ ✓ ✓ ✓    ✓      

Zamani Md Sani  ✓        ✓ ✓ ✓ ✓ ✓ 

Ahmad Fauzan Kadmin    ✓ ✓     ✓ ✓    

Mohammed Ahmed 

Salem 

   ✓ ✓ ✓    ✓ ✓    

Masrullizam Mat 

Ibrahim 

    ✓     ✓     

Hatem T. M. Duhair    ✓ ✓     ✓     

 

C :  Conceptualization 

M :  Methodology 

So :  Software 

Va :  Validation 

Fo :  Formal analysis 

I :  Investigation 

R :  Resources 

D : Data Curation 

O : Writing - Original Draft 

E : Writing - Review & Editing 

Vi :  Visualization 

Su :  Supervision 

P :  Project administration 

Fu :  Funding acquisition 

 

 

 

CONFLICT OF INTEREST STATEMENT 

The authors declare that the research was conducted in the absence of any commercial or financial 

relationships that could be construed as potential conflicts of interest. Authors state no conflict of interest. 

 

 

DATA AVAILABILITY 

The data that support the findings of this study are openly available in Roboflow at 

https://share.google/ZdidNEn1T0Jt9Tnzg.  

 

 



Int J Artif Intell  ISSN: 2252-8938  

 

Assessing corn quality classification with deep-learning module (Monther Yousef) 

4103 

REFERENCES 
[1] G. I. Gadotti, N. A. B. Moraes, J. G. da Silva, R. de M. Pinheiro, and R. de C. M. Monteiro, “Prediction of ranking of lots of corn seeds 

by artificial intelligence,” Engenharia Agricola, vol. 42, no. 4, 2022, doi: 10.1590/1809-4430-Eng.Agric.v42n4e20210005/2022. 

[2] K. Simonyan and A. Zisserman, “Very deep convolutional networks for large-scale image recognition,” Sep. 2014, 

arXiv:1409.1556. 
[3] H. F. Al-Selwi, N. Hassan, H. B. A. Ghani, N. A. B. A. Hamzah, and A. B. A. Aziz, “Face mask detection and counting using you 

only look once algorithm with Jetson Nano and NVDIA giga texel shader extreme,” IAES International Journal of Artificial 

Intelligence, vol. 12, no. 3, pp. 1169–1177, Sep. 2023, doi: 10.11591/ijai.v12.i3.pp1169-1177. 
[4] N. A. B. A. Hamzah, H. B. Abd Ghani, H. F. Al-Selwi, N. Hassan, and A. B. Abd Aziz, “Facial mask detection and energy 

monitoring dashboard using YOLOv5 and Jetson Nano,” in Multimedia University Engineering Conference (MECON 2022), Dec. 

2022, pp. 49-57, doi: 10.2991/978-94-6463-082-4_7. 
[5] H. A. Yafie, E. Rachmawati, E. Prakasa, and A. Nur, “Corn seeds identification based on shape and colour features,” Khazanah 

Informatika : Jurnal Ilmu Komputer dan Informatika, vol. 6, no. 2, pp. 66–72, 2020, doi: 10.23917/khif.v6i2.10840. 

[6] G. Jocher, “Ultralytics YOLOv5 in PyTorch for object detection, instance segmentation, classification, training, and export,” 
github.com, 2022. Accessed: May 24, 2024 [Online]. Available: https://github.com/ultralytics/yolov5 

[7] K. Zhao, L. Zhao, Y. Zhao, and H. Deng, “Study on lightweight model of maize seedling object detection based on YOLOv7,” 

Applied Sciences, vol. 13, no. 13, 2023, doi: 10.3390/app13137731. 
[8] K. Wu, M. Zhang, G. Wang, X. Chen, and J. Wu, “A continuous single-layer discrete tiling system for online detection of corn 

impurities and breakage rates,” Agriculture, vol. 12, no. 7, 2022, doi: 10.3390/agriculture12070948. 

[9] A. Ghosh, A. Sufian, F. Sultana, A. Chakrabarti, and D. De, “Fundamental concepts of convolutional neural network,” in 
Intelligent Systems Reference Library, vol. 172, 2019, pp. 519–567, doi: 10.1007/978-3-030-32644-9_36. 

[10] D. I. Patrício and R. Rieder, “Computer vision and artificial intelligence in precision agriculture for grain crops: a systematic 
review,” Computers and Electronics in Agriculture, vol. 153, pp. 69–81, 2018, doi: 10.1016/j.compag.2018.08.001. 

[11] M. A. Uddin et al., “Deep learning-based human activity recognition using CNN, ConvLSTM, and LRCN,” International Journal 

of Cognitive Computing in Engineering, vol. 5, no. October 2023, pp. 259–268, 2024, doi: 10.1016/j.ijcce.2024.06.004. 
[12] R. Mutegeki and D. S. Han, “A CNN-LSTM approach to human activity recognition,” in 2020 International Conference on Artificial 

Intelligence in Information and Communication, ICAIIC 2020, 2020, pp. 362–366, doi: 10.1109/ICAIIC48513.2020.9065078. 

[13] X. Wang, L. Liu, and Y. Zhang, “Motion recognition based on deep learning algorithm,” International Journal of Pattern 
Recognition and Artificial Intelligence, vol. 38, no. 14, pp. 1–7, 2024, doi: 10.1142/S0218001424520220. 

[14] A. F. Gad, Practical computer vision applications using deep learning with CNNs: with detailed examples in Python using 

TensorFlow and Kivy, Berkeley, California: Apress, 2018, doi: 10.1007/978-1-4842-4167-7. 
[15] B. Naveen et al., “Detection brain tumor using CNN and YOLO,” International Journal of Scientific Research in Science and 

Technology, vol. 10, no. 3, pp. 151–158, 2023, doi: 10.32628/IJSRST52310320. 

[16] G. Li, X. Huang, J. Ai, Z. Yi, and W. Xie, “Lemon-YOLO: an efficient object detection method for lemons in the natural 
environment,” IET Image Processing, vol. 15, no. 9, pp. 1998–2009, 2021, doi: 10.1049/ipr2.12171. 

[17] W. Chen, J. Zhang, B. Guo, Q. Wei, and Z. Zhu, “An apple detection method based on Des-YOLOv4 algorithm for harvesting 

robots in complex environment,” Mathematical Problems in Engineering, vol. 2021, pp. 1–12, 2021, doi: 10.1155/2021/7351470. 
[18] B. Wang, Y. Yan, Y. Lan, M. Wang, and Z. Bian, “Accurate detection and precision spraying of corn and weeds using the 

improved YOLOv5 model,” IEEE Access, vol. 11, pp. 29868–29882, 2023, doi: 10.1109/ACCESS.2023.3258439. 

[19] R. Girshick, J. Donahue, T. Darrell, and J. Malik, “Rich feature hierarchies for accurate object detection and semantic 
segmentation,” in 2014 IEEE Conference on Computer Vision and Pattern Recognition, 2014, pp. 580–587,  

doi: 10.1109/CVPR.2014.81. 

[20] U. Nepal and H. Eslamiat, “Comparing YOLOv3, YOLOv4 and YOLOv5 for autonomous landing spot detection in faulty 
UAVs,” Sensors, vol. 22, no. 2, 2022, doi: 10.3390/s22020464. 

[21] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: towards real-time object detection with region proposal networks,” in 

IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, vol. 39, no. 6, pp. 1137–1149,  
doi: 10.1109/TPAMI.2016.2577031. 

[22] H. O. Velesaca, R. Mira, P. L. Suarez, C. X. Larrea, and A. D. Sappa, “Deep learning based corn kernel classification,” in 2020 

IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), Jun. 2020, pp. 294–302,  
doi: 10.1109/CVPRW50498.2020.00041. 

[23] Y. Liu, C. Cen, Y. Che, R. Ke, Y. Ma, and Y. Ma, “Detection of maize tassels from UAV RGB imagery with faster R-CNN,” 

Remote Sensing, vol. 12, no. 2, 2020, doi: 10.3390/rs12020338. 
[24] M. L. Li, G. B. Sun, and J. X. Yu, “A pedestrian detection network model based on improved YOLOv5,” Entropy, vol. 25,  

no. 2,2023, doi: 10.3390/e25020381. 

[25] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification with deep convolutional neural networks,” 
Communications of the ACM, vol. 60, no. 6, pp. 84–90, 2017, doi: 10.1145/3065386. 

 

 

BIOGRAPHIES OF AUTHORS 

 

 

Monther Yousef     received the B.S. degree in Mechatronics Engineering from 

Universiti Teknikal Malaysia Melaka, Malaysia, in 2024. He is currently pursuing a master’s 

degree in Electronic and Computer Engineering in Universiti Teknikal Malaysia Melaka, 

Malaysia. His research interests include artificial intelligence, deep learning, machine 

learning, and image processing. He can be contacted at email: monzeeral332017@gmail.com. 

https://orcid.org/0009-0005-6007-7928
https://www.scopus.com/authid/detail.uri?authorId=60538822400


                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4096-4104 

4104 

 

Zamani Md Sani     completed his degree in 2000 at Universiti Sains Malaysia and 

gained valuable experience during his 6-year tenure at Intel Malaysia Kulim. Subsequently, he 

pursued his master’s degree at the same university in 2009. Later, he transitioned to the field 

of education at Universiti Teknikal Malaysia Melaka and successfully earned his Ph.D. from 

Multimedia University in 2020. His primary research interests lie in image processing and 

artificial intelligence. He can be contacted at email: zamanisani@utem.edu.my. 

  

 

Ahmad Fauzan Kadmin     is a chartered engineer and professional technologist, 

currently serving as a senior lecturer at Universiti Teknikal Malaysia Melaka. He has over  

16 years of experience in electronic and computer engineering, computer vision, and medical 

electronics. He holds a bachelor's degree in Electronics Engineering from Universiti Sains 

Malaysia, a master's degree in Computer and Communication Engineering from Universiti 

Kebangsaan Malaysia, and a Ph.D. in Computer Vision from Universiti Teknikal Malaysia 

Melaka. He can be contacted at email: fauzan@utem.edu.my 

  

 

Mohammed Ahmed Salem     received the B.S. degree in Mechatronics 

Engineering from Universiti Teknikal Malaysia Melaka, Malaysia, in 2017. He received the 

Ph.D. degree in Telecommunication Engineering from Multimedia University, Malaysia. He is 

currently attached to Universiti Teknikal Malaysia Melaka as a postdoctoral researcher. His 

research interests include wireless physical layer security, cooperative relay networks,  

non-orthogonal multi access network, RIS-assisted 5G resource allocations, and EMF 

evaluation. He can be contacted at email: mohammedmmu94@gmail.com. 

  

 

Masrullizam Mat Ibrahim     received the B.Eng. (Hons.) and M.Eng in Electrical 

and Electronics Engineering from Universiti Teknologi Malaysia, Johor, Malaysia, in 2001 

and 2006 respectively. Then, he received a Ph.D. in 2014 from the University of Strathclyde, 

United Kingdom. He has work experience in research and development for a 

telecommunications services company (2002-2003). Currently, he has been working as 

academic staff in Universiti Teknikal Malaysia Melaka since 2003. He currently holds the 

dean position of the graduate studies school since 2025. His research interests are artificial 

intelligence, signal processing, image and video processing, internet of things (IoT), and 

embedded-system applications. He can be contacted at email: masrullizam@utem.edu.my. 

  

 

Hatem T. M. Duhair     holds a master’s degree in Electronics and Computer 

Science Engineering from Universiti Teknikal Malaysia Melaka and a bachelor’s degree in 

Biomedical Engineering from the University of Palestine. He is currently a Ph.D. researcher at 

Universiti Teknikal Malaysia Melaka, focusing on EEG-based imagined speech recognition 

and real-time speech decoding models. His research interests include biomedical signal 

processing, machine learning, and advanced human-computer interaction systems. He can be 

contacted at email: P122310005@student.utem.edu.my. 

 

https://orcid.org/0000-0003-4655-903X
https://scholar.google.com/citations?user=P10_3CEAAAAJ&hl=en&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=26428447500
https://orcid.org/0000-0003-3694-2596
https://scholar.google.com/citations?user=lPO5zSIAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=22334325900
https://www.webofscience.com/wos/author/record/40044362
https://orcid.org/0009-0005-2745-9270
https://scholar.google.com/citations?user=AINxJZsAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57205291658
https://www.webofscience.com/wos/author/record/2744950
https://orcid.org/0000-0002-5422-6537
https://scholar.google.com/citations?user=G6wv-tAAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=55413625500
https://orcid.org/0009-0007-0851-1218
https://scholar.google.com/citations?user=Wfd7KAQAAAAJ&hl=en&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=60361929200
https://www.webofscience.com/wos/author/record/72801069


  I o U =   a r e a   o f   o v e r   i m a g e    a r e a   o f   u n i o n   i m a g e


  P r e c i s i o n =   T P  T P + F P
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