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 The following research work systematically compares four variants of you 

only look once (YOLO), namely, YOLOv8, YOLOv9, YOLOv10, and 

YOLOv11 proposed recently, considering the key properties required to 

perform ceramic surface crack detection tasks with high computational 

efficiency, real-time inference speed, and low memory usage. A total of 300 

images of ceramic surfaces were collected with manually labeled cracks and 

divided into training, validation, and testing sets in portions of 263, 22, and 

15 images, respectively. Each of the four YOLO variants was trained for 50 

and 100 epochs, and each was evaluated regarding mean average precision 

(mAP), inference time, model size, and computational complexity in giga 

floating point operations per second (GFLOPs). YOLOv9 produced the 

highest accuracy with mAP values as high as 0.752-0.79 but the highest cost 

in terms of increased computational complexity. However, among these 

methods, YOLOv8 can produce the fastest inference (~2-2.3 ms) with a 

small memory footprint (~6 MB) with an acceptable accuracy of ~0.65-0.67. 

The results showed that YOLOv8 is the most feasible to deploy in resource-

constrained industrial automation environments. By offering this 

comparative study, the research attempts to provide hints for the selection of 

appropriate YOLO-based models by practitioners in quality control 

applications related to ceramic manufacturing. 
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1. INTRODUCTION 

Ceramic materials are widely utilized, including applications involving electronics to aerospace, 

owing to their resistance to high temperatures, stability, and strength [1]. Despite the mentioned merits, 

ceramic materials tend to experience micro-cracking that causes catastrophic failure [2]. It is essential to 

detect the micro-cracks immediately to ensure that the products are safe and function effectively [3].  

A conventional technique to inspect micro-cracking might typically involve human observation and the use 

of conventional image processing, which tends to be time-consuming and requires precise illumination 

conditions [4]. 

However, the emergence of deep learning methods has brought a revolutionary approach to 

automated defect detection, and convolutional neural networks (CNNs) have proved remarkably successful in 

image classification and object detection problems [5]–[7]. One of the most popular techniques in the domain 

of object detection is the you only look once (YOLO) family of algorithms [8]. YOLO is a single-end 
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network used for both the classification and localization of objects; its subsequent versions have adapted a 

compromise between the accuracy of defect detection and real-time processing, making it an ideal approach 

for automation in the industry [9], [10]. 

Recently, improvements in the YOLO method, ranging from YOLOv8 to YOLOv11, have led to 

highly optimized designs that deliver high values for the average precision metric [11]–[14]. However, these 

designs can be computation-intensive, which can pose challenges for their use on resource-limited platforms 

like those on an industry floor [15]. In an industrial inspection system, apart from the accuracy level, low 

latency rates and memory usage are important for the system to function in an online process [16], [17]. 

There has been an increasing amount of studies concentrating on the application of deep learning 

techniques for the detection of ceramic defects. For instance, Yu et al. [18] presented an advanced YOLOv5 

system for automatic surface defect detection in ceramic tiles through the optimization of the model 

components and the application of the attention mechanism, leading to higher detection accuracy and faster 

computing speed. Another example, Alexandru et al. [19] presented an innovative method for the detection 

of ceramic plate defects utilizing YOLO-R, dealing with the difficulties in the presence of different types of 

ceramic defects and obtaining competitive detection speed. Relatively more recently, there have been studies 

utilizing the more advanced YOLO models for further improved performance in the detection of ceramic 

defects. For example, Zhu and Song [20] presented an advanced YOLOv8 model specifically for the 

detection of small ceramic surface defects utilizing supplementary detection heads and a selective attention 

module. At the same time, Huang et al. [21] utilized deep learning techniques for the establishment of defect 

detection systems for ceramic substrates based on YOLOv3 models and obtained considerable improvements 

in both detection accuracy and computing speed. 

Other research efforts have been devoted to further crafting the detection of defects in ceramics 

using mobile-friendly vision transformers, superior feature fusion models, and custom loss functions. These 

include, for example, MCAW-YOLO [22] which integrated a vision transformer into its backbone 

architecture for global and local context understanding, and another [23] that further boosted the performance 

of YOLOv5s via anchor structure optimization and the application of the attention mechanism. Other 

research efforts in [24], [25] have been directed at crafting dense detection algorithms and unique 

convolutional models for tackling multi-scale and small-target defect detection. The body of research work 

already presented has primarily targeted the improvement of the detection performance using superior 

architectural refinement, including improved feature fusion, attention mechanisms, and complex loss 

functions. While these have already demonstrated success in defect detection, there remain challenges with 

models characterized by higher computing complexity, larger models, and longer inference times, which 

remain a concern for industry implementation. 

The originality of this current research work is in carrying out a comparative analysis of the 

performance of four YOLO models: YOLOv8, YOLOv9, YOLOv10, and YOLOv11 for the detection of 

ceramic cracks performed in a customized dataset of the ceramic material. The research work focuses on 

addressing the low memory and real-time issues coupled in the ceramic manufacturing process by taking into 

consideration the trade-offs between the performance of the models in terms of precision, recall, mean 

average precision (mAP)-50, mAP50–95, and their ability to work within the computational costs of both 

execution time measured in microseconds, size of the model in megabytes, and giga floating point operations 

per second (GFLOPs). In this research, both 50 and 100 epoch models are used for analysis of performance. 

The two models are used for analysis of performance to determine the effects of additional training in terms 

of performance and utilization of computational resources. The analysis of this research provides a 

significant milestone in determining the YOLO model that should be used in industrial automation systems 

for their accuracy and feasibility in real-time automation systems. The research work has contributed to both 

the accuracy and computational cost areas in detecting defective ceramic products. 

 

 

2. METHOD 

The total experiment procedure for the detection of ceramic breakage is shown in Figure 1.  

A dataset of 300 images is assembled and split into sets for training, validation, and testing. Image 

preprocessing tasks like caching and scaling are used for image preparations before training. Then, the model 

trains for 50 or 100 epochs on all four versions of the YOLO model (YOLO-v8, YOLO-v9, YOLO-v10, and 

YOLO-v11). Detection performance and resource-related criteria are investigated on computationally 

intensive parameters like inference timings, model size, and GFLOPs along with crucial detection parameters 

like precision, recall, mAP50, mAP50-95, and fitness scores. 

 

2.1.  Data collection and preprocessing 

In total, 300 images were collected from ceramic parts with different crack severities. Each image 

was manually labeled with bounding boxes for all the visible cracks. The dataset was divided randomly into a 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 852-860 

854 

training set consisting of 263 images, a validation set of 22 images, and a final test set of 15 images.  

All images were resized to 640×640 pixels to unify input dimensions. For training, data augmentation was 

carried out to increase model robustness and to avoid overfitting. Employing augmentation techniques such 

as blur and median blur simulates minor distortions in images. Grayscale conversion enforces the model to 

rely on luminance rather than color alone. Contrast limited adaptive histogram equalization (CLAHE) is used 

to highlight subtle cracks in low-contrast regions. 

 

 

 
 

Figure 1. Research overview 

 

 

2.2.  YOLO model variants 

Four variations of YOLO were tested in this paper: YOLOv8, YOLOv9, YOLOv10, YOLOv11.  

In YOLO, there are three overarching tasks in the detection step: bounding box regression, objectness 

(confidence) prediction, class prediction. For the prediction (𝑥̂, 𝑦̂, 𝑤̂, 𝑝̂obj, 𝑝̂cls) given the corresponding 

ground truth values (x, y, w, h, pobj, pcls), YOLO loss ℒ usually computes as shown in (1) [26]. 

 

ℒ =  λ𝑏𝑜𝑥  ×  ℒ𝑏𝑜𝑥 +  λ𝑜𝑏𝑗  ×  ℒ𝑜𝑏𝑗 + λ𝑐𝑙𝑠  ×  ℒ𝑐𝑙𝑠 (1) 

 

Where ℒ𝑏𝑜𝑥 is the bounding box regression loss, often calculated as a combination of mean squared error or 

generalized intersection over union (GIoU)/complete intersection over union (CIoU)-based terms; ℒ𝑜𝑏𝑗 is the 

objectness (confidence) loss, penalizing incorrect predictions of background as objects and vice versa; ℒ𝑐𝑙𝑠 is 

the classification loss, here minimized over a single class “damage” in the case of crack detection; and  

λ𝑏𝑜𝑥, λ𝑜𝑏𝑗 , λ𝑐𝑙𝑠 are hyperparameters that balance the relative importance of each component. 

 

2.3.  Training and testing configuration 

All the models were trained with Python 3.11.11 and PyTorch 2.5.1, assisted by an NVIDIA Tesla 

T4 GPU (15 GB VRAM). The batch size was fixed to 16, and the model was trained for 50 or 100 epochs 

to determine the results after intense training. The optimizer used was the AdamW optimizer, initial 

learning rate adjusted automatically. Precision and recall as in (2) and (3), mAP as in (4), intersection over 

union (IoU) as in (5), inference time, model size (in MB), and GFLOPs were the metrics used for 

evaluation [27]. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
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𝐼𝑜𝑈 =
𝐴𝑟𝑒𝑎 𝑜𝑓 (𝐵𝑝𝑟𝑒𝑑∩𝐵𝑡𝑟𝑢𝑒)

𝐴𝑟𝑒𝑎 𝑜𝑓 (𝐵𝑝𝑟𝑒𝑑∪𝐵𝑡𝑟𝑢𝑒)
 (5) 

 

After hyperparameter tuning on the validation set, each model was tested on the held out set of 15 

images. This final evaluation measured how well the models generalized to unseen data. The results reflected 

their real-world performance in ceramic crack detection tasks. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Model performance overview 

Tables 1 and 2 presents a high-level summary of the results for each YOLO variant at 50 and  

100 epochs, focusing on mAP@0.5, mAP@0.5–0.95, inference time, and model size. YOLOv9 and 

YOLOv11 consistently achieving higher mAP (up to 0.79) but at the cost of larger model sizes  

(15–19 MB) and slower inference times (~5–6 ms). YOLOv8 maintaining the fastest inference speed  

(~2–2.3 ms) and smallest model footprint (~6 MB), with slightly lower mAP (0.65–0.67). YOLOv10 

providing a middle-ground solution in terms of accuracy and speed, but not significantly outperforming 

YOLOv8 in resource efficiency. 

 

 

Table 1. The performance comparison of 50 epochs 
Model mAP50 mAP50-95 Inference time (ms) GFLOPs Model size (MB) Insight 

YOLOv8 0.669 0.472 ~2.3 8.2 ~6.2 Fastest and smallest; acceptable accuracy 

YOLOv9 0.752 0.564 ~6.0 26.7 ~15.2 Higher accuracy but slower and larger 

YOLOv10 0.655 0.389 ~6.0 24.4 ~16.5 Lower accuracy compared to others 
YOLOv11 0.704 0.477 ~5.1 21.3 ~19.2 Moderate accuracy and speed 

 

 

Table 2. The performance comparison of 100 epochs 
Model mAP50 mAP50-95 Inference time (ms) GFLOPs Model size (MB) Comments 

YOLOv8 0.652 0.425 ~2.0 8.1 ~6.3 Fastest and smallest; slight drop in accuracy 

YOLOv9 0.792 0.513 ~6.0 26.7 ~15.2 Highest accuracy; heavier and slower 

YOLOv10 0.741 0.401 ~6.3 24.4 ~16.5 Good accuracy but larger than YOLOv8 

YOLOv11 0.732 0.483 ~5.0 21.3 ~19.2 Moderate accuracy; slower than YOLOv8 

 

 

3.2.  Influence of training epochs 

While increasing epochs from 50 to 100 typically yields an improvement in mAP, the magnitude of 

this gain varies among models. YOLOv9 benefits the most, with an increase of about 4–5 points in 

mAP@0.5. YOLOv8’s improvement is more modest (about 2–3 points). Given the time and resource 

constraints in industrial settings, the decision to train for additional epochs depends on whether marginal 

accuracy gains justify longer training durations. 

The eight precision-recall (PR) curves in Figure 2 likely represent four YOLO variants trained at  

50 and 100 epoch: YOLOv8 as in Figures 2(a) and 2(b), YOLOv9 as in Figures 2(c) and 2(d), YOLOv10 as 

in Figures 2(e) and 2(f), and YOLOv11 as in Figures 2(g) and 2(h). Each curve plots precision on the y-axis 

against recall on the x-axis, illustrating how well a model balances these two metrics across varying 

confidence thresholds. As the threshold for predicting a “damage” detection change, precision and recall shift 

accordingly lower thresholds typically boost recall but reduce precision, while higher thresholds improve 

precision but often lower recall. 

In general, a more “bowed” PR curve that stays toward the top-right corner indicates better 

performance, meaning the model maintains high precision at higher recall levels. The label mAP@0.5 on 

each plot refers to the mAP at a 0.5 IoU threshold, which is a single-value summary reflecting the area under 

the PR curve. The higher the mAP@0.5, the better the ability to handle a wide range of recall levels, which 

maintains a high precision while getting most of the cracks. 

When comparing the various versions of the YOLO, the PR curves of the YOLOv9, or the 

YOLOv11, are generally higher, indicating improved detector performance. However, the memory 

requirements as well as the inference time are relatively larger. On the other hand, the YOLOv8 aims for 

improved speed, which might translate to a slightly decreased mAP but can still be effective in a real-time 

setting. As for the YOLOv10, it generally lies in between, promising improvements over the YOLOv8 but 

not entirely on the level of the YOLOv9. 

To compare 50 versus 100 epochs, longer training (100 epochs) tends to help stabilize and 

marginally advance the curve in terms of precision versus recall, implying more model convergence and 
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optimization. However, incremental gains differ for different versions of the YOLO model: certain versions 

report large benefits for longer training times, although diminishing returns also tend to be associated with 

extended training for certain versions. Generally, which model to be used for ceramic crack detection, 

conditional upon application needs, is as follows: for real-time needs combined with limited graphics 

processing unit (GPU) resources, the relative weakness in precision for YOLOv8 appears inconsequential. 

For applications stressing overall precision for tasks requiring large computation resources, YOLOv9 or 

YOLOv11 for 100 epochs might be preferable. 

 

 

   
(a) (b) (c) 

 

   
(d) (e) (f) 

  

  
(g) (h) 

 

Figure 2. The PR curve comparison for: (a) YOLOv8–50 epoch, (b) YOLOv8–100 epochs,  

(c) YOLOv9–50 epoch, (d) YOLOv9–100 epochs, (e) YOLOv10–50 epoch, (f) YOLOv10–100 epochs,  

(g) YOLOv11–50 epoch, and (h) YOLOv11–100 epochs 
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Figure 3 shows 15 detection results with different bounding boxes labeled "damage" on the various 

surfaces of ceramics; each of these has a confidence score ranging approximately from 0.45 to 0.84.  

The scores are a probability-like measure of the model's confidence that a certain region contains a crack.  

In general, the higher the score, such as 0.84 or 0.77, the stronger the belief in actual damage, while a lower 

score, such as 0.45 or 0.52, indicates more uncertainty. On some images, the model might produce multiple 

bounding boxes if it detects several regions which are distinct from a crack or when subtle visual cues cause 

a single crack to be segmented into parts. 

 

 

   

   

   

   

   
 

Figure 3. YOLOv8 ceramic crack detection results 

 

 

The bounding box fits well with visibly clear cracks at relatively high confidences above 0.70, 

reflecting the ability of the model to identify well-defined crack features. Conversely, for many cases 
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with a moderate or lower confidence score, the crack is quite light, thin, or partially obscured by 

lighting conditions and background textures. Poor contrast or uneven patterns in ceramics, among  

other environmental factors, make it difficult for the model to detect cracks with reliability, hence the 

fall in confidence. 

These differences in confidence highlight how important context is when gauging the predictions 

of the model. Adjusting the detection threshold can help in tailoring performance to suit the needs of a 

particular application. A higher threshold does reduce false positives, ensuring only the most surefire 

detections remain under consideration, by removing boxes with lower confidence. A smaller threshold 

risks admitting more false alarms but may be able to detect minor or borderline breaches. The optimal 

threshold thus depends on whether, for a particular manufacturing or quality-control situation, it is more 

critical to miss a crack (false negative) or to falsely signal an intact area (false positive).  

 

 

4. CONCLUSION 

This study compared four variants of YOLO for real-time ceramic crack detection, including 

YOLOv8, YOLOv9, YOLOv10, and YOLOv11, with a focus on fast inference and low memory usage. 

YOLOv9 and YOLOv11 result in a higher detection accuracy while substantially increasing the 

computational cost. Thus, they are not suitable for resource-constrained environments. Eventually, YOLOv8 

turns out to be optimal in an industrial context, offering an excellent compromise between detection 

performance, inference speed, and model compactness. These findings underline the potential of YOLOv8 

for practical applications in automated ceramic defect inspection and thus improve quality control efficiency 

in an industrial environment. 

 

 

ACKNOWLEDGMENTS 

The authors would like to express their sincere gratitude to Suan Sunandha Rajabhat University and 

Rajamangala University of Technology Thanyaburi for their valuable support and encouragement throughout 

this research project.  

 

 

FUNDING INFORMATION 

Authors state there is no funding involved.  

 

 

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 

Benchalak Maungmeesri ✓ ✓ ✓ ✓ ✓ ✓  ✓ ✓ ✓   ✓  

Sasithorn Khonthon  ✓    ✓  ✓ ✓ ✓ ✓ ✓   

Dechrit Maneetham ✓  ✓ ✓  ✓ ✓  ✓  ✓  ✓  

Padma Nyoman 

Crisnapati 

✓ ✓ ✓ ✓ ✓  ✓  ✓  ✓    

 

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 

Authors state no conflict of interest. 

 

 

INFORMED CONSENT 

We have obtained informed consent from all individuals included in this study.  

 



Int J Artif Intell  ISSN: 2252-8938  

 

Efficient YOLO-based models for real-time ceramic crack detection (Benchalak Maungmeesri) 

859 

DATA AVAILABILITY 

The data that support the findings of this study are available from the corresponding author, [SK], 

upon reasonable request.  

 

 

REFERENCES 
[1] S. Dhanasekar et al., “A comprehensive study of ceramic matrix composites for space applications,” Advances in 

Materials Science and Engineering, vol. 2022, pp. 1–9, 2022, doi: 10.1155/2022/6160591. 

[2] Ş. S. Fidan and R. Ünal, “A survey on ceramic radome failure types and the importance of defect determination,” 

Engineering Failure Analysis, vol. 149, 2023, doi: 10.1016/j.engfailanal.2023.107234. 
[3] H. S. Munawar, A. W. A. Hammad, A. Haddad, C. A. P. Soares, and S. T. Waller, “Image-based crack detection methods: 

a review,” Infrastructures, vol. 6, no. 8, 2021, doi: 10.3390/infrastructures6080115. 

[4] A. Kumar and S. P. Harsha, “A systematic literature review of defect detection in railways using machine vision -based 
inspection methods,” International Journal of Transportation Science and Technology , vol. 18, pp. 207–226, 2025, doi: 

10.1016/j.ijtst.2024.06.006. 

[5] S. B. Jha and R. F. Babiceanu, “Deep CNN-based visual defect detection: survey of current literature,” Computers in 

Industry, vol. 148, 2023, doi: 10.1016/j.compind.2023.103911. 

[6] A. Saberironaghi, J. Ren, and M. El-Gindy, “Defect detection methods for industrial products using deep learning 

techniques: a review,” Algorithms, vol. 16, no. 2, 2023, doi: 10.3390/a16020095. 
[7] R. Khanam, M. Hussain, R. Hill, and P. Allen, “A comprehensive review of convolutional neural networks for  

defect detection in industrial applications,” IEEE Access, vol. 12, no. 1, pp. 94250–94295, 2024, doi: 

10.1109/ACCESS.2024.3425166. 
[8] M. L. Ali and Z. Zhang, “The YOLO framework: a comprehensive review of evolution, applications, and benchmarks in 

object detection,” Computers, vol. 13, no. 12, 2024, doi: 10.3390/computers13120336. 

[9] H. M. Ahmad and A. Rahimi, “Deep learning methods for object detection in smart manufacturing: A survey,” Journal of 
Manufacturing Systems, vol. 64, pp. 181–196, 2022, doi: 10.1016/j.jmsy.2022.06.011. 

[10] M. T. Hosain, A. Zaman, M. R. Abir, S. Akter, S. Mursalin, and S. S. Khan, “Synchronizing object detection:  

applications, advancements and existing challenges,” IEEE Access, vol. 12, pp. 54129–54167, 2024, doi: 
10.1109/ACCESS.2024.3388889. 

[11] R. Sapkota, Z. Meng, M. Churuvija, X. Du, Z. Ma, and M. Karkee, “Comprehensive performance evaluation of YOLOv12, 

YOLO11, YOLOv10, YOLOv9 and YOLOv8 on detecting and counting fruitlet in complex orchard environments,” 
Agriculture Communications, 2026, doi: 10.1016/j.agrcom.2026.100125. 

[12] G. Wang, Y. Chen, P. An, H. Hong, J. Hu, and T. Huang, “UAV-YOLOv8: a small-object-detection model based on 

improved YOLOv8 for UAV aerial photography scenarios,” Sensors, vol. 23, no. 16, 2023, doi: 10.3390/s23167190. 
[13] B. Xiao, M. Nguyen, and W. Q. Yan, “Fruit ripeness identification using YOLOv8 model,” Multimedia Tools and 

Applications, vol. 83, no. 9, pp. 28039–28056, 2023, doi: 10.1007/s11042-023-16570-9. 

[14] M. Safaldin, N. Zaghden, and M. Mejdoub, “An improved YOLOv8 to detect moving objects,” IEEE Access, vol. 12,  
pp. 59782–59806, 2024, doi: 10.1109/ACCESS.2024.3393835. 

[15] G. Nain, K. K. Pattanaik, and G. K. Sharma, “Towards edge computing in intelligent manufacturing: past, present and 

future,” Journal of Manufacturing Systems, vol. 62, pp. 588–611, 2022, doi: 10.1016/j.jmsy.2022.01.010. 
[16] C. Xu and G. Zhu, “Intelligent manufacturing lie group machine learning: real -time and efficient inspection system based 

on fog computing,” Journal of Intelligent Manufacturing, vol. 32, no. 1, pp. 237–249, 2021, doi:  

10.1007/s10845-020-01570-5. 
[17] Y. Liu, Y. Deng, A. Nallanathan, and J. Yuan, “Machine learning for 6G enhanced ultra -reliable and low-latency 

services,” IEEE Wireless Communications, vol. 30, no. 2, pp. 48–54, 2023, doi: 10.1109/MWC.006.2200407. 

[18] S. Yu, C. Zhang, and H. Yang, “Surface defect detection for ceramic tiles based on multi -anchor mechanism,” in 2024 5th 
International Conference on Computer Vision, Image and Deep Learning (CVIDL) , 2024, pp. 1281–1286,  

doi: 10.1109/CVIDL62147.2024.10603508. 
[19] T. A. -Alexandru, C. Cosmin, S. Ioan, T. Adrian-Alexandru, and D. E. Henrietta, “Novel ceramic plate defect detection 

using YOLO- R,” in 2022 14th International Conference on Electronics, Computers and Artificial Intelligence (ECAI) , 

2022, pp. 1–6, doi: 10.1109/ECAI54874.2022.9847431. 
[20] Y. Zhu and H. Song, “Improved small defect detection on ceramic surfaces with YOLOv8,” in 2024 39th Youth  

Academic Annual Conference of Chinese Association of Automation (YAC) , 2024, pp. 1879–1884, doi: 

10.1109/YAC63405.2024.10598721. 
[21] C.-Y. Huang, I.-C. Lin, and Y.-L. Liu, “Applying deep learning to construct a defect detection system for ceramic 

substrates,” Applied Sciences, vol. 12, no. 5, 2022, doi: 10.3390/app12052269. 

[22] X. Yu, Q. Yu, Q. Mu, Z. Hu, and J. Xie, “MCAW-YOLO: an efficient detection model for ceramic tile surface defects,” 
Applied Sciences, vol. 13, no. 21, 2023, doi: 10.3390/app132112057. 

[23] H. Pan, G. Li, H. Feng, Q. Li, P. Sun, and S. Ye, “Surface defect detection of ceramic disc based on improved YOLOv5s,” 

Heliyon, vol. 10, no. 12, 2024, doi: 10.1016/j.heliyon.2024.e33016. 
[24] P. Sun, C. Hua, W. Ding, C. Hua, P. Liu, and Z. Lei, “Ceramic tableware surface defect detection based on deep learning,” 

Engineering Applications of Artificial Intelligence , vol. 141, 2025, doi: 10.1016/j.engappai.2024.109723. 

[25] X. Jia et al., “High-performance defect detection methods for real-time monitoring of ceramic additive manufacturing 
process based on small-scale datasets,” Processes, vol. 12, no. 4, 2024, doi: 10.3390/pr12040633. 

[26] J. Terven, D.-M. Córdova-Esparza, and J.-A. Romero-González, “A comprehensive review of YOLO architectures in 

computer vision: from YOLOv1 to YOLOv8 and YOLO-NAS,” Machine Learning and Knowledge Extraction,  
vol. 5, no. 4, pp. 1680–1716, 2023, doi: 10.3390/make5040083. 

[27] E. Casas, L. Ramos, C. Romero, and F. Rivas-Echeverría, “A comparative study of YOLOv5 and YOLOv8 for corrosion 

segmentation tasks in metal surfaces,” Array, vol. 22, 2024, doi: 10.1016/j.array.2024.100351. 

 

 

 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 852-860 

860 

BIOGRAPHIES OF AUTHORS 

 

 

Benchalak Maungmeesri     is an associate professor of Materials Technology 

(Ceramic Technology) at Suan Sunandha Rajabhat University, Thailand. She received her 

bachelor’s degree in Ceramic Technology from Phranakhon Teachers College in 1990 and 

master’s degree in Industrial Education from Srinakharinwirot University in 1995 and her 

Ph.D. in Management Technology from Phranakhon Rajabhat University, and her Ph.D. in 

Business Administration and Digital Innovation from Mahasarakham University in 2023. She 

is a lecturer at Faculty of Engineering and Industrial Technology, Suan Sunandha Rajabhat 

University, Thailand. Her research interests include industrial ceramics, material engineering, 

and technology management. She can be contacted at email: benchalak.mu@ssru.ac.th. 

  

 

Sasithorn Khonthon     currently serving as an assistant professor in Industrial 

Product Design at Phranakhon Rajabhat University, Thailand. She has dedicated her career to 

the advancement of ceramic technology. Her academic journey began with a Bachelor of 

Science (B.Sc.) in Ceramic Technology from Phranakhon Rajabhat Institute in 1992, followed 

by a Master of Science (M.Sc.) in Industrial Technology from Phranakhon Rajabhat University 

in 2000. She later earned a Doctor of Engineering (D.Eng.) in Ceramic Engineering from 

Suranaree University of Technology in 2009. With over 30 years of teaching experience in 

ceramics, she has continuously contributed to the development of ceramic technology. Her 

academic work includes research publications, short-term training programs, and public 

exhibitions at various academic conferences. Additionally, she has played a key role in 

integrating ceramic technology with 3D printing for applications in the ceramic industry.  

She can be contacted at email: sasithorn@pnru.ac.th. 

  

 

Dechrit Maneetham     currently serves as a professor in Mechatronics Engineering 

at Rajamangala University of Technology in Thanyaburi, Thailand. His academic journey 

includes earning B.Ind.Tech. in Material Handling Technology and M.S. in Mechanical 

Engineering from King Mongkut’s University of Technology in North Bangkok. In 2010, he 

achieved a D.Eng. in Mechatronics from the Asian Institute of Technology, followed by a 

Ph.D. in Electrical and Computer Engineering from Mahasarakham University in 2018. With a 

wealth of experience exceeding 15 years in teaching engineering, he has significantly 

contributed to the field. His contributions extend to the publication of over 90 technical papers. 

Beyond academia, he has shared his knowledge through robotics short courses at various 

conferences and authored seven books. These publications cover a range of topics, including 

pneumatics system, hydraulics system, MCS-51 microcontroller, PIC microcontroller, Arduino 

microcontroller, PLC Beckhoff, and robot. These works showcase his expertise in the realms 

of robotics, automation, mechatronics, and biomedical applications. He can be contacted at 

email: dechrit_m@rmutt.ac.th. 

  

 

Padma Nyoman Crisnapati     obtained his bachelor's degree in 2009 from 

Department of Informatics Engineering of Institut Teknologi Sepuluh Nopember. He obtained 

his first master's degree in Learning Technology in 2011 and another master's degree in 

Computer Science in 2018 from Ganesha Education University. Then, he successfully 

achieved a D.Eng. in the Department of Mechatronics Engineering of Rajamangala University 

of Technology Thanyaburi (RMUTT). His areas of interest are very extensive. Some of those 

areas include mechatronics, robotics, artificial intelligence, IoT, augmented reality/virtual 

reality, 3D CAD. He can be contacted at email: crisnapati@rmutt.ac.th. 

 

https://orcid.org/0009-0008-4429-2187
https://orcid.org/0009-0005-8736-0707
https://orcid.org/0000-0002-5635-4153
https://scholar.google.com/citations?user=DgjhRPkAAAAJ&hl=en&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=36440124700
https://orcid.org/0000-0002-7795-190X
https://scholar.google.com/citations?user=q-9e5E4AAAAJ&hl
https://www.scopus.com/authid/detail.uri?authorId=56912352900
https://www.webofscience.com/wos/author/record/676356

