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Abstract – This study aims to develop a model to 
detect screw defects. The screws detected were single 
screws, multiple screws, and multiple stacked screws. 
The technology that can be applied to industries to 
improve product inspection performance is deep 
learning. The technology that can be applied to 
industries to improve product inspection performance is 
deep learning. The algorithm used is YOLOv8. This 
study presents an original approach by comparing the 
performance of YOLOv8n and YOLOv8s for screw 
defect detection using an Oriented Bounding Box (OBB) 
configuration. The findings indicate that the YOLOv8s 
model with Oriented Bounding Box (OBB) 
configuration outperforms YOLOv8n in detecting 
screw defects. YOLOv8s achieved a mAP50 of 0.832 and 
mAP50-95 of 0.609, higher than those of YOLOv8n, 
which are 0.785 and 0.595, respectively. Moreover, the 
use of training configurations such as early stopping and 
larger image sizes proved to enhance training efficiency 
without compromising model accuracy. The integration 
of OBB in YOLOv8s for precision industrial object 
detection is a novel contribution. A comprehensive 
evaluation was conducted using MAP metrics, confusion 
matrix, and F1-confidence curves. 
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1. Introduction 
 

Product quality is a key factor that allows a 
company to survive and compete with other companies 
in product quality [1]. The company's desire faces 
obstacles, namely, product defects that are almost 
certain to occur. Product defects can be caused by 
several factors including humans, machinery, methods, 
and the environment [2]. Therefore, inspection 
processes are essential, though manual inspections 
often lack speed and accuracy [3]. Therefore, a 
replacement model is required to improve the 
performance of inspection activities [4]. Automation in 
the quality inspection process is one way to increase the 
performance of inspection activities so that customer 
satisfaction with good-quality products can be 
maintained. In line with Industry 4.0, automation 
through Artificial Intelligence (AI) has emerged as a 
strategic solution to enhance inspection performance 
[5]. The industrial revolution 4.0 makes information 
technology play an important role in everyday life over 
time [6]. Artificial Intelligence (AI) is a rapidly 
developing technology that can be implemented for 
automation in industry [7]. AI, particularly in object 
detection and image recognition, enables faster and 
more accurate inspections than conventional methods 
[8]. AI technologies such as object detection and image 
recognition have proven effective in increasing 
efficiency and precision, as seen in the use of YOLOv5 
for screw and bolt defect detection [9]. An Attention 
Transformer-YOLOv8-based framework was 
introduced, integrating attention mechanisms and a 
Transformer head to improve real-time object detection 
accuracy and robustness, yielding superior 
performance (96.78% precision, 89.67% mAP) in 
complex scenarios [10]. An efficient YOLOv8 model 
featuring a novel backbone network utilizing 
bottleneck layers and an anchor-free detection head is 
proposed to address the challenge of detecting 
extremely small, blurry, and dense objects, achieving 
superior performance (45.9% mAP, 76.8% precision) 
on the VisDrone dataset [11].  
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A comparative analysis between DETR and 
YOLOv8 for fruit detection in agriculture is applied, 
concluding that while DETR demonstrates robustness, 
YOLOv8 excels in high-precision detection, 
highlighting the potential of both advanced models to 
enhance yield prediction and harvest planning in 
precision farming [12]. The MultiYOLOv8, an 
enhanced YOLOv8 model that significantly improves 
the detection performance of challenging small moving 
objects by utilizing multiple inputs (current, motion-
processed, and background-filtered images) and 
integrating several architectural advancements [13]. 
Two lightweight YOLOv8s-based models, are 
proposed to address the low accuracy and high false 
positives in detecting small targets from drone aerial 
imagery, achieving good performance, including an 
outstanding 10.8% increase in mAP@0.5 while 
simultaneously reducing the parameter count [14]. 
Integrating AI with Six Sigma has resulted in 
substantial cost and time savings [15]. File transfer 
learning and attention mechanisms have reached up to 
100% classification accuracy [16]. In the Industry 4.0 
era, combining human flexibility with machine 
precision is vital to achieving zero defects [17]. A 
major challenge in industrial inspection lies in 
detecting small parts such as screws, which often 
exhibit variability in size and orientation. Conventional 
detection models employing Horizontal Bounding 
Boxes (HBB) struggle with objects not aligned with the 
axes, necessitating more precise approaches like 
Oriented Bounding Boxes (OBB) [18]. In this context, 
Roboflow has proven to be an effective cloud-based 
platform for accelerating the development of object 
detection models. Its integrated pipeline from data 
preprocessing to model training has achieved strong 
performance, reaching a mean Average Precision 
(mAP) of 0.856 in a cacao plant dataset [19]. The 
development of computer vision can help the 
manufacturing industry to achieve superior quality 
[20]. Detecting small industrial parts such as screws 
poses challenges due to variations in size, shape, and 
orientation. Most object detection models, including 
early YOLO versions, rely on Horizontal Bounding 
Boxes (HBB), which often fail to localize rotated or 
partially occluded objects accurately. This reduces 
detection precision in industrial environments. 
Oriented Bounding Boxes (OBB), which enclose 
objects at arbitrary angles, offer a more accurate 
alternative. Although YOLOv8 improves detection 
architecture, its integration with OBB for small, rotated 
components like screws is underexplored. 
Additionally, real-world factory conditions such as 
poor lighting and object overlap remain challenging. 
This study compares YOLOv8 Nano and Small using 
OBB, focusing on detection accuracy, robustness, and 
efficiency to support smarter inspection systems in 
Industry 4.0. 

2. Methodology 
 
This study aims to develop a model that can detect 

defects in single, multiple, and stacked multiple 
objects. The object used in this study was a 1-inch 
screw. This study intentionally uses only one type of 
1-inch screw to reduce object variability and focus on 
validating the baseline performance of the detection 
models using Oriented Bounding Boxes (OBB) in 
YOLOv8. The goal is to ensure experimental control 
and clarity in model evaluation. The selected screw 
type also reflects real industrial use cases where 
single-type components are produced in bulk. This 
foundational work paves the way for future research 
involving multi-type and multi-size screw detection 
under more complex scenarios. The output displayed 
is the screw-quality information marked with a 
bounding box. Two types of YOLOv8 algorithms are 
compared in this study to find out which algorithm is 
better in detecting object defects. The algorithms are 
YOLOv8 Nano and YOLOv8 Small. YOLOv8 Nano 
is a YOLO algorithm that has a very small capacity 
with approximately 3 million parameters while 
YOLOv8 Small is a YOLO algorithm that has a small 
capacity but is higher than YOLOv8 Nano with 
approximately 11 million parameters. In this study, 
both types of YOLOv8 algorithms use the same 
amount of data for training, validation, and testing. 
The research stages were as follows: Figure 1 is a 
brief description of the stages passed through in this 
research. The following is an explanation of each 
research stage. 

 

Data 
Acquisition

Data Preparation

Anotation Preprocessing Augmentation

Data Training

Data Testing

GenerateSplitting

YOLOv8 SmallYOLOv8 Nano

 
 

Figure 1. Research flowchart 
 

2.1. Data Acquisition 
 

Data acquisition was performed by collecting data. 
Synthetic data were collected by creating defects in 
the screws, which were then photographed using a 
cellphone camera. Secondary data were also collected 
from the Kaggle website to enrich the database.  
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There are two types of screw conditions: OK and 
defective screws. Defective screws are further divided 
into four types: Manipulated, Scratch Head, Scratch 
Neck, and Thread; however, this research only focuses 
on recognizing OK Screws and Defective Screws 
without detecting the type of defect in the screw. This 
process was the initial stage. Data were acquired by 
collecting as much image data as possible. The image 
data collected were screw image data with various 
conditions, including good conditions and defect 
conditions, both single images, double images, and 
stacked double images. The data were synthetic and 
secondary. 

The synthetic dataset was generated by the 
researchers through the deliberate creation of defects 
on several screw samples, which were subsequently 
photographed using a smartphone camera. Image 
acquisition was performed using a Vivo Y17 device 
equipped with a triple rear camera setup, consisting of 
a 13 MP primary lens, an 8 MP ultra-wide lens for 
capturing broader perspectives, and a 2 MP depth 
sensor to enhance background separation in portrait-
style imaging. An example of the resulting synthetic 
image data is presented in Figure 2. 

 

 
 

Figure 2. Example of synthetic dataset 
 
Secondary data were also acquired by the 

researchers to enrich the database for this research. 
The data were taken from the Kaggle website in the 
form of single-screw image data under various 
conditions, namely, OK conditions and defect 
conditions.  

 
 

The following is an example of secondary data 
taken by the researchers, as shown in Figure 3. 

 

 
 

Figure 3. Secondary data [21] 
 
Based on Figure 3, there are five screw conditions. 

Image part a) was screw-ok, image part b) was 
manipulated screw defective, image part c) was thread 
screw defective, image part d) was scratch neck screw 
defective, and image part e) was scratch head screw 
defective. However, this research only focuses on 
recognizing screw OK and screw defects without the 
type of defect screw. 
 
2.2. Data Preparation 
 

The data were prepared on the Roboflow website. 
It included data annotation, data splitting, 
preprocessing, and data augmentation, and ended with 
data generation to convert the raw data into a single 
dataset ready to be trained. The data preparation stage 
was conducted using the Roboflow website, which 
included data annotation, data splitting, data 
preprocessing, data augmentation, and data 
generation. Image data annotation was performed to 
determine the Region of Interest (ROI) in the image 
using a bounding box. This was performed to 
determine whether the screw image belonged   to the 
Screw-OK or Screw-Defect classes. In addition, 
bounding boxes were used to simplify and speed up 
data training and improve the performance of the 
model to be built. An example of data annotation is 
shown in Figure 4. 
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Figure 4. Screw image data annotation 
 

After carrying out the data annotation, the next step 
was to divide the data (splitting before augmentation) 
into training, validation, and test data. The comparison 
used 80% training data, 10% validation data, and 10% 
testing data.  

Splitting data after data augmentation, the amount 
of data shared in Figure 4 is the amount of data after 
data augmentation has been performed. Data 
augmentation in Roboflow adds data to the training set 
such that the percentage of data sharing changes to 
87% training data, 7% validation data, and 6% test 
data. The next data-preparation step is to perform data 
preprocessing. This stage is carried out to prepare the 
data so that when it is used to train the model, it will 
be ready. The preprocessing applied to the screw 
image data in this study was as follows. The 
preprocessing applied to the screw image data is 
shown in Figure 5. 

 

 
 

Figure 5. Preprocessing data 
 

Based on Figure 5, preprocessing was carried out 
to apply auto-orientation to equalize the image 
orientation, resize to 640 × 640 pixels, and apply 
greyscale so that the images become grey to minimize 
the noise in the images. The next step in data 
preparation was data augmentation. Data 
augmentation was performed so that the database 
automatically increased, thereby expanding the 
previously existing image dataset. The following are 
the data augmentation performed on the image data 
used in this study. 

 

 
 

Figure 6. Data augmentation 
 

Based on Figure 6 data augmentation was 
performed by flipping the image data horizontally and 
vertically, applying a rotation of 900 clockwise, 
counterclockwise, up and down, and a rotation with a 
tilt of -150 and + 150. After completing the data 
augmentation, all existing data were generated to 
convert the data into a unified screw dataset ready for 
training. The total number of data points before 
augmentation was 410. It was then augmented so that 
it finally became 980 data. 
 
3. Data Training 
 

Data training was performed using Google Collab 
with the Python programming language, and the 
algorithm used was YOLOv8 (You Only Look Once 
v8). Two types of YOLOv8 algorithms are compared 
in this study to find out which algorithm is better in 
detecting object defects. The first algorithm employed 
in the model training process was YOLOv8 Nano 
(YOLOv8n), the smallest and fastest variant of the 
YOLOv8 architecture. The second algorithm utilized 
in the model training process was YOLOv8 Small 
(YOLOv8s), which offers a larger number of 
parameters and higher model capacity compared to 
YOLOv8 Nano. The amount of data used in the 
training was 80% of the 410-image data or 328 image 
data before data augmentation. After data 
augmentation, the data used in data training were 87% 
of 980 image data or 858 image data. Data training 
was performed to train the model using the previously 
prepared data. It is performed on Google Colab.  
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The first algorithm employed in the model training 
process was YOLOv8 Nano (YOLOv8n), the smallest 
and fastest variant of the YOLOv8 architecture. This 
model was selected to evaluate object detection 
performance under minimal computational resources 
while maintaining acceptable accuracy levels. It was 
trained first to establish a performance baseline for 
comparison with other model variants. This data 
training uses 150 epochs with a patience of 20 epochs, 
where if there are 20 consecutive epochs that do not 
show significant changes, the training will stop even 
though it has not reached 150 epochs as the initial 
target, known as Early Stopping. This was done to 
save training time and prevent overfitting. The data 
training in this study was stopped at the 117th epoch, 
as shown in Table 1. 

 
Table 1. YOLOv8 nano 
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All 63 334 0.78 0.741 0.805 0.553 
Screw-
Defect 20 119 0.708 0.551 0.676 0.384 

Screw-
OK 54 215 0.851 0.93 0.934 0.721 

 
Based on Table 1, the training stopped at the 117th 

epoch because there was no significant improvement 
in the last 20 epochs. The training was stopped at the 
117th epoch, but the best model was saved from the 
97th epoch. The training data with 117 epochs was 
0.657 h during training. This indicates that data 
training takes a long time. 

The second algorithm utilized in the model training 
process was YOLOv8 Small (YOLOv8s), which 
offers a larger number of parameters and higher model 
capacity compared to YOLOv8 Nano. This model was 
employed to observe improvements in object 
detection performance through a more complex 
network architecture. The training was conducted 
using higher-resolution images to maximize the 
model’s generalization capabilities in recognizing 
objects with varying orientations. The model training 
using the YOLOv8 Small (YOLOv8s) algorithm was 
conducted with a maximum of 100 epochs and a 
patience value of 10. This means that if no significant 
improvement in performance is observed over 10 
consecutive epochs, the training process is 
automatically halted through an Early Stopping 
mechanism, even if the maximum number of epochs 
has not been reached. The training was performed 
with an image size of 1280 pixels (imgsz=1280) and a 
confidence threshold (conf) of 0.35.  

The parameters save=True and save period=5 were 
used to store the training results every 5 epochs, while 
val=True enabled validation during training. 

According to the training results, Early Stopping 
occurred at the 67th epoch, indicating that no further 
meaningful improvement was observed afterward. 
This strategy was implemented to reduce training time 
and prevent overfitting. A visualization of the training 
outcome is shown in Table 2. 
 
Table 2. YOLOv8 small 
 

C
la

ss
 

Im
ag

es
 

In
st

an
ce

s 

Pr
ec

is
io

n 

R
ec

al
l 

m
A

P5
0 

m
A

P5
0-

95
 

All 30 301 0.814 0.685 0.779 0.555 
Screw-
Defect 20 119 0.772 0.485 0.657 0.401 

Screw-
OK 21 182 0.857 0.885 0.902 0.708 

 
Based on Table 2, YOLOv8 Small Early Stopping 

the highest precision and recall were achieved for the 
Screw-OK class (P: 0.857, R: 0.885, mAP50: 0.902), 
while performance on the Screw-Defect class 
remained limited (R: 0.485, mAP50: 0.657). The 
overall model averages were mAP50 at 0.779 and 
mAP50-95 at 0.555, reflecting generally good 
performance but with room for improvement in 
detecting defective objects. Based on this analysis, it 
can be concluded that the model is more effective at 
detecting non-defective screws than defective ones. 
Therefore, enhancing training data for the defect class 
and refining thresholds or applying further 
augmentation is recommended to improve overall 
performance. 
 
4. Data Testing 
 

Data testing was conducted to determine the extent 
to which the model could detect defects in the screws 
according to their conditions. In the data testing phase, 
two variants of the YOLOv8 model -YOLOv8 Nano 
(YOLOv8n) and YOLOv8 Small (YOLOv8s) were 
evaluated. Both models were trained using the same 
dataset to ensure a fair testing environment. Upon 
completion of training, evaluation was carried out 
with an additional optimization parameter, TensorRT. 
However, the TensorRT parameter was only applied 
to the YOLOv8s model to assess its potential in 
enhancing inference performance, such as detection 
speed and memory efficiency. On the other hand, the 
YOLOv8n model was tested without TensorRT 
integration to serve as a baseline for performance 
comparison. The results of these evaluations were 
analyzed to compare detection accuracy, inference 
speed, and model efficiency in detecting objects in 
accordance with the research objectives. In data 
testing, 10% of the 410-image data or 41 image data 
were used before data augmentation.  
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After data augmentation, the data used in the data 
training comprised 6% of the 980-image data or 61 
image data. Data testing was performed to assess the 
final performance of the model after training was 
complete. The test data are new data that are not used 
in the training or data validation. This test also 
provides a final evaluation of how well the model can 
predict data. The following are several examples of 
the data testing results. The Testing results above 
show that the developed model is capable of detecting 
defects in image-based screws, although in several 
images, the detection is less than optimal. This can be 
caused by several factors, including the objects that 
are hidden or obstructed by the other objects, making 
it difficult for the model to detect them. It can also be 
caused by inadequate hardware capabilities, resulting 
in the model not fully learning from the data because 
of the limited training time and batch size, thus 
affecting the model performance. 
 
5. Results 
 

The following are the results of the data training in 
Table 1 described by the F-1 Confidence Curve and 
Confusion Matrix. 

 

 
 

Figure 7. F-1 Confidence curve YOLOv8 Nano 
 
Based on Figure 7, the combined F1-score reached 

0.76 at a confidence level of 0.423. This shows that 
the model performed quite well. An F1-score close to 
0.8 indicates a balance between precision (correct 
predictions from the total predictions) and recall 
(correct predictions from the total that should be 
correctly predicted). However, the F1-score decreases 
significantly at higher confidence levels. This may 
indicate that the model is not very confident in its 
predictions at some points, which can be interpreted 
as an indication that the model can be improved, 
particularly in predictions with high confidence. Next 
is the Confusion Matrix from the training that was 
performed. 
 
 
 
 

Table 3. Confusion matrix YOLOv8 nano 
 

 

TRUE 
Screw-
Defect 

Screw-
OK Background  

Pr
ed

ic
te

d Screw-
Defect 72 1 42 

Screw-OK 1 208 67 

Background 46 7 0 
 
Based on Table 3, the confusion matrix shows that 

the model performed well for the Screw-OK class with 
208 correct predictions, but there were 8 errors where 
the model thought Screw-OK was another class (either 
defective or background). The model also succeeded 
in predicting the Screw-Defect class with 72 correct 
predictions, but there were 47 errors where the model 
thought Screw-OK was another class (either ok or 
background). There were several prediction errors 
where the objects that the screws were actually, either 
defective or good, were classified as the background 
(46 on Screw-Defect and 7 on Screw-OK). This shows 
that the model is still confused by some nontarget data. 
The following are the results of the data training above 
in Table 2 described by the F-1 Confidence Curve and 
Confusion Matrix. 

 

 
 

Figure 8. F-1 Confidence curve YOLOv8 Small 
 
Based on Figure 8, the F1-confidence curve 

showed that the optimal F1 score of 0.73 was achieved 
at a confidence threshold of approximately 0.494. The 
model maintained high stability and confidence in 
detecting Screw-OK instances, whereas the F1 score 
for Screw-Defect was lower and relatively stagnant 
between 0.6 and 0.65. This suggests that the model 
still struggles to identify consistent distinguishing 
features of defective screws. 
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Table 4. Confusion matrix YOLOv8 small 
 

 
TRUE 

Screw-
Defect 

Screw-
OK Background 

Pr
ed

ic
te

d Screw-
Defect 67 1 24 

Screw-OK 1 165 62 
Background 51 17 0 

 
Based on Table 4, the model demonstrated strong 

performance in detecting the Screw-OK class with 
165 correct predictions. However, it struggled to 
correctly classify Screw-Defect, where 24 instances 
were misclassified as background. Moreover, 51 
background instances were incorrectly predicted as 
Screw-Defect, indicating a relatively high false 
positive rate for this class. Furthermore, an evaluation 
matrix for the training data was created. The following 
is Table 5 obtained from the training data for this 
study. 

 
Table 5. Evaluation measurement matrix 
 

Metric YOLOv8n YOLOv8s 
mAP50 0.785 0.832 

mAP50-95 0.595 0.609 

Screw-
Defect Class 

Precision 0.704 0.652 
Recall 0.693 0.685 
mAP50 0.743 0.742 

Screw-OK 
Class 

Precision 0.866 0.859 
Recall 0.875 0.878 
mAP50 0.826 0.873 

 
Based on the evaluation results, the YOLOv8s 

model demonstrates a superior performance in terms 
of overall detection accuracy, with a mAP50 of 0.832 
and mAP50-95 of 0.609, both of which surpass those 
of YOLOv8n at 0.785 and 0.595, respectively. This 
indicates that YOLOv8s is more effective in 
consistently detecting and classifying objects across 
various IoU thresholds. However, when examining 
class-specific metrics, an interesting contrast appears. 
In the Screw-Defect class, YOLOv8n achieves a 
higher precision of 0.704, compared to 0.652 for 
YOLOv8s, although YOLOv8s has slightly better 
recall (0.685 vs 0.693). This suggests that YOLOv8n 
is more selective in detecting defective objects, with 
fewer false positives, while YOLOv8s is more 
inclusive, potentially identifying more true positives 
but at the risk of more false positives. For the Screw-
OK class, both models perform competitively. 
YOLOv8s has a slightly higher recall (0.878) than 
YOLOv8n (0.875), while precision is almost identical 
(0.859 vs 0.866). Notably, YOLOv8s achieves a 
significantly higher mAP50 of 0.873, compared to 
0.826 for YOLOv8n, indicating better consistency in 
object detection for this class. 

In summary, YOLOv8s exhibits superior 
performance in global detection accuracy, whereas 
YOLOv8n offers relative advantages in defect 
detection precision. Model selection should therefore 
be guided by specific application requirements: 
YOLOv8s is ideal for scenarios demanding high 
overall accuracy, while YOLOv8n may be better 
suited for environments prioritizing precision and 
computational efficiency, especially for identifying 
defective components. 
 
6. Discussion 
 

In this study, two variants of the You Only Look 
Once version 8 (YOLOv8) algorithm, namely 
YOLOv8n (Nano) and YOLOv8s (Small), were 
utilized to train oriented object detection models. 
These architectures were selected to evaluate the 
performance of a lightweight model with low 
complexity against a more robust architecture with 
higher learning capacity. The analysis focuses on 
several evaluation parameters, including detection 
accuracy (mAP50 and mAP50-95), inference time, 
and training efficiency through the application of the 
Early Stopping technique. Table 6 presents a summary 
of the performance comparison between the two 
models based on training and validation outcomes. 

 
Table 6. Summary performance comparison two model 
 

Parameters YOLOv8n 
(Nano) 

YOLOv8s 
(Small) 

Number of 
Parameters 3.08 million 11.2 million 

Number of 
Epochs 

117 of 150 
(ES @97) 

68 of 100 
(ES @58) 

Image Size 1024 1280 
mAP50 0.785 0.832 

mAP50-95 0.595 0.609 
Inference Time 

(ms/images) 6.0 25.6 

Postprocess 
Time 

(ms/images) 
7.1 5.5 

 
The YOLOv8s model demonstrates superior 

accuracy in both mAP50 and mAP50-95 metrics, 
indicating higher reliability in detecting and 
classifying objects with better precision. However, 
this improvement in accuracy comes at the cost of 
significantly increased inference time, more than four 
times that of YOLOv8n. In contrast, YOLOv8n offers 
much greater time efficiency, making it more suitable 
for deployment on systems with limited 
computational resources, such as edge devices or 
embedded systems. Both models implement the Early 
Stopping technique to halt training when no 
substantial improvement is observed, with YOLOv8n 
stopping at epoch 117 and YOLOv8s at epoch 68. 
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From these results, it can be concluded that model 
selection should depend on the target application: 
YOLOv8s is more appropriate for use cases 
demanding high accuracy, while YOLOv8n is better 
suited for real-time applications constrained by 
hardware limitations. Although the overall detection 
performance was satisfactory, several challenges were 
identified during testing. Specifically, the model 
struggled with: 

 

1. Occlusions: Screws that were partially covered or 
overlapping resulted in lower detection 
confidence. 

2. Small Defect Variations: Minor scratches or thread 
defects sometimes led to misclassification, 
indicating difficulty in detecting fine-grained 
features. 

3. Background Clutter: Complex backgrounds in 
some synthetic images occasionally confused the 
model, resulting in false positives or misdetections. 
 

Furthermore, the relatively small dataset size (410 
original images expanded to 980 images after 
augmentation) may limit the model’s generalizability 
to more diverse real-world conditions. Although data 
augmentation was employed to mitigate overfitting 
risks, a larger and more diverse dataset would likely 
enhance model robustness. Additionally, hardware 
limitations, such as restricted GPU memory during 
training, constrained the batch size and prolonged the 
training process, potentially affecting the model’s 
optimal performance. 

 
7. Conclusion 
 

This study evaluated the performance of two 
variants of the YOLOv8 object detection algorithm -
YOLOv8n (Nano) and YOLOv8s (Small) in 
identifying and classifying screw conditions (OK and 
Defective) using deep learning-based object detection 
methods. The experimental results demonstrate that 
the YOLOv8s model delivers superior detection 
accuracy, achieving a mAP50 of 0.832 and mAP50-95 
of 0.609, outperforming YOLOv8n, which recorded 
0.785 and 0.595, respectively. These findings suggest 
that YOLOv8s is more capable of consistent object 
detection across different Intersection over Union 
(IoU) thresholds and exhibits stronger generalization 
ability in varied detection scenarios. 

Nevertheless, this improvement in accuracy is 
accompanied by a significant increase in inference 
time, with YOLOv8s requiring 25.6 ms per image 
compared to only 6.0 ms for YOLOv8n.  

 
 
 
 

This considerable difference in processing speed 
has critical implications for real-time applications, 
particularly in environments constrained by 
computational resources, such as embedded systems or 
edge devices.  

Despite its relatively lower accuracy, YOLOv8n 
offers excellent computational efficiency and higher 
precision in detecting defective screws (precision: 
0.704), making it well-suited for use cases where rapid 
response and accuracy in identifying faulty 
components are critical. 

Beyond comparative performance, this study also 
revealed several notable challenges encountered 
during model training and testing. These include 
difficulties in accurately detecting occluded objects, 
fine-grained defects such as minor scratches or thread 
damages, and the presence of complex background 
elements that led to misclassifications and increased 
false positive rates. Additionally, the relatively small 
dataset consisting of 410 original images augmented to 
980 and hardware limitations, such as restricted GPU 
memory, adversely affected batch size and training 
duration, potentially hindering the model’s optimal 
performance. 

Therefore, model selection should be carefully 
aligned with application-specific requirements. 
YOLOv8s is recommended for use in contexts that 
prioritize high detection accuracy and have access to 
sufficient computational resources. Conversely, 
YOLOv8n is more appropriate for resource-limited 
environments that require efficient real-time detection 
capabilities. Future research directions include 
expanding the dataset with more diverse and 
representative samples, incorporating variations in 
background complexity, and utilizing more powerful 
hardware to fully exploit the capabilities of the 
YOLOv8 architecture for reliable and accurate defect 
detection in industrial settings. 
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