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ABSTRACT Article information:
This study evaluated computer vision-based models, including Histogram
Analysis, Logistic Regression, Sift-SVM, and Deep learning models, in an
autonomous testing system developed for smartphone camera modules.
System performance was assessed in a practical factory setting with work-
ers operating the system, and metrics such as processing time, sensitivity,
speci�city, accuracy, and defect rate were evaluated. Based on the results,
the Sift-SVM model demonstrated the greatest potential for enhancing the
reliability of the system with a processing time of 0.01578 seconds, a sen-
sitivity of 99.811%, and a reduction in the failure rate to 1888 PPM. The
study �ndings suggest that Sift-SVM has the potential to be practically ap-
plied in the industry, thus improving the speed and accuracy of automatic
defect detection in manufacturing and reducing the defect rate.
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1. INTRODUCTION

Automatic defect detection technology has become
a crucial area of research in modern manufacturing,
providing a distinct advantage over traditional man-
ual detection methods [1]. The technology enables
adaptation to unknown environments and operates
with high precision and e�ciency for extended peri-
ods. Automatic defect detection can signi�cantly re-
duce production costs, improve production e�ciency
and product quality, and provide a robust platform
for smart manufacturing.

Computer vision-based detection is one of the most
widely used methods for automatic defect detection
[2], [3], [4], [5], [6], [7]. This technique involves im-
age acquisition, defect detection, and classi�cation.
Computer vision is a popular method because of its
speed, accuracy, and low cost. The quality of im-
age acquisition is critical to the di�culty of image
processing, and the quality of the processing algo-
rithm directly impacts the model's accuracy and de-
fect detection rate. Defect detection techniques, par-
ticularly computer vision and deep learning methods,
have gained widespread popularity in recent years.

They are essential for automating error detection due
to their adaptability and independence from human
intervention. State-of-the-art methods in computer
vision-based detection include convolutional neural
networks(CNNs) [8], [9], [10], [11], You Only Look
Once (YOLO) [12], [13], [14], support vector ma-
chines (SVMs) [15], [16], [17], and deep belief net-
works (DBNs) [18], [19]. However, one of the signi�-
cant challenges in this area is the lack of training data,
which directly impacts the model's accuracy [20]. Re-
searchers have proposed transfer learning, data aug-
mentation, and deep-generative models as potential
solutions to overcome this challenge.

Numerous studies have been conducted in the �eld
of automatic defect detection using computer vision-
based approaches, which has been the subject of ex-
tensive research due to its potential to improve pro-
duction e�ciency and quality control in various in-
dustries [21], [22], [23], [24], [25], [26], [27], [28], [29],
[30]. Jing Yang et al. [31] conducted a study that
examines state-of-the-art deep learning methods in
defect detection. The study classi�ed defects in var-
ious products, such as electronic components, pipes,
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welded parts, and textile materials, into categories
and reviewed the main techniques and deep learn-
ing methods for defects, highlighting their character-
istics, strengths, and shortcomings. Tian Wang et
al. [32] proposed a deep convolutional neural net-
work (CNN) for automated quality visual inspection
to control product quality for increased efficiency.
CNN can effectively extract powerful features from
images for defect detection with less prior knowledge
and high noise robustness, resulting in fast and accu-
rate detection compared to state-of-the-art methods.
Yatao Yang et al. [33] have developed an optimized
Visual Geometry Group (VGG) model for efficient
laser welding defect classification in battery manu-
facturing using transfer learning and a pretraining
approach. Their proposed model achieved a testing
accuracy of 99.87% and demonstrated benefits such
as small model size, lower fault positive rate, shorter
training time, and prediction time, which makes it
suitable for industrial quality inspection.

However, in industry, companies tend to keep their
technological and production know-how proprietary
to gain a competitive advantage over other compa-
nies in the same field. Consequently, there is a lack
of publications with the information necessary to ad-
dress the challenges within factories. In our study, we
solve the practical issue that a camera module manu-
facturing company is facing. In the previous work, we
proposed an effective vision system to improve the re-
liability of pick-and-place robots for the autonomous
testing of camera modules [34]. The system confirmed
the presence of the camera modules in feeding trays
and the placement accuracy of the modules in test
sockets by using a simple image processing algorithm
based on histogram information. The results of the
test of 2000 camera modules showed an accuracy of
more than 99.92%. The proposed vision system was
a simple and effective solution for pick-and-place sys-
tems in the industry. However, these related works
did not consider the significance of Six Sigma in man-
ufacturing. Six Sigma is a methodology to improve
quality and reduce defects in production processes,
which is critical for mass production [35], [36]. De-
spite the improvement in the accuracy of the model,
it has yet to be evaluated in a real-factory environ-
ment where conditions and requirements can differ,
potentially impacting its effectiveness in reducing the
defect rate.

In this study, we focus on testing and evaluating
commonly used vision models and applying them to
our camera module testing system to determine the
most efficient method for detecting improper place-
ment of camera modules, with a focus on reducing
the defect rate and thereby achieving a higher Sigma
standard. The models included Histogram analysis,
Logistic regression, SIFT-SVM, CNN, and YOLOv8
Classify, with the aim of improving the pick-and-place
robot’s reliability and reducing the system’s defect

(a)

(b)

Fig.1: Autonomous camera module testing system.
(a) Actual implemented system. (b) System operation
diagram.

rate. The experiments were carried out in the actual
factory environment, with the participation of the
workers operating the system. To evaluate the perfor-
mance of each model, several commonly adopted met-
rics, which are highly relevant to the objectives and
concerns of modern production strategies, were used,
including processing time, sensitivity, specificity, ac-
curacy, and defect rate.

The following sections will describe the develop-
ment of an autonomous component testing system in-
corporating a vision system for improved reliability.
Next, the utilization of the above-mentioned vision
models on a specific dataset obtained from the au-
tonomous component testing system will be demon-
strated. The experimental results are analyzed and
interpreted in detail with comparisons and discus-
sions between the models based on several criteria.

2. AUTONOMOUS COMPONENT TEST-
ING SYSTEM

We developed an autonomous camera module
memory testing system, as depicted in Figure 1.

The system comprises a pick-and-place robot with
a pneumatic nozzle to grip camera modules from a
feeding tray and transfer them to a test socket (Fig-
ure 1a). The pick-and-place robot system can suffer
from inaccuracies due to factors such as the toler-
ance of the feeding tray and the nonstandard behavior
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Fig.2: Placement of camera modules on socket for electrical connecting and testing. (a) Socket and camera
module of different versions. (b) Image of camera modules placed in the socket correctly and improperly.

of factory workers, which can result in errors in the
placement of modules. To enhance the system’s relia-
bility, we implemented a dual-camera setup, with one
camera used to detect the presence of camera mod-
ules in the feeding tray and the other used to detect
the position of the modules on the socket. The overall
system can be divided into four sections, as depicted
in Figure 1b. In Center Processing (Section A), a
Programmable Logic Controller (PLC) is utilized to
control the pneumatic valves, test socket, and pick-
and-place robot in the operation area (Section C).
An industrial computer (Section B) was used to ac-
quire real-time images of the feeding tray and socket
by connecting to the two cameras. The Control and
Display Section (Section D) integrates HMI and LCD
to enable efficient control and monitoring of the sys-
tem.

In Section C, the test system includes a socket that
makes good contact with the camera module and the
testing circuit to perform the memory quality testing
functions of the camera module. When the socket
closes the lid, it connects to the camera module via
connectors (Figure 2a). Since the connector’s pins
are tiny, even a slight misalignment between the cam-
era module and the socket might cause severe dam-
age. In this study, we focus on the Model A camera
module, characterized by its small size and a single
set of connectors. This model is lightweight, and its
color is similar to the socket’s, making it more dif-
ficult to recognize. The vision system equipped for
the pick-and-place robot helps identify correctly and
incorrectly positioned camera modules in the socket
(Figure 2b), thus reducing the failure rate. A simple
classification model was proposed based on comput-
ing the histogram of the image of the camera module
on the socket, thereby detecting the incorrect position
[34]. In this work, machine learning models are em-
ployed to improve the performance of the developed
system.

3. DEPLOY MACHINE LEARNING AND
COMPUTER VISION

3.1 Histogram analysis

Histogram Analysis presents an advantage as it of-
fers a visual representation of data distribution, facili-
tating the identification of patterns and trends within
the data set [37]. The procedure to detect incorrect
placement of the camera module is depicted in the
diagram in Figure 3 based on the analysis of the his-
togram of each image with the number of images of
the input samples.

The average brightness value for each input image
and the entire data set was computed to get the mean
and variance. To determine the alignment of the cam-
era module, the reference values are calculated using
the following formulas:

mi =
sum(pixels value ∗ number of pixel)

number of pixel
(1)

x̄ =
1

n

(∑n

i=1
mi

)
=
m1 +m2 +m3 + . . .+mn

n
(2)

s2 =

∑n
i=1(mi − x̄)2

n− 1
(3)

CI = x̄+ z
s√
n

(4)

Wheremi is the average value of the grayscale light
intensity of the of the image, x̄ is the average value
over the entire dataset, n is the sample size, s2 is
the variance, the confidence interval (CI) and the
confidence level z.

Three reference values x̄, s2, and CI will be used
to determine the camera alignment based on a com-
parison algorithm shown in Figure 3. The algorithm
aims to reduce processing time while maintaining ef-
ficiency through its simplicity.
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Fig.3: Implementation diagram of the process of de-
tecting camera misplacement based on histogram anal-
ysis.

Fig.4: Comparison conditions for alignment classi-
fication of camera module under test.

3.2 Logistic Regression

Logistic Regression was found to be advantageous
in our work due to its ability to accurately predict
the class labels of the objects being analyzed based
on a set of features and coefficients learned during
the training phase [38]. The prediction model in this
model has the basic form in which the continuous ran-
dom variable will depend on the independent single
or multiple variables. In our situation, the dependent
variable is expressed by two statuses, which are the
correct and incorrect position of the camera. At this
point, an approximation using the binary logistic re-
gression model was used to calculate the probability
of the position of the camera module in the socket.
This prediction process is based on the probability
distribution π(x), which has a value in the interval [0,
1] of the independent variables x1, x2, . . . , xn−1, xn.
These independent observations are the pixel values
of the camera module image. The calibration func-
tion ensures that any value of x has a correspond-
ing value of π(x) in the range [0, 1]. The logistic
transformation logit that performs the calibration is
presented in Equation 5,

logit = ln
π(x)

1− π(x)
(5)

Additionally, the logit function is also a represen-
tation of the independent variables such as:

logit = ω0 + ω0x1 + · · ·+ ωnxn (6)

The weight vector is estimated using the maximum
likelihood method, also called the training model pro-
cess. From Equations 5 and 6, the probability distri-
bution function π(x) is shown as follows.

Fig.5: The classification model using Logistic Re-
gression.

π(x) =
exp(ω0 + ω0x1 + · · ·+ ωnxn)

1 + exp(ω0 + ω0x1 + · · ·+ ωnxn)
(7)

The form representing π(x) in Equation 7 is also
known as the Sigmoid function.

The process by which the model calculates and pre-
dicts the position of the camera module in the socket
is shown in Figure 5. Each input data is transformed
to grayscale and then normalized to obtain a vector of
independent variables x. This value is multiplied by
the weight vector according to Equation 6 and is eval-
uated by the sigmoid function in Equation 7. From
the calculated probability, the state of the camera is
determined.

(a)

(b)
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(c)

Fig.6: SVM classification process. (a) Implemen-
tation diagram. (b) Features extraction by SIFT on
input data in case of proper placement and improper
placement. (c) Vector quantization of two type of in-
put data of proper and improper placement.

3.3 SIFT-SVM

Support vector machine (SVM) is a supervised
learning algorithm for classification, regression, and
outlier detection problems. This was a popular algo-
rithm until the dramatic development of neural net-
work models. This algorithm works well for large
data samples and often yields superior results com-
pared to other algorithms in supervised learning [39],
[40]. The idea of SVM is to find a hyperplane to
separate the data layers. With datasets that do not
have linear separation capabilities, SVM offers two
solutions: Soft margin and kernel tricks [41]. In our
problem, the RBF kernel was used to classify objects.

Fig.7: Flowchart of the CNN model system.

In our work, the input image must be preprocessed,
extracted features, and then represented by a vector
with the same dimensions. Here, the SIFT (scale-
invariant feature transform) and BoVW (Bag of Vi-
sual Words) techniques were applied, as shown in Fig-
ure 6.

Features (key points) were extracted from camera
module training images using the SIFT algorithm,
and then each image can be represented by sets of key
point descriptors (Figure 6b). The center of the circle
is the location of the feature point. The line from the
circle’s center to the perimeter represents the gradient
direction of the feature point. The length of the line
represents the modulus of the gradient.

With the input data samples extracted, about 300
to 400 key points (this amount depends on the pos-
ture of the components on each data input). Each of
these key points is characterized by a vector of 128.
Consequently, using the input picture of 200 × 300
pixels and the Sift algorithm, the image maintains
around 300 to 400 characteristics, each feature repre-
sented in 128-dimensional vectors.

Next, the BoVW - Bag of Visual Words was used
to represent our data. The image is described by a
histogram of quantized local features. More precisely,
an unordered set of local patches is initially extracted
and characterized by the SIFT technique in the pre-
ceding step. With many characteristics, the K-Mean
Clustering algorithm was used to gather them into the
most typical K clusters of the whole data set. In the
problem of classifying this camera module, K = 200
was selected. Corresponding to the entire input data
set, the center will select 200 cluster centers (keyword
- 128-dimensional vector) to perform. After obtain-
ing the dictionary (codebook), it is characterized by
the entire input data set, and then each input image
is compared to that dictionary.

Finally, after extraction characterized by SIFT,
the input data is compared to the Codebook (in Fig-
ure 5c). From there, it will indicate the histogram
chart frequency of visual keywords of each input data.
This chart has a horizontal axis for the “visual words”
and a vertical axis for the number of key points cor-
responding to each “visual word.” So, corresponding
to K = 200, each picture will be described by a vec-
tor with a dimension of 200. Each data now has an
equal number of dimensions, although the character-
istic number of each image is different from the other.
This is useful for utilizing the Machine Learning al-
gorithm in the following stage.

3.4 Deep learning models

Deep learning has gained widespread popularity
and demonstrated remarkable performance in com-
puter vision systems, especially concerning classifi-
cation, object detection, and segmentation tasks. In
this study, various types of deep learning models were
utilized to assess classification performance, encom-
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passing a simple CNN model as well as two YOLO
classification variants: YOLOv8n and YOLOv8x.

Convolution Neural Network (CNN), also known
as ConvNet, has a deep feedforward architecture and
an astonishing capacity to generalize better than net-
works with fully connected layers. It can recognize
objects effectively and learn highly abstract qualities
[42], [43]. The convolutional neural network has been
studied and implemented in the experimental task in
order to evaluate and examine the results produced
by this model due to its notable advantages (Figure
7). The input data were labeled according to the cam-
era image in the first step. The data set is then split
into three data sets for training, testing, and valida-
tion in the data set division procedure. The built-in
CNN model was used to train these datasets.

Through the data exploration process, there was
no environmental fluctuation because the data came
from a fixed place. Furthermore, the more layers
used, the longer the model takes to process. There-
fore, in this paper, a common architecture was used,
consisting of two layers of convolution, two layers of
max–pooling, and a fully connected layer. Table 1
summarizes the settings we used for the convolution
neural network.

Table 1: Keras model summary.

Layer (type) Output Shape Param]

Conv2D (None, 157, 122, 32) 896
MaxPooling2D (None, 78, 61, 32) 0
Conv2D (None, 78, 61, 32) 9248
MaxPooling2D (None, 39, 30, 32) 0
Flatten (None, 37440) 0
Dense (None, 512) 19169792
Dense (None, 1) 213

You Only Look Once (YOLO) introduces an end-
to-end neural network that predicts both bounding
boxes and class probabilities simultaneously. This
stands in contrast to prior object detection algo-
rithms, which repurposed classifiers to conduct detec-
tion as a separate step. YOLOv8 represents the most
recent iteration featuring advanced object detection
and image segmentation capabilities. Besides its pro-
ficiency in these domains, the model is equipped with
inherent support for image classification [44]. Its
noteworthy characteristics comprise a newly designed
backbone network, facilitating straightforward com-
parisons with earlier YOLO models, the introduction
of fresh loss functionalities, and incorporating an in-
novative anchorless detection head. We utilized two
Classify models, namely YOLOv8n and YOLOv8x,
both were pretrained on the COCO dataset [45],
renowned for its extensive and diverse collection of
images spanning various object classes.

4. EXPERIMENTAL RESULTS AND DIS-
CUSSION

4.1 Experiments setup

The factory conducts a sampling process to ensure
the real-life environment in which workers will op-
erate the machine and the data collection process is
automated (Figure 8). The sampling process for cap-
turing images of camera modules in the autonomous
system involves capturing images of the modules at
various positions and angles. The input data sets are
separated into two categories: the incorrect position
image (IPI) data set and the correct position image
(CPI) data set. To ensure that the obtained data is
as close to reality as possible, workers naturally insert
the feeding trays with camera modules into the sys-
tem. In IPI cases, the transition error is within 0.5-2
mm from different directions, and the rotation error
is within 0-12 degrees in both directions. In addition,
cases with high error (2-10 mm and more than 12 de-
grees) are added to the data set to enrich the sample.
In the CPI dataset, the camera modules are placed
in the correct position, so the resulting samples are
similar.

During the sampling process, we also vary the light
levels on the subject with different intensities. In the
system, we arrange LED strips for an average bright-
ness of 100 lux, and the light levels are adjusted ac-
cording to the bulb’s power from 60-100% to collect
samples. The data set is then manually labeled and

Fig.8: Sampling process in the factory.

divided into a training dataset and a testing data set.
The training data set is used to train the model and
contains 1250 CPI and 1114 IPI. The testing data
set is used to evaluate the performance of the trained
model and contains 1268 CPI and 1232 IPI. The main
difference between the training dataset and the test-
ing dataset is that the testing dataset is used to evalu-
ate the model’s performance on unseen data, whereas
the training dataset is used to train the model.

The raw data captured consists of redundant re-
gions, as in Figure 9. Leaving these image portions
will decrease the accuracy of the models since they in-
clude a lot of extraneous information, and the camera
module is too small to discriminate between Correct
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Fig.9: Sample image after processing.

and Incorrect positions. The initially captured im-
age is cropped to retain the area of the camera mod-
ule, and other socket areas are removed (in Figure
9). The input data for the machine learning mod-
els under consideration is an image with a consistent
size across all models. However, a notable differentia-
tion exists in the color representation of images used
by different models. Specifically, the CNN, YOLOv8,
and SVM employ RGB images, while the Logistic Re-
gression and Histogram models rely on grayscale im-
ages for their computations and analysis. This choice
in input data representation is motivated by the spe-
cific feature extraction techniques employed by each
model.

In the case of a CNN or an SVM model, the input
image is typically a color image represented in the
RGB (red, green, blue) format. This format allows
the model to capture the full range of colors present
in the image, which can be important for image clas-
sification and recognition tasks. When it comes to
detecting incorrect positions of camera modules in a
pick-and-place system, color information can provide
valuable features for the model to identify subtle dif-
ferences in the position and orientation of the mod-
ules. CNNs are designed to automatically extract fea-
tures from images using convolutional layers, which
apply filters to the input image to identify and extract
features such as edges, shapes, and textures. These
features can then be passed to the fully connected
layers in the model for classification. SVM models
can also be used for image classification, but SIFT
key points are typically used to extract features from
the image and build a histogram of these features,
which is then used as input to the SVM.

For Histogram and Logistic Regression models,
the input image is typically a grayscale image. A
grayscale image is an image representation in which
each pixel is represented by a single value, repre-
senting its intensity or brightness rather than its
color. In this representation, the color information
is discarded, and the image is transformed into a
single-channel image, where the intensity of each pixel
ranges from 0 to 255. In the case of histogram models,
the input image is transformed into a histogram rep-
resentation, where the image is divided into several
bins, and the number of pixels in each bin is counted.
The resulting histogram represents the distribution

of intensity values in the image, which can be used
as features for classification. In terms of Logistic Re-
gression models, the grayscale image is directly used
as input features for classification. Logistic regres-
sion models are linear models that are widely used
for binary classification tasks.

4.2 Results and Discussion

The models are evaluated according to the follow-
ing criteria: processing time, accuracy, sensitivity,
specificity, and defect rate. It is imperative to em-
phasize that the industrial computers utilized in this
study do not incorporate a Graphics Processing Unit
(GPU) to enhance the computational prowess of ma-
chine learning models. As a consequence, all tasks
are executed solely on the available Central Process-
ing Unit (CPU). Therefore, the execution time of the
models will inevitably differ when employing systems
equipped with GPU computing capabilities. The pro-
cessing time for each model is calculated from the
instance in which the cropped image is introduced
to the model until the resulting output is obtained.
This computation comprises the duration necessary
for preprocessing the cropped image to conform to
the model input (if applicable) and the inference time
required to produce prediction outcomes. First, we
define some concepts as follows:

About True Label:

• Correct placement of camera – 0
• Incorrect placement of camera – 1

About Predicted Label:

• Predict that the camera is misaligned, equivalent
to 1

• Predict that the camera is aligned, equivalent to 0

At that time, the precise level measurement pa-
rameters, including True Positive (TP), False Posi-
tive (FP), True Negative (TN), and False Negative
(FN), are defined as follows in Table 2. The results
of measuring parameters according to the data set are
presented in Figure 10.

Table 2: The precise level measurement parameters.

True label Predicted label
TP 1 1
TN 0 0
FP 0 1
FN 1 0

The accuracy of the model was calculated by:

Accuracy =
(TP + TN)

(TP + TN + FP + FN)
(8)

Sensitivity indicates the probability that the model
correctly predicted the true positive prediction. The
higher the percentage, the smaller the FN, and the
lower the chance of misjudging.
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Sensitivity =
(TP )

(TP + FN)
(9)

The specificity represents the probability that the
model correctly predicts a true negative prediction.
The higher the percentage, the smaller the FN, and
the smaller the chance of missing the right camera.

Specificity =
(TN)

(TN + FP )
(10)

Fig.10: Confusion matrix of 6 models.

Additionally, we evaluated these models based on
the offset of various modules, considering both the
translational and rotational deviations. For our eval-
uation, we selected images from the test data set and
divided them into nine deviation categories, as shown
in Figure 11a. The categories included four levels of
rotational deviation, four levels of translational de-
viation, and an empty case. The closer the camera
module is to its correct placement in the socket, the
harder it is to detect. The results from the logistic,
SVM, and Deep learning models indicate relatively
high accuracy in most cases (Figure 11b); however,
in Case 3, the CNN model performed poorly with an
accuracy rate of only 66.92%. The SVM model exhib-
ited exceptional results with an accuracy greater than
99% in all cases, while the histogram analysis model
performed the worst with accuracy rates below 75%
and reaching as low as 29%.

Finally, we evaluated models using the complete
test data set and presented the results using the cri-

(a)

(b)

Fig.11: The Accuracy of Models for Specific Test
Cases.

teria outlined in Table 3. The histogram model, when
applying smaller camera data, lost its accuracy rate
to 99.92%, which dropped to just 62.84%. There-
fore, the histogram model is no longer viable for the
present problem and future versions with complex
components. The YOLOv8x model gives outstanding
results when the accuracy is up to 99.64%. The three
models, Logistic Regression, CNN, and YOLOv8x,
also bring high accuracy of 98.68%, 98.88%, and
99.64%, respectively. However, the CNN model has
a recognition time performance of up to 0.34959 sec-
onds, which is a huge processing time result for an
automatic system that operates in a factory (Figure
12). In contrast, the rest of the models have very
small processing times of 0.00049 seconds – Logis-
tic Regression model, 0.00091 seconds – histogram
model, 0.01280 seconds - YOLOv8n, 0.01578 seconds
– SVM model and 0.04660 seconds - YOLOv8x.

Fig.12: The accuracy and processing time of mod-
els.
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Table 3: Comparative indicators in the models.

Model Time(s) Sensitivity Specificity Accuracy
Histogram 0.00091 0.65029 0.61286 0.62840

Logistic 0.00049 0.98205 0.99719 0.98680
SVM 0.01578 0.99811 0.84108 0.90760
CNN 0.34959 0.99107 0.98627 0.9880

YOLOv8n 0.01280 0.95344 0.99244 0.97200
YOLOv8x 0.04660 0.99313 1.00000 0.99640

In terms of sensitivity and specificity, the results
obtained using histogram analysis are always signifi-
cantly lower than those of the other machine learning
models. Regarding the specificity of the system, the
YOLOv8x model was found to show better results
(1.0000) since the lowest camera omission rate was
set correctly when using the model. The Sensitivity
characterizes the proportion of the visual system that
mistakenly predicts that the camera module is set
from incorrect to correct. When such a phenomenon
occurs, the socket is still closed to check the com-
ponents, leading to the camera being stamped and
causing destruction. Therefore, the sensitivity of the
system is also the result of the evaluation of the de-
fect rate according to the Sigma method (Figure 13).
As a result, the application of the SVM model gives
the best results (99.811%). The SVM provides a cam-
era failure rate of only about 1888 PPM, equivalent
to the number of misplaced cameras damaged by the
socket.

Fig.13: The defect rate of all models.

It is clear that Sift-SVM is the most appropriate
machine learning model to improve the reliability of
the automatic defect detection system. The results of
the experiments, which were conducted in a practical
factory environment with the participation of work-
ers operating the system, showed that Sift-SVM had
a processing time of 0.01578 seconds and the highest
sensitivity of 99.811%. Furthermore, the model ef-
fectively reduced the failure rate to 1888 PPM, high-
lighting its advantages in terms of speed and accu-
racy. The results of this study have significant impli-
cations for the use of computer vision-based models
in modern manufacturing. Demonstrates that auto-
matic defect detection systems can significantly im-
prove traditional manual detection methods, reducing
the defect rate and increasing efficiency.

These findings support the use of Sift-SVM in

practical industrial applications and suggest that fur-
ther research should be conducted to explore its po-
tential for widespread adoption in the industry. The
potential for future improvement in the reliability of
machine vision systems is immense as advances in
technology and increasing computing power continue
to drive the field forward. The versatility of the sys-
tem is demonstrated by its compatibility with various
camera module models and its ability to integrate
with different types of robotic systems, highlighting
its potential for widespread application in diverse in-
dustrial settings. The results obtained also highlight
the importance of continuous research and innova-
tion in automatic inspection detection and its role in
improving the competitiveness of modern manufac-
turing.

5. CONCLUSION

This paper evaluated computer vision models,
including Histogram analysis, Logistic Regression,
SVM, and Deep learning, to detect camera module
placement deviations. The effectiveness of the system
is verified by several evaluation criteria, that is, time
processing, accuracy, sensitivity, specificity, and de-
fect rate. The results demonstrate that the Sift-SVM
model proved to be the most effective in detecting
improper placement of camera modules in the cam-
era socket of the testing system. The SVM model
outperformed the other models with accuracy scores
above 99% for all test cases. The results of this study
provide valuable insight into the optimization of auto-
matic defect detection technology, which has emerged
as a crucial area of research in modern manufacturing.
The experiments carried out in an actual factory envi-
ronment with the participation of the workers operat-
ing the system demonstrated the relevance of the se-
lected metrics, including processing time, sensitivity,
specificity, accuracy, and defect rate, to the objectives
and concerns of contemporary production strategies.
Implementing the Sift-SVM model can improve the
reliability of the pick-and-place robot and decrease
the system’s defect rate, thereby achieving a higher
Sigma standard and better overall performance.
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