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 Mounting misorientation on polar electronic components in printed circuit boards 

(PCBs) can cause malfunctions in electronic devices. This study proposes an 

automatic detection system that utilizes the Histogram of Oriented Gradients (HOG) 

feature and employs classification using an artificial neural network. The research 

was conducted by collecting data from PCB images featuring polar components, 

such as diodes, electrolytic capacitors, and transistors. Once the components are 

identified, the HOG features are extracted to generate feature vectors used in 

artificial neural network training. The experiment results show that this system can 

detect component orientation errors with a high degree of accuracy, achieving 

accuracy values of 99.5% for transistor components, 97% for electrolyte capacitors, 

and 93.6% for diodes. Additionally, F1 values and high precision are achieved for 

all three types of components. The ReLU activation function has been shown to 

perform best among other activation functions. While the results are promising, 

further research is necessary to automate the identification of component locations 

without relying on manual cropping processes. 
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I. INTRODUCTION 

A printed circuit board (PCB) is a crucial component of 

electronic devices. It is composed of a board with a layer of 

copper that facilitates the placement and connection of 

electronic components. PCBs provide mechanical support and 

electrical connections, making them fundamental to the 

functionality of complex electronic circuits [1]. Electronic 

components on PCBs can be classified into surface-mount 

devices (SMD) and through-hole technology (THT) 

components. SMDs are smaller and typically installed using 

machines, while THT components, which require precise 

placement of their leads into PCB holes, are more challenging 

to install. Although there are machines available for THT 

installation, they are costly and limited to specific 

components [2]. Consequently, THT component installation 

still largely relies on manual labor. 

Manual installation of THT components poses a risk of 

errors, particularly for polarized components like diodes, 

electrolytic capacitors, and transistors, which must be 

installed with the correct orientation. Incorrect orientation can 

lead to abnormal functioning of the electronic circuits. 

Moreover, misorientation errors result in significant rework 

costs and production delays. In a typical electronics 

manufacturing industry, the cost of reworking a single PCB 

can range from $5 to $50, depending on complexity, not 

including downtime costs. This economic impact underscores 

the need for detection systems that can reduce defect rates and 

improve manufacturing efficiency. 

Post-assembly inspection is crucial for reducing the defect 

ratio in PCBs. A standard method is visual inspection, which 

verifies the conformity of installed components with the PCB 

design. This inspection can be automated using Automated 

Optical Inspection (AOI), a tool based on cameras and 

machine vision that identifies various defects in PCBs, 

including solder issues, component deficiencies, and other 

physical damages [3]. 

AOI primarily focuses on component detection to ensure 

that components are correctly placed on their predetermined 

footprints. This can be achieved using object detection 

methods such as You Only Look Once (YOLO) [4], [5], [6], 

[7], the PCBDet architecture [8], or Graph Network [9]. While 

mailto:ekorudiawan@polibatam.ac.id
mailto:nhabyb@gmail.com
https://creativecommons.org/licenses/by-sa/4.0/


               e-ISSN: 2548-6861  

JAIC Vol. 9, No. 6, December 2025:  3567 – 3574 

3568 

these methods can verify component placement, they cannot 

determine if the component's orientation is correct. Additional 

detection methods are required to verify the orientation of 

installed components. 

PolarNet is a method developed to detect component 

orientation [10]. It consists of three main components: the 

Siamese Feature Extractor (SFE), Indicator Attention 

Generator (IAG), and Rotation Detector (RD). SFE extracts 

features from images, while IAG generates attention maps 

that help the convolutional network focus on polar markers 

and other relevant regions. RD uses these attention maps to 

predict rotation probabilities through fully connected layers. 

This approach enables PolarNet to detect component rotation 

on PCBs by leveraging polar marker information to enhance 

accuracy. However, PolarNet's reliance on polar markers 

means it may fail to detect the orientation of components with 

less distinct markers, such as transistors. Additionally, using 

multiple components, such as SFE, IAG, and RD, increases 

the model's complexity, requiring more computational 

resources and longer training times. 

This study proposes a component orientation detection 

system that utilizes Histogram of Oriented Gradients (HOG) 

features in conjunction with a Neural Network classifier. 

HOG is a feature extraction algorithm that does not require 

data training, making it computationally efficient. 

Computational resources are primarily utilized for the neural 

network classifier, specifically a Multi-Layer Perceptron 

(MLP). These characteristics make our approach particularly 

suitable for deployment in resource-constrained industrial 

environments where real-time processing and reliability are 

critical. 

We will provide a detailed description of this research in 

the next section. Section 2 describes the materials used and 

the methods proposed in this study. Section 3 explains how to 

verify the research results and the experimental outcomes. 

The paper concludes with Section 4, which summarizes the 

overall research results and outlines potential future 

developments. 

II. METHODS 

This section outlines the materials and methods employed 

in this research. The study begins with the collection of image 

samples from a PCB containing several polarized 

components, such as diodes, electrolytic capacitors, and 

transistors. Once the image samples are acquired, they are 

cropped to isolate the Region of Interest (ROI) of the targeted 

components. The features of these ROIs are then extracted 

using a Histogram of Oriented Gradients (HOG) and 

subsequently classified using neural networks. The following 

subsections provide a detailed explanation of each stage of the 

research. 

A. Sample Collection 

The sample collection was conducted by placing PCBs on 

a specially designed jig. A jig is a mechanical fixture used to 

securely hold the PCB in place, preventing any movement 

during the image capture process. This jig is also equipped 

with a camera stand, ensuring consistent positioning for 

image sampling. Utilizing this setup allows for the capture of 

images with minimal variation. This technique was adopted 

from the methodology presented in [11]. Figure 1 (a) shows 

the equipment used for sample collection. Using this jig, we 

captured images of PCBs, as shown in Figure 1(b), which 

reveal both correctly installed components and those with 

mounting orientation errors, particularly in electrolytic 

capacitors, diodes, and transistors. 

The sample collection process is illustrated in Figure 2(a). 

First, the PCB sample is positioned on the jig, and images are 

 

 

(a) (b) 

Figure 1. (a) Device for collecting dataset and (b) sample PCB for experiment. 
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captured using a camera. After obtaining the images, the 

specific area of the component to be detected is cropped, 

referred to as the Region of Interest (ROI). This cropping 

yields the ROI cutout, which is then normalized in orientation. 

This step is necessary because some components are installed 

either vertically or horizontally. The normalization process 

aligns the component orientation horizontally, ensuring 

uniform aspect ratios across images. Additionally, the ROI 

images are resized to consistent dimensions, with a standard 

size of 50×50 pixels. During this process, ROI images are 

manually labeled to indicate whether they contain polarity 

errors. The images are then categorized into directories: 

"correct" for correctly oriented components and "incorrect" 

for those with orientation errors, as shown in Figure 2(b). 

These labeled ROI images are subsequently used as training 

data for polarity error detection, as described in the following 

subsection. 

The dataset collected for this study comprises 11,000 

images from a 24V, 3A power supply PCB. The diode dataset 

comprises 6,000 images (3,000 correct and 3,000 incorrect), 

the electrolytic capacitor dataset contains 4,000 images (2,000 

correct and 2,000 incorrect), and the transistor dataset 

includes 1,000 images (500 correct and 500 incorrect). The 

proportional difference in dataset sizes directly reflects the 

number of each component type present on the PCB: six 

diodes, four capacitors, and one transistor. Despite the size 

differences, all component types maintain a balanced 50:50 

split between correct and incorrect orientations, preventing 

class imbalance during training and ensuring unbiased 

performance evaluation. The dataset was divided into two sets 

using an 80:20 ratio, with 8,800 images allocated for training 

and 2,200 images reserved for testing. 

 

B. Component Orientation Detection 

The process begins by obtaining training data from ROI 

images collected and stored during the sample collection 

process. Next, feature extraction is performed using the 

Histogram of Oriented Gradients (HOG) algorithm. This 

process generates vector features that represent the gradient 

orientation characteristics of the ROI images. These vector 

features are then used to train a neural network to distinguish 

between correctly and incorrectly installed components. The 

performance of the trained neural network is subsequently 

evaluated using specific metrics to determine the 

effectiveness of the polarity fault detection model. The 

following subsections provide detailed explanations of HOG 

feature extraction and neural network classification. 

C. Histogram of Oriented Gradients Feature Extraction 

Histogram of Oriented Gradients (HOG) is an algorithm 

used to extract features from images based on the orientation 

of color gradients, where a gradient represents the change in 

color intensity within an image. Initially developed for human 

detection in combination with Support Vector Machine 

(SVM) classifiers, HOG has since been applied to various 

fields, including biometric recognition systems and 

biomedical imaging. In biometric systems, HOG features 

have been used to recognize blood vessel patterns in the palm 

[12] and on the fingers [13], as well as ear shape patterns 

using Random Forest classifiers [14]. In the biomedical field, 

HOG features aid in disease diagnosis by extracting features 

from X-ray medical images [15], [16]. 

In this study, we use HOG to extract features from 

component images. The HOG feature extraction was 

implemented using the scikit-image library integrated with 

the Orange Data Mining software. Polar components typically 

  
(a) (b) 

Figure 2. (a) Process for collecting samples and (b) resulted ROI image. 
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have orientation markers that contrast sharply with the base 

color, and they often possess asymmetrical shapes that serve 

as orientation references. The distinct color differences in 

these markers create pronounced color gradients. The HOG 

algorithm captures features that represent the gradient 

orientation of the ROI images. Feature extraction begins by 

converting the ROI images into grayscale. Gradients are then 

calculated on these grayscale images using Equations 1 and 2, 

resulting in gradients along the x-axis and y-axis. 

𝐺𝑥 = [
−1 0 +1
−2 0 +2
−1 0 +1

] ⋅ 𝑌 (1) 

𝐺𝑦 = [
−1 −2 −1
0 0 0
+1 +2 +1

] ⋅ 𝑌 (2) 

The gradients along the x-axis and y-axis are then 

converted into oriented gradients using Equations 3 and 4, 

where the oriented gradient is represented by its magnitude, 

g, and direction, θ. The direction θ is normalized between 0 

and 180 degrees. These magnitude and direction values are 

then used to construct a histogram, which statistically 

represents the distribution of gradient magnitudes and 

directions. The gradient image is divided into small sub-

regions or cells, with each cell consisting of 16×16 pixels. For 

each cell, a histogram is calculated by accumulating the 

gradient magnitudes based on their orientation directions. In 

this study, eight bins are used to describe the distribution of 

orientations. After obtaining histogram features from each 

cell, the next step is normalizing these cells to eliminate the 

effects of lighting variations. This normalization process 

yields a set of 72 feature vectors that represent the HOG 

feature of the image. 

𝑔 = √𝑥2 + 𝑦2 (3) 

𝜃 = 𝑎𝑡𝑎𝑛2(𝑦, 𝑥) (4) 

D. Classification Using Neural Network 

In this study, we implement a neural network algorithm to 

recognize patterns derived from HOG features. The pattern 

recognition process using neural networks involves two main 

stages: training and testing. The training stage is designed to 

enable the neural network to learn and recognize patterns 

from input data represented by HOG features. Conversely, the 

testing stage evaluates the neural network's ability to 

accurately predict patterns in new, unseen test data. 

The neural network was implemented using Orange Data 

Mining software for model training and testing. The neural 

network we designed employs a Multi-Layer Perceptron 

(MLP) architecture consisting of one input layer, one hidden 

layer, and one output layer, as illustrated in Figure 3. The 

input layer comprises 72 neurons, corresponding to the size 

of the feature vectors obtained after the HOG extraction 

process. In the hidden layer, we experimented with three 

different configurations, using 50, 100, and 150 neurons. The 

output layer contains two neurons, which are responsible for 

predicting the orientation class—either correct or incorrect. 

Three activation functions were tested: Rectified Linear Unit 

(ReLU), TanH, and Logistic Function. The ReLU activation 

function, as described by Equation (5), produces a positive 

output when the input is positive and zero when the input is 

negative, with an output range of 0 to 1. The TanH function, 

given by Equation (6), generates outputs ranging from -1 to 

+1, allowing for the representation of negative values. Finally, 

the logistic function, expressed as Equation (7), outputs a 

value between 0 and 1, which is typically used to represent 

probabilities and is often applied in the output layer of neural 

networks. 

𝑓(𝑥) = {
𝑥     if 𝑥 > 0,
0     otherwise. 

 (5) 

𝑓(𝑥) =
2

1 + 𝑒−2𝑥
− 1 (6) 

𝑓(𝑥) =
1

1 + 𝑒−𝑥
 (7) 

E. Evaluation Method 

We validated the neural network's output to assess the 

performance of the proposed method. The validation process 

is designed to measure the system's accuracy in detecting 

whether component images are correctly or incorrectly 

oriented. As recommended by [17], validation requires a 

unique dataset that is distinct from the training phase. 

Consequently, we employed the Leave-One-Out Cross-

Validation (LOO-CV) method, which ensures that each test 

dataset is entirely separate from the training dataset. LOO-CV 

 

Figure 3. Neural Network Architecture for Classification. 
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is commonly used to evaluate the generalization capability of 

classification algorithms by sequentially using each data point 

in the dataset as test data. At the same time, the remainder 

serves as training data. This process is repeated for every data 

point, and the overall accuracy is calculated as the average of 

the individual results, following the approach described in 

[18]. 

We evaluated the algorithm's performance using several 

metrics: Classification Accuracy (CA), Precision, Recall, F1 

Score, and Matthews Correlation Coefficient (MCC). These 

metrics are calculated based on the results of predictions 

compared to the actual values in the dataset, which are 

organized in a truth table. The confusion matrix, depicted in 

Figure 4, is used to represent this comparison, summarizing 

correct and incorrect predictions for each class [19]. In Figure 

4, True Positive (TP) represents the number of component 

images correctly predicted as having the correct orientation. 

False Negative (FN) denotes the number of images 

incorrectly predicted as having the incorrect orientation when 

they are correct. True Negative (TN) represents images 

correctly identified as having the incorrect orientation, while 

False Positive (FP) indicates images incorrectly identified as 

having the correct orientation. CA, Precision, Recall, F1, and 

MCC are all derived from these values. 

Classification Accuracy (CA) is a fundamental metric in 

machine learning, particularly crucial in fields where even 

minor errors are unacceptable, such as in biomedical 

applications [20]. CA is typically measured using test data 

that has not been involved in the training process [21]. 

Although CA is widely used to evaluate the performance of 

classification algorithms, it has some limitations. One 

fundamental limitation is that it does not differentiate between 

types of errors and is heavily influenced by the class 

distribution within the dataset. The formula for calculating 

CA is provided in Equation (8). Generally, a higher CA value 

indicates better performance of the classification algorithm. 

𝐶𝐴 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (8) 

Precision, on the other hand, refers to a model's ability to 

identify positive samples among all correctly predicted 

positive samples. Precision is calculated as the ratio of True 

Positives (TP) to the total number of predicted positives, as 

shown in Equation (9). Precision is essential for 

understanding the impact of image pre-processing, which 

often involves various operators that may affect the model's 

performance [22]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (9) 

Recall measures a model's ability to identify all relevant 

positive samples within a dataset correctly. It is calculated as 

the ratio of True Positives (TP) to the total number of actual 

positive samples, as illustrated in Equation (10). Recall is 

significant in scenarios involving critical applications, such as 

medical diagnosis and fraud detection, where missing a 

positive case can have serious consequences [23]. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (10) 

 

Precision and Recall are often combined into a single 

metric known as the F1 Score, which is the harmonic mean of 

Precision and Recall. The F1 Score provides a balanced 

measure of a model's accuracy, particularly in cases where the 

data is unbalanced, as shown in Equation (11) [24]. 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (11) 

The Matthews correlation coefficient (MCC) is the most 

important metric for binary classification, as it provides a 

comprehensive evaluation of classifier performance [25]. 

MCC combines sensitivity, specificity, precision, and 

negative prediction values into a single value that reflects the 

model's overall performance. The MCC value ranges from -1 

to +1, where -1 indicates total disagreement between the 

prediction and the actual result, while +1 indicates a perfect 

prediction. This metric can provide a more balanced picture 

of the model's performance, especially in cases where the 

class distribution is unbalanced or different types of errors 

must be accounted for. The MCC value can be obtained from 

Equation (12). 

𝑀𝐶𝐶

=
𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃) × (𝐹𝑁 + 𝑇𝑁) × (𝑇𝑃 + 𝐹𝑁) × (𝐹𝑃 + 𝑇𝑁)
 (12) 

III. RESULTS AND DISCUSSION 

This section presents the evaluation results obtained using 

the proposed method in this study. We begin by discussing 

the results of feature extraction from the component images, 

followed by the classification performance of the neural 

network. Detailed explanations of these results are provided 

in the subsequent subsections. 

A. Result of HOG Feature Extraction 

The feature extraction process, utilizing the Histogram of 

Oriented Gradients (HOG) algorithm, was applied to the 

Region of Interest (ROI) images. This process generates 

 

Figure 4. Confusion Matrix for Classification. 
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feature vectors that encapsulate the gradient orientation 

characteristics of the ROI images. These vectors serve as 

input for the neural network during the classification stage. 

Figure 5 illustrates the results of the HOG feature extraction, 

depicting the distribution of gradient orientations for 

components with both correct and incorrect orientations. The 

distinct differences in gradient orientation distributions 

between correctly and incorrectly oriented components are 

shown in Figure 5. Figures 5 (a), (c), and (e) illustrate the 

histograms of the correct orientation of the diode, electrolytic 

capacitor, and transistor, respectively. Furthermore, Figures 

5(b), (d), and (f) display the histograms of the incorrect 

orientation of these components. Figure 5 demonstrates that 

HOG features effectively capture the orientation information 

of the components. 

B. Neural Network Classification Result 

The performance of the neural network algorithm was 

evaluated by measuring several metrics, as described in 

Section 2.2. To identify the optimal configuration, we 

conducted tests with various settings, differentiating the 

number of neurons in the hidden layer and the type of 

activation function used. Specifically, we experimented with 

three neuron configurations in the hidden layer: 50, 100, and 

150 neurons. For the activation function, we tested three 

types: ReLU, TanH, and Logistic. 

Table 1 summarizes the results of the neural network 

performance tests conducted on diode components, 

electrolytic capacitors, and transistors. The test results 

indicate that the neural network, when used to predict HOG 

features, can effectively detect orientation errors in 

components. The lowest performance observed during testing 

showed values of CA = 0.862, F1 = 0.862, Precision = 0.862, 

Recall = 0.862, and MCC = 0.723. In contrast, the highest 

performance achieved values of CA = 0.995, F1 = 0.995, 

Precision = 0.995, Recall = 0.995, and MCC = 0.990. Upon 

comparing the results from the three components, it was found 

that the diode component exhibited the lowest performance, 

with a maximum MCC value of only 0.871, compared to 

MCC values above 0.9 for the other components. This result 

is further evidenced by the diode component's CA score of 

0.936, whereas the CA scores for the other two components 

were above 0.95. 

The activation function was found to have a significant 

influence on the neural network's performance. The results 

show that the ReLU activation function consistently delivered 

the highest performance across all three components, while 

the Sigmoid activation function resulted in the lowest 

performance. On the other hand, the number of neurons in the 

hidden layer did not significantly impact the network's 

performance. For instance, the best performance for the diode 

component was observed with 150 neurons and the ReLU 

activation function. However, this pattern did not hold for the 

other components. For the electrolytic capacitor, the highest 

performance was achieved with just 50 neurons and the ReLU 

activation function, yielding an MCC of 0.940. In the case of 

the transistor component, the optimal configuration was 100 

neurons with the ReLU activation function, achieving an 

MCC of 0.990. 

IV. CONCLUSIONS 

This study addresses the verification of component 

orientation in the installation of diodes, electrolytic 

capacitors, and transistors on PCBs. A neural network-based 

classification method is proposed to verify the orientation of 

these three polarized components. The neural network 

   
(a) (b) (c) 

   
(d) (e) (f) 

Figure 5. Histogram of Oriented Gradient from Component ROIs. 
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predicts whether the component orientation is correct or 

reversed using feature extraction results from the HOG 

algorithm as input. The test results demonstrate that the 

proposed method effectively detects orientation errors, as 

evidenced by the accuracy scores obtained for each 

component: 0.936 for diodes, 0.970 for electrolytic 

capacitors, and 0.995 for transistors. Additionally, the MCC 

values indicate strong performance, with 0.871 for diodes, 

0.940 for electrolytic capacitors, and 0.990 for transistors. 

The tests further reveal that the ReLU activation function 

significantly enhances prediction performance, achieving the 

highest values in CA, Precision, Recall, and MCC metrics 

when used in the neural network. Despite the promising 

results, further work should focus on automating the 

component location detection process to eliminate the need 

for manual cropping. 
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