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key challenges in industrial quality control. A dedicated data acquisition
system was developed to collect diverse component images directly from
the production line, with both offline and online augmentation applied to
enhance dataset robustness. Building on this foundation, a modified
ResNet-18 architecture was proposed, incorporating Ghost Convolution and
Knowledge Distillation to balance accuracy with computational efficiency.
Experimental results demonstrate that the optimized model achieves high
accuracy (96.5%) while significantly reducing model size and inference
latency compared with the baseline ResNet-18. Additional optimization
techniques, including quantization and weight pruning, further improved
efficiency, with comparisons against MobileNetV2 confirming the
competitiveness of the proposed approach. These results highlight the

potential of lightweight CNN architectures for SMT component inspection
under constrained resources. However, the study remains limited to a
specific dataset and experimental setup, and real-world deployment on
embedded platforms such as the Raspberry Pi 5 or direct integration into
pick-and-place control loops requires further validation.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

In the Industry 4.0 era, smart systems, the Internet of Things (IoT), and artificial intelligence (Al)
have become the foundation of technological innovation. In this context, electronic circuits play a
crucial role as the core components of smart devices, ranging from phones [ 1]-[4], medical equipment
[5]-[8], to self-driving cars [9], [10] and industrial robots [11], [12]. To meet the increasing demand
for performance, reliability, and stability, Surface Mount Technology (SMT) has been widely applied
to produce Printed Circuit Boards (PCBs) with high component density and absolute precision [13].

In real-world industry, producing a high-quality PCB requires the SMT production line to go
through multiple complex and demanding stages, as shown in Fig. 1. These stages include Solder
Paste Printing, Solder Paste Inspection (SPI), Pick & Place, Reflow Soldering, Automated Optical
Inspection (AOI), X-ray Inspection (AXI), and Electrical Inspection (ICT, FCT). Errors can occur at
each stage; therefore, a quality inspection system plays a crucial role in ensuring the accuracy and
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reliability of the final product. However, traditional Automated Optical Inspection (AOI) has many
limitations [14], as it relies on hand-crafted features and stable lighting conditions. The diversity in
component size, shape, and color makes it difficult for traditional systems to maintain high accuracy
in real production environments.

SMT &lInspection Testing
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Paste Place
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Fig. 1. Manufacturing and inspection process in the SMT production line

The outstanding development of deep learning [15] in the past decade, especially convolutional
neural networks (CNNs), has opened up many new opportunities in industrial computer vision. CNNs
are capable of automatically extracting features and achieving superior accuracy compared to
solutions based on hand-crafted features. Thanks to this, in recent years, several studies have applied
CNNs to computer vision tasks such as object detection [16]-[20], image segmentation [21]—[26],
image classification [27], [28], and industrial defect detection [29].

In the context of digital production, especially in SMT production lines, learning-based methods
have been applied to classify defective components. Many studies have been published in this field.
For example, Kim and his collaborators [30], [31] proposed a dual-stream CNN model that
simultaneously exploits the welding area, achieving superior performance compared to traditional
AOI systems. In addition to AOI, another approach is pre-placement checking, which inspects
components directly on the suction head of the chip mounter before placing them on the PCB. This
method helps detect and correct errors such as eccentricity, angular misalignment, or component type
mismatches in real time, thereby preventing defect propagation to subsequent stages. The combination
of pre-placement inspection and post-placement AOI creates a complementary mechanism to ensure
the overall quality of the SMT production line, establishing a dual chain of custody that covers both
pre- and post-assembly stages. However, most existing AOI and pre-placement checking systems rely
either on heavy deep learning models or on hardware-specific integration [32], which limits their
applicability to real-time SMT production. Furthermore, deep learning methods in this domain have
primarily focused on post-placement inspection, leaving a gap in lightweight solutions that can be
deployed earlier in the assembly pipeline.

To address these challenges, this paper introduces a lightweight deep learning for real-time defect
detection in SMT component placement. Unlike conventional AOI systems, the proposed method
integrates directly with the pick-and-place process, enabling immediate detection of defects such as
misalignment, polarity errors, and component mismatches before soldering. Our contributions are
threefold: This research designs a compact CNN architecture optimized for high accuracy with low
computational cost, making it suitable for real-time deployment. The proposed model is seamlessly
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integrated into the SMT pick-and-place workflow, thereby reducing reliance on additional inspection
hardware. The system is validated on real SMT production data, and the results demonstrate improved
defect detection efficiency while maintaining production throughput.

2. Related work
2.1. Image classification

Image classification is one of the most important applications of computer vision, playing a key
role in identification systems, automated inspection, and monitoring. Over the past decade, deep
learning — particularly convolutional neural networks (CNNs) — has revolutionized image analysis by
enabling automatic feature extraction with minimal manual preprocessing. Beginning with LeNet by
LeCun [33], CNNs have continued to evolve across generations: AlexNet [34] marked the beginning
of the deep learning era in computer vision with its breakthrough performance at ImageNet 2012,
leveraging GPU acceleration; VGGNet [35] introduced a simple architecture based on 3x3
convolution layers, making the model easier to scale; GoogleNet/Inception [36] optimized parameter
efficiency through the Inception modulel; ResNet [37] introduced skip connections to enable training
of very deep networks; MobileNet [38] and ShuffleNet [39] targeted lightweight, high-speed models
for mobile devices; EfficientNet [40] proposed a balanced scaling method for network depth, width,
and resolution. Thanks to there advancements, CNNs have achieved impressive results accuracy, in
some cases even surpassing human-level performance on specific tasks.

In recent years, Transformer architectures, originally introduced in natural language processing
(Vaswani et al.,, 2017) [41], have demonstrated their effectiveness through the self-attention
mechanism, which enables the model to capture global relationships among data elements. When
applied to computer vision, the Vision Transformer (ViT) and its variants (such as Swin Transformer,
DeiT, etc.) divide images into patches and process them similarly to word sequences, allowing the
model to learn powerful global representations. Compared to CNNs, ViTs typically require larger
training datasets but offer advantages in terms of generalization and scalability across diverse tasks
[42]. A recent trend is the integration of CNNs and Transformers to simultaneously leverage the strong
local feature learning of CNNss and the global feature representation of Transformers.

2.2. Applications in SMT Technology

In the manufacturing domain, particularly in Surface Mount Technology (SMT)—the process of
mounting electronic components onto the surface of printed circuit boards (PCBs)—ensuring quality
at every stage is a critical factor. Deep learning models such as Convolutional Neural Networks
(CNNG5s) have demonstrated outstanding capabilities in industrial image processing, including product
classification, surface defect detection, positional deviation inspection, and object recognition (LeCun
et al. [43]; Simonyan & Zisserman [44]).

Deep learning, particularly CNNs and Transformers, has been effectively applied in inspection
tasks at the Pick & Place stage. One application is missing component detection [45], where images
captured by a camera on the suction head are classified as "present" or "missing" immediately after
pickup. Another is component type classification [46], which ensures that the correct component is
picked, avoiding confusion between visually similar parts. In addition, position and orientation
estimation [47] provides correction data before placing components onto the PCB. A high-speed
camera captures images of components while the suction head is in motion, and these images are
processed by CNN- or Transformer-based models for classification and defect detection. When errors
are detected, the machine can automatically discard the component, trigger an alert, or halt the
production line.

The model training process consists of the following steps:

¢ Collecting image data under various lighting and speed conditions.
o Labeling the data (complete, missing, wrong type, incorrect orientation).
¢ Training and evaluating the model using training and testing datasets.
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¢ Deploying the model in real time on production machines.

The integration of computer vision and deep learning not only optimizes the current inspection
process but also enables real-time production monitoring and data analysis, thereby supporting
automated decision-making for production line optimization (Lee & Shin [48]).

3. Methodology

In this study, image data were collected directly from industrial cameras on the SMT production
line, covering cases of correct components, incorrect components, missing components, and rotational
misalignment. To enhance diversity and robustness, data augmentation techniques were applied both
offline and online, enabling the model to adapt to image noise, lighting variations, and component
distortions. Building on this foundation, the study proposes a lightweight deep learning model based
on ResNet-18, optimized for component recognition with high accuracy, fast processing speed, and
practical deployability.

3.1. Data Collection

The application of deep learning in component classification and inspection has increasingly
become a mainstream trend in electronics manufacturing. However, the greatest challenge in building
an effective defect detection system lies in ensuring that the input data are both high-quality and
diverse. In this study, image data were collected directly from the SMT production line, covering
scenarios such as correct components, wrong components, missing components, positional deviations,
and rotational misalignments. These cases reflect variations in size, shape, color, and environmental
conditions, thereby enabling deep learning models to achieve higher recognition accuracy.
Nevertheless, collecting a comprehensive dataset remains a complex task that requires carefully
designed systems to ensure representativeness and reliability [49]—[52].

To address the challenge of constructing diverse and representative datasets for training deep
learning systems aimed at classifying components and detecting missing parts on the suction head, a
data acquisition system was deployed directly on the automatic component placement line, as
illustrated in Fig. 2.

Fig. 2. Data collection system

This system employs a Cognex [S8401 camera [53 ], mounted beneath the suction head to capture
the underside of components. A C-Mount adapter with a 6 mm lens is used to ensure a wide field of
view while maintaining sufficient detail for detecting anomalies such as wrong component types or
positional deviations. Illumination is provided by an industrial white ring LED, optimized in both
intensity and angle to maintain consistent image quality under varying production conditions. The
entire system is connected to a computer equipped with an Intel Core i7-12700H CPU and an NVIDIA
RTX 3050 Ti GPU, enabling real-time processing of large-scale image data. In addition, data
augmentation techniques—including rotation, blurring, brightness—contrast adjustment, and Gaussian

Trung Nhan Nguyen (Lightweight Deep Learning for Real-Time Defect Detection in SMT Component Placement)



International Journal of Robotics and Control Systems
3304 ISSN 2775-2658
Vol. 5, No. 6, 2025, pp. 3300-3317

noise injection—are applied to simulate diverse abnormal scenarios, thereby significantly enhancing
the quality and diversity of the training dataset. The detailed technical specifications of the system are
presented in Table 1, serving as a reference for replication in future studies.

Table 1. Hardware specifications for data acquisition

Hardware Component Specification
Camera Cognex 1S8401
Lens C-Mount, 6 mm focal length
Lighting System Industrial white LED ring light
Central Processing Unit (CPU) Intel Core 17-12700H
GPU Image Processing NVIDIA RTX 3050 Ti
Data Communication Industrial Gigabit Ethernet
Processing Software In-Sight Explorer 6.5.1 + Python 3.13

To address the issue that abnormal component cases on the suction head rarely occur in SMT
production lines, the system was designed to automatically detect, label, and store images of such
anomalies when the suction head either mispicks or fails to pick up a component. Through this
mechanism, a specialized dataset of component-picking defects was constructed. Although the
number of defective samples is smaller than that of correct pickups, the dataset is highly diverse in
terms of error types. This dataset is crucial for training deep learning models to accurately classify
and detect errors under real production conditions. At the same time, to mitigate the data imbalance
between the majority class (correct pickups) and the minority class (pickup errors), the system applies
data augmentation techniques such as image rotation, slight blurring, brightness/contrast adjustment,
and Gaussian noise injection. These methods have been shown to improve the generalization ability
of deep learning models for SMT defect detection [54], [55]. During the data collection process, the
system captured and analyzed images of components for use in training and evaluating the defect
detection model. Clear categorization of these cases enhances the accuracy of defect recognition and
ensures the feasibility of deployment in real production environments. Fig. 3 illustrates several types
of suction head errors considered in this study. Fig. 3(a) shows a correctly picked component. Fig.
3(b) presents a case where no component is picked due to pick up failure. Fig. 3(c) depicts a misaligned
component that is not centered on the suction head. Fig. 3(d) shows a component that is either rotated
incorrectly or is of the wrong type. Explicit classification of these states improves the accuracy of
defect detection models and strengthens their practical applicability in SMT production, including
missing components and type-related errors, thereby increasing the system’s overall reliability in
manufacturing processes.

(b) Misaligned component (¢) Suction head without (d) Suction head with wrong
component component type

Fig. 3. Typical component pickup errors on the suction head
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3.2. Preprocessing and Online Data Augmentation Procedure in CNN Model Training

In SMT production, the quality of training data directly determines the accuracy of defect
detection models. However, real-world defect samples are often limited. Therefore, data augmentation
becomes a crucial solution to expand and diversify the training set. Transformations such as rotation,
flipping, variations in lighting and color, or adding noise help simulate real fluctuations (e.g., conveyor
vibration, changes in illumination), thereby enhancing the model’s generalization capability. In
general, there are two main approaches:

¢ Offline augmentation: preprocessing and storing augmented data in advance (e.g., rotation of
+90°, contrast adjustment).

e Online augmentation: applying transformations on-the-fly during training, generating new
samples in each iteration.

By effectively combining these two methods, the SMT defect detection model can accurately
recognize even unseen image variations, thereby improving the reliability of the entire visual
inspection system and supporting Al-driven decision making (Fig. 4).

Compute offset
Camera —»> Component Detection
l (dx, dy, d©)
Pre- v
processing Pose Estimation Generate
l (centroid, bbox, angle) True result
True
Enhancement
l Check
confidence &
validity
Segmentation
Fail
¢ v

Fail——> Retry/Flag error

Save log & image

A4

Fig. 4. Al decision-making workflow in Pick & Place (Pre-placement check)

The initial dataset (including defective and non-defective images) was collected from the existing
inspection system, then augmented and used to train the CNN model. Online augmentation techniques
were applied during training, allowing the model to be continuously exposed to new variants that
closely resemble real defect patterns, thereby enhancing generalization capability and reducing the
false positive rate. Instead of manually verifying all defects detected by the camera, the Al model
trained on augmented data performs a re-evaluation step, ensuring more accurate classification of
component types (Fig. 5).

Fig. 5. Image data preprocessing
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Image processing techniques include Gaussian blur, edge detection using the Laplacian
transform, image intensity normalization, as well as histogram analysis of both the original and the
normalized images. The application of online augmentation techniques ensures that the model
continuously encounters diverse data variations, thereby significantly enhancing its generalization
ability to real-world production scenarios.

3.3. CNN Model Architecture and Training Configuration

After completing data preprocessing and augmentation, the next step is to design and optimize
the deep learning model. A major challenge in the SMT production environment is the variation in
lighting conditions and camera configurations, which can alter color and image features, thereby
affecting model performance.

To meet real-time processing requirements under limited hardware resources, we selected
ResNet-18 due to its balance between accuracy and computational cost. Compared to ResNet-34 or
ResNet-50, ResNet-18 is lighter with fewer parameters, reducing latency and energy consumption—
critical factors for practical deployment. Our research team enhanced ResNet-18 in two main ways:
(1) replacing the initial convolutional layer with Ghost Convolution to reduce computations while
preserving feature extraction capability; and (ii) applying knowledge distillation so that the
lightweight model can achieve accuracy close to that of the original model. These improvements
enable the system to maintain high accuracy while meeting the real-time requirements of the SMT
production line (Fig. 6).

Teacher Neural Network (pretrained)

Student Neural Network (small distilled model)

Fig. 6. Knowledge distillation technique

Input Data

— Reduce the number of channels in certain layers to optimize model size and processing speed.

+ The student model applies a cross-entropy—based loss function as follows:

c
CEq,p) = H(q,p) = = ) 4:l0og(ay) (1)

=1

To reinforce the student's predictions, the teacher's predictions are used to replace the ground-
truth in the loss function. In other words, we train the model so that the probability distribution of the
student's predictions is as close as possible to that of the teacher. This is similar to how a student gets
better at a multiple-choice test by aligning their answers with the correct ones provided by the teacher.

Therefore, the distillation loss for observation xi will have the form:

Ldg(xi; W) = H(qit, Gis) 2)
The combination of Ghost Convolution and knowledge distillation allows the modified ResNet-
18 model to achieve competitive performance compared to deeper models, while significantly
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reducing computational costs and power consumption. This enables the system to operate
continuously, stably, and efficiently in an industrial environment, meeting the real-time requirements
for detecting component defects on SMT camera nozzle data.

3.3.1. ResNet-18 Architecture

ResNet-18 is a convolutional neural network (CNN) architecture from the ResNet family,
recognized as one of the fastest and lightest models, making it a popular choice for research,
deployment, and rapid educational purposes. In this study, the authors adopted ResNet-18 as the
backbone architecture for the defect detection model. The primary reason is that ResNet-18 achieves
a favorable balance between accuracy and computational cost, which is particularly critical in
production environments that demand real-time processing. ResNet-18 utilizes residual blocks with
skip connections, which effectively mitigate the vanishing gradient problem in deep networks. This
mechanism enables signals to propagate directly through the layers without degradation, thereby
enhancing the training efficiency on large and complex datasets. The ResNet-18 architecture (Fig. 7)
is composed of 16 convolutional layers organized into 8 residual blocks, culminating in a global
average pooling layer and a fully connected layer. The first convolutional layer employs a 7%7 kernel
with 64 filters and a stride of 2, followed by a 3x3 max pooling layer (stride = 2) to reduce spatial
dimensions while preserving essential information. After the input stage, the network is divided into
four stages, each containing two residual blocks, with each block comprising two convolutional layers
using 3x3 kernels. The number of feature channels increases progressively as 64, 128, 256, and 512,
allowing the model to learn features hierarchically—from low-level patterns such as edges and
contours to high-level representations such as overall shapes and microstructures. Finally, the global
average pooling layer reduces each feature map to a single value, which is then passed to the fully
connected layer for classification. In the component classification task—covering resistors, capacitors,
LEDs, ICs, and others—the final layer contains the same number of nodes as the target classes,
followed by a softmax function to output prediction probabilities.
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| |
¢ i BatchNormalization i i BatchNormalization i
T - | I | |
! | | | | |
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Fig. 7. ResNet-18 architecture
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3.3.2. Improving the Initial Convolution Layer

To further optimize the model, this study applies Ghost Convolution in place of standard
convolution at the initial layer. Unlike traditional convolution, which computes the entire set of feature
maps directly, Ghost Convolution first generates a subset of intrinsic feature maps and then produces
additional ghost features through inexpensive linear transformations. This approach offers several
advantages:

¢  Reduces the number of convolutional operations (FLOPs).
e  Preserves or even enhances the feature extraction capability.
e  Decreases model size, facilitating deployment on embedded devices.

An improved solution is proposed to enhance computational efficiency while still preserving
essential feature extraction capability, addressing the issues of high latency and computational
overhead associated with the initial convolution in ResNet-18—commonly implemented with a 7x7
filter and stride of 2. Specifically, the initial convolution layer is modified by reducing the kernel size
from 7x7 to 5x5 and increasing the stride to 4. This adjustment significantly lowers the computational
burden, thereby shortening processing time. However, reducing the kernel size and increasing the
stride may result in information loss at the early stage. To mitigate this, the study proposes inserting
a Ghost Convolution layer [56] immediately after the adjusted 5x5 convolution. Ghost Convolution
is a modern neural network optimization technique that generates additional feature maps from fewer
primary maps through low-cost transformations. This approach not only reduces computational
demands and model size but also maintains—or even improves—feature recognition performance

(Fig. 8).

Identity
- -
/,
Q,
Conv
4
Input Output

Fig. 8. Ghost convolution structure

3.3.3. Knowledge Distillation

Knowledge distillation is a training technique in deep learning where a large, powerful model
(referred to as the Teacher) transfers its knowledge to a smaller, lighter model (the Student), enabling
the Student to achieve performance close to that of the Teacher but with significantly lower
computational cost. In this study, the authors apply Knowledge Distillation (KD) to enhance the
performance of a lightweight model, making it suitable for deployment in industrial production
environments.

e Teacher model: A full ResNet-18, thoroughly trained on a large-scale dataset.

e Student model: A compressed ResNet-18 variant, integrated with Ghost Convolution and
reduced channel dimensions in selected layers to minimize computational cost.

Instead of learning solely from ground-truth labels (hard labels), the Student also learns from the
probability distribution (soft labels) provided by the Teacher. These soft labels encode information
about the Teacher’s confidence and the inter-class relationships. For example, a capacitor may share
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subtle similarities with a resistor (e.g., 5% probability), and this relational knowledge helps the Student
capture fine-grained distinctions among electronic components.

The loss function is formulated as a weighted combination:

L=aLeg(y,p) + B Lkp(Per s, T) 3)
where:
e Lcg: Cross-entropy loss between the ground-truth labels y and the Student predictions pj.

o Lgp: Kullback—Leibler divergence between the Teacher predictions p, and the Student
predictions pg, with a temperature parameter T to soften the probability distribution.

e a, f3: Balance coefficients controlling the contribution of each loss component.

The advantage of this approach is that the Student model learns faster, remains lightweight, and
retains most of the knowledge embedded in the Teacher. This is crucial for practical deployment in
industrial scenarios, where the Student can run directly on CPUs or embedded devices (e.g., Raspberry
Pi or PLC) with very low latency, meeting real-time requirements

4. Results and Discussion

In this section, the study provides a detailed description of the setup and the evaluation metrics
used to assess system performance. Subsequently, the analysis delves into a comprehensive
examination of the results, comparing the proposed model with both classical CNNs and other
convolutional architectures. This comparison highlights the strength and efficiency of the model.
Furthermore, the research team draws inferences to evaluate the impact of different modules and
architectural adjustments, thereby offering additional insights into the contribution of individual
components to the overall performance of the model. Finally, the team discusses the optimal
deployment of the model on PCs within an automated SMT system, demonstrating its practical
applicability and positive effectiveness both domestically and internationally.

4.1. Experimental Setup

For training our neural network model, designed to classify components on the suction head in
the SMT system, we employed a high-performance computing setup equipped with an Intel i7-
12700H CPU, 16 GB RAM, and an NVIDIA RTX 3050 Ti GPU. This hardware configuration was
supported by the CUDA 12.9 Toolkit, which provides the necessary computational functions to enable
efficient model training using TensorFlow.

4.2. Evaluation metrics

To accurately evaluate the performance of the model—an essential factor in ensuring its
effectiveness in practical applications—we employ mean Average Precision (mAP) [57]-[59], which
encompasses accuracy, precision, and recall. These metrics can be readily derived from the confusion
matrix associated with the applied detection algorithm [60]. The algorithm is illustrated in Fig. 9.

Predicted class

P N

True Positives False Negative

) (FN)

]

]

=

=

>

< N False Positive True Negative
(FP) (TN)

Fig. 9. Confusion matrix
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In this study, measurements of accuracy, precision, and recall were conducted. For the component
classification task, the results are typically labeled as positive (P) or negative (N). Four outcomes can
be derived from a binary classifier. If the predicted result is P and the ground truth is also P, it is
considered a true positive (TP). However, if the ground truth is N, it is considered a false positive
(FP). Conversely, a true negative (TN) occurs when both the predicted and ground truth results are N,
and a false negative (FN) occurs when the predicted result is N while the ground truth is P.

Based on these definitions, accuracy, precision, and recall are defined as follows:

Accuracy: (TP+TN)/(TP+FN+FP +TN) 4
Precision: TP/(TP + FP) (5)
Recall: TP/(TP + FN) (6)

While these metrics assess the recognition capability of the system, we also need to evaluate how
precisely the components are localized on the PCB. To estimate the positional and rotational
deviations of the components, we employ an affine transformation matrix [61], which allows
simultaneous representation of translation along the X and Y axes as well as rotation by an angle 8.

, o s ¢
] e (1R g
where

e  0:rotation angle

®  ty,t,: positional translations

The rotation matrix is defined as:

RO = [Sng o ®
After obtaining the rotation matrix R(6), we have:

0 = arctan2(R21,R11) 9
where
e R21=sinf
e RIll=cosb

e arctan2: This ensures the correct angle estimation even when 6 is negative or exceeds 90°.

The deviations of components for five samples are presented in Table 2. For instance, when the
suction head picks up a component rotated by 5° from the reference orientation, the affine matrix
captures this deviation through the rotation elements R11 and R21. Consequently, the model can
accurately compute the deviation and provide either an alert or a corrective adjustment. Including an
illustrative figure showing a correctly positioned component alongside a slightly rotated one would
help readers better visualize the relationship between the mathematical formulation and the actual
production errors.

Table 2. Component deviation results on the suction head

Digital X Deviation Y Deviation Rotation Angle Deviation
Image (mm) (mm) Deviation (Yes/No)
1 0.12 0.08 3 No
2 0.35 0.22 5 Yes
3 0.10 0.05 0.5 No
4 0.14 0.12 2 Yes
5 0.28 0.15 5 No
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4.3. Experiments

The data were collected using an industrial camera with four component types: 1206 resistors
(R), capacitors (C), and isolation ICs (ISO223). Images were captured under controlled conditions,
with LED ring illumination, fixed shutter speed, and component positioning. Each component type
was collected under various surface conditions to increase dataset diversity. Image preprocessing
included Z-score color normalization, histogram equalization, ROI cropping according to pad
contours, and resizing to 224x224 px. The dataset was split into 70% training, 15% validation, and
15% testing, ensuring no sample overlap. Data augmentation was applied, including rotations of +15°,
translations up to 10 px, horizontal flipping, and brightness/contrast adjustments. The model was built
on a ResNet-18 pretrained on ImageNet and fine-tuned using the Adam optimizer (learning rate =
1x107® with cosine decay, batch size = 64, up to 100 epochs, early stopping based on validation loss).
Evaluation metrics included Accuracy, Precision, Recall, F1-score, FLOPs, number of parameters,
and mAP@0.5 (IoU threshold = 0.5). Test set evaluation results are presented in Table 3. Beyond
accuracy, to verify practical deployment on embedded environments, we measured computational
cost, memory footprint, and processing speed of the model on the target hardware (Raspberry Pi 5,
224x224 images, batch = 1). These results are presented in Table 4, allowing performance comparison
between the original FP32 model and optimized variants, including quantization, weight pruning, as
well as a reference lightweight architecture (MobileNetV2).

Table 3. Model evaluation results on the test set

Component Type Precision (%) Recall (%) Fl-score (%) AP@0.5 (%)
Resistor (R) 98.5 97.9 98.2 98.0
Capacity (C) 97.3 96.5 96.9 96.7

IC 1SO223 95.5 94.8 95.1 95.0
Average 97.1 96.4 96.73 96.57

The training process employed the Adam optimizer with an initial learning rate of 1x107,
combined with a cosine decay schedule to dynamically adapt the learning rate during convergence.
The batch size was set to 64, and training was run for a maximum of 100 epochs. In addition, an early
stopping mechanism was applied based on the validation loss to prevent overfitting. The dataset was
split into three subsets: 70% for training, 15% for validation, and 15% for testing, ensuring no overlap
between samples. To improve generalization and increase data diversity, both offline augmentation
(rotation of £90°, brightness adjustment, contrast adjustment) and online augmentation (translation,
Gaussian noise injection, image flipping) were applied.

Table 4 presents a detailed comparison of the baseline ResNet-18, the improved ResNet-18
(integrating Ghost Convolution and Knowledge Distillation, followed by quantization and weight
pruning), and MobileNetV2.

Table 4. Comparison of computational cost and inference speed (sample)

. Model
Conﬁgurailtlon Parameter FLOPs File RAM Infe.rence Throughput
Item (Used in (M) (GFLOPs) Size Usage Time (imgs)
Experiments) (MB) (ms/img) &
(MB)
ResNet-18 (FP32,
1 PyTorch) — 11.7 1.8 46.8 120 600 1.7
baseline
ResNet-18 —
2 TFLite (int8 11.7 ~1.8 11.8 60 40 7.1
quantized)
ResNet-18 (pruned
3 40%) — TFLite 7.0 ~1.1 7.2 45 95 10.5
int8
MobileNetV2
4 (baseline,as 34 0.35 13.6 70 180 5.6
alternative)
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The experimental results show that converting the ResNet-18 model from FP32 to TFLite int8
reduced the file size from 46.8 MB to 11.8 MB (a reduction of approximately 74.8%), while increasing
the inference speed from 1.7 images/s to 7.1 images/s (about 4.2x faster). When combining 40%
weight pruning with int8 quantization, the model size was further reduced to 7.2 MB, achieving an
average inference time of 95 ms per image (equivalent to 10.5 images/s), while still maintaining an
accuracy of 96.5%. In comparison with MobileNetV2, although MobileNetV2 has fewer parameters
and lower FLOPs, its inference speed did not surpass that of the optimized ResNet-18. This
demonstrates that the integration of Ghost Convolution, Knowledge Distillation, and optimization
techniques such as quantization and weight pruning is an effective strategy for deploying deep learning
models in industrial environments, where strict constraints on computational resources and real-time
latency must be satisfied.

4.4. Results and Discussion

The machine vision inspection results presented in Fig. 10 clearly demonstrate the effectiveness
of the proposed recognition system. Specifically, the system was able to accurately localize the two
designated target positions on the test samples, achieving a high matching rate of 89.2% for both cases.
The detected inspection regions are visually highlighted on the interface with green bounding boxes
and a "+" marker precisely placed at the center of each identified position. These visual indicators not
only confirm the correctness of the detection process but also provide evidence that the localization
procedure was consistent and stable across repeated trials. Furthermore, the inspection interface shows
that both verification checks returned a Present status, while the string verification module yielded an
OK outcome. Taken together, these results indicate that the inspected products satisfied all required
geometric and positional criteria, thereby meeting the established quality standards. The successful
detection and verification steps further confirm that the system is reliable in differentiating acceptable
products from defective ones. Another important observation is that the high recognition rate and
consistent OK outcomes were achieved under actual production conditions, where environmental
factors such as illumination changes typically affect image quality. The near-perfect alignment of both
inspection points validates that the proposed recognition model, in combination with the optimized
camera configuration, was able to maintain strong robustness against lighting variations. This
demonstrates that the system is suitable for practical deployment in manufacturing environments.
Moreover, the integration of the previously optimized deep learning model into the recognition
pipeline contributed significantly to improving stability and minimizing false detections, ensuring that
the inspection process is both accurate and efficient.

au
IC

Resistor Capacity

Fig. 10. Experimental results

This study demonstrates the feasibility of applying an improved ResNet-18 architecture,
enhanced with Ghost Convolution and Knowledge Distillation, for component defect detection in
SMT production lines. Experimental results show that the proposed model maintains high accuracy
(96.5%) while significantly reducing both model size and inference time compared with the original
ResNet-18. With the integration of quantization and weight pruning, the model size decreased from
46.8 MB to 7.2 MB, and inference speed improved from 1.7 images/s to 10.5 images/s, fully satisfying
real-time processing requirements in industrial environments. When compared with MobileNetV2, a
lightweight model widely adopted in embedded applications, the improved ResNet-18 achieved both
higher accuracy (96.5% vs. 95.0%) and faster inference speed after optimization. This confirms that
enhancing conventional CNN architectures with Ghost Convolution and Knowledge Distillation can
be more effective than relying solely on pre-designed lightweight models. Previous studies, such as,
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[62], [63], have shown that MobileNet and EfficientNet are often preferred for embedded devices due
to their reduced parameter counts. However, the findings of this work demonstrate that an optimized
ResNet-based model, when combined with advanced optimization techniques, can achieve
comparable or even superior performance while maintaining high accuracy.

Overall, the proposed model strikes a balance between accuracy and computational efficiency, is
easy to deploy thanks to improvements on the well-known ResNet-18 backbone, and effectively
leverages multiple optimization techniques. Nevertheless, the dataset used remains limited in terms of
component diversity, the system has not yet been fully evaluated under continuous production
conditions, and further validation is required to optimize deployment on embedded devices.

5. Conclusion

This study has demonstrated the effectiveness of a deep learning system combined with computer
vision for analyzing component quality on an SMT (Surface Mount Technology) production line. By
integrating an advanced data acquisition system directly on the production line, we constructed a rich
dataset that accurately reflects the inherent variability of real-world manufacturing processes. The
application of both offline and online data augmentation techniques significantly enhanced the
robustness of the dataset, enabling the model to handle diverse operational scenarios effectively. From
a theoretical perspective, this research contributes by providing empirical evidence that the
combination of Ghost Convolution and Knowledge Distillation can be effectively applied in practical
SMT production environments. This highlights the potential of optimized CNN architectures as
competitive alternatives to pre-designed lightweight models in industrial applications. Nevertheless,
several limitations remain. The dataset lacked sufficient representation of rare defect types, and
experiments were conducted on a single production line, which restricts the generalizability of the
findings.

Future research will aim to expand the dataset across multiple factories and diverse lighting
conditions, integrate Transformer—CNN hybrid architectures to enhance global feature representation,
and extend the application to post-soldering AOI inspection, thereby establishing a dual-stage (pre-
placement and post-placement) inspection pipeline for greater reliability in SMT production.
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