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Abstract

In the last decades, machine vision and Machine Learning (ML) techniques have seen significant improvements in devel-
oping new algorithms thanks to the increment of hardware performance. Exploiting machine vision for specific tech-
nological applications became an essential opportunity to introduce significant improvements in the manufacturing
context. This paper proposes a study to analyze the ML capabilities to perform Automated Optical Inspection (AQOI) for
quality control in the manufacturing of Printed Circuit Boards (PCBs). The study has been performed by testing Mask
R-CNN and YOLOv8 algorithms and an open-source PCB dataset designed to evaluate other ML techniques. The chosen
open-source dataset (i.e. PCB defect dataset released by Open Lab on Human-Robot Interaction of Peking University,
HRIPCB) individuates appropriate classes of products and related defects for the context of interest, resulting in a suitable
dataset for the performance evaluation of tested algorithms. The challenge of this specific application is the recognition
of the component boundaries that have submillimetric dimensions and are not clearly identifiable. The comparison
between Mask R-CNN and YOLOvS highlights that the Mask R-CNN performs better in defect detection (i.e., Missing
Holes and Shorts). In particular, for the missing hole defects, for example, the mAP50-95 is 0.798 for Mask R-CNN and
0.261 for YOLOVS. Instead, for the short defects, mAP50-95 is 0.519 for Mask R-CNN and 0.399 for YOLOvS8. This work has
been carried out to gather know-how for further activity related to AOI for quality control in the PCB assembly employed
in the aerospace field.

Article Highlights

e Mask R-CNNalgorithm was used for Printed Circuit Boards (PCB)Automated Optical Inspection (AQI), identifying manu-
facturing detects as missing holes and shorts.

o Two different datasets, optimized for the missing hole and short defects, were created from an open-source dataset.

e Mask R-CNN algorithm demonstrated high accuracy and precision in defect segmentation and detection, offering a
promising solution for quality control in PCB manufacturing.
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1 Introduction

The advent of ML allows the development of new solutions for various challenges. For instance, in image classification,
ML algorithms can identify objects within optical images. In sentiment analysis, they can assess the emotional tone of
a text, which is useful for analyzing customer feedback. Additionally, in medical image analysis, algorithms can assist in
diagnosing conditions by examining images such as X-rays or MRIs. ML techniques are adopted in multidisciplinary prob-
lems. The fields of application include, for example, biomedical issues [1], cyber security [2], and finally, manufacturing
processes [3]. In this last field, ML becomes strategic in facing fundamental issues related to the quality of products and
the efficiency of the systems. Several studies are concerned with the application of machine vision and ML techniques
in Additive Manufacturing processes [4-6] or Electrical Discharge Machining (EDM) processes [7]. Other essential appli-
cations in electronic manufacturing are related to the quality controls for electronic products and PCBs. Several studies
have been carried out to evaluate the performance of ML algorithms in recognizing electronic components and defects
in the PCB or in the assembly phases [8-14] and, generally, in various stages of the life cycle [15-18].

In this type of application, one of the common problems is the availability of the data to test the solutions. Although
the class of products is well identified, the variability of the technical specifications is very high because PCBs are used for
any modern product. In the literature, few open-source datasets are available. Each dataset is related to a specific class
of products and a particular technological issue. Generally, the main adopted approaches are individuating the type of
defects on the manufactured PCBs, individuating the types of mounted components on the PCBs, and controlling the
quality of the assembly phase.

The dataset’s technical specifications are characterized by the availability of images of the electronic components and,
more in general, of the PCBs with and without mounted components. For this reason, specific ML algorithms are used
to process this type of data (i.e., optical image). Among the main techniques for image processing, the models based on
Convolutional Neural Networks (CNNs) excel in tasks like image classification, object detection, and segmentation. This
specific type of Neural Network uses the mathematical operation called “Convolution” to elaborate the information con-
tained within each image. The Neural Network algorithms belong to the subset of ML algorithms named Deep Learning
(DL) [19]. The term “Deep”is associated with a typical network layout. Several layers compose a single network, and the
word “Deep”is related to the depth of the network structure in terms of the number of layers. Generally, the complexity
of a Neural Network depends on the number of layers. In the specific case of the CNN, the Convolution operations are
applied in the early layers of the network. After these layers, there are other “Fully Dense Layers” to elaborate the raw
data obtained by Convolutional operations. In Fig. 1, a typical structure of a CNN is shown.

This study aims to test the Mask R-CNN techniques to analyze the quality aspects of the PCBs. The activity has been
organized in different steps:

- Individuation of the open-source PCB dataset that results more suitable for the applications of interest (aerospace
applications);
- Analysis of the main ML algorithms of interest and individuation of the adopted solution;

Fig.1 Structure of a CNN Convolution Neural Network (CNN)
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- Definition of opportune strategies for the training phase of the chosen algorithm;
- Training and testing the implemented solution.

The goal of this work is to evaluate the ML algorithms’ performance for quality control in PCB manufacturing. In
particular, this paper aims to test the performance of Mask R-CNN by Detectron2 and YOLOVS to individuate the best
solution for this specific task.

The study lays the basis for the development of a novel methodology for quality control in PCB manufacturing for
aerospace applications. The algorithms are tested considering an open-source dataset and focusing the analysis on two
defects: missing holes and shorts. The two defects were selected since they are particularly interesting for the aerospace
field. Indeed, in this context, the defects to monitor are defined by the European Standard ECSS-Q-ST-70-38C, which
provides guidelines for the manufacturing and assembly of PCBs in the aerospace sector. Therefore, the two chosen
classes of defects were identified based on the features available in the open-source dataset, the European Standard
ECSS-Q-ST-70-38C, and the types of more widespread defects that the methodology aims to control.

The control quality process for PCB manufacturing in the aerospace field has to be much more reliable and accurate
than in other sectors manufacturing PCBs for more conventional uses, such as consumer electronics and automotive.
The stringent standards (e.g. European Standard ECSS-Q-ST-70-38C) limit the degree of freedom in the overall processes,
necessitating a reliable and accurate inspection phase.

For this reason, the quality control tasks in this sector are still carried out manually, relying on the technicians’expertise
since no automatic inspection system is as accurate and reliable as experienced operators. The developed methodology
will improve the quality control performance by reducing the required processing time and improving the accuracy and
reliability of inspection by adopting ML techniques.

Therefore, the objective of the method is to introduce significant improvements in the performance of the control
quality process for PCB manufacturing in the aerospace field.

In future works, the best-developed algorithm will be deployed and integrated into a specific embedded microcon-
troller with an Artificial intelligence (Al) engine to perform the automated or semiautomated quality control process.
The vision sensor able to acquire the images to be inspected will be installed on robotic or manually operated arms. In
the case of semiautomated quality control tasks (i.e., the operator and the ML model working together cooperatively),
the methodology will support the technicians in inspecting production defects, improving the operator’s performance.

2 Literature review

Various approaches and technologies to improve inspection processes and ensure PCB quality can be found in scientific
literature. Automated Optical Inspection (AOI) systems are crucial for defect detection in mounted and bare PCBs [20].
These systems utilize machine vision to streamline inspections and address challenges associated with manual inspec-
tion [21]. Real-time automated visual inspection systems have been developed to promptly identify missing footprints
on PCBs, underlining the importance of timely defect identification [22]. Efforts have also been made to enhance PCB
quality assurance through automated inspection systems utilizing techniques such as Affine-SIFT and TRIZ [23].

Moreover, studies have investigated the use of neural networks for detecting missing components on PCBs, demon-
strating the application of advanced technologies in inspection processes [24]. Comparative studies on image registra-
tion techniques have been conducted to optimize automated inspection systems for PCBs, emphasizing the selection
of suitable methods for accurate assessments [25]. Machine vision-based systems have been utilized for in-process
light-emitting diode chip mounting on PCBs, showcasing the role of artificial intelligence in feature extraction and
inspection tasks [26].

Additionally, research has explored the detection of solder paste defects on PCBs using optimization-based deep
learning models, integrating image processing techniques for early defect detection [27]. Studies have also examined
the impact of substrates on microvia structures in PCBs during reflow processes, indicating technological advancements
and design considerations in PCB manufacturing [28]. Furthermore, investigations in the development of flexible and
functional PCBs using subtractive technology and 3D printing have been conducted, highlighting innovative approaches
to PCB fabrication [29].

The significance of machine learning has grown steadily in recent decades. Among the various techniques within
machine learning, deep learning emerges as a highly promising subset.

@ Discover



Research
Discover Applied Sciences (2025) 7:257 | https://doi.org/10.1007/542452-025-06641-x

Deep learning belongs to the category of machine learning algorithms employing multiple layers of artificial neu-
ral networks to address intricate problems. This methodology has demonstrated cutting-edge performance across
diverse applications such as image recognition, speech recognition, natural language processing, and beyond [30-371].

Among the main applications, the manufacturing context is one field in which deep learning and, generally,
machine learning are implemented to solve several technological problems. For quality aspects related to the manu-
facturing of PCB boards, the YOLO v3 algorithm has been adopted [38], while the CNN algorithm has been applied
for object detection [39].

Table 1 shows the summary table of the main applications of deep learning.

3 Methods
3.1 DL Frameworks

Amid the number of available frameworks for deep learning applications, this paper has concentrated on the testing
and application of Detectron2 [44].

Detectron2 is an open-source deep learning framework developed by Facebook Al Research (FAIR) for object
detection and instance segmentation tasks. It is the successor to the original Detectron framework and is built using
the PyTorch deep learning library.

Detectron2 provides a modular and flexible design that allows researchers and practitioners to easily build and
experiment with different object detection models. It includes the implementations of state-of-the-art object detec-
tion algorithms such as Faster R-CNN, Mask R-CNN, and RetinaNet. It provides several pre-trained models for various
tasks and datasets.

The key features of Detectron2 include [45]:

A modular and extensible design that allows for easy experimentation with different components and architectures.
A flexible configuration system that allows users to customize the training and evaluation process easily.

Support for multi-GPU training and distributed training across multiple machines.

Arich set of pre-processing and post-processing utilities for working with image and video data.

A user-friendly interface for visualizing and analyzing model predictions.

Detectron2 has been used in various applications, including self-driving cars, robotics, and machine vision research.
It has also been used to achieve state-of-the-art results in several benchmark datasets for object detection and
instance segmentation tasks.

For manufacturing applications, Detectron2 was applied to monitor the defects for 3D Printing parts [46].

Table 1 Literature review

Paper Algorithm Results and limit

[40] Yolo Results: The proposed framework is focused on two solder joint datasets: they are insufficient solder
(dataset_1) and shifting solder (dataset_2)
Limit: the work is focused on the soldering characteristics, and it doesn't characteristic of the Pcb Board

[41] Faster R-CNN Results: The proposed framework is focused on the defect detection in solder joint for Connectors
Limit: The application doesn’t consider the PCB board product
[42] 3D CNN and LSTM Results: The results highlight as the 3D CNN better performs in the defect detection

Limit: The quality control is carried out on X-Ray images
[43] YOLO-MBBi Results: The paper consider a dataset with characteristics comparable than the application of interest
of the proposed work
Limit: The research is focused on the implementation of Yolov5 in the customized version

@ Discover



Discover Applied Sciences (2025) 7:257 | https://doi.org/10.1007/542452-025-06641-x

Research
Fig.2 Examples of (i) images
from the FICS-PCB dataset: (i) 1 0
six annotated components [.] k) m

“:‘gbr 2 2 !

Capacitor | Resistor

Transistor Diode

i) ii)

Inductor
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3.2 Open-source datasets

Different open-source datasets are available in the literature, intending to provide benchmarks for AOIl and classifica-
tion methods of PCBs based on machine vision.

It is worth to note that fewer of them contain images that simulate realistic applications, e.g., orientation, scale
variations, and illumination, that are required to develop reliable and efficient PCB AOI techniques.

In some cases, the inspection target is the PCB assembly (PCBA), where all the components have been placed and
soldered on the PCB and can carry out the electronic functions. Automatic inspection of PCBA is used for manu-
facturing, rework, and recycling processes to classify the PCBs, the soldered components, or the soldering quality.

In other cases, only the PCB without components is the focus of the inspection to assess the PCB manufacturing
quality and classify the manufacturing defects, e.g. in traces, vias, or holes.

In [8], the authors have designed and implemented an open-source dataset, i.e. FICS-PCB, to support developing
techniques for classifying soldered components on the PCBs. The dataset contains different challenging scenarios:
varying lighting conditions, diverse image sensors, and different image scales. This dataset includes 9912 images
acquired by 31 different PCB samples featuring multiple types of components with related annotations (see Fig. 2).
The smallest component is 0.5 mm?, while the largest is 256 mm?. A digital microscope and a Digital Single-Lens
Reflex (DSLR) camera have been used to acquire the high-resolution RGB images.

A public dataset to support research on machine vision-based PCB analysis for recycling applications was designed
by [47]. The dataset includes 748 images of 165 PCBs with different orientations from a recycling plant acquired on
a conveyor belt using a DSLR camera under an illumination-controlled environment. The authors provide different
annotations on the acquired images: segmentation and bounding box information for the PCBs and the Integrated
Circuit (IC) chips (i.e. 9313 samples), as seen in Fig. 3. The smallest IC is 15 mm?, while smaller components, i.e. resistors
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and capacitors, are not considered due to the resolution of the vision system used. The dataset was designed to test
different methods for PCB classification based on IC chip identification or for detecting specific chips in the PCBs.

PCB-Metal [38] is a dataset designed for PCB component inspection and classification. It was collected from a DSLR
high-resolution camera under an illumination-controlled environment and provided PCB orientation variations. PCB-
Metal consists of 984 images and records locations of different components, including ICs, capacitors, resistors, and
inductors (see Fig. 4).

DeepPCB [48] is an open-source dataset intended for trace and via defect detection on naked PCBs (i.e. without
soldered components). It provides 1500 images with synthesized PCB defects with annotations and reference images
(defect-free) of the PCBs. The images were obtained from an industrial grayscale charge-coupled device (CCD) camera,
as shown in Fig. 5.

In [39], the authors have presented a synthesized dataset comprising 1,386 naked PCB images with 6 different types of
manufacturing defect, i.e., missing hole, mouse bite, open circuit, short, spur, and spurious copper. Half are in the correct
orientation and represent the templates; the other half are randomly rotated (see Fig. 6). All the images were acquired
by a microscope from 10 standard template PCBs without soldered components. The bounding box and the coordinate
information for every defect in every image are supplied in the dataset. This open-source dataset can be adopted to test
and compare different PCB detection, classification, and registration methods.

In Table 2, a summary of the existing PCB datasets is provided, highlighting their main characteristics, the objects of
interest, and the limitations from the perspective of the goals of this work.

Fig.4 Example images from
the PCB-METAL dataset

Fig. 5 Example of (i) a defect-
free template image and (ji) a
defective tested image with

information of the positions .

and types of PCB defects in

the DeepPCB dataset ‘]‘ ” =

]TIIIIIII!I e ]IIIIIIIII“I e

i) i)

Fig. 6 Examples of PCBs with
mouse bite defects in the
dataset: (i) is the defect image
with the same position, i.e. the
template, (ii) is the image with
random orientation
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Fig. 7 PCBs used to build the dataset

Table 3 Dataset structure

Defect
PCB Missing hole  Mouse bite  Opencircuit Short Spur Spurious Total per PCB
copper
1 20 20 20 20 20 20 120
4 20 20 20 20 20 20 120
5 10 10 10 10 10 10 60
6 10 10 10 11 10 10 61
7 10 10 10 10 10 10 60
8 10 10 10 10 10 10 60
9 10 10 10 10 10 10 60
10 5 5 6 5 5 6 32
11 10 10 10 10 10 10 60
12 10 10 10 10 10 10 60
Total per defect 115 115 116 116 115 116 693
Table 4 Image dimension for PCB Image dimension
each PCB
Width Height
Pixel mm Pixel mm
1 3034 802,7 1586 419,6
4 3056 808,6 2464 651,9
5 2544 673,1 2156 5704
6 2868 758,8 2316 612,8
7 2904 768,3 1921 508,3
8 2759 730,0 2154 569,9
9 2775 734,2 2159 571,2
10 2240 592,7 2016 5334
11 2282 603,8 2248 594,8
12 2529 669,1 2530 669,4
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Fig.9 Example image of
dataset_1: Missing hole

Fig. 10 Example image of
dataset_2: Short

Table 5 Statistics of dataset_1

Defect category missing_hole
Number of Images 95
Number of Defects 391

To test and validate the proposed AOI method, based on the Mask R-CNN method, for detecting the defects on PCBs
without soldered components, the last dataset has been adopted since it is significant in scale with a good representa-
tion of PCB defect types and it simulates the variability in real-world scenarios. The chosen dataset allows to carry out
preliminary analysis to investigate the performance of the selected DL algorithm to face qualitative aspects on the
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Fig. 11 Distribution of defects
per PCB (dataset_1)

Fig. 12 Distribution of the
defect instances per subset
(Dataset_1)
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Table 6 Statistics of dataset_2

Fig. 13 Distribution of defects
per PCB (dataset_2)
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production of PCBs for aerospace applications. The feature types in this dataset, such as the missing hole and short, are
comparable to the defects on the PCB for aerospace applications (e.g. microsatellites).

3.3 Dataset overview

As said, to achieve the set goal of this work, the PCB defect dataset [39] released by Open Lab on Human-Robot Interac-

tion of Peking University is used.
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Fig. 15 Different labeled missing holes: (i) annotation for round track; (ii) annotation for square track; (iii) annotation for elliptical track

() (i)

Fig. 16 (i) First strategy for annotation of shorts (ii) Second strategy for annotation of shorts

The images included in this dataset were acquired through a PCB image acquisition system [49] that is equipped with:

- A 16-megapixel HD industrial camera equipped with a CMOS sensor, with a focal length adjustable between 6 and
12 mm and a maximum aperture of f1.6;

- An undistorted zoomable industrial lens that allows to acquire images of PCBs with different sizes, avoiding edge
distortion;

- Two frosted ring LED sources with a customized diffuse matting board to prevent specular reflection and potential
board shadows.
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Fig. 17 H shape mask geo-
metric parameters
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In this dataset, 10 different types of PCB were considered for acquiring defect samples, as shown in Fig. 7.

It contains 693 RGB images of 6 types of defects, including missing holes, mouse bites, open circuits, shorts, spurs,
and spurious copper. For each defect, samples referred to the different PCBs are provided. Each image contains from 2
to 6 defects at different points.

The structure of the dataset is shown in Table 3.

Image dimension is not constant, but it depends on the considered PCB. Table 4 and Fig. 8 provide the image dimen-
sion of each PCB in pixels and millimeters.

Among all defect types (e.g. missing holes, shorts, spike, excessive solder, poor solder, positioning errors), this paper
focuses on missing holes and shorts. For this reason, two different datasets are created, including respectively samples
referred to missing holes (dataset_1) and shorts (dataset_2). In Figs. 9 and 10, two images representative of dataset_1
and dataset_2 are shown.

The study has been focused on the missing hole and short spur defects rather than on other types because they are
particularly interesting for the context of the application (i.e., aerospace applications).

3.4 Dataset_1

In dataset_1, 95 images are included. Samples referred to PCB 8 and PCB 9 are not considered because of their complexity
in the labeling phase. 391 defects referred to missing holes were identified in the entire dataset (see Table 5). Negative
samples (i.e. missing hole defects) represent about half of the total samples in the dataset_1. Details of the distribution
of the defects for PCB are shown in Fig. 11. In particular, it can be noted that most of the PCBs contain five (48 PCBs) or
three (43 PCBs) defects per image.

Fig. 18 Backbone Network
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Table.7. Hyperparameter Hyperparameters
definition
Max iteration parameter 600
Learning Rate 0.001
Variable Setting
Batch size 16
Learning rate 0.001
Learning Rate Schedule Adagrad
Number of Classes 1
Rotation None
Weight Decay None

Dataset_1 was split into training and validation subsets, including 80 and 15 images, respectively. Figure 12 shows
the distribution of the defect instances per subset.

3.5 Dataset_2

Dataset_2 includes 96 images. As for the previous dataset, PCB 8 and PCB 9 images are not included for complexity con-
cerns. A total number of 374 defects referred to shorts were labeled (see Table 6). Negative samples (i.e. short defects)
represent about half of the total samples in the dataset_2. Figure 13 shows the distribution of the defects for PCB. The
results highlight that most PCBs contain three (i.e. 45 PCBs) or five (i.e. 33 PCBs) defects per image. As for dataset_1,
Dataset_2 was also split into training and validation subsets. In this case, in the training set, 81 images were included,
while in the validation set, the remaining 15 images. Figure 14 shows the distribution of the defect instances per subset.

3.6 Labeling strategies

The annotation of instances related to various defects was accomplished using an open-source image annotation
tool called LabelMe. This tool facilitated the delineation of each instance’s footprint and the assignment of specific
labels. LabelMe enables the creation of a JSON file that includes all the generated masks for different defects.

The appropriate strategy for the dataset, which referred to missing hole defects, was easily found. The annotation
was created by outlining the contour of soldered thru-hole pads with an internal background colored as the PCB (in
this case, green). In Fig. 15, three different examples of the labeled missing holes are presented.

For the dataset referred to shorts, two different strategies were identified. The first one is based on the annotation
of the piece that connects two separate tracks (Fig. 16i). However, this solution did not provide acceptable results.

For this reason, a second strategy was adopted. In this case, a mask with an H-shape was created to annotate the
area connecting two separate tracks (Fig. 16ii).

For the mask with an H-shape, the geometric parameters are defined considering this geometric figure as a sum
of simple three rectangles, or rather:

- Two vertical lateral rectangles called wings;
- A horizontal central rectangle called bridge.

Breaking down this shape, the length wing (L,) and length bridge (L,) are defined. In the labeling phase, it has
been considered a L/L,, ratio that varies from about 1.0 to 1.5. This strategy allows to consider the distance vari-
ation between the tracks (Fig. 17).

3.7 Model configuration

The technical specifications of the Mask R-CNN configuration are the following:
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Table 8 Definition of True Positive (TP), False Positive (FP), and False Negative (FN)

Label Description Representation
TP The object is there, and the model detects it with an loU>0.5
= Ground Truth
= Prediction
FP The object is there, but the model detects it with an loU <0.5

The object is not there, and the model detects one

FN The object is there, and the model doesn't detect it

= Ground Truth
= Prediction

= Ground Truth
= Prediction

= Ground Truth
= Prediction

e Backbone Architecture (see Fig. 18): ResNet-50 provides a robust foundation for defect detection on PCB boards due
to its robust feature extraction capabilities, pre-trained weights from ImageNet, efficient training with skip connec-

tions, computational efficiency, and proven generalization across diverse defect types.

e Inputimage size: the data are described in Table 2.

e Hyperparameter settings: in the Mask R-CNN algorithm, hyperparameters control the model’s behavior during train-
ing and inference. These hyperparameters include values like learning rate, batch size, and number of iterations. In

Table 7, the hyperparameters adopted in this work are reported.
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Table 9 Performance metrics used (area expressed in pixels)
Average precision (AP)
AP Percentage of AP at loU =.50:.05: .95
AP loU=:50 Percentage of AP at loU=.50
AP loU=75 Percentage of AP at loU=.75
Average precision across scales

Ap smal Percentage of AP for small objects: area < 322

Ap medium Percentage of AP for medium objects: 32% < area < 967

AP farge Percentage of AP for large objects: area > 962

Ap 2 Percentage of AP not considering the size of the detection
4 Results

4.1 Model evaluation

The CNN performance assessment was performed by adopting the Average Precision (AP). Furthermore, the model’s
proficiency in defect localization is evaluated by comparing it to the ground truth through the Intersection of Union (loU)
metrics. loU represents the intersection between the ground truth and the predicted mask, serving as a dimensionless
variable. It is commonly employed with a threshold of 0.5 to differentiate valid detections from invalid ones [55].

The determination of true positives (TP), false positives (FP), and false negatives (FN) is outlined in Table 8. Precision
and Recall metrics are calculated using Egs. (1) and (2), respectively.

TP
Precision(P) = —————
recision(P) TP+ FP )
TP
RecallR) = ————
ecall®) = 75PN @

The AP for evaluation of the PCB defect detection is calculated from the graph plotted between precision and recall
values, as shown in Eq. (3):

n—1

AP = Y [R(k) = Rk = )] « P(K) 3)
k=0

where n is the number of defects identified.

The COCO (Common Objects In Context) detection metrics allow the definition of the AP and the AR values based
on different loU thresholds, detection numbers, and object scales (i.e. dimensions of identified objects). In Table 9, the
metrics used are shown.

Table 10 Performance of

) . Missing hole defetcs—dataset_1
segmentation algorithms

Model box_loss  seg_loss  cls_loss  total_loss mAP50-95  Stopping epoch

YOLOv8 0.9031 0.7204 0.5224 2,146 0.261 90

Detectron2 (Mask R-CNN) 0.199 0.147 0.043 0.434 0.798 600

Short Defects—dataset_2
Model box_loss  seg_loss cls_loss  total_loss mAP50-95  Stopping epoch
YOLOv8 1.257 1.418 0.648 3,323 0,399 114
Detectron2 (Mask R-CNN)  0.367 0.235 0.085 0.745 0.519 600
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In Detectron2, there are several pre-trained models. These models adapt pre-trained weights on predefined datasets
to the customized dataset. They are ready for use because they have previously been trained on various datasets. In
order to evaluate whether the model fits new datasets, the multi-loss function is applied during the learning stage. It
is possible to assess the loss function as a weighted sum of three contributions (as shown in Eq. 4): classification error
(loss_cls), localization error (loss_box_reg), and segmentation error (loss_mask).

loss,y; = loss,, + Iossboxreg + loss_mask 4)

4.2 Training and validation

This paper implements two different Mask R-CNN models: the former trained on dataset_1 and the latter trained on
dataset_2. In both cases, the first step was to import DefaultTrainer from the Detectron2 engine module. The list of the
hyperparameters used for training the two datasets is reported in Table 7. The number of iterations depended on the
dataset size and the complexity of the task; for the two datasets, 600 iterations were chosen. The number of classes for
both datasets is 1; as mentioned in the previous sections, for dataset_1, the class is represented by missing hole defects,
while for dataset_2, the class is short defects.The model performance trained on dataset_1 and dataset_2 can be evalu-
ated through loss (computed on the training dataset) and AP values (calculated on the validation datasets). The hardware
specs are an Intel Xeon CPU with 2 vCPUs (virtual CPUs) and 13 GB of RAM and an NVIDIA Tesla K80 with 12 GB of VRAM.
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Fig. 19 Normalized Confusion Matrix for: (i) YOLOv8—missing hole dataset, (ii) YOLOv8—short dataset, (iii) Detectron2—missing hole data-
set, and (iv) Detectron2—short dataset
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loss_cls loss_box_reg
tag: loss_cls tag: loss_box_reg

(i) (ii)

loss_mask total_loss
tag: loss_mask tag: totalJoss

Fig.20 Loss Function trends of dataset_1: (i) classification, (ii) detection, (iii) segmentation, and (iv) total loss

The total training time was 405 s for Dataset 1 and 379 s for Dataset 2. Detectron2 allows for instantaneous single infer-
ence (lessthan 1 s).

4.3 Algorithm performance analysis

The selection of the Mask R-CNN is motivated by a preliminary study for the tasks of interest focused on the perfor-
mance evaluation of this algorithm compared with the YOLOVS.

Mask R-CNN emerges as one of the cutting-edge models in instance segmentation and object detection, high-
lighting remarkable strengths alongside certain inherent limitations. Compared to alternative models such as YOLO
(You Only Look Once), Mask R-CNN demonstrates higher pixel-level precision and accuracy, such as segmentation.
Its capability to furnish intricate segmentation masks enhances its effectiveness when a detailed comprehension of
object perimeters holds significance. Nonetheless, concerning speed and applications requiring real-time processing,
models like YOLO might surpass Mask R-CNN owing to their single-shot approach, which analyzes the entire image in
a single iteration [50]. Although there are some limitations, the technical specifications of the application context of
the study (i.e. PCB manufacturing quality control for the aerospace sector), characterized by a demand for very high
assembly accuracy and very high reliability and accuracy of visual inspection compared to the computational speed
and ease, allow the exploitation of the strength points of the Mask R-CNN algorithm. This implementation aims to
recognize soldering defects of microelectronic components and PCBs, where the identification of the boundaries is
often very complicated.

Table 10 shows the performance comparison of Mask R-CNN by Detectron2 and YOLOVS in the training and vali-
dation of the adopted datasets, i.e., missing hole and short. For the YOLOv8 model, the same parameters and hyper-
parameters used for the Dectron2 are adopted to compare the models better (see “Model configuration” Section).
Figure 19 shows the normalized confusion matrices for Detectron2 and YOLOv8 models, illustrating the occurrences
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Table 11 Evaluation of AP

i Result dataset_1
metric for dataset_1 and

dataset_2 Detection
Metric loU Area maxDets Value [%]
AP @loU=.50:.05:.95 All 100 82.20
AP @loU=.50 All 100 100.00
AP @loU=.75 All 100 97.60
AP @loU=.50:.05: .95 Small 100 80.50
AP @loU=.50:.05: .95 Medium 100 82.60
AP @loU=.50:.05:.95 Large 100 NaN
Segmentation
AP @loU=.50:.05: .95 All 100 79.30
AP @loU=.50 All 100 100.00
AP @loU=.75 All 100 97.60
AP @loU=.50:.05:.95 Small (area < 32?) 100 68.80
AP @loU=.50:.05:.95 Medium (322 < area < 96%) 100 80.20
AP @loU=.50:.05:.95 Large (area>96?) 100 NaN
Result dataset_2
Detection
Metric loU Area maxDets Value [%]
AP @loU=.50:.05: .95 All 100 55.80
AP @loU=.50 All 100 94.00
AP @loU=.75 All 100 55.10
AP @loU=.50:.05:.95 Small (area <32?) 100 68.90
AP @loU=.50 Medium (322 < area < 96%) 100 54.80
AP @loU=.75 Large (area>96?) 100 57.60
Segmentation
AP @loU=.50:.05:.95 All 100 51.90
AP @loU=.50 All 100 94.00
AP @loU=.75 All 100 48.30
AP @loU=.50:.05:.95 Small (area <32?) 100 46.60
AP @loU=.50 Medium (322 < area < 96%) 100 53.40
AP @loU=.75 Large (area>96?) 100 50.10
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Fig. 22 Inference example 2
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Fig. 23 Loss Function trends of dataset_2: (i) classification, (ii) detection, (iii) segmentation, and (iv) total loss

of true positives (i.e., correct predictions), false positives (i.e., incorrect predictions), and false negatives (i.e., missing
predictions) on the test images of both datasets.

The obtained results suggest that the Mask R-CNN is a candidate for the most promising solution for specific tasks
in which the boundaries of the geometric features are not clearly identifiable. The results highlight that for the two
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Fig. 24 Inference example 1
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classes of defects (missing holes and shorts), the mAP50-95 is greater in the case of Mask R-CNN. The loss values
confirm the better performance of Mask R-CNN.
The following sections describe the results obtained for the Mask R-CNN model in detail.

4.4 Result dataset_1

This section presents results related to dataset_1 for the Mask-CNN model. In Fig. 20, loss function trends for classifi-
cation (i), detection (ii), segmentation (iii), and total loss (iv) are highlighted. It can be noted that, during the model
training, the loss function decreases and becomes stable with the increase of the iteration number.

The total loss function decreases until 0.434 (600 iterations). The loss function related to the classification task
assumes a value close to zero (0.043) and the loss mask (0.147). The loss function referred to detection (loss_box_
reg) also tends to zero (reaching the value of 0.199), but it increases until the 165th iteration.

The model framework performed promising results regarding the precision of the detections and segmentations
in the validation phase. The AP (100 max items detected, i.e. maxDets) for detection and segmentation yielded
values of 82.20 and 79.30, respectively.

Table 11 displays the evaluation metrics for the trained Mask R-CNN model (dataset_1).

Figures 21 and 22 show two examples of missing hole detection and segmentation performed on the validation
dataset (i.e. inference examples). The algorithm correctly detects missing holes, and the value of inference is 100%.
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A validation dataset is a subset of data not involved in the training step of the model [52]. It allows to evaluate the
model performance on data not considered previously. It can observe bounding boxes, including predicted shapes
and AP percentages.

It highlights that all the predictions reach the percentage of 100%, which confirms that the model is well-trained
and can be considered valid.

4.5 Result dataset 2

As done for the dataset referred to missing hole defects, the performances of the Mask R-CNN trained on dataset_2
(i.e. referred to shorts) are shown. The loss function trends related to classification (i), detection (ii), segmentation (iii),
and cumulative loss (iv) are illustrated in Fig. 23. Differently from the previous case, loss values are slightly higher. In
particular, loss related to classification assumes a value of 0.085, loss for detection is 0.367, and the total loss reaches
a value of 0.745. The loss mask is the only loss value that results lower than the previous model (equal to 0.235).

Concerning the precision of the detections and segmentations of the validation phase, the AP (100 max items
detected, i.e. maxDets) assumes values respectively equal to 55.79 and 51.88. All the evaluation metrics for the trained
Mask R-CNN model performed on dataset_2 are provided in Table 11.

These results are also reflected in a lower accuracy percentage of the predictions. Figure 24 and 25 show two infer-
ence examples of shorts detection and segmentation performed on the validation dataset. It can be noted that just
one instance reaches the percentage of 100%, while the others assume values in the range of 95-99%.

4.6 Summary of results for dataset_1 and dataset_2

The obtained results for the two classes of chosen defects highlight that the approach is very promising. In both
cases, the trained algorithm can detect the defect with good percentages of inference (> 95%). However, the trained
algorithm for missing hole defects performs better than the one for short defects.

For the missing hole defects, the model shows good results regarding the precision of detections and segmenta-
tions. The AP (i.e. 100 max items detected, maxDets) for detection and segmentation yielded values of 82.20 and
79.30, respectively. Table 11 displays the evaluation metrics for the trained Mask R-CNN model (dataset_1).

For the short defect class, the performance of the trained algorithm can be considered acceptable in this early
stage, but it highlights future investigations that can improve the performance. The AP for detection and segmenta-
tion yielded values of 55.79 and 51.88, respectively. Table 11 displays the evaluation metrics for the trained Mask
R-CNN model (dataset_2).

5 Discussion and conclusions

This paper proposes a study to investigate the possibility of using open-source DL frameworks to face technical issues in
the quality control process related to the manufacturing of PCB boards, especially for the aerospace sector. Quality control
is fundamental for this class of products because manufacturing defects could affect their functionality. AOI represents a
suitable contactless test method for checking PCB integrity after manufacturing. The technical specifications for quality
control depend on the PCB’s specific application. For example, PCB requirements significantly change depending on
whether the board is utilized in consumer devices or intended for the aerospace industry. In the last case, the require-
ments are highly stringent for the critical environmental conditions where they are employed. However, the quality
control process is often performed with a traditional human-based approach and depends on the operator’s expertise.

For this reason, the possibility of implementing automated solutions to support the quality control process is a
significant challenge. Starting from this consideration, the proposed study has investigated the possibility of adopt-
ing a DL algorithm, i.e. Mask R-CNN, to develop a tool to assist the quality control process of PCB manufacturing.

In particular, the research focused on testing two DL algorithms: Mask R-CNN by Detectron2 and YOLOVS.

An image-based open-source dataset has been adopted to test the algorithms. Two types of PCB defects were
considered: the missing holes and the shorts.

To identify these types of defects, two different Mask R-CNN and YOLOv8 were trained with two suitable subsets
of the open-source database.
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Table 12 Comparative Image analysis between YOLOv8 and Mask R-CNN predictions

Annotation

(id: 12_missing_hole_03)
Image Annotation: 5

(id: 04_short_03)
Image Annotation: 3

YOLOv8
Missing Hole

missing_hole 0.88

H\issirng:ole 0.86

missing_hole 0.70

migsing_hole 0.88

missing_hole 0.missing_hole 0.49

Inferance: 6 (FP: 0; FN:0, TP: 5)
Inference confidence: 49-88%
Mask R-CNN
Missing Hole

Shorts

short 0.77

short 0.75

short 0.80

Prediction: 5 (FP: 0; FN:0, TP: 5)
Inference confidence: 77-80%

Shorts
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Table 12 (continued)

Annotation

missing_hole

T — . —_ (id: 04_short_03)
(id: 12_missing_hole_03) Image Annotation: 3
Image Annotation: 5

R —— — Prediction: 3 (FP: 0; FN:0, TP: 3)
Prediction: 6 (FP: 0; FN:0, TP: 6) Inference confidence: 94-98%
Inference confidence: 97-100%

The goal of these experimental tests was to analyze the different approaches of the two algorithms that face the problem of
defect detection for PCB boards. In this specific task, feature recognition is challenging because the components and features
to identify can be in the sub-millimetric scale (e.g. the 0402 resistor dimensions are 1.0 mm x 0.5 mm), and the boundaries are
not clearly identified. As reported in the previous sections, the Mask R-CNN model achieves more accurate defect segmenta-
tion and detection results than the YOLOV8. For example, for missing hole dataset training, the mAP50-95 for Mask R-CNN is
0.798, while for YOLOvV8 is 0.261. For short dataset training, the mAP50-95 for Mask R-CNN is 0.519, while for YOLOv8 is 0.399.
Table 12 shows the comparative image analysis between YOLOv8 and Mask R-CNN predictions in the validation phase. The
images highlight that, for the two classes of defects, Mask R-CNN provides a percentage of inference greater than YOLOvVS.
The obtained results suggest that Mask R-CNN could be an essential resource to implement solutions that allow to face this
kind of problems thanks to its ability to detect features with complex boundaries in which the background could be confus-
ing with the features themselves. Anyway, future researches are required for short defect identification to tune the solutions
for solving some technological problems, such as false positives and negatives. These missing or incorrect predictions and
segmentations in PCB defect detection can cause different issues in the manufacturing process, leading to unnecessary
halts, misallocating resources, and partially or totally compromised product quality. Strategies such as data augmentation,
balanced datasets, threshold optimization, model architecture adjustments, post-processing techniques, and continuous
monitoring can mitigate these issues. By implementing these strategies, future implementations can enhance detection
accuracy and manufacturing efficiency while minimizing false positives and false negative impacts.
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The work allowed the identification of the Mask R-CNN as a suitable model for defect detection in the PCB boards.

Future works carry out new experimental activities focused on performance improvement, especially for short defects.
For this, other labeling strategies could be tested to find a different solution that allows easier identification of this defect.

For future developments, a new custom dataset will be defined and developed to include all defect types of the
standard ECSS-Q-ST-70-38C for aerospace applications and to improve the algorithms’ performance. The dataset will
be open-source, allowing testing of different Al models, such as mask R-CNN, for specific industrial application cases.

To improve the model performance and overcome the dataset limits dimension, the Dual Generator-based Generative
Adversarial Network (DG-GAN) will be tested to improve the dataset used. This could produce high-quality and high-
diversity defect images [53].

Further, it could be interesting to test the capabilities offered by new algorithms for this specific application, as the
OpenMMLab segmentation framework [56].
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