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1  Introduction

With the arrival of the Industry 4.0 era [1], the manufactur-
ing industry has begun to step into the development path 
of intelligence, high-end and green. Printed circuit boards 
(PCBs) [2], as the support body of electronic components, 
play an increasingly critical role in all kinds of electronic 
devices [3]. High-quality production and repair of printed 
circuit boards requires not only precise design, but also 
real-time and accurate PCB image stitching technology to 
achieve accurate detection of components and ensure prod-
uct reliability [4].

Traditional image acquisition methods rely on fixed 
focal lengths and lighting conditions [5], which often fail to 

provide sufficient detail and clarity when dealing with com-
plex and dense PCB layouts. Scale-Invariant Feature Trans-
form [6] (SIFT) and Speeded-Up Robust Features (SURF) 
[7] are commonly used local feature detection methods 
that exhibit good scale and rotation invariance [8, 9]. How-
ever, these methods have high computational complexity. 
Improved SIFT algorithms proposed by [10, 11] effectively 
reduce inference and computation time, but still perform 
poorly when handling repetitive patterns and complex back-
grounds. Additionally, hybrid methods [12–14] that combine 
local and global features enhance matching robustness. Deep 
learning methods [15–17], such as Convolutional Neural 
Networks [18] (CNNs), demonstrate superior performance 
in feature extraction but are inefficient when processing 
large-scale images.

The method proposed in this paper adjusts the focal 
length based on heatmap [19]-identified component-dense 
regions to capture high-resolution images, providing suf-
ficient clarity for dense PCB component areas. The Trans-
former [20–22] model is employed to extract image feature 
points, using self-attention [23] and cross-attention [24] 
mechanisms to capture both global and local correlations, 
thereby improving the accuracy and robustness of feature 
extraction. The extracted feature points are clustered and 
filtered using the K-means clustering algorithm [25], reduc-
ing redundant data and enhancing matching efficiency and 
accuracy. This approach has advantages in handling large-
scale image data.

The test scenario in this work is focused on the repair 
and inspection of defective PC boards identified by repair 
engineers through initial tests, such as voltage and power 
assessments. In these scenarios, sparse component areas on 
the board are typically easy for engineers to inspect visu-
ally, allowing them to detect issues like missing solder, 
reversed polarity, or misplaced components. However, in 
densely populated areas, it becomes challenging to visually 
inspect small components, and traditional Automated Opti-
cal Inspection (AOI) systems struggle to accurately detect 
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and identify component names and polarities due to insuf-
ficient imaging resolution. This is where our algorithm plays 
a crucial role by enhancing detection capabilities in these 
challenging areas.

The key contributions of our paper are summarized as 
follows:

1.	 A novel selective area focus technique that emphasizes 
component-intensive regions, improving processing pre-
cision and efficiency(see Section II. B for details).

2.	 A unique combination of Transformer models and K- 
means clustering for effective feature point retention and 
real-time processing (discussed in Section II. C).

3.	 Integration of background information to mitigate local 
component confusion, enhancing robustness and accu-
racy (detailed in Section III).

4.	 Empirical validation demonstrating significant improve-
ments in detection accuracy and speed over traditional 
methods like SIFT and template matching (see Sec-
tion III).

2 � Proposed Approach

In this paper, an automated optical path system is built 
to realize the capturing, fusion and stitching of PCB 
images as well as the subsequent component detection and 
identification.

Our system specifically targets these component-dense 
areas, replacing the original images with high-resolution 
ones identified through heatmaps. For areas specified by 
repair engineers, the system can capture real-time high-
definition images to inspect for defects, such as missing 
components or reversed polarity. By utilizing template 
matching and edge detection techniques, the algorithm 
accurately identifies components in these densely populated 
regions, determines their quantity, and assesses chip polar-
ity to ensure proper placement and compliance with design 
standards.

2.1 � Experimental Procedure

The experimental flow is shown in Fig. 1: A high-resolu-
tion camera (UVA930, UVAER) is mounted on the end of 
a robotic arm (CR5, DOBOT) and the center of the PCB 
is aligned with the center point of the camera. The PCB 
is not powered up during the imaging process to ensure 
safety and avoid any potential interference with the imag-
ing system.

Adjust the distance between the camera and the PCB 
to 54 cm above the PCB, ensuring sufficient depth of field 
and clear imaging. When capturing images of the entire 
PCB, set the camera magnification to 1.2x, with a focal dis-
tance of 5.20 mm, a horizontal field of view (H FOV) of 
54.7 degrees, and a vertical field of view (V FOV) of 32.4 
degrees.

Fig. 1   Experiment Flowchart
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Based on the captured image of the entire PCB, generate 
a heatmap to identify areas with high and low component 
density. Adjust the camera magnification to 7.03x, with a 
focal distance of 30.20 mm, a horizontal field of view (H 
FOV) of 10.0 degrees, and a vertical field of view (V FOV) 
of 5.7 degrees.

Maintain the distance between the camera and the PCB 
at 54 cm. Then take a high-definition image of the compo-
nent-dense areas. Generate a feature map using the Feature 
Pyramid Network (FPN), where "features" refer to distinct 
patterns or characteristics within the image—such as edges, 
corners, and textures—that are useful for identifying and dis-
tinguishing components. Use a Transformer model to extract 
these effective feature points. Apply k-means clustering to 
filter these points, then perform feature matching to achieve 
image stitching, seamlessly combining overlapping images 
into a single, unified view. Finally, validate the stitching 
results through component detection.

2.2 � Heatmap Generation

The acquired image of the entire PCB board is depicted in 
Fig. 2(a). Due to the non-standard ambient lighting dur-
ing image capture, conventional fixed global thresholding 

methods often fail, resulting in the loss of image details. 
To address this issue, we employ an adaptive thresholding 
technique as described in [26]. This method dynamically 
adjusts the threshold according to the local lighting condi-
tions, effectively enhancing the separation between the fore-
ground and background, as illustrated in Fig. 2(b).

Subsequently, all detected contours are traversed and 
overlaid on an all-zero floating-point array, thereby marking 
the regions of interest, as shown in Fig. 2(c). Regions with 
contour areas smaller than 50 × 50 pixels are given a weight 
of 1, while other regions are assigned a weight of 0.5, prior-
itizing smaller components to better localize dense regions. 
The heatmap is then obtained by summing these weighted 
regions across the entire PCB image, effectively highlight-
ing areas of component density. Noise filtering and Gauss-
ian smoothing are subsequently applied to the heatmap, as 
shown in Fig. 2(d), reducing image noise and enhancing the 
robustness of subsequent processing steps.

The resulting thermogram visualizes the component dis-
tribution within the image. The more saturated the color 
on the heatmap, the higher the component density in that 
region. From the heatmap in Fig. 2(d), it is evident that the 
lower-left corner of the PCB has a more saturated color, 
indicating a higher density of small components in this area.

Fig. 2   Heatmap Generation (a) Full PCB Image (b) Adaptive Threshold Segmentation Image (c) Contour Detection Image (d) Heatmap
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Based on the generated heat map, this paper traverses this 
heat map with a grid size of 100*100 and calculates each 
grid score, setting the threshold as:

where Th is the threshold value of the heat map, mean(h) is 
the mean value of the heatmap and � is the standard devia-
tion of the heat map. If the grid score is higher than, the 
area is considered to be a component-intensive area. High-
definition shooting of the component-intensive area to obtain 
IAandIB , in order to realize real-time seamless fusion and 
splicing of images, where "fusion" refers to the process of 
integrating multiple images into a single, coherent represen-
tation that combines the strengths of each individual image.

2.3 � Model Architecture

We proposed a model called Selective Feature Fusion and 
Alignment with Transformer and K-means (SFFA-TK), as 
illustrated in Fig. 3, which consists of five components:

1)	 Feature Pyramid Network (FPN) [27]: The model begins 
with feature extraction through a convolutional layer fol-
lowed by batch normalization. It progressively captures 
deeper features using a hierarchical structure of residual 
blocks. T Each layer’s output is processed by a 1 × 1 
convolution, and high-level features are fused with low-
level features through upsampling. A 3 × 3 enhances the 
representation of the fused features. The outputs include 
coarse-level feature maps F̃AandF̃B from images IAandIB 

(1)Th = mean(h) + 0.5 ∗ �

at 1/8 resolution, and fine-level feature maps F̂AandF̂
B
 at 

1/2 resolution.
2)	 Transformer Model [28]: Coarse-level feature maps 

F̃A are flattened into vectors with positional encoding 
and input into the Transformer model—a deep learning 
architecture designed to capture complex relationships 
within data by leveraging attention mechanisms. The 
model employs four layers each of self-attention and 
cross-attention. Self-attention evaluates the relationships 
within the same image, enriching each patch’s represen-
tation with its context and relative positioning. Cross-
attention assesses correlations between different images, 
facilitating feature fusion and information exchange. The 
final outputs are feature maps F̃A

T
andF̃B

T
 , retaining the 

same size as the coarse-level feature maps.
3)	 Matching Module: The similarity matrix between the 

two sets of feature vectors F̃A
T
andF̃B

T
 is computed using 

bidirectional Softmax. A mask is applied to exclude 
boundary regions and other irrelevant areas, ensuring 
that only valid feature points are considered for subse-
quent matching calculations. The masked similarity 
matrix is then normalized using row and column Soft-
max to generate a confidence matrix. Based on this con-
fidence matrix, pairs of matching points with confidence 
scores higher than a preset threshold are selected as can-
didate matches. By implementing a mutual nearest 
neighbor filtering condition, it is ensured that each pair 
of feature points is the best match from each other's per-
spective. This results in the coarse matching prediction 
set 

[(

îA, ĵA

)

,

(

îB, ĵB

)

,Conf
]

�Mc , where 
(

îA, ĵA

)

,

(

îB, ĵB

)

 

Fig. 3   SFFA-TK model architecture
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includes the coordinates of the matching points between 
the two images IAandIB , Conf  is the confidence score for 
each pair of matching points.

4)	 K-Means Clustering Algorithm: The top 200 feature 
point pairs with the highest confidence scores in are 
retained based on their values. These 200 feature point 
pairs are then clustered using the K-Means algorithm, a 
method that partitions the data into distinct groups based 
on similarity by minimizing the variance within each 
cluster. The cluster with the highest number of points 
and the most concentrated distribution is selected for 
feature matching, resulting in the output of the filtered 
subset of coarse matches 

(

îA, ĵA

)

,

(

îB, ĵB

)

 �Mk.

The number, quality, and distribution of feature points 
play a critical role in achieving precise matching. It is 
essential to select highly distinctive and representative fea-
ture points while minimizing the interference of redundant 
points from irrelevant regions in the image. As depicted in 
Fig. 4(a), K-means clustering analysis effectively catego-
rized feature points into four distinct classes. This study 
focuses on the class with the highest number of points and 
the most concentrated distribution for matching, specifically 
class 1, as shown in Fig. 4(b), where the points predomi-
nantly cluster in the upper-left corner of the image.

5)	  Fine-tuning Module: For each rough match prediction 
(

îA, ĵA

)

,

(

îB, ĵB

)

 �Mk filtered by K-means, a w × w win-

dow is cropped on the fine-level feature maps F̂AandF̂
B
 . 

The features from the coarse matching stage are linearly 
dimension-reduced and merged with the fine features. 
These enhanced features are further integrated through 
another linear layer to amplify contextual information. 
A similarity matrix is generated based on the integrated 
features, using the reference points to fine-tune within 
this local window, thereby improving feature point 
matching accuracy at a finer level.

3 � Results and Discussions

The time required for image stitching, referred to as the 
"execution time," along with the matching results for dif-
ferent classes obtained via K-means clustering and using all 
feature points without K-means, were statistically analyzed, 
as shown in Table 1. The execution time reflects the duration 
needed to complete the stitching process for each method.

The corresponding stitching results are illustrated in 
Figs. 5 and 6. Class 0 through 3 represent different catego-
ries of feature points, classified based on their distinctive-
ness and spatial distribution. Specifically, Class 0 through 3 
are derived from the K-means clustering results illustrated 
in Fig. 4, where some of the classes correspond to feature 
points that are either more spatially scattered (Class 0) or 
less distinctive (Class 2).

Fig. 4   Cluster analysis (a) Map of clustering results (b) Location of class 1 with the highest number of points
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As shown in Fig. 5(b), (c), these features lead to more 
mismatches and incorrect splices despite the slight reduction 
in processing time. As shown in Fig. 5(a), without K-mean 
clustering, image splicing takes 6.34 s. Using the third class 
of feature points for splicing, the splicing result is shown in 
Fig. 5(d), the spliced image does not show significant distor-
tion, but its execution time still takes 4.21 s. We determine 
that the matches in Fig. 5(a) and (d) are correct, while the 
other matches are incorrect.

In contrast, selecting feature points from Class 1, which 
contains the most abundant and concentrated features, sig-
nificantly improved the stitching process. This selection also 

Table 1   Comparison of matching results by using different classes of 
feature points for stitching

Adopted Feature Point 
Categories

Number of Fea-
ture Points

Execution 
Time (s)

Stitch-
ing 
Results

all feature points 200 6.34 √
class 0 31 4.66  × 
class 1 79 3.46 √
class 2 35 4.58  × 
class 3 55 4.21 √

Fig. 5   Matching results (a) using all 200 feature points (b) using class 0 feature points (c) using class 2 feature points (d) using class 3 feature 
points

Fig. 6   Comparison of stitching using SFFA-TK and SIFT
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based on the K-means clustering results shown in Fig. 4, 
reduced the stitching time to 3.46 s—a 45.4% decrease. The 
effectiveness of this approach is demonstrated in Fig. 6(a) 
and (b), which illustrate the matching results using the clus-
tered feature points from Class 1.

As illustrated in Table 1, this strategy not only signifi-
cantly enhances feature matching accuracy but also opti-
mizes the computational process, considerably reducing 
complexity and memory usage, thus achieving efficient 
resource utilization. It provides a robust foundation for sub-
sequent image processing and analysis tasks. Additionally, 
this method underscores the importance of selecting appro-
priate feature point sets in image stitching technology to 
improve efficiency and accuracy, laying a theoretical and 
practical foundation for further advancements in image pro-
cessing technology.

The matching using clustered feature points from class 
1 is illustrated in Fig. 6(a). The SFFA-TK model leverages 
background features of PCB images for matching, extracting 
and comparing features on a global scale, yielding supe-
rior results. PCB backgrounds, typically rich in contex-
tual information and containing few repetitive structures, 
compensate for potential confusion from highly similar 
local components. Therefore, the SFFA-TK model achieves 

higher accuracy in matching features of PCB images with 
numerous repetitive or similar components, as shown in 
Fig. 6(b), resulting in seamless stitching without compo-
nent misalignment.

To further substantiate the robustness of the SFFA-TK 
model, we rotated image IB counterclockwise by 1° and 
applied a blurring effect. When using the SIFT method for 
stitching, as shown in Fig. 6(c), noticeable seams and com-
ponent misalignment are observed. In contrast, the proposed 
SFFA-TK method, as depicted in Fig. 6(d), shows no sig-
nificant seams.

To evaluate the effectiveness of different stitching meth-
ods in component detection, a template image of a small 
component, a 0201 resistor (0.6 mm × 0.3 mm), was used, 
as shown in Fig. 7(a). Component detection was performed 
on the original image, an image stitched using traditional 
template matching, and an image stitched using the SFFA-
TK method, with results shown in Table 2.

In the original image, only 27 0201 components were 
detected, as depicted in Fig. 7(b). Using traditional tem-
plate matching, 59 detection boxes were identified within 
3.52 s, including 53 0201 components and 6 false positives, 
as shown in Fig. 7(c). In contrast, the SFFA-TK method, 
without requiring reference conditions, completed the image 

Fig. 7   Component detection (a) component template image (b) detection results from the original image (c) template matching detection results 
(d) SFFA-TK detection resulos

Table 2   Comparison of 
component detection results 
using different stitching 
methods

Stitching Method Number of detec-
tion boxes

Number of correctly 
detected components

Number of false 
positives

Precision

original figure 200 27 0 100%
Template matching 79 53 6 89.83%
SFFA-TK 35 53 1 98.15%
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stitching in just 3.46 s, successfully detecting 54 compo-
nent boxes, with 53 correct detections, significantly reducing 
false positive rates compared to traditional template match-
ing, as illustrated in Fig. 7(d).

Precision, as depicted in Fig. 2, a key metric in evaluating 
model performance, measures the proportion of true positive 
instances among those predicted as positive. It is defined as 
the number of true positives (TP) over the total number of 
instances predicted as positive (including both TP and false 
positives (FP)). TP refer to the instances where the model 
correctly identifies a positive case (e.g., correctly detecting 
a resistor as resistor). FP, on the other hand, are instances 
where the model incorrectly identifies a negative case as 
positive (e.g., mistakenly identifying an inductor as resistor). 
Higher precision indicates fewer false positives, meaning the 
model is more accurate in its positive predictions.

In this study, the proposed SFFA-TK method achieved 
image stitching in 3.46 s, a substantial improvement in 
detection speed over traditional methods using all feature 
points. Moreover, the image quality post-stitching with 
the SFFA-TK method surpassed that of traditional match-
ing algorithms. The SFFA-TK method achieved an 8.32% 
increase in accuracy, particularly excelling in small com-
ponent detection.

To further demonstrate the effectiveness of the pro-
posed stitching method in component identification 
and polarity determination, we employed adaptive 

thresholding and edge detection techniques to analyze 
both the original image and the stitched images obtained 
using our method. As shown in Fig. 8, Fig. 8(a) and (b) 
display components extracted from the original image 
and the detection results, while Fig. 8(c) and (d) present 
components extracted from the stitched image along with 
their detection results. It is evident from Fig. 8(c) and (d) 
that the stitched image allows for accurate reading of chip 
model numbers, such as the S6M100 chip, and reliable 
identification of polarity regions, with the red areas indi-
cating the polarity positions of the chips or components.

These results validate the SFFA-TK method's effec-
tiveness in enhancing PCB image processing efficiency 
and accuracy, especially in handling complex images 
with numerous repetitive or similar components. This 
study demonstrates the significant potential of integrat-
ing traditional image processing techniques with advanced 
deep learning algorithms, providing a reference for future 
high-precision component detection research. This work 
breaks away from the traditional framework of relying on 
large-scale sample construction for component detection, 
achieving efficient, real-time, and accurate detection of 
circuit board components with limited resources, which is 
crucial for quality control and automation in the electron-
ics manufacturing industry.

Fig. 8   Comparison of component detection in original and stitched images: (a) and (b) Components extracted from the original image; (c) and 
(d) Components extracted from the stitched image



677Journal of Electronic Testing (2024) 40:669–678	

4 � Conclusion

This study presents efficient selective PCB image captur-
ing, fusion, and stitching process, addressing the challenge 
of accurately locating small components on PC boards. By 
using a heatmap to distinguish between densely and sparsely 
populated areas, the method focuses on dense regions and 
assigns higher weights to smaller components. Incorporat-
ing background information effectively reduces confusion 
caused by the high similarity of local components. The inno-
vative combination of the Transformer model and K-means 
clustering further optimizes feature extraction, resulting in 
more accurate and efficient image fusion and stitching. Our 
experimental results demonstrate a significant improvement 
in stitching speed compared to traditional methods SIFT and 
template matching, and further detection tests confirm the 
accuracy, robustness and effectiveness of the stitching, par-
ticularly in identifying components like the S6M100 chip 
and determining its polarity. This research not only advances 
PCB maintenance technology but also provides a solid 
framework for future developments in component detection 
and image processing technologies.

Future work will focus on exploring and optimizing the 
scalability and generalizability of the algorithm to accom-
modate a wider variety of component types and more com-
plex PCB designs. Given the complexity of real-world 
applications, we also aim to further reduce the compu-
tational cost of the algorithm and explore more efficient 
data processing and analysis methods to handle increasing 
data volumes and real-time processing demands. Addition-
ally, strengthening collaborations with industry to translate 
research findings into practical applications is an impor-
tant direction for future research.
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findings are not publicly available due to intellectual property rights. 
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