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Design of intelligent inspection
system for solder paste printing defects

based on improved YOLOX

Defeng Kong,"?* Xinyu Hu," Junwei Zhang," Xiyang Liu," and Daode Zhang'

SUMMARY

Aiming at the current SPI (solder paste inspection) system for printing solder paste similar defects detec-
tion accuracy is not high, the system intelligence degree is low and so on, design a for the solder paste
similar defects and combined with phase modulation profile measurement technique and improve the
YOLOX intelligent detection system. The core of the system is the improved YOLOX depth model based
on s-mosica and kt-iou algorithms proposed in this paper. The experimental results show that the pro-
posed s-mosica and kt-iou algorithms can effectively improve the detection accuracy of printed solder
paste, and when combined with the YOLOX model, the best 90.33% detection accuracy is obtained, which
is better than the detection performance of the existing algorithms in the same scenario, and it provides
an effective and feasible reference program for the design of the SPI high-precision intelligent detection
system.

INTRODUCTION

In the SMT process, 70% of the defects originate from incorrect solder paste printing, ' industrial applications through the SPI timely screening
unqualified printed circuit board (PCB) boards for rework, to avoid unqualified products flow to the next process resulting in greater losses.
SPI (solder paste inspection) refers to the solder paste inspection system, which is the main method of the current solder printing quality check
in the SMT industry. Printing quality inspection method, inspection items include volume, area, height, XY offset, shape, bridging, etc.’ Inthe
development and design of SPI, laser (laser triangulation technology) and PMP (phase modulation profile measurement technique) tech-
niques are generally used.? Due to the low resolution of the laser, single sampling repeatability accuracy is low, sampling in motion external
vibration and transmission vibration on the detection of the larger impact, the monochromatic light of the laser on the PCB board color adapt-
ability is weak, and other shortcomings, the current triangulation technology has gradually withdrawn from the SPI industry, the more
advanced PMP has been adopted by the SPI industry, the technology is divided into FOV walk-stop type and Scan,” but FOV walk-stop to
minimize the impact of vibration during sampling movement, the sampling and movement will be separated resulting in slower detection
speed, while Scan scanning is just the opposite, to ensure the efficiency of the same time, but due to the mechanical vibration the detection
accuracy is affected. In this paper, we choose the Scan type technique to reconstruct the morphology of printed solder paste and explore
advanced defect detection algorithms to overcome the decline in detection accuracy under the premise of ensuring detection speed.

Physical optics-based PMP Scan type solder paste printing defects inspection system greatly improves the efficiency and quality of the
inspection; the defect detection process mainly has two ways: (1) through the technician to observe the reconstructed image, according
to the experience of the training to judge and analyze the defects; (2) first of all, the production of standard templates, and then the recon-
structed image alignment and standard templates are compared with the brush to pick out the defects.” Both methods have shortcomings.
The manual visual inspection method will undoubtedly be attached to human subjective factors, resulting in unstable detection accuracy, and
with the increase in work intensity and length of time, the efficiency is greatly reduced. The template matching method requires the produc-
tion of high-precision templates, manually designed features, and feature extraction, and only after the comparison of the defects screened
out, the operation process is cumbersome, seriously affecting the efficiency and accuracy of the detection, and poor portability. Based on the
aforementioned problem analysis and summary, PMP technology for solder paste printing defects inspection still has shortcomings. The
shortcomings lie in the defect identification and localization link method of the obsolete, inefficient, high error, and non-transportability,
especially through the PMP technology to obtain the printed solder paste reconstruction image good part and defective part; the differences
in the image characteristics of different defects between the defects are not obvious, which increases the difficulty of defects identification.
Therefore, the study of novel defect recognition and localization methods is the key to improving the defect detection performance of
existing SPI systems.
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Currently, recognition methods based on deep convolutional neural networks have been widely used in many fields, which can automat-
ically learn defect features and realize end-to-end judgment prediction,®® greatly improving detection efficiency and accuracy. Although deep
learning methods have obvious advantages over traditional methods in the target detection task, the effect of simply transplanting them to the
printing solder paste defect detection scenario is notideal. Yoo et al.” proposed a convolutional recurrent reconstruction network for SPI print-
ing solder paste image reconstruction, which can decompose the abnormal patterns generated by the defects of the printing presses from SPI
data and reconstruct errors. The method can decompose the abnormal patterns generated by printing machine defects from SPI data, and
reconstruct the error detection patterns by self-learning normal data, to improve the accuracy of recognizing defects. Although there is a
certain effect of improving the image quality of SPI reconstructed defects by using the convolutional neural network, the idea of the method
still stops at improving the quality of the reconstructed image itself, and it cannot improve the recognition difficulty caused by the similarity of
the characteristics of the state of the different solder pastes in the reconstructed image. Zheng et al.'” address the fact that the increase in the
number of circuit board types due to increased customization requirements no longer makes it feasible to develop fine-tuned models for each
board type, and the authors propose a fast clustering method to select suitable existing models for training the predicted multitasking targets
to avoid retraining and fine-tuning in the inference phase. Although this method takes into account the degradation of detection accuracy due
to inappropriate detection model selection, the uncorrected model is difficult to adapt to boards with diverse morphologies, and even for
boards with very high similarity, solder paste printing is still highly variable; JM Park et al. used a two-stage defect detection network,
PointNet, to automatically acquire defective solder paste pattern images from an SPI machine for point cloud feature extraction and then
defect detection at two semantic levels (micro-level and macro-level), obtaining a classification accuracy 10.2% higher than that of the convolu-
tional neural network (CNN)-based model. However, PointNet is not suitable for dealing with the relationship between point clouds and local
features, which may lead to some information loss and poor performance in dealing with local feature tasks, and the large-scale point cloud
data leads to the system’s memory and computational resources are strained, which seriously affects the system stability and work efficiency.

In summary, a single use of PMP technology to detect defects in printed solder paste makes it difficult to meet the needs of the actual
quality inspection, or based on deep learning methods for SPI solder paste image quality improvement, model adaptive matching, 3D point
cloud data processing, etc., cannot effectively solve the extraction and identification of similar defects in the solder paste features, which at
the same time lead to increased algorithmic complexity and reduced system efficiency affecting real time and stability. Given the aforemen-
tioned problems, this paper designs an intelligent detection system for similar defects in solder paste printing based on PMP and deep
learning methods, which absorbs the excellent reconstruction capability of the original SPI for the details of the defects in the printed solder
paste to present the 3D morphology of the solder paste in a perfect and detailed way, and at the same time, uses a deep learning model
based on convolutional neural networks to solve the problem of identifying and localizing the targets of similar defects. The new system con-
sists of two main parts; the first part is the 3D reconstruction process of printed solder paste with PMP technology, and the second part is the
recognition and localization of defects; the second part is the key to the intelligent system, which is to train the deep learning model through a
large number of SPl images generated in the first part, making it possible to accurately recognize and localize highly similar defects in the
scanned images of printed solder paste with PMP. Deep learning network solves three basic problems: the first is the acquisition of training
data sources; for this problem, we proposed s-mosica data enhancement algorithm to expand the training dataset; s-mosica algorithm ab-
sorbs the mosica'' algorithm’s powerful data enhancement capabilities in addition to the elimination of the impact of very small targets, to
improve the speed of convergence of the model and the ability to fit; and then to solve the training separation of similar features defects
problem, the kt-iou loss function is proposed to better train PMP scanned images with small differences, by adjusting the parameter t to
improve the training gradient of low iou samples, so that low iou samples can get more training opportunities, and by adjusting the parameter
k penalty term, so that the training process of similar features produces a larger gradient difference, thus making the model.

The main contributions of this work are as follows.

(1) By researching and analyzing the current solder paste printing defect detection system in industrial applications, and targeting the
existing system which mainly adopts traditional image processing methods such as traditional expert knowledge system, feature align-
ment, and template matching, with low detection accuracy and efficiency, the need to re-design the detection algorithm when replac-
ing the product, and the complexity and cumbersomeness of the system design, we put forward the new intelligent detection system,
which combines the phase modulation contour measurement. The new system combines the excellent detail reconstruction charac-
teristics of phase modulation contour measurement technology and the efficient performance of the deep convolutional neural
network to automatically extract features for end-to-end detection of the target, to achieve the goal of intelligent, high-precision,
high-efficiency, and highly flexible detection of the system.

Adequate and good target samples are the basis for training excellent deep learning models, but the lack of training datasets is a
common problem in the field of deep learning. This paper proposes an s-mosica data enhancement method to improve the problem
of scarce defect samples in the PMP scanning dataset of solder paste printing, and at the same time filter out the very small samples

S

that have little significance for training, to accelerate the convergence speed of the model training and to improve the model gener-
alization performance.

Even if the detection accuracy of PMP technology can reach the micron level, the solder paste printing defect detection using only this
technology is still unable to effectively detect the less tin and bridging defects, because their imaging features are very similar. For the
aforementioned problem, this paper proposes the kt-iou loss function to train the similar feature samples, to improve the depth of the
model to differentiate the performance of the similar features of the depth of the high level of distinction, and to overcome the SPI sys-
tem PMP scanning images of similar defects difficult to identify and distinguish the problem of improving the accuracy of the detection.

=
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Figure 1. Principle diagram of phasor measurement contouring

Related work

This section briefly introduces the PMP phase modulation profilometry technique. Phase measuring profilometry (PMP) is widely used
because of its high accuracy, good stability, and easy implementation in engineering; this part of the technique is the first part in the proposed
framework of solder paste printing defect detection in this paper.'> PMP uses sinusoidal stripe projection, and phase shift PMP is a 3D mea-
surement method that uses a combination of sinusoidal stripe projection and phase shift techniques. The principle of implementation is
shown in Figure 1, where a series of striped images with a fixed phase shift is used to calculate the phase values containing 3D information
about the surface of the object to be measured and thus obtain the object height information."® When the object under test is placed on the
reference plane, the original flat sine stripe pattern is distorted due to the height change of the object surface, thus the phase of the sine stripe
pattern changes. Therefore, the height information of the object is recorded in the modulated sine stripe diagram.'? The camera acquires the
distorted stripe information, then demodulates the phase and completes the reconstruction of the object’s 3D shape, and the reconstructed
image is shown in Figure 2.

The optical hardware used for phase-measurement profilometry mainly consists of a projection module and an imaging module. The op-
tical axis of the imaging module is perpendicular to the reference plane, intersects the reference plane with point O, and the reference plane is
parallel to the imaging chip. On the left side is the projection module; the projection module is placed tilted and the angle between the op-
tical axis of the projection module and the imaging module is 6. The projection optical axis intersects the reference plane at the point O. Ep
and Ep’ denote the entry and exit pupil positions of the projection optical system, respectively, and Ec and Ec’ denote the entry and exit pupil
positions of the imaging optical system, respectively. EpEc is the baseline distance d, OEc is the working distance lo of the imaging module,
and h is the measured object’s height of the measured object.'™"’

Figure 2 shows the reconstructed image of the 3D shape of the solder printing after scanning acquired using the PMP phase modulation
contour measurement technique. This image shows the complete shape of the solder after printing, and there are differences in the recon-
structed images of different printing qualities of the solder paste, and the system determines the quality of the solder paste printing by
comparing it with the normal image.

RESULTS

The s-mosica data enhancement algorithm and kt-iou loss function are proposed in the method section, respectively, and firstly, a series of
experiments are conducted on the kt-iou loss function with YOLOv3'® as the benchmark model on the PCB surface defect dataset released by
the Human-Machine Interaction Open Laboratory of Peking University to determine the optimal k and t parameter values. Then based on
YOLOX'? combined with s-mosica data enhancement algorithm to do a full ablation study on the PMP scan dataset of solder paste printing
defects; and final validation using test samples from the PMP scan dataset.

iScience 27, 109147, March 15, 2024 3




¢? CellPress iScience
OPEN ACCESS

Figure 2. PMP scan reconstruction image

Kt-iou loss function experiments and analysis

The kt-iou loss function has two parameters that are variable in the definition domain, where the parameter t regulates the transformation
function f acting on different iou intervals and the parameter k regulates the intensity of the action function f. The effects of different values
of k and t on the loss function are shown in Figure 3.

Figure 3 shows that at different values of k and t, the original iou changes its original value under the action of the transform function f,
which in turn changes the loss value of the model training, thus directly affecting the change of gradient and indirectly acting on the update
of parameters during model training. (Figure 3A) shows that when the fixed parameter k = 100, different t values correspond to the change
curve of loss value. 0 < t < 1, when t = 0.2, it means that the transform function f regulates the low iou target frame, and observing the blue
curve, we can see that the loss value of the low iou sample has been maintained at a high level, and increasing the gradient of the low iou
sample is beneficial to the model training the more difficult to distinguish samples and the high iou sample. The loss value changes roughly
linearly, and the loss value changes very little; (Figure 3B) shows the change curve of the loss value corresponding to different k values when
fixing t = 0.2. The change of the k value affects the strength of the transformation function f oniou, and the larger the k value is, the greater the
strength of f's action, the steeper the curve is, and the change is more obvious. However, the value of k should not be too large, too large will
lead to gradient explosion and model training failure. The effects of different k and t values of model training are verified in the next exper-
iments, and the selection of appropriate k and t values is important for the robustness and stability of the model. Table 1 records the average
detection accuracy (mAP) based on the YOLOvV3 detection model with different k and t values in the PCB surface defect dataset.

The experimental data recorded in Table 1 are experiments conducted on the PCB surface defect dataset published by the Human-
Computer Interaction Open Laboratory of Peking University, which was selected because the number of targets per defect is relatively balanced
and the sample magnitude satisfies the adequate training of the model without negative impact on the model performance due to sample imbal-
ance and too small dataset, and YOLOv3 was chosen as the benchmark model control because YOLOV3 has recognized stability performance
and is commonly used as a benchmark model, while kt-iou replaces the computational rules of the iou part of YOLOv3. The detection accuracy of
the benchmark model YOLOv3 is 98.50%, and observation of Table 1 shows that the gradient disappears when k < 0 and the model fails; when
k > 0, the detection accuracy improves with the increase of k value, but when k is too large, the gradient explodes and the model fails. It is known
that0 <t <1, defined ast < 0.5 belongs to low iou samples, and t > 0.7 belongs to high iou samples; when tis taken to low iou interval, the model
detection accuracy increases, and when t is taken to high iou interval, the model detection accuracy decreases, which means that the transfor-
mation function f makes the low iou samples get better training parameters, where k = 100, t = 0.2 the model gets the highest detection accuracy.
To verify the more general k and t taking value law, oriented to the main research object of this paper, solder paste printing defects PMP scanning
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Figure 3. Effect of different k and t values on the loss values
(A) Effect of different t values on the loss value when k = 100.
(B) Effect of different k values on the loss value when t = 0.2.
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Table 1. Effect of different k and t values on detection accuracy (mAP) based on YOLOv3 model in PCB surface defect image

k
t 0.2 0.5 0.8
—-10 0 0 0
10 98.71 (+0.211) 98.83 (+0.331) 97.92 (-0.58])
100 99.46 (+0.961) 98.94 (+0.441) 98.10 (-0.40])
1000 0 0 0

YOLOvV3 benchmark accuracy is 98.50%.

images, to verify the kt-iou loss function on the model performance impact, the experimental parameter settings are consistent throughout. Ta-
ble 2 shows the detection accuracy results of the YOLOX model tested after training on the solder paste printing defects PMP scan dataset.

The benchmark model YOLOX detection accuracy is 87.98%; observing and analyzing the experimental results in Table 2, it can be seen
that the kt-iou loss function, when combined with the YOLOX model, has the same value law on the task of detecting PMP scanning images of
printed solder paste defects, and the best detection performance is obtained in the k = 100, t = 0.2 neighborhood, and the value of k < 0 or k
value is too large leading to the explosion of the gradient. The kt-iou loss function with high iou values or too small iou values (e.g., 0.1) for
tresults in poor model performance, so the values of k and t are feasible in the neighborhoods around 100 and 0.2. The other difference is that
the kt-iou loss function and the YOLOX modeling framework have a greater impact on the scanned images of printed solder paste defects
with PMP, and the accuracy is improved by 1.85% compared to that of the benchmark. The accuracy is improved by 1.85%, which is greater
than YOLOV3 in PCB surface defect detection task, because printed solder paste defective PMP scanned images have more similar targets
that are difficult to detect, and the kt-iou loss function helps to solve this problem.

Ablation experiments and analysis of s-mosica data enhancement algorithm

In this section, the PMP scan dataset of solder paste printing defects is chosen to verify that the s-mosica data enhancement algorithm has
good performance in small sample datasets. The dataset is not only a small sample dataset, but also the training samples are unbalanced. To
eliminate the negative impact of data imbalance, YOLOX is selected as the benchmark model because YOLOX contains many widely recog-
nized innovations, which include mosica and focal loss. mosica is good for solving the small sample problem, and focal loss can solve the
sample imbalance problem.?” S-mosica is improved based on mosica to address the fact that too small size training samples increase the
model training burden and hinder the model from fitting the correct target better. Table 3 records the results of the ablation experiments
done on the PMP scan dataset of solder paste printing defects.

Table 3 shows that when replacing mosica with s-mosica by changing only a single condition, there is a 0.67% increase in the average
detection accuracy, indicating that s-mosica has more powerful data enhancement than the original mosica. The very small targets generated
after mosica may be only a few pixels in size or have a severe aspect ratio imbalance, and these very small targets severely hinder the model’s
effective training and convergence speed, affecting the detection performance. By removing the very small targets, the model performance is
improved and the convergence speed is accelerated. Figure 4 shows the convergence of the two data enhancement algorithms, s-mosica and
mosica, during model training.

Figure 4 shows that the model oscillates during training up to 50 and 210 generations, and this phenomenon occurs due to the change in
learning rate. The green horizontal line is the change in the loss value when the s-mosica data augmentation algorithm is used. The decline
rate is faster than the red solid line. In contrast, the red realization is the convergence of the model when the mosica data augmentation al-
gorithm is used, which indicates that the s-mosica data augmentation algorithm can make the model have a faster convergence rate. In the
training to 280 generations, the green line tends to be smooth and the model has reached the convergence state, while the red line still has a
decreasing trend, which indicates that the s-mosica data enhancement algorithm speeds up the model training to reach the convergence
state and has a higher training efficiency.

Table 2. Effect of different k and t values on detection accuracy (mAP) based on the YOLOX model in PMP scanning images of solder paste printing
defects

k
t 0.2 0.5 0.8
-10 0 0 0
10 89.28 (+1.301) 88.37 (+0.391) 86.91 (-1.071)
100 89.83 (+1.851) 88.76 (+0.781) 87.53(-0.45])
1000 0 0 0

YOLOX benchmark accuracy is 87.98%.
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Table 3. Results of ablation experiments with s-mosica data enhancement algorithm

Algorithm mAP (%)
YOLOX (mosica, focal loss) 87.98
+ s-mosica 88.65 (+ 0.671)

The original YOLOX uses the mosica algorithm, and in this experiment, the modified s-mosica algorithm is used instead of the original mosica for ablation ex-
periments.

| am validating the performance of the s-mosica data augmentation algorithm and kt-iou loss function on the solder paste
defect detection task

To verify the performance of the s-mosica data enhancement algorithm and the kt-iou loss function for practical application, taking YOLOX
as the basic framework, replacing mosica with s-mosica and the original iou with kt-iou, and combining the research results of the law of k/t
value setting, k is set to 100, and t to 0.2, the new model is trained on the PMP scanning image dataset of solder paste printing defects,
and the test set is used for practical detection. Train the new model on the solder paste printing defect PMP scanning image dataset, and
use the test set for actual detection. The actual detection effect of the SPI intelligent detection system designed in this paper is shown in
Figure 5.

Figure 5 shows that when the system IOU is set to 0.5 and the confidence level is set to 0.36, 4 tin fewer defects and 2 bridging defects are
detected. The left image in the interface shows the object to be detected, and the right image shows the detection defect localization and
category display. The new model and the original YOLOX model are trained separately under the same settings, and the detection results are
shown in Figure 6.

Looking at Figure 6, it is clear that this test image, which contains both under-solder and bridging defects, has a total of six defects.
Although all defects do not fall into the category of small targets in terms of size, all solder paste defect images are very similar and the dif-
ferences are still minute even for images with normal solder paste quality. The introduction of the kt-iou loss function effectively alleviates this
difficult judgment situation. (Figure 6A) shows the upgraded YOLOX model detection results, which will successfully detect all defects, (Fig-
ure 6B) shows the original YOLOX model detection results, and (Figure 6B) shows the missed detection of the bridging defects at the upper-
left corner of the image, which indicates that the kt-iou loss function effectively distinguishes the similar targets, and reduces the probability of
missed detection and misclassification. In actual production, defective products should be detected and those with good quality should not
be discarded, so detection accuracy and recall should be considered comprehensively, and F1-Score”' should be introduced as a compre-
hensive index to balance the impact of accuracy and recall to evaluate the classifier more comprehensively. Figure 7 shows the F1-Score plots
of the upgraded YOLOX (s-mosica+kt-iou) and the original YOLOX.

The horizontal coordinates in Figure 7 are the threshold values, and the F1-Score values are different for different threshold values. (Fig-
ure 7A) shows the F1-score values obtained from the original YOLOX model for both tin less and bridging defect tests, and (Figure 7B) shows
the F1-score values obtained from the upgraded YOLOX model for both tin less and bridging defect tests. The threshold value F1-Score = 0.5
is usually taken, and it can be found that the F1-Score value of the upgraded YOLOX is 0.05 larger than that of the original YOLOX for the tin
less defect test, and 0.13 larger than that of the original YOLOX for the bridging defect test, whereas the larger the F1-Score value is, the more
robust the model is, and the better the performance is, indicating that the s-mosica data enhancement algorithm and the kt-iou loss function
have produced a positive effect, allowing the detection model to have reliable and stable detection performance on the PMP scanned image
defect detection task.

— mosica loss
10 -+ s-mosica loss

Loss

Figure 4. Model convergence during mosica and s-mosica training
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Using the class activation mapping method,? the detection results of the original YOLOX model and the new version of the YOLOX model
with data enhancement of the s-mosica algorithm and the modification of the kt-iou loss function are visualized, so that it is easy to observe
which regions of the image the network focuses on and strengthens after the model training. It is also convenient to analyze and compare
the degree of attention to the same target before and after the model modification. Using the original YOLOX algorithm and the improved
YOLOX (s-mosica+kt-iou) algorithm, the defect detection and feature heatmap analysis are carried out respectively on a test sample image
mixed with two tin-poor defects and four bridging defects, and the results are shown in Figure 8.

Observing Figure 8, itcan be seen thatin (Figure 8A), the original YOLOX algorithm detection results, there are two bridging defects incorrectly
detected as less tin defects, and there are two other bridging defects missed, which shows that the original YOLOX algorithm does not perform
well on the task of defect detection of the scanned image of the printed solder paste PMP, and (Figure 8B) also corroborates the original YOLOX
algorithm performance, the model not only incorrectly focuses on the defective targets, but also lacks the intensity of attention to the correct tar-
gets; compared with the improved YOLOX model by the s-mosica algorithm and kt-iou algorithm proposed in this paper, all the detection results
in (Figure 8C) are correct, and all the target features are correctly emphasized by the corresponding network heatmap in (Figure 8D), which in-
dicates that the improved YOLOX algorithm has a better recognition and differentiation ability of similar features of the scanned image of printing
solder paste PMP, and the network has a better recognition and differentiation ability. Better recognition and differentiation ability, and the
network visualization results prove that the improved model enhances the intensity of the model focusing on the target.

Evaluation of the detection performance of s-mosica and kt-iou in combination with other detection models

Although there are many methods oriented toward PCB solder paste solder quality inspection, as mentioned in the literature review section,
traditional image processing techniques, non-contact non-destructive testing techniques, and single deep learning methods have certain

Figure 6. Comparison of the improved YOLOX and original YOLOX detection results
(A) Actual detection results of the upgraded YOLOX (s-mosica + kt-iou).
(B) Detection results of the original YOLOX.
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Figure 7. F1-Score plots for YOLOX and YOLOX (s-mosica+kt-iou)
(A) F1 values obtained by the original YOLOX model for different defects detection.
(B) F1 values obtained by the improved YOLOX (s-mosica+kt-iou) model for different defects detection.

limitations, so the comparison of the detection performance of this paper with the other methods will not consider the methods with limita-
tions, but the combination of non-contact laser profiling technique (PMP) and end-to-end deep learning methods can effectively improve the
accuracy, efficiency, and intelligence of detecting highly similar defects in printed solder paste; therefore, this section focuses on the com-
parison of the detection performance of different excellent deep learning methods for the scanned images of solder paste printing PMP.
Meanwhile, to assess whether s-mosica and kt-iou also have good combinability and performance enhancement with other detection frame-
works, the main deep learning target detection frameworks are selected for comparative study. It should be affirmed that the PMP scanning
dataset of printing solder paste defects, which is the target of this paper, was published in Kaggle by Li et al. 2016, and the authors based their
defect detection on the Faster-RCNN (FPN) algorithm and set the iou threshold to 0.5, with F1-Score as a metric. For better comparison with
the authors’ proposed detection method, the evaluation metrics of this experiment are consistent with the authors. Since this topic is based
on deep learning method defect detection, the adaptability and performance of the advanced target detector in PMP scanned images of
solder paste printing defects are investigated. Deep learning target detection algorithms are mainly divided into first-order and second-order
since the second-order detectors are no longer updated after Faster-RCNN, and the representative of the first-order detectors, the YOLO
series, has already launched the YOLOVS8 version, which is behind the first-order detection in terms of performance. This experiment mainly
investigates the first-order deep learning algorithms in conjunction with the s-mosica and kt-iou algorithms proposed herein in terms of their
performance, such as YOLOV5, YOLOX, and the latest YOLOV8. However, the rankings released by the dataset provider are based on the
Faster-RCNN framework and are accomplished in conjunction with the FPN network.”®> Hence, a comparison with the Faster-RCNN (FPN)
algorithms better observes the excellent performance of the algorithms proposed in this paper. The experimental setup in this section is
consistent with the full text and the results are shown in Table 4.

The experimental results recorded in Table 4 are the weighted average of the F1-Score values for both types of defects, tin less and
bridging; * indicates that the best F1-Score test result published by the publisher of the PMP scan image dataset for solder paste printing
defects is 0.84. This experiment compares the results in two dimensions: the first dimension is the comparison of different classical excellent
deep learning algorithms, and in this dimension YOLOV8 obtains the maximum F1-Score (score_threshold = 0.5) value of 0.86, which indicates
that YOLOV8 is best applied without any targeted improvement; the second dimension is the effect of s-mosica data enhancement algorithm
and kt-iou loss function on the performance of different deep learming algorithms, respectively, and observes that the performance of
different deep learning algorithms is affected by the addition of s-mosica and Through this series of comparative experiments, two
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Figure 8. Comparison of the YOLOX model and improved YOLOX (s-mosica+kt-iou) model detection performance and thermogram visualization
(A) Original YOLOX defect target detection results.

(B) Original YOLOX model visualization.

(C) Improved YOLOX defect target detection results.

(D) Improved YOLOX model visualization.

conclusions can be illustrated; firstly, during the training process of deep learning algorithms, the s-mosica data enhancement algorithm
has great significance in promoting the convergence of model training and the improvement of model generalization in small-scale
datasets; secondly, the kt-iou loss function helps the model to distinguish between targets with similar features. By experimental comparison,
the YOLOX algorithm trained after s-mosica data enhancement together with the kt-iou loss function exerts more training attention on
the difficult-to-distinguish similar samples, and obtains the highest F1-Score (score_threshold = 0.5) value of 0.91 on record. Therefore, in
this paper, we use the YOLOX (s-mosica + kt-iou) as the underlying algorithm for the intelligent detection system of printing solder paste
defects.

DISCUSSION

In this work, we design an intelligent detection system for similar defects in printed solder paste, which can get rid of the drawbacks of com-
plex system design, low detection accuracy, and poor adaptability brought by the traditional SPI using an expert knowledge system or tradi-
tional image processing methods such as feature alignment, template matching, etc., and have better detection accuracy and efficiency for
defects with high similarity. The system consists of two main parts, which are based on PMP scanning solder paste imaging and improved
YOLOX deep learning network as the intelligent detection algorithm driving the system operation. These two parts work closely together
to complete the training and intelligent detection tasks of the system.

S-mosica data enhancement algorithm plays an active role in the training phase of the deep learning network; qualified model training
dataset is the basis for deep learning algorithms to have a strong performance, but the acquisition of reliable datasets is a huge challenge
at present; Therefore, in the case of a limited dataset to make the model adequately trained, the data enhancement algorithms can effectively
improve the model’s generalization performance and robustness; among the many data enhancement algorithms, s-mosica outperforms
others. Meanwhile, we also propose the kt-iou loss function to guide the deep network to train more indistinguishable similar samples, to
obtain more accurate localization in the target frame regression process, and to improve the detection accuracy of similar targets. By fusing

iScience 27, 109147, March 15, 2024 9
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Table 4. Performance variety of different models combined with s-mosica and kt-iou

Algorithm F1-Score (score_threshold = 0.5)
Faster-RCNN(FPN)? 0.84
YOLOV5(CloU loss) 0.79
+s-mosica 0.82 (+0.031)
+ kt-iou 0.84 (+0.051)
YOLOX (loU loss) 0.83
+s-mosica 0.86 (+0.031)
+kt-iou 0.91 (+0.081)
YOLOV8 (CloU loss+VFL loss) 0.86
+s-mosica 0.88 (+0.021)
+kt-iou 0.89 (+0.031)

“indicates the algorithm used by the author of the dataset; score threshold = 0.5 indicates when the threshold is set to 0.5, i.e., the probability is greater than 0.5
for true and less than 0.5 for false.

s-mosica and kt-iou with a current representative and excellent detectors, it is found that the best detection performance and stability are
obtained when fused with YOLOX.

It should be emphasized that the s-mosica data enhancement algorithm and the kt-iou loss function can be generalized to most deep
learning algorithms since data enhancement is one of the important tasks in learning algorithms, and kt-iou improves the regression task
based on the basic iou loss, which is also equally effective. Therefore, s-mosica and kt-iou can improve most of the existing deep
learning-based target detection models, but the effect may not be too obvious for models without a target frame regression task.

In summary, this paper develops an intelligent detection system for printing solder paste defects based on phase modulation contour mea-
surement technique and an improved YOLOX model, which is fully flexible because the underlying algorithm is a deep network model based on
learning; as long as the sample data of the model defects are provided for training, the model can accurately discriminate the different types of
defects, which largely improves the system to face the defects. When the engineering application of product replacement and the detection
system can be followed by effective training to obtain accurate defect detection capabilities, which has a positive effect on the degree of intel-
ligence to improve the quality inspection of printed solder paste.

Limitations of the study

The current research topic still has limitations, and the best detection accuracy ultimately recorded is only 90.33%, which may be caused by the
imbalance of the samples. The detection accuracy of the few tin samples, which account for the majority, is as high as 96.31%, while the

A

Figure 9. Detailed diagram of under-tinning and bridging defects
(A) Blue boxed area shows bridging defects.
(B) The Red box shows in less defects.
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Table 5. Experimental setup

Set item Parameter
Iteration 300

Batch sizes 16

Initial learning rate 0.1

Min learning rate 0.0001
Optimizer SGD
Momentum 0.937
Weight decay Se-4
Learning rate decay type COSs
Thread 4

The set item denotes the type of model hyperparameter; the parameter denotes the value assigned to the experimental hyperparameter in this paper.

detection accuracy of the bridging samples, which account for the minority, is only 84.35%, so effectively solving the sample imbalance prob-
lem will help to improve the overall performance of the model and the system. Meanwhile, instead of fusing the s-mosica and kt-iou algo-
rithms with all the deep target detection models and comparing the performance after the training, this paper chooses the YOLO series
of algorithms as the main comparison object, including the newly introduced YOLOV8 algorithmic model, to select the improved YOLOX
model with the best performance to be used as the underlying algorithm of the system. Further improvement of the system’s performance
requires sample balancing and more extensive model comparison validation.
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Figure 10. Intelligent detection system for solder paste printing defects
(A) PMP scanning image generation.
(B) defect intelligent detection and display.
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A Minimal target generated after cropping B The s-mosica algorithm filters out minimal targets

Figure 12. Example of transformed image changes between Mosica algorithm to s-mosica algorithm
(A) Mosica Data Enhancement Effect.
(B) S-mosica data enhancement effect.
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RESOURCE AVAILABILITY

Lead contact
Requests for further information and resources should be directed to the primary contact, Defeng Kong (kongdefeng0916@gmail.com).

Materials availability

This study did not generate new unique reagents.

Data and code availability
e The PCB surface defects dataset has been published in publicly accessible kaggle repository. Accession numbers are listed in the key
resources table. The PCB-Aol public dataset has been published in publicly accessible kaggle repository. Accession numbers are listed
in the key resources table. The dataset is publicly accessible.
e All code associated with this paper can be freely accessed and downloaded via https://github.com/jackong180/s-mosica-and-kt-iou.
e Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
PCB surface defect dataset

The PCB surface defect dataset™ released by the Open Laboratory for Human-Computer Interaction, Peking University has 693 images with
3-5 defects on each image. The defects include six types: missing hole, mouse bite, open circuit, short, spur, and spurious copper. The defect
images of the original dataset are high resolution and for such a small dataset, data enhancement techniques are used before data training.
The images were then cropped into 600 X 400 sub-images, resulting in a training set and a test set of 9920 and 2508 images, respectively.

PMP scan datasets for solder paste printing defects

The PMP scan dataset of solder paste printing defects is part of the open-source distributed collaborative Al benchmarking project
KubeEdge-lanvs. It is published by KubeEdge SIG Al members from China Telecom and Raisecom Technology. The dataset collected
over 230 pcb scanned images and enhanced them to over 1200 images by rotating them at different angles. There are two types of defects
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collected in the dataset, namely, tin less and bridging.”” Figure 6 shows a sample of some of the images. (Figure 9A) the blue box area shows
the bridge defect, a thin strip linking the solder joint and the chip base surface, (Figure 9B) the red box shows the less tin defect, the defect is
mainly in the middle area of the chip pin and solder joint combination.

Introduction of evaluation metrics
The evaluation indexes in this paper contain AP, mAP, Recall, and F1-score values. Their meanings are respectively as follows:

AP: average correct rate is the result of deriving good or bad detection for each class; mAP: average class AP, i.e., the average
of AP of each class; Recall: the quotient of the number of images that the classifier judges as positive class and the true class is
also positive class and the number of images where the true class is positive class, which measures the ability of a classifier to find
all the positive classes; F1-score: F1 is the summed average of precision and recall, and the larger the Fl-score, the higher the
quality of the model.

Experimental platform and parameter settings

All models mentioned in this paper were trained and evaluated on the open-source toolbox PyTorch via the Pycharm platform on a computer
with a 12th Gen Intel Core i5-12600KF 3.70GHz CPU and 16GB of installed memory. 3070 GPU (with 8GB of memory) to run all the target
detection models involved in the experiments. After a period of experimental exploration, the important hyper parameters in the target
detection model are summarized and summarized, and the model achieves stable and reliable performance when the model parameters
are set as in Table 5.

METHOD DETAILS

In this section, we first introduce the solder paste printing defect intelligent detection system; then introduce the s-mosica data enhancement
algorithm; and finally, introduce the kt-iou loss function. It should be noted that the s-mosica data augmentation algorithm and the kt-iou loss
function can be easily generalized to other deep learning models.

Solder paste printing defect detection system

The solder paste printing defect detection system designed in this paper consists of two main structures, and the structure is shown in
Figure 10.

As shown in Figure 10, the solder paste printing defect detection system consists of two main parts. The first part is the PMP scanning
imaging section shown in (Figure 10A). In this paper, it is confirmed that the industry’s current widely used phase modulation profile measure-
ment technique can measure the complete shape of printed solder paste very accurately and stably, so this technique is retained as a pre-step
for the intelligent inspection system of solder in this paper. The second part is (Figure 10B) Deep learning based target detection framework.
The functional interface of the upper computer software is shown in Figure 11.

The upper computer software uses PyQT5 for interface design and coding, and the underlying logic algorithm is based on the
YOLOX*® model and uses the s-mosica data enhancement algorithm and kt-iou loss function proposed in this paper. The functional
area of the software is divided into 6 parts as shown in Figure 4, number 1 is the system name, number 2 is the parameter setting
area, number 3 is the detection result statistics and display area, number 4 is the original file display area, number 5 is the detection
result image display area, and number 6 is the program progress bar. The second part replaces the comparison link in the original SPI
system. To check whether there are defects in the object to be inspected in the original SPI system, the usual practice is to compare
the reconstructed image of the object to be inspected with the reconstructed image of good quality for visual inspection, and if the
comparison is judged to be abnormal, then the technician will confirm the visual inspection, which has a high misjudgment rate and
low efficiency. The introduction of a depth target detection model makes the system more intelligent and efficient with a much lower
misjudgment rate.

s-Mosica data augmentation algorithm

The mosica algorithm expands the single image training sample into a combination of 4 image samples, which greatly enriches the
training sample. Randomly selected 4 images for random scaling, cropping, arranging, and other operations to make the detection
dataset rich, especially increasing a lot of small targets, so that the network can learn more small target features, robustness, and
generalization performance is better; At the same time, reduce the GPU memory, direct calculation of the 4 image data, so that the
Mini-batch size does not need to be very large to achieve better results. In this paper, we believe that although cropping, scaling,
and random arrangement increase the number of small targets to enrich the sample, too small targets also bring difficulties in model
training and fitting, while increasing the training cost, for example, the target with only a few pixels in length and width has lost infor-
mation in deeper layers during the convolutional pooling operation of the CNN family of classes, and these very small targets do not
end up with computable loss information, but in the The feature extraction process needs to consume a lot of computational resources,
and the computational cost increases thus dragging down the speed of model convergence. In this paper, we propose a very
small target filtering algorithm to make the enhanced data samples more valuable for training, and the data enhancement algorithm
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after very small target filtering is named s-mosica. The formula of the very small target filtering algorithm is shown in Equations 1, 2, 3,
and 4.

W 2>« (Equation 1)

H>« (Equation 2)

Ao

An I (Equation 3)

W H

— )< .
max( 0 W) <6 (Equation 4)

where W, and H are the width and height of the enhanced target frame, respectively, a. is the pixel threshold; Ao is the area occupied by the
enhanced target frame, An is the area occupied by the target frame before enhancement, B is the area threshold occupied by the target
frame; 3 is the enhanced aspect ratio threshold. After repeated experiments it is determined that o is equal to 3 (pixels), B is equal to 0.1,
and 3 is equal to 20 with good results. mosica retains most of the targets with training value after threshold brushing, and the comparison
before and after brushing is shown in Figure 12.

Observing Figure 12, itis found that (Figure 12A) is the effect of mosica data enhancement, and the yellow arrow in (Figure 12A)) points to a
very small target which is retained after random cropping, because the height size of this target is less than 5 pixels, so it is eliminated by the
filtering algorithm to become the result in (Figure 12B), it can be observed that the very small target pointed to by the yellow arrow has dis-
appeared, and (Figure 12B) is the optimization result of the s-mosica data enhancement algorithm proposed in this paper.

kt-iou loss function

The target detection task usually consists of classification prediction and regression prediction (prediction of the bounding box).*" Early on, L1
or L2 paradigms were used to regress the bbox,*” and later on, iou loss was used as the localization loss.® iou loss has the scale-invariant
property to the bbox, so it has obvious advantages when training detectors.’ However, the iou loss has a disadvantage in that it suffers
from the problem of gradient vanishing when the predicted and real bins do not overlap, which leads to a reduction in convergence speed
and detection accuracy. The iou loss variants appeared in the subsequent research, GioU (Generalized loU) added a penalty term in the loU
loss to mitigate the problem of gradient vanishing,35 DioU (Distance-loU) and CioU (Complete loU) took into account the centroid distance
and aspect ratio between the predicted frame and the real frame under the penalty condition,*® which solves the problem of gradient disap-
pearance after box overlap and improves the box regression accuracy at the same time, but the deep learning model based on the iou loss
function seems to be difficult to learn the features of the essential differences in the samples with high similarity, which are more difficult to
differentiate leading to the low regression prediction accuracy, and unable to locate the target efficiently, based on this problem, this paper
proposes the kt-iou loss function to solve the problem of difficult training of similar samples, the kt-iou is based on the basic iou loss through a
transformation function f to make the original iou change in the interval before and after the threshold t, the penalty term parameter k can
adjust the intensity of the change, the main role of the design of the transformation function fis to make the low iou samples get a larger value
of the loss in the process of the model training, so as to get the model to pay more attention to the greater training opportunities, kt-iou can
be easily generalized to iou and its variants, and has the same effectin models that use iou as the loss function for prediction frame regression.
The transformation function f is shown in Equation 5.

1

= Y eklou—1) (Equation 5)

loss = 1 — fxiou (Equation 6)

Where, 0 <t <1, k>0, the parameter t regulates whether the transform function f acts on the low iou or the high iou, and the parameter k is a
penalty term that regulates the strength of the transformation function f. t is the variable of iou. The loss value is adjusted by changing the
values of high and low iou, and in this way, the gradient is adjusted to achieve the purpose of differentially training similar features. To observe
the loss function relative to the variable iou change rule, the loss function to the variable iou for the derivation of the results is (7) type.

Vloss V(1 — f«iou)

Viou Viou
1
V<'I ~ T +ek(iou7t)) (Equation 7)
B Viou

(k % iou — 1)ektiou=9 _ 1

[1 +ek*(iou—t)]2

Let iou = t to obtain Equation 8:
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Vioss 1 1 .
Viouw - Zk *t — 3 (Equation 8)

The transformation function f is differentiable everywhere, and when O<iou<1, the loss function is differentiable everywhere. Because
0<t<1landk>0,asuitable set of t and k values can always be found, so that the loss function obtains extreme values at t, and monotonically
decreases when O<iou<t, monotonically increases when t<iou<1, and the loss function obtains minimal values when iou = t. The original loss
value at t has different monotonicity in the left and right definition domains, and the corresponding gradient will change accordingly. If you
want to adjust the loss value when different iou samples are trained, you only need to adjust the value of t in the definition domain of t. To
control the intensity of the transformation, you need to adjust the size of k. The larger the value of k, the more drastic the change in the loss
value.

QUANTIFICATION AND STATISTICAL ANALYSIS

Printing solder paste PMP scanning image test set is used to evaluate the performance of the model, the evaluation toolkit to expand a
number of specific indicators, which contains the average correct rate (AP) to assess the target detection of each class is good or bad;
mAP is the average of the correct rate of all the classes; Recall (Recall) measures the ability of the model to find all the correct targets, the
larger the value of the model the better the performance; F1-score evaluation of the The Fl-score evaluates the reconciled average of
mAP and Recall, in this paper, the threshold is set to 0.5, the larger the F1-score is the higher quality of the model.All statistical analyses
were conducted using Python (version 3.8.8 (Scikit-learn library, version 0.21.1; Matplotlib library, version 3.7.4; numpy, version 1.23.1).
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