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Abstract—Non-contact printed circuit board (PCB) fault 

diagnosis has been widely applied in PCB detection and 

maintenance. Due to objective factors such as visual blind spots, 

low-loss circuit structure design, and frequency insensitivity, 

traditional algorithms based on visual and temperature features 

are limited in practice. Therefore, the algorithm based on 

electromagnetic features containing rich physical connotations 

and prominent frequency features has received attention in PCB 

fault diagnosis. Based on the basic principles of electromagnetic 

physics and PCB fault relationship, this article proposes a scalar 

magnetic field source feature and further improves feature 

performance by adding topological relationships of multi-faults to 

generate the fusion feature. The backbone of the PCB diagnosis 

model is established on the Transformer architecture, effectively 

utilizing self-attention and parallel computing mechanisms to 

explore the inner correlation between each group feature. The 

paper provides a new non-contact PCB fault diagnosis solution 

that enriches existing methods. Besides, through actual 

experiments setting up multi-fault PCBs, the feasibility of our 

process is proved based on the proposed features and models. The 

specific multiple indicators Overall Precision (OP), Per Class 

Precision (CP), Overall Recall (OR), Per Class Recall (CR), 

Overall F1 Measure (OF1), Per Class F1 Measure (CF1), Accuracy 

(ACC), Mean Average Precision (mAP) are 98.55%, 94.89%, 

98.55%, 95.11%, 98.55%, 95.32%, 96.01%, and 97.27%. 

 
Index Terms—Non-contact, PCB, multi-fault, scalar magnetic 

field, fusion feature, Transformer. 

I. INTRODUCTION 

ITH the rapid development of electronic information 

technology, the printed circuit board (PCB) with 

various functions used in advanced fields, such as 

energy transmission, mobile communications, and high-speed 

signal processing, has already had an enormous market demand 

[1], [2]. Correspondingly, the large-scale use of PCB also 

brings many faults in diagnosis and maintenance needs [3]-[5]. 

Modern PCBs usually involve multiple functional modules and 
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high-frequency components, which may have complex 

electromagnetic characteristics and are susceptible to 

distributed parameter interference [6]. Therefore, an efficient 

and accurate rapid fault diagnosis algorithm for PCBs must be 

developed urgently. 

Based on the PCB properties and the need for accurate 

diagnosis, non-contact fault diagnosis methods have colossal 

development potential [7]-[9]. The mature non-contact 

detection methods are mainly based on vision and temperature 

field features, which have achieved good results in some 

diagnostic issues targeting PCBs [10]-[12]. L. Lei et al., based 

on the visual method, used multi-scale convolution to extract 

and classify various faults in PCB visual images, and the 

experimental results showed high accuracy [13]. J. Zhu et al. 

used image segmentation and morphological methods to extract 

PCB defect features and got excellent diagnosis results [14]. 

However, it can be found that the visual methods lack a 

correlation between data and the physical characteristics of the 

PCB, which will cause the algorithm to be fragile when the PCB 

fault occurs in the visual blind areas. 

 To establish the physical correlation between data and 

detection targets, S. Y. Huang et al. proposed a coding method 

based on thermal imaging and compared all fault codes with no-

fault PCB codes to achieve the recognition of abnormal 

functional blocks in PCBs [15]. W. He et al. established a PCB 

fault recognition system using the GAN network based on the 

feature set composed of wavelet cross-spectrum and wavelet 

coherence of infrared temperature data [16]. They effectively 

identified device performance anomalies. The current complex 

PCB structures and future development trends fully consider 

the damage caused by high temperature and energy 

consumption to the PCBs [17]-[19]. However, the temperature 

field needs to be established because the PCB has sufficient 

heat generation and temperature emissivity, which limits the 
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applicability of temperature fields. Moreover, whether it is 

visual or temperature field data, they do not have the 

characteristic of significantly changing the frequency of PCB 

signals, making them unsuitable for handling PCB faults with 

complex frequency characteristics. 

Compared to the traditional data features, electromagnetic 

field features come from PCB’s inherent characteristics. It is a 

distributed representation of signal voltage and current in the 

circuit, constantly radiated along with the signal transmission 

in PCB [20], [21]. In addition, electromagnetic fields contain 

rich frequency characteristics of PCB signals, making them 

very suitable for handling PCB faults with complex frequency 

characteristics. R. G. Wright achieved qualitative judgment of 

PCB faults containing frequency characteristics by directly 

comparing the electromagnetic data collected by non-contact 

electromagnetic probes and spectrum analyzers, both in the 

presence and absence of PCB faults [22]. H. Huang et al. used 

statistical methods to identify the state of integrated circuits 

based on near-field electromagnetic field data [23]. Both types 

of research have effectively achieved fault detection of PCBs 

based on non-contact electromagnetic measurement schemes, 

but both lack objective judgment standards and rely on 

engineering experience. Z. Yao et al. used an improved 

momentum adaptive rate neural network algorithm based on 

multi-layer wavelet decomposition and magnetic image 

wavelet energy characteristics to complete PCB fault diagnosis 

based on the magnetic field [24]. H. F. Spence proposed a 

feature based on magnetic field two-dimensional FFT and 

further combined it with artificial neural networks to construct 

a non-contact PCB diagnosis method based on changes in near 

magnetic field [25]. Using traditional neural networks, this fault 

diagnosis makes the model construction process more flexible 

and diverse, improving the model’s ability to handle complex 

PCB fault features. However, due to the network’s small depth 

and simple structure and the risk of overfitting, its ability to 

handle complex multi-fault PCB problems is relatively limited 

[26], [27]. It is not difficult to find that most electromagnetic 

measurement instruments can often scan frequencies but can 

only obtain scalar electromagnetic field data. Meantime, the 

theory and methods for diagnosing problems with multiple 

faults simultaneously in PCBs are weak and scarce. Therefore, 

there is still significant development space for non-contact PCB 

fault diagnosis algorithms based on electromagnetic field data.  

This article aims to establish an algorithm with substantial 

practical engineering value that can fully characterize the 

characteristics of PCB using scalar magnetic field data and 

accurately diagnose PCB faults. We have established a scalar 

magnetic field source feature, which utilizes the radiation 

magnetic field of a PCB to transform it into a derived scalar 

wave equation and obtain the characteristic values of the 

equivalent PCB source at the spatial measurement points. In the 

meantime, the local binary pattern (LBP) algorithm highlights 

and strengthens the behavior and patterns of magnetic field 

sources on spatial measurement points. Further, the paper 

applies graph neural networks (GNN) to generate auxiliary 

features based on the fault relationship to improve feature 

performance, and the Transformer framework is used to 

construct the fault diagnosis model. We fully utilize and 

combine the physical connotation of magnetic fields, 

topological characteristics of faults, self-attention mechanisms, 

and the advantages of parallel computing to explore a method 

for diagnosing the PCB with multiple faults. The algorithm is a 

new attempt at PCB fault diagnosis, comprehensively 

diagnosing circuit on/off faults, matching faults, performance 

degradation faults, and various combined faults. This paper 

provides detailed information on the inherent characteristics 

and applicability of traditional contact, non-contact visual, non-

contact temperature, and non-contact electromagnetic field 

measurements for readers to further understand in the appendix. 

II. THE PRINCIPLE OF SCALAR MAGNETIC FIELD FUSION 

FEATURE 

To establish a feature representation method with strong PCB 

state representation capabilities, it is necessary to fully consider 

the physical and mathematical connections between features 

and the PCB. Based on the relationship between the scalar field 

and fault types, we convert the original data into space and 

frequency to establish a source main feature and a multi-fault 

topological relationship auxiliary feature. 

 
Fig. 1. Schematic diagram of non-contact magnetic field 

measurement for PCB 

 

A. Principle of the scalar source feature 

As a distributed representation of voltage and current, the 

electromagnetic field contains rich PCB operation information. 

In order to achieve accurate characterization of the working 

state of PCBs and overcome the objective reality that most 

measuring instruments are unable to capture complete magnetic 

field vector data 𝐻⃗⃗ (𝑟 ), we need to use the readily available 

scalar magnetic field data 𝐻𝑠 to establish the electromagnetic 

characteristics of PCBs (This article uses magnetic fields as the 

primary data for research because electric and magnetic fields 

have duality, so the research method is similar. The duality 

principle is similar to the symmetry in Maxwell’s equations, 

where electric and magnetic fields can be interchanged under 

certain conditions [28]). 

In Fig. 1, the measurement plane consists of 𝑚 × 𝑛 magnetic 

field measurement points with a distance of 𝛥𝑋  and 𝛥𝑌 

between the x-axis and y-axis. The PCB is composed of devices, 

wires, and media. PCB can be considered an equivalent 

magnetic field source composed of countless actual magnetic 
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field sources. This article presents a scalar equivalent magnetic 

source based on the basic Maxwell equation system. The 

magnetic field 𝐻⃗⃗ (𝑟 )  and electric field 𝐸⃗ (𝑟 )  equations 

represented by the active Maxwell equation system are as 

follows: 

 

{
𝛻 × 𝐻⃗⃗ (𝑟 ) = 𝑗𝜔𝜀0𝐸⃗ (𝑟 ) + 𝐽 (𝑟0⃗⃗  ⃗)

𝛻 × 𝐸⃗ (𝑟 ) = −𝑗𝜔𝜇0𝐻⃗⃗ (𝑟 )
 (1) 

 

where 𝑟  is the magnetic field coordinate, 𝑟0⃗⃗  ⃗  is the current 

source coordinate, 𝜀0  is the dielectric constant, 𝜇0  is the 

magnetic permeability, 𝜔 = 2𝜋𝑓, 𝑓 is the frequency, and 𝐽 (𝑟0⃗⃗  ⃗) 
is the current source. The following formula can be obtained by 

calculating the curl of Eq. (1) and converting it using vector 

identity: 

 

𝛻 (𝛻 ⋅ 𝐻⃗⃗ (𝑟 )) − 𝛻2𝐻⃗⃗ (𝑟 ) = 𝛻 × (𝛻 × 𝐻⃗⃗ (𝑟 ))

= 𝛻 × (𝐽 (𝑟0⃗⃗  ⃗) + 𝑗𝜔𝜀0𝐸⃗ (𝑟 ))

= 𝛻 × 𝐽 (𝑟0⃗⃗  ⃗) + 𝑗𝜔𝜀0 (𝛻 × 𝐸⃗ (𝑟 ))

 (2) 

 

Because the magnetic field is a divergence-free field and the 

electric field is a curl-free field, 𝛻 ⋅ 𝐻⃗⃗ (𝑟 ) = 0 and 𝛻 × 𝐸⃗ (𝑟 ) =
0. The vector form of the active magnetic field wave equation 

can be organized as follows: 

 

 𝛻2𝐻⃗⃗ (𝑟 ) + 𝑘2𝐻⃗⃗ (𝑟 ) = 𝛻 × 𝐽 (𝑟0⃗⃗  ⃗) (3) 

 

Since the result of calculating the curl of a vector current 

source is still a vector which can be set as 𝛻 × 𝐽 (𝑟0⃗⃗  ⃗) = 𝐶 (𝑟0⃗⃗  ⃗) 
and Eq. (3) can be replaced by the equivalent source vector 

𝐶 (𝑟0⃗⃗  ⃗). The specific formula is as follows: 

 

 𝛻2|𝐻⃗⃗ (𝑟 )| ⋅ 𝑒𝑗𝜑 + 𝑘2|𝐻⃗⃗ (𝑟 )| ⋅ 𝑒𝑗𝜑 = 𝐶 (𝑟0⃗⃗  ⃗) (4) 

 

where 𝑘2 = 𝜔2𝜇0𝜀0 is the square of the wavenumber, |𝐻⃗⃗ (𝑟 )| 

and 𝑒𝑗𝜑 are the amplitude and phase terms of 𝐻⃗⃗ (𝑟 ). Since the 

left and right ends of the equation must be equal if the 

equivalent source vector 𝐶 (𝑟0⃗⃗  ⃗) is also written in the form of 

amplitude multiplied by phase, then the phase of 𝐶 (𝑟0⃗⃗  ⃗) must be 

equal to the phase 𝑒𝑗𝜑  of 𝐻⃗⃗ (𝑟 ) . This way, Eq. (4) can be 

converted into a form of multiplying the equivalent magnetic 

field scalar source 𝐶𝑠  by 𝑒𝑗𝜑 , with the specific formula as 

follows: 

 

 (𝛻2𝐻𝑠 + 𝑘
2𝐻𝑠) ⋅ 𝑒

𝑗𝜑 = 𝐶𝑠 ⋅ 𝑒
𝑗𝜑 (5) 

 

where 𝐻𝑠  is the abbreviated form of |𝐻⃗⃗ (𝑟 )|. Finally, we can 

simultaneously eliminate the phase term 𝑒𝑗𝜑  of Eq. (5) and 

further obtain a scalar wave equation composed of a scalar 

magnetic field 𝐻𝑠  and an equivalent magnetic field scalar 

source 𝐶𝑠, as shown below: 

 

 𝛻2𝐻𝑠 + 𝑘
2𝐻𝑠 = 𝐶𝑠 (6) 

 

where the second-order Laplace term 𝛻2𝐻𝑠  is expressed as 

follows: 

 

 𝛻2𝐻𝑠 =
𝜕2𝐻𝑠

𝜕𝑥2
+

𝜕2𝐻𝑠

𝜕𝑦2
 (7) 

 

In Fig. 2, the equivalent scalar source 𝐶𝑠 that describes the 

magnetic field behavior at the current coordinate and frequency 

can be directly obtained by using the measured scalar magnetic 

field 𝐻𝑠 and the corresponding frequency 𝑓. The 𝐶𝑠 is a feature 

that includes the trend and local variation characteristics of PCB 

operation, which is a physical and mathematical mapping of 

PCB behavior. It is worth noting that 𝐶𝑠 is mainly affected by 

the quadratic Laplacian term at low frequencies, while the 

influence of the scalar magnetic field term with the wave 

number increases rapidly with increasing frequency. In other 

words, 𝐶𝑠  integrates the effects of space and frequency in a 

manner consistent with the laws of nature through physical 

equations. In contrast, aside from its inherent physical meaning, 

𝐻𝑠, in terms of its representation, is merely a mathematical data 

point in the space and frequency coordinates, lacking any 

systematic correlation with these variables. 

In addition, from a physical perspective, 𝐶𝑠 can be seen as 

the specific manifestation of 𝐻𝑠 at the spatial/frequency scale, 

with the overall PCB as the macroscopic radiation source. It 

includes the rate of change of 𝐻𝑠  on the measurement plane 

point and the propagation behavior of 𝐻𝑠. From a mathematical 

perspective, by establishing a magnetic field scalar wave 

equation, the relationship between 𝐶𝑠, 𝐻𝑠, 𝑓, and measurement 

coordinates is described. It specifically describes the curvature 

and amplitude-frequency characteristics of 𝐻𝑠  at the 

measurement point and, more profoundly, reflects the local 

variation law of the data. These characteristics also make 𝐶𝑠 
richer in connotation and more interpretable than 𝐻𝑠. From a 

data application perspective, the 𝐶𝑠 derived is not formulated as 

an inverse problem of reconstructing current distribution from 

the measured magnetic field [5]. Instead, it is treated as a 

forward problem where the 𝐶𝑠  is solved based on the known 

boundary conditions formed by the measured 𝐻𝑠. Therefore, the 

process of calculating 𝐶𝑠  avoids the ill-posed process of the 

classical inverse problem of reconstructing currents from 

magnetic fields, and avoids the challenges associated with 

boundary condition variations caused by changes in current 

distribution due to PCB faults. In summary, 𝐶𝑠  not only 

effectively reveals the states characteristics of the PCB but also 

ensures data interpretability, accuracy, and robustness. 

B. Principle of the scalar source feature enhancement 

In order to extract the primary law of PCB’s various states, 

this article proposes a representation method of ELBP features 

based on equivalent magnetic field sources. In Fig. 3(a), we 

evaluated Eq (6) to calculate the LBP values of 𝑚 × 𝑛 × 𝐹 of 

𝐶𝑠 on every measurement frequency in the spatial coordinate 
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system, form the equivalent source LBP features (ELBP) based 

on equivalent magnetic field sources. By comparing the 𝐶𝑠𝑐 
calculated at each measurement point in the spatial spectrum 

with the 𝐶𝑠𝑖 of its surrounding neighborhood, the local texture 

information encoding in binary form of the source is obtained, 

and this encoding is converted into decimal numbers and stored 

at the measurement points as the texture feature values of the 

𝐶𝑠𝑐. The calculation formula for the ELBP value is as follows: 

 

 𝐸𝐿𝐵𝑃(𝐹𝑖) = ∑ 𝑓[𝐶𝑠𝑗(𝐹𝑖) − 𝐶𝑠𝑐(𝐹𝑖)] ⋅
8
𝑗=1 2𝑗 (8) 

 

where, 

 

 𝑓(𝑥) = {
1 , 𝑥 ≥ 0
0 , 𝑥 < 0

 (9) 

 

𝐶𝑠𝑐(𝐹𝑖) is the center 𝐶𝑠(𝐹𝑖) value of each LBP calculation at the 

measurement points, 𝐶𝑠𝑖(𝐹𝑖)  is the 𝐶𝑠(𝐹𝑖)  value around 

𝐶𝑠𝑐(𝐹𝑖), 𝐹𝑖  is the measurement frequency, 𝑖 = 1,2,⋯ ,𝑁, and 

𝑗 = 1,2,⋯ ,8. The 𝐶𝑠𝑖 of this article adopts eight neighborhood 

values rotated clockwise starting from the top left corner of the 

𝐶𝑠𝑐, with a radius of 1. The 𝐶𝑠𝑐 at the edge, the measurement 

point is filled with 0 to complete the neighborhood 𝐶𝑠𝑖.  

In PCBs, specific components exhibit performance 

variations due to extended operation time and temperature 

fluctuations. For example, the temperature rise in a power 

amplifier chip after prolonged use can reduce power gain, 

which in turn causes an overall decrease in output power. As a 

result, some of the measured local intensity data may show 

significant value changes but without distinct trend changes. As 

long as these variations fall within the designed performance 

range of the circuit, they do not indicate a fault in the circuit. 

ELBP, as a local texture feature, focuses more on the relative 

intensity between data points rather than their absolute values. 

This property ensures that performance fluctuations within the 

normal operating range of a PCB will not cause noticeable 

disturbances due to the electromagnetic data values’ overall 

intensity variations. Instead, ELBP is more sensitive to the 

abnormal local trend changes between data points, making it 

particularly suitable for systems like PCBs that exhibit regular 

dynamic balance. In addition, ELBP is used to normalize 𝐶𝑠 

values on different frequency channels, further reducing the 

influence of extreme values. These inherent characteristics of 

the ELBP effectively ensure the data’s stability and robustness. 

 
Fig. 2. Schematic diagram of converting the scalar magnetic field into the equivalent scalar source 

 

 
Fig. 3. Principle of ELSF algorithm based on LBP algorithm 

 

In Fig. 3(b), this paper labels the m×n numbers of ELBP on 

the spatial coordinate system from one to m×n in order from left 

to right and from bottom to top, which forms the new 

spatial/frequency ELBP (ELSF) shown as follows: 

 

𝐸𝐿𝑆𝐹 = {𝐸𝐿𝐵𝑃(𝐹1), 𝐸𝐿𝐵𝑃(𝐹2),⋯ , 𝐸𝐿𝐵𝑃(𝐹𝑁)} (10) 

 

The spatial transformation method turns the original four-

dimensional structure into a three-dimensional structure, fixing 

the number of channels of the input data to 1, which is 

conducive to ensuring that the input of the model is not 

significantly affected by frequency and spatial point 

inconsistency and to the parallel operation of the subsequent 

model and further ensures the sharing of model parameters and 

reusing features between different levels. 

C. Principle of the auxiliary features 

To further enhance the diagnostic performance of the model, 

this article also introduces the auxiliary feature AF with PCB 

fault association. In Fig. 4, according to the faults to be 
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considered, we establish an undirected graph containing the 

connection relationship between them. The node represents 

each fault, and the connection line indicates whether there is a 

direct connection between the faults. The features of each node 

can be described by a binary number to store multi-fault 

features. Its length is the total number of faulty types, and the 

value in the binary position is that 1 represents such faults. This 

process can be understood as reflecting the objective structure 

of the PCB in the practical project and can be easily obtained 

from fault diagnosis problems. According to the graph’s node 

vector and connection relationship, two layers of GNN are used 

to output a set of topological features AF that are the same as 

the ELSF dimension. The specific production AF is as follows: 

 

 𝐴𝐹 = 𝑅𝑒𝐿𝑈(𝐷−0.5𝐴𝐷−0.5𝐺1𝑊2) (11) 

 

where, 

 

𝐺1 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑅𝑒𝐿𝑈(𝐷
−0.5𝐴𝐷−0.5𝐺0𝑊1)) (12) 

 

 𝐷𝑖𝑖 = ∑ 𝐴𝑖𝑗𝑗  (13) 

 

 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑋) = 𝑅 ∙ 𝑋 = [𝑅1, ⋯ , 𝑅𝑛] ∙ 𝑋 (14) 

 

 𝑅𝑟 = {
1
0

,
,

 𝑝       
 1 − 𝑝

 (15) 

 

𝐺𝑜 is the node features, 𝐴 is the adjacent matrix based on the 

faulty relationship, 𝑊1 and 𝑊2 are the weight matrix of the first 

and second layers of GNN, 𝑅𝑒𝐿𝑈(𝑥) = max (0, 𝑥), 𝑝  is the 

retained probability for each neuron, 1 − 𝑝  is the dropped 

probability for each neuron, 𝑟 = 1,⋯ , 𝑛. 

 
Fig. 4. Principle of auxiliary feature AF 

 

III. THE PRINCIPLE OF PCB FAULT DIAGNOSIS MODEL 

In order to effectively apply ELSF and AF features, this paper 

establishes a Transformer training model with the self-attention 

mechanism. Based on this deep learning model, it establishes the 

mapping relationship between PCB fault features and PCB fault 

types, thereby rapidly detecting various faults on PCBs. 

A. Input preprocessing 

To make ELSF easier to understand and train by deep 

learning networks, we divide ELSF into N batches for parallel 

operations to improve the model efficiency. In Fig. 5, the 

ResNet has enhanced original features, giving ELSF more 

abstract, profound, and generalized feature representation 

capabilities. The network was constructed by using the 

following basic formula [29]: 

 

 {
𝐹 = 𝐹𝐼𝑁 + 𝑅𝑛(𝐹𝐼𝑁,𝑊𝑅)

𝑅𝑛(𝐹𝐼𝑁 ,𝑊𝑅) = 𝑊𝑅𝑅𝑒𝐿𝑈(𝑊𝑅−1𝐹𝐼𝑁)
 (16) 

 

where 𝐹𝐼𝑁 and 𝐹 are the inputs and outputs of the network, 𝑊𝑅 

is the weight of the R-th generation network. 

 
Fig. 5. The overall diagram of the PCB multi-fault diagnosis 

algorithm 

 

In the Transformer model, the Self-Attention mechanism 

considers the interrelationships between various feature data 

when training the model, providing it with a powerful ability to 

capture global feature dependencies. However, this mechanism 

cannot directly distinguish the absolute positional information 

of different features. This article uses the two-dimensional 

position encoding method based on trigonometric functions to 

clarify the sequential relationship of input feature, which the 

specific equations as follows: 

 

𝑊𝐷 = 𝑒𝑥𝑝 (−
2𝑓

𝐷𝑚𝑜𝑑𝑒𝑙
⋅ 𝑙𝑜𝑔(10000)) (17) 

 

𝑃𝑃𝐻×𝑃𝑉 =

{
 

 
𝑠𝑖𝑛(𝑝𝑜𝑠𝐻 ⋅ 𝑊𝐷)

𝑐𝑜𝑠(𝑝𝑜𝑠𝐻 ⋅ 𝑊𝐷)

𝑠𝑖𝑛(𝑝𝑜𝑠𝑉 ⋅ 𝑊𝐷)

𝑐𝑜𝑠(𝑝𝑜𝑠𝑉 ⋅ 𝑊𝐷)

 (18) 

 

where 𝑓 = 1,⋯ , 𝐷𝑚𝑜𝑑𝑒𝑙/2  is the index number of the 

frequency terms, 𝐷𝑚𝑜𝑑𝑒𝑙  is the dimension of the ResNet output 

layer, 𝑃𝐻 and 𝑃𝑉 are the width and height of the ResNet output 

feature 𝐹. Finally, the Feature 𝐹|𝑃 is the first feature F1, and 

the AF is the second feature 𝐹2, which stitches as the input 

feature of the Transformer. The formula formed is as follows: 

 

𝐺𝐼𝑁 = 𝐶𝑜𝑛𝑐𝑎𝑡[𝐹1(𝐹|𝑃), 𝐹2(𝐴𝐹)] (19) 

 

B. Principle of model establishment 

To enhance the model’s learning ability and perceptual depth, 

we use 𝑑 layer multi-head Attention mechanisms for 𝐾 layer 
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stacking in the Transformer structure to parse and reinforce 

input features in parallel and serial. In the meantime, the 

Dropout mechanism is used to reduce overfitting and improve 

the robustness of the model. The operation process of the self-

attention mechanism is as follows: 

 

ℎ𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑖𝐾𝑖

𝑇

√𝑍
) 𝑉𝑖  (20) 

 

where, 

 

𝑄𝑖 , 𝐾𝑖 , 𝑉𝑖 = 𝐺𝐼𝑁𝑊𝑄𝑖 , 𝐺𝐼𝑁𝑊𝐾𝑖 , 𝐺𝐼𝑁𝑊𝑉𝑖 (21) 

 

𝑊𝑄𝑖 , 𝑊𝐾𝑖, and 𝑊𝑉𝑖 are the three weight matrices used to convert 

𝐺𝐼𝑁  into 𝑄𝑖  (query), 𝐾𝑖  (key), and 𝑉𝑖  (value) matrices, 𝑍 is the 

scaling factor that ensures consistent gradients across different 

dimensional scales, 𝑖 = 1,⋯ , 𝐼 . Then, we can use the self-

attention consisting of the multi-head to cooperate 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 
mechanisms to generate multi-head outputs 𝐻𝑘  as shown 

below: 

 

𝐻𝑘 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡[𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄𝑖 , 𝐾𝑖 , 𝑉𝑖)]

 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡[𝐶𝑜𝑛𝑐𝑎𝑡(ℎ1, ⋯ , ℎ𝑖, ⋯ , ℎ𝐼)𝑊𝐶]
 (22) 

 

where 𝑊𝐶 is the weight matrix used to connect the multi-head 

module, ℎ𝑖 is the attention module of the i-th head, 𝑘 = 1,⋯ , 𝐾.  

Besides, the paper further improves the ability of the multi-

head attention mechanism to pay more attention to the multi-

scale information by using multi-layer perceptron (MLP) 

blocks and Dropout mechanisms between 𝐾 Attention layers. 

These processes can effectively enhance the expressive power, 

stability, and attention to local and global information of the 

model. The output 𝐻𝐼𝑁𝑘1  calculated by the MLP block and 

Dropout mechanism is as follows: 

 

𝐻𝐼𝑁𝑘1 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑀𝐿𝑃(𝐻𝑘)𝑊𝑃 + 𝑏1)

 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑅𝑒𝐿𝑈(𝐻𝑘 + 𝑏0)𝑊𝑃 + 𝑏1)
 (23) 

 

where 𝑊𝑃, 𝑏0 and 𝑏1 is the weight matrix and two bias vectors 

used to connect different layers. The label part in the output 

tensor of the Transformer Encoder will be separated in the 

Extract Faults Index module, and the probability value that can 

characterize the feature type will be obtained through scoring 

with the logits function and operation with the sigmoid function. 

The formulas for Logit function and Sigmoid function are as 

follows: 

 

{
𝐿𝑔𝑙 = 𝐿𝑜𝑔𝑖𝑡(𝐺𝑂𝑈𝑇) = 𝑊𝑂 ⋅ 𝐺𝑂𝑈𝑇 + 𝑏2

𝐿𝑒̂𝑙 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐿𝑙) =
1

1+𝑒−𝐿𝑔𝑙

𝑙 = 1,⋯ , 𝐿  (24) 

 

where 𝑊𝑂  and 𝑏2 are the weight matrices and bias vectors of 

the Logit function, 𝐿𝑒̂𝑙  is the probability value containing 

feature information. 

In Fig. 6, we generate a string of all zero binary numbers 

which has the same number with the number of faults to be 

considered, and set the value corresponding to the fault index 

to 1, thereby forming an accurate label 𝐿𝑒𝑙  containing fault 

information. Because 𝐿𝑒̂𝑙 is between 0 and 1 if the model output 

structure is the same as 𝐿𝑒𝑙 , the probability of  𝐿𝑒̂𝑙  at the 

corresponding position of 𝐿𝑒𝑙  is the probability of the 

corresponding fault. The cross-entropy function can be used to 

calculate the loss value 𝐿𝑂 as the error feedback of the model, 

which specific equation is shown as follows: 

 

 𝐿𝑂 = −∑ [𝐿𝑒𝑙 𝑙𝑜𝑔 𝐿𝑒̂𝑙 + (1 − 𝐿𝑒𝑙) 𝑙𝑜𝑔(1 − 𝐿𝑒̂𝑙)]
𝐿
𝑙=1  (25) 

 

 
Fig. 6. Principle of PCB multi-fault label comparison 

 

 
Fig. 7. Schematic diagram of the main functional modules of 

the DPPC 

IV. ACTUAL EXPERIMENTS AND RESULT EVALUATION 

In order to verify the effectiveness of the proposed PCB fault 

diagnosis algorithm, we designed and processed a fault-settable 

dual-phase amplifier circuit (DPPC) and used a magnetic field 

probe to collect its magnetic field amplitude data in various 

states for modeling. Finally, the effectiveness of the multi-fault 

diagnosis algorithm is verified by combining positive and 

negative problems, by setting PCB faults to obtain magnetic 

field data, and by determining PCB faults through magnetic 

field data. 
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A. Creation of actual objects 

In Fig. 7, the DPPC designed in this article fully includes the 

phase reversal, phase maintenance, power amplification, DC 

power state, circuit matching, load status, and other typical 

problems to make the experimental object more typical.  

In Fig. 7 (a) and 7 (b), we use the SG5032 crystal oscillator 

to provide input signal 𝑉𝑖𝑛, and add matching resistors 𝑅9, 𝑅8, 

𝑅17, and 𝑅12 to the input and output ports of the dual-phase 

drive circuit composed of the CD74HC4049 antiphase chip and 

the CD74HC4050 in-phase chip, to ensure the output of phase 

voltage in both directions. In Fig. 7(c) and 7(d), to ensure power 

output, we designed two power amplification circuits with 

different parameters for the two circuits of the dual-phase drive 

circuit. In order to reduce losses and give full play to the power 

amplification capability of the N-type field effect transistor 

AFT05MS003N, we use multi-stage LC components at the 

input and output ports of the two circuits, which is a 

combination of methods to achieve circuit power matching. 

 
Fig. 8. The DPPC structure diagram 

 

B. Experimental fault settings 

Based on the above circuit functions, to verify the feasibility 

of the proposed algorithm for identifying faults in such complex 

functional circuits, we have added pluggable jumper blocks at 

some critical positions on the PCB to set typical faults for the 

PCB. It is worth noting that this article considers the on/off 

issues of the PCB signal path, power supply, and performance 

degradation caused by matching circuits, as well as load 

anomalies. In Fig. 8, we soldered the jumper block onto the 

back of the PCB and marked the jumper block number 

corresponding to the number on the front of the PCB to 

facilitate fault setting. 

In Fig. 9, the paper provides a working voltage of 8 V to the 

DPPC through a digital adjustable DC power supply. It places 

the DPPC with several 5 mm diameter and 2 mm height silicone 

patches on the four top corners of the positive surface on the 

measurement plane of the EMxpert EHX electromagnetic 

scanner connected to the signal analyzer Kesight N9010B. The 

magnetic field radiation data of the DPPC is further collected 

through a personal computer. The EMxpert EHX scanner, the 

magnetic field acquisition device, comprises an array of 1218 

(42 × 29) magnetic probes with 7.5 mm spacing, offering a 

spatial resolution of 3.75 mm. Paired with the N9010B, it 

enables the acquisition of magnetic fields over a spatial range 

of 316 mm × 218 mm and a frequency range of 150 kHz to 6 

GHz in a single scan [30]. 

Table I shows the DPPC states set up in the experiment to 

verify the feasibility of the algorithm, as well as the jumper 

block numbers and corresponding operations involved in each 

state when a fault occurs separately (the setting of the state type 

here is not unique, the situation we set is to verify the feasibility 

of the algorithm, and other states can also be set according to 

this method for verification). 

In order to verify the effectiveness of the algorithm in 

identifying multiple PCB fault states simultaneously, we 

combined all ten single states in Table I and considered a 

maximum of fourth-order situations where there are 

simultaneously four fault combinations. To ensure that the 

magnetic field data collected in this experiment is meaningful 

for algorithm validation, we conducted 10-20 random 

measurements on 128 individual and combined states in three 

scanning ranges at measurement heights of 6mm and 8mm, 

respectively, to further ensure the universality and diversity of 

magnetic field amplitude data. During this experiment, the 

scanning frequency range for each measurement was between 

15MHz and 500MHz, with a scanning interval of 1MHz. 

 
Fig. 9. Actual testing platform 

 

C. Experimental model details 

In PCB electromagnetic measurement, the instrument may 

pick up background noise. In order to reduce the impact of such 

noise, we use the threshold filtering method on the original 

amplitude data, setting the magnetic field amplitude value 

below the threshold to 0. The paper sets the maximum value of 

PCB radiation magnetic field when not in operation as the 

threshold 𝜀𝑡ℎ. The specific filtering formula is as follows: 

 

 𝐻1𝐷𝑓 = {
𝐻1𝐷 , 𝐻1𝐷 ≥ 𝜀𝑡ℎ
0     , 𝐻1𝐷 < 𝜀𝑡ℎ

  (26) 

 

where 𝐻1𝐷𝑓 is the filtered 1D magnetic field data that is used 

for the actual DSF calculation. The amount of data is set to 

Batch×Chennel×height×width= 8×1×500×500, which is used 

to complete the parallelization of the model and makes full use 

of the input data. 

In the Transformer model, we use a multi-head mechanism 

consisting of self-attentions with a head count of 𝑑 = 8 and a 

multi-layer structure with a stack count of 𝐾 = 4 to enhance the 

depth and reliability of the Transformer structure. The Dropout 

mechanism used in the model randomly discards 10% of 

neurons to reduce overfitting probability and enhance the 

robustness of the network. The update of the overall model 
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weights is achieved using an Adam optimizer with second-

order momentum [31], where the learning rate is 𝑙𝑟 = 2 × 10−5, 

the attenuation parameter is [𝛽1, 𝛽2] = [0.9,0.999] , and the 

stability constant is 𝜀 = 10−8. 

TABLE I 

THE DPPC SINGLE FAULT STATE SETTING METHOD 

 

The considered DPPC statuses The involved jumper blocks 

Reverse phase drive circuit fault Cut P9 or Cut P5 

Reverse phase drive circuit fault Cut P17 or Cut P13 

Input matching fault of PA1 Cut P8 & Connect (Con) P15 

Output matching fault of PA1 Cut P12 & Con P14 

Input matching fault of PA2 Cut P20 & Con P25 

Output matching fault of PA2 Cut P23 & Con P24 

Load fault of PA1 Cut P10 & (Con P4 or Con P11) 

Load fault of PA2 Cut P22 & (Con P18 or Con P21) 

DC power fault Cut P1 or P3 or P7 or P16 or P19 

Normal state Not operate any jumper blocks 

 
Fig. 10. The loss convergence process of ELRT and TELRT 

 

D. Actual performance evaluation of the algorithm 

This article uses an 8-to-2 ratio to divide the modeling 

samples randomly and uses them for the training and validation 

sets of the modeling, respectively. We use ResNet18 (This 

article does not use any pre-trained weights for any model) as 

the Transformer architecture input preprocessing network to 

train ELSF to form the Transformer fault diagnosis model based 

on ELSF (ELRT) and further incorporate topological features 

AF based on ELSF to form Transformer fault diagnosis model 

based on ELSF and AF bicharacteristic features (TELRT). Fig. 

10 shows that the loss values of ELRT and TELRT gradually 

decrease and tend to stabilize, the training results converge, and 

the convergence process is stable.  

In order to further verify the effectiveness and advantages of 

the ELRT and TELRT, we also compared and trained other 

classification features on the ResNet18 in the feature 

space/frequency coordinates established in this paper, explicitly 

involving scalar magnetic field features (MSF), equivalent 

magnetic field source features (ESF), magnetic field LBP 

features (MLSF), and ELSF. Meanwhile, we use multiple 

quantitative indicators to simultaneously measure the overall 

performance of each model, including Overall Precision (OP), 

Per Class Precision (CP), Overall Recall (OR), Per Class Recall 

(CR), Overall F1 Measure (OF1), Per Class F1 Measure (CF1), 

Accuracy (ACC), Mean Average Precision (mAP), and 

maximize the fairness of the evaluation of experiment results 

[32]. The calculation formula for each evaluation indicator is as 

follows: 

 

𝑂𝑃 =
∑ 𝑁𝑖

𝑐𝑁
𝑖=1

∑ 𝑁
𝑖
𝑝𝑁

𝑖=1

         𝐶𝑃 =
1

𝐶
∑

𝑁𝑖
𝑐

𝑁
𝑖
𝑝

𝑁
𝑖=1  

                      𝑂𝑅 =
∑ 𝑁𝑖

𝑐𝑁
𝑖=1

∑ 𝑁
𝑖
𝑔𝑁

𝑖=1

         𝐶𝑅 =
1

𝐶
∑

𝑁𝑖
𝑐

𝑁
𝑖
𝑔

𝑁
𝑖=1  (27) 

𝑂𝐹1 =
2×𝑂𝑃×𝑂𝑅

𝑂𝑃+𝑂𝑅
    𝐶𝐹1 =

2×𝐶𝑃×𝐶𝑅

𝐶𝑃+𝐶𝑅
 

𝐴𝐶𝐶 =
∑ 𝑁𝑖

𝑐𝑁
𝑖=1

𝑁
       𝑚𝐴𝑃 =

∑ 𝐴𝑃𝑖
𝑁
𝑖=1

𝑁
 

 

where 𝑁𝑖
𝑐 is the number of correctly predicted i-th faults, 𝑁𝑖

𝑝
 is 

the number of predicted i-th faults, W is the actual number of i-

th faults, 𝐴𝑃𝑖  is the average accuracy of i-th faults, 𝐶  is the 

number of faults to be predicted, and 𝑁 is the total number of 

samples. Table II shows the comprehensive test results of 

MSFR, ESFR, MLSFR, and ELSFR under optimal weight by 

MSF, ESF, MLSF, and ELSF matching with ResNet18 and the 

results of ELRT and TELRT. 

The experimental results show that our proposed feature and 

model significantly improved performance compared to the 

original field feature and the basic ResNet model. The specific 

results are as follows:  

 

1) Compared to MSFR, ELSFR performs better in 

identifying overall and individual fault categories, with 

improvements of 1.22%, 2.52%, 6.83%, 1.87%, 2.95%, 

and 6.53% in OP, OR, CR, OF1, CF1, and ACC. However, 

in CP and mAP, ELSFR is smaller than MSFR by 1.38% 

and 0.24%. The results show that ESFR is more 

comprehensive and stable in identifying and capturing 

correct instances, especially in terms of significant 

improvement in accuracy. 

2) Compared with MSFR and ESFR, the fault features 

enhanced by the LBP texture algorithm have more robust 

performance, especially ELSFR, which has stronger 

comprehensive performance, 0.02%, 5.08%, 0.94%, 

1.83%, 0.49%, 3.38%, 1.57%, and 0.26% stronger than 

MLSFR in OP, CP, OR, CR, OF1, CF1, ACC, and MAP. 
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3) Compared with ELSFR, the overall performance of the 

ELRT model with the addition of the Transformer 

structure is better, mainly manifested in significant 

improvements of 2.46% and 2.18% in CR and ACC. At 

the same time, the TELRT formed by adding additional 

auxiliary features under the Transformer structure has 

further improved overall performance compared to ELRT, 

with specific improvements of OP, CP, OR, CR, OF1, 

CF1, ACC, and mAP in 0.01%, 3.20%, 0.63%, 5.49%, 

0.32%, 4.68%, 1.33%, and 3.09%. 

 

The results indicate that the Transformer framework can 

effectively improve the model’s performance. Based on the 

physical laws of electromagnetic fields, ELSF has a more vital 

ability to characterize PCB states. Meanwhile, by simply 

adding AF, ELSF’s ability to represent PCB states can be 

effectively improved, strengthening the performance of fault 

diagnosis algorithms. 

In addition, in the PCB multi-fault diagnosis problem, the last 

“Normal state” mentioned in Table I should be noted. Because 

the Normal state is entirely independent of other faults and will 

not appear simultaneously as any other fault, it will inevitably 

lead to a smaller amount of data than other faults. We can see 

that the mAP of all algorithms in Table II is higher than that of 

ACC, which shows that they can still maintain a high balance 

and reliability of the algorithm when dealing with such sample 

imbalance problems. However, the overall performance 

degradation caused by small samples is inevitable. Here, we 

give the OP, CP, OR, CR, OF1, CF1, ACC, and MAP of 

TELRT when the normal state is not considered as 99.11%, 

98.48%, 98.99%, 98.61%, 99.05%, 98.54%, 97.42%, and 

99.88%. It can be seen that the quantitative indicators of the 

TELRT algorithm are high, and the overall indicators are 

balanced, which further verifies the excellent performance of 

TELRT. In order to realize the fault diagnosis of all states of 

PCB in practice, we must take the particular case of “Normal 

state” into account. Otherwise, the no-fault PCB will be 

misjudged. Therefore, we use the results in Table II as the 

primary research results of this paper.

TABLE II 

COMPARATIVE EXPERIMENTAL RESULTS OF NEURAL NETWORK 

 

Algorithm OP CP OR CR OF1 CF1 ACC mAP 

MSFR 93.99% 84.45% 92.57% 76.07% 93.28% 80.04% 77.15% 89.04% 

ESFR 95.21% 83.07% 95.09% 82.90% 95.15% 82.99% 83.68% 88.80% 

MLSFR 98.32% 87.49% 96.10% 85.33% 97.20% 86.40% 90.93% 92.50% 

ELSFR 98.34% 92.57% 97.04% 87.16% 97.69% 89.78% 92.50% 94.24% 

ELRT 98.54% 91.69% 97.92% 89.62% 98.23% 90.64% 94.68% 94.18% 

TELRT 98.55% 94.89% 98.55% 95.11% 98.55% 95.32% 96.01% 97.27% 

TABLE III 

COMPARATIVE EXPERIMENTAL RESULTS OF TRADITIONAL ALGORITHM 

 

Algorithm OP CP OR CR OF1 CF1 ACC mAP 

MSVM 99.57% 89.76% 88.04% 74.47% 93.45% 79.72% 77.39% 76.53% 

MGNB 56.16% 54.77% 88.11% 89.16% 68.59% 65.32% 28.05% 51.27% 

MRF 98.42% 89.97% 93.83% 84.06% 96.07% 86.72% 88.51% 83.33% 

MERT 98.56% 93.24% 94.65% 88.43% 96.57% 90.66% 90.21% 86.09% 

MLDA 96.42% 92.13% 98.17% 95.86% 97.29% 93.73% 92.50% 89.70% 

SSVM 98.03% 78.84% 84.58% 69.51% 90.81% 73.03% 69.65% 71.37% 

SGNB 53.91% 50.60% 83.32% 86.58% 65.46% 61.61% 14.39% 46.47% 

SRF 98.52% 90.12% 92.07% 82.81% 95.19% 86.07% 85.97% 82.39% 

SERT 98.54% 91.86% 93.77% 86.08% 96.10% 88.74% 88.63% 84.42% 

SLDA 98.30% 94.31% 98.43% 95.29% 98.36% 94.76% 96.25% 91.38% 

E. Comparison with other commonly used methods 

In order to further demonstrate the advantages of the TELRT 

algorithm proposed in this paper, we also considered the 

diagnostic performance of several traditional algorithms 

commonly used in fault diagnosis problems for PCB multiple 

faults. Besed on the measured scalar magnetic field data, the 

same data form as TELRT input data and the variety of different 

principles are considered to achieve different diagnosis 

processes, explicitly involving the algorithms as shown below: 

 

1) Support Vector Machine (SVM): It uses the optimal 

hyperplane to separate different categories while 

maximizing the distance between the data on both sides 

of the boundary. For data, it maps the data to a high-

dimensional space through a kernel method so that 

linearly inseparable data can be linearly separated, 

thereby achieving complex fault diagnosis tasks. 

2) Gaussian Naive Bayes (GNB): It assumes that the fault 

features are conditionally independent and follow the 
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Gaussian distribution. It uses the Bayesian theorem to 

calculate the posterior probability that the data may 

belong to each fault type to implement the fault diagnosis 

method. 

3) Random Forest (RF): It is an algorithm that trains multiple 

decision trees by randomly selecting data and features and 

uses voting to determine the fault type. Its randomness 

makes it more robust and less prone to overfitting when 

performing complex diagnostic problems. 

4) Extremely Randomized Trees (ERT): It is an improved 

version of the RF algorithm. It not only randomly selects 

a subset of the dataset but also selects a random threshold 

when partitioning the features. This additional 

randomness gives the algorithm more vital generalization 

ability and training speed and can better adapt to complex 

diagnostic tasks of more data types. 

5) Linear Discriminant Analysis (LDA): It is a linear model 

used for dimensionality reduction and classification. It 

assumes that the data follows a Gaussian distribution with 

the same covariance matrix and determines the fault type 

by finding the projection direction that maximizes the 

variance between faults and minimizes the variance 

within a class. 

 

According to the basic principles of each algorithm, we 

evaluate the performance of these traditional algorithms on OP, 

CP, OR, CR, OF1, CF1, ACC, and mAP when they are 

combined with scalar magnetic field and scalar magnetic field 

source as input based on the same PCB state types and state 

combinations as TELRT in Table I. Here, the algorithms of 

SVM, GNB, RF, ERT, and LDA combined with magnetic field 

are named MSVM, MGNB, MRF, MERT, and MLDA, while 

the algorithms combined with magnetic field source are named 

SSVM, SGNB, SRF, SERT, and SLDA. Table III records the 

specific performance indicators of all traditional algorithm 

combinations.  

From the indicators shown in Table III, some traditional 

methods can also perform relatively well in PCB multi-fault 

diagnosis. Specifically, by comparing the data in Table II and 

Table III, it can be found that the neural network algorithm with 

the self-attention mechanism proposed in this paper can 

effectively achieve higher and more balanced ACC (accuracy) 

and mAP (mean average precision) the two most critical fault 

diagnosis indicators. Table III shows that some traditional 

methods have high ACC but relatively low mAP when facing 

PCB fault diagnosis problems, and the two are not balanced. 

For example, the ACC of MERT, MLDA, and SLDA are all 

high and greater than 90%, but the mAP is significantly lower 

than ACC. mAP is lower than ACC, which means that when the 

algorithm encounters an imbalance in the amount of data of 

different fault types, the balance of indicators will be affected. 

This phenomenon is mainly because mAP more strictly 

evaluates the prediction quality of each fault, while ACC only 

calculates whether all faults are entirely correct without 

considering the impact of confidence and category imbalance. 

Therefore, even if the model does not perform well for some 

faults, as long as most faults are correct, ACC is still high. In 

order to verify the judgment, Table IV shows the ACC and mAP 

of the four-fault diagnosis algorithms with the highest ACC and 

mAP in Table III without the normal state shown in Table I 

(This process is the same as Section IV D. to verify the 

performance of TELRT when the normal state is not included). 

TABLE IV 

TRADITIONAL ALGORITHM PERFORMANCE 

 

Algorithm MERT SERT MLDA SLDA 

ACC 92.64% 91.29% 94.36% 97.06% 

mAP 95.31% 94.02% 95.99% 97.14% 

 

It can be seen that when the normal state is not included, the 

mAP of the traditional method is higher than the ACC, which 

shows that the model’s performance on different categories is 

more balanced and performs well on each fault, not just on the 

overall fault. In terms of algorithm balance, all methods 

mentioned in Table II have shown good performance, which 

also shows that the training process of the neural network can 

effectively extract and analyze the deep information of the data. 

Although there are differences in the overall performance of 

different methods, the reliability and balance of the algorithm 

can be effectively guaranteed in the PCB multi-fault diagnosis 

problem. 

 
Fig. 11. Euclidean distance between algorithms metrics and 

100% 

 

In order to further visualize and compare the comprehensive 

performance of different algorithms in Table II and Table III, 

we regard OP, CP, OR, CR, OF1, CF1, ACC, and mAP as the 

performance coordinates of the fault diagnosis algorithm and 

the Euclidean distance from the coordinate to the 100% 

coordinate as a quantitative indicator to judge the 

comprehensive performance of different algorithms. The 

specific Euclidean distance calculation formula is as follows: 

 

 𝐸𝐷 = √∑ (𝑝𝑒 − 𝑝𝑜)
28

𝑒=1  (28) 

 

where 𝑝𝑖  and 𝑝𝑜 are the actual values and the 100% values of 

OP, CP, OR, CR, OF1, CF1, ACC, and mAP. Fig. 11 shows the 

rearranging of all algorithms from left to right in ascending 

order, according to the values of the Euclidean distance. The 

numbers 1 to 16 on the horizontal axis in the figure correspond 

to algorithms SGNB, MGNB, SSVM, MSVM, MSFR, ESFR, 

SRF, MRF, SERT, MLSFR, MERT, ELSFR, ELRT, MLDA, 

SLDA, and TELRT. It can be seen from the Euclidean distance 
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curve that TELRT has obvious comprehensive advantages, and 

most algorithms in Table II perform better than those in Table 

III. Although the comprehensive performance of the LDA 

algorithm is slightly higher than that of other Table II 

algorithms except TELRT when all indicators are treated 

equally, as mentioned earlier, the balance of LDA in the two 

most critical indicators, ACC and mAP, is weak. In addition, 

we can find that fault diagnosis algorithms with more robust 

nonlinear capabilities are more suitable for extracting complex 

scalar magnetic field source features by combining the data in 

Figure 11, Table II, and Table III. The magnetic field source 

feature introduces the influence of the wave number term 

containing frequency, giving it more significant nonlinearity 

and richer radiation information. It is not difficult to find that 

the scalar magnetic field source feature can give the algorithm 

a higher performance ceiling, but its complexity can easily 

cause the simple algorithm structure to be too sensitive, 

resulting in performance degradation. The combination of the 

self-attention mechanism, fault-related auxiliary features, and 

neural networks proposed in this paper can effectively realize 

the analysis of the local and global relationship of complex 

features, make full use of the complex network structure to 

simulate the nonlinear relationship between complex features 

and faults, and make the algorithm have strong reasoning and 

nonlinear learning capabilities. 

V. CONCLUSION 

This article describes and verifies a non-contact PCB multi-

fault diagnosis algorithm based on a scalar magnetic feature, 

fault relationship feature, and the Transformer architecture. We 

transformed the scalar field into the form of the scalar source 

and established the main feature that characterizes the behavior 

of the scalar source through the LBP algorithm. Meanwhile, we 

also use the topological relationship between fault types, 

establishing the auxiliary feature to fuse with the main features. 

Based on theoretical derivation, the article verifies the 

effectiveness and feasibility of the features and algorithms by 

simulating on/off faults, matching faults, performance 

degradation faults, and multi-type combination faults of the 

dual-phase amplification circuits. In the end, the calculation 

results of the proposed algorithm on actual test data show that 

the algorithm in this paper has excellent performance, achieving 

98.55%, 94.89%, 98.55%, 95.11%, 98.55%, 95.32%, 96.01%, 

and 97.27% in multiple indicators such as OP, CP, OR, CR, 

OF1, CF1, ACC, and mAP, which results is higher than all 

existing traditional algorithms and neural network algorithms 

considered in this paper. In the future, based on the research 

content of this article, the research can be further attempted to 

achieve the PCB multi-fault diagnosis by adding multiphysics.  

APPENDIX 

No measurement method has an absolute advantage, but each 

has its advantages when dealing with different problems. In 

order to provide a more objective data selection reference and 

fully reveal the advantages of non-contact electromagnetic data 

as input in PCB fault diagnosis problems (without denying 

other data sources), we have compared in detail the traditional 

contact measurement, non-contact visual measurement, non-

contact temperature measurement, and non-contact magnetic 

field measurement. 

For contact measurement methods, contact probes connect 

different instruments to measure voltage, current, resistance, 

power, or S parameters to determine the PCB status, which is 

usually simple and intuitive, and the measured data is highly 

accurate. It is worth noting that contact measurement methods 

make it difficult to eliminate the influence of parasitic 

parameters in the measurement probe and the contact wear on 

the circuit. These situations may have a small impact on low-

frequency PCBs, but for high-frequency PCBs, the pF level 

capacitance introduced by the probe and some circuit damages 

are sufficient to affect the circuit’s distributed parameters and 

matching status. This situation will make determining PCB 

status highly dependent on the work experience of the 

inspection personnel. In addition, contact measurement relies 

heavily on probes or test points and must be manually measured 

one by one, making it challenging to cover all nodes of the 

circuit board. Especially for larger RF PCBs, it is even more 

challenging to ensure comprehensive measurement. 

For non-contact methods, visual data can be obtained using 

cameras or microscopes, which usually have high resolution. 

Moreover, images, as a direct presentation of object 

morphology, are incredibly suitable for diagnosing wire 

breakage, short circuit, circuit damage, welding problems, and 

component loss. However, when there are obstructions and 

blind spots in the PCB, it can make it challenging to obtain 

compelling measurement data. In addition, visual data does not 

include the physical properties of PCBs, so it cannot handle 

faults that include the electrical characteristics of circuits. 

As temperature and electromagnetic field data contain the 

physical characteristics of PCBs, they can effectively utilize 

physical laws to reflect some PCB electrical faults, which gives 

them more significant potential for development in solving 

complex PCB mechanism problems. The temperature data 

mainly uses Joule’s law and heat conduction equation, as shown 

below, to describe the heat generation and heat transfer of PCB: 

 

 {
𝑄 = 𝐼𝑅𝑀𝑆

2 𝑅𝑡                                 
𝜕𝑇(𝑟1⃗⃗⃗⃗ )

𝜕𝑡
= 𝛼 ⋅ 𝛻2𝑇(𝑟1⃗⃗⃗  ) + 𝑞(𝑟1⃗⃗⃗  )

 (29) 

 

where 𝑄 is the heat, 𝐼𝑅𝑀𝑆 is the effective current value, 𝑅 is the 

impedance value, 𝑇(𝑟1⃗⃗⃗  )  is the temperature value, 𝑟1⃗⃗⃗   is the 

temperature position, 𝛼 is the thermal diffusion coefficient, and 

𝑞(𝑟1⃗⃗⃗  ) is the heat source term. The temperature data generated 

by PCB depends to some extent on the accumulation and 

diffusion of heat over time, making it sensitive to detecting 

issues such as long-term high load and insufficient heat 

dissipation in PCB. However, due to the thermal diffusion 

effect, the temperature data is relatively smooth, and the 

resolution performance of local details of PCB is relatively 

weak. The used non-contact temperature measurement devices 

mostly use the Stefan Boltzmann Law, as shown below, to 

convert temperature data by measuring the surface thermal 

radiation 𝑃 of objects: 
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 𝑃 = 𝜀𝜎𝑇4 = 𝜀 ⋅ 𝜎 ⋅ (
𝑄

𝑚⋅𝜃
+ 𝑇0)

4

 (30) 

 

where 𝜀 is the emissivity, 𝜎 is the Stefan Boltzmann law, 𝑇 is 

the absolute temperature, 𝑚 is the mass, 𝜃 is the specific heat 

capacity, 𝑇0  is the initial temperature. It can be seen that 

thermal radiation is not directly related to frequency but is 

related to the effective value of current. This feature further 

indicates that temperature is more of a macroscopic measure 

and cannot directly reflect the state changes caused by various 

frequency components in the PCB. The characteristics of 

temperature data limit its ability to characterize PCB states with 

rich frequency features, such as RF PCBs. In addition, the PCB 

design concept of better heat dissipation and lower energy loss 

also limits the application of temperature data. 

The electromagnetic field data is mainly described using the 

Maxwell equations composed of Ampère-Maxwell Law, 

Faraday’s Law of Induction, Gauss’s Law for Magnetism, and 

Gauss’s Law for Electricity. The complete Maxwell equation 

system is shown below: 

 

 

{
 
 

 
 𝛻 × 𝐻⃗⃗

 (𝑟 ) = 𝑗𝜔𝜀0𝐸⃗ (𝑟 ) + 𝐽 (𝑟0⃗⃗  ⃗)

𝛻 × 𝐸⃗ (𝑟 ) = −𝑗𝜔𝜇0𝐻⃗⃗ (𝑟 )

𝛻 ∙ 𝐻⃗⃗ (𝑟 ) = 0

𝛻 × 𝐸⃗ (𝑟 ) =
𝜌(𝑟0⃗⃗⃗⃗ )

𝜀0

 (31) 

 

where 𝑟  is the magnetic field coordinate, 𝑟0⃗⃗  ⃗  is the current 

source coordinate, 𝜀0  is the dielectric constant, 𝜇0  is the 

magnetic permeability, 𝜔 = 2𝜋𝑓 , 𝑓  is the frequency, 𝐽 (𝑟0⃗⃗  ⃗) is 

the current source, and 𝜌(𝑟0⃗⃗  ⃗)  is the charge density. The 

Maxwell equations show the changes and generation in electric 

and magnetic fields. We can significantly find that as the 

frequency increases, the rate of change in electric and magnetic 

fields also increases, resulting in significant changes in the 

energy distribution, phase characteristics, and propagation 

features of electromagnetic waves. It is worth noting that the 

Maxwell equations exhibit the wave nature of electromagnetic 

waves, including the generation and transmission of energy 

from radiation sources, which show that signals can generate 

reflection, interference, and diffraction phenomena. Opposite, 

Eq. (29) shows that temperature does not have the wave-like 

behavior. It is a one-way accumulation of heat and a gradual 

flow from high-temperature to low-temperature areas, which is 

gradual and usually tends to stabilize unidirectionally. These 

physical laws indicate that the electromagnetic field tends 

towards dynamic equilibrium, while temperature tends towards 

static equilibrium. Most used non-contact electromagnetic 

measurement devices utilize the radiation characteristics of 

electromagnetic fields to receive radiated electric or magnetic 

fields. Here, in order to correspond to the radiation energy of 

temperature fields, we have listed the following formula for 

magnetic/electric dipole radiation sources: 

 

 𝑃 =
𝑚0
2⋅𝜔4

12⋅𝜋⋅𝜇0⋅𝑐
3 =

𝑝0
2⋅𝜔4

12⋅𝜋⋅𝜇0⋅𝑐
3 (32) 

 

where 𝑚0 is the magnetic dipole, 𝑝0 is the electric dipole, 𝑐 is 

the speed of light. It can be seen that electromagnetic radiation 

is closely related to frequency and will rapidly increase with the 

increase of frequency. It further illustrates that electromagnetic 

fields can fully reflect the electromagnetic distribution 

characteristics in space and the state changes exhibited by 

different frequency components in PCBs. Electromagnetic 

measurement methods that include spatial and frequency 

characteristics can better grasp subtle changes in PCBs, which 

enhances their ability to characterize faults in complex high-

frequency PCBs. However, more powerful feature analysis 

algorithms are required to analyze helpful information. 
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