
Contacts Detection and Machine Learning for Classification of Defects 

in PCB Images 

 
ROMAN MELNYK, OLEH IVANIUK 

Software Department, 

Lviv Polytechnic National University, 

Lviv, 

UKRAINE 

 
Abstract: - The presented work considers three approaches for detecting the coordinates of contacts in printed 

circuit boards (PCBs). The objects of the approaches are contacts with holes, contacts without holes, and mixed 

contacts. The central procedure of the method is the flood-filling algorithm, which detects the component edges 

simultaneously. Overlaying the found coordinates of contacts with the standard PCB creates an image, which 

allows the determination of features characterizing defects, such as connectivity, redundant or missing 

components. Machine learning based on these identified image features is applied to classify printed circuit 

boards. Artificial neural networks (ANNs), which are available on the Internet, were used in the work. The 

developed approach combines two components: software for image processing and Machine Learning. 
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1 Introduction 
The number of publications on detecting defects in 

printed circuit boards is substantial, and most of 

them are collected in surveys. The review in [1] 

focuses on methods, while [2] focuses more on 

technologies. The survey [3] contains references to 

publications paying attention to Machine Learning 

and Deep Learning. The survey [4] contains works 

considering the application of Machine Learning for 

the detection of anomalies on surfaces. 

The work [5] presents a segmentation-based 

deep-learning architecture for the detection and 

segmentation of surface anomalies, combining 

image processing and Machine Learning.  In the 

work [6], due to the lack of available data, the 

technique extends the network knowledge with 

regard to defect classes with a few samples. Instead 

of thousands of images of defects as in [7], an 

unsupervised deep learning model is proposed using  

a smaller amount of representative defect-free 

samples (tens rather than thousands). In the work 

[8], a model uses nominal (non-defective) example 

images only. The work [9] describes artificial visual 

processing techniques to present the captured 

scenery in a mathematical/logical way. In [10] 

anomaly detection is based on the idea that the 

entropy of the latent distribution for normal data 

should be lower than the entropy of the anomalous 

distribution. 

The works [11], [12] contain image processing 

algorithms, including subtraction algorithms. For 

inspection of PCB production, machine learning-

based methods are widely used. A large part of these 

publications is in the survey [13]. A lot of 

publications consider Neural networks of various 

architectures and the approaches on their basis. In 

the article [14], a developed Neural network is 

applied to flexible PCBs. Machine learning exists in 

combination with a full application, as demonstrated 

in [15]. In the works [16], [17], a deep learning 

algorithm based on the you-only-look-once (YOLO) 

approach is proposed. Convolutional neural 

networks (CNNs) were considered in the publication 

[18]. Machine learning algorithms are also used to 

process data and predict results in many other 

technical applications [19], [20]. 
 

 

2 Types of defects in PCB images 
Contacts are very important elements of PCBs. They 

are the end and intermediate points for all traces. 

Many PCB defects are caused by broken 

connections between traces and contacts, or within 

traces.  The density of placement of elements is 

high, and the distances between tracks and contacts 

are small. There is a high probability of touching 

(short circuit) and breaking traces. 

These types of defects can be called connection 

defects. Another group includes defects associated 
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with the absence of design details and the presence 

of unplanned parts of the metal coating. This group 

can be called coating defects. The third group 

combines various inaccuracies in the shape and size 

of the traces or contacts themselves. This group can 

be called filling defects. 

Representatives of these three groups are shown 

in Figure 1 and are circled in different colors: red- 

connection defects; blue- coating defects; green- 

filling defects. 

 

 
Fig. 1: A fragment of PCB with defects 
Source: created by the authors 
 

The task “Determination of defects in printed 

circuit board images” is generalizing and involves 

formulating a sequence of simpler tasks: 

“Determination of the presence of any defect”, 

“Determination of the presence of a defect of a 

specific type”, “Determination of the localization of 

a defect of a specific type”, etc. In some cases, 

solving the next task requires solving the previous 

ones. 

In the presented article, the approach for the 

detection of defects from the first two groups is 

considered. For better understanding, it is necessary 

to recall that all contacts are divided into groups 

belonging to different chains. For every PCB there 

is a set of chains C={c1,c2,…,cN} of N chains to be 

connected, where cj is a chain’s identifier, a set of 

contacts K={K1, K2,…, KN},   where every 

element Kj is a set of contacts Kj={kj1, k12, …, 

kjkj},  belonging to the j-th chain and connected 

within this chain.  

These theoretical designations are unknown 

when the PCB image is submitted for processing. 

 

 

3 Preprocessing Algorithms 
 

3.1 Thinning Algorithm 
A discrete three-dimensional image is an array of 

points P = {p(x,y,z)}, each of which is assigned an 

intensity value in a three-dimensional space defined 

by Cartesian coordinates x,y,z ∈ Z. This applies to 

both a binary image and the skeleton generated from 

it. 

The skeleton of a digital image is a compact 

representation of its topology, geometry, and scale.  

The skeleton has features that can help identify 

images and their components. The properties of the 

skeleton are as follows: 

•  the line thickness is one pixel, 

• all segments of one object are connected if all 

pixels of this object are connected, 

• lines are in the center of the objects. 

An example of a skeleton for the fragment in 

Figure 1 (without defects) is shown in Figure 2. 

 

 
Fig. 2: A skeleton with specific points 
Source: created by the authors 

 

The skeleton was built by the  thinning algorithm 

, which iteratively scans a 3x3 matrix of pixel 

positions and replaces black pixels with white ones 

until none can be removed without altering the 

connectivity.   

A 2-D skeleton consists of pixels of three types: 

end-pixels with only one neighboring pixel in the 

line, normal pixels having two neighbors in the line, 

and branch pixels with more than two neighbors. 

Building a skeleton involves converting an image 

of one type to an image of another kind. The 

operator S denotes the algorithm's actions. There are 

two types of results: a pure skeleton without specific 

points defined and a skeleton with outlined end- or 

branch-points. Two operators take the following 

form: 

 S(s, 0, 0): Imo → Ims, 

 

S(s, e, b): Imo → Imss, 

 

(1) 

 

where Ims is a skeleton, Imss is a skeleton with 

marked points, e is to define the end-points, b to 

define branch-points. 

 

3.2 Flood-filling and Edge Detection 

 Algorithm 
The flood fill algorithm replaces the internal color 

Io of the object with the fill color in. When there are 

no more pixels of the original interior color, the 

algorithm terminates. This algorithm is based on a 

WSEAS TRANSACTIONS on CIRCUITS and SYSTEMS 
DOI: 10.37394/23201.2027.26.1 Roman Melnyk, Oleh Ivaniuk

E-ISSN: 2224-266X 2 Volume 26, 2027



four-join or eight-join method for pixel filling. It 

searches for all adjacent pixels that are part of the 

interior. 

The next step is to modify its basic algorithm 

formula for application to PCB images with non-

uniform component colors. For the available 

intensity value Io and the target intensity value In, 

the algorithm implements modified formulas for the 

lower and upper tolerances: 

 

If 𝐼𝑜 − (𝐼𝑜 ⋅ 𝑇𝑜𝑙) ≤ 𝐼(𝑥𝑖, 𝑦𝑖) ≤ 𝐼𝑜 + (𝐼𝑜 ⋅ 𝑇𝑜𝑙),
 

(2) 

 

where Tol is a relative tolerance regulating the rules 

for changing (filling) surrounding pixels. 

 

Figure 3 shows two examples of the images 

filled by Paint and the modified algorithm with an 

acceptable tolerance of 100. In the first case, the 

black surface and some non-filled components 

remain after filling. 

 

 
Fig. 3: Traces and contacts filled by Paint (a) and by 

the filling algorithm with tolerances (b) 
Source: created by the authors 

 

The third improvement of the algorithm involves 

a control for filling either a separate connected 

component or all components simultaneously that 

have the same pixel intensity. 

In practice, this is implemented by four operators 

that convert images from one type to another type of 

presentation: 

 F(C,1, tol+, tol-): Imo → Im1, 

F(C, all, tol+, tol-): Imo → Imn, 

 

F(I, 1, tol+, tol-): Imo → Im1, 

F(I, all, tol+, tol-): Imo → Imn, 

 

 

(3) 

 

 

where Im is an image, C is a cursor as initial control, 

I is the intensity value for the starting point, all is a 

marker for filling of all possible components, tol+, 

and tol- are tolerances for the target pixels. 

 

The results of the first two operators are shown 

in Figure 4: one square (b) and three squares (c) are 

filled with red.  

 
a                         b                        c 

Fig. 4: Test images: non-filled (a), one filled 

component (b), three filled components (c) 
Source: created by the authors 

 

The latter modification of the filling algorithm is 

a procedure for building edges of the filled areas. 

The scanning 3×3 area checks the border pixels and 

fills all 9 pixels of the area around every border 

pixel. This process is illustrated in Figure 5 by the 

blue area. 

 
Fig. 5: Border pixels and border areas 
Source: created by the authors 

 

The results of the filling and edge detection in 

the filled areas are shown in Figure 6. The width of 

the circle edge is three pixels, and one pixel for the 

rectangle. 

 

 
Fig. 6: Three (a) and one (b) pixel edges 
Source: created by the authors 

 

Four operators are implemented to control the 

process, transforming an image without edges into 

an image with edges. They take the form of the 

previous four operators with E as the edge, for 

example: 

 F(C,1, E tol+, tol-): Imo → Im1(E). (4) 

 

3.3 Overlaying Images 
The detection of discrepancies in the structural 

components of reference and manufactured printed 

circuit boards is possible due to their mathematical 

superposition. This method displays the differences 

and common components in the two boards. The 

superposition of the pair of images is carried out 

using the following formula, which is applied to the 

three channels of each pixel: 
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𝐼𝑟(𝑥, 𝑦) = 𝛼𝐼𝑠(𝑥𝑖, 𝑦𝑖) + (1 − 𝛼)𝐼𝑟𝑠(𝑥𝑖, 𝑦𝑖)𝑖(𝑟),
 

(5) 
 

where Ir, and Is are the pixel intensity of the 

resulting and sample images, Irs, is the pixel 

intensity of the reference image, and α is the 

coefficient of transparency (independent variable).  

 

Both input images are binary: with black (B, I=0) 

and white (W, I=255) colors. To separate positive 

and negative defects in the resulting image, the 

transparency coefficient is accepted as α=0.25. So, 

the overlaying image is characterized by the 

following colors: 

W=0.25white(1)+0.75white(2),  

G(l)=0.25black(1)+0.75white(2),  

G(d)=0.25white(1)+0.75black(2), 

B=0.25 black(1)+0.75black(2) 

 

where (1), (2) denote the input images.  

 

An example of two overlaying images is shown 

in Figure 7.  

 

 
a                  b                  c 

Fig. 7: Test images: a reference for α=0.25 (a), a 

sample for α=0.75 (b), overlaying (c) 
Source: created by the authors 

 

There are four colors in the resulting image: 

white W for the background, black B for black 

pixels reflecting black pixels in the reference and 

sample images, light gray G(l), and dark gray G(d) 

for positive and negative defects. Light gray marks 

black components belonging to the image with the 

transparency coefficient α=0.25, and dark gray for 

α=0.75 during overlaying with white pixels. In total, 

all types of defects and inaccuracies are 

automatically marked during overlay operations.  

Overlaying is the conversion of two images into 

a single image with new features.  To run this 

conversion, the following operator is used: 

 

 O(Im1, Im2, α): Im1, Im2 → Imf. (6) 

 

 

 

4 Detection of Contact Coordinates 
 

4.1 Binary Images with Contacts without 

 Holes 
A majority of PCB images contain contacts and 

traces of the same color, and the contacts are 

without holes. In the case that these contacts are the 

endpoints of traces, their coordinates are determined 

as the endpoints in the skeleton. If they are located 

within a trace, the thinning algorithm does not 

notice them, accepting them as fragments of the 

trace. An example of such contacts is shown on the 

PCB fragment image in Figure 8. 

 

Fig. 8: A PCB image with contacts without holes 
Source: created by the authors 

 

The skeleton for this PCB image does not 

contain any round pins, and the algorithm cannot 

find any endpoints or branch points. This case with 

multiple pins is demonstrated in Figure 9. When 

checking the connections in all circuits, the absence 

of certain points does not prevent the correctness of 

the circuit connections from being verified. 

However, it does result in the absence of 

corresponding pins in some circuits for accounting 

and testing: 

Kj(found)⊆ Kj(reference)}. 

 

Fig. 9: Missing points (pixels) of contacts on the 

skeleton of the PCB image indicated by arrows 
Source: created by the authors 
 

 

Thus, a new approach is needed to determine the 

coordinates of all contacts. It is based on the method 

of finding and constructing edges of objects. The 

edges have a width of one to three pixels, and taking 

up space on the track with contacts reduces the 

thickness of the track to zero, leaving the central 

parts of the contacts to determine their coordinates.  

 

This process is iterative with the filling operator 

F and a width W of the trace: 
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 Wk+1=F(Wk), k=0, 1, …, z, Wz=0. (7) 

 

To illustrate the steps of determining the 

coordinates of contacts without holes, a small PCB 

image was chosen, as shown in Figure 10. 

 

 
Fig. 10: A PCB image with contacts without holes 
Source: created by the authors 
 

The edge detection and filling operator (4) is 

applied to the input image three times: one from the 

white background and two from the traces.  

Figure 11 shows three steps of the image 

transformation. The colors of the edges and filled 

parts of traces are chosen arbitrarily to illustrate 

wiping out traces. Black isolated islands of contacts 

remain in the image on the last step. 

 

Fig. 11: Three steps of filling and edge detection in 

the PCB image fragment 
Source: created by the authors 

 

The full PCB image after three steps of 

transformation is shown in Figure 12.  

 
Fig. 12: The resulting PCB image with black 

isolated islands 
Source: created by the authors 

 

For further processing, the main result of the 

transformations is the presence of black islands of 

contact centers. Applying a sequence of operators to 

fill all non-black pixels with the white target color, 

only black islands remain in the image, as shown in 

Figure 13. 

 
Fig. 13: Black islands of contacts after deleting 

other colors 
Source: created by the authors 

 

The thinning and specific points finding 

operators (1) transform the resulting image into the 

skeleton with marked contact coordinates. They are 

shown in Figure 14. 

 
Fig. 14: Skeleton of contact islands and end-points 
Source: created by the authors 

 

It should be noted that even the smallest islands 

of the small contacts received their coordinates. The 

found coordinates of contacts are accepted as input 

data for defect detection in manufactured PCB 

images.  

 

4.2 Transformation of Three-Color PCB 

 Images into Images with Three Uniform 

 Colors 
In some cases, PCB images have three or more 

colors. They are not usually uniform or 

homogeneous. The intensity of the image pixels 

increases or decreases gradually. The image in 

Figure 15 has four colors: a dark green background, 

light green signal traces, light gray contacts, and a 

yellow kernel of contacts. 
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Fig. 15: A PCB image with four colors 
Source: created by the authors 

 

Therefore, dividing the pixels into three or four 

groups, as was done in the previous work [24], is 

possible, but with no desired result. Solder pixels in 

the middle of the contacts are mixed with traces, and 

the contacts receive holes. The needed result can be 

achieved using the K-means clustering algorithm to 

divide the image into two segments: background 

and signal elements. The resulting image is shown 

in Figure 16. 

 

 
Fig. 16: A clustered PCB image  
Source: created by the authors 
 

Then, the three previous steps are repeated with 

the clustered image: wiping traces to separate 

contacts. The erased and separated contact traces are 

shown in Figure 17 in red color. 

 

 
Fig. 17: Traces, contacts, and background of 

different colors 
Source: created by the authors 

 

Then, filling the contacts with black and the rest 

of the pixels with white, the contacts become 

isolated as shown in Figure 18a. Finally, thinning to 

build a skeleton and selecting specific points are 

performed. The pixels with contact coordinates after 

their finding are shown in Figure 18b. 

 
a                                     b 

Fig. 18: Contacts (a) and coordinates of their 

specific points (b) 
Source: created by the authors 

 

Now, the final encircled pixels from islands 

simultaneously represent contacts and chains. The 

last image in Figure 18b is ready to be used as input 

data for defect detection in PCB images. 

 

4.3 PCB Images with Holes in Contacts 
Many printed circuit board images contain contacts 

and traces of the same color, and the circuit contacts 

have holes. For them, the determination of contact 

coordinates is carried out by a slightly different 

sequence of auxiliary algorithms. An example of 

such a printed circuit board image is shown in 

Figure 19. 

 

 
Fig. 19: A PCB image with one black color and 

holes in the contacts 
Source: created by the authors 

 

There are two ways to determine contact 

coordinates: based on a single application of the 

thinning algorithm and based on fill and thinning 

algorithms. The first method is simpler, but in 

addition to contact coordinates, it finds the 

coordinates of the branching points of three or more 

traces. The second method is more complex, but it 

finds only contact coordinates. 

In the first method, two steps are implemented 

on the input image: thinning to build a skeleton and 

finding specific points. To illustrate how specific 

points belong to contacts, the skeleton with the 

coordinates of the specific points marked and the 

original input image are superimposed and shown in 

Figure 20 (the reference image is yellow). 
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Fig. 20: The overlaid PCB image with its skeleton 
Source: created by the authors 

 

The pixels of the found special points are circled 

with squares. The figure also shows two points that 

do not belong to the contacts. 

The task of the second method is to mark and 

separate all holes from other elements of the board, 

primarily from the background. The filling 

algorithm in the first step changes the white 

background to yellow. In the second step, the white 

holes change to red. To do this, two operators based 

on the filling operator (3) are executed for the input 

image in Figure 20: first, the white background is 

changed to yellow, and second, the white holes are 

changed to red. As a result, the white holes and the 

background are separated by colors. The former are 

marked in red and the background in yellow, as 

shown in Figure 21. 

 

 
Fig. 21: Yellow background and red holes in the 

PCB fragment image 
Source: created by the authors 

 

Then the following two operators are executed to 

return the background to white and mark the black 

traces as white. After these two operations, only red 

holes remain on the board. They are shown in 

Figure 22a and Figure 22b. 

In the final stage, the red holes or their black 

copy are accepted as input data for the thinning 

(skeleton) algorithm, which determines the contact 

coordinates. The task of detecting the contact 

coordinates is completed. They are located in 

computer memory and in the resulting image shown 

in Figure 22b. 

In conclusion, contacts in PCBs are the primary 

constructive elements that must be correctly 

connected for the circuit to function properly. Their 

coordinates help to detect all inaccuracies linked 

with connectivity defects. 

 

 

 
a 

 
b 

Fig. 22: PCB holes in contacts (a) and their 

coordinates (b) 
Source: created by the authors 
 

 

5 Defects Detection 
 

5.1 Assigning Contact Pixels to Chains 
The coordinates of contacts determined in the 

previous stage of the approach have no identifiers; 

that is, their affiliation with all chains is not known. 

The iteration procedure based on the flood-fill 

algorithm solves this problem. It assigns the set of 

contacts K={K1, K2,…,KN} to the set of chains 

C={C1,C2,…, CN} where every element Kj is a set of 

found contacts Kj={Kj1, Kj2, …, Kjkj}. To accomplish 

this, the procedure utilizes the coordinates of 

contacts and the reference PCB image to fill the 

corresponding chain (trace), as shown in Figure 23. 

 

 
Fig. 23: A filled chain with encircled contact pixels 
Source: created by the authors 

 

A filled chain and its contact pixels receive an 

identifier ID=1. Then, the process continues until all 

chains and contact pixels receive their identifiers. 

The final image is shown in Figure 24.  The holes 

contain small white areas filled with contact pixels 

and squares without found black islands. In practice, 

for processing, they are filled with these black 

islands received after wiping. 

 

Fig. 24: Filled chains with encircled contact pixels 
Source: created by the authors 
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After such operations, every chain has an 

identifier and contacts (contact pixels) assigned to 

it: 

 

 C1(id1)={K11(id1), K12(id1), …, K1k1(id1)}, 

… , 

CN(idN)={KN1(idN), KN2(idN), …, KNk2(idN)}. 

 

(8) 

 

where id1 ,  … , idN are identifiers of the chains, k1 ,  k2 , 

…, kN are the indexes of contact pixels in the chains. 

The number of identified pixel contacts and their 

coordinates are input data for the next steps of 

defect detection.   

 

5.2 Calculation of Component Features 
Simple operations are performed with the image 

with pixel contacts and the manufactured sample 

image. The first image is black, and the second has a 

white background covered by four-pixel islands 

marking the contact pixels.  

The overlaying experiment with α=0.3 (for 

black) is held with the following pixels: 

 

W=0.3white(1)+0.7white(2)=white, 

LR=0.3white(1)+0.7red(2)=light red, 

LG=0.3black(1)+0.7white(2)=light grey, 

DR=0.3black(1)+0.7red(2)=dark red. 

 

The resulting image in Figure 25 has four colors. 

 

 
Fig. 25: The overlaid manufactured image with 

pixel contacts of the reference image 
Source: created by the authors 
 

They represent the following objects:  missing 

metal in light red, traces and contacts in light gray, 

and contact pixels in dark red. These colors help to 

identify features that describe different types of 

defects. 

Visually, the types of defects can be determined 

by the following rules. If the gray body does not 

contain the complete set Ci ={Ki1, Ki2, …, Kik2} of 

contact pixels belonging to the i-th chain, there is an 

open defect. If the gray body contains contact pixels 

from two (or more) sets Ci , Cj of contact pixels, 

there is a short defect between the chains. A gray 

body without any contact pixels defines an 

additional pad, and a contact pixel on a white 

background defines a missing pad.  

A simple approach for defect measurement 

involves a filling algorithm and comparison 

operations on contact pixels in the sets of chains C1, 

C2 ,…, CN . Using starting points from the set C(C1, 

C2, …, CN), a certain chain changes its color. Then, 

the contact pixels are checked to see how many of 

them have also changed their color. Examples of 

filled chains with defects are shown in Figure 26, 

where they are illustrated in different colors. In 

practice, they are not. The number of filled contact 

pixels and their affiliation indicate the type of defect 

or the absence of defects. 

 
Fig. 26: One blue chain with an open defect and two 

green chains with a short defect 
Source: created by the authors 

 

When the current i-th chain has changed its color 

(for example, to blue), the array A of contact pixels 

is checked to obtain a list L of pixels that have also 

changed their color (to blue). After the check, three 

answers are possible. The first list contains the 

complete set of contact pixels belonging to this 

chain. The weighting factor is taken as wi=1. The 

second list contains a part of the contact pixels 

describing this chain. The weighting factor is 

wi=n’i/ni, where n’i is the real number of contact 

pixels in a gray body, and ni is the number of 

contact pixels in the reference chain.  

The blue chain in Figure 26 is due to an open 

defect, and the absence of one contact has wi=4/5. 

The third list contains pixels belonging to two or 

more chains of the sample image. The weighting 

factor is wi=n’i/ni+n’j/nj, where j is the number of 

another chain connected to the current one. The 

green chain in Figure 27 has wi=2/2+2/2=2.  

As a result, the weighting factor indicates the 

type of defect: wi=1 for the correct chain, wi >1 for a 

short defect,  wi<1 for an open defect. Such 

estimation is made for all gray chains in the image. 

If defects are repeated, the summary estimation is 

averaged for the same type of defect.  

The weighting factor wi=-1 (lack) is used for the 

empty position, and wi=0 (extra) for the gray chain 

without points. In the first case, all contacts not 

considered and not included in some gray chain 

form the weighting factor wi=-1. The presence of 

any number of gray components without an enabled 

contact forms a weighting factor wi=0. Clarification 
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of the number and location of components is carried 

out by additional procedures.  

Figure 27 shows the distribution of 

characteristics of different types of defects on the 

number axis. Correct, missing, and extra 

components correspond to the exact values 1, -1, 

and 0. For open and short defects, their values are in 

two different intervals. 

  

 
Fig. 27: Values for defects of different types 
Source: created by the authors 

 

As a result, four types of weight coefficients for 

four kinds of defects in the printed circuit board are 

ready to be passed to the neural network to obtain a 

classification of board defects without user 

intervention. 

 

 

6 Application of Machine Learning 
Recognition of defects directly in PCB images or 

derivative images of differences of cumulative 

histograms by Deep learning in TensorFlow [21]  

requires a test dataset of nearly 3-10 thousand 

images. Similar experiments in [22] used the 

PyTorch and NumPy libraries with 3 thousand 

samples and flood-filling algorithms [23]. One of 

the simplest ways to apply Machine Learning to 

classify defects is the JavaScript library Brain,js 

[24] with a forward neural network (FNN). Many 

control parameters are accepted by default. If 

necessary, the user can set them to study the 

effectiveness of the neural network modes. The 

main object of the library is NeuralNetwork() with 

two methods to form the model: train() and run(). 

The training model is based on data values located 

on the numerical axis.    

In the given approach, the close numerical values 

adopted for training give the correct probabilities of 

the types of defects and circuits. However, these 

values are not very contrasting. This is explained by 

the proximity of the numbers in the input data. To 

distinguish the designations of short-circuit and 

open-circuit defects, the corresponding increased 

numbers replace their single number: for the first -

100 and the second 100. Then the five defects for 

training are selected as follows: correct chains–

(1.0); short defect–(-100); open defect–(100); 

shortage defect–(-1.0); extra defect–(0.0).  

Then these data are accepted as input in the 

JavaScript training methods: 

 

// Create a Neural Network 

const net = new brain.NeuralNetwork(); 

// Train the Network with 5 input objects 

net.train([ 

{input:[-100],output:{short:1}}, 

{input:[100],output:{open:1}}, 

{input:[0.0],output:{extra:1}}, 

{input:[-1.0],output:{lack:1}}, 

{input:[1.0], output:{correct:1}}, 

]); 

// What is the output of [-100]? 

let result = network.run([-100]); 

 

The classification result is as follows:  

 

short: 0.9618812799453735 
open: 7.157166237448109e-7 

extra: 0.013281581923365593 

correct: 0.000020949071767972782 

lack: 0.03759550675749779 

 

For the correct circuit, the classification result is as 

follows: 

 

let result=net.run([1.0]); 

short:0.006235572509467602 

open:0.060157112777233124 

extra:0.13287942111492157 

correct:0.8401375412940979 
lack: 0.002182509284466505 

 

In the first case, the probability of the short 

defect is much greater than other values due to the 

great distance from the value of -100 to other 

training values. In the last case, the non-decisive 

probability of an extra defect is slightly higher due 

to the closer values of 0 and 1.  

Additionally, another method for diagnosing 

printed circuit boards has been developed. A 

series of data is generated. The state of the entire 

PCB is encoded as a 16-element long vector.  

 

The data set was generated for 5 classes (states): 
1. Correct: The vector consists exclusively of 

1.0 values. 
2. Missing: A value of -1.0 appears in random 

positions. 
3. Extra (Extra metal/Additional contact pad): 

the positions of the vector contain the value 0.0. 
4. Short: Values in the range [1.2 ... 2.0] are 

generated at random positions. 
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5. Open: Values in the range [0.5 ... 0.7] are 

generated in random positions. 
Then, 3000 (1500 per class) samples for 

training and 600 for validation were generated.  

 

The ANN architecture is chosen as: [14] → 

[24] → [16] → [2]. The network demonstrated 

the target error (0.005) in 222 iterations. 
The following examples show possibilities of 

developed ANN (N = 16): 
Correct. Entered the series: 1, 1, 1, 1, 1, 1, 1, 

1, 1, 1, 1, 1, 1, 1, 1, 1. The network identifies the 

series as correct with 89.8% confidence. 
Missing. Entered the series: 1, 1, -1, 1, 1, 1, 1, 

-1, 1, 1, 1, 1, 1, 1, 1, 1. The network classifies 

the series as missing with 100.0% confidence. 
Open. The series is input: 1, 1, 1, 1, 1, 1, 1, 

0.6, 1, 1, 1, 1, 0.55, 1, 1, 1. The network 

classifies the series as open with 99.49% 

confidence. 
In conclusion, the developed software, combined 

with machine learning, classifies four types of PCB 

defects and images with these defects. To increase 

the accuracy of the output result, the input data can 

be expanded and supplemented with values from 

intervals on the number axis, as well as scaled to 

distance their value from each other. 

 

 

7 Conclusion 
Overlaying, thinning, and filling algorithms are 

programmed in the developed software to detect the 

coordinates of defects: short, open, excess, and lack 

of metal. The flood-filling and edge detection 

algorithms separate contacts from connecting traces, 

allowing you to analyze each chain in the printed 

circuit board.  

The newly obtained image has additional 

features of the PCB components. Their separation 

and measurement provide the input data for training 

and testing artificial neural networks to apply 

machine learning to the defect detection and 

classification process.  

The multi-layer ANN program for training and 

testing is based on the well-known Brain.js tool, 

with many input parameters for choosing the 

number of layers and accuracy. This ANN classifies 

PCB images under the criteria that are accepted 

within the tolerance range. 

The developed combination of tools classifies 

defects in PCB images into defective and correct 

samples without involving the user. 
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