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Abstract 

Fe-based amorphous coatings prepared by high-velocity oxy-

fuel (HVOF) spraying have the advantages of good mechanical 

properties, high density, low porosity, and high amorphous 

content. The service life and bonding strength of coating greatly 

depend on its thickness; however, the characterization of 

ferromagnetic coating thickness is a very difficult problem. 

Pulsed eddy current (PEC) is characterized by abundant signals 

in frequency domains. In this paper, the thickness measurement 

principle of ferromagnetic coating was explored, and the typical 

and entropy features from PEC signals were extracted. Seven 

integrated learning methods were combined to quantitatively 

characterize the coating thickness, namely Ridge Regression 

(RR), Lasso Regression (LR), Random Forest Regression 

(RFR), Extra Trees Regression (ETR), Gradient Boosting Tree 

Regression (GBTR), Addaptive Boost  Regression (ABR) and 

eXtreme Gradient Boosting Regression (XGBR) algorithms. 

By comparing typical features with new ones, it was verified 

that the effective combination of entropy features and typical 

features could be used as effective feature parameters of eddy 

current signal. Statistical scores (RMSE and R2) and 

GridsearchCV features were used to evaluate and optimize the 

established model. As indicated by the results, the proposed 

XGBR machine learning model well predicted the coating 

thickness, and the relative error less than 0.05 mm. 

Keywords: PEC; Coating thickness; HVOF; Fe-based 

amorphous coating; Entropy 

1. Introduction  

In Fe-based amorphous coatings have attracted considerable 

attention in surface engineering owing to their excellent wear 

and corrosion resistance, high hardness, and excellent bonding 

strength [1-3]. Hou et al. [4] used a HVOF equipment to deposit 

Fe-based metallic glass coatings on 316 stainless steel and 

proved that the coating has superior corrosion resistance in 

seawater. Peng et al. [5] reported that coating thickness greatly 

affected the bond strength of the Fe-based amorphous coating 

prepared by HVOF thermal spraying. Nguyen et al. [6] 

analyzed the influence of coating thickness on the fatigue life 

of the Fe-based amorphous coating prepared by HVOF thermal 

spraying. These findings indicate that coating thickness is a key 

indicator for evaluating the quality, performance, and service 

life of Fe-based amorphous coatings. Nondestructive testing is 

extensively employed for coating thickness measurement; 

however, commonly used coating thickness measurement and 

detection techniques have certain limitations. For example, 

ultrasonic testing requires coupling agents and is not suitable 

for thin coating thickness measurement, X-ray detection is 

harmful to human bodies; Terahertz detection technology is 

suitable for non-conductive coating thickness measurement [7].  

However, Fe-based amorphous coatings are ferromagnetic 

conductive ones. Eddy current testing (ECT) requires no 

coupling agents and is cheap and suitable for shallow area 

detection and conductive coating thickness measurement. In 

comparison to ECT, pulsed eddy current technology (PECT) 

has the characteristics of abundant signals in frequency 

domains. 

In recent years, PEC has been widely used in coating 

thickness measurement. Zhang et al. [8] measured the thickness 

of an anticorrosion coating deposited on a ferromagnetic pipe 

based on the peak time and the peak value. Wang et al. [9] 

measured the thickness of a metallic (non-magnetic) coating 

deposited on a magnetic substrate based on the slope of the lift-

off curve  on the RL impedance plane. Yao et al. [10] compared 

the lift-off intersection (LOI) amplitude and time and found that 

LOI time was better for thickness measurement of non-

ferromagnetic coatings on ferromagnetic substrates. Abdelhak 

et al. [11] adopted the forward modeling model of the coupled 

electric field method to measure the coating thickness of 

aviation materials. Cheng et al. [12] measured the thickness of 

an absorbing coating based on the skin effect. Li et al. [13] 

quantitatively estimated the thickness and conductivity of non-

conductive coating and bond layer of thermal barrier coating. 

Feature extraction and characterization methods proposed by 

the above research mainly aim at the thickness measurement of 

non-conductive coatings and non-magnetic coatings. At present, 

commercial coating thickness gauges are also mainly used to 

measure non-ferromagnetic coating thickness on ferromagnetic 

substrates and non-conductive coating thickness on conductive 

substrates.  

However, Fe-based amorphous coatings have good magnetic 

conductivity. It is a complex problem to measure the thickness 

of ferromagnetic coatings. Because the ferromagnetic coating 

does not meet the requirements of the lift-off effect, it cannot 

be detected by the conventional ECT. At the same time, the 

thickness of the substrate is larger than that of coating (on the 

order of micron), which weakens the penetrating magnetic flux 

of the loop and hinders the pickup of magnetic signals. Eddy 

current impedance is affected by complex factors (permeability, 

conductivity and microstructure), and the received signal 

contains various information. Therefore, feature extraction is 

critical to successfully measure the thickness of ferromagnetic 

coatings. 



 2 

Generally, entropy function of the uncertain measure in 

information theory is usually used as the basis of the measure 

[14, 15]. Shannon et al. [16] proposed the concept of 

information entropy. Chen et al. [17] adopted information 

entropy to evaluate the distribution of eddy current sensors. 

These previous studies indicate that information entropy is 

likely to be used in eddy current testing (ECT). However, signal 

amplitude is usually used as a characteristic parameter of 

coating thickness or defects [18]. The application of 

information entropy as a characteristic parameter in 

electromagnetic eddy current nondestructive testing is rarely 

reported.  

In the quantitative estimation of coating thickness, the 

relationship between coating thickness and features cannot be 

expressed by a simple mathematical model; thus, it is necessary 

to introduce a suitable machine learning model to realize 

thickness inversion. Machine learning is a process of 

quantization, decision making, and prediction based on a large 

amount of known data that cannot be solved by traditional 

mathematical models [19] and has been successfully applied in 

eddy current detection [20]. Andrea et al. [21] estimated the 

shape and size of cracks in conductive materials using an 

artificial neural network (ANN) and a support vector machine 

based on the principle of eddy current technology. Banerjee et 

al. [22] proposed a confidence measure based on Bayesian 

posterior probability to evaluate the confidence of pipe signal 

classification results in ECT . Vilar et al. [23] extracted 11 

specific features based on non-uniformity features for ANN 

training. Boaretto et al. [24] defined area, eccentricity, and 

reliability as defect characteristics and trained a feedforward 

multilayered perceptron.  

The machine learning method is effective only if there are 

reliable input features. In this work, based on typical features, 

entropy features are proposed as the characteristic parameters 

of PECT to measure the thickness of Fe-based amorphous 

coatings. According to the characteristics of the data set, seven 

machine learning algorithms are used to predict the thickness of 

the coatings, and entropy features and typical features are 

compared. The remaining article is structured as follows: In 

Section 2, the thickness principle of ferromagnetic coating 

based on magnetic refraction principle is introduced, and the 

definitions of five entropy features are reviewed. Section 3 

briefly describes the preparation process and properties of the 

coatings and the experimental methods to extract coating 

thickness signals. In Section 4, seven kinds of machine learning 

models are established, the accuracy of each model is analyzed, 

the importance of each entropy feature to the model is 

determined by calculating the Pearson correlation coefficient, 

and the accuracies of the model with or without entropy features 

are compared. Finally, Section 5 draws the main conclusions of 

this analysis. 

2. Theory 

2.1 Thickness measurement principle of ferromagnetic coating 

Magnetic field has the characteristics of aggregation and 

diffusion. Coating thickness measurement can be explained by 

the principle of magnetic refraction. When the magnetic 

induction line is incident from medium 1 (permeability μ1) to 

medium 2 (permeability μ2) at incident Angle α1, magnetic field 

line is refracted at an Angle α2, as shown in Fig.1. Magnetic 

field propagation Magnetic field propagation is mainly based 

on two laws: tangential magnetic field intensity is equal and 

normal magnetic field intensity is equal  

1 1 2 2

1 1 2 2

sin sin

cos cos

H H
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 ,                       (1) 

where B1(H1) and B2(H2) is the magnetic induction intensity 

(magnetic field intensity) of medium 1 and medium 2 

respectively. 

Because of μB H , therefore 

1
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μ
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.                        (2) 

According to Eq. (2), it can be concluded that: 

(1) When μ1=μ2, α1=α2, the magnetic pressure at both ends of 

the interface is consistent, and the magnetic induction line does 

not deflect.  

(2) When μ1≥μ2, α1≥α2, the magnetic field lines are refracted 

inward in medium 2, almost perpendicular to the interface. The 

magnetic field diffusion is realized. 

(3) When μ1≤μ2, α1≤α2, the magnetic field lines are refracted 

outwards in medium 2, almost horizontally at the interface. The 

magnetic field concentration is realized.  

 
It is clear from Eq. (1) that the magnetic declination Angle 

increases with the increase of permeability. Fig. 2 shows the 

finite element results of the coating specimen of COMSOL 

software. When measuring the thickness of ferromagnetic 

coating such as Fe-based amorphous coating, the air 

permeability is less than that of ferromagnetic coating, as 

shown in Figs. 2a). The magnetic field lines generated by the 

coil refract inside the coating. The magnetic field lines form a 

closed magnetic circuit with the coil. The signals received by 

the magnetic sensor are basically all from the coating and are 

less affected by the substrate. Figs. 2b) shows the distribution 

of magnetic field lines when the coating is non-ferromagnetic 

material. It can be seen that no refraction occurs when the 

magnetic field lines enter the coating, and a large number of 

magnetic field lines enter the substrate. The ferromagnetic 

substrate forms a closed magnetic loop with the coil. 
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Fig. 1. Magnetic refraction at the interface 
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2.2 Entropy 

Entropy is an evaluation standard of information, and it 

expresses the uncertainty degree of random variables in the 

form of a numerical value and describes the size of information. 

The change in the specimen microstructure affect the 

probability distribution of the waveform. When the magnetic 

conductivity and electrical conductivity of eddy current 

propagating in the specimen changes, the disorder of signals 

increased or decreased, causing a change in the entropy value.  

1.Information entropy 

Let us assume X is a random variable and its probability is 

p(x), then the information entropy H(x) can be defined as 

     log
x X

H x p x p x


   ,                      (3) 

where the variable x takes all the values in the field. It is clear 

from Eq. (3) that if the uncertainty of the random variable x is 

higher, the variable distribution is non-uniform and the 

information entropy is higher. 

2. Conditional entropy 

The modified conditional entropy [25] was adopted in this 

analysis. Let us assume an N-dimensional time series x(1), 

x(2), ..., x(N). The conditional entropy is defined as CE, and its 

calculation process is presented below. 

(1) An L-dimensional vector is reconstructed from the original 

time series 

        , 1 ,..., 1mX i x i x i x i L    , 1≤i≤N-L+1.  (4) 

(2) The vector is defined directly by information entropy 

( ) logL L

L

E L p p  ,                           (5) 

where pL is the joint probability density of the sequence x. 
(3) Conditional entropy is derived directly from the difference 
of information entropy 

   1CE E L E L   .                          (6) 

3 Sample entropy 

The sample entropy (SampEn) of the N-dimensional time 
series x(1), x(2), ..., x(N) is defined according to the method 
proposed in the literature [26]. 
(1) An m-dimensional vector is constructed from the original 
time series 

        , 1 ,..., 1mX i x i x i x i m    , 1≤i≤N-m+1.  (7) 
(2) The distance between Xm(i) and Xm(j) is defines as 

        
[1, 1]

[ , ] max
k m

d Xm i Xm j x i k x j k
 

    .      (8) 

(3) Let assume tolerance is r. The number of [ ( ), ( )]d Xm i Xm j

≤r corresponding to each Xm(i) is counted and denoted as Ai. 
The ratio of Ai to N − m + 1 is defined as 

  ,1
1

m i
i

A
B r i N m

N m
   

 
.                 (9) 

(4) The average value ( ( )m
B r ) of ( )m

iB r is calculated as 

   
1

1 N m
m m

i

i

B r B r
N m






  ,                        (10) 

(5) The value of 1( )m
B r

  is obtained by the same method. 
When N is finite, SampEn is 

                     
 

1

, ln

m

m

B r
SampEn m r

B r



  ,                     (11) 

where the similarity tolerance r ranged from 0.1 to 0.3SD (SD 
is the standard deviation of the time series). In this calculation, 
r is 0.1SD and point N is the signal length. M adopted the false 
nearest neighbor point (FNN) algorithm to estimate the 
embedding dimension of phase space reconstruction. 

4. Fuzzy entropy 

The fuzzy entropy (FuzzyEn) of the N-dimensional time 
series x(1), x(2), ..., x(N) is defined according to the method 
proposed in the literature [27]. 
(1) The original time series constituted an m-dimensional 
vector minus its mean value 

          0, 1 ,..., 1mX i x i x i x i m x i     ,          (12) 
where x0(i) is the average of x(i). 
(2) The distance between Xm(i) and Xm(j) is defined as 

            0 0
[1, 1]

, max
k m

d Xm i Xm j x i k x i x j k x j
 

        . 

(13) 
(3) The similarity of the exponential membership function 
calculation mode is introduced 

                              
2

( ) exp ln
x

A x
r

        
.                     (14) 

(4) The average of Aij is introduced 

     
1

1

1

1
N m

m m

i

i

r N m C r
 





    ,          (15) 

where 1( )m
r  is obtained by the same method. When N is 

finite, fuzzy entropy could be defined as 

   
 

1

, ln

m

m

r
FuzzyEn m r

r






  .                (16) 

a) Ferromagnetic coating 

coating 

substrate 

coil 

b) Non-ferromagnetic coating  

coating 
substrate 

coil 

Fig. 2. Magnetic refraction at the interface 
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5 KL divergence 

KL divergence (Kullback-Leible divergence) is also 
known as relative entropy, and it measured the similarity of two 
probability density distribution functions in information theory. 
The smaller the KL value of two probability density distribution 
functions, the smaller the difference of the two functions [28]. 
Let us assume p(x) and q(x) are two discrete probability 
distribution functions, and their divergence values are 

     
 1

log
n

KL

i

p x
D p q p x

q x

 .                 (17) 

KL divergence has asymmetric characteristics and reflects 
the distance between two probability density distribution 
functions; however, it does not consider that the distance is 
symmetric. KL divergence can be proved to be non-negative by 
Gibbs inequality. To meet the above two characteristics of KL 
divergence, KL divergence is redefined as 

   KL KLKL D p q D q p  .            (18) 
In this analysis, p(x) and q(x) are represented by coated 

and uncoated signals, respectively. 

3. Material and method 

3.1 Material preparation and properties 

The investigated Fe-based amorphous coating was 

prepared on a 316 stainless steel substrate of 150 mm (H) × 80 

mm (W) × 5 mm (D) by HVOF. The Fe-based amorphous 

powder was mainly composed of Fe, Cr, and Ni (Table 1). 

TABLE 1 

Chemical composition of Fe-based powder 

In the Praxair JP5000 HVOF spraying system, jet kerosene 

and oxygen were used as the fuel and accelerant, respectively. 

The spraying powder was transported by a powder feeder, and 

the powder was sent to the flame through radial powder feeding. 

Nitrogen was used as the carrier gas for powder feeding. The 

pressure in the combustion chamber was 6.7 MPa, the flow rate 

of kerosene was 5.8 L/h, and the feeding rate was 4.5 g/min. 

Before spraying, the matrix surface was coarsened by 30 mesh 

brown corundum and then ultrasonically cleaned with alcohol. 

The XRD pattern of the Fe-based amorphous coating was 

detected by an Haoyuan DX2700-BH diffractometer (Fig. 3). A 

diffuse scattering diffraction peak appeared at 2θ = 45°, 

indicating the formation of an amorphous structure during the 

spraying process. The morphology of the coating is displayed 

in Fig. 4. The surface roughness (Ra) of the coating was 

measured as 4.8 by a JITAI KEYI surface roughness tester. 

The coating thickness was calibrated by measuring the 

thickness difference before and after spraying with a 

micrometer. However, an unavoidable thickness calibration 

error occurred due to different roughness values and bonding 

strengths before and after spraying, and the error was lower than 

20 μm. 

 

 
3.2 Experimental System 

The experimental platform of PEC is displayed in Fig. 5. The 

platform included an oscilloscope (MDO4054C), a function 

generator (AFG3021B), a DC power supply (KA3005P), and a 

cone-shaped PEC probe. The Fe-based amorphous coating was 

a magnetic conductive one and thin. Generally, any change in 

coating thickness greatly affects magnetic field signals; thus, 

the magnetic probe was used. To improve the magnetic 

gathering ability, an iron core and a magnetic shield were added 

to the center of the probe. However, magnetization inevitably 

occurs in ferromagnetic coatings. Compared with the traditional 

PEC probe, this cone-shaped PEC probe could concentrate the 

magnetic field and be also sensitive to the change of weak 

signals [29]. The function generator excited square wave 

signals with an amplitude of 10 V, a frequency of 5 kHz, and a 

duty cycle of 50%. The DC power supply was used to supply 

power to the Hall probe, and the oscilloscope was used to 

collect and display signals. 

 
Signals received from Fe-based amorphous coating 

samples with different thicknesses (0.1-0.5 mm, thickness 

difference = 0.1 mm) by the Hall probe are exhibited in Fig. 6. 

Chemical element Fe Cr Ni 

Content (%) 74.02 17.46 2.74 

Fig. 3. XRD pattern of the Fe-based 

amorphous coating  
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Fig. 4. Morphology of the Fe-based 

amorphous coating 
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Fig. 5. Schematic diagram of PECT experimental system 
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It is noticeable that the signal amplitude increased gradually 

with the increase of the coating thickness. However, the larger 

the coating thickness, the smaller the amplitude change, 

indicating that the amplitude change was affected by the skin 

effect of eddy current. Fig. 7 present the normalized amplitude 

of typical features, including amplitude (Vpp) and fundamental 

wave amplitude (Vpp_fd). Fig. 8 show the normalized 

amplitude of entropy features extracted according to Eqs. (2)-

(18). KL divergence, information entropy, and fuzzy entropy 

increased or decreased with thickness, sample entropy, and 

conditional entropy changed irregularly. It is evident that both 

typical characteristic and non-characteristic parameters were 

nonlinear. If a mathematical model is used to express them, 

thickness inversion cannot be achieved; therefore, it is 

necessary to introduce machine learning model training. 

 

 

 

 

4. Machine learning algorithms 

4.1 RR algorithm model 

RR model is an improvement on the least square method, 

which regularizes the linear model by changing the weight of 

the model [30]. The Ridge algorithm essentially adds L2 regular 

term to the loss function of linear regression, and its cost 

function is as follows 

    2

1

1

2

n

i

J MSE   


   ,                    (19) 

where  J   is the cost function, α is the hyperparameter, θ is 

the offset term. 

The RR equation has a slightly lower coefficient of 

determination than the conventional regression model, but it has 

a higher significance. It has a good prediction effect for data 

sets with collinearity and ill-condition. 

4.2 LR algorithm model 

LR model is also regularized by changing the weight of the 

linear model and adding weight to the L1 regular term. LR 

model does not penalize the parameters of the model twice, but 

instead penalizes the compressed regression coefficients twice. 

Therefore, the cost function of improving the ill 

multicollinearity of the model is as follows[31] 

   
1

n

i

i

J MSE   


   ,                     (20) 

Since LR model uses L1 regular term, which reduces the 

useless feature coefficients of the result and highlights the 

useful feature coefficients of the result. LR algorithm has 

feature selection ability. 

4.3 RFR algorithm model 

RFR algorithm is a ensemble learning method based on a 

large number of decision trees, which is an extension of 

Bagging method. The RFR partitions the data set using multiple 

put-back sampling technique. The sampling process is to extract 

N training sets from the original data set, and each training set 

is about two-thirds of the size of the original data set. A total of 

N decision trees are constructed to form a random forest. In the 

growth process of each tree, each node is segmented with some 

randomly selected attributes. The final regression decision 

calculation formula is as follows 

   
1

1 K

i

i

H x t x
K 

                        (21) 

where ti(x)is the regression model sequence, K is the mount of 

decision trees. 

The prediction result of RFR model is relatively stable on 

unbalanced data sets, which can deal with high-dimensional 

data and improve the prediction accuracy while keeping the 

computation constant. However, the model is prone to over-

fitting in the case of high noise[32]. 

4.4 ETR algorithm model 

Fig. 6. Received waveforms of PECT probe. 
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ETR is a machine learning algorithm model combining 

ensemble learning and random forest theory. How to divide 

decision tree nodes is the main difference between ETR and 

RFR models. When dividing nodes, ETR model randomly 

selects eigenvalues instead of searching and comparing. Such 

node division provides additional randomness to the model, 

which improves the training speed and over-fitting behavior of 

the model, but also increases the possibility of model decision 

deviation. ETR can process high-dimensional data and achieve 

high accuracy prediction, so it is widely used in image 

processing, artificial intelligence, information recognition and 

other fields[33]. 

4.5 GBTR algorithm model 

GBTR is a decision tree method, which is an improvement 

of Boosting algorithm. The core idea of GBTR is to combine 

several weak learners in series to form a strong learner. In 

GBTR training, loss function is used to reduce residual and 

generate a new decision tree. GBTR algorithm has good 

processing effect in both continuous and discrete values, and 

the accuracy will be improved when appropriate parameters 

need to be set in the model. However, due to the 

interdependence of weak learners in the model, training data 

cannot be processed in parallel, so good training effects cannot 

be achieved for data with high-dimensional sparse features[34]. 

GBTR outputs prediction results in parallel, and each weak 

learner is the negative gradient of the loss function of the 

previous weak learner, which can improve the accuracy of 

prediction. Compared with the traditional decision tree and RF 

model, the variance and bias of this model are improved. 

4.6 ABR algorithm model 

ABR model can automatically adjust the weight according 

to the estimation error. The core idea of ABR model is to obtain 

multiple weak learners through continuous iteration, and finally 

combine them into one strong learner. ABR obtains the weight 

parameter αt of the weak learner by taking a minimum of the 

exponential loss function. However, this model is sensitive to 

discrete points and is prone to noise interference. In the iterative 

process, abnormal samples tend to get a high weight, thus 

affecting the accuracy of the final prediction results. 

ABR algorithm has high speed, few adjustable parameters 

and no high requirements for weak learners. Since the ABR 

algorithm changes the weight of the sample iteratively, it can 

correct the samples that are not correctly learned[35]. 

4.7 XGBR algorithm model 

The thickness of a coating is related to many factors. 

Numerous known and unknown factors influence the 

appearance of pores and cracks in a coating during the 

preparation process and consequently, affect eddy current 

signals. XGBR, a machine learning method, was used to 

determine the relationship between output and input data. It is 

an improved algorithm for traditional gradient boost. XGBR 

used the second derivative function approximation for the 

objective function and introduced regular terms into the 

objective function to obtain the optimal solution. The objective 

function of XGBR consisted of its own loss function and 

regularization term, which could effectively reduce the over-

fitting problem and improve the algorithm efficiency [19]. In 

comparison to other machine learning algorithms, this model 

has the advantages of fast operation speed and strong 

generalization ability. 

   
1 1

ˆ,
n K

bj i i i

i k

O l y y f
 

    ,                    (22) 

where  
1

ˆ,
n

t

i i

i

l y y

  is the loss function that indicates the 

deviation between the predicted value and the real value, t is the 

number of iterations,  if is a regular term that represents the 

complexity of the tree model, and K is the number of regression 

trees. 

5. Quantitative analysis 

5.1 Data collection and standardization 

Signals collected from ten coating samples (0.1-0.5 mm) 

were extracted, and each specimen was randomly sampled 20 

times. Typical features (peak value and fundamental wave 

amplitude in the frequency domain) and entropy features (KL 

divergence, information entropy, fuzzy entropy, sample entropy, 

conditional entropy) were extracted. As different characteristic 

values vary in amplitude, the collected data were normalized 

and scaled to the range of [0, 1]. 

 
   

min
'

max min

ix x
x

x x





,                    (23) 

where xi is the characteristic parameter, and min(x) and max(x) 

are the minimum and maximum values of the characteristic 

parameter, respectively. 

5.2 Feature selection 

Under the condition of large samples, the Pearson correlation 

coefficient analysis was conducted among typical features, new 

features, and coating thickness (Fig. 9). It is clear that typical 

features, information entropy, fuzzy entropy, sample entropy, 

and KL divergence all have a positive and negative correlation, 

and it is consistent with the variation rule shown in Figs. 7 and 

8. However, the conditional entropy correlation coefficient was 

low; hence, this feature was removed. 

In the learning process, the data set has 200 sets of signals: 
70% of them were used for training and the rest for testing. 
Typical features, entropy features, and vectors composed of 
typical and entropy features were employed to train the model, 
and the RMSE and R2 of the model are presented in Table 2. 

Table 2 

Vector input result 

Combination of features R2 RMSE 

Typical features 0.997783 4.68 × 10-5 

Entropy features 0.999063 1.97 × 10-5 

Combination of typical and entropy 

features 
0.999232 1.62 × 10-5 
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As can be seen from the Table 2, when entropy features 

were used as inputs, RMSE and R2 were both larger than those 
with typical features. The combination of typical and entropy 
features led to better results in comparison to either one alone. 
These three entropy features were found to be more accurate in 
quantifying coating thickness than typical features. By 
combining typical features with entropy features, the deficiency 
of single feature parameters was compensated. 

5.4 Hyperparameter optimization 

To obtain the best prediction performance for the collected 
data set, Gridsearch-CV technology was used to optimize the 
main hyperparameters of the seven models under the optimal 
feature combination. Each group of hyper-parameters was 
evaluated by cross-validation method. The optimal parameters 
of the optimal prediction performance are presented in Table 3. 

Table 3 

Optimal hyperparameters obtained by Gridsearch-CV 

5.5 Model analysis 

The coating thickness was taken as the output parameter, 
and the six eigenvalues of the combination of the entropy 
feature parameters and the typical feature parameters were used 
as the input parameters to train the seven regression models 
including XGBR, GBTR, RF, ETR, ABR, RR and LR. As 
shown in Fig. 10, the scatter diagram of model prediction is 
added with 95% confidence curve. When the data falls on the 
diagonal, the prediction result is highly correlated with the real 
value. It is worth noting that when the prediction results are 
more accurate, the data are relatively concentrated. 

 

Machine learning model Parameter Name Parameter setting 

XGBR 

n_estimators 60 

learning_rate 0.2 

max_depth 3 

GBTR 

n_estimators 100 

learning_rate 0.1 

max_depth 3 

subsample 0.7 

RFR 
n_estimators 75 

max_depth 10 

ETR 
random_state 10 

max_depth 3 

ABR 
n_estimators 20 

learning_rate 0.5 

RR alphas 0.001 

LR 
Eps 0.0001 

n_alphas 100 

Fig. 9. Pearson correlation coefficient 

V
p

p
 

V
p

p
_

fd
 

K
L
 

In
fo

rm
E

n
 

F
u
zz

y
E

n
 

S
an

m
p
E

n
 

C
o
n
d
E

n
 

T
h

ic
k

en
ss
 

Vpp 

Vpp_fd 

KL 

InformEn 

FuzzyEn 

SampEn 

CondEn 

Thickness 

R
2
=0.9992 

RMSE=1.62×10
-5 

R
2
=0.9987 

RMSE=2.71×10
-5 

P
re

d
ic

te
d
 c

o
at

in
g
 t

h
ic

k
n

es
s(

m
m

)  

Measured coating thickenss(mm) Measured coating thickenss(mm) 
0.0 0.1 0.2 0.3 0.4 0.5 0.6

0.0

0.1

0.2

0.3

0.4

0.5

0.6

 training

 testing

 95% confidence level

0.0 0.1 0.2 0.3 0.4 0.5 0.6

0.0

0.1

0.2

0.3

0.4

0.5

0.6

 training

 testing

 95% confidence level

P
re

d
ic

te
d
 c

o
at

in
g
 t

h
ic

k
n

es
s(

m
m

)  

a) XGBR predicted results b) GBTR predicted results 



 8 

 
 

 
As can be seen from the Fig. 11, the training effect of most 

models is good, and the data points are basically distributed 
near the diagonal. XGBR model had the best prediction ability 
(R2=0.9992, RMSE=1.62×10-4), followed by GBTR model 

(R2=0.9988, RMSE=2.54×10-4), and ETR model (R2=0.9251, 
RMSE = 1.58×10-4).  

It is noticeable from Fig. 11 that the size of residuals was 
less than 0.05 mm. It shows that XGBR model has great 
advantages in thickness measurement of Fe-based amorphous 
coatings. 

6. Discussion 

Fe-based amorphous coatings are ferromagnetic ones. The 

excitation source generated current and induced a magnetic 

field in the coating. According to the magnetic refraction theory, 

most of the incoming magnetic circuit passes through the 

coating and the excitation source to form a closed magnetic 

circuit, and the coating thickness directly affected the size of 

the induced magnetic field and the received signal. The cone-

shaped probe, which played a significant role in gathering the 

magnetic field, was combined with entropy features to improve 

Fig. 10. Predicted vs measured. 
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its detection accuracy. 

Entropy features successfully characterized the coating 

thickness, because the changes in the permeability, conductivity, 

microstructure, and thickness of the coating led to an increase 

or decrease of signal disorder and consequently changed the 

entropy value. As the coating thickness increased, the amount 

of information contained in the received signal increased; thus, 

the information entropy increased. KL divergence was used to 

represent the difference between two probability density 

distributions. The higher the difference between two probability 

density distributions, the greater the KL divergence. In this 

paper, the two probability distributions represent the signal with 

or without coating. As the thickness of the coating increases, so 

does their difference. Fuzzy entropy is the optimization of 

sample entropy. By introducing fuzzy function, the result is 

more accurate. 

The XGBR has better prediction effect compared with 
seven machine learning models. Since the sample size of this 
experiment is relatively sparse, and XGBR has a good effect in 
processing sparse samples. Therefore, this model is suitable for 
predicting the thickness of Fe-based amorphous coating. 

6. Conclusions 

This paper proposed the quantitative estimation of 
ferromagnetic coating thickness based on PEC and explored the 
measurement mechanism of ferromagnetic coating thickness. A 
novel signal extraction method based on entropy features was 
proposed to analyze the change of coating thickness. The 
Pearson correlation algorithm of machine learning was used to 
select feature parameters relating to coating thickness 
characteristics. The results show that the goodness of fit for the 
combination of entropy features and typical features was more 
accurate than that with typical features. Then the 
hyperparameters of the seven machine learning model were 
optimized. After comparison of model evaluation indexes, 
XGBR machine learning model can predict the result well 
(R2=0.9992, RMSE=1.62×10-4). 

The proposed quantitative estimation method had higher 
goodness of fit. Entropy features proposed in this work could 
be applied not only to coating thickness measurement, but also 
to other eddy current testing fields such as defect detection. 

Further research can be carried out:(1) Due to cost and time 
constraints, the sample data volume can be increased in the 
future; (2) Scanning electron microscope can be used to mark 
the sample data and to improve the detection accuracy; (3) 
Further explore the relationship between eddy current signal 
and entropy characteristics. 
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