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Abstract 
The paper presents a neural-network-based inverse mapping technique to predict the value of retained austenite in Ni-Hard4 
cast iron (NiHCI) from the output signal of an absolute eddy-current probe. The network utilizes the back propagation method 
and the normalized resistive and inductive components of the probe impedance are used for training. The corresponding 
database is established by producing various sample tests. This is done by employing different destabilizing heat treatments 
to produce various microstructures in several reference NiHCI blocks. The actual values of retained austenite in each case is 
obtained by an optical microscope together with a commercial image analysis software. The validity of the proposed technique 
is demonstrated by comparing the actual and predicted measured values of retained austenite in a number of NiHCI blocks 
that are not used in the training stage and noisy ones. It is also shown that the proposed technique is more accurate than the 
previously reported method based on regression analysis of the normalized values of probe impedance and the actual values 
of retained austenite of reference blocks. 
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1- Introduction 
Ni-Hard4 cast iron (NiHCI) is commonly used in applications where high levels of fabricability and abrasion resistance are 
required, as in the mining and mineral ore processing industry [1, 2]. The abrasion behavior of NiHCI depends on the retained 
austenite content and carbides types and its volume fractions [3] The difference in the percentage of retained austenite has a 
strong impact on the electromagnetic properties (i.e., permeability and conductivity)of the specimen, differentiating NiHCIs 
with different microstructures [3].   
 
Various methods have been proposed to evaluate the retained austenite in a material. These include X-ray diffraction (XRD) 
techniques [4], light optical microscopy (LOM) [5] and transmission electron microscopy (TEM) [6].  It has been proved that 
none of these methods can measure the small content of retained austenite in the microstructure of NiHCI. For example, XRD 
cannot produce images of this, or any microstructure [4]. Also, LOM is unable to image the retained austenite until its 
percentage in the material exceeds 12-15%. Although TEM can detect and image (with careful use of dark field illumination) 
the retained austenite content of about 2%, it is still not useful in quantifying the amount presented. The morphology of the 
martensite makes it difficult to distinguish small particles of retained austenite within the complex plate martensite patterns. 
With low-carbon lath martensite, thin films of retained austenite could be seen with very careful TEM dark field work, but 
again this was very difficult work [4]. 
 
Alternatively, the eddy current (EC) technique can be used for evaluation of the microstructural properties of a test object [7].  
In particular, it has been found to be a reliable and quick tool for measuring the pearlitic percentage in plain carbon steels [8] 
and estimating the retained austenite and hardness variation of NiHCI. This is due to the fact that the difference in the 
percentage of the retained austenite has a strong impact on the electromagnetic properties (i.e., permeability and conductivity) 
of the specimen, differentiating NiHCIs with different microstructures [9]. In the EC technique, the test object is placed in the 
varying magnetic field of a coil carrying an AC current. The resultant magnetic field induces eddy currents in the test object 
which, in turn, produce an additional magnetic field in the vicinity of the test object. Variations of the secondary magnetic 
field, which depends on the electromagnetic conditions of the test object near the coil, causes a change in the impedance of 
the coil [3]. 
 
In this paper, we propose a multi-layered perceptron (MLP) neural network which performs a multi-parametric EC test for 
evaluating the remained austenite of NiHCI in a test object. The network utilizes the back propagation method and the 
normalized resistive and inductive components of the probe impedance are used for training. The paper is organized as 
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follows. In Section 2, the MLP is used as a training system to learn from raw existing database. In section 3, the proposed 
database is introduced. Section 4 contains our simulated results, mainly consisting of the combination of microstructure 
analysis and the results extracted from neural network, which follows with our acknowledgement and conclusion. 
 
2- Multi-Layered Perceptron Neural Network 

In order to handle the non-linear situation that prevails in a multi-parametric method, we employ the multi-layered perceptron 
neural network. A typical multi-layered perceptron network consists of a number of processing element called neurons 
interconnected via weights, which are iteratively adopted for a desired performance of the network. Each neuron performs 
weight sum of the input and transforms the sum to the output via an activation function [10] 
  
2-1 Network Structure 
The schematic of the proposed network is shown in Figure 1. As can be seen in this figure, the network consists of three 
layers, including an input layer, a hidden layer and an output layer. The input layer with 2 neurons receives the normalized 
inductive and resistive component of probe signal while the output layer consists of one neuron to predict the retained 
austenite. There is no foolproof method for setting the number of hidden units before training; for proper operation of the 
network, the number of neurons in the hidden layer was, experimentally, figured out [10]. The activation function for the 
hidden and output layers are hyperbolic tangent and linear functions, respectively. The input data set (i.e., the EC data and the 
desired output) are fed to the MLP and the interconnection weights are modified till a desired convergence is achieved. In 
order to speed up the convergence and reduce the possibility of being trapped in the so-called local minima, the Levenberg-
Marquardt optimization algorithm [11] has been used. The algorithm utilizes a combination of the gradient descent, adaptive 
learning, and back propagation methods to minimize the least square error of the desired output.  

 

Figure 1. The schematic of the proposed MLP neural network. 
 
2-2 Formation of dataset 

NiHCI reference block plates of ぬ5 ×  に5 × な5 mm3 size were prepared. The chemical composition of reference blocks is 
demonstrated in Table 1. In order to create a reference block with different amounts of retained austenite, the respective block 
was exposed to a series of destabilizing heat-treatment cycles at different time and temperature, as specified in Table. To 
estimate austenite and martensite volume fractions of the block, it was first etched by picral solution. Then, fifteen microscopic 
images were captured by an optical microscope of magnification 20X and analyzed by MIP4 software [12]. Finally, the 
Vickers method (HV30) [13] was used to estimate the hardness of a test object. 

Table 1 Chemical compositions of test block 
Element C Si Mn S P Ni Cr Mo Fe 

Weight% 2.85 1.84 0.58 0.04 0.04 5.88 8.68 0.27 Ba. 

Table 2 Heat treatment details of test block 

Specimens 
Destabilizing 

temperature (ºC) 
Soaking time (h) 

A1 750 1 
A2 750 2 
A4 750 4 
A5 750 5 
B1 850 1 
B2 850 2 
B4 850 4 
B5 850 5 
C1 950 1 
C2 950 2 
C4 950 4 
C5 950 5 
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3- Results and Discussion 

To examine the validity of the proposed method, experimental study is conducted by using IH-ECP102 Eddy current non-
destructive testing instrument shown in Figure 2. an absolute probe with ferrite core of total diameter 3mm was used. It was 
placed orthogonally on the surface of the test object, and excited by an alternating current source of frequency 200 kHz. The 
EC instrument was balanced on an as-cast sample block with 66% austenite, as shown in Table 3. Other reference blocks were 
normalized such that the normalized real impedance, R樽誰嘆鱈叩狸iz奪辰 , of a test block is equal to its real impedance,   R嘆奪脱奪嘆奪樽達奪 但狸誰達谷坦, subtracted by the respective value of the as-cast sample, ��鎚−��鎚痛  . A similar approach was adopted to obtain 
the normalized imaginary. It is noted that all of the EC tests were done at the standard room temperature [9,14]. 
 

  

Figure 2. IH-ECP102 Eddy Current non-destructive testing instrument 
 
3-1 Hardness and Microstructure Analysis 

Figure 3 shows the microstructure of Ni-Hard4 alloys in the as-cast condition, taken by an optical microscope. The structure 
consists of primary austenite dendrites, eutectic cell (which is composed of M7C3 carbide and eutectic austenite), and some 
martensite phase [15]. During the cooling of the solidified metal, the carbide precipitation decreases the carbon and chromium 
contents of austenite, which, accordingly, increases the martensite start temperature (Ms). 
 

 

Figure 3. The optical image of as-cast microstructure of the Ni-Hard cast iron block. 
 

Hardness values and phases volume fractions of test blocks before and after heat treatment are summarized in Table 
3. It can be interpreted that by increasing time and temperature of destabilizing, the amount of the retained austenite 
is reduced, but hardness, conversely, is increased. During destabilizing procedure, carbon and chromium are removed 
from the matrix, and secondary carbides are formed. The precipitation of the secondary carbides (M3C type) 
destabilizes the austenite phase; correspondingly, it is, partially, transformed into martensite during cooling until 
reaching room temperature [16,17]. Even though the destabilizing heat treatments can convert austenite into martensite, 
some amount of austenite remain in the final microstructure because of the high Cr and C contents in austenite [18]. 
Figure 4 shows the optical micrograph of samples after destabilizing heat treatments.  
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The electrical conductivity (or resistivity) and magnetic permeability of steel are modified by destabilizing procedure 
[14]; that is to say, EC flow induced in material is a function of physical parameters such as part geometry, probe 
handling, lift-off, and electromagnetic parameters like frequency, electrical conductivity, and magnetic permeability  
[3]. In this study, physical parameters are considered to be fixed. Electrical conductivity was affected by alloy 
composition, temperature, and residual stresses. EC measurements were done at room temperature for all samples, and 
chemical composition of the specimens was the same. Magnetic permeability is an inherent property of matter and 
depends on constituent phases. The martensite phase is ferromagnetic, and the austenite phase is paramagnetic [16]. 
Magnetic permeability of ferromagnetic materials is more than 50, and that of paramagnetic materials is slightly more 
than 1 [19]. Therefore, the permeability of martensite is more than that of austenite. Accordingly, reducing the retained 
austenite and increasing the martensite causes an increase in the magnetic permeability [20]. The permeability 
increases the inductance (L). With increasing the inductance at a constant frequency, the inductive reactance will be 
increased [3]. 
 
 

 
Figure 4. Optical images of heat-treated test blocks after: a) 750ºC-2h b) 750ºC-5h c) 850ºC-1h d) 950ºC-1h. 

 

Table 3. The microstructural analysis and hardness measurement of test blocks 

Character As-cast A1 A2 A4 A5 B1 B2 B4 B5 C1 C2 C4 C5 

Retained Austenite % 66 62 57 37 31 60 49 44 35 61 66 56 51 
Martensite % 13 15 20 37 43 17 27 32 40 17 11 21 23 

Eutectic Carbide% 21 21 21 21 21 21 21 21 21 21 21 21 21 
Secondary Carbide% - 2 2 5 5 2 3 3 4 1 2 2 5 
VH30 467 680 702 818 888 695 720 870 895 686 620 802 798 

By increasing the destabilizing time and temperature, austenite is transformed into martensite and secondary carbide. 
Increasing the martensite volume fraction increases XL and reduces R. Also, in most cases, in a ferromagnetic 

(b
) 

(d
) 

(a) 

(c) 
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material, the effect of the permeability is more than the conductivity [21], our goal is to optimize a neural network to 
solve inverse problem between the amount of retained austenite and EC data.  

 

3-2 Proposed Method 

Ninety percent of the existing dataset were used for training of the MLP network while the remaining were utilized 
for evaluation of the proposed method. For each reference block, the two parameters, normalized resistive and inductive 
components of the probe impedance, were stored and the exact amount of the retained austenite was assigned. In the 
standard room temperature, the dataset is subjected to training. In order to terminate the training process, an arbitrary 
value of 0.0001 was set for the minimum square error (MSE). The neurons in the hidden layer were systematically 
optimized by comparing the root mean square error (RMSE) in the austenite evaluation and correlation coefficient 
between the network-computed and actual retained austenite content. The results are shown in Figure 5. As clearly 
seen in this figure, when the number of hidden nodes is more than 3, the value of RMSE reaches an acceptable level 
of less than 1.5% with a correlation coefficient of 0.99. It was found that further increasing the number of hidden 
layers causes overtraining, and hence, does not improve the network performance. Accordingly, 2-3-1 architecture was 
chosen for the proposed MLP network (Figure 1). To consider variations of probe lift-off due to inevitable probe 
fluctuations, a white Gaussian noise with signal-to-noise ratio SNR= 25 dB was added to EC probe signals in the 
database. The noisy signals were used as input data to train the neural network.  
 
 

 

Figure 5. Optimization of hidden nodes in the neural network for austenite prediction. The RMSE and correlation coefficient as a 
function of number of hidden neurons. 

 
 
Figure 6 provides a comparison of the actual and predicted retained austenite using noiseless and noisy data as well as 
those reported previously in the literature [9]. To elaborate more, Error! Reference source not found. illustrates the 
quantitative comparative results of all experimental reports with respect to MSE, RMSE, and correlation coefficients.  
The results shown in this figure clearly demonstrate that the MLP neural network can accurately predict the retained 
austenite even in the case of noisy data.  It is also found that the proposed method is superior to the previously reported 
method. This is related to the fact that the input data in that inversion method (i.e., the inductive and resistive 
components of EC probe signals) are weighted equally. This problem has been resolved in the proposed method where 
a neural network is used for inverting the EC signals to the values of retained austenite.  
 

Table 4. Quantitative comparison of experimental results 

measurement Noiseless Predicted Austenite Noisy Predicted Austenite Previously Reported Method [9] 

MSE 1.429620304 4.164259 34.49241799 

Corr. Coeff. 0.99 0.98 0.92 

RMSE 1.195667305 2.040652 5.873024603 
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Figure 6. The comparison of experimental results 
4- Conclusions 
We have proposed a MLP neural network for predicting the retained austenite of NiHCI in a test object. The network utilizes 
the back propagation method and the normalized resistive and inductive components of the probe impedance as input data. 
The main feature of the proposed method is that, unlike the multiple regression or least-square-fit approaches, it does not 
require a-priori information about the type of analytical function. The validity of the proposed technique has been 
demonstrated by comparing the actual and predicted measured values of retained austenite in several NiHCI blocks, 
particularly when encountering noisy data.  
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