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Abstract

The aim of this study was to investigate the effect of milling time, milling speed and particle
size of initial powders on the coating thickness of Fe-Al intermetallic coating produced by
mechanical milling using an artificial neural network (ANN). The formation of intermetallics
was confirmed by X-ray diffraction analysis. Coating morphology and cross-section
microstructures were evaluated using a scanning electron microscope. As a result of this study
the ANN was found to be successful for predicting the coating thickness of Fe-Al
intermetallic coatings. The mean absolute percentage error (MAPE) for the predicted values
didn't exceed 7.46%. The ANN model can be used for predicting of coating thickness of Fe-
Al mtermetallic coating produced with the different milling time, milling speed and particle
size.
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Mekanik Ogiitme ile iiretilen Fe-Al kaplamalarinda kaplama kahnh icin yapay sinir
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Ozet

Bu calismanm amac1 bir yapay sinir aZ1 modeli kullanilarak mekanik 6&iitme ile tiretilen Fe-
Al intermetalik kaplamalarmm kaplama kalinlig1 tizerme Ogiitme zamani, Ogitme hizi ve
baglangig tozlarmm partikiil boyutunun etkisini arastrmaktir. Intermetalik olusumu X 151
analizi ile arastmwildi. Kaplama morfolojisi ve mikroyapi incelemeleri taramali elektron
mikroskobu ile gergeklestirildi. Bu galismanm bir sonucu olarak olugturulan tahmin modelinin
Fe-Al intermetalik kaplama kalnligmm tahmminde oldukga oldufu gorildi. Tahmin
degerleri i¢cin ortalama mutlak yiizde hata (MAPE) % 7.46 degerini asmadi Gelistirilen
tahmin modeli farkli 6&iitme zamani, 6Ziitme hiz1 ve baglangi¢ toz boyutu sartlarinda tiretilen
Fe- Al mtermetalik kaplamalarin kalinliklarinm tahmini i¢in kullanilabilir.

Anahtar Kelimeler: Yapay sinir a1, Fe-Al kaplama, mekanik 6Ziitme
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1. INTRODUCTION

Mechanical milling is a new research area with potential industrial applications for coating on
steel. Mechanical milling 1s a practical processing route for synthesis of phases or phase
mixtures. When a powder mixture is processed by mechanical milling, some part of the milled
powder forms a coating film over the milling balls and on the inside wall of the container. It
was recognized recently that this phenomenon could be utilized as a flexible method to coat
the surface of a steel substrate. The impacts of the milling balls activate and harden the
surface. They also deliver and attach the powder particles and also can iitiate chemical
interactions between target object and coating powder [1].

Artificial neural networks (ANNs) which possess massive parallel computing capability can
map the input-output relationships. This modeling frameworks has been recently used by
many authors in various fields, for example, such as modeling of powder characteristics [2],
coating process [3] wear behavior of coatings [4], and oxidation behavior of coatings [5].
Though ANN models have been developed to study the modeling of various coating process,
very limited efforts have been reported to predict for coating thickness in Fe-Al coatings
fabricated by mechanical milling. Thus, the primary aim of this paper was to reveal the
relationship among the, microstructure, coating thickness and the process parameters during
Fe- Al intermetallics formation on the steel substrate obtained by mechanical milling method.
The second aim of this paper was to develop a multilayered feed-forward neural network
trained with the back-propagation algorithm to model the relationship between coating
thickness and process parameters (i.e. milling time, milling speed and particle size of as-
received powders).

2. EXPERIMENTAL

Specimens of the low-carbon steel were used as the substrate material. The steel substrate (12
mm x12 mm x3 mm) and Al 2024 powders (dso: 23 pm, dso: 60 um and dso: 155 pm) were
charged into the vial that made of tungsten carbide of 80 ml volume. Mechanical milling was
performed in a Fritsch Pulverisette 7 planetary ball mill in an Argon atmosphere using balls
(10 mm in diameter) at room temperature. The rotation rates were selected as 200, 300 and
400 rpm while the ball to powder weight ratio of 10:1 was kept constant in all the
experiments. The milling times of 1, 2, 4, 6, 8§ and 10 h were selected, respectively. The
specimens were cut from steel substrate using a cutting machine and prepared by standard
metallographic procedures for characterization. The measurement of coating thickness and
morphological investigation of coated steel substrates were performed by a Zeiss Evo LS10
scanning electron microscope (SEM). The phase analysis of coated samples was evaluated by
X-ray diffraction (Rigaku Corporation, Japan) using CuKa radiation (1.5405°A) operating at
30 mA and 40 kV. The XRD patterns were recorded in the 26 range of 20-100 °C (step size
0.02° and time per step 1s).

Fig. 1 shows the ANN models containing one mput layer, two hidden layers and one output
layer.
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Figure 1. The ANN architecture selected as the prediction model for the coating thickness

The input layer is the first layer and is responsible for receiving the in-coming data for the
ANN and for delivering the data to the intermediate layer. The hidden layer processes the
information that comes from the input layer and sends it to the output layer. The neurons in
the hidden layer do not have any connection to the external environment. The output layer
processes the information coming from the intermediate layer and produces output data for
the mput layer of the network, which sends this to the outside world. Inputs (x;) are data,
obtamed from the external environment or the other artificial neurons. The quantities (wy)
demonstrate the effect of a data point arrives at an artificial neural cell. The addition function
(threshold function, Eq.1) (net;) calculates the net input on a neural cell. The sigmoid function
(Eq.2) 1s the most common activation function in the ANN because it combines nearly linear
behavior, curvilinear behavior, and nearly constant behavior. All of these components depend
on the value of the mput [6-8]. In the cell model, a bias with +1 value may increase the net
input or polarization threshold input (8;) by a value of, -1, thereby decreasing the net input
according to:

net ; :Z:xiwij -9, (1)
i-1

where x; indicates the 1. input, wjj is the connection weight from j. element to 1. element, 0; 1s
the polarization value (negative of the threshold value), and n indicates the sent input signal of
the artificial neuron number in the previous layer. The artificial neuron output value, which
depends on the selected activation function, employs a sigmoid function as the activation
function [9] and is calculated using Eq. 2. The produced output is sent via network

comnections between different cells, as explained by:

1
y; =fnet;) = T (2)

+¢

The processing element numbers (neurons) of the hidden layers were 3 and 4 for the model in

Fig. 1. The total data are divided into two sets (67% for training data and 33% for testing
data). Traming and testing data was selected randomly from the experimental data set. The
MATLAB software package was used for training the ANN models. The traning data were
used in the forecast model, as shown in Table 1.
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Table 1. Experimental data and predicted output from the ANN network for training

Milling Speed (rpm) ‘ ‘ Milling Time Coating Thickness (pm
Sample ID Particle Size () (E) Measured gPredicted (‘t/Lo E)rror
1 200 155 1 13 13.76 -5.86
2 200 155 2 28 28.11 -0.38
4 200 155 6 50 48.90 221
5 200 155 8 61 62.36 -2.24
7 200 60 1 9 8.22 8.65
9 200 60 4 25 25.51 -2.03
10 200 60 6 12 39.94 4.92
12 200 60 10 66 66.61 -0.92
14 200 23 2 13 12.49 3.95
15 200 23 4 17 18.75 -10.28
17 200 23 8 40 38.97 2.58
18 200 23 10 53 53.72 -1.36
20 300 155 2 30 30.06 -0.19
21 300 155 4 36 36.33 -0.92
23 300 155 8 145 146.58 -1.09
24 300 155 10 188 186.12 1.00
25 300 60 1 15 12.13 19.14
26 300 60 2 21 20.63 1.78
28 300 60 6 90 88.58 1.57
29 300 60 8 130 133.98 -3.06
31 300 23 1 9 11.05 -22.82
33 300 23 4 21 19.82 5.60
34 300 23 6 75 76.20 -1.60
36 300 23 10 157 155.08 1.22
37 400 155 1 30 30.46 -1.55
39 400 155 4 110 109.35 0.59
40 400 155 6 184 18512 -0.61
12 400 155 10 267 267.35 -0.13
44 400 60 2 31 29.43 5.05
45 400 60 4 60 60.97 -1.61
47 400 60 8 189 183.13 3.10
48 400 60 10 215 217.88 -1.34
49 400 23 1 17 16.16 4.91
50 400 23 2 21 24.42 -16.28
52 400 23 6 107 107.75 -0.70
53 400 23 8 156 157.76 -1.13
MAPE 3.955
RMSE 1.835

3. RESULTS AND DISCUSSION

3.1. The mechanism of intermetallics formation
During ball milling, a sudden (10 s.) increase in the temperature (up to 800 °C) and pressure
(1010 -10" dyn/cm2) occurs in local areas (10'6 cm) which results in the formation of
intermetallics. As the starting points of FeAl, FeAl; and Fe,Als formation are close to 520 °C,
580°C and 650 °C, respectively. In addition, rise in increasing in the local temperature (up to
800 °C) can also allow formation of Fe-Al intermetallic compounds of FesAl, Fe;Als, FeAl,
and FeAl [10]. The reaction between the low carbon steel substrate and the Al 2024 powder
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can be exammed by XRD. Fig. 2 shows the XRD spectra of coating surface, after heat
treatment at 600 °C. The XRD patterns confirm the presence of both elemental Fe and Al
components with amounts of Fe;Al, FeoAls, FeAl, and FeAl
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Figure 2. XRD patterns of steel substrates coated with A12024 powders in a planetary ball
mill

Fig. 3 shows the cross-section microstructures and main element distributions of the steel
substrates with Fe-Al coatings produced under different milling times of 2h (Fig. 3a ), 6h
(Fig. 3b ), and 10h (Fig. 3¢ ). The EDX line scans were performed along the arrow lines
marked n Fig. 3 from the mner substrate to the top coating surface. As shown in Fig 3a, the
discontinuous and thin diffusion layers were formed on the steel surface at the beginning of
the formation of Fe-Al coating. Mechanical milling process made the substrate surface to be
more activated. Therefore, the steel surface was easier to be diffused and deposited by Al
atoms. The mitial diffusion layer of Fe-Al deposited a foundation for the following deposition
of coating. The thickening mechanisms of depositing coating were substantiated with highly
activated surfaces. Thicker Fe-Al coating was deposited on the surface of steel substrate (Fig.
3b). A flaking phenomenon occurred on the coating surface due to the repeated affects of ball
milling during mechanical milling process. After a milling time of 10h, highest coating
thickness was finally obtained on the surface of steel substrate (Fig. 3c). Moreover, the
diffusion layer generally showed a gradual change of Al element concentrations. When the
milling time was 10h, approximately 200 pm thickness of Fe- Al coating was deposited on the
steel substrate through the mechanical milling process (Fig. 3c¢).
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Figure 3. Cross-section images by SEM and EDX element line scan on Fe- Al coatings
prepared using the same rotation speed (400 rpm) and the different milling times of 2h (a), 6h
(b), and 10h (¢)

3.2. Morphological evaluations

Fig. 4 shows the surface morphologies of the Fe-Al coating at 300 rpm. In the initial stage of
milling, ductile Al 2024 powders are subjected to ball-powder-ball and ball-steel substrate-
ball collisions. As can be seen in Fig. 4a, dark fields show deposition region of Al 2024
powders while light fields show the steel surface. In the second stage of milling, powders
coated on the steel substrate are subjected to ball-steel substrate-ball collisions. Uncovered
powders on the substrate tend to deposit on coating layer of the first stage due to ductile
coating layer in this stage (Fig. 4b). Furthermore, cold welding process between ductile
Al2024 particles is very important for coating process in the second stage (Fig 4b and Fig.
4¢). In the final stage of milling, more homogeneous surface coating was obtamed for Al 2024
particles (Fig. 4d).

(2) (b)

CY)

Fig. 4. SEM images showing the characteristic morphologies of the top surfaces of the
deposited coatings milling times at 300rpm: (a) 1h, (b) 4h, (c¢) 8h and (d) 10h
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3.3. ANN modeling results

From the well known and widespread identification tools, the root mean squared error
(RMSE) and the mean absolute percentage error (MAPE) values were calculated from Eqgs.6
and 7 [11]. Models that produce the best estimated values were selected as the forecasting

models.
1 & 2

RMSE = |—>"{t, -d.) (6)
N -1
1| |t —td,

MAPE=— 411 |%100 7
ShiEs ?

where t; is the real value, td; is the model prediction value and N is the number of testing data.
Table 1 shows the actual values, degrees of deviation, percentage error rates, RMSE and
MAPE calculated using the estimated models. The normalization (scaling) operations were
carried out using Eq. 8:

X_Xmin
X :ZXX —1 (8)

norm

max Xmin

where X;om 18 the normalized value, X is the true value of the variable, X i, 1s mmimum value
of the data set and X.x 15 the maximum value of the data set.

The predicted values, deviation and % error for the coating thickness on the steel substrate are
provided in Tables 1 and 2.

Table 2. Experiment data and predicted output from the ANN network for testing

Milling Speed (rpm) ‘ ‘ Milling Time Coating Thickness

Sexiplle 1D o ’ il S (i) (E) Measured gPredicted E’;:)I?E)rror
3 200 155 4 34 32.71 3.81
6 200 155 10 86 76.51 11.04
8 200 60 2 17 15.97 6.06
11 200 60 8 55 52.74 412
13 200 23 1 4 416 412
16 200 23 6 34 29.50 13.22
19 300 155 1 20 19.07 4.63
22 300 155 6 105 98.72 5.98
27 300 60 4 27 26.74 0.96
30 300 60 10 174 172.34 0.95
32 300 23 2 16 17.92 -12.00
35 300 23 8 100 118.11 -18.11
38 400 155 2 47 43.72 6.99
41 400 155 8 203 238.24 -17.36
43 400 60 1 22 19.75 10.23
46 400 60 6 135 130.83 3.09
51 400 23 4 38 41.62 951
54 400 23 10 198 193.65 2.20

MAPE 7.466
RMSE 10.001

However, several values were not as close as others, which was due to the errors caused by
the material, the measurements and process parameters. These errors could be neglected given
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that the learning level of the artificial neural network 1s 92.5 %. This study revealed that the
predictions made using the ANN produced more accurate results. Fig. 5 shows the regression
analysis of the ANN model for the volume loss, specific wear rate and surface roughness. The
correlation coefficient was obtamned to be 0.99, indicating good agreement between the
experimental results and the model prediction (for training data set: Reoating thickness=0.99964
and for testing data set: Reoating thickness=0.99055).

Outputs vs. Targets, R=0.99964 Outputs vs. Targets, R=0.99055
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Figure 5. Regression analysis for the neural network responses and the target for the training
data set (a) and the testing data set (b)

A comparative plot of these values was provided in Fig. 6. A comparison between the
measured and predicted composite powder properties at the testing stage indicates a high

correlation.
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Figure 6. The comparison of measured values and ANN values for the (a) traming data set
(b) testing data set

4. CONCLUSIONS

The Fe-Al coatings were fabricated on the low carbon steel by mechanical alloying method. It
was found that an increase in the applied milling time, the milling speed and size of milled
powders affect the coating thickness. The deposition of a uniform coating by mechanical
milling 1s possible, but it requires optimization of milling parameters and properties of as-
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received powders so that the uniform distribution of ball-substrate-ball collisions over the
processed surface is efficient. The coating thickness on the steel substrate increased with
increasing milling time. The coating thickness increased to its maximum value after 10h of
milling. The ANN model generated satisfactory results with high correlation coefficients. The
mean absolute percentage error (MAPE) for predicted values did not exceed 7.466%.
Therefore, using ANN model, results can be estimated satisfactorily which thereby reduces
the testing time and cost.
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