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Abstract: Powder injection molding (PIM) has emerged as a production method to overcome some of the
mentioned obstacles such as geometric design, multi-step manufacturing process, etc. A final linear decrease in
dimensions of components in PIM is known as shrinkage. The primary shrinkage occurs in the last step,
sintering, which is intended to be direct. The shrinkage is the ratio of the first dimension of the part to the final
dimension. Shrinkage is a significant value to examine the microscopic exchange rates during the sintering. In
this study, the shrinkage ratio after the sintering process was investigated for 316 L feedstock depending on the
powder loading, particle size distribution (Sw), particle size (D50), and sintering heating rate. The prediction of
the shrinkage ratio was carried out by the Matlab Software. Experimental shrinkage ratios for 316L feedstock
were compared with the results obtained using Artificial Neural Networks (ANN). As a result of this study, the
mathematical formula has been produced for calculation of the shrinkage ratio by performing regression analysis
for 316L feedstock. It was is concluded that before carrying out the sintering process in PIM, the shrinkage ratio
can be calculated based on parameters such as powder loading, particle size (D50), and size distribution.

Keywords: Artificial neural network, Powder injection molding, Shrinkage ratio, 316 L stainless steel,
Regression analysis.

Toz Enjeksiyon Kaliplamada 316 L. Besleme Stokunun Cekme Yiizdesinin
Yapay Sinir Aglari ile Tahmin Edilmesi

Oz: Toz enjeksiyon kaliplama, bazi engelleri asmak icin (geometrik tasarim, cok adimli iiretim siireci vb.)
kullanilabilecek bir iiretim yontemidir. Toz enjeksiyon kaliplamada ¢ekme, dogrusal boyutlarda kiiciilme olarak
tanimlanir. Cekmenin 6lglimii genelde dogrusal boyuttaki degisimler ile gergeklesir. Boyutsal degisim, parga
boyutundaki degisikligin baslangic ham par¢a boyutuna boliinmesidir. Cekme, sinterleme esnasindaki
mikroskopik degisim hizlarinin incelenmesi i¢in 6nemli bir degerdir. Bu galigmada, 316 L besleme stokunun toz
ylizdesi, toz dagilimi (Sw), besleme stokunun d50 ¢ap1 ve sinterleme hizi parametrelerine bagli olarak sinterleme
islemi sonrasindaki par¢ada olusacak ¢cekme orani yiizdesi tespit edilmistir. Cekme orani yiizdesi hesaplamasi
icin Matlab programi kullanilmistir. 316 L besleme stoku i¢in deneysel ¢ekme yiizdeleri, yapay sinir agi
kullanilarak elde edilen sonuglar ile kargilagtirilmistir. Calisma sonucunda 316 L besleme stoku i¢in regresyon
analizi yapilarak ¢ekme yiizdesi degeri i¢in matematiksel formiil ¢ikartilmistir ve toz enjeksiyon kaliplama
prosesinde sinterleme oncesinde besleme stokunun toz yiizdesi, toz dagilimi ve d50 orani ile gekme yiizdesinin
hesaplanabilecegi sonucuna varilmustir.

Anahtar Kelimeler: Yapay sinir agi, Toz enjeksiyon kaliplama, Cekme orani, 316 L paslanmaz ¢elik,
Regresyon analizi.
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1. Introduction

Powder injection moulding (PIM) is a manufacturing method developed for the production of small,
complex, and intricate parts from metal or ceramic powders. This method consists of preparation of
the feedstock, injecting into the mold, the binder removal process, and sintering steps [1]. The
sintering is the final stage in PIM, which is fundamentally important to have strength components.
During sintering because of the bonding mechanism between powders, it is occured a noticeable
shrinkage in the final component. This shrinkage depends on the parameters, namely powder
loading, powder shape and size, and sintering conditions. The general linear shrinkage in PIM is
between 15% and 20%. Fine powders are sintered faster and eliminate the possible defects which
could occur during the injection. Besides, it also increases the viscosity of the feedstock and final
shrinkage after sintering. However, it increases the needed time for debinding. [2-4]. During
sintering, there are some critical phenomena such as polymer (binder) burnout, bonding among the
particles, changes in dimension, and a significant amount of the coarsening of microstructure. It
could be challenging to have a sintered component with the desired properties and sizes [5].
Shrinkage is an essential factor that should be calculated and controlled to reach the desired
dimension. In PIM, the shrinkage occurs during all stages of the process; however, the central part
belongs to the final stage, sintering [6]. Dimensional accuracy of the piece would be negatively
affected if the amount of shrinkage is not uniform in all sections; it also could deteriorate the quality
of shape and geometry of the component. According to shrinkage per cent, the size of the mould
cavity is determined, and the mould design is completed. In the cases that the wrong shrinkage is
applied, it will need reconstruction of mould (or cavity) and could impose an extra cost on the
process. Because of these reasons, the shrinkage should be determined accurately.

In the literature, there are some studys on parameters that affecting the shrinkage in powder
injection moulded components with different materials such as 316L [7-10]. Luo and et al. [7] have
reported that injection pressure and sintering temperature are the most critical parameters affecting
the dimensional accuracy. As a result of the study by using 316 L stainless steel feedstock, Kong et
al. [8] have found that geometric and physical properties of powder loading affect the moulding
process. Shongwe et al. [9]have reported that shrinkage varies depending on the sintering rate and
powder size. Yeh et al. [10] study on alumina revealed that wide powder size distribution results in
high green density, and lower shrinkage ratios in sintered samples.

With this study, it has been focused on the prediction of shrinkage percentage that has an essential
role in mould design and producing strength components. In this respect, ANN has been established
by using the Matlab Software. Data for input layer which was trained for ANN, selected from the
literature. Thanks to the ANN application, the effect of different parameters on the shrinkage rate
can be estimated from this study. The accuracy of 99% was obtained consequently. Afterwards,
mathematical formulas were obtained numerically to calculate shrinkage ratio based on powder
loading, particle size (Dsp), particle size distribution, and heating rate by regression analysis with
Minitab 17 program. The study will eliminate the difficulties in mould design by estimating the
shrinkage ratio, which is a design parameter of the injection moulding.

2. Artificial Neural Networks (ANN)

The scientific world has been acquainted with artificial neural networks in the 1940s. The first study
in this area was done to reveal the function of brain cells, how they communicate with each other.
Then, ANNs have developed significantly both in a theoretical and practical sense. Nowadays,
neural networks can be established by means of combining many cells in a certain order and using
appropriate learning algorithms. These networks can perform very complex tasks successfully[11].
ANNSs are data-based systems designed by connecting the layer-shaped neural cells. It is aimed that
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using human brain talents such as learning and rapid decision change in different conditions, etc.
solves complex problems with the help of simplified models [12]. In other words, ANNs are
computer programs that simulate biological neural networks [13]. The structure of the ANN has
three components, including neurons (artificial neural cells), connections, and learning algorithms.
The neuron is the essential operation element of an ANN. Neurons within the network receive one
or more inputs, according to factors affecting the problem and release outputs as much as the
number of results expected. Neurons come together through a connection with each other to
constitute the ANN. In general ANN systems, if the neurons come together in the same direction,
create layers [14].

In the ANN, there are three main layers, namely the input layer, an output layer, and the hidden
layer to connect nerve cells. The input layer is the first layer receiving the data coming from outside
to the ANN. These data correspond to independent variables in the statistics. The input layer
consists of the parameters affecting the problem, and the number of neurons in the input layer varies
according to the number of parameters. The final layer is named as an output layer, and it transmits
the information to outside. Output variables correspond to the dependent variable statistically. Other
layers of the model are located between the input and output layers and are called the hidden layers.
There is no connection between neurons in the hidden layers and outside. They only receive the
signal from the input layer and send it to the output layer. The number of neurons taking place in
the hidden layer (or layers), is vital regarding the performance of the established network [15].
ANN examine the example of the events and make their generalizations, then collect the
information based on which use these learned patterns toward circumstances never faced before,
and finally make decisions [11].

The infrastructure of ANNSs is based on the human brain. This is a network system to determine
complex and nonlinear relationships between input and output parameters. In recent years, ANN
has been utilized widely in the estimation of nonlinear systems, since it is getting more advantages
in terms of high accuracy, low cost, and time-saving [16]. Figure 1 illustrates the mathematical
model of a neuron. As can be seen in this figure, the neuron inputs are multiplied by the weight of
synaptic connections. The result of the multiplication is sent to the collector. The obtained
summation is transmitted to the neuron’s activation function. Then outputs are calculated. 'S' is the
weighting factor sum in equation (1), and 'O" is the calculation of the output neuron in the equation

).
S= W1.Uq + Wy Uy + W3 Ug..ouenn, + Wn.un+ 0= 2?20 W;. U; +0 (1)
0=¥(S) )

where S; Total function - uj; Input function - w;; Weighting factor - O; Output function - ¥(S);
Activation function - 0; Threshold value

Any change in each input causes a specific change in the output neuron, whose amplitude is
dependent on relationships determining the degree of effective input, collector threshold value, and
the type of neuron activation function. The use of the threshold value, the constant input (0) which,
in practice, is (-1) or (+1) is correlated with a weight value, considered as the entry to the collector
[17].

ANNSs contain different scientific applications; in the aerospace industry with autopilot applications,
in the transport industry with orientation systems applications, in defence systems with a moving
target tracking, and many other applications. Application fields of ANNSs are being developed every
day, and new application areas are discovering by the researchers [19-21].
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Figure 1. Mathematical modeling of ANN [18]

3. Material and Method

In this study, prediction and regression analysis of the shrinkage ratio of 316 L feedstock were
studied. As input parameters, powder loading, particle size Dso, particle size distribution, and
sintering heating rate were used in experiments. Shrinkage ratios obtained from similar studies in
the literature are given in Table 1.

Firstly, the input, that is, feedstock’s powder volume loading, particle size Dso, powder, particle size
distribution, and heating rate and target parameters (shrinkage ratio) were defined into the program
as a matrix. Then a network was created to estimate the shrinkage ratio. The established network
module is feedforward backpropagation. TRAINGDX was selected as a training function since it
shows the best approach to real value and its accuracy. LEARNGDM was also selected as an
adaptive learning function, which is preferred with the backpropagation network type and reducing
the momentum gradient. Mean square error (MSE) was chosen as the performance function. The
reason is, this function provides performance evaluation according to the average of error-decision.
In this network, TANSIG (tangent sigmoid function) is the transfer function estimating the optimum
result. The schematic view of the defined neural network is shown in Figure 2.

Hidden Layer Output Layer
Input Output
Q -/- L Q _/- = }O
r b b 1
10 1

Figure 2. ANN system

In this study, the number of neurons for the data sets was selected to be 10 to establish models.
Then, all established models were tested with the allocated data. As the results of the testing
process, estimated values were compared with the actual values, therefore the prediction accuracy
of ANN models with different structures was evaluated. Input parameters of network were
illustrated in Table 2.
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Table 1. ANN Input Parameters

D L - © ;\5\ g ~ % ~ g S 5 3
tx8 ez 25 SE 2% £T 5
4 8 E = =c S = c = S = c O =
«®2 238 £ §L EB EE %
z s &£° &% &5 o= &
1 60 34 15 489 115  [22]
2 60 34 10 489 95 [22]
3 60 3.4 5 4.89 8 [22]
4 57 10 5 328 15 [23]
5 56 7 45 616 15 [23]
6 50 2.37 7 489 115  [25]
7 64 3.4 5 489 1376  [8]
8 65 4.42 7 412 157  [26]
9 64 3.4 10 489 125 8]
10 60 4.42 7 412 1614  [26]
11 53 8 10 433 21 [27]
12 65 10.8 10 417 15 [27]
13 60 11 25 403 1552  [28]
14 64 34 15 489 1306  [8]
15 66 1.8 5 497 18 [29]
16 60 36 5 503 158  [30]
17 63 10 10 396 15 [31]
18 60 34 5 489 1348  [32]
19 60 3.4 8 489 1424  [32]
20 60 34 10 489 1504  [32]
21 60 3.4 12 489 1448  [32]

The optimal functions shown in Table 2, were obtained by changing the number of neurons in the
hidden layer, learning methods, and network parameters. It was determined that all values resulted
from applying input parameters to network, were almost near real ones; errors were also calculated.
Matlab Softwares’ different models are tested, among which the TRAINGDX function is
determined as the most successful one.

Table 2. ANN Input Parameters

Network Type Feed-Forward Backpropagation
Training Function Traingdx

Learning Function Learngdm

Performance Function MSE

Number of Neurons 10

Activation Function Tansig

4. Results and Discussion

Minitab 17 program was used to find the mathematical formula of the regression of shrinkage ratio.
In the program, the percentage of dust, d50 diameter, powder distribution, sintering speed are
defined as input parameters, and the percentage of extraction is defined as the target parameter.
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The probability plot was obtained after releasing the mathematical equations for the shrinkage ratio.
According to this plot, residual values could be seen based on the shrinkage ratio. As seen in the
graph, the deviation of the value is ranging from -5 to +5, regarding the standard curve.

Regression analysis of each 316 L feedstock was carried out. Regression values (R?) were between
93% and 99%. Figure 3 shows the R? value plot for a sample 316L feedstock, using the Matlab
Software.

Training: R=0.99979

© Data

N
=

—
@

- —
e N

Output ~= 0.99*Target + 0.16
>

-
o

12 14 16 18 20
Target

'
o

Figure 3. A regression value estimated and plotted for a sample using the Matlab Software

It was determined that the values calculated by ANN were similar to the actual values. ANNSs are
capable of learning the nonlinear relationships, generalizing them, therefore finding an answer to
the problem not encountered before, with acceptable error. Figure 4 shows the MSE value of
training, validation, and test data in the learning stage of ANN with different iterations. If the MSE
values are renewed for each iteration, the number increases. Iteration continues until reaching the
best and acceptable results, which are exported as program output. As shown in Figure 4, the lowest
MSE values were obtained in 98 iterations. The best program output is at the end of 98 repetitions
with the MSE of 0.0024.

Best Validation Performance is 0.0028424 at epoch 98

Train
Validation
Test

Mean Squared Error (mse)

1 1 1 1 1 1 1 1 1 Ml
0 10 20 30 40 50 60 T0 80 90 100
104 Epochs

Figure 4. Performance of ANN

The ANN output value to understand better, the deviation percentage was also calculated using the
following formula:

.. Calculated Shinkage Ratio—Actual Shrinkage Raito
Deviation percent (%) = g : : g (€))
Actual Shrinkage Raito
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The deviation between the experimental data and predicted ones obtained by ANN ranging from
0.0024% to 13%. Table 3 shows 316 L feedstock actual shrinkage ratio, calculated shrinkage ratio,
and system error. For example, in the work of Imbaby at al.[29] studying 316L feedstock with 66%
powder loading, the particle size of 1.8 um (Dso), the particle size distribution of 4.97 and heating
rate of 5 °C/min, shrinkage ratio was obtained to be 12.5 %. In comparison, it was calculated by
ANN to be 12.5003 %.

Table 3. 316 L feedstock actual shrinkage ratio, calculated shrinkage ratio, and error

316 L Feed Actual Shrinkage  Calculated Shrinkage Percentage of

Stock Number Ratio( %0) Ratio (%) Error (%)
1 11.5 11.2226 2.412173913
2 9.5 8.2207 13.46631579
3 8 7.9851 0.18625
4 15 15.0115206 0.076804
5 15 15.01825482 0.1216988
6 11.5 11.58755755 0.76137
7 13.76 12.7201 7.557412791
8 15.7 16.2523 3.517834395
9 12.5 12.5003 0.0024
10 16.14 16.00772737 0.819533024
11 21 20.89850429 0.483312905
12 15 15.13772632 0.918175467
13 15.52 15.52331371 0.021351224
14 13.06 13.1576 0.747320061
15 18 18.01637225 0.090956944
16 15.8 15.69400676 0.670843291
17 15 14.87963301 0.8024466
18 13.48 14.29735589 6.063470994
19 14.24 13.93820396 2.119354213
20 15.04 13.69876934 8.917757048
21 14.48 13.45933472 7.04879337

Figure 5a and Figure 5b shows the comparison of predicted shrinkage ratio and the actual shrinkage
ratio. The shrinkage ratio decreases with increasing powder loading [33,34]. There are illustrated in
the figures, a decrease of the powder loading causes a shrinkage ratio to increase (Figure 5a, Figure
5b). Also, the effect of the heating rate can be deduced. It is stated in the literature that the
shrinkage ratio varies depending on the heating rate and powder size [9,35]. Sanad et al. [35] have
reported that the shrinkage ratio increases as the heating rate increases. Kong et al [8] determined
that there was a fluctuation in the shrinkage ratio of 316 L parts as a result of experiments
conducted at heating rate of 5 °C/min, 10 °C/min and 15 °C/min. In this study, shrinkage rates of
the samples with 64 % powder loading for 5 °C/min, 10 °C/min, and 15 °C/min heating rates was
detected a fluctuation. The actual shrinkage ratio for these samples' heating rates of 5 °C / min, 10
°C / min, and 15 °C / min was determined as 13.76 %, 12.5 % and 13.15 %, while ANN calculation
the shrinkage ratios was 12.72 %, 12.5 % and 13.15 %. The heating rate during the sintering is an
important parameter for the control of microstructure formation. As a result of the studies, it was
determined that rapid heating damages the brown component. In studies, it is stated that sintering
temperature and time are more effective than heating speed on deflection and distortion in
components [36-38].
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Figure 6 exhibits the comparison of the predicted data and the experimental data. At the end of the
study, a result of the ANN model shows proximity with experimental values. Therefore, according
to the parameters of powder loading, particle size Dsg, particle size distribution, and heating rate,
this system would be capable of predicting the shrinkage accurately without doing any experiment

25

20

Shrinkage
Ratio (%) 15

10

0

—+— Actual Shrinkage Ratio (%)
-=-Predicted Shrinkage Ratio (%)

Figure 6. Comparison of the predicted data with the experimental ones

5. Conclusions

In this study, ANN was developed to estimate the shrinkage rates of 316L feed stock without the

needing any experiment and the following results were found.
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1- At the end of the study, acceptable results were obtained comparing the predicted values
with literature.

2- The shrinkage ratio of the sintered specimen could be predicted based on the powder
loading, particle size Dsg, particle size distribution, and heating rate before sintering in PIM.

3- This study shows that ANN and calculated mathematical formula can calculate shrinkage
ratio before any process of PIM.

4- This calculation system can be used for predict to shrinkage of different 316L feedstock.

Acknowledgment

The authors would like to thank Gazi University Research Funds for their support for this project
under contract 07/2013-03.

References

[1]. Karatas C., Saritas S., "Powder Injection Molding: A High Technology Manufacturing
Process"”, Journal of Faculty of Engineering and Architecture of Gazi University, 1998,13 (2):
193.

[2]. Heaney D.F., "Handbook of Metal Injection Molding", Elsevier, (2012).

[3]. German R.M., Bose A., "Injection Molding of Metals and Ceramics", Metal Powder
Industries Federation, (1997).

[4]. Sotomayor M., Varez A., Levenfeld B., " Influence of Powder Particle Size Distribution on
Rheological Properties of 316L Powder Injection Moulding Feedstocks”, Powder
Technology, 2010, 20 (1): 30-36.

[5]. German R.M., "Powder Metallurgy Particule Materials Processing", Metal Powder Industries
Federation, New Jersey, (2007).

[6]. Safarian A., Karatag C., "Diffusion Welding of Thick Components Fabricated by Inserted
Powder Injection Molding", Materials Testing, 2014, 56 (10): 842-846.

[7]. Luo T., Qu X., Qin M., Ouyang M., "Dimension Precision of Metal Injection Molded Pure
Tungsten”, International Journal of Refractory Metals and Hard Materials, 2009, 27 (3): 615-
620.

[8]. Kong X., Barriere T., Gelin J., "Determination of Critical and Optimal Powder Loadings for
316L Fine Stainless Steel Feedstocks for Micro-Powder Injection Molding"”, Journal of
Materials Processing Technology, 2012, 212 (11): 2173-2182.

[9]. Shongwe M., Ramakokovhu M., Diouf S., Durowoju M., Obadele B., Sule R., Lethabane M.,

Olubambi P., "Effect of Starting Powder Particle Size and Heating Rate on Spark Plasma
Sintering of Fe Ni Alloys", Journal of Alloys and Compounds, 2016, 678: 241-248.

[10]. Yeh T.S., Sacks M.D., "Effect of Particle Size Distribution on The Sintering of Alumina”,

Journal of the American Ceramic Society, 1988, 71 (12): 484-487.

[11]. Reed R.D., Marks R.J., "Neural Smithing: Supervised Learning in Feedforward Artificial

Neural Networks", Mit Press, (1998).

[12]. Ramana K., Anita T., Mandal S., Kaliappan S., Shaikh H., Sivaprasad P., Dayal R., Khatak

H., "Effect of Different Environmental Parameters on Pitting Behavior of AISI Type 316L
Stainless Steel: Experimental Studies and Neural Network Modeling"”, Materials & Design,
2009, 30 (9): 3770-3775.

[13]. Kara F., Aslantas K., Ci¢ek A., "Prediction of Cutting Temperature in Orthogonal Machining

of AISI 316L Using Artificial Neural Network™, Applied Soft Computing, 2016, 38: 64-74.

[14]. Karatas C., Sozen A., Arcaklioglu E., Erguney S., "Investigation of Mouldability for

Feedstocks Used Powder Injection Moulding", Materials & Design, 2008, 29 (9): 1713-1724.

[15]. Cochocki A., Unbehauen R., Neural Networks for Optimization and Signal Processing. John

Wiley & Sons, Inc., (1993).
1071



ECJSE 2020 (3) 1063-1073 Prediction Of Shrinkage Ratio for 316L Feedstock ...

[16].

[17].
[18].

[19].

[20].
[21].

[22].

[23].
[24].

[25].

[26].

[27]

[28].
[29].

[30].

[31].

[32].
[33].

[34].

[35].

Afrand M., Najafabadi K.N., Sina N., Safaei M.R., Kherbeet A.S., Wongwises S., Dahari M.,
"Prediction of Dynamic Viscosity of a Hybrid Nano-Lubricant by An Optimal Artificial
Neural Network", International Communications in Heat and Mass Transfer, 2016, 76: 209-
214.

Efe M.O., Kaynak O., "Yapay Sinir Aglar1 ve Uygulamalar1", Bogazici Universitesi, (2004).
Firat M., Glingoér M., "Aski Madde Konsantrasyonu ve Miktariin Yapay Sinir Aglarn ile
Belirlenmesi”, Teknik Dergi, 2004, 15 (73): 3267-3282.

Esfe M.H., Ahangar M.R.H., Rejvani M., Toghraie D., Hajmohammad M.H., "Designing an
Artificial Neural Network to Predict Dynamic Viscosity of Aqueous Nanofluid of TiO2 Using
Experimental Data", International Communications in Heat and Mass Transfer, 2016, 75:
192-196.

Etyemez A., Kurt M.,” Optimum Tool Selection by Artificial Neural Networks", EI-Cezeri
Journal of Science and Engineering, 2019, 6 (1): 323-332.

Sentiirk K Z., Sentiirk A.," Neural Networks with Breast Cancer Forecast", El-Cezeri Journal
of Science and Engineering, 2016, 3 (2): 345-350.

Quinard C., Song J., Barriere T., Gelin J., "Elaboration of PIM Feedstocks With 316L Fine
Stainless Steel Powders for The Processing of Micro-Components”, Powder Technology,
2011, 208 (2): 383-389.

Abolhasani H., Muhamad N., "A New Starch-Based Binder for Metal Injection Molding",
Journal of Materials Processing Technology, 2010, 210 (6): 961-968.

Safariangharasaghal A., "Toz Enjeksiyon Kaliplama Yonteminde Insort Kullanarak Biiyilik
Hacimli Parcalarin Uretiminin Arastirilmas1”, Ph. D., Gazi University, Ankara, (2015).

Liu L., Loh N., Tay B., Tor S., Yin H., Qu X., "Preparation and Characterization of Micro
Components Fabricated by Micro Powder Injection Molding", Materials Characterization,
2011, 62 (6): 615-620.

Raza M.R., Ahmad F., Omar M., German R., "Effects of Cooling Rate on Mechanical
Properties and Corrosion Resistance of Vacuum Sintered Powder Injection Molded 316L
Stainless Steel”, Journal of Materials Processing Technology, 2012, 212 (1): 164-170.

Koseski R.P., Suri P., Earhardt N.B., German R.M., Kwon Y-S., "Microstructural Evolution
of Injection Molded Gas-And Water-Atomized 316L Stainless Steel Powder During
Sintering”, Materials Science and Engineering: A, 2005, 390 (1): 171-177.

Liu Z., Loh N., Khor K., Tor S., "Sintering Activation Energy of Powder Injection Molded
316L Stainless Steel”, Scripta Materialia, 2001, 44 (7): 1131-1137.

Jiang K., Imbaby M., "Micro Fabrication of Stainless Steel Micro Components Using Soft
Moulding And Aqueous Slurry"”, Microelectronic Engineering, 2010, 87 (1): 72-78.

Imgrund P., Rota A., Simchi A., "Microinjection Moulding of 316L/17-4PH and 316L/Fe
Powders for Fabrication of Magnetic—-Nonmagnetic Bimetals”, Journal of materials
processing technology, 2008, 200 (1): 259-264.

Heaney D., Suri P., German R., "Defect-free Sintering of Two Material Powder Injection
Molded Components Part | Experimental Investigations"”, Journal of Materials Science, 2003,
38 (24): 4869-4874.

Quinard C., Barriere T., Gelin J., "Development and Property ldentification of 316L Stainless
Steel Feedstock for PIM and pPIM", Powder Technology, 2009, 190 (1): 123-128.
Annicchiarico D., Alcock J.R., "Review of Factors That Affect Shrinkage of Molded Part In
Injection Molding", Materials and Manufacturing Processes, 2014, 29 (6): 662-682.

Zauner R., Heaney D., Piemme J., Binet C., German R.M., "The Effect of Powder Type and
Powder Size on Dimensional Variability in PIM", Advances in Powder Metallurgy and
Particulate Materials, 2002, 10(10): 100-191.

Sanad M., Rashad M., Abdel-Aal E., El-Shahat M., "Mechanical, Morphological and
Dielectric Properties of Sintered Mullite Ceramics at Two Different Heating Rates Prepared
From Alkaline Monophasic Salts", Ceramics International, 2013, 39 (2): 1547-1554.

1072



Subasi, M., Yilmaz, O, Samet, K, Safarian, A, Karatas, C. ECJSE 2020 (3) 1063-1073

[36]. Huang M.S., Hsu H.C., “Influence of Injection Moulding and Sintering Parameters on
Properties of 316L MIM Compact”, Powder Metallurgy, 2011, 54 (3): 299-307.

[37]. Urtekin L, Taskin A. “Ti—6Al-4V alloy cortical bone screw production by powder injection
molding method” Materials Express. 2017;7: 245-252.

[38]. Yilmaz O., Samet K., Kogak H., Karatas C., “Toz enjeksiyon kaliplamada krom arayiizeyi
kullanilarak montajli par¢a imalatinin arastirilmasi1”, Journal of the Faculty of Engineering
and Architecture of Gazi University, 2019, 34:2 621-634.

1073



