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After etching the specimens were ultrasonically cleaned to remove the etchant 

remaining in the pores, cracks, or interfaces between specimen and mount. Specimens 

were dried using an electric dryer and stored in desiccators. 

3.5.3.3 Optical microscopy 

White layer thickness examination of samples was conducted using a ZEISS 

optical microscope. Image analysis was done using a NORTHERN ECLIPSE® software 

as shown in the figure 3 .16.A typical result from the white layer examination is shown in 

figure 3.17. 

Optical 
microscope 

Figure 3.16: ZEISS optical microscope and computer with image analysis software. 
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Figure 3.17. A photomicrograph of sample "NN32S013" nitrided for 20 hrs 
at a KN thickness of0.45 and 1050 °F.White layer thickness is about 
12.11 J.!m (x1000). 

3.6. Data compilation 

All the data collected was compiled in spreadsheet format, a sample of which is 

included in Appendix 3.Spreadsheets were prepared included in the Appendices 4-13 for 

the modeling of each of the five process parameters using the two ANN modeling 

techniques discussed in Chapter 4. 
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Chapter 4 

Results and Discussion 

Introduction 

The main objective of the present study is to use real data collected from gas 

nitriding cycles to develop an Artificial neural network model that can predict case 

depths, white layer thickness, and superficial hardness of gas nitrided samples. Two ANN 

models have been developed and used in the present study. A multilayer perceptron 

(MLP) type model using Back-propagation adaptive gradient descent algorithm and a 

Radial basis function type neural network model were designed and tested using the same 

data. In addition to the development of the two ANN models, investigations of reverse 

modeling, non-uniformity of the microstructure due to effects of cooling rate and prior 

heat treatment of samples have also been considered and will be discussed below. 

4.1. Artificial Neural Network (ANN) modeling 

4.1.1. Introduction to NeuralWare® Predict 

NeuralWare® Predict is an integrated, state-of-the-art tool for rapidly creating and 

deploying prediction and classification applications. Predict combines neural network 

technology with genetic algorithms, statistics, and fuzzy logic to automatically fmd 

optimal or near-optimal solutions for a wide range of problems. 
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Predict analyzes input data to identify appropriate transforms, partitions the input 

data into training and test sets, selects relevant input variables, and then constructs, trains, 

and optimizes a neural network tailored to the problem. In Microsoft® Windows 

environments NeuralWare® Predict can be run either as an add-in for Microsoft Excel to 

take advantage of Excel's rich data handling and graphing capabilities, or as a command 

line program that offers powerful batch mode processing [45]. 

4.1.2. Modeling using a (MLP) ANN model developed using NeuralWare® Predict 

Prediction of nitriding case characteristics of total case depth (at 40HRC), 

effective case depth (at 50HRC), case depth (at 60HRC), superficial hardness and white 

layer thickness are presented in Table 4.1. Input to the model was the parameters of the 

second stage of the nitriding cycle, namely, KN, t ,and T. 
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Table 4.1. Consolidated results ofNeuralWare modeling 

Predicted Number of data points 
Maximum 

Parameter 
percentage 

Number of data difference based on 
Total points used for experimental value 

model validation 

Case depth in flm at 
111 20 14.00 

60HRC 

Effective case in f.!m 
143 29 12.27 

at50HRC 

Total case in f.!m 
122 19 13.48 

depth at 40HRC 

Superficial hardness 
167 32 -4.78 

(HR 15N) 

White layer 
148 30 >40 

thickness in flm 

NeuralWare Predict was trained and validated using the data for each of the 

characteristics of three types of case depths, superficial hardness and white layer 

thickness using values from Appendices 4-8. After training of the neural model it predicts 

the value of modeled characteristic for validation data (discussed in Section 4.1.4). The 

predicted values were compared with experimental values for each validation data point 

and the percentage difference based on the experimental value were calculated. The 

maximum percentage difference was noted. 

It is evident from table 4.1 that more data points for training result in lower 

maximum percentage difference for three types of case depth with best prediction for 

effective case depth. 
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Superficial hardness prediction is the best of the five characteristics. It is 

over predicted i.e. the value predicted by the model is larger than the experimental 

value. 

White layer thickness has more data points than any of the characteristics but has 

high value of error. This indicates that although number of data points used for training 

are more, the main factor is the process of gas nitriding itself i.e. the first stage of 

nitriding cycle. White layer is formed during the first stage and is diffused in the case 

during the second stage of the cycle. Since the parameters of first stage were not used as 

input parameters in the training of neural network model the prediction of white layer 

thickness has high percentage error as compared to other case characteristics prediction. 

4.1.3. Modeling using Radial Basis Function (RBF)neural network 

Nitriding cycles data was also used to build a Radial Basis function neural 

network using Mathworks® MATLAB 7.0 Newrbe function. Results of the (RBF) ANN 

model are summarized in table 4.2. 
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Table 4.2 Consolidated results of the Radial Basis Function neural network model. 

Predicted Number of Data points 
Maximum 

parameter 
percentage 

Number of data difference based on 
Total points used for experimental value 

validation 

Case depth in J.Lm 
30 7 12.56 

at60HRC 

Effective case in 
30 7 6.57 

J.Lmat50HRC 

Total case in J.Lm 
30 7 7.32 

depth at 40HRC 

Superficial 
hardness (HR 30 7 -12.23 

15N) 

White layer 
30 7 >50 

thickness in J.Lm 

Radial Basis Function neural network was trained and validated using the data for 

each of the characteristics of three types of case depths, superficial hardness and white 

layer thickness using values from Appendices 9-13 .After training of the neural model it 

predicts the value of modeled characteristic for validation data (discussed in Section 

4.1.4).The predicted values were compared with experimental values for each validation 
data 

point and the percentage difference based on the experimental value were calculated. The 

maximum percentage difference was noted. 

Comparing Tables 4.1 and 4.2 one figures out marked difference in the number of 

datapoints used for the training and validation of neural networks. It is because as shown 

in Appendices 4-8 about the data used for training and validation ofNeuralWare Predict, 
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Multilayer perceptrons can be trained on different values of outputs (case characteristics 

using same values of inputs (process parameters )work with same values of input and 

different outputs but Matlab 7.0 Newrbe function produces an error due to rank 

deficiency problem in this case. So the average values of case characteristics for all the 

30 gas nitriding test cycles were used for training and validation. 

It can be noted from table 4.2 that the prediction of three case depths is similar as 

using Multilayer perceptrons. 

Prediction of superficial hardness is the best of all the case characteristics. But its 

over predicted. 

White layer thickness prediction has high value of maximum percentage 

difference because ofthe reasons discussed in section 4.1.2. 

4.1.4. Characteristics of validation data for modeling 

Data sets used for the validation of both ANN models consisted of values of input 

process parameters that were within the range of values of data used to train the model. 

This is due to inherent ability of Artificial Neural Networks to interpolate as compared to 

extrapolation. Out of the 30 gas nitriding test cycles; 23 cycles were used for training and 

process parameters of 7 cycles qualified for usage as validation cycles. 
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4.1.5 Reverse modeling 

Data ofnitriding cycles of three types of case depth values (total, effective and 

case depth at 60 HRC), superficial hardness and white layer thickness were used to train 

MLP neural network model and the model was used to predict process parameters ofKN, 

t and T. This type of modeling is called reverse modeling. The models were then 

validated and results are presented in Table 4.3. 

Reverse modeling was done using different combination of input parameters of 

case depth, superficial hardness and white layer thickness, consequently the following 

four cases were formed and modeled given by Table 4.3. 

75 



M.A.Sc. Thesis-Umar Afzaal McMaster-Mechanical Engineering 

Table 4.3: Results of reverse neural network modeling 

Case 
Input Parameters Number of datapoints 

Maximum percentage 
Number error 

Total Validation KN t T 
Total Case depth, 

1 
Effective case depth, 

111 20 -23.52 -61.54 -1.84 
Case depth 
(a)60HRC 

Total Case depth, 
Effective case depth, 

2 Case depth 111 20 -33.66 -101.3 -1.79 
@60HRC,Superficial 

hardness 
Total Case depth, 

Effective case depth, 
3 Case depth 111 20 -34.53 -71.0 -1.83 

@60HRC, White 
layer thickness 

Total Case depth, 
Effective case depth, 

Case depth 
4 @60HRC, 111 20 -28.20 -82.56 -1.41 

Superficial hardness, 
White layer 
thickness 

The results of reverse modeling have high percentage error because the data 

points used for training are not unique. The training data consist of results from 23 test 

cycles. To increase available data, case characteristics of three samples with two sides of 

each sample with some deletions were used a training data. Also the results indicate over 

prediction of the process parameters by the MLP neural network for all the cases. 

Additionally the prediction of temperature is the best for all cases followed by 

Nitriding potential and cycle time. 
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4.2. Investigations of the non-uniform/discontinuous structure of white layer 

The results of some nitrided case microstructure indicated non-uniform/ 

discontinuous white layer. An example is shown in figures 4.1 (a) and (b). Both 

photomicrographs show portions of the microstructure of the same sample titled 

"NN11 S31" nitrided in a cycle NN11 with the parameters listed in Table 4.2. The white 

layer variation from one portion of same side of sample to the other was 3000%. 

Table 4.4: Cycle parameters for NN11 

Parameter Stage 1 Stage 2 
KN (bar- 112

) 8.0 0.8 
t ( hrs) 5 20 
TCF) 975 1030 

(a) (b) 

Figure 4.1: Two photomicrographs showing non-uniform portion of the white layer 
with thickness a) 30.79 1-1m. b) 0.01-1m (x1000) for the sample NN11S31 
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Two reasons for the above anomaly were investigated. 

• Effect of cooling rate from nitriding temperature 

• Effect of pre treatment of the used Nitralloy bars 

4.2.1. Effect of cooling rate from nitriding temperature: 

Two Nitriding cycles with identification number NN29 & NN39 were run using 

the same values of input parameters for both stages of the nitriding cycle. At the end of 

the cycle, the retort and the samples were cooled at the fastest and slowest possible 

cooling rates using the experimental setup. For the slowest cooling rate, the furnace 

heater was turned off and the retort was left to cool down inside the furnace from a 

temperature of 1030°F .The cooling rate recorded for the case was 3 °F/min. For the 

fastest cooling rate, the retort was lifted from the furnace and immediately placed on the 

cooling stand. The cooling rate recorded in this case was 19.68 °F/min, which is 

approximately 85% faster than the slowest cooling rate. The results of this investigation 

are shown in Table 4.5 and the white layer photomicrographs are presented in Figures 4.3 

and 4.4. 
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Table 4.5: Nitrided sample properties from two cycles NN29&NN39 to compare 
effect of cooling rate 

Sample 
NN29S92 NN39S122 

number 

Cycle 
Nitriding Cycle 

Temperature 
Nitriding Cycle 

Temperature 
potential time potential time parameters (bar-112) (hrs) (OF) (bar-112) (hrs) (OF) 

First stage 8.00 5 975 8.00 5 975 
Second stage 0.45 10 1030 0.45 10 1030 

Average 
cooling rate 
for first 40 

minutes after 3.00 19.68 
completion 

of cycle 
e F/min) 
Total case 

348.33 347.08 
depth (J.tm) 
Effective 

case depth 248.33 270.83 
(J.tm) 

Case depth 
at60HRC 168.33 171.25 

(J.tm) 
Superficial 
hardness 94.5 94.7 

(HR-15N) 
White layer 
thickness 16.81 16.77 

(J.tm) 
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White 
layer 

Figure 4.2. A photomicrograph of white layer of thickness 16.38f.lm from sample 
NN29S92 (xlOOO). 

White 
layer 

Figure 4.3: A photomicrograph of white layer of thickness 16.06f.lm from sample 
NN39S122 (xlOOO). 
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It is deduced from the afore mentioned results that the cooling rate from the nitriding 

temperature at the end of second stage of nitriding has no effect on the morphology of the 

white layer. 

4.2.2. Effect of the pre treatment of the used Nitralloy bars 

The nitriding test specimens were cut from two rods that were hardened and 

tempered in different cycles. The heat treatment recipes were the same as those shown in 

Table 4.6.The microstructure was studied using SEM (Scanning electron microscopy) 

and optical microscopy. As shown in Figures 4.5-4.8 .No difference was observed in the 

structure. 

Table 4.6: Hardening and tempering sequence ofNitralloy 135M bars 

Heat Average 
Raise Quench Temper 

hardness 
uniformly temperature 

(HRC) 

1450° F hold 
Bar 1 Bar2 

for 20 minutes 1750° F hold 1175° F for 2 
in Nitrogen for 1 hour 

Oil 
hours in air 

34.6 34.0 
atmosphere 
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Optical microscopy results are given below. The grain structure is not abnormally 

different. 

Figure 4.4. Nitralloy 135M bar 1 tempered martensite grain structure (xlOOO) 

Figure 4.5. Nitralloy 135M bar 2 tempered martensite grain structure (xlOOO). 
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The microstructure of samples was observed using SEM microscopy using five times 

more magnification than optical microscope and results are given below. 

Figure 4.6. SEM image ofNitralloy 135M bar 1(x5000). 

Figure 4.7. SEM image ofNitralloy 135M bar 2 (x5000). 
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No variation to suggest difference in white layer non-uniformity was noted. 

4.3. Nitriding parameter variation profile during a typical cycle 

Figures 4.8, 4.9, 4.10 and 4.11 show a typical pro~le of parameters T and KN 

variation during the first stage (5hrs) and second stage (lOhrs) of the nitriding 

NN29cycle .The set points for KN were 8 and 0.45 bar-112 and T were 975 °F and 1030 op 

for first and second stages, respectively. As can be seen from figures 4.8 and 4.9 the 

temperature variation as indicated by one furnace atmosphere and two load 

thermocouples is± 5 °F which is within the specified limits set by AMS 2759 series 

specifications. 

Temperature variation in first stage of cycle NN29 at a set point 
temperature of 975deg F 

990 
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I! 965 
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950 
0 50 100 150 200 250 300 350 400 

Time (minutes) 

Figure 4.8. Temperature temporal variation during 5 hrs of first stage of cycle NN29 
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Temperature variation with time in second stage of 
cycle NN29 at a set point temperature of 1030 deg F 
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Figure 4.9. Temperature temporal variation during 1 0 hrs of second stage of cycle 
NN29 

Also from figures 4.10 and 4.11 the nitriding potential variation is within 

±0.1 bar-112 for the first stage and within 0.05 bar-112 for the second stage of nitriding cycle. 

The variation in nitriding potential is within the limits specified by AMS specification 

2759/10. 
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Nitring potential variation with time in first stage ofcycle NN29 at a set point 
set point of 8.0 bar(-1/2) 
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Figure 4.10: Nitriding potential temporal variation during 5 hrs of first stage of cycle 
NN29 
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Figure 4.11: Nitriding potential temporal variation during 10 hrs of second stage of cycle 
NN29 
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4.4 Sensitivity analysis 

Predictions obtained from the MLP artificial neural network model developed 

using the NeuralWare® Predict were subjected to a sensitivity analysis. 

The resolution of the control system for KN is ±0.01 bar-112, and temperature is 

±1 °F. The altered values ofKN as given by table 4.7 were used in the training of the MLP 

neural network model. The effect of the altered values on the accuracy of the prediction 

of the case depth at 60 HRC were examined. The maximum percentage error on the 

validation set was found to be 14.80 % whereas the maximum percentage error on 

validation set using the actual (not altered) values was 14.00%. No significant variation 

was found. 

Table 4. 7 : Nitriding potential values used in the sensitivity analysis 

Parameter Actual value Altered values 

varied bar-112 bar-112 

0.3 0.295 

KN 0.45 0.445 

0.6 0.595 

0.8 0.795 

Also for the case of temperature there was ±2.2°F deviation in load 

thermocouples readings and ±5.0°F in temperature uniformity as measured by 
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furnace atmosphere thermocouple. Due to this it was almost impossible to gauge 

the effect of temperature on sensitivity analysis. 

As part of sensitivity analysis a calibration curve of the Microhard.ness 

tester was obtained as shown in figure 3.15. 
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Chapter 5 

Conclusions 

Multivariate two-stage gas nitriding process for Nitralloy 135M was studied and 

significant parameters affecting the process; and characteristics defining the nitrided case 

were identified. AMS 2759/10 specification was used as a guide for controlling the 

process using Nitriding potential (KN) parameter as opposed to percentage dissociation. 

A set of experimental data of process input and output parameters of nitriding test cycles 

were collected. Data was analyzed and partitioned into training and validation sets. The 

data sets were used to develop Multilayer Perceptron type ANN models using 

NeuralWare® Predict software. Another type of neural network model called Radial Basis 

function was also built using MATLAB 7.0 Newrbe function The results and discussion 

of model prediction using validation data were presented in Chapter 4. 

In addition the data sets were used for reverse modeling i.e. prediction of process 

control parameters (KN, t and T) using case characteristics (case depths, superficial 

hardness and white layer thickness). 

Further to that investigation on the effects of cooling rate after nitriding and prior 

heat treatment; on the microstructure of nitrided material i.e. Nitralloy 135M was done. A 

summary of investigations and neural network modeling of gas nitriding are given. 
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Parameters affecting gas nitriding process: 

Four parameters were identified as having greatest effect on the process: 

1. Nitriding potential 

2. Cycle time 

3. Cycle temperature 

Effect of data points on the Neural network modeling: 

Artificial Neural modeling results using Multilayer perceptron and Radial Basis 

Function structure are strongly dependant on the data points available for training. 

This is evident from the modeling results of case depths in which effective case depth, 

with most number of data points for training has lowest value of maximum percentage 

difference i.e. 12.27 and 6.57% for MLP and RBF network respectively. 

Prediction of white layer thickness: 

The prediction of white layer thickness was poor. Although the number of data 

points for training was higher as compared to those used for the other parameters (case 

depths and superficial hardness). This is attributed to the fact that white layer formed on 

the case, is the result of process during the first stage of gas nitriding operation and we 

did not use first stage input parameters at all in the building of artificial neural network 

model.Also deficiencies in metallographic examination and the effects of kinetics of gas 

nitriding contributed to poor prediction. 
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Results of reverse modeling: 

Reverse modeling i.e. prediction of process parameter for a particular case 

characteristic has great significance for heat treatment industry. The scarcity of unique 

data points used for reverse modeling caused poor reverse modeling results. 

Effect of prior heat treatment on the microstructure of nitrided case: 

Nitralloy 135M bars used for preparing samples for the nitriding cycles were 

hardened and tempered to achieve a specific hardness value. The heat treatment was done 

in separate cycles for both bars. Microhardness testing and metallographic examination of 

bars was done to determine the effect of non-uniformity of microstructure prior to gas 

nitriding. The microstructure was found to be similar. Prior heat treatment has no effect 

on gas nitrided case results. 
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Chapter 6 

Recommendations and Future work 

The following are the recommendations of the project: 

1. More cycles should be run as the Artificial Neural Network performance 

(Prediction power) is dependant on the number of data points. 

2. The scope of design of experiments for data collection should be increased to 

include parameters from the first stage of the gas nitriding cycle because the 

prediction of white layer is principally dependant on the conditions prevalent 

during the first stage of nitriding cycle. 

3. Thermocouples should be spot welded to the sample to be nitrided rather than on 

samples placed adjacent to the test coupons. 

4. All cycles should be of total duration (first stage plus the second stage) longer 

than 15 hours, equal or shorter cycles result in non-uniform case structure with 

regards to white layer morphology. 

5. Micro hardness testing using the Vickers Hardness method should be done with 

load greater than 1 OOgf (used in the current experimentation), as this load is at the 

borderline of load at which the hardness value is dependant on the load. 

6. New and better a metallographic techniques for sample testing should be explored. 
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7. Modeling of gas nitriding using other multivariate modeling methods like PCA 

(Principal Component Analysis) and PLS (Projection to latent structures) should 

be explored. 
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Appendix-l(a) 

Ta20chi partial factorial desip(oriltinal desi28) 

Nitriding Potential Cycle time Temperature Cycle number Repeat cycle 

0.3 10 1010 NN4 
0.3 20 1030 NN15 NN25 
0.3 30 1050 NN17 
0.5 10 1030 
0.5 20 1050 
0.5 30 1010 
0.8 10 1050 NN5 
0.8 20 1010 NN8 NN23 
0.8 30 1030 NN16 

With revised Nitriding potential to include 0.45 

Nitriding Potential Cycle time Temperature Cycle number Repeat cycle 
0.3 10 1010 NN4 
0.3 20 1030 NN15 NN25 
0.3 30 1050 NN17 

0.45 10 1030 NN29 
0.45 20 1050 NN32 
0.45 30 1010 NN33 
0.8 10 1050 NN5 
0.8 20 1010 NN8 NN23 
0.8 30 1030 NN16 
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Appendi:x-l(b) 
Multilevel full factorial desi2n 

NitridiJ!g Potential .Cycle time Temperature 
0.80 30.0 1030.0 
0.30 20.0 1030.0 
0.45 20.0 1030.0 
0.80 30.0 1050.0 
0.60 10.0 1010.0 
0.60 10.0 1050.0 
0.30 20.0 1050.0 
0.60 20.0 1030.0 
0.60 30.0 1030.0 
0.80 10.0 1050.0 
0.60 10.0 1030.0 
0.80 20.0 1030.0 
0.45 10.0 1010.0 
0.45 20.0 1010.0 
0.30 10.0 1010.0 
0.60 20.0 1010.0 
0.30 10.0 1030.0 
0.80 20.0 1010.0 
0.45 30.0 1050.0 
0.60 30.0 1010.0 
0.30 30.0 1010.0 
0.80 10.0 1010.0 
0.30 30.0 1050.0 
0.80 10.0 1030.0 
0.30 20.0 1010.0 
0.80 30.0 1010.0 
0.80 20.0 1050.0 
0.60 20.0 1050.0 
0.30 10.0 1050.0 
0.45 10.0 1050.0 
0.45 30.0 1010.0 
0.60 30.0 1050.0 
0.45 10.0 1030.0 
0.30 30.0 1030.0 
0.45 30.0 1030.0 
0.45 20.0 1050.0 
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Appendix-2 

Details of all the actual cycles used in the study 

Cycle identification 
Date Samples 

Cycle Parameters 
number# Stagel Stage2 

NNl 6-Jun-05 Sl, S2, S3 975F, Shrs, Kn=8 IOIOF, lOhrs, Kn=0.6 

NN2 16-Jun-05 S4,S5,S6 975F, Shrs, Kn=8 1010F, lOhrs, Kn=0.6 

NN3 17-Jun-05 S7, S8, S9 975F, Shrs, Kn=8 1010F, 10hrs, Kn=0.8 

NN4 20-Jun-05 SlO, Sil, S12 975F, Shrs, Kn=8 IOIOF, lOhrs, Kn=0.3 

NNS 22-Jun-05 Sl3, Sl4, SIS 975F, Shrs, Kn=8 1050F, 10hrs, Kn=0.8 

NN6 23-Jun-05 S16,S17,S18 975F, Shrs, Kn=8 1050F, lOhrs, Kn=0.3 

NN7 26-Jun-05 S19,S20,S21 975F, Shrs, Kn=8 1050F, lOhrs, Kn=0.6 

NN8 28-Jun-05 S22,S23,S24 975F, Shrs, Kn=8 1010F, 20hrs, Kn=0.8 

NN9 30-Jun-05 S25,S26,S27 975F, Shrs, Kn=8 1010F, 20hrs, Kn=0.6 

NNIO 2-Jul-05 S28,S29,S30 975F, Shrs, Kn=8 1010F, 20hrs, Kn=0.3 

NNil 4-Jul-05 S31, S32, S33 975F, Shrs, Kn=8 1 OSOF, 20hrs, Kn=0.8 

NN12 6-Jul-05 S34, S35, S36 975F, Shrs, Kn=8 1 OSOF, 20hrs, Kn=0.3 

NN13 8-Jul-05 S37, S38, S39 975F, Shrs, Kn=8 1050F, 20hrs, Kn=0.6 

NN14 10-Jul-05 S40,S4l,S42 975F, Shrs, Kn=8 1030F, 20hrs, Kn=0.8 

NN15 13-Jul-05 S43,S44,S45 975F, Shrs, Kn=8 1030F, 20hrs, Kn=0.3 

NN16 15-Jul-05 S46,S47,S48 975F, Shrs, Kn=8 1010F, 30hrs, Kn=0.8 

NN17 18-Jul-05 S49, SSO, S51 975F, Shrs, Kn=8 1050F, 30hrs, Kn=0.3 

NN18 20-Jul-05 S52, S53, S54 975F, Shrs, Kn=8 1050F, 30hrs, Kn=0.8 

NN19 27-Jul-05 S55, S56, S57 975F, Shrs, Kn=6.9 1010F, lOhrs, Kn=0.8 

NN20 28-Jul-05 S58, S59, S60 975F, Shrs, Kn=6 1010F, lOhrs, Kn=0.8 

NN21 30-Jul-05 S61, S62, S63 950F, Shrs, Kn=8 1010F, !Ohrs, Kn=0.8 

NN22A [NN7 dupl] 9-Nov-05 
S64,S65,S66,S67, 

975F, Shrs, Kn=8 1050F, !Ohrs, Kn=0.6 
S68 

NN22 [NN7 dupl] Il-Nov-05 
S69, S70, S71, S72, 

975F, Shrs, Kn=8 1050F, 10hrs, Kn=0.6 
S73 

NN23 [NN8 dupl] 12-Nov-05 S74,S75,S76 975F, Shrs, Kn=8 1010F, 20hrs, Kn=0.8 

NN24 [NN12 dupl] 14-Nov-05 S77, S78, S79 975F, Shrs, Kn=8 1050F, 20hrs, Kn=0.3 

NN25 [NN15 dupl] 18-Nov-05 S80, S81, S82 975F, Shrs, Kn=8 1030F, 20hrs, Kn=0.3 

NN26 18-Nov-05 S83,S84,S85 975F, Shrs, Kn=8 1030F, 6.6hrs, Kn=0.6 

NN27 9-Dec-05 S86,S87,S88 975F, Shrs, Kn=8 1010F, 13hrs, Kn=0.3 

NN28 [NN4 dupl] 24-Feb-06 S89, S90, S91 975F, Shrs, Kn=8 IOIOF, 10hrs,Kn=0.3 

NN29 26-Feb-06 S92,S93,S94 975F, Shrs, Kn=8 1030F, IOhrs, Kn=0.45 

NN27 A 5-Mar-06 S95A, S96A, S97A 975F, Shrs, Kn=8 IOIOF, 2.25hrs, Kn=0.3 

NN30 6-Mar-06 S95,S96,S97 975F, Shrs, Kn=8 1010F, 17.75hrs, Kn=0.3 

NN31 14-Mar-06 S98,S99,S100 975F, Shrs, Kn=8 lOIOF, 30hrs, Kn=0.3 

NN32 23-Mar-06 S101, S102, S103 975F, Shrs, Kn=8 1050F, 20hrs, Kn=0.45 

NN33 25-Mar-06 S104, S105, S106 975F, Shrs, Kn=8 IOIOF, 30hrs, Kn=0.45 

NN34 27-Mar-06 Sl07,S108,S109 975F, Shrs, Kn=8 1030F, 30hrs, Kn=0.8 

NN35 30-Mar-06 SilO, Sill, S112 975F, Shrs, Kn=8 1010F, 20hrs, Kn=0.45 

NN36 2-Apr-06 Sil3, Sil4, S115 975F, Shrs, Kn=8 1030F, 20hrs, Kn=0.45 

NN37 4-Apr-06 Sil6, Sil7, Sil8 975F, Shrs, Kn=8 1 030F, 20hrs, Kn=0.6 

NN38 6-Apr-06 Sil9, S120, S121 975F, Shrs, Kn=8 1030F, lOhrs, Kn=0.8 

NN39 1-Jun-06 S122 Sl23 S124 975F, Shrs, Kn=8 1030F, 10hrs, Kn=0.45 
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Appendix-3 
Typical spreadsheet of data collected for samples in each cyclce 

1Cy_cle29: Hardness Test 

Superficial Hardness 
Diamond cone Indenter IHR15Nl 
Sample NN29 S92 NN29 S92N NN29 S93 NN29 S93N NN29 S94 NN29 S94N 

94.2 94.6 94.7 94.7 94.6 94.7 
94.6 94.7 94.7 94.6 95.0 94.8 

~ 94.2 94.4 94.7 94.8 94.7 94.4 {j 
~ 94.4 94.5 94.7 94.5 94.8 94.2 

$1 94.4 94.9 94.1 95.0 94.4 94.5 
94.1 94.7 94.8 94.5 94.8 94.6 
94.2 94.6 94.4 94.6 94.3 94.5 
94.5 94.5 94.3 94.4 91.2 94.7 

Min 92.8 94.4 94.1 94.4 91.2 94.2 
Max 94.6 94.9 94.8 95.0 95.0 94.8 
Average 94.3 94.6 94.6 94.6 94.2 94.6 
StdDev 0.18 0.16 0.25 0.19 1.24 0.19 

Micro Hardness 
Vickers Indenter [HY 1 OOgt] 
Depth Hardness 

NN29 S92 NN29 S92N NN29 S93 NN29 S93N NN29 S94 NN29 S94N 

1 1083 1060 1060 1060 1131 1106 

2 1060 1038 1060 1083 1060 1060 

4 920 902 885 902 920 938 

6 736 711 749 724 749 749 

8 622 622 612 633 654 633 

10 495 510 517 510 517 455 

15 360 352 388 347 369 365 

20 360 331 388 335 3434 347 

25 352 327 360 331 347 339 

125 339 339 343 335 343 335 
Maximum 

value 

Samples NN29 S92 NN29 S92N NN29 S93 NN29 S93N NN29 S94 NN29 S94N 
Case Depth 

13.8 13.7 14.8 13.6 14.2 13.5 
(40HRC) mils 
Effective Case 

Depth (50HRC) 9.8 10.0 10.2 10.0 10.2 9.4 
mils 

(60HRC) mils 6.7 6.3 6.8 6.6 7.1 6.9 

60/50HRC 
68.4 63.0 66.7 66.0 69.6 73.4 

ratio lo/<>l 
Whilte layer 

thickness( micro 16.39 17.33 13.99 18.68 12.53 17.22 
ns) 

Notes on White 
lay_er 
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Appendix-4 

Training and validation data for case depth at 60HRC prediction using NeuraiWare Predict 

Nitriding 
Cycle time Furnace temp case depth at 60HRC 

Sample potential (bar-
(hrs) (degF) (microus) 

1/2) 

1 NN27 NN27A S95A 0.3 2.25 1010 127.50 
2 NN27 NN27A S95AN 0.3 2.25 1010 127.50 
3 NN28 S89 0.3 10 1010 147.50 
4 NN28 S89N 0.3 10 1010 147.50 
5 NN28 S90 0.3 10 1010 147.50 
6 NN28 S90N 0.3 10 1010 142.50 
7 NN28 S91 0.3 10 1010 142.50 
8 NN28 S91N 0.3 10 1010 140.00 
9 NN6 S16 0.3 10 1050 170.00 
10 NN6 S17 0.3 10 1050 177.50 
11 NN27 S86N 0.3 13 1010 152.50 
12 NN27 NN30 S95 0.3 17.75 1010 165.00 
13 NN27 NN30 S95N 0.3 17.75 1010 170.00 
14 NN10 S28N 0.3 20 1010 157.50 
15 NN10 S29N 0.3 20 1010 153.00 
16 NN25 S80 0.3 20 1030 182.50 
17 NN25 SSON 0.3 20 1030 170.00 
18 NN25 S81 0.3 20 1030 167.50 
19 NN25 S81N 0.3 20 1030 160.00 
20 NN25 S82 0.3 20 1030 180.00 
21 NN25 S82N 0.3 20 1030 170.00 
22 NN24 S77 0.3 20 1050 172.50 
23 NN24 S78 0.3 20 1050 180.00 
24 NN24 S78N 0.3 20 1050 182.50 
25 NN24 S79 0.3 20 1050 187.50 
26 NN31 S98N 0.3 30 1010 160.00 
27 NN17 S49 0.3 30 1050 165.00 
28 NN17 S50 0.3 30 1050 165.00 
29 NN17 S50N 0.3 30 1050 167.50 
30 NN17 S51 0.3 30 1050 162.50 
31 NN17 S51N 0.3 30 1050 165.00 
32 NN29 S92 0.45 10 1030 167.50 
33 NN29 S92N 0.45 10 1030 157.50 
34 NN29 S93 0.45 10 1030 170.00 
35 NN29 S93N 0.45 10 1030 165.00 
36 NN29 S94 0.45 10 1030 177.50 
37 NN29 S94N 0.45 10 1030 172.50 
38 NN35 SllO 0.45 20 1010 172.50 
39 NN35 SllON 0.45 20 1010 165.00 
40 NN35 S112 0.45 20 1010 160.00 
41 NN35 S112N 0.45 20 1010 167.50 
42 NN36 S113 0.45 20 1030 175.00 
43 NN32 S101 0.45 20 1050 182.50 
44 NN32 S101N 0.45 20 1050 177.50 
45 NN32 S102 0.45 20 1050 202.50 
46 NN32 S102N 0.45 20 1050 210.00 
47 NN32 S103 0.45 20 1050 212.50 
48 NN33 S104 0.45 30 1010 202.50 
49 NN33 S104N 0.45 30 1010 230.00 

103 



M.A.Sc. Thesis-Umar Afzaal McMaster- Mechanical Engineering 

Training and validation data for case depth at 60HRC prediction using NeuraiWare Predict 

50 NN33 S105 0.45 30 1010 202.50 
51 NN33 S105N 0.45 30 1010 202.50 
52 NN33 S106 0.45 30 1010 202.50 
53 NN33 S106N 0.45 30 1010 210.00 
54 NN2 S4 0.6 10 1010 152.50 
55 NN2 S4N 0.6 10 1010 167.50 
56 NN2 S6 0.6 10 1010 157.50 
57 NN2 S6N 0.6 10 1010 152.50 
58 NN26 S83 0.6 6.6 1030 162.50 
59 NN26 S83N 0.6 6.6 1030 167.50 
60 NN26 S84 0.6 6.6 1030 160.00 
61 NN26 S84N 0.6 6.6 1030 167.50 
62 NN26 S85 0.6 6.6 1030 172.50 
63 NN26 S85N 0.6 6.6 1030 165.00 
64 NN22 869 0.6 10 1050 195.00 
65 NN22 S69N 0.6 10 1050 182.50 
66 NN22 S70 0.6 10 1050 180.00 
67 NN22 S70N 0.6 10 1050 202.50 
68 NN22 S71 0.6 10 1050 190.00 
69 NN22 S71N 0.6 10 1050 187.50 
70 NN22 S72N 0.6 10 1050 177.50 
71 NN22 S73 0.6 10 1050 170.00 
72 NN22 S73N 0.6 10 1050 187.50 
73 NN9 S25 0.6 20 1010 190.00 
74 NN9 S27N 0.6 20 1010 207.50 
75 NN37 S117 0.6 20 1030 220.00 
76 NN37 Sl17N 0.6 20 1030 225.00 
77 NN37 SUS 0.6 20 1030 220.00 
78 NN37 S118N 0.6 20 1030 220.00 
79 NN13 S37 0.6 20 1050 227.50 
80 NN13 S39 0.6 20 1050 227.50 
81 NN3 S7 0.8 10 1010 180.00 
82 NN3 S7N 0.8 10 1010 177.50 
83 NN3 S8 0.8 10 1010 182.50 
84 NN3 S8N 0.8 10 1010 172.50 

85 NN3 S9 0.8 10 1010 182.50 

86 NN3 S9N 0.8 10 1010 182.50 
87 NN38 S119 0.8 10 1030 187.50 
88 NN38 S119N 0.8 10 1030 187.50 
89 NN38 Sl20 0.8 10 1030 190.00 
90 NN38 Sl20N 0.8 10 1030 205.00 
91 NN38 S121 0.8 10 1030 202.50 
92 NN38 S121N 0.8 10 1030 187.50 
93 NN5 S13 0.8 10 1050 220.00 
94 NN5 S13N 0.8 10 1050 220.00 
95 NN5 S14 0.8 10 1050 222.50 
96 NN5 S14N 0.8 10 1050 225.00 
97 NN5 S15 0.8 10 1050 212.50 
98 NN5 Sl5N 0.8 10 1050 210.00 
99 NN23 S74 0.8 20 1010 202.50 
100 NN23 S74N 0.8 20 1010 215.00 
101 NN23 S75 0.8 20 1010 202.50 
102 NN23 S75N 0.8 20 1010 222.50 
103 NN23 S76N 0.8 20 1010 215.00 
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Training and vaUdation data for ease depth at 60BRC prediction using NeuraiWare Predict 

104 NN14 S41 0.8 20 1030 257.50 
105 NN14 S41N 0.8 20 1030 242.50 
106 NNll S33 0.8 20 1050 272.50 
107 NN16 S47N 0.8 30 1010 207.50 
108 NN16 S48 0.8 30 1010 215.00 
109 NN34 S108N 0.8 30 1030 240.00 
110 NN18 S53 0.8 30 1050 242.50 
111 NN18 S54 0.8 30 1050 267.50 
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Appendix-5 
Training and vafidation data for eJIJeetive ease depth prediction using NeuralWare Predict 

Nitriding 
Cycle time Furnace temp Effective ease depth 

Sample potential (bar -
112) 

(hrs) (degF) at SOHRC (microns) 

1 NN27 NN27A S95A 0.3 2.25 1010 160.00 
2 NN27 NN27A S95AN 0.3 2.25 1010 162.50 
3 NN28 S89 0.3 10 1010 212.50 
4 NN28 S89N 0.3 10 1010 222.50 
5 NN28 S90 0.3 10 1010 212.50 
6 NN28 S90N 0.3 10 1010 212.50 
7 NN28 S91 0.3 10 1010 210.00 
8 NN28 S91N 0.3 10 1010 197.50 
9 NN6 S16 0.3 10 1050 245.00 
10 NN6 S16N 0.3 10 1050 237.50 
11 NN6 S17N 0.3 10 1050 212.50 
12 NN6 S18N 0.3 10 1050 225.00 
13 NN27 S86N 0.3 13 1010 270.00 
14 NN27 NN30 S95 0.3 17.75 1010 277.50 
15 NN27 NN30 S95N 0.3 17.75 1010 282.50 
16 NN10 S28 0.3 20 1010 283.00 
17 NN10 S28N 0.3 20 1010 285.00 
18 NN25 S80 0.3 20 1030 310.00 
19 NN25 S80N 0.3 20 1030 312.50 
20 NN25 S81 0.3 20 1030 300.00 
21 NN25 S81N 0.3 20 1030 300.00 
22 NN25 S82 0.3 20 1030 312.50 
23 NN25 S82N 0.3 20 1030 302.50 
24 NN24 S77N 0.3 20 1050 320.00 
25 NN24 S78N 0.3 20 1050 327.50 
26 NN24 S79 0.3 20 1050 340.00 
27 NN31 S99 0.3 30 1010 315.00 
28 NN31 S99N 0.3 30 1010 312.50 
29 NN31 S100 0.3 30 1010 310.00 
30 NN31 S100N 0.3 30 1010 312.50 
31 NN17 S49 0.3 30 1050 400.00 
32 NN17 S49N 0.3 30 1050 382.50 
33 NN17 SSO 0.3 30 1050 400.00 
34 NN17 SSON 1!1.3 30 1050 402.50 
35 NN17 S51 1!1.3 30 1050 407.50 
36 NN29 S92 0.45 10 1030 245.00 
37 NN29 S92N 0.45 10 1030 250.00 
38 NN29 S93 0.45 10 1030 255.00 
39 NN29 S93N 0.45 10 1030 250.00 
40 NN29 S94 0.45 10 1030 255.00 
41 NN29 S94N 0.45 10 1030 235.00 
42 NN35 SllO 0.45 20 1010 285.00 
43 NN35 SllON 0.45 20 1010 277.50 
44 NN35 S112 0.45 20 1010 265.00 
45 NN35 S112N 0.45 20 1010 272.50 
46 NN36 S113 0.45 20 1030 300.00 
47 NN36 S113N 0.45 20 1030 302.50 
48 NN36 S114 0.45 20 1030 305.00 
49 NN36 S114N 0.45 20 1030 305.00 
50 NN36 S115 0.45 20 1030 300.00 
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Training and validation data for etieetive case depth prediction using NeuraiWare Predict 
51 NN36 S115N 0.45 20 1030 295.00 
52 NN32 SlOt 0.45 20 1050 337.50 
53 NN32 SlOlN 0.45 20 1050 335.00 
54 NN32 Sl02 0.45 20 1050 345.00 
55 NN32 S102N 0.45 20 1050 347.50 
56 NN32 Sl03 0.45 20 1050 320.00 
57 NN32 Sl03N 0.45 20 1050 327.50 
58 NN33 Sl04 0.45 30 1010 317.50 
59 NN33 Sl04N 0.45 30 1010 325.00 
60 NN33 Sl05 0.45 30 1010 327.50 
61 NN33 Sl05N 0.45 30 1010 312.50 
62 NN33 S106 0.45 30 1010 325.00 
63 NN33 S106N 0.45 30 1010 312.50 
64 NN2 S4 0.6 10 1010 222.50 
65 NN2 S4N 0.6 10 1010 230.00 
66 NN2 S6 0.6 10 1010 222.50 
67 NN2 S6N 0.6 10 1010 227.50 
68 NN26 S83 0.6 6.6 1030 220.00 
69 NN26 S83N 0.6 6.6 1030 230.00 
70 NN26 S84 0.6 6.6 1030 225.00 
71 NN26 S84N 0.6 6.6 1030 227.50 
72 NN26 S85 0.6 6.6 1030 225.00 
73 NN26 S85N 0.6 6.6 1030 227.50 
74 NN22 S69 0.6 10 1050 310.00 
75 NN22 S69N 0.6 10 1050 302.50 
76 NN22 S70 0.6 10 1050 285.00 
77 NN22 S70N 0.6 10 1050 307.50 
78 NN22 S71 0.6 10 1050 297.50 
79 NN22 S71N 0.6 10 1050 295.00 
80 NN22 S72 0.6 10 1050 287.50 
81 NN22 S72N 0.6 10 1050 287.50 
82 NN22 S73 0.6 10 1050 295.00 
83 NN22 S73N 0.6 10 1050 282.50 
84 NN9 S25 0.6 20 1010 287.50 
85 NN9 S27 0.6 20 1010 297.50 
86 NN9 S27N 0.6 20 1010 292.50 
87 NN37 S116 0.6 20 1030 327.50 
88 NN37 Sl16N 0.6 20 1030 320.00 
89 NN37 S117 0.6 20 1030 312.50 
90 NN37 S117N 0.6 20 1030 312.50 
91 NN37 Sl18 0.6 20 1030 312.50 
92 NN37 S118N 0.6 20 1030 322.50 
93 NN13 S37 0.6 20 1050 332.50 
94 NN13 S38N 0.6 20 1050 330.00 
95 NN13 S39 0.6 20 1050 340.00 
96 NN13 S39N 0.6 20 1050 332.50 
97 NN3 S7 0.8 10 1010 242.50 
98 NN3 S7N 0.8 10 1010 247.50 
99 NN3S8 0.8 10 1010 242.50 
100 NN3 S8N 0.8 10 1010 247.50 
101 NN3 S9 0.8 10 1010 260.00 
102 NN3 S9N 0.8 10 1010 247.50 
103 NN38 S119 0.8 10 1030 290.00 
104 NN38 Sl19N 0.8 10 1030 285.00 
105 NN38 S120 0.8 10 1030 310.00 
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106 NN38 8120N 0.8 10 1030 290.00 
107 NN38 S121 0.8 10 1030 290.00 
108 NN38 S121N 0.8 10 1030 280.00 
109 NN5 813 0.8 10 1050 317.50 
110 NN5 S13N 0.8 10 1050 310.00 
111 NN5 814 0.8 10 1050 315.00 
112 NN5 S14N 0.8 10 1050 325.00 
113 NN5 815 0.8 10 1050 310.00 
114 NN5 S15N 0.8 10 1050 317.50 
115 NN23 874 0.8 20 1010 312.50 
116 NN23 S74N 0.8 20 1010 302.50 
117 NN23 875 0.8 20 1010 315.00 
118 NN23 S75N 0.8 20 1010 310.00 
119 NN23 S76N 0.8 20 1010 307.50 
120 NN14 S40 0.8 20 1010 317.50 
121 NN14 S40N 0.8 20 1030 322.50 
122 NN14 S41 0.8 20 1030 330.00 
123 NN14 S41N 0.8 20 1030 337.50 
124 NN14 S42 0.8 20 1030 325.00 
125 NN14 S42N 0.8 20 1030 327.50 
126 NN11 832 0.8 20 1030 357.50 
127 NNll 833 0.8 20 1050 372.50 
128 NN11 833N 0.8 20 1050 362.50 
129 NN16 S46 0.8 30 1010 365.00 
130 NN16 S46N 0.8 30 1010 372.50 
131 NN16 S47 0.8 30 1010 372.50 
132 NN16 S48N 0.8 30 1010 362.50 
133 NN34 8107 0.8 30 1030 417.50 
134 NN34 S107N 0.8 30 1030 420.00 
135 NN34 S108 0.8 30 1030 407.50 
136 NN34 8108N 0.8 30 1030 415.00 
137 NN34 8109N 0.8 30 1030 405.00 
138 NN18 852 0.8 30 1050 422.50 
139 NN18 852N 0.8 30 1050 427.50 

140 NN18_853 0.8 30 1050 422.50 

141 NN18 853N 0.8 30 1050 425.00 
142 NN18 854 0.8 30 1050 425.00 
143 NN18 854N 0.8 30 1050 427.50 
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Training and validation data for total case depth prediction using NeuraiWare Predict 

Nitriding 
Cycle time Furnace temp 

Case depth at 
Sample potential (bar - 40HRC 

1/2) 
(hrs) (degF) 

(microns) 

1 NN27 NN27A S95A 0.3 2.25 1010 220.0 
2 NN27 NN27A S95AN 0.3 2.25 1010 200.0 
3 NN28 S89 0.3 10 1010 247.5 
4 NN28 S89N 0.3 10 1010 267.5 
5 NN28 S90 0.3 10 1010 247.5 
6 NN28 S90N 0.3 10 1010 247.5 
7 NN28 S91 0.3 10 1010 242.5 
8 NN28 S91N 0.3 10 1010 255.0 
9 NN6 S16 0.3 10 1050 347.5 
10 NN6 Sl6N 0.3 10 1050 342.5 
11 NN6 S17 0.3 10 1050 347.5 
12 NN27 S86 0.3 13 1010 327.5 
13 NN27 S86N 0.3 13 1010 350.0 
14 NN27 NN30 S95 0.3 17.75 1010 352.5 
15 NN27 NN30 S95N 0.3 17.75 1010 347.5 
16 NNlO S28 0.3 20 1010 337.5 
17 NNlO S28N 0.3 20 1010 360.0 
18 NNlO S29N 0.3 20 1010 352.5 
19 NN25 S80 0.3 20 1030 362.5 
20 NN25 S80N 0.3 20 1030 370.0 
21 NN25 S81 0.3 20 1030 362.5 
22 NN25 S81N 0.3 20 1030 362.5 
23 NN25 S82 0.3 20 1030 372.5 
24 NN25 S82N 0.3 20 1030 360.0 
25 NN24 S77N 0.3 20 1050 397.5 
26 NN31 S98N 0.3 30 1010 367.5 
27 NN31 S99 0.3 30 1010 370.0 
28 NN31 S99N 0.3 30 1010 362.5 
29 NN31 SlOO 0.3 30 1010 367.5 
30 NN31 SlOON 0.3 30 1010 370.0 
31 NN17 S49 0.3 30 1050 467.5 
32 NN17 S49N 0.3 30 1050 465.0 
33 NN17 SSO 0.3 30 1050 472.5 
34 NN17 SSON 0.3 30 1050 475.0 
35 NN17 SSt 0.3 30 1050 472.5 
36 NN29 S92 0.45 10 1030 345.0 
37 NN29 S92N 0.45 10 1030 342.5 
38 NN29 S93 0.45 10 1030 350.0 
39 NN29 S93N 0.45 10 1030 340.0 
40 NN29 S94 0.45 10 1030 355.0 
41 NN29 S94N 0.45 10 1030 337.5 
42 NN35 SllO 0.45 20 1010 355.0 
43 NN35 SllON 0.45 20 1010 355.0 
44 NN35 S112 0.45 20 1010 355.0 
45 NN35 Sl12N 0.45 20 1010 345.0 
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46 NN36 8113 0.45 20 1030 362.5 
47 NN36 Sl13N 0.45 20 1030 370.0 
48 NN36 8114 0.45 20 1030 367.5 
49 NN36 S114N 0.45 20 1030 360.0 
50 NN36 SUS 0.45 20 1030 360.0 
51 NN32 8101 0.45 20 1050 442.5 
52 NN32 SlOlN 0.45 20 1050 455.0 
53 NN32 8102 0.45 20 1050 455.0 
54 NN32 S102N 0.45 20 1050 465.0 
55 NN32 S103N 0.45 20 1050 442.5 
56 NN33 8104 0.45 30 1010 370.0 
57 NN33 S105N 0.45 30 1010 370.0 
58 NN33 S106N 0.45 30 1010 370.0 
59 NN26 S83 0.6 6.6 1030 282.5 
60 NN26 S84 0.6 6.6 1030 310.0 
61 NN26 S84N 0.6 6.6 1030 315.0 
62 NN26 885 0.6 6.6 1030 292.5 
63 NN26 S85N 0.6 6.6 1030 305.0 
64 NN2 S4 0.6 10 1010 315.0 
65 NN2 S6 0.6 10 1010 310.0 
66 NN2 S6N 0.6 10 1010 307.5 
67 NN22 869 0.6 10 1050 360.0 
68 NN22 S69N 0.6 10 1050 372.5 
69 NN22 870 0.6 10 1050 352.5 
70 NN22 S70N 0.6 10 1050 362.5 
71 NN22 871 0.6 10 1050 365.0 
72 NN22 S71N 0.6 10 1050 352.5 
73 NN22 872 0.6 10 1050 352.5 
74 NN22 S72N 0.6 10 1050 352.5 
75 NN22 873 0.6 10 1050 367.5 
76 NN22 S73N 0.6 10 1050 357.5 
77 NN9 825 0.6 20 1010 362.5 
78 NN9 827 0.6 20 1010 355.0 
79 NN9 S27N 0.6 20 1010 362.5 
80 NN37 Sl16N 0.6 20 1030 370.0 
81 NN37 8117 0.6 20 1030 365.0 
82 NN37 Sl17N 0.6 20 1030 365.0 
83 NN37 S118N 0.6 20 1030 387.5 
84 NN13 837 0.6 20 1050 435.0 
85 NN13 838N 0.6 20 1050 435.0 
86 NN13 839 0.6 20 1050 457.5 
87 NN13 839N 0.6 20 1050 440.0 
88 NN3 S7N 0.8 10 1010 352.5 
89 NN3 S8 0.8 10 1010 347.5 
90 NN3 S8N 0.8 10 1010 352.5 
91 NN38 8119 0.8 10 1030 357.5 
92 NN38 S119N 0.8 10 1030 360.0 
93 NN38 8120 0.8 10 1030 360.0 
94 NN5 813 0.8 10 1050 367.5 
95 NN5 814 0.8 10 1050 370.0 
96 NN5 S14N 0.8 10 1050 375.0 
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97 NN5 S15 0.8 10 1050 367.5 
98 NN5 S15N 0.8 10 1050 370.0 
99 NN23 S74 0.8 20 1010 365.0 
100 NN23 S74N 0.8 20 1010 357.5 
101 NN23 S75 0.8 20 1010 367.5 
102 NN23 S75N 0.8 20 1010 367.5 
103 NN23 S76N 0.8 20 1010 367.5 
104 NN14 S40 0.8 20 1030 380.0 
105 NN14 S40N 0.8 20 1030 412.5 
106 NN14 S41 0.8 20 1030 387.5 
107 NN11 S31 0.8 20 1050 465.0 
108 NN11 S32 0.8 20 1050 460.0 
109 NN11 S33 0.8 20 1050 490.0 
110 NN11 S33N 0.8 20 1050 467.5 
111 NN16 S46 0.8 30 1010 460.0 
112 NN16 S46N 0.8 30 1010 465.0 
113 NN16 S47 0.8 30 1010 462.5 
114 NN16 S48N 0.8 30 1010 457.5 
115 NN34 S108 0.8 30 1030 477.5 
116 NN34 S108N 0.8 30 1030 480.0 
117 NN18 S52 0.8 30 1050 485.0 
118 NN18 S52N 0.8 30 1050 487.5 
119 NN18 S53 0.8 30 1050 482.5 
120 NN18 S53N 0.8 30 1050 487.5 
121 NN18 S54 0.8 30 1050 487.5 
122 NN18 S54N 0.8 30 1050 485.0 
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Training and validation data for Snperfieial hardness predietion using NenralWare Prediet 

Nitriding 
Fnrnaee temp 

Sample potential (bar - Cyele time (hrs) 
(degF) 

Superfieial hardness (HR 15N) 
112) 

1 NN27 NN27A S95A 0.3 2.25 1010 94.5 
2 NN27 NN27A S95AN 0.3 2.25 1010 94.8 
3 NN28 S89 0.3 10 1010 94.2 
4 NN28 S89N 0.3 10 1010 94.2 
5 NN28 S90 0.3 10 1010 94.2 
6 NN28 S90N 0.3 10 1010 94.1 
7 NN28 S91 0.3 10 1010 94 
8 NN28 S91N 0.3 10 1010 94.2 
9 NN6 S16 0.3 10 1050 94.1 

10 NN6 S16N 0.3 10 1050 94.1 
11 NN6 S17 0.3 10 1050 93.9 
12 NN6 S17N 0.3 10 1050 93 
13 NN6 S18 0.3 10 1050 90.8 
14 NN6 S18N 0.3 10 1050 91.5 
15 NN27 S86 0.3 13 1010 94.6 
16 NN27 S86N 0.3 13 1010 94.6 
17 NN27 NN30 S95 0.3 17.75 1010 94.1 
18 NN27 NN30 S95N 0.3 17.75 1010 94 
19 NN10 S28 0.3 20 1010 91.4 
20 NNlO S28N 0.3 20 1010 93.4 
21 NN10 S29 0.3 20 1010 90 
22 NN10 S29N 0.3 20 1010 92.6 
23 NN10 S30 0.3 20 1010 91.2 
24 NNlO S30N 0.3 20 1010 90.6 
25 NN25 S80 0.3 20 1030 93.8 
26 NN25 SBON 0.3 20 1030 94.2 
27 NN25 S81 0.3 20 1030 94.3 
28 NN25 S81N 0.3 20 1030 94.4 
29 NN25 S82 0.3 20 1030 93.9 
30 NN25 S82N 0.3 20 1030 94.4 
31 NN24 S77 0.3 20 1050 93.6 
32 NN24 S77N 0.3 20 1050 94.2 
33 NN24 S78 0.3 20 1050 93.6 
34 NN24 S78N 0.3 20 1050 94 
35 NN24 S79 0.3 20 1050 93.5 
36 NN24 S79N 0.3 20 1050 93.9 
37 NN31 S98 0.3 30 1010 91.2 
38 NN31 S98N 0.3 30 1010 94.2 
39 NN31 S99 0.3 30 1010 93.3 
40 NN31 S99N 0.3 30 1010 91.9 
41 NN31 S100 0.3 30 1010 93.6 
42 NN31 SlOON 0.3 30 1010 91.9 
43 NN17 S49 0.3 30 1050 93.6 
44 NN17 S49N 0.3 30 1050 94 
45 NN17 SSO 0.3 30 1050 92.6 
46 NN17 SSON 0.3 30 1050 93.5 
47 NN17 S51 0.3 30 1050 94 
48 NN17 S51N 0.3 30 1050 93.3 
49 NN29 S92 0.45 10 1030 94.3 
50 NN29 S92N 0.45 10 1030 94.6 
51 NN29 S93 8.45 10 1030 94.6 
52 NN29 S93N 8.45 10 1030 94.6 
53 NN29 S94 0.45 10 1030 94.2 
54 NN29 S94N 0.45 10 1030 94.6 
55 NN35 SUO 0.45 20 1010 94.5 
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56 NN3S SllON 0.45 20 1010 94.5 
57 NN3S S111 us 20 1010 94.5 
S8 NN3S Sl11N us 20 1010 94.5 
59 NN3S Sl12 0.45 20 1010 94.4 
60 NN3S Sll2N us 20 1010 94.7 
61 NN36 Sl13 0.45 20 1030 94.6 
62 NN36 Sl13N 0.45 20 1030 94.6 
63 NN36 S114 us 20 1030 94 
64 NN36 Sl14N 0.45 20 1030 94.4 
65 NN36 SUS 0.45 20 1030 94.6 
66 NN36SUSN 0.45 20 1030 94.7 
67 NN32 SlOl 0.45 20 1050 94.3 
68 NN32 SlOlN us 20 1050 94.4 
69 NN32 Sl02 0.45 20 1050 94.7 
70 NN32 Sl02N us 20 1050 94.3 
71 NN32 Sl03 0.45 20 1050 93.2 
72 NN32 Sl03N us 20 1050 94.2 
73 NN33 Sl04 us 30 1010 94.7 
74 NN33 Sl04N 0.45 30 1010 94.6 
75 NN33 SlOS us 30 1010 94.6 
76 NN33 SlOSN 0.45 30 1010 94.6 
77 NN33 Sl06 0.45 30 1010 94.1 
78 NN33 Sl06N 0.45 30 1010 94.7 
79 NN2 S4 0.6 10 1010 92.7 
80 NN2 S4N 0.6 10 1010 94.1 
81 NN2 S6 0.6 10 1010 92.3 
82 NN2 S6N 0.6 10 1010 92.5 
83 NN26 S83 0.6 6.6 1030 94.6 
84 NN26 S83N 0.6 6.6 1030 94.6 
8S NN26 S84 0.6 6.6 1030 94.5 
86 NN26 S84N 0.6 6.6 1030 94.8 
87 NN26 S8S 0.6 6.6 1030 94.6 
88 NN26 S8SN 0.6 6.6 1030 94.7 
89 NN22 S69 0.6 10 1050 93.9 
90 NN22 S69N 0.6 10 1050 94.4 
91 NN22 S70 0.6 10 1050 94.1 
92 NN22 S70N 0.6 10 1050 94.1 
93 NN22 S71 0.6 10 1050 94.3 
94 NN22 S71N 0.6 10 1050 94.5 
95 NN22 S72 0.6 10 1050 94 
96 NN22 S72N 0.6 10 1050 94.4 
97 NN22 S73 0.6 10 1050 94 
98 NN22 S73N 0.6 10 1050 94.2 
99 NN9 S2S 0.6 20 1010 92.3 
100 NN9 S2SN 0.6 20 1010 91.6 
101 NN9 S27 0.6 20 1010 93.1 
102 NN9 S27N 0.6 20 1010 94 
103 NN37 S116 0.6 20 1030 92.9 
104 NN37 Sl16N 0.6 20 1030 94.2 
lOS NN37 S117 0.6 20 1030 92.7 
106 NN37 S117N 0.6 20 1030 93.1 
107 NN37 SUS 0.6 20 1030 93 
108 NN37 S118N 0.6 20 1030 93.2 
109 NN13 S37 0.6 20 1050 92.8 
110 NN13 S37N 0.6 20 1050 89.2 
111 NN13 S38 0.6 20 1050 92.4 
112 NN13 S38N 0.6 20 1050 89.3 
113 NN13 S39 0.6 20 1050 92.2 
114 NN13 S39N 0.6 20 1050 90 
us NN3 S7 0.8 10 1010 91 
116 NN3 S7N 0.8 10 1010 92.6 
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117 NN3 S8 0.8 10 1010 93.6 
118 NN3 S8N 0.8 10 1010 93.7 
119 NN3 S9 o.s 10 1010 94.1 
120 NN3 S9N 0.8 10 1010 93.5 
121 NN38 S119 0.8 10 1030 92.7 
122 NN38 Sl19N 0.8 10 1030 93.1 
123 NN38 Sl20 0.8 10 1030 92.6 
124 NN38 S120N 0.8 10 1030 92.9 
125 NN38 S121 o.s 10 1030 93.2 
126 NN38 S121N 0.8 10 1030 93.2 
127 NN5 Sl3 0.8 10 1050 94.2 
128 NN5Sl3N 0.8 10 1050 94.1 
129 NN5 S14 0.8 10 1050 94 
130 NN5 S14N 0.8 10 1050 94.2 
131 NN5 S15 0.8 10 1050 93.8 
132 NN5 S1SN 0.8 10 1050 94 
133 NN23 S74 0.8 20 1010 93.8 
134 NN23 S74N 0.8 20 1010 94.2 
135 NN23 S75 0.8 20 1010 94 
136 NN23 S7SN 0.8 20 1010 94 
137 NN23 S76 0.8 20 1010 91.4 
138 NN23 S76N 0.8 20 1010 94.2 
139 NN14 S40 0.8 20 1030 94.3 
140 NN14 S40N o.s 20 1030 94.6 
141 NN14 S41 0.8 20 1030 93 
142 NN14 S41N 0.8 20 1030 94.2 
143 NN14 S42 0.8 20 1030 93.6 
144 NN14 S42N 0.8 20 1030 94.1 
145 NN11 S31 0.8 20 1050 91.6 
146 NN11 S31N 0.8 20 1050 89.2 
147 NN11 S32 0.8 20 1050 92.3 
148 NN11 S32N 0.8 20 1050 90.2 
149 NN11 S33 0.8 20 1050 92.5 
150 NN11 S33N 0.8 20 1050 93.5 
151 NN16 S46 0.8 30 1010 94 
152 NN16 S46N 0.8 30 1010 94.8 
153 NN16 S47 0.8 30 1010 93.5 
154 NN16 S47N 0.8 30 1010 93.7 
155 NN16 S48 0.8 30 1010 92.4 
156 NN16 S48N o.s 30 1010 94.6 
157 NN34 S107 0.8 30 1030 94 
158 NN34 S107N 0.8 30 1030 94.1 
159 NN34 S108 0.8 30 1030 93.5 
160 NN34 S108N 0.8 30 1030 94.5 
161 NN34 S109 0.8 30 1030 92.8 
162 NN34 S109N 0.8 30 1030 94.7 
163 NN18 SS2 0.8 30 1050 94.6 
164 NN18 S52N 0.8 30 1050 94.9 
165 NN18 SS3 0.8 30 1050 94.7 
166 NN18 SS3N 0.8 30 1050 94.7 
167 NN18 SS4 0.8 30 1050 94.2 
168 NN18 SS4N 0.8 30 1050 94.5 
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Appendix-8 

Training and validation data for white layer thickness prediction using NeuraiWare Predict 

Nitriding potential Cycle time Furnace temp 
White layer 

Sample 
(bar -112) (brs) (degF) 

thicknes in 
microns 

1 NN27 NN27A S95A 0.3 2.25 1010 15.24 

2 NN27 NN27A S95AN 0.3 2.25 1010 17.43 

3 NN28 S89 0.3 10 1010 13.00 

4 NN28 S89N 0.3 10 1010 17.95 

5 NN28 S90 0.3 10 1010 13.99 

6 NN28 S90N 0.3 10 1010 15.45 

7 NN28 S91 0.3 10 1010 12.32 

8 NN6 S16 0.3 10 1050 16.60 

9 NN6 S16N 0.3 10 1050 16.08 

10 NN6 S17 0.3 10 1050 13.57 

11 NN6 S17N 0.3 10 1050 10.20 

12 NN6 S18 0.3 10 1050 7.73 

13 NN27 S86 0.3 13 1010 14.09 

14 NN27 S86N 0.3 13 1010 17.43 

15 NN27 NN30 S95 0.3 17.75 1010 13.47 

16 NN27 NN30 S95N 0.3 17.75 1010 13.57 

17 NN10 S28 0.3 20 1010 7.83 

18 NN10 S28N 0.3 20 1010 14.30 

19 NN10 S29N 0.3 20 1010 7.62 

20 NN10 S30N 0.3 20 1010 12.42 

21 NN25 S80 0.3 20 1030 10.86 

22 NN25 S80N 0.3 20 1030 17.01 

23 NN25 S81 0.3 20 1030 16.81 

24 NN25 S81N 0.3 20 1030 17.85 

25 NN25 S82 0.3 20 1030 13.47 

26 NN25 S82N 0.3 20 1030 20.88 

27 NN24 S77 0.3 20 1050 20.21 

28 NN24 S77N 0.3 20 1050 17.54 

29 NN24 S78 0.3 20 1050 14.41 

30 NN24 S78N 0.3 20 1050 12.94 

31 NN24 S79 0.3 20 1050 11.69 

32 NN24 S79N 0.3 20 1050 13.67 

33 NN31 S98 0.3 30 1010 15.34 

34 NN31 S98N 0.3 30 1010 16.91 

35 NN31 S99 0.3 30 1010 13.57 

36 NN31 S99N 0.3 30 1010 16.39 

37 NN31_S100N 0.3 30 1010 13.15 

38 NN17 S49 0.3 30 1050 9.40 

39 NN17 S49N 0.3 30 1050 16.81 

40 NN17 S50 0.3 30 1050 15.03 

41 NN17 S50N 0.3 30 1050 12.73 

42 NN17 S51 0.3 30 1050 12.84 
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43 NN17_851N 0.3 30 1050 13.36 

44 NN29 S92 0.45 10 1030 16.39 

45 NN29 S92N 0.45 10 1030 17.33 

46 NN29 S93 0.45 10 1030 13.99 

47 NN29 S93N 0.45 10 1030 18.68 

48 NN29 S94 0.45 10 1030 12.53 

49 NN29 S94N 0.45 10 1030 17.22 

50 NN35 SUO 0.45 20 1010 13.47 

51 NN35 SllON 0.45 20 1010 15.14 

52 NN35 Sll2 0.45 20 1010 14.72 

53 NN35 S112N 0.45 20 1010 14.93 

54 NN36 Sl13 0.45 20 1030 12.00 

55 NN36 Sl13N 0.45 20 1030 17.85 

56 NN36 Sl14 0.45 20 1030 15.14 

57 NN36 S114N 0.45 20 1030 15.45 

58 NN36 S115 0.45 20 1030 15.14 

59 NN36 S115N 0.45 20 1030 18.68 

60 NN32 SlOt 0.45 20 1050 11.69 

61 NN32 SlOlN 0.45 20 1050 15.34 

62 NN32 S102 0.45 20 1050 15.87 

63 NN32 Sl02N 0.45 20 1050 16.28 

64 NN32 Sl03 0.45 20 1050 12.11 

65 NN32 S103N 0.45 20 1050 16.39 

66 NN33 S104 0.45 30 1010 11.69 

67 NN33 S104N 0.45 30 1010 15.34 

68 NN33 S105 0.45 30 1010 16.60 

69 NN33 Sl05N 0.45 30 1010 13.78 

70 NN33 S106 0.45 30 1010 16.05 

71 NN33 Sl06N 0.45 30 1010 16.70 

72 NN2 S5 0.6 10 1010 5.69 

73 NN2 S5N 0.6 10 1010 9.29 

74 NN26 S83 0.6 6.6 1030 12.73 

75 NN26 S83N 0.6 6.6 1030 16.60 

76 NN26 S84 0.6 6.6 1030 13.47 

77 NN26 S84N 0.6 6.6 1030 14.82 

78 NN22 S69 0.6 10 1050 15.76 

79 NN22 S69N 0.6 10 1050 17.33 

80 NN22 S70 0.6 10 1050 12.42 

81 NN22 S70N 0.6 10 1050 14.41 

82 NN22 S71 0.6 10 1050 18.59 

83 NN22 S71N 0.6 10 1050 13.88 

84 NN22 S72 0.6 10 1050 12.94 

85 NN22 S72N 0.6 10 1050 14.72 

86 NN22 S73 0.6 10 1050 15.76 

87 NN22 S73N 0.6 10 1050 16.91 

88 NN9 S25 0.6 20 1010 10.86 

89 NN9 S25N 0.6 20 1010 0.00 

90 NN9 S26 0.6 20 1010 10.20 
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91 NN9 S26N 0.6 20 1010 7.60 

92 NN37 S116 0.6 20 1030 13.15 

93 NN37 S116N 0.6 20 1030 14.30 

94 NN37 S117 0.6 20 1030 16.28 

95 NN37 S117N 0.6 20 1030 15.97 

96 NN37 S118 0.6 20 1030 11.27 

97 NN37 S118N 0.6 20 1030 13.15 

98 NN13 S38N 0.6 20 1050 6.37 

99 NN13 S39 0.6 20 1050 19.10 

100 NN13 S39N 0.6 20 1050 14.20 

101 NN3 S7 0.8 10 1010 15.14 

102 NN3 S7N 0.8 10 1010 13.99 

103 NN3S8 0.8 10 1010 0.00 

104 NN3 SSN 0.8 10 1010 7.99 

105 NN3 S9 0.8 10 1010 0.00 

106 NN3 S9N 0.8 10 1010 18.48 

107 NN38 S119 0.8 10 1030 16.08 

108 NN38 S119N 0.8 10 1030 15.76 

109 NN38 S120 0.8 10 1030 13.05 

110 NN38 S120N 0.8 10 1030 14.20 

111 NN38 S121 0.8 10 1030 15.45 

112 NN38 S121N 0.8 10 1030 14.41 

113 NN5 S13 0.8 10 1050 24.22 

114 NN5 S13N 0.8 10 1050 21.19 

115 NN5 S14 0.8 10 1050 19.52 

116 NN5 S14N 0.8 10 1050 22.34 

117 NN5 S15 0.8 10 1050 19.42 

118 NN5 S15N 0.8 10 1050 19.83 

119 NN23 S74 0.8 20 1010 17.23 

120 NN23 S74N 0.8 20 1010 18.68 

121 NN23 S75 0.8 20 1010 14.61 

122 NN23 S76N 0.8 20 1010 10.61 

123 NN14 S40 0.8 20 1030 19.83 

124 NN14 S40N 0.8 20 1030 22.96 

125 NN14 S41 0.8 20 1030 25.68 

126 NN14 S41N 0.8 20 1030 18.89 

127 NN14 S42 0.8 20 1030 18.06 

128 NN14 S42N 0.8 20 1030 20.25 

129 NNll S31 0.8 20 1050 26.93 

130 NNll S31N 0.8 20 1050 30.79 

131 NN11 S32 0.8 20 1050 2S.S7 

132 NN11 S32N 0.8 20 1050 22.34 

133 NN16 S46 0.8 30 1010 28.28 

134 NN16 S46N 0.8 30 1010 22.86 

135 NN16 S47 0.8 30 1010 12.84 

136 NN16 S48 0.8 30 1010 15.76 

137 NN16 S48N 0.8 30 1010 25.60 

138 NN34 S107 0.8 30 1030 17.33 

139 NN34 S107N 0.8 30 1030 19.62 

140 NN34 S108 0.8 30 1030 19.21 
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Training and validation data for white layer thickness prediction using NeuraiWare Predict 

141 NN34 S108N 0.8 30 1030 19.21 

142 NN34 S109N 0.8 30 1030 19.11 

143 NN18 S52 0.8 30 1050 25.99 

144 NN18 S52N 0.8 30 1050 27.54 

145 NN18 S53 0.8 30 1050 24.53 

146 NN18 S53N 0.8 30 1050 27.77 

147 NN18 S54 0.8 30 1050 27.98 

148 NN18 S54N 0.8 30 1050 27.66 
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Appendix-9 

Training and testing data for case depth @ 60 BRC prediction using Radial Basis Function Neural Network 

Nitriding 
Cycle time Furnace temp Case depth at 60BRC 

Sample potential (bar-
1/2) 

(hrs) (degF) (microus) 

1 NN27 0.3 2.25 1010 127.50 
2 NN28 0.3 10 1010 144.58 
3 NN6 0.3 10 1050 164.17 
4 NN27A 0.3 13 1010 148.75 
5 NN30 0.3 17.75 1010 167.50 
6 NN10 0.3 20 1010 157.50 
7 NN25 0.3 20 1030 171.67 
8 NN24 0.3 20 1050 178.50 
9 NN31 0.3 30 1010 160.00 
10 NN17 0.3 30 1050 164.17 
11 NN29 0.45 10 1030 168.33 
12 NN35 0.45 20 1010 166.25 
13 NN36 0.45 20 1030 170.00 
14 NN32 0.45 20 1050 197.00 
15 NN33 0.45 30 1010 208.33 
16 NN2 0.6 10 1010 157.50 
17 NN26 0.6 6.6 1030 165.83 
18 NN22 0.6 10 1050 185.33 
19 NN9 0.6 20 1010 203.33 
20 NN37 0.6 20 1030 218.00 
21 NN13 0.6 20 1050 227.25 
22 NN3 0.8 10 1010 179.58 
23 NN38 0.8 10 1030 193.33 
24 NN5 0.8 10 1050 218.33 
25 NN23 0.8 20 1010 211.50 
26 NN14 0.8 20 1030 250.00 
27 NNU 0.8 20 1050 272.50 
28 NN16 0.8 30 1010 211.25 
29 NN34 0.8 30 1030 240.00 
30 NN18 0.8 30 1050 255.00 
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Appendix-tO 

Training and testing data for effective case depth prediction using Radial Basis Function Neural Network 

Nitriding 
Cycle time Furnace temp Effective case depth 

Sample potential (bar-
(hrs) (degF) at 50HRC (microns) 

1/2) 

1 NN27 0.3 2.25 1010 161.25 
2 NN28 0.3 10 1010 211.25 
3 NN6 0.3 10 1050 230.00 
4 NN27A 0.3 13 1010 270.00 
5 NN30 0.3 17.75 1010 280.00 
6 NNlO 0.3 20 1010 284.00 
7 NN25 0.3 20 1030 306.25 
8 NN24 0.3 20 1050 329.17 
9 NN31 0.3 30 1010 312.50 
10 NN17 0.3 30 1050 398.50 
11 NN29 0.45 10 1030 248.33 
12 NN35 0.45 20 1010 275.00 
13 NN36 0.45 20 1030 301.25 
14 NN32 0.45 20 1050 335.42 
15 NN33 0.45 30 1010 320.00 
16 NN2 0.6 10 1010 225.63 
17 NN26 0.6 6.6 1030 225.83 
18 NN22 0.6 10 1050 295.00 
19 NN9 0.6 20 1010 292.50 
20 NN37 0.6 20 1030 317.92 
21 NN13 0.6 20 1050 333.75 
22 NN3 0.8 10 1010 247.92 
23 NN38 0.8 10 1030 290.83 
24 NN5 0.8 10 1050 315.83 
25 NN23 0.8 20 1010 309.50 
26 NN14 0.8 20 1030 326.67 
27 NN11 0.8 20 1050 364.17 
28 NN16 0.8 30 1010 368.13 
29 NN34 0.8 30 1030 413.00 
30 NN18 0.8 30 1050 425.00 
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Appendix-11 

Training and testing data for total case depth prediction using Radial Basis Function Nenral Network 

Nitriding 
Cycle time Furnace temp Case depth at 40BRC 

Sample potential (bar-
1/2) 

(hrs) (degF) (microus) 

1 NN27 0.3 2.25 1010 210.00 
2 NN28 0.3 10 1010 251.30 
3 NN6 0.3 10 1050 345.80 
4 NN27A 0.3 13 1010 338.80 
5 NN30 0.3 17.75 1010 350.00 
6 NN10 0.3 20 1010 349.90 
7 NN25 0.3 20 1030 365.00 
8 NN24 0.3 20 1050 380.00 
9 NN31 0.3 30 1010 367.90 
10 NN17 0.3 30 1050 470.50 
11 NN29 0.45 10 1030 345.00 
12 NN35 0.45 20 1010 352.50 
13 NN36 0.45 20 1030 364.00 
14 NN32 0.45 20 1050 452.00 
15 NN33 0.45 30 1010 370.00 
16 NN2 0.6 10 1010 310.80 
17 NN26 0.6 6.6 1030 301.00 
18 NN22 0.6 10 1050 359.50 
19 NN9 0.6 20 1010 360.00 
20 NN37 0.6 20 1030 371.90 
21 NN13 0.6 20 1050 441.90 
22 NN3 0.8 10 1010 350.80 
23 NN38 0.8 10 1030 359.20 
24 NN5 0.8 10 1050 370.00 
25 NN23 0.8 20 1010 365.00 
26 NN14 0.8 20 1030 393.30 
27 NN11 0.8 20 1050 407.60 
28 NN16 0.8 30 1010 461.30 
29 NN34 0.8 30 1030 478.80 
30 NN18 0.8 30 1050 485.80 
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Appendix-12 

TrainJng and testing data for superficial hardness prediction using Radial Basis Function Neural Network 

Nitriding 
Cycle time Furnace temp Average superficial 

Sample potential (bar -
(hrs) (degF) hardness (HR 15N) 

1/2) 

1 NN27 0.3 2.25 1010 94.65 
2 NN28 0.3 10 1010 94.15 
3 NN6 0.3 10 1050 92.90 
4 NN27A 0.3 13 1010 94.60 
5 NN30 0.3 17.75 1010 94.05 
6 NN10 0.3 20 1010 91.53 
7 NN25 0.3 20 1030 94.17 
8 NN24 0.3 20 1050 93.80 
9 NN31 0.3 30 1010 92.68 
10 NN17 0.3 30 1050 93.50 
11 NN29 0.45 10 1030 94.48 
12 NN35 0.45 20 1010 94.52 
13 NN36 0.45 20 1030 94.48 
14 NN32 0.45 20 1050 94.18 
15 NN33 0.45 30 1010 94.55 
16 NN2 0.6 10 1010 92.90 
17 NN26 0.6 6.6 1030 94.63 
18 NN22 0.6 10 1050 94.19 
19 NN9 0.6 20 1010 92.75 
20 NN37 0.6 20 1030 93.18 
21 NN13 0.6 20 1050 90.98 
22 NN3 0.8 10 1010 93.08 
23 NN38 0.8 10 1030 93.00 
24 NN5 0.8 10 1050 94.05 
25 NN23 0.8 20 1010 93.60 
26 NN14 0.8 20 1030 93.97 
27 NNll 0.8 20 1050 91.55 
28 NN16 0.8 30 1010 93.83 
29 NN34 0.8 30 1030 93.93 

30 NN18 0.8 30 1050 94.60 
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Appendix-13 

Training and testing data for white layer thickness prediction using Radial Basis Function Neural Network 

Nitriding 
Cycle time Furnace temp White layer thickness 

Sample potential (bar-
(hrs) (degF) in microns 

1/2) 

1 NN27 0.3 2.25 1010 16.34 
2 NN28 0.3 10 1010 14.54 
3 NN6 0.3 10 1050 12.39 
4 NN27A 0.3 13 1010 15.76 
5 NN30 0.3 17.75 1010 13.52 
6 NN10 0.3 20 1010 10.54 
7 NN25 0.3 20 1030 16.15 
8 NN24 0.3 20 1050 15.08 
9 NN31 0.3 30 1010 15.07 
10 NN17 0.3 30 1050 13.47 
11 NN29 0.45 10 1030 16.02 
12 NN35 0.45 20 1010 14.56 
13 NN36 0.45 20 1030 15.71 
14 NN32 0.45 20 1050 14.61 
15 NN33 0.45 30 1010 15.03 
16 NN2 0.6 10 1010 5.64 
17 NN26 0.6 6.6 1030 14.40 
18 NN22 0.6 10 1050 15.27 
19 NN9 0.6 20 1010 9.55 
20 NN37 0.6 20 1030 14.02 
21 NN13 0.6 20 1050 13.22 
22 NN3 0.8 10 1010 13.90 
23 NN38 0.8 10 1030 14.82 
24 NN5 0.8 10 1050 21.09 
25 NN23 0.8 20 1010 15.29 
26 NN14 0.8 20 1030 20.95 
27 NNll 0.8 20 1050 29.77 
28 NN16 0.8 30 1010 21.07 
29 NN34 0.8 30 1030 18.89 

30 NN18 0.8 30 1050 26.91 
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