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Abstract 

In this thesis a mixture density network has been constructed to predict steel hardenability for 
a given alloy composition. Throughout the work hardenability is expressed in terms of jominy 
profiles according to the standard jominy test. A piecewise linear description of the jominy 
profile has been developed to solve the problem of missing data, model identification from 
data based on different units and measurement uncertainty. When the underlying physical 
processes are complex and not well understood, as the case with hardenability modelling, 
mixture density networks, which are an extension of neural networks, offer a strong non-
linear modelling alternative. Mixture density networks model conditional probability 
densities, from which it is possible to determine any statistical property. Here the model 
output is presented in terms of expectation values along with confidence interval. This 
statistical output facilitates future extension of the model towards optimisation of alloy cost. 
A good agreement has been obtained between the experimental and the calculated data. In 
order to ensure the reliability of the model in service, novelty detection of the input data is 
performed. 
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Chapter 1 

Introduction 

1.1 Background 

In some engineering applications it is important to use steel with adequate hardness. Heat 
treatment is one way to increase the hardness. In this process the steel is heated to some 
temperature, called austenitizing temperature. The steel is then quenched. This is done by 
cooling the hot steel with one of a variety of cooling agents, such as water or oil. Different 
points on a steel detail show different hardness characteristics due to prior processing and 
temperature history. For example, the hardness is usually higher at the surface than deeper in 
the material. This depends on the faster cooling rate at the surface. Hardenability is a material 
property that describes the depth to which the steel may be hardened during quenching. Since 
hardenability is a material property, it is dependent on the material microstructure. The steel 
microstructure depends on the alloying composition. The austenitizing temperature also 
affects the hardenability. The hardenability is assessed with a standardized procedure called 
the jominy end quench test, or just jominy test, [1,2]. In the jominy test, a cylindrical, 25 mm 
diameter, 100 mm long specimen is heated to austenitizing temperature, usually 800 to 925°C. 
The sample is then quenched from one end in a controlled jet of water. The cooling rate then 
varies along the sample from very rapid at the quenched end to slower rates equal to air-
cooling in the other end. Hardness is then measured at predefined points, jominy points, from 
the quenched end. This measurement gives a jominy profile vector, J, with hardness values in 
the jominy points. Hardness is measured in one of two units Vickers [Hv] or Rockwell [HRc]. 

Some of the produced steels are delivered with a jominy specification, which specifies upper 
and lower limits for the jominy profile in specified points. It is desirable to fulfil the 
specification at the lowest possible alloy cost. To fulfil this it is necessary to be able to predict 
the jominy profile, J, given the alloy composition of the specific steel grade. 

The approach of this thesis to the jominy prediction problem can be divided into two parts. In 
the first part the jominy profiles are described with a suitable parameter description. In the 
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second part these parameters are predicted by neural network using the alloy composition as 
input. With such an approach and a suitable optimisation algorithm it should be possible to 
fulfil the jominy specification at the lowest possible cost. 

1.2 Problem description 

The aim of this master’s thesis is to obtain a suitable parameterisation of the jominy profile 
and develop a neural network to predict the parameters. Together with a suitable optimisation 
algorithm it should be possible to optimise the alloying with respect to the alloy cost and 
under consideration of the jominy specification. This thesis is also the last part of my Master 
of Science education in Applied Physics and Electrical Engineering. The work was done from 
September 2003 to February 2004 at Ovako steel AB in Hofors. 

1.3 Reader’s guide 

Chapter 2 of this report contains a description of the jominy prediction system. Chapter 3 
contains a description of the parameterisation of the jominy profiles and an optimisation 
algorithm that finds the desirable parameters. Chapter 4 contains the theory of standard multi 
layered perceptrons networks and the extension to mixture density networks. Chapter 5 
contains the result of the jominy hardenability problem using a mixture density network. 
Chapter 6 contains the theory of and the results of novelty detection. Chapter 7 contains some 
conclusions and proposal to future work. 



Chapter 2 

Jominy profile prediction system 

Since the chemical and physical processes involved in the heat treatment of steel are very 
complex and not yet well understood, the non-linear relation between chemical composition 
and hardness is not known. At Ovako’s steelworks today a linear model, for each steel grade, 
is used to predict the jominy profile, given the chemical composition. The linear properties of 
the model limit its accuracy. 

Neural networks is a model structure that well copes with non-linearities. Prior studies [3] 
have shown that a multi-layered feed forward neural network model can be used to predict the 
hardness in the jominy points, given the chemical composition as input. However, such an 
approach suffers from some lack in performance: 

1. Several approximation errors can produce estimates of the jominy profile that are not 
physically plausible (for instance, small local increases instead of a monotone 
decrease of the hardness along the specimen) 

2. The points where the hardness is measured differ among different manufactures, 
making it hard to compare the jominy profiles. 

3. Hardness measurement sometimes is affected by large errors. Therefore the jominy 
vector, J, may be affected by considerably levels of noise. 

4. The neural network becomes quite large, meaning that a big set of training data is 
required. 

5. The jominy distances appear in both metric- and imperial units and these points are 
not the same, meaning that one network for each unit system has to be trained. 

6. If some hardness value in, J, is missing, this observation cannot be used in the 
network training, although such an observation contains a lot of information. 
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2.1 System description
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Chapter 3 

Parameter description 

The jominy profile of steels with different chemical composition shows different physical 
characteristics, which makes it hard to find a suitable parameterisation. In this chapter several 
types are considered. Figure 3.1 shows some examples of typical jominy profiles. 
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Figure 3.1: Plot of two typical jominy profiles with different characteristics. 
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 3.1 Parameterisation using polynomials 

One simple approach to the parameterisation problem is to fit the jominy profile, in a least 
square sense, to a polynomial of the type 

01...)( axaxaxJ n
n +++= . (3.1) 

Such a function is able to describe jominy profiles similar to type 2 in figure 3.1 well. 
However the degree of the polynomial must be relatively high to describe profiles of type 1. A 
polynomial of high degree introduces many parameters, which not are desirable, hence one of 
the aims of introducing the parameterisation was to restrict the number of parameters. It is 
also obvious that high degree least squared fitted polynomial not always is strictly 
monotonically decreasing, which is a physical property of the jominy profile. A high order 
polynomial parameterisation also is sensitive to parameter errors. Polynomials are hence not 
suitable to describe jominy profiles and are not considered further in this thesis. 

3.2 Parameterisation with specialised functional form 

One approach to catch the properties of the jominy profiles in a parametric description is to 
use a function of the form 

01
2

2
3

35454)( axaxaxaaxaaxaxJ +++++++= . (3.2) 

This function can be written in the form 

1 2( ) ( ) ( )J x f x f x= +  (3.3) 

where 1 4 5 4 5( )f x a x a a x a= + + +  and 2 ( )f x  denotes the polynomial part. The idea is to 
describe the rapid hardness decrease for small jominy distances, in type 1, jominy profiles, 
with 1f  and the slower variation with 2f . The function (3.2) also has the ability to describe, 
type 2, jominy profiles if, for example a4=0 and a5=0 is used. 

It is possible to find parameters to fit the function (3.2), in a least square sense, to the 
observed jominy profiles. However it turned out during the work that this model is sensitive 
to small errors in the parameters due to the cubic term in (3.2). Since the neural network 
predicts the parameters they are afflicted with errors. This makes the parameterisation 
unusable in the jominy prediction problem and it is not considered further in this thesis. 
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3.3 Piecewise linear parameterisation 

The idea in this parameterisation model is to describe the measured jominy profiles, J, by a 
function composed of linear sections of the form (3.4). This gives a piecewise linear function 
with n  nodes, ( ),i ix J  and 1n −  segments, here xi denotes an arbitrary distance from the 
quenched end and Ji denotes the measured hardness in this distance. 

ii
ii

ii Jxx
xx
JJ

xJ +−
−
−

=
+

+ )()(
1

1  1+≤≤ ii xxx  

1,2,...,i n=  

(3.4) 

The parameters in this model, i.e., the components of p, are the Ji:s and the xi:s. During the 
work it has turned out that the measured jominy profile, J, is well-described using n=5 nodes 
and hence four sections. Since it is desirable to have x1 and x5 given as the first and the last 
jominy distance respectively the total number of parameters is 2n – 2. The form (3.4) is a 
standard linear spline function that can be found in [5]. 

Figure 3.2 shows a typical measured jominy profile, J, and one possible piecewise linear 
function J(x). It is clear that the function can fit the measured data better if the nodes are 
moved to some other coordinates, (x,J). In the following section, an algorithm is developed to 
fit the data better. 
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Figure 3.2: A measured jominy profile J and a possible piecewise linear function. It is clear 

that the function can fit the measured data better if the nodes are moved some 
other coordinates (x,J) 
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3.3.1 Optimisation algorithm 

In this section, the idea of an optimisation algorithm that finds parameters fitting the 
parameterised function to measurement data is outlined. The method is a relatively 
uncomplicated search method where the search direction is computed using only information 
given by the object function. The following notation will be used in the rest of this section. 

J(x) = Parameterised jominy profile. 

xj = j:th jominy distance. 

Jj = measured hardness in the j:th jominy point. 

m = number of jominy points. 

The object function that we want to minimize is the error E: 

( )
2

1

)(1 ∑
=

−=
m

j
jj JxJ

m
E  

(3.5) 

The minimization has to be done in consideration of the physical property that the hardness is 
a monotonically decreasing function of distance, that is Jj > Jj+1, and hence the parameterised 
function has to have the property J(xj) > J(xj+1) for all j:s. 

The idea of the optimisation algorithm is to move the nodes and calculate the error E for each 
move. The three inner nodes, i=1,2,3, are allowed to be moved in the four directions indicated 
in figure 3.3. The outer nodes, i = 1,5, are just allowed to be moved in the two directions 
indicated in figure 3.3. This makes a total of 16 possible moves. 
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Figure 3.3: The three inner nodes, i = 1,2,3, are allowed to be moved in the four directions 

indicated by the arrows. The outer nodes, i = 1,5, are just allowed to be moved in 
the two directions indicated by the arrows. 
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Here is an algorithm description. 

Step 0 Start with one node in the first and the last jominy point respectively. The 
remaining nodes are distributed evenly between these nodes. 

Step 1 Calculate the error (3.5) for all allowed moves. 

Step 2 Check stop criterion. 

Step 3 Make the move that generates the smallest error. 

Step 4 Repeat from step 1. 

The stop criterion is chosen so that no more iteration is done if there is no allowed move that 
reduces the error. 

From figure 3.4 it can be observed that various jominy profiles have different characteristics 
for small jominy distances. Among some steel grades the hardness is varying relative slowly 
between the first few points, giving the jominy profile a terrace shaped interval for small 
jominy distances. However, the length of the terrace shaped intervals differs from one jominy 
profile to another. In some cases the hardness varies slowly only between the first two jominy 
points, while it in other cases varies slowly between the first four, or even more, jominy 
points. Other steels do not have any slow varying interval at all. In order to catch these, small 
jominy distance, characteristics into the parametric function some small modifications in the 
algorithm have to be done. 
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Figure 3.4: Different jominy profiles have different characteristics for small jominy 

distances. 
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The first modification involves step 0 in the algorithm description. The new start state is, one 
node in the first, the second and the last jominy point respectively. The two remaining nodes 
are evenly distributed between the second and the last point. 

The second modification aims to describe the width of the terraces and involves the error 
function for the first and second node. The modified function has the form (3.6) 

( )
2

1

1 ( )
m

j j j
j

E J x J
m

ρ
=

= −∑  
(3.6) 

In (3.6) ρj are penalty parameters that have to be determined in a trial and error way. One 
consequence of this modification is that the first linear section always is quite short. This 
gives the parameter description the ability to more strictly follow the different shapes of the 
measured jominy profile at small jominy distances. 

3.4 Parameterisation results 

The parameter optimisation algorithm finds acceptable parametric descriptions to the jominy 
profile observations. However, the algorithm is heavily computationally expensive. It might 
be possible to reach a higher efficiency in an optimisation algorithm that is not only using the 
information in the object function to calculate the search direction. This algorithm though is 
easy to implement and the prize won with a more efficient algorithm has to be compared with 
the complexity in the implementation. In practice it has turned out that this algorithm, in most 
cases converge in less than 150 steps. The average time used to perform one iteration of the 
algorithm on an Intel Pentium 1.0GHz is 0.0405s and is considered reasonable. However it is 
likely that this time can be reduced with a more effective algorithm implementation. Further 
the parameterisation is just performed once and is in no way time critical. Figure 3.4 shows 
some examples of jominy observations and the corresponding parametric description. The 
agreement is fine. 
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Figure 3.4a: Plot of measured jominy profiles and the corresponding optimised parametric 

description. Clearly the parameter optimisation algorithm finds acceptable 
parametric descriptions to the jominy profile observation. 
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Figure 3.4b: Plot of measured jominy profiles and the corresponding optimised parametric 

description. Clearly the parameter optimisation algorithm finds acceptable 
parametric descriptions to the jominy profile observation. 

 

 





Chapter 4 

Neural networks 

In the lack of knowledge of the processes involved in heat treatment of steel it is convenient 
to model the processes using the information in an observed data set containing measured 
jominy profile vectors, J, and the corresponding chemical concentration composition and 
austenitizing temperature stored in the vector c. Neural networks are one such functional 
mapping that aim to learn a transformation from a set of input variables x ={x1…xn}, which in 
the jominy prediction problem are the c vectors, to a set of output variables t={t1…tt}, usually 
called target variables in the context of neural networks, which are the measured jominy 
profiles J. A neural network is, nothing but, a special parameterised functional mapping 
y(x;ωωωω) from the input variables to the network outputs y. If the parameters are set to minimize 
the difference between the network output, y(xq;ωωωω), and the target variables, tq, where q 
denotes a specific pattern in the data set, the neural network can be used to predict the target 
variables given new input variables. In neural networks the parameters, ω is set in the training 
session which aims to model the underlying network generator that most generally and 
complete is described in terms of probability densities p(x,t) in the joint input-target space. 
However, in prediction problems, like the jominy problem, it is the conditional probability 
density p(t|x) that needs to be modelled. Such conditional probabilities can be modelled with 
mixture density network (MDN). A standard multi layered network (MLP) in combination 
with a gaussian mixture model builds the mixture density network. The following sections 
line out the theory for the standard multi-layered network and the extension to the MDN. The 
full descriptions are found in [6,7]. 

4.1 Single and multi-layer perceptrons 

A neural network, composed of one or more layers of processing units, called neurons, linked 
together by weighted connections, performs a static non-linear mapping from the input 
variables, x, to the output variables, y. A neural network, in which the signal is fed forward 
from one layer of processing units via weighted connections to every unit in the next layer of 
processing units, with no feed-back connections admitted, is called feed-forward neural 
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network. Feed-forward neural networks are the most common type of neural networks, due to 
a number of advantageous properties. Among them the ease, by which they can be analysed, 
and the possibility of simple software simulation. Figure 4.1 shows the topology of a single 
layer feed-forward, neural network with d inputs, and c outputs. In the network diagram the 
squares represent the inputs, the circles represent the outputs and the arrows represent the 
network weights. The input x0 is an extra input, called bias, permanently set to one. 

  
 
 
 
 
 
 
 
 

Figure 4.1:An example of a single layer feed-forward neural 
network with d inputs and c outputs. 

 

 

The output from a neuron is calculated by first forming a weighted linear combination of the 
input variables and the bias, which gives 

00
1

xxa j

d

i
iijj ωω += ∑

=

. 
(4.1) 

In equation (4.1) ωij denotes the weight from input, i=1,2,…,d, to output, j=1,2,…,c. The 
output, yj, then is obtained by transforming the linear sum in (4.1) using an arbitrary function 
( )g ⋅ , called activation function, which gives 






 += ∑

i
jiijj xxgy 00ωω . 

(4.2) 

 

The activation function, ( )g ⋅ , is generally chosen to be monotonic. Often the logistic sigmoid 
function given in (4.3)  is chosen. In [6] it is shown that this allows the outputs of the network 
to be interpreted as posterior probabilities p(y|x) which is a potentially powerful result. 

ae
ag −+
=

1
1)(  

(4.3) 

 

If the input vector is transformed using a set of M predefined non-linear functions, φ(x), 
sometimes called basis functions, before it is presented to the network, and the activation 
functions is chosen to be linear the network mapping takes the form 
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( ) j
i

jijj xy 0ωφω += ∑  (4.4) 

In equation (4.4) it is assumed that the basis functions are fixed and independent of data. In 
[6] it is shown that the mapping (4.4) can approximate any functional transformation to 
arbitrary accuracy. This is a strong result that leads to the multi-layer network. 

In the multi-layered feed-forward neural network successive layers of network weights and 
processing units are used to perform the network mapping. The multi-layered networks are 
built up by several single layer networks, where each output of a single layer network is used 
as input in the next network. Figure 4.2 shows a network diagram of a two-layer feed-forward 
network. Note that the units which are not treated as outputs are called hidden units. The 
network in the figure 4.2 has d inputs, M hidden units and c outputs. 

  

 
 
 
 
 
 
 
 
 
 
 
Figure 4.2: An example of a feed-forward network having two layers of 

adaptive weights with d inputs M hidden units and c outputs 

 

 

The mapping performed by the network can be obtained from the network diagram in a 
similar way as for the single layer network. The output of the j:th hidden unit is obtained by 
first forming a weighted linear combination of the input values and the bias to give 
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(4.5) 

Here (1)
ijω  denotes a weight in the first layer, for the connection from input i to hidden unit j. 

The activation of the hidden unit is then obtained by transforming the linear sum in (4.5) 
using an activation function ( )g ⋅ to give 
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(4.6) 

The outputs of the network are then obtained by transforming the activations of the hidden 
units using a second layer of processing units. For each output unit a linear sum of the 
activations of the hidden units is constructed. This gives 
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The output of the k:th unit is finally obtained by transforming the linear sum (4.7) using a 
activation function ( )⋅g~  to give 
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The complete mapping function for the network is then found using (4.6)and (4.8) to give 
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(4.9) 

If the activation functions for the output units are chosen to be linear ( ) aag =~  then (4.9) 
becomes a special form of the more general (4.4). Thus the two-layer network is capable to 
model any functional transformation with arbitrary accuracy. 

The two-layer network corresponds to a transformation of the input variables by two 
successive single layer networks. It is straightforward to extend this transformation with any 
number, L, of successive transformations of the same kind. Such a network is called an L-
layer neural network. 

4.1.1 Prediction problems and perceptrons 

If the adaptive network weights are set to suitable vales the output from the network output 
units, y, can be used as predictions for the target variables, t, given new values of x. However, 
the perceptron network is incapable of providing any more information about the prediction 
that would be interesting in an application, for example the standard deviation around network 
output. The suitable network weights are found in the network training session that is 
discussed in a later section. 

4.2 Mixture density networks 

The extensions needed to be made to the MLP network, to be able to model conditional 
probabilities, p(x|t), involves a different interpretation of the network outputs in combination 
with a gaussian mixture model. The mixture density network (MDN) is built up by a 
conventional MLP, as outlined in previous section, but instead of interpreting the network 
outputs as predictions for the target variables given new inputs, it is interpreted as parameters 
that governs a gaussian mixture model. The mixture density network theory is presented in 
short in the following section. The whole theory is found in [6] and [7]. 

4.2.1 Theory 

Mixture density models are obtained by combining a conventional neural network with a 
gaussian mixture density model. Figure 4.3 shows an outline for a MDN. The MDN takes an 
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input vector x of dimensionality d and gives the conditional probability density of the target 
vector t, of dimensionality c in the target domain. A gaussian mixture model with M 
components models this density function, which is given by 

1
( | ) ( ) ( | )

M

j j
j

p α ϕ
=

=∑t x x t x  
(4.10) 

where M is the number of mixture components, αj(x) is the mixture coefficients for the j:th 
kernel. The mixing coefficients can be thought off as the prior probability that a target vector, 
t, has been generated from the j:th kernel. The function, ϕj(t|x), is the conditional probability 
density for the j:th component. In general this can be any probability density function. Here 
we consider only Gaussian probability density functions of the form 
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(4.11) 

where c is the dimension of the output vector, µµµµj(x), is the centre of j:th component. Note that 
in (4.11) a single variance parameter is used. This means that the components of, t, are 
assumed to be statistical independent within each component of the distribution. In principle 
the MDN is not limited to using a single variance parameter. Both diagonal and full 
covariance matrices can be used for each component. However, it is not necessary to 
complicate the model in this way since a Gaussian mixture model of the form (4.10) with 
components of the form (4.11) can approximate any probability density function to arbitrary 
accuracy assuming M sufficiently large and the parameters αj(x), σj(x) and µµµµj(x) being chosen 
correctly. Thus the representation given by (4.10) and (4.11) is completely general and does 
not assume the components of, t, to be statistical independent. 

 

 
Figure 4.3: A mixture density network is a combination of a Gaussian mixture model and a neural 

network. The neural network maps the input vector, x, onto the parameter vector, θθθθ, 
containing the parameters that govern a mixture model. The output is a probability 
density function of the target domain conditioned on the input. 

 

The network part of the MDN takes x as input and maps it onto the parameters of the 
Gaussian mixture model. In theory any neural network with universal approximation 
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capability can be used. Here a MLP with one layer of sigmoidal hidden units and a layer of 
linear output units is considered. The number of outputs, which is denoted ( )θ x  is 
(c+2)M and could be compared with c outputs for a conventional MLP. If the number of 
kernels in the mixture model, and the number of hidden units in the neural network are 
sufficiently large, any conditional density, p( )t | x , can be approximated as closely as desired. 
From this conditional probability function any statistical property involving the output 
variables can be evaluated. 

To be able to interpret the mixing coefficients, j ( )α x , as probabilities they must fulfil two 
natural constraints 

0 ≤ αj(x) ≤ 1 

.1=∑
j

jα  

 

(4.12) 

This is achieved by using the softmax function (4.13), found in [7], to relate the mixing 
coefficients to the related MLP network outputs to the j:th component in the mixture model. 
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(4.13) 

were j
αθ represents the corresponding network output. The softmax ensures that the conditions 

(4.12) are fulfilled since each mixing coefficient jα  is related to all other mixing coefficients  
in the mixture model through the denominator in (4.13).  

The mixture model variance is related to the corresponding network output with the following 
function 

.
σθ

σ jej =  (4.14) 

where σθ j  denotes the output of the neural network corresponding to the variance of the j:th 
mixture model. The means of the mixture model is represented by the corresponding output of 
the neural network in a straightforward way 

µθµ jkjk = . (4.15) 

where µθ jk  is the output from the neural network corresponding to the k:th dimension of the 
mean vector for the j:th mixture component. 

4.2.2 Prediction problems and mixture density networks 

The MDN models a conditional probability function, p( | )t x , for the target variable vector, 
given a new input vector. In many applications, for example the jominy prediction problem, it 
is interesting to find one specific value for the predicted output vector. The most likely output 
vector, t̂ , given an input vector, x, is given by the maximum of the conditional density p(t|x). 
Since this conditional probability is built up by a linear combination of M Gaussian 
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components it is easy to imagine that it may have a complicated surface. Taking into account 
that the output vector, t, often is multi-dimensional does not make it easier to find the 
maximum of the conditional probability p(t|x). 

To find an approximation to the most probable value one can consider the most probable 
mixture component, which is given by 

{ }.)(max xjj
α  (4.16) 

The mean value of this mixture component µµµµj is a good approximation of the most probable 
value, assuming that the component kernels are well separated and the overlap is negligible.  

From the probability density it is also possible to compute any other statistical properties. For 
example it is possible to find a confidence interval [a,b] of level α  around the prediction. In 
general the only thing that has to be done is to find the interval boundaries a,b that fulfil the 
condition 

( | )
b

a

p d α=∫ t x t . 
(4.17) 

In the jominy problem the dimension of the target space is eight since the number of 
parameters are eight. This means that (4.17) has to be calculated in 8ℜ . However it is not a 
trivial thing to calculate multi-dimensional integrals, but it can be done using, for example 
Monte Carlo methods. 

Using the most probable mixture component and its Gaussian properties it is possible to 
approximate (4.17) without involving the calculation of the integral. Instead an interval 
[ jµ - jσ , jµ + jσ ], where jµ  denotes the mean value and jσ  denotes the standard deviation in 
the most probable component, is considered. The condition (4.17) then takes the form 
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(4.18) 

where jϕ  denotes the most probable gaussian probability density in the mixture model. This 
reduces the problem to find a value k to fulfil the condition (4.18). This can be done from 
tables over the Gaussian distribution, in for example [14]. 

4.3 Network training 

Neural networks are used in two distinct phases called training and recall. In the recall phase 
the network can be used to predict values of the target variables given new values on the input 
variables. However before the network can be used in the recall mode the network weights 
have to be chosen, this is done in the training phase. 

In the training session the available data sets x, t, are divided in a training set, xt,, tt, and a 
validation set, xv, tv. The training and validation sets are used to find a weight vector, ω* that 
minimises some error function. Sometimes a independent test set, xv, tv , also is created to test 
the performance of the network found using the training and validation sets. However, in the 
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jominy prediction problem no such test set is created since the number of accessible data 
points is too small. The error function used in MLP training is often a sum of square error 
function (4.19) 
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(4.19) 

Taking in account that the networks mapping function y(x; ω) often is non-linear as a 
consequence of non-linear activation functions, and that the dimension of the weight space 
often is fairly high makes (4.19) a non-trivial optimisation problem in the multi-dimensional 
weight space. The non-linear properties of the object function give the function surface a 
generally very complicated topography with many local optima. Such optimisation problems 
have to be solved using iterative methods were the training data are presented a number of 
epochs to the network and the network weights are updated according to some algorithm rule 
to find a optimum. Since the nature of the optimisation problem is non-convex it is impossible 
to guarantee that an optimum is a global one. The result hence depends on the starting point in 
the weight space. 

The network performance with respect to the training set is often a monotonically decreasing 
function of the number of epochs. This means that the network learns the training data and 
starts to adapt to the noise in the training data rather then learn the underlying data generator 
p(x,t), which is desirable if good predictions for previously unseen inputs can be made. To 
find a suitable number of epochs in the network training it is often good to train the network 
in stages of epochs and measure the network performance with respect to the validation set, 
which is not used to find the optimal network weights. This performance often decreases for a 
number of epochs smaller than a specific value and then increases when the model starts to 
adapt to the noise in the training data. Training can therefore be stopped at the point of best 
performance with respect to the validation data, since this gives a network which is expected 
to have the best generalisation performance. 

In a mixture density network the weights are determined by maximising a likelihood function 
that the model gave rise to a particular set of data points. Assuming that each data point is 
drawn independently from the same distribution the likelihood can be written 
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(4.20) 

The function, L, is a function of the network parameters, ω, and the appropriate values can be 
found by maximising L, or equivalent minimising 

lnE L= −  (4.21) 

Using the gaussian mixture model (4.10), in combination with (4.20), (4.21) and some algebra 
gives an error function of the form 
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(4.22) 

This is a function of the MLP weights since the mixture parameters α , µ  and σ  are given as 
the MLP output, and hence is dependent of the network weights. This is a non-linear 
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optimisation problem that can be solved in a similar way as for the sum of square error 
function (4.19). 

It is convenient to assess the performance with respect to the validation set using the error 
function 
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(4.23) 

were ω* denotes the weight vector of the trained network and  

1

1 q

mq =

= ∑t t  
(4.24) 

were q denotes the observations in the validation set. This error function has the advantage 
that it doesn’t grow with the size of the validation set. Note that if it has a value of one the 
network is predicting the training data in mean. A value of zero means perfect prediction. 

4.4 Model order selection 

The model order, that is the number of weights in the network, affects the network’s ability to 
predict new values for the target variables, t, given a new input x. In a perceptron network the 
number of output units and the number of inputs are defined by the problem, hence the 
number of adaptive parameters is governed by the number of hidden units in the network. A 
large number of hidden units means that the network has the ability to model more complex 
functions. However, if the model order gets too high the network merely starts to adapt to the 
measurement noise. The appropriate number of hidden units is found in a cross-validation 
manner where a number of networks with different number of hidden units are trained. 
Among this number of candidate networks the one showing the best performance with respect 
to a validation set is chosen. In the case of mixture density networks there is an additional 
problem of choosing a sufficient number of mixture component. However, changes in the 
number of mixture components lead to changes in the number of output units, which lead to 
changes in the number of the weights, in the MLP part of the MDN. The problems are 
therefore somewhat interrelated. A cross-validation solution to this problem is to train a 
number of networks with a different number of mixture components, and for each number of 
components train a number of networks with different number of hidden units and choose the 
candidate network with the best performance. 

4.5 Data preparation 

Prior to the training session some data handling is necessary. In practice, it is easier to make 
small networks with a small number of adaptive weights to generalize well. One way to 
reduce the number of weights in the network is to reduce the dimension of the input space. On 
the other hand it is important to keep as much information so that it will be possible to make 
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good predictions. In the jominy prediction problem this corresponds to choosing the adequate 
alloying elements as input and discard the remainder. Available as potential inputs, x, are the 
concentration of 16 alloying elements and the austenitizing temperature ranging from 795°C -
930°C. The available alloying matters, and their range in weight percent (wt%), or in weight 
parts per million (wtppm) are found in table 4.1a. Since the impact on the hardenability from 
the different alloying elements is rather complex and not well understood this dimension 
reduction is not an easy task. Fortunately the authors of [3] have already found the nine most 
relevant alloying elements. These can be found in table 4.1b. To realize that the dimension 
reduction from ℜ17 to ℜ9 leads to better generalizing abilities it is instructive to consider the 
number of adaptive weights in the input layer. In the first case the number of adaptive weights 
is (17 1)M+ , where M denotes the number of hidden units in the input layer and the 
additional one originates from the bias. After the dimension reduction the number of adaptive 
weights, with the same notation, is (9 1)M+ . The same story goes for the dimension of the 
output space. For reasons discussed with some length in previous sections the parameters in 
the parameter description are chosen as output variables in the jominy prediction problem. 
The parameterisation could be seen as a dimension reduction from ℜ15 in the case of Vickers 
[Hv] hardness scale, and from ℜ16 Rockwell [HRc] hardness scale, to ℜ8. 

Table 4.1a: The 16 available alloying elements and their concentration range. 

 

Mo 0.01-0.31 wt%    
Table 4.1b: The nine most relevant alloying elements and their concentration range. 

From table 4.1b we note that all alloying elements are measured in wt%, except for two, 
which is measured in wtppm. As a consequence of this the values of the input variables are 
not of the same magnitude. When this situation appears in neural network applications it is 
common practice to normalize the input variables ix  so that they have the same magnitude. 
The normalisation is applied to each input variable, ix , in the training set independently. For 
each input variable, ix , the mean (4.25) and the variance (4.26) are calculated 
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Elements Concentration  Elements Concentration 

C 0.08-0.54 wt%  Cu 0.03-0.34 wt% 
Si 0.03-0.38 wt%  V 0.003-0.1 wt% 
Mn 0.33-1.6 wt%  Nb 0.001-0.003 wt% 
P 0.004-0.025 wt%  Zn 0.001-0.01 wt% 
S 0.001-0.06 wt%  Ti 4-17 wtppm 
Cr 0.006-1.4 wt%  N 0-150 wtppm 
Mo 0.01-0.31 wt%  B 0-3 wtppm 
Ni 0.05-3.34 wt%  Al 0.012-0.05 wt% 

Elements Concentration  Elements Concentration 

C 0.08-0.54 wt%  Ni 0.05-3.34 wt% 
Si 0.03-0.38 wt%  N 0-150 wtppm 
Mn 0.33-1.6 wt%  Al 0.012-0.05 wt% 
Cr 0.006-1.4 wt%  B 0-3 wtppm 
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where n = 1,2,…N labels the observations. The normalized input variables are then defined as 
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The scaled variables now all have zero mean and unit standard deviation. Regarding 
magnitude of the target variables, that is the node of the parametric description it can be seen 
in figure 3.2 that they differ significantly in magnitude, in particular in a comparison with the 
input variables. As discussed in previous sections it is a non-convex optimisation problem in 
many variables to find the appropriate values for the adaptive network weights. Such 
optimisation problems often have many local optima and the outcome of the optimisation 
problem is therefore dependent of the starting point. A good initialisation is hence desirable to 
prevent the algorithm to get stuck in a poor solution. If the same transformation, as discussed 
for the input variables, is accomplished on the target variables, ti, also the network weights are 
expected to be of order unity. This is the main reason to perform the transformation. 

4.6 Missing values 

Since the components of the alloying vector, c, that is the input variables, and the components 
of the jominy vector, J, that is the target variables, are measurement values it sometimes 
happens that one of the components is missing. This is the so-called missing value problem 
and needs to be taken care of before network training session. The solution to the problem in 
the target space is the parametric description. In fact this was one of the main reasons 
discussed in a previous section, to introduce the parametric description of the jominy profile. 
In the input space the problem is solved by omitting the incomplete pattern vectors. This can 
be done since the fraction of defect input vectors are low. 





Chapter5 

Results and network performance 

A data set containing chemical composition and the corresponding measured jominy profiles 
of steels delivered by Ovako Steel are available for the modelling task. This data set contains 
both observations when the hardness is obtained using the Vickers, [Hv] and the Rockwell 
[HRc] hardness test methods. Since these two test methods initialise different processes in the 
material that not yet are well described there is no good method to convert a Vickers value to 
a Rockwell value and vice versa. This means that two different neural networks have to be 
constructed. The observations when the Vickers method is used are referred to as jominy3 
observations. The observation when the Rockwell hardness method is used is referred to as 
jominy12. 

5.1 The jominy data sets 

The jominy3 data set contains some 548 observations. Three of these are of poor quality with 
several missing hardness values and can for that reason not be used in the modelling task. 
From the remaining 545 observations, 300 are used as network training data and 150 points 
are used in the validation set. Among the 1136 data points in the jominy12 data set 24 are 
unusable due to bad quality such as missing values, or obvious faulty observations. From the 
remaining, 1112, data points 650 are used as training data and 350 are used in the validation 
set. To make the network perform well over all steel grades it is important that all steel grades 
are represented in the training and the validation set. For that reason both the training and the 
validation set are built up with one observation from each steel grade. The remaining part are 
built up by choosing random observations from the original data sets. The network type 
chosen to model the relation between the chemical input and the hardenability is a mixture 
density network. It is trained using the training set outlined above. The selected input, x, is the 
chemical concentrations of the nine alloying elements indicated in table 4.1b the target vector, 
t, contains the parameters that describes the jominy profile. All variables are normalised using 
(4.25), (4.26) and (4.27) prior to the network training. The optimal number of hidden units 
and a sufficient number of mixture components are chosen in a cross-validation manner where 
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a number of mixture density networks with different number Mm, of mixture components and 
varying number Mh, of hidden units, are trained. Here Mm=1,2,3 and Mh=5,10,15,20 are used. 
The networks are trained in stages of ten epochs using a scaled conjugate optimisation 
algorithm [16]. After every stage the performance with respect to the validation set (4.23) is 
evaluated and the network with the smallest ERMS is selected as a candidate network. The 
mean value of the most probable mixture component is used as network output, y(x), when 
(4.23) is computed. The network output bias weights, in the MLP part of the MDN, are 
initialised so that the mixture model coefficients matches those of an unconditional mixture 
model, p(t), fitted to the target data. This unconditional mixture model for target data is found 
using the K-means algorithm [15]. The other network weights are initialised using random 
numbers. This initialisation method, according to [8], significantly reduces both the training 
time and the probability that the network weight optimisations get caught in a bad local 
optimum. As a preventive measure against bad local optima ten networks with the same 
number of mixture components and hidden units are trained. This procedure gives 120 
candidate networks. The candidate network with the smallest RMS error, ERMS, is chosen as 
the jominy hardenability model. Figure 5.1a shows ERMS for the jominy3 candidate networks, 
figure 5.1b shows ERMS for the jominy12 candidate networks 
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Figure 5.1a: ERMS with respect to the validation set for the 120 candidate networks in the jominy3 case. The 

least value is ERMS=0.1640 for a MDN with one mixture component and ten hidden units 
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Figure 5.1b ERMS with respect to the validation set for the 120 candidate networks in the jominy12 case. The 

least value is ERMS=0.1974 for a MDN with five mixture components and 20 hidden units. 

 

In the jominy3 case the least ERMS=0.1640 is observed for a mixture density network with one 
mixture components and ten hidden units. In the jominy12 case the least observed 
ERMS=0.1974 is observed for MDN with five mixture components and 20 hidden units.

5.2 Measurement uncertainty 

To be able to judge the network performance it is convenient to have an opinion about the 
noise level in the hardness measurement. It is reasonable to believe that the measured 
hardness kJ  in jominy distance k consists of a true hardness value, 0

kJ , and a noise 
component ke  

kkk eJJ += 0 . (5.1) 

The noise component can be estimated from the reference jominy measurement that is 
performed at Ovako Steel once a week. This reference jominy testing is done on test 
specimens that have exact the same chemical composition, in fact the specimens originate 
from the same steel charge, and are heat treaded in the same way. Hence the differences in the 
measurement values on these specimens can be assumed to originate from the noise 
component. The measurement noise variance can be estimated with the variance in the 
measurement values kJ . The reference hardness values are available in two jominy distances 
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x=5 mm and x=15mm when the Vickers hardness test is used and 3x
16

=  inch and 

10x
16

= inch when the Rockwell hardness test is used. 

5.3 Network performance 

To judge the network performance it is illustrative to compare the standard deviation in the 
noise component of the measurement value in each jominy point, and the standard deviation 
of the absolute errors (5.2) between the measured and predicted jominy profile in each jominy 
point k. 

kkk JJE ˆ−=  (5.2) 

Figure 5.2 shows the magnitude of the standard deviation of the errors (5.2) for each jominy 
distance. The standard deviation for the reference values is found in table 5.1. 
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Figure 5.2a: Plot of the standard deviation of the error (5.2) in all jominy distances in the 

jominy3 case. The values for 5 and 15 mm can be compared with the reference 
values 9.85 Hv respectively 13.74 Hv and shows that the network performance 
is at the same level as the measurement uncertainty. 
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Figure 5.2b: Plot of the standard deviation of the residual error in all jominy distances in the 

jominy12 case. The values for 3/16 inch and 10/16inch can be compared with 
the reference values 0.7999 HRc respectively 1.5782 HRc and shows that the 
network performance is at the same level as the measurement uncertainty. 

 

 

Figure 5.2a shows that the network performance in the jominy distances 5mm and 15mm is at 
the same level as the measurement uncertainty. It is expected that the measurement 
uncertainty is bigger for the intermediated jominy distances, and this is explained with the 
following discussion. The hardness in the first jominy distance is almost entirely determined 
by the carbon content and varies little with position. Near the end of the specimen the cooling 
rate varies slowly and hence a little hardness difference. In the intermediate distances, 
however, the cooling rate varies strongly and hence a little error in distance results in a big 
hardness error. 

The high standard deviation in the second jominy point originates from observations where a 
small prediction error in x-direction, for one node, leads to a large hardness prediction error. It 
is also this effect that influences the third and the fourth points in figure 5.1b. The situation is 
illustrated in figure 5.3 where the residual error in x=3 is about 50 Hv. The figure shows the 
measured, parameterised and the predicted jominy profile. 

Reference 5 mm Reference 15 mm Reference 3/16 inch Reference 10/16 inch 

9.85 Hv 13.74 Hv 0.7999 HRc 1.5782 HRc 

Table 5.1: Standard deviation for hardness values in the reference testing. 
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Figure 5.3: The high standard deviation in the second jominy point originates from 

observations where a small prediction error in x-direction, for one node, leads to a 
large hardness prediction error. The residual error in the x=3mm is about 50Hv. 

 

 

To show the network performance figure 5.4 shows different measured jominy profiles 
representing different steel grades, the corresponding network prediction and an interval 
representing one standard deviation. The predictions are taken as the mean value and the 
standard deviation, σ, is found using the most probable mixture component. Figure 5.4a and 
5.4b represent observations in the jominy3 data set, and figure 5.4c and 5.4d represent 
observations in the jominy12 data set. It is clear that the network can predict jominy profiles 
with high precision. 
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Figure 5.4a: Plot of a measured and an predicted jominy profile, in the jominy3 data set, 

together with interval representing the standard deviation σ.  
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Figure 5.4b: Plot of a measured and an predicted jominy profile, in the jominy3 data set, 

together with interval representing the standard deviation σ. 
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Figure 5.4c: Plot of a measured and an predicted jominy profile, in the jominy12 data set, 

together with interval representing the standard deviation σ. 
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Figure 5.4d Plot of a measured and an predicted jominy profile, in the jominy3 data set, 

together with interval representing the standard deviation σ. 

 

 



Chapter 6 

Novelty detection 

In previous chapter it was clear that a mixture density network was able to predict jominy 
profiles with high precision when presented with chemical composition vectors that are 
similar to those used for network training. However, it is not easy to know if the network 
continues to perform well once trained and in routine use. One great error source is novel 
data, which is data that differ significantly from the data used to train the MDN. One way to 
test the networks reliability with respect to novelty is to estimate the probability that the input 
data originate from the same underlying generator as the training data. Such a method is 
suggested in [12]. 

6.1 Theory 

For the purpose of deriving a novelty detector it is useful to consider a feed-forward network 
that is trained using a sum of square error function 
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(6.1) 

where n=1,2,…N labels the training observations and k=1,2,…,c labels the output units. 

If we denote the joint probability density function for the training data kp( ,t )x  and let the 
number of data points in the training set go towards infinity, then in the limit the error 
function takes the form. 
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If the probability function kp( ,t )x  is decomposed into the product of the conditional density 
of the target data and the unconditional density of the input data as in equation (6.3) 

)()|(),( xxtx ptpp k= , (6.3) 

where p( | )t x denotes the probability density of t given x and p(x) denotes the unconditional 
probability density of x, which is given by 

kk dttpp ),()( ∫= xx . (6.4) 

Then the error function takes the form 
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The next step is to define the conditional averages of the target data as 

( ) kkkk dttptt ∫= || xx  (6.6) 

( ) kkkk dttptt ∫= || 22 xx . (6.7) 

With some algebra it now is possible to write the expression in the parenthesis in (6.5) in the 
form 
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(6.8) 

If (6.8) is substituted into (6.5) the error function takes the form 
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where the second term of (6.8) has vanished due to the integration over kt tk. In (6.9) we note 
that the first term is weighted by the unconditional probability density, p( )x , of the input data. 
As a consequence of this there is little contribution to the error function even if the network 
output and the conditional average (6.6) differ significantly, and hence the network weights 
have no chance to adapt in this region. This suggests that the unconditional probability p(x) is 
a good measure of novelty. If the value of p(x) is high, then it can be expected that the 
network interpolates effectively between the training points and the network output has high 
reliability. If the probability density function, p(x), has a low value, indicating that the input is 
novel, then the network has to extrapolate the training data and the output is potentially 
incorrect. Since the probability density p(x) is unknown it is impossible to use it as a novelty 
detector. Instead an estimate )(ˆ xp has to be constructed, using the training data, and used as 
novelty detector. This suggests the following method for novelty detection. For all the input 
vectors, x, that are presented to the network a value ( )xp̂  also is evaluated. Input vectors that 
are associated with a value less than some threshold, χ, are classified as novel input. A 
convenient way to determine the threshold value is to evaluate ( )xp̂  for all observations in the 
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network validation set, which all are supposed to be classified as not novel, and chose a value 
of χ so that almost all, are classified as being not novel. 

6.2 Jominy novelty detector 

To determine the degree of novelty in the jominy problem a method to estimate p(x) is 
needed. Fortunately there exist a number of procedures to do this. The method adopted here is 
to estimate p(x) with a gaussian mixture model, which gives an estimated probability density, 

)(ˆ xp , of the form. 

( ) ( )xxx j

M

j
jp ϕα∑

=

=
1

)(ˆ  

( )
( )

( ) ( )( )jjje

j

dj
µxΣµxx −−− −

Σ
=

1

2
1

22

1

π
ϕ . 

(6.10) 

 

(6.11) 

where ΣΣΣΣj denotes the covariance matrix, µµµµj is the j:th component centre and the mixing 
coefficients, αj satisfy 

1
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(6.12) 

The parameters ΣΣΣΣj, µµµµj, and αj are chosen by using the EM-algorithm [13]. The appropriate 
number of mixture components M can be chosen by means of cross-validation where the 
number of mixture components is raised stepwise and the log likelihood (6.13) is evaluated 
for each number of mixture components 

( )
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m
L p

=
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(6.13) 

The number of mixture components that maximise (6.13) are then selected. In (6.13) 
m=1,2,...,q  denotes the observations in the validation set. 

It is important to point out that the novelty detection should be implemented at the stages of 
un-preprocessed input data. In the jominy prediction problem this means that the input vector 
x contains the chemical composition of all alloying elements given in table 4.1a and the 
austenitizing temperature. The dimension reduction is motivated with statement that the 
excluded chemical concentration of the excluded alloying element does not influence the 
hardenability. However, this statement is just valid in the particular concentration ranges 
given in table 4.1. If some of the excluded alloying components differ significantly from this 
range, then it might affect the hardenability, and hence the dimension reduction may map 
some inputs that are novel to one that is not. 
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6.2.1 Vickers hardness novelty detection 

In the intention to determine a suitable number of mixture components in the estimate 
probability density ( )x3p̂  for the jominy3 data set 30 mixture models with different number 
of components are estimated using the training data set. Figure 6.1 shows (6.13) as a function 
of the number of mixture components, M. The maximum log likelihood value occurs for 
M=17 mixture components. This is intuitively reasonable since it is expected that the number 
of mixture components should be fairly the same as the number of steel grades in the data set, 
which are 18. 
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Figure 6.1: Plot of the log likelihood as a function of mixture components. The maximum occurs for 

M=17 mixture components. 

 

 

In figure 6.2 the log likelihoods, for each input vector x in the validation set, are plotted 
against their absolute residual error (6.14) 

∑
=

−=
1

ˆ
k

kkE JJ . (6.14) 

where Jk denotes a measured hardness value in the k:th jominy distance, Ĵ k denotes the 
predicted hardness values in the same jominy distances, and the sum runs over all jominy 
points in J. 
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Figure 6.2: Values of the log likelihood plotted against the residual error. 

 

From figure 6.2 it is clear that the bulk of observations are found in the area 30)(ˆ0 3 ≤≤ xp , 
4000 ≤≤ E . The observation in the area ( ) 0ˆ 3 ≤xp  originates from steel grades that just are 

observed a few times in the available data set. Hence, the network is not expected to be able 
to make good predictions on these data, which for that reason should be classified as novel. If 
the threshold value, χ, is set to χ=0 these points will be rejected as novel. It is interesting to 
notice that the network, in at least one of the cases produce very good jominy profile 
predictions even when ( ) 0ˆ 3 ≤xp , meaning that the network has the ability to generalise to a 
certain degree even if the input is essentially novel. 

The observations in the area ( ) 0ˆ 3 ≥xp , 400>E  are inputs that are classified as not being 
novel, but the absolute residual error is high. To find the error source for these observations 
the worst case is studied. The mean jominy profile (6.15) for the particular steel grade is 
calculated 

∑
′

=′
=

N

n

n

N 1

1 tt . 
(6.15) 

Here N’ is the number of observations for the particular steel grade in the original data set. 
Figure 6.3 shows that the particular observation differs significantly from the mean jominy 
profile, indicating that the measurement error is large. Thus the high absolute residual error 
(6.14) is a consequence of the measurement error rather then a consequence of bad 
performance from the neural network. The same discussion goes for the other observations in 
the area ( ) 0ˆ 3 ≥xp , 400>E . 
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Figure 6.3: The particular observation differs significantly from the mean jominy profile, 

among the observations from the same steel grade. Indicating that the residual 
error between the predicted and the measured jominy profile is a result of high 
measurement error rather then bad performance from the network. 

 

 

6.2.2 Rockwell hardness novelty detection 

In the intention to determine a suitable number of mixture components in the estimated 
probability density ( )x12p̂  for the jominy12 data set 40 mixture models with different number 
of components are estimated using the training data set. Figure 6.4 shows (6.13) as a function 
of the number of mixture components, M. The result is not as clear as for the jominy 3 case. 
However, the maximum log likelihood value occurs for M=25 mixture components which is 
intuitively reasonable since it is expected that the number of mixture components should be 
fairly the same as the number of steel grades in the data set, which are 30. 
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Figure 6.4: log likelihood (6.13) as a function of mixture components. The maximum 

occurs for M=25. 

 

In figure 6.5 the log likelihood for each input vector x in the validation set, is plotted against 
its absolute residual error (6.14) 
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Figure 6.5: Values of the log likelihood plotted against the residual error. 

 

From figure 6.5 it is clear that the bulk of the observations is found in the area 
25)(ˆ0 12 ≤≤ xp , 400 ≤≤ E . The observations in the area ( ) 0ˆ12 ≤xp  originate either from 
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observations of steel grades that are represented a few times in the training data, or from 
observations of a common steel grade, where one of the alloying components or the 
austenitizing temperature differ significantly from other observations among the specific steel 
grade. The network output for such observations may be spurious and should be classified as 
novel. A suitable threshold χ to achieve this is χ=0. Also in the jominy12 case it is interesting 
to notice that the network has the ability to produce good prediction even if ( ) 0ˆ12 ≤xp . The 
error source of the observations in the area 0)(ˆ >xp , 40>E , that is inputs that are not 
classified as novel but with high residual error (6.14), is either due to measurement error as 
discussed in the previous section, or much of the contribution to the error comes form large 
residuals in some few jominy points as illustrated in figure 6.6. 
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Figure 6.6: Plot of a measured and predicted jominy profile. The main contribution to the 

absolute residual error originates from a small number of jominy points. In this 
particular case the total residual error is Etot=37 HRc and the contribution in the 
second point in x=3mm and x=5mm is E3,5=25 HRc 

 

In the particular observation in figure 6.6 the error (6.14) is Etot=37 HRc. The contribution to 
this form the jominy points in x=3 mm and x= 5 mm is E3,5=25 HRc. 

 



Chapter 7 

Conclusions and future work 

7.1 Conclusions 

In this work a mixture density network has been developed to predict jominy hardenability 
profiles given the chemical composition of an alloy steel. Mixture density networks models a 
conditioned probability density for the target variables and is an expansion of the more 
familiar neural network. The model has been built from observations of chemical composition 
rates of the alloying elements and the corresponding jominy profile measured at Ovako’s lab. 

Prior to the modelling the, experimental jominy profiles were described by a set of 
parameters. This was done to solve problems like 

1. Reduce the number of output from the model. This makes the process less complex and 
hence easier to model. 

2. Make the model independent of weather imperial or SI-units are used for the jominy 
distances. 

3. Fill out missing hardness values in a jominy profile in the experimental data set. 

During the work some different parameterisations has been examined and it has been found 
that the most suitable is to use a piecewise linear function. 

The model has been found to predict jominy profiles, for steels with similar chemical 
concentration to those used to build the model, with high accuracy. However it is still unclear 
how the model performs for steels with a complete different chemical concentration. However 
in the work a method to detect such novel input has been investigated and implemented. It has 
been shown that this method can be used to detect novel input and raise a warning that the 
model output may be spurious. 
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7.2 Future work 

It would be interesting to investigate the network performance with respect to steel grades that 
are not represented in the training set more. To raise the network generalisation abilities it is 
necessary to accumulate more training data. It would be interesting to include steel grades 
from other manufactures in such a training set. 

To be able to produce steels that fulfil a jominy specification at the lowest possible cost, a 
suitable optimisation algorithm that solves the problem (7.1) must be found. 

,min ,max

min

( )

i i ix x x
≤ ≤
≤ ≤

x
cx

lb y x;ω* ub  

 

(7.1) 

where the components xi denotes the alloying matters, the components of c denotes the costs 
for the alloying matters, y(x;ωωωω*) denotes the network function, lb and ub denotes a lower 
respective higher bound for the jominy profile. 

 



Appendix A 

In the end of the work a small application was implemented as a graphical user interface 
(GUI). 

The application takes a chemical concentration composition as input and calculates a 
predicted jominy profile. In the application it is also possible to choose an interval of 
confidence that is also presented with the jominy profile prediction. It is also possible to 
choose between a Vickers and Rockwell jominy model. Novelty detection is performed on all 
new inputs. If a novel input is detected the application presents a predicted jominy profile 
along with a warning that the result is unreliable. At this point it is up to the user to determine 
what he or she wants to do with the prediction. Figure A.1 shows the user interface where a 
Vickers jominy profile is predicted along with a confidence interval. Figure A.2 shows the 
GUI when a novel input is detected. 

 
Figure A.1: The user interface with a predicted Vickers jominy profile along with a confidence interval. 
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Figure A.2: The user interface response to a potential novel input. 
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