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Abstract 
The application of Artificial Neural Networks (ANNs) to real world problems has increased significantly and proved to 
be successful in a growing number of areas. This paper presents a specific application of neural networks in a Model 
Predictive Control (MPC) scheme for an Ultra-High Temperature (UHT) milk treatment plant. ANNs are used for both 
prediction model and 'plant'. Results are reported for models based on two different ANN architectures, single-network 
and composite-network, both trained on plant data. The composite-network model comprises of a combination of two 
single neural network sub-models, one simulating the dynamics of the UHT hot water heating loop and the second the 
dynamics of the UHT heat exchanger circuit. The composite-network models are shown to be more successful in 
capturing the dynamics of the process than the single-network models. The worst composite-network model produced a 
mean-square-error (MSE) of 1.25% of full scale and the best model an MSE of0.25% of full scale. 

The developed MPC system uses different composite-network models of the UHT plant as prediction model and 'plant' for 
simulation trials. Results of the MPC scheme in terms of disturbance rejection and setpoint tracking show that it does 
not perform as well as a well-tuned PI controller. Some pitfalls in neural network model training are noted and some 
recommendations are proposed for further research. 
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1 Introduction 
In designing control systems information is needed about 
the behaviour of the process to be controlled. This 
information can be most effectively obtained by recording 
input-output data from the process and using this to 
develop models of the process. The models thus gained 
can also be used to simulate the performance of the control 
system in controlling the process. Therefore identification 
and modelling of the target process become an important 
step in the control system design. 

The majority of control systems still make use of the 
conventional PID controller which does not handle highly 
non-linear and complex multivariable processes well. For 
these types of processes better control methods are needed, 
such as intelligent control. In addition, the use of linear 
process models in the design and simulation of these 
controllers is clearly unacceptable since they are being 
employed primarily because the non-linearities present. 

The application of artificial neural networks (ANNs) to the 
identification of highly non-linear dynamic processes, and 
to the design of control strategies based on the identified 
models, has been a promising advance in the control 
systems engineering field. The use of neural networks in 
model-based control schemes in particular promises to 
enhance control system performance. 
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This paper studies the development and use of ANN 
models in a model predictive control system for 
controlling an Ultra High Temperature (UHT) milk 
treatment pilot plant. UHT plants are commonly used in 
the dairy industry for the sterilisation of milk. This system 
would be expected to contain significant non-linearities 
due to the complex properties of milk. 

Figure 1: Feedforward Network Structure 

A brief description of the ANNs used is given in the 
following section. Model predictive control (MPC), one of 
the model based control methodologies, is described 
briefly in section 3. Section 4 describes the UHT plant and 
sections 5 and 6 detail the development of ANN models of 
the UHT process and model predictive control system. 
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The results of perfonnance tests for the MPC system are 
given in section 7 and discussed in section 8. 

2 Neural Networks 
The ANNs used in this paper used standard feedforward 
architectures consisting of three layers of neurons; the 
input, hidden and output layers. 

The hidden layer neurons were given standard tan-sigmoid 
activation functions while the output layer neurons were 
given log-sigmoid activation functions whose ranges (0-1) 
better matched that of the control valve range (0-1 00% ). 

3 Model Predictive Control 
fhe model predictive control (MPC) strategy uses a 
jynamic model of the plant to provide efficient control of 
he system based upon finding the optimal control actions 
'or a prediction model of the plant. The MPC strategy can 
1andle unstable processes and can also handle both input 
md output constraints using constrained optimisation 
echniques. 

n general, the MPC system consists of an optimiser and a 
,rediction model of the plant being controlled. The 
lptimiser computes a horizon of future control actions in 
uch a way as to make a balance between excessive control 
.ction and output deviation. Only the first of optimal 
ontrol actions will be implemented and the process of 
amputation repeats for the next time period. This allows 
amputation of an optimum based on future actions while 
1inimising the effects of modelling errors. 

I 
ince the MPC scheme perfonns it~ optimisations for the 
ext control interval it is restricte~ to systems with time 
onstants and sample times signifi4antly longer than the 
me required to calculate the contro1, inputs. 

\ 

~ Description of the UHT Plant 
ltra High Temperature treatment plants are commonly 
sed for sterilisation of milk or milk made from 
:constituted milk powder. The sterilisation ofmilk kills 
I living micro-organisms so that it can be stored at room 
mperature for a considerable time as opposed to 
1sieurisation which kills mainly pathogenic bacteria and 
sts only a few days. 

here are a number of different types of UHT plants. They 
e generally categorised according to the heating medium 
;ed and the equipment design. Directly heated plants use 
rect mixing of steam and milk to provide sterilisation. In 
directly heated plants, steam or hot water heats the milk 
a heat exchanger, usually made of stainless steel. 

1e ANN modelling work described in this paper was 
rried out on the directly-heated UHT milk treatment 
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pilot plant of the New Zealand Dairy Research Institute 
(NZDRJ) at Palmerston North in New Zealand. In this 
plant the untreated milk is heated to 65"C in a preheater. 
The product is then pumped into a secondary plate heat 
exchanger consisting of two stages as shown in Figure 2. 
In the first stage, the product is heated regeneratively to 
ss·c by the hot product. In the second stage a hot water 
loop heats the milk to the final sterilisation temperature of 
14o•c where it is held for 5 seconds. 

,-------------- ... 
1 (Heat Exchanger Model) 1 

' 
Holding 

1 Tube 
I --------· 

I 

Hot 
Water 
loop 

Steam 

1 (Steam Valve Model) 

·----------~---

Figure 2: Schematic of UHT Plant 

The product then passes through the regeneration section 
and is cooled by the incoming milk. The hot water loop is 
heated by direct injection of steam via a steam control 
valve. 

The existing control system is unable to control the 
sterilisation process adequately due to control fluctuations. 
This is partially due to the rapid dynamics of the pilot 
plant but mainly to the feedback inherent in the 
regeneration stage. The poor control causes a loss of taste, 
odour, change in nutrient constituents and can cause 
fouling if the temperature significantly exceeds I4o·c. 
Temperatures below this point will result in incomplete 
sterilisation. 

5 UHT Plant Modelling 
5.1 Development of Neural Network 
Models 
The composite-network model of the UHT plant consisted 
of two sub-models as shown in Figure 3. 
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Figure 3: Neural Network Plant Model Design 

The steam valve sub-model described the dynamics of the 
steam injection to the hot water loop. The network inputs 
were the past and present values of the steam valve 
position, Psv, steam inlet pressure, Psi, and the past values 
of hot water temperature entering the loop, Thi. The 
outputs were the predicted output values of Thi at the 
present time step. 

The heat exchanger sub-model included the dynamics of 
the heat exchanger. The inputs were the past and present 
values of Thi and the past values of the product temperature 
exiting the heat exchanger, T po. The outputs were 
predicted values ofTp0 • 

The single-network model of the UHT plant included the 
complete UHT process; the steam injection to the hot 
water loop and the heat exchanger dynamics. The network 
model had the same inputs as the steam valve sub-model 
and outputs were the predicted values ofT po at the present 
time step. 

5.2 Training and Testing of Models 
The original input/output process data was collected from 
the UHT pilot plant in a number of different runs and then 
scaled to lie between 0.1 and 0.9. This helped to reduce 
the network training time since no values would lie close 
to the limits of the activation function. The data was then 
converted into pattern files for use by the ANN training 
software (MA TLAB from The Mathworks, Natick, Ma.). 

5.2.1 Single-Network Models 

Single-network models of the UHT plant were trained on 
the input/output patterns from single plant runs. The 
resulting models were then tested against data from all 
other plant runs. The topology of the networks--such as 
the number and type of hidden neurons and the number of 
hidden layers-was varied to produce the best average 
mean-square-error. This topology was then used for all 
subsequent work with the single-network models. The 
individual ANN models were ranked according to their 
mean-square-errors during testing. This therefore ranked 
the models in terms of their ability to predict the 
behaviour of all the other plant runs. 

5.2.2 Composite-Network Models 

The plant data used to train the single-network models 
was also used to train the steam valve and heat exchanger 
sub-models of the composite-network models. Again, the 
networks were trained on the data from a single plant run 

and tested against data from all the other plant runs. The 
optimum topology was found and used for subsequent 
work. 

After training, the individual sub-models were ranked 
according to their mean-square-error during testing. The 
best two of these sub-models were combined to produce 
the best composite-network model and the worst two were 
combined to produce the worst composite-network model. 

6 MPC System 
In the development of model predictive control system of 
the UHT plant, the trained ANN model of the plant was 
used as shown in figure 4. 

Optimiser 

Y prod 
ANN model 

Figure 4: MPC Strategy of the UHT Plant 

The optimiser block minimises a performance index based 
upon the errors in the measured variable and change:, in 
control variables over a predictionloptimisation horizon of 
future control actions. In the optimiser block, the cost 
function evaluator utilises the ANN model predictions of 
the plant outputs to evaluate the future control moves 
given the control inputs. 

The UHT pilot plant was not available for plant trials so 
the performance of the MPC controller required that a 
model of the plant be used as the plant itself. In 
performance tests of the MPC strategy, different pairs of 
composite-network models were used as the plant and as 
the prediction model allowing analysis of a controller with 
and without a perfect prediction model to work with. 

7 MPC Performance Tests 
To provide a benchmark for comparison a PI controller 
was also used to control the simulated plant. This 
particular form of controller was currently being used to 
control the pilot plant so its choice was apt. In 
simulations the PI controller was tuned to provide 
optimum performance. 

Two model predictive controllers using composite-
network models were tested. One of them used the 'best 
composite-network model' for both prediction and plant 
models. This control system represented the ideal model 
predictive control system since the controller was provided 
with a perfect prediction model. The second controller 
used the 'best composite-network model' as plant and the 
'worst composite-network model' for prediction allowing 
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testing of the MPC system's ability to handle plant/model 
mismatch. A typical MPC response would be expected to 
lie between these two extremes provided that the ANN 
models had captured all the important plant dynamics. 

The MPC and PI control systems were tested on a 
setpoint change-to product temperature-and on a 
disturbance to the steam supply pressure. 

8 Results and Discussion 
8.1 Single and Composite-Network 
Models 
Two sets of ANN sub-models were developed to simulate 
the two parts of the UHT plant; the steam .valve and the 
heat exchanger circuits. Each set of models consisted of 
models trained on input/output data from a given plant run 
and tested against data from all other plant runs. 

From the collected plant data 18 process runs of data were 
available for the heat exchanger sub-model and 5 process 
runs of data were available for the steam valve sub-model. 
For the single-network model only 5 process runs of the 
data were available. 

The training and test results of the best two and the worst 
two single-network models are shown in Table I. The 
training and test results of the 'best composite-network 
model' and the 'worst composite-network model (via a 
combination of the best two and the worst two sub-models 
respectively) are shown in Table ll. 

Error I Best Models Worst Models 

(MSE% FSl UH76 UH71 UH74 UH73 
Training 0.0032 0.0078 0.0027 0.0028 
Best 0.0029 0.0078 0.0027 0.0028 
Average. 0.0112 0.0220 0.0272 0.0328 
Worst 0.0418 0.0401 0.0792 0.1362 

Table I: Mean-square-errors for single-network models in 
training and tested against plant run data. 

The results from Table I show that the single-network 
model was able to perform respectably in capturing the 
plant dynamics with data from a single plant run. All but 
one of the mean-square-errors for one-step-ahead prediction 
remained below 0.1% of the full-scale output and most 
other remained below 0.05%. 

Error i Best Model Worst Model 

(MSE%FS\ i UH74/UH62 UH73/UH65 
Best i 0.0013 0.0027 

I 

Average I 0.0026 0.0027 I 

Worst I 0.0038 0.0272 

Table II: Mean-square-errors for composite-network 
models in training and tested against plant run data. 

From the results in Table II it can be seen that the 
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composite-network models consistently produced accurate 
models of the plant dynamics. Figure 5, which 
summarises the above results, clearly shows that the 
composite-network models performed dramatically getter 
than the single-network models. This supports a strong 
contention that neural networks are more easily trained on 
simpler and smaller tasks to achieve better performance. 
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0.06 

0 .03 

. . · . ......... ... -------------------------········-·················· 

Worst Bat Worst 
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IDJ Best 
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Figure 5: Best, average and worst mean-square-errors for 
the best and worst single-network and composite-network 

models. 

In subsequent simulations of the model predictive 
controller only the composite-network models were used 
due to their superior performance in capturing the plant 
dynamics. 

8.2 MPC Simulations 
The developed model predictive control scheme was tested 
in simulation on an ANN model of the UHT plant to 
evaluate its performance and compared with simulations of 
a PI controller on the same ANN model. The responses for 
both the MPC and PI controllers are shown in Figures 6 
and 7 for setpoint changes and disturbance rejection 
respectively. 

139.90 r...-----,-- - -.-- - --,----.-- --. 
139.85 Hrt-----t--- -r-r--........ --r-r-----1 

~\ -PI Controller 
139.80 Hr-'!,,:-----if---+-i - · MPC (Ideal) 1-t-- --1 

·: • • • MPC (Worst) 
p 139.75 t-~ .. --+---t--L-~~~~~r-------J 
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1! ,. 
~ 139.65 +-+--!!<. -t----t-- --t----t-------1 

~ 139.60 t--\.._.10-<-+ .. -:-,~·._·:_.:...;::;:..··..;..· ·;...'+-'--·-· _··_· ._ •. _.+-·-· ._._ .. _._-·-·+-·-·-··-·-· _. ·--1-

139.55 ~----1----1-----+-----i-------1 
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Sample Intervals 

Figure 6: Response of the three controllers to a setpoint 
change. 

For all simulations the best composite-network model was 
used to simulate the plant. The MPC simulation labelled 
'Ideal' in figures 6 and 7 used the best composite-network 
model as the prediction model as well; this is therefore a 
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MPC simulation with a perfect prediction model. The 
worst composite-network model was then used as the 
prediction model to give a more realistic evaluation of the 
MPC system performance. This is labelled as 'Worst' in 
the figures. The plant simulation using a PI controller is 
labelled 'PI'. 

For both setpoint changes and disturbance rejection it can 
be seen that the performance of the model predictive 
controller improves when given a perfect model of the 
plant to predict from. This is hardly surprising but lends 
some confidence to the results. 

Note however the sustained offset from the Worst model 
predictive controller response in Figure 4. Such offsets 
generally indicate that the prediction model is not perfect. 
Some MPC schemes include an integral term to overcome 
this problem. 

The optimiser could also be to blame however. To reduce 
computation the starting estimate of the control vector was 
taken from the unimplemented values of the previous 
solution. This might have lead to the optimiser being 
locked into a local minimum. Tests using a randomised 
initial control vector at each step were therefore carried out. 
This resulted in markedly improved performance 
suggesting that this was, indeed, the likely cause. 
Randomising the initial control vector however tripled the 
time required for the optimisation, a rather severe penalty 
given that the controller is supposed to be running in real 
time. 
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Figure 7: Response of the three controllers to a steam 
pressure disturbance. 
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By comparison with both model predictive controllers, the 
PI controller performs better, even when the MPC has a 
perfect model to predict with. In both cases the PI 
controller settles down more quickly than the model 
predictive controller although it can be seen in Figure 7 
that the initial departure from the setpoint is larger for the 
PI controller than either of the model predictive 
controllers. 

From Figure 6 it can also be seen that the response to a 
setpoint change under the PI controller is not particularly 
smooth. This suggests that the simulation model is non-

linear. 

During the course of the simulations it became apparent 
that the long-term response of the different ANN models 
was significantly different despite having similar errors 
during training and testing. This highlighted the point 
that one-step-ahead prediction may not be a valid method 
for training ANNs (or for ranking them) for use inn-step-
ahead predictions as part of a MPC scheme. A plot of the 
best composite-network model predicting three steps ahead 
against its own training data seemed reasonable. 

The inability to train a network to predict n steps 
ahead has been corrected in current research where the 
training is carried out for one-step-ahead, two-step-ahead 
etc. prediction. With judicious programming the time 
penalties for this approach appear to be minimal. 

9 Conclusions 
A number of conclusions can be drawn from this case 
study. 

1. As expected a composite-network model of the 
UHT treatment plant was more easily trained and 
more accurate in its predictions than a single-
network model. 

2. A model predictive controller using a perfect 
prediction composite-network model was found to 
have better performance than that using different 
prediction and 'plant' models. Both model 
predictive controllers took longer to settle after 
disturbances and setpoint changes than a well-
tuned PI controller although the initial departure 
after a disturbance was smaller. 

3. A sustained offset in one MPC simulation might 
have been expected of a less-than-perfect 
prediction model however the optimisation 
algorithm was the problem. It appeared to become 
trapped in local minima. For this reason it is 
recommended that random initial control vectors 
be chosen at each time step despite the large 
increase in computation time. 

4. The use of one-step-ahead prediction in training, 
and as a basis for choosing, models was 
questioned and training using one-step-ahead, 
two-step-ahead etc. prediction was recommended. 
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