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Neural network predictive control of a heat exchanger

Keywords: Neural network, predictive control, PID control, tubular heat exchanger, energy saving

The study attempts to show that using the neural network predictive control (NNPC) structure for control of thermal processes can lead to energy savings. The advantage of the NNPC is that it is not a linear-model-based strategy and the control input constraints are directly included into the synthesis. In the designed approach, the neural network is used as a nonlinear process model to predict the future behaviour of the controlled process with distributed parameters. The predictive control strategy is used to calculate optimal control inputs. The efficiency of the described control approach is verified by simulation experiments and a tubular heat exchanger is chosen as a controlled process. The control objective is to keep the temperature of the heated outlet stream at a desired value and minimize the energy consumption. The NNPC of the heat exchanger is compared with classical PID control. Comparison of the simulation results obtained using NNPC and those obtained by classical PID control demonstrates the effectiveness and superiority of the NNPC because of smaller consumption of heating medium.

Introduction

As energy costs are permanently increasing, energy saving is becoming very important in industrial processes and they have to be improved in terms of efficiency. Nowadays, various approaches are applied to reduce energy consumption and implementation of advanced modelling and control methods can reduce the energy costs down [START_REF] Kuntzsch | Improving the Energy Efficiency of Industrial Processes Using Mathematical Modelling[END_REF][START_REF] Panjeshahi | Improving Energy Efficiency in Natural Gas Refineries using Exergy Analysis[END_REF][START_REF] Sanaye | Multi-objective optimization of shell and tube heat exchangers[END_REF][START_REF] Sikos | Reliability, availability and maintenance optimisation of heat exchanger networks[END_REF]. Predictive control is recently the most widely implemented advanced process control technology in industrial applications [START_REF] Qin | A survey of industrial model predictive control technology[END_REF][START_REF] Darby | MPC: Current practice and challenges[END_REF]. The predictive control algorithms use an explicit process model to predict the future behaviour of a plant and so, the term model predictive control (MPC) or model-based predictive control (MBPC) is utilized. Although industrial processes usually contain complex nonlinearities, most of the MPC strategies are based on a linear model of the process [START_REF] Li | Improvements on the efficiency of linear MPC[END_REF]. To overcome difficulties connected with nonlinearity of the controlled process, model reduction methodology has been exploited to enable the efficient application of linear MPC [START_REF] Xie | An off-line model reduction-based technique for on-line linear MPC applications for nonlinear large-scale distributed systems[END_REF]. Recently, neural networks have become an attractive tool in the construction of models for various types of complex nonlinear systems [START_REF] Zarenezhad | A multi-layer feed forward neural network model for accurate prediction of flue gas sulfuric acid dew points in process industries[END_REF][START_REF] Subhra Rani Patra | Artificial neural network model for intermediate heat exchanger of nuclear reactor[END_REF] and heat exchangers play important role between them [START_REF] Islamoglu | A new approach for the prediction of the heat transfer rate of the wire-on-tube type heat exchangeruse of an artificial neural network model[END_REF][START_REF] Tan | Artificial neural network modelling of the thermal performance of a compact heat exchanger[END_REF]. When a neural network (NN) is combined with MPC approach, it is used as a feed-forward process model for the prediction of process outputs. The implementation of the NN MPC varies, a neural-network-based controller is designed for a class of nonlinear systems with constant input and state-feedback delays in [START_REF] Huang | Neural-network predictive control for nonlinear dynamic systems with time-delay[END_REF], an iterative multistep neural network prediction model in a predictive control strategy for controlling a nonlinear system is described in [START_REF] Kittisupakorn | Neural network based model predictive control for a steel pickling process[END_REF], a NNMPC method for a class of discrete-time multi-input multi-output systems is given in [START_REF] Lu | Neural-network-based predictive controller design: An application to temperature control of a plastic injection molding process[END_REF]. Inclusion of constraints is the other feature that most clearly distinguishes MPC from other process control techniques, leading to a tighter control and a more reliable controller. Heat exchangers are key devices used in a wide variety of industrial applications. Control of a heat exchanger is a complex process due to its non-linear behaviour and complexity caused by many phenomena such as leakage, friction, temperature-dependent flow properties, contact resistance, unknown fluid properties, etc. [START_REF] Novak | Predictive control of the heat exchanger using local model network[END_REF][START_REF] Álvarez | Repetitive control of tubular heat exchangers[END_REF]. Therefore, neural network model based predictive control is expected to be a better alternative to the PID control [START_REF] Varshney | Artificial neural network control of a heat exchanger in a closed flow air circuit[END_REF], although many industrial applications use PID control to maintain constant process variables. In this paper, the neural network is used as a nonlinear process model to predict the future behaviour of the tubular heat exchanger as a system with distributed parameters. The neural network model with one hidden layer with 6 neurons is trained off line. The predictive control strategy is used to calculate optimal control inputs so that the demanded temperature of the heated outlet stream is assured. The energy consumption measured by heating water consumption is also followed. The NN MPC of the heat exchanger is compared with classical PID control.

Controlled process

Consider a co-current tubular heat exchanger, where petroleum is heated by hot water through a copper tube (Fig. 1). The controlled variable is the outlet petroleum temperature θ 1out . Among the input variables, the water volume flow rate q V3 (t) is selected as the control variable, whereas the other inlet variables are constant.

Fig. 1 Scheme of the tubular heat exchanger

The mathematical model of the heat exchanger is derived under several simplifying assumptions. The tubes are described by a linear coordinate z, which measures the distance of a generic section from the inlet. The fluids move in a plug velocity profile and the petroleum, tube and water temperatures θ 1 (z,t), θ 2 (z,t) and θ 3 (z,t) are functions of the axial coordinate z and time t. The petroleum flow rate is constant, whereas the water flow rate q V3 (t) is a function of time t only, i.e. it can change in time, but it is the same along the whole heat exchanger. The petroleum, water and tube material densities ρ i as well as the specific heat capacities C Pi , i = 1, 2, 3, are assumed to be constant. The simplified nonlinear dynamic mathematical model of the heat exchanger is described by three partial differential equations
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where time constants τ 1 , τ 2 , τ 3 , velocities of liquids w 1 , w 3 and gains K 1 , K 2 are calculated as follows
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Here, d is the tube diameter, ρ is the density, C P is the specific heat capacity, h is the heat transfer coefficient, q V is the volume flow rate. Parameters and steady-state inputs of the heat exchanger are enumerated in Table 1, where the superscript s denotes the steady state and the subscript in denotes the inlet. 

ρ 3 kg m -3 1000 d 3 m 0.05 CP1 J kg -1 K -1 2100 h 21 W m -2 K -1 750 CP2 J kg -1 K -1 418 h 32 W m -2 K -1 1480 CP3 J kg -1 K -1 4186 q V1 m 3 s -1 3.7723 × 10 -4 θ s 1in o C 20 q V3 s m 3 s -1 1.1111 × 10 -4 θ s 3in o C 75
The steady-state analysis of the heat exchanger was done at first and the steady-state dependence of the petroleum outlet temperature θ s 1out on the water flow rate q V3 s was obtained (Fig. 2). It confirmed the nonlinearity of the heat exchanger.

Fig. 2 Steady-state analysis of the heat exchanger

Predictive control using neural network predictor

Model-based predictive control (MBPC) includes a broad variety of control methods that comprise certain common ideas [START_REF] Mikleš | Process Modeling, Identification, and Control[END_REF]. A process model is explicitly used to predict the process output y ˆfor a fixed number N of steps into future and the predictions are calculated based on information up to time k and on the future control actions. A future reference trajectory is known. A future control trajectory is calculated as a solution of an optimisation problem consisting of a cost function and possibly some constraints. A receding strategy is used, i. e. only the first control signal u(k) of the calculated sequence is applied to a controlled process. A useful feature of MBPC is that the process constraints can easily be incorporated into the design and therefore MBPC is very interesting for industrial application. MBPC algorithms are also very versatile and robust in process control applications and they usually outperform PID controllers.

The cost function in MBPC comprises future output predictions, future reference trajectory, and future control actions. The standard cost function used in MBPC contains quadratic terms of control error and control increments on a finite horizon into the future and can have the form (4)

( ) ( ) ( ) [ ] ( ) [ ] ∑ ∑ - - max min N N = j u N = j r j + k u λ + j + k y j + k y P = k J 1 2 2 1 ∆ (4)
where N u is the control horizon, N min and N max are the minimum and maximum prediction horizons respectively, y r is the reference trajectory, y ˆis the predicted controlled output, λ, P are the weight factors, and ∆u is the sequence of the future control increments that have to be calculated. The cost function is minimized in order to obtain the optimum control input that is applied to the nonlinear plant. The control input u may be constrained:
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The length of the control horizon N u must satisfy following constraints:

max u u N N ≤ < 0
. The value of N u max should cover the important part of the step response curve. The role of the coefficient λ is to scale the second sum of squared control increments against the first sum representing squared predicted control errors and P scales the predicted controlled output against the reference signal. The output sequence of the optimal controller is obtained over the prediction horizon by minimizing the cost function J with respect to the vector of control inputs. The reference trajectory is assumed to be known. If it is not the case, several approaches are possible. The simplest way is to assume that the future reference is constant and equal to the desired set point: y r (k) = y r (∞). The preferred approach is to use smooth reference trajectory that begins from the actual output value and approaches asymptotically via the first order filter to the desired set point y r (∞): y r (k) = y(k), y r (k + j) = αy r (k + j -1) + (1 -α) y r (∞). The parameter α determines smoothness of the trajectory with α → 0 being the fastest and α → 1 being the slowest trajectory.

Neural network predictive control

When the future output of the plant in predictive control strategy is predicted using neural network plant model, the neural network predictive control (NNPC) is established. The general control structure for the NNPC is shown in Fig. 3.

Fig. 3 Neural network predictive control

The neural network model of the controlled plant is the important component of the NNPC methodology. Two-layer network with sigmoid transfer functions in the hidden layer and linear transfer functions in the output layer is used in presented NNPC design. The prediction error between the plant output and the neural network (NN) output is used as the NN training signal. The NN plant model uses previous inputs and previous plant outputs to predict future values of the plant output. The structure of the neural network plant model is shown in Fig. 4, where u(k) is the system input, y(k) is the plant output, ) (k y ˆis the NN plant model output, the blocks TDL are the tapped delay lines that store previous values of the input signals, IW i,j is the weight matrix from the input number j to the layer number i, LW i,j is the weight matrix from the layer number j to the layer number i.

Fig. 4 Neural network plant model

The first stage in NNPC is the system identification. The identification means to train a neural network to represent the feed-forward dynamics of the plant. The network can be trained off-line in batch mode, using data collected from the operation of the plant. The procedure for selecting the network parameters is called training the network. The Levenberg-Marquardt (LM) algorithm is very efficient for training. The LM algorithm is an iterative technique that locates the minimum of a function that is expressed as the sum of squares of nonlinear functions [START_REF] Lera | Neighborhood based Levenberg-Marquardt algorithm for neural network training[END_REF][START_REF] Madsen | Methods for non-linear least squares problems[END_REF].

Control of the heat exchanger

Neural network predictive control of the heat exchanger

The controlled process is the tubular heat exchanger described in Section 2. The neural network predictive controller uses a neural network model ( 5 for the training data and in Fig. 6 for the validation data. In both cases, the prediction error is sufficiently small and the process output and the NN model output fit well. It is possible to state that the NN training was successful.

Fig. 5 Training data for NN model Fig. 6 Validation data for NN model After the NN model is trained, the NNPC starts. The parameters for NNPC of the described heat exchanger are chosen as follows: minimum prediction horizon N min = 1, maximum prediction horizon N max = 8, control horizon N u = 2, weight coefficients in the cost function λ = 0.5, P = 1, and the parameter for the reference trajectory calculation α = 0.0022. For computing the control signals that optimise future plant performance, the minimization routine csrchbac was chosen. It is in fact one-dimensional minimization using the backtracking method. The control input constraints were set: 1.5×10 -4 ≤ q V3 ≤ 3.1×10

-4 m 3 s -1 and control output constraints: 36 ≤ θ 1out ≤ 43 o C. The controller block was implemented in MATLAB-Simulink.

PID Control of the heat exchanger

PID controllers described by the transfer function
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with K p the proportional gain, t i the integral time and t d the derivative time, were tuned using Cohen-Coon and Strejc methods [START_REF] Mikleš | Process Modeling, Identification, and Control[END_REF][START_REF] Ogunnaike | Process Dynamics, Modeling, and Control[END_REF] on the basis of a linear model of the plant. The model was identified from the step response of the heat exchanger in the form of the nth order plus time delay transfer function

( ) Ds n e s K S - + = 1 τ (6) 
The transfer function parameters are: the gain K = 3.7×10 4 , the order n = 3, the time constant τ = 18 s and the time delay

D = 2.4 s.
The other two parameters obtained from identification are t u = 14.5 s, t n = 66.4 s. Here, t u represents the effective time delay, i.e. the time when the tangent line drawn at the inflection point on the step response curve intersects the initial value of the step response. Analogically, t n represents the effective time constant, i.e. the time from t u to the time when the tangent line intersects the final value of the step response.

The Cohen-Coon formulas given e.g. in [START_REF] Ogunnaike | Process Dynamics, Modeling, and Control[END_REF] are for the PID controller parameters
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The Strejc formulas given e.g. in [START_REF] Mikleš | Process Modeling, Identification, and Control[END_REF] are for the PID parameters ) 2 ( 16
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The PID controller parameters obtained using the Cohen-Coon formulas are K p = 1.7 ×10 -4

, t i = 32.7 s, t d = 5 s and those obtained using the Strejc formulas are K p = 6.2 ×10 -5

, t i = 44.4 s, t d = 11.7 s.

Results

Simulation results obtained using designed neural network predictive controller and two PID controllers are shown in Figs. 7,8. C at time 600 s. The control response obtained by NNPC is the best one; it has the smallest overshoots and the shortest settling times. The simulation results were compared also using integral criteria ISE (integrated squared error) and IAE (integrated absolute error) defined e.g. in [START_REF] Mikleš | Process Modeling, Identification, and Control[END_REF] as follows

( ) ∫ ∞ = 0 2 d ) ( ISE t t e , ∫ ∞ = 0 )d ( IAE t t e (7)
Here, e(t) is the error between the reference value y r (t) and the actual process output y(t). The values of ISE and IAE are enumerated in Table 2. The smallest values of ISE and IAE are assured using NNPC. The energy consumption is measured by the total amount of hot water consumed during the control process. The situation for NNPC and PID control is presented in Fig. 8, and it can be stated that the smallest energy consumption is assured using NNPC structure. 

Conclusion

In this paper, the application of a neural network model based predictive control strategy to a tubular heat exchanger as a system with distributed parameters is presented. The simulation results confirm that NNPC as a not linear-model-based strategy is a good tool for successful control of heat exchangers. The NNPC is able to assure less oscillating control responses with shorter settling times in comparison to classical PID control. The other advantage of this approach is that the control input constraints and the controlled outputs constraints are directly included into the synthesis. Because of the optimisation procedure used for the control input calculations, the NNPC is also tool for assuring an optimal or a nearly optimal behaviour of the controlled process. This fact leads to smaller consumption of hot water used for heating of petroleum in comparison to classical PID control, and it is also confirmed by simulation results. The energy savings would be more significant if the NNPC would be implemented in the frame of the heat exchanger network. The NNPC approach can be used also for practical application. 
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 4 to predict future heat exchanger responses to potential control signals. The first step in NNPC is training the network. The parameters of the NN model and the parameters for identification are chosen as follows. The NN model has 3 delayed plant inputs, 2 delayed plant outputs and 6 neurons in the hidden layer. The Levenberg-Marquard algorithm is chosen for network training and the name of the training function in MATLAB is trainlm. The training data were obtained from the controlled process with distributed parameters represented by the nonlinear model of the heat exchanger (1) -(3) with the sampling interval 2 s. 600 training samples were used for the neural network training and the number of realised plant training epochs was 6. The NN model was trained off line. The results of training are shown in Fig.
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 7 compares controlled outputs in the task of set point tracking. The set point changes from
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 78 Fig. 7 Comparison of the outlet temperature of the heat exchanger received using the neural network predictive control and PID control: ─◊─ NNPC, ─○─ Strejc PID controller, ─∇─ Cohen-Coon PID controller Fig. 8 Comparison of the neural network predictive control and PID control by hot water consumption: ─◊─ NNPC, ─○─ Strejc PID controller, ─∇─ Cohen-Coon PID controller
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Table 1

 1 Heat exchanger parameters and steady-state inputs

	Variable	Unit	Value	Variable	Unit		Value
	l d 1	m m	10 0.025	ρ 1 ρ 2	kg m kg m	-3 -3	810 8960
	d 2	m	0.028				

Table 2

 2 Values of ISE and IAE

	Method	ISE	IAE
	NNPC	279.35	159.90
	PID Cohen-Coon	304.71	212.23
	PID Strejc	297.42	232.96

  Implementation of NNPC into industrial applications is straightforward. The real process is used instead of the process model and the training data for NN model training are obtained by measuring corresponding input and output process. Comparison to classical PID control shows the superiority of the NNPC in both problems, the problem of the set point tracking, as well as the problem of energy savings.
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Neural network predictive control is used for control of a tubular heat exchanger.

The neural network represents a model of the nonlinear process.

The predictive control strategy calculates optimal control inputs.

Neural network predictive control is compared with classical PID control.

Neural network predictive control leads to smaller consumption of heating water.