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Abstract:    In view of the high energy consumption and low response speed of the traditional hydraulic system for an injection 
molding machine, a servo motor driven constant pump hydraulic system is designed for a precision injection molding process, 
which uses a servo motor, a constant pump, and a pressure sensor, instead of a common motor, a constant pump, a pressure pro-
portion valve, and a flow proportion valve. A model predictive control strategy based on neurodynamic optimization is proposed to 
control this new hydraulic system in the injection molding process. Simulation results showed that this control method has good 
control precision and quick response.  
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1  Introduction 
 

The injection molding process can quickly shape 
a variety of complex configurations at a single time 
and it is one of the most important ways of polymer 
forming. Injection molding machines are mostly 
driven by hydraulic systems. A typical injection 
molding machine has four components: injection unit, 
mold clamping unit, hydraulic unit, and control unit. 
The injection molding process is a cyclic process, 
which consists of six phases: mold clamping, injec-
tion, dwelling, plastication, cooling, and mold open-
ing. The injection molding process consumes high 
energy. The hydraulic system consumes most of the 

energy input of the injection molding machine. Thus, 
control precision and energy-saving are development 
tendencies of the injection molding industry. 

In the traditional hydraulic system of the injec-
tion molding machine, a three-phase motor drives a 
constant pump, and a pressure proportional valve and 
a flow proportional valve are used to control the 
pressure and flow of the hydraulic system. The pres-
sure and flow of different phases in the injection 
molding process are different, especially in the cool-
ing phase when the needed pressure and flow are zero. 
However, the three-phase motor is always running at 
the rated state. To save energy, a matching pressure 
and flow should be given for injection molding pro-
cess. In this paper we propose a servo motor driven 
constant pump hydraulic system for the precision 
injection molding process, which uses a servo motor, 
a constant pump, and a pressure sensor, instead of a 
common motor, a constant pump, a pressure propor-
tion valve, and a flow proportion valve. In this hy-
draulic system the controller can give proper pressure 
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and flow according to the need of the injection 
molding process. 

The injection molding process is a periodic 
complex dynamic process and its accurate control is 
difficult. Pressure, speed, and temperature are the 
three most important control variables in the injection 
molding process and they affect directly the quality of 
the molded plastic product. Considering the nonlin-
earity of the injection molding process, Yang and Gao 
(2000) and Tan et al. (2001) presented an adaptive 
control strategy to control the injection filling veloc-
ity of the injection molding process and achieved 
better tracking performance than using traditional 
control methods such as the proportional-integral- 
derivative (PID) controller. Tan and Tang (2002) 
suggested learning-enhanced proportional integral (PI) 
control to control the ram velocity of the injection 
molding process. They used a learning strategy to 
reject external disturbances, which can compensate 
for the nonlinearities of the system. Gao et al. (2001) 
addressed a robust iterative learning control method 
for the injection molding process. By contrast, Gao et 
al. (1996) proposed self-tuning control to dynami-
cally control the cavity pressure at the filling and 
packing phases of the thermoplastics injection 
molding process, and Varela (2000) used a self-tuning 
method to control the injection molding cavity during 
the filling phase. 

Model predictive control (MPC) is an efficient 
intelligent control technique and has been widely 
used in petroleum and chemical industry since it arose 
in the 1960s (Morari and Lee, 1999; Qian and 
Badgwell, 2003). MPC is a kind of computer control 
method that uses an explicit process model to predict 
the future output of an object. The melt temperature 
object in the injection molding process is a nonlinear, 
strong coupling, and time delay object, and also a 
long time constant object. So, MPC was first used to 
control the temperature of barrel and melt polymer in 
the injection molding process. For example, to control 
the melt temperature, Huang et al. (1999b) used 
adaptive generalized predictive control (GPC) and 
Dubay (2002) used self-optimizing MPC. The opti-
mization process of MPC is time-consuming, which 
makes MPC difficult to use in the control of the in-
jection molding machine. Pandelidis and Agrawal 
(1988) first attempted optimal anticipatory control of 
ram velocity. Then Liao et al. (1996) proposed adap-

tive generalized predictive PI control. Huang et al. 
(1999a) proposed a predictive control method to 
control the ram velocity of the injection molding 
process. These methods, however, are based on tra-
ditional PID control, and PID here is used to quickly 
stabilize the system. Only when an effective online 
optimization tool is ready, can a complete MPC be 
used in a quick response process such as the injection 
molding process. 

The neural network (NN) is a promising ap-
proach to dynamic online optimization. It can process 
information in parallel, and its convergence rate does 
not decrease when the size of the optimization prob-
lem increases. Hopfield and Tank (1985) and Tank 
and Hopfield (1986) applied the Hopfield networks to 
solve a linear program and the traveling salesman 
problem. Since then many NNs have been proposed 
to handle optimization problems. Kennedy and Chua 
(1988) developed an NN to solve the nonlinear pro-
gramming problem. The proposed NN contains a 
finite number of parameters, and its equilibrium 
points correspond to a near optimal solution. Zhang 
and Constantinides (1992) proposed a Lagrangian 
network for quadratic programming. Another two 
typical NNs are the dual networks proposed by Xia 
and Wang (2001) and the simplified dual network 
presented by Liu and Wang (2006). These two NNs 
have low computational complexity and high global 
convergence speed.  

Several studies on NN based MPC have been 
presented (Draeger et al., 1995; Mahadevan and 
Doyle, 2003; Akesson and Toivonen, 2006; Pan and 
Wang, 2009). In these works, NNs were successfully 
applied for modeling and control of dynamic systems. 
Huang et al. (2004) proposed a predictive learning 
control method for the ram velocity control of the 
injection molding process based on NN. In this paper, 
we consider an NN based nonlinear model predictive 
control (NMPC) scheme to control the injection 
molding process. A recurrent neural network model is 
proposed to solve the associated quadratic minimiza-
tion problem. 
 
 

2  Structure and model of the new hydraulic 
system for the injection molding process 
 

In this section a new servo motor driven constant 
pump hydraulic system is proposed for the injection 
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molding process, and the model based on the proposed 
hydraulic system is obtained. 

A traditional hydraulic system for an injection 
molding machine has huge power consumption as 
well as power waste because the input power of the 
hydraulic system does not match the needed power of 
the injection molding process. A servo motor driven 
hydraulic system can flexibly change the flow of the 
hydraulic system and has the natural power saving 
advantage. So, we design a servo motor driven 
constant pump hydraulic system for the injection 
molding process (Fig. 1). 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A servo motor drives a constant pump and 

provides the hydraulic system with the needed flow. 
The flow of the hydraulic system and the speed of the 
injection molding process are controlled by the servo 
driver and the controller. The pressure of the hydraulic 
system is sampled by a pressure sensor and controlled 
by the controller in a closed loop. This hydraulic 
system can supply the needed flow and has little 
waste. 

We can model the proposed hydraulic system 
mathematically. The servo motor can be described as 
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where ω is the speed of the servo motor, TD is the 
motor time constant, KV is the motor torque gain, and 
u is the input control voltage. 

The relationship between the flow of the pump 
and the speed of the pump can be described as 

 
q=C V,                                 (2) 

 
where q is the flow of the pump, C is the volumetric 
efficiency of the pump, and V is the specified 
discharge of the pump. 

Theory and practice indicate that the injection 
molding process has obvious time-varying and 
nonlinear characteristics. During the injection phase 
and holding phase, the melt polymer affects the 
dynamics of the injection molding process. Rafizadeh 
et al. (1996) modeled this nonlinear process as 
follows: 
 

,x v                                   (3) 

1
1 1 2 2 0 1

r

1 ( 1)
2π ( ) ,

n

n
s

s v
v P A P A R l x

M K
 



        
   

  (4) 

1
1 1

10 1

( ),P q A v
A x




 


                   (5) 

2
2 2 p

20 2

( ),P A x Q
A x




 


                 (6) 

 
where x and v are the displacement and speed of the 
injection hydraulic actuating cylinder, respectively, 
and P1 and P2 are both pressure of the injection 
hydraulic actuating cylinder. P2 is also the pressure of 
the injection nozzle. The meanings of the other 
symbols are listed in Table 1. 

Let x1=ω, x2=x, x3=v, x4=P1, and x5=P2. The 
following state equations can be obtained for the 
injection molding process based on the proposed 
hydraulic system: 
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Fig. 1 Structure of our proposed servo motor driven 
constant pump hydraulic system 
Ud is the control input of the servo motor, and FL is the load 
pressure 
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Eqs. (7)–(11) show that the injection molding 
process based on the proposed hydraulic system is a 
strong nonlinear system. 
 
 
3  Problem formulation and neural network 
optimization 

 
In this section a model predictive control based 

on a recurrent neural network optimization approach 
is presented. First, the MPC of the nonlinear affine 
system is formulated for quadratic programming (QP) 
problems. Then a neurodynamic optimization approach 
is introduced to solve the QP problem of MPC. 

3.1  Problem formulation 

Many nonlinear systems can be described as the 
following discrete-time nonlinear affine system: 
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where x(k)ún (note that this n is different from that 
in Table 1) is the state vector, u(k)úm is the input 
vector, y(k)úp is the output vector, f(·) and g(·) are 
nonlinear functions, Cúp×n, umin and ymin are vectors 

of lower bounds, and umax and ymax are vectors of 
upper bounds. 

MPC is an optimization control method that uses 
the current state and a predictive model to obtain the 
optimal input vector by solving an optimization 
problem. The following optimal criterion is often 
used in MPC: 
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where r(k+j) denotes the reference trajectory of the 
output signal, y(k+j) denotes the predictive output, 
and u(k+j) denotes the predictive input. Np (Np≥1) is 
the predictive horizon and Nu (0<Nu≤Np) is the control 
horizon. Q and R are appropriate weighting matrices. 

According to model (12), we have 
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We define the following vectors: 
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(16) 
 

The predictive output ( )ky  can be expressed in the 

following form: 
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Table 1  The physical meanings of symbols in Eqs. (3)–(6)

Symbol Physical interpretation 

A1 Cylinder cross-sectional area 

A2 Barrel cross-sectional area 

Kr Ratio of the screw radius to the nozzle radius 

l0 Initial length of the screw 

M Mass of actuator-screw assembly 

R Nozzle radius 

α10 Volume of oil on the injection side 

α20 Volume of polymer in the barrel 

β1 Hydraulic fluid bulk modulus 

β2 Nozzle bulk modulus 

n Power law index for polymer melt 

s 1/n 

η Polymer viscosity 

Qp Polymer melt flow rate 
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Hence, Eq. (14) becomes 
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By defining ( ),kz u  problem (18) can be rewritten 

as a QP problem: 
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So, the solution of QP problem (19) is the control ac-
tion output vector ( ).ku  In MPC the first element of 

( )ku  is used to control the objective system. 

3.2  Neural network optimization approach 

For many real-time solutions to optimization 

problems, traditional optimization methods will be no 
more effective when the problem dimensionality 
increases. Many types of NN have thus been devel-
oped for real-time optimization problems (Hopfield 
and Tank, 1985; Tank and Hopfield, 1986; Kennedy 
and Chua, 1988; Zhang and Constantinides, 1992; 
Xia and Wang, 2001; Liu and Wang, 2006). As NN 
can process information in parallel, its convergence 
rate does not decrease when the size of the problem 
increases.  

The optimization problem of MPC has been 
formulated as a QP problem. Many NN models have 
been proposed to solve QP problems. For example, 
Liu and Wang (2008) proposed a one-layer NN with a 
hard limiting activation function. Their approach, 
however, has difficulty in handling general inequality 
constraints.  

Hu and Wang (2008) proposed a simplified dual 
neural network for optimal QP problems. Its dynamic 
equations are described as follows: 

State equation: 
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Output equation: 
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Herein ε is a positive constant, E is the inequality 
constraint matrix as given in Eq. (19), h(x) is the 
activation function of the neuron, with 
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y is the dual variable of the original optimization 
problem, and z is the original optimal variable. In this 
dual neural network, y is the state vector and z is the 
output vector. 

This simplified dual neural network can be used 
to deal with optimal QP problems with inequality 
constraints. In this study this neural network is used to 
solve QP problem (19) in MPC.  

The MPC scheme for nonlinear affine systems 
based on recurrent neural network (20) is summarized 
as follows:  
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1. Let k=1, and set MPC parameters prediction 
horizon Np, control horizon Nu, sample period τ, 
weight matrices Q and R, and neural network pa-
rameter ε. 

2. Calculate process values G, ,C  ,f  W, c, E, 

and b. 
3. Solve quadratic problem (19) using neural 

network (20) to obtain optimal control action ( ).ku   

4. Use the first element u(k) of ( )ku  to control 

the system. 
5. k=k+1, and go to step 2. 
Because of the inherent nature of parallel and 

distributed information processing in neural networks, 
the proposed MPC based on neurodynamic optimi-
zation has much higher optimization speed than the 
normal MPC. Moreover, a neural network can be 
implemented by hardware, with much higher running 
speed than on an electronic computer. 

 
 
4  Simulations 

 
Simulations were implemented using the pro-

posed MPC method based neural network optimiza-
tion. The model (7)‒(11) of the injection molding 
process was discretized as a discrete-time nonlinear 
affine system using a sampling period τ=0.005 s and 
Euler approximation: 
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T

v D[ / , 0, 0, 0, 0] .K Tg                     (24) 

 
System output is x3, which is the speed of the 

injection hydraulic actuating cylinder. C=[0, 0, 1, 0, 

0]. Parameters used in the simulations are given in 
Table 2. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The constraints were set as −500≤u≤500, 0≤y1≤ 
500 mm/s. In the simulation, the initial states were  
[0, 0, 0, 0, 0]T, the prediction horizon and control 
horizon were Np=20 and Nu=5, respectively, the 
weighting matrices were Q=I and R=0.1I, and ε=104.  

First, a step response with the proposed MPC 
method and PID method was tested and the results are 
shown in Fig. 2. PID parameters were adjusted using 
the Simulink tool in MATLAB. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Then a varying periodic response was tested 
with the proposed MPC method and PID method. The 
set outputs were 20, 40, and 30 mm/s. The output 
response and optimal input are shown in Figs. 3 and 4. 
Fig. 3 is the periodic response comparison of PID and 
MPC, and Fig. 4 shows the periodic response outputs 
and optimal control outputs of the proposed MPC. 

Table 2  Values of simulation parameters 

Symbol Value 

A1 3342 mm2 

A2 201 mm2 

Kr 0.9 

l0 100 mm 

M 8.663 μg 

R 2 mm 

α10 17 045 mm3 

α20 11 678 mm3 

β1 1120 MPa 

β2 1120 MPa 

n 0.822 

s 1.216 

η 4.6×10−3 MPas 
Qp 16.67 mm3/s 

Fig. 2  Step response with the proposed method and PID
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Fig. 2 shows that the proposed MPC method has 

a smaller response time and smaller overshoot than 
the PID method. Fig. 3 shows that the response speed 
of MPC is much higher than that of PID in terms of 
periodic response. Fig. 4 shows that the proposed 
MPC method follows the set points exactly. The sim-
ulation results show that the proposed MPC method 
based on the neural network results in a more desir-
able performance. 

 
 
5  Conclusions 

 
In this paper we propose a servo motor driven 

constant pump hydraulic system for the injection 
molding machine. The model of the injection molding 
process based on the proposed hydraulic system was 
described. An MPC based on neurodynamic optimi-
zation was used to control this injection molding 
process. Simulation results showed that the proposed 
MPC method based on neurodynamic optimization 

has achieved a satisfactory performance. Using the 
neurodynamic optimization method as an online 
optimizer of MPC improves the optimization speed of 
MPC. The proposed MPC based on the neurodynamic 
optimization method can be used in some quick re-
sponse process fields.  
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