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1. Introduction 

The increasing demand for energy requires the 

power system to balance power supply and demand, mean-

while maintaining high energy conversion efficiency. At 

present, vast majority of countries around the world are vig-

orously promoting environmental protection and economy 

of generating process. While, coal-based energy structure 

determines that thermal power generation is the main mode 

of electrical power production in China. And in the future 

for a long time, this situation that Chinese electric power 

industry will give priority to coal-fired thermal power unit 

will not change. Power plant as a large energy consumption, 

therefore, should not only ensure the efficiency of power 

plant production, but also save energy and reduce environ-

mental pollution. It is necessary to strengthen the work of 

energy saving and emission reduction to effectively improve 

the thermal efficiency of boilers, and increasing the capacity 

of a single unit to develop clean coal power generation tech-

nology is an effective means. Ultra-supercritical units with 

high cycle thermal efficiency and low pollutant emission 

have gradually become the mainstream of coal-fired power 

plants. The current level of boiler units has reached the su-

percritical ultra-supercritical level, however, with the in-

crease of the capacity scale of a single unit, which has now 

reached the 1000 MW level, the unit system and boiler 

structure become increasingly complex and large. In the 

process of power plant production and operation, the flexi-

bility of thermal power plants is primarily constrained to 

safety issues, and the stability of key parameters should be 

maintained, so it is necessary to achieve effective and stable 

control of the water-to-coal ratio during the operation of the 

unit [1]. 

The water-coal ratio control output indicates the 

deviation degree of the ratio of feed water and fuel during 

unit operation, regulating the water-coal ratio is one of the 

major difficulties in power plant control and is the key to 

regulating once-through boilers, the control level of water-

coal ratio is the restriction factor to improve the control level 

of the whole unit, for which it is important to choose the 

appropriate control strategy for the production of the power 

plant. Ultra-supercritical once-through boiler is a complex 

system with strong coupling and nonlinear multi-parame-

ters. It is the guarantee of safe, economical and stable oper-

ation for the boiler to measure its water-coal ratio quickly 

and accurately. In Ref. [2], a new control method of burning 

water ratio is proposed in which both fuel quantity and feed 

water flow are involved in intermediate point temperature 

correction, so that the total control gain and system stability 

of the entire fuel-water ratio regulation system remain un-

changed. The decoupling circuit from the feed side correc-

tion amount to the fuel side is further added to the control 

logic, which can eliminate the disturbance of the unit load 

and vapor pressure caused by the feed water flow adjust-

ment of the fuel flux ratio. Ref. [3] proposed a coordinated 

decoupling control strategy for adjusting the amount of coal 

feed and water flow at the same time, and the generalized 

prediction controller is used in the feedback loop to improve 

the control performance of the separator temperature. Ref. 

[4] proposed an improved water-fuel ratio (WFR) control 

strategy based on heat storage differences and tested it on an 

established coal-fired power plant model. The results show 

that the cumulative deviation between the load rate com-

mand and the real-time load rate during the load cycling pro-

cess is significantly reduced after the introduction of the 

proposed WFR control strategy. Ref. [5] developed a de-

tailed dynamics model of a supercritical coal-fired boiler in 

Dymola and established the necessary control model. A 

first-order inertia compensation element was developed 

prior to the water flow rate command, which effectively im-

proved the water-fuel ratio control performance. However, 

as the rate of load change increases, the deviation of the tran-

sient process of thermodynamic parameters increases, and 

the time required for stabilization is prolonged. 

Since then, many domestic and foreign experts 

have conducted a lot of research on the water-coal ratio con-

trol problem, however, due to the different response speed 

of supercritical unit output to coal feed volume and feed wa-

ter flow instructions, it is difficult for the existing control 

scheme to quickly stabilize the unit output. Currently com-

monly used control methods include fuzzy control [6,7], in-

verse control [8], neural network control [9], fuzzy neural 

network [10]and so on. Among them, the neural network has 

excellent learning and approximation ability for nonlinear 

functions and strong self-adaptive ability. The method of in-

verse control is based on the controlled object to build an 

inverse model to compensate for the controlled object, mak-

ing the object become a system with linear relationship. The 

physical concept of the method is clear and easy to be un-

derstood. Therefore, the inverse model control method of 

neural network can combine the common advantages of the 

two control methods, the expression ability of neural net-

works is used to approximate unknown distributions and 

solve inverse problems related to stochastic models [11]. 

Ref. [12] provides an inverse model-based Iterative Learn-

ing Control (ILC) nonlinear system for unknown Multiple-

Input Multiple-Output (MIMO) using Neural Networks 

(NNs), where a novel gradient adaptive law is used to update 

the NN weights of the hidden and output layers to achieve 
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faster convergence. Widaryanto et al. applied the inverse 

model control of the nonlinear process of artificial neural 

networks to the inverse object modeling of the rudder model 

ship, and the model performance was satisfactory [13]. 

Ishitsuka et al. used neural network terminology for inverse 

modeling of natural state geothermal systems and showed 

that the method outperforms conventional neural networks 

in terms of prediction accuracy, with a significant reduction 

in the predicted temperature error in the undeveloped region 

[14]. The control system using Elman recurrent neural net-

work as a direct inverse control scheme for attitude and 

height control of quadcopter UAV is proposed, and experi-

ments prove that it has reasonable errors [15]. M. A. Perez-

Villalpando used an inverse optimal controller to track the 

water level of hydropower stations, combined with a recur-

rent neural network based on feature engineering techniques 

to help the system predict and manage external disturbances, 

and the combined control scheme exhibits good perfor-

mance in the presence of parameter changes and external 

disturbances [16]. In addition to wind power, hydropower, 

ships, and drones, researchers have also used NNI models 

to solve control problems in supercritical units. Ma, Liangyu 

established a dynamic fuzzy neural network (DFNN) in-

verse model of supercritical unit load and main steam pres-

sure, then conducted simulation experiments on 600-MW 

supercritical units. Compared with the original PID control, 

the DFNN reverse control method greatly improves the 

speed of load regulation and the stability of steam pressure 

[17]. Prof. LeeK.Y firstly used the inverse control method 

of neural network in supercritical unit superheat steam tem-

perature control and developed a coordinated control opti-

mization system with intelligent nature [18]. In order to 

achieve the control of water-coal ratio effectively during the 

coal-fired power generation process, this paper presents a 

neural network inverse system scheme for the control of the 

water-coal ratio of ultra-supercritical units. 

2. The model for the water-coal ratio system of an ul-

tra-supercritical unit 

The subject of this paper can be viewed as a three-

input, three-output multi-variable regulation object, where 

the inputs are water feed W, coal feed B, desuperheating wa-

ter flow Wj, and the outputs are mid-point temperature Tm 

(micro-superheated steam temperature at the separation), 

main steam pressure PT, and superheated steam temperature 

T. Since the effect of desuperheating water flow Wj on main 

steam pressure and mid-point temperature Tm is negligible, 

in order to make the discussion easier, we simplified the 

problem to a two-input, two-output system model [19], as 

shown in Fig. 1. 

 

Fig. 1 Block diagram of the water and coal feed system 

According to the data given in the [20] for the field 

operation of the power plant, the MATLAB identification 

toolbox was used for the identification of the system, and 

the transfer function of the mathematical model of the wa-

ter-coal ratio system was derived as: 
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3. Neural network inverse model control methods 

3.1. Inverse systems for nonlinear systems 

Inverse is a concept with a broad meaning, in the 

field of functions it includes functions and inverse functions, 

in the field of matrices it includes matrices and inverse ma-

trices. An inverse system is a system with dynamic pro-

cesses and it contains two different modes of operation: a 

left inverse system and a right inverse system. Its structure 

is illustrated in Fig. 2. 

 

Fig. 2 Left system and right inverse system 

For the inverse system is defined as follows [21]. 

Let the system a, its input is =u   . Here the input 

(t) = (1, 2, …, q)T is the initial value that satisfies the 

initial value condition of the system , x(t0) = x0. The output 

is u(t) = (u1, u2, …, up)T. If you take 
( )( ) ( )dt y t = , 

(t) = (1, 2, …, q)T. That is, i is defined as the deriva-

tive of the order i of ydi and the operator  satisfies the 

following equation: 

 
( )( )d dy u y


           = = = =   
. (2) 

Then the system a is said to be the  order inverse 

system of the original system . As shown in Fig. 3, the sys-

tem is a unitary inverse system when  = 0. 

In general, when the -order inverse system of a 

system exists, its unitary inverse system also exists. And 

there is interconversion between the two. Take a single-in-

put single-output system for example, the conversion rela-

tionship between the two inverse systems is shown in Fig. 4. 

For the -order inverse system, the unitary inverse system 

is formed by a series of  differential links in front of it 

(Fig.4, a); for the unitary inverse system, the unitary inverse 

system is formed by a series of  integral links in front of it 

(Fig.4, b).  

3.2. Structure of the inverse neural network model 

Fig. 5 shows a simple neural network inverse sys-

tem containing a static neural network and a series of inte-

grators,   where  the properties   of the inverse system deter- 
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Fig. 3 Unit inverse system with -order inverse system (a) 

and its composite system (b) 

 

a 

 

b 

Fig. 4 Diagram of the transformation relationship between 

two inverse systems: a – the unit inverse system, b – 

the -order inverse system 

 

Fig. 5 Schematic diagram of the basic structure of a neural 

network inverse system 

mine thenumber of integrators. The static neural network 

has only the current input signal information and no signal 

feedback, the structure is relatively simple, and only the 

static network will have an impact on the approximation of 

the non-linear system, with a single nature. However, in 

practical industrial production, the systems are mainly dy-

namic nonlinear systems, relatively complex, so it is neces-

sary to add integrators before the static neural network to 

characterize the dynamic characteristics of the inverse sys-

tem, thus forming a dynamic neural network, realizing the 

static and dynamic characteristics of the inverse system 

completely [22].  

3.3. Neural network inverse system control methods 

As shown in Fig. 6, for the invertible multi-input 

multi-output nonlinear system, its neural network inverse 

system consists of a static neural network and a dynamic 

neural network composed of several integrators, which is 

connected in series with the original system, then the con-

trolled system is linearized and decoupled to form a pseudo-

linear composite system. Next, an additional closed-loop 

controller is designed for each linear subsystem to form the 

neural network inverse composite controller together with 

the neural network inverse system, so as to obtain excellent 

static and dynamic characteristics and anti-interference abil-

ity [22].  

 

Fig. 6 Schematic diagram of a neural network inverse com-

posite controller 

Due to various factors in practice, the pseudo-lin-

ear system formed by connecting the neural network inverse 

system in series with the original system is not an ideal sim-

ple linear system. If the neural network inverse system is 

simply used as the controller to form the open-loop control, 

the control effect is often poor. Therefore, additional con-

trollers should be designed to form closed-loop control for 

the linear subsystem after linear decoupling, and the com-

posite controller is formed with the neural network inverse 

system. 

4. Modelling of the inverse water-coal ratio by neural 

network 

The control scheme in this paper requires inverse 

modelling of the controlled object, and according to the def-

inition of inverse, we can design an inverse model of the 

positive model, as shown in Fig. 7. 

 

a 

 

b 

Fig. 7 Positive and negative models: a – positive model,  

b – inverse model 

Due to the complexity of the water-coal ratio sys-

tem, the neural network toolbox was used for learning and 

training to build a neural network water-coal ratio non-lin-

ear inverse model. The input data of the neural network in-

verse model is then the output data of the study object; the 

output data is the input data of the study object. 

For nonlinear, coupled water-coal ratio control sys-

tems, all the data is used to learn and train to build the in-

verse water-coal ratio system, and the algorithm can fit it 

better, as shown in Fig. 8.  

The established neural network inverse system is connected 

in series with the original system, where the input is the sys-

tem step signal, the results are shown in Fig. 9. It can be seen 

from the figure that the water-coal ratio pseudo-linear com-

posite system has become a linear unit system, so when de-

signing additional controllers, an integrator is added after 

each additional controller to form the dynamic characteris-

tics of the system. 
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Fig. 8 BP network fitting results and errors 

 

a 

 
b 

Fig. 9 Response diagram for pseudo-linear composite sys-

tem with coal to water ratio: a – mid-point tempera-

ture response curve, b – main steam pressure re-

sponse curve 

5. Simulation experiments 

Following the control principles designed in the 

paper, we will simulate and design the control system for 

the proposed two-input, two-output boiler unit model. As 

shown in Fig. 10, the box in front of the controlled object is 

the identified neural network inverse model. Combined with 

the previously mentioned, the application of the inverse 

model can eliminate the nonlinear links of the control sys-

tem, that is, the control system is approximately linearized, 

which greatly reduces the effect of system nonlinearity. 

 

Fig. 10 Neural network inverse model control simulation 

 

a 

 

b 

Fig. 11 Response curves comparison of neural network in-

verse model control and PID control: a – mid-point 

temperature response curve, b – main steam pres-

sure response curve 

According to Fig. 11, it can be intuitively seen that 

the overshoot of the neural network inverse model control 

system is smaller and the response time to reach the steady 

state is shorter than that of the ordinary PID control, and in 

general, the control performance of the neural network in-

verse model control is much better than that of the ordinary 

PID control. 

5.1. Interference resistance 

A 10% step disturbance in both water and coal feed 

was added to the control system, where the disturbance time 

was 600 s, observe the response curve. As shown in Fig. 12, 

under the disturbance, the ordinary PID control system will 

oscillate. Therefore, compared with PID control, the neural 

network inverse model control will have better anti-interfer-

ence ability. 

5.2. Robustness 

The robustness of the system is verified by vary-

ing the constants of the transfer function of the controlled 

object. 
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Fig. 12 Response curves comparison of NNI model control 

and PID control with disturbance: a – mid-point 

temperature response curve, b – main steam pres-

sure response curve 

The simulation results are shown in Fig. 13. The 

neural network inverse model control is compared with the 

ordinary PID control system, and although the neural net-

work inverse model control system has overshoot, the time 

to reach steady state is shorter, and the ordinary PID control 

system curve exists oscillation. In short, it can be intuitively 

seen that the neural network inverse model control system 

is more robust than the ordinary PID control system, and the 

control effect is better. 

6. Conclusion 

As the boiler water-coal ratio control system has 

many characteristics such as non-linearity coupling and so 

on, the paper uses the neural network toolbox for data train-

ing and learning, establishes a neural network inverse model 

to eliminate the nonlinearity and coupling of the system and 

adds a linear controller to the system to form a neural net-

work inverse composite controller. Combined with the sim-

ulation test results, the inverse neural network model control 

method can achieve better control results in the control of 

water-coal ratio in ultra-supercritical units. Compared with 

the conventional PID control, it is obvious that the neural 

network inverse model control is more excellent in terms of 

anti-interference and robustness. 

Data Availability Statement 

The data that support the findings of this study are 

available from the corresponding author upon reasonable re-

quest. 
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Fig. 13 Response curves comparison of NNI model control 

and PID control with varying time constants:  

a – mid-point temperature response curve, b – main 

steam pressure response curve 
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T．Xie, N. He, Q. Xie, W. Wang 

WATER-COAL RATIO CONTROL STRATEGY OF 

ULTRA SUPERCRITICAL UNIT BASED ON NEURAL 

NETWORK INVERSE MODEL 

S u m m a r y 

Since the boiler water-coal ratio control system is 

a complex system with the characteristics of non-linearity 

and strong coupling, water-coal ratio control is one of the 

most difficult problems in the coal-fired power generation 

process control engineering, whose control strategy is of 

great importance. While, in order to achieve the control of 

water-coal ratio effectively during the coal-fired power gen-

eration process, the neural network inverse system scheme 

is proposed for the control of the water-coal ratio of ultra-

supercritical units. Firstly, the model for the water-coal ratio 

system of an ultra-supercritical unit is presented in allusion 

to the characteristics of the water-coal ratio control system. 

Then the concept of the neural network based inverse sys-

tem, the principle and method of the design of the neural 

network inverse controller are discussed. Finally, the control 

scheme is verified by establishing neural network inverse 

system on MATLAB toolbox. The experimental results 

show that the neural network based inverse system models 

has better control effect in terms of anti-interference ability, 

stability time than that of PID control system. 

Keywords: ultra-supercritical unit, water-coal ratio control, 

neural network inverse model, simulation. 
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