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Abstract. The operation optimization of thermal power units is of great significance for 
energy saving and consumption reduction. Under certain boundary constraints, 
determining the target value of adjustable parameters is the key to optimal operation of 
the unit. The basic method is to analyse the historical operation data, from where select 
the data with the best performance indicators in all range of working condition as the 
target sample, to establish the model between the boundary parameters and the 
adjustable parameters. The most difficult step is to solve the conditional probability 
distribution of the performance parameters with respect to the boundary parameters. In 
this paper, a hierarchical regression method is proposed to slice the raw data about the 
performance index, and the historical data is conditionally segmented. Based on this, a 
modelling framework is designed for the target value of the adjustable parameters of the 
thermal power unit. Finally, the operation data of an ultra-supercritical 1000MW 
thermal power unit is selected for verification. The results show that the method has the 
advantages of stable, and can provide the adjustment direction for the optimal operation 
of thermal power units.  

1.  Introduction 
In recent years, in response to the pressure of pollution control, the requirements for energy-saving and 
emission reduction of thermal power units have been further improved. As for the energy-saving 
renovation is basically completed, refined operation has become the most urgent work [1]. At present, 
the adjustment of operating parameters is based on the operating personnel's experience or the set values 
of procedures. The set values make the unit stable and safe in operation, but is difficult in keeping state 
optimal. Due to the variation of the type of thermal power units, the condition of different power plants 
varies a lot. With many parameters to be optimized, the operation optimization needs to be customized 
according to the conditions of each factory. This is undoubtedly a complicated project. 

The research of thermal power unit operation optimization is getting attention. Based on the 
mechanism of thermal system, many scholars use the design data or experiments data to carry out 
modelling research. In [2], the minimum coal consumption is taken as the objective function, and three 
sub-systems are optimized to determine the target values of the key parameters in each system. In [3], 
the target performance value and various losses are determined by simulation. The above methods have 
simplified assumptions about mathematical models, which have limitations in complex boundary 
conditions. 
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In recent years, with the accumulation of data, scholars do research on power plant operation 
optimization based on data mining [4,5]. In [4], multi-feature parameters are clustered by K-means 
algorithm and their reference values are determined. The key of above research method is how to 
determine the target value of efficiency index. It has certain reference for the operational personnel, but 
how to improve the current efficiency of the unit is still the problem. 

To solve the above problems, this paper proposes a hierarchical regression method, sliced all data 
samples according to energy efficiency in full range of conditions for mining high level operational data. 
Based on the algorithm, a target value modelling framework for adjustable parameters of thermal power 
units is proposed. Finally, the framework is applied to establish the target value model of an ultra-
supercritical 1000MW thermal power unit. 

2.  Methodology 
Data driven target value model refers to the mapping from boundary parameters to target values. The 
training sample of boundary parameters - target value pairs comes from the historical data of better 
operational level. These historical data is taken from the data slice with better performance indicators 
obtained by the hierarchical regression. This section introduces hierarchical regression and target value 
modelling framework. 

2.1.  Hierarchical regression 
The operating status of equipment are different even under the same boundary conditions. In the 
historical data, due to the different values or combinations of adjustable parameters, the performance 
have a certain range of variation, showing a specific data distribution pattern with statistical 
characteristics.  

To analyze the variation of performance index with boundary parameters in the whole working 
condition, is to solve the conditional probability density function of performance parameters with respect 
to boundary parameters, as shown in Eq. 1. 

 
𝐸(𝑃|𝐵 = 𝑏) = ∫ 𝑝𝑓௉|஻(𝑝|𝑏)𝑑𝑝

௉
                      (1) 

 

Where 𝐵  is the boundary parameters, 𝑃  is the performance parameters. 𝑓௉|஻(𝑝|𝑏) =
௙ು,ಳ(௣,௕)

௙ಳ(௕)
, 

where 𝑓஻(𝑏) gives the density of 𝐵. 
There are two main methods for solving the probability density function [6]. One is assuming the 

probability density function, to solve the statistical parameters directly. The typical method is maximum 
likelihood estimation. The other is to solve the data distribution directly and establish a mapping 
relationship between the known distribution and the target distribution. The typical method is generating 
model.  

Particularity of modelling problems with target values, the data hierarchical regression method is 
designed, which only solve the conditional expectation of data distribution [8], as shown in Equ. 2, 
avoiding the complexity of solving the conditional probability density function. 

 
𝛽መ = arg min

ఉ
(|𝑝 − 𝑝̂|ଶ)                         (2) 

 
Where 𝑝̂ = 𝑓(𝑏, 𝛽) is regression model, 𝑏 is boundary parameter, 𝑝 is performance parameter, 

𝑝̂ is an estimate of the expected performance parameter, 𝛽 is the parameter of regression model，𝛽መ  is 
an estimate of the model parameters. 

After first regression of all samples, the raw data is divided into upper and lower slices along the 
performance parameter direction. Then use the upper and lower slices of the data to establish two other 
regression models respectively, to divide the data into more slices [7]. After 𝑛 rounds of hierarchical 
regression, the data is divided into 2௡ slices, as shown in Fig. 1, where 𝑛 = 2. 
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Figure 1. Divided raw data by hierarchical regression for 2 rounds. 

2.2.  Target value modelling framework 
Based on the hierarchical regression, the samples can be divided into multiple groups along the direction 
of performance parameters, which is convenient for obtaining sample slices with higher operation level 
beyond other samples.  

Extracting the adjustable parameters and boundary parameters from these data as training samples, 
a target value regression model can be established. The specific modelling framework process is shown 
in Fig. 2. 
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Figure 2. The flow chart of target value modelling framework. 

 
Noted that in the hierarchical regression step, all of the raw data is used, where taking the boundary 

parameters as features and the performance parameters as labels. In the target value modelling step, only 
the high level operational data is used, where taking the boundary parameters as features and the 
adjustable parameters as labels. 

3.  Case Study 
In order to demonstrate the effectiveness of the hierarchical regression and target value modelling 
framework proposed in this paper, two cases are designed in this section.  

Case 1 is the hierarchical regression for different standard distribution of boundary parameters and 
performance parameters, respectively. Case 2 is a modelling example of the oxygen content target value 
of an ultra-supercritical 1000MW thermal power unit. 
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3.1.  Standard distribution hierarchical regression 
For steady thermal system, performance and boundary have a fixed relationship. However, since the 
distribution of boundary parameters and adjustable parameters are determined externally, the 
distribution of samples varies in different periods. The hierarchical regression proposed has good effect 
on different distributions, which has a good stability in applications. 
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Figure 3. The results of the hierarchical regression for different distribution combinations of boundary 
parameter and performance parameter. 

 
Assuming the performance and boundary satisfy the uniform distribution and the normal distribution 

respectively, the results of the hierarchical regression are shown in Fig. 3. It can be seen that the sample 
distribution has little effect on hierarchical regression. 

3.2.  Oxygen content target value modelling example 
Collect historical data (dynamic process data is rejected) from an ultra-supercritical 1000MW thermal 
power unit, taking boiler efficiency (positive balance) as performance parameter, load as boundary 
parameter, and oxygen content (economizer outlet) as adjustable parameter [9,10].  
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Figure 4. Oxygen content target value modelling. 

 
Divide the raw data into 4 data slices along the boiler efficiency with hierarchical regression. Using 

the level 1 data slice (maximum boiler efficiency), a mapping from load to oxygen content is established, 
as shown in Fig. 4, which is the target value model of oxygen content with respect to load. 

4.  Conclusion 
Considering that the distribution of performance parameters in the steady state historical data of thermal 
power equipment under the same boundary conditions depends on the changes of adjustable parameter, 
hierarchical regression method is proposed to slice data along the direction of thermal power unit 
performance indicators into data sets with different operating levels. Based on the hierarchical regression, 
a thermal power unit target value modelling framework is proposed. 

The hierarchical regression method is stable to the variance of the distribution of samples. The target 
value modelling framework is efficient and easy to implement. The cases prove that the method 
proposed in this paper has high practical value. 
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