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SUMMARY: Selecting the gas-steam hybrid cycle as the research target, the mathematical 

model of the unit and the system is created. To compensate for the weaknesses of the BP neural 

network, the gravitational search method is employed to optimize the BP neural network, thus 

creating a GSA-BP gas unit condition monitoring and prediction model. The power station's 

operational data over a period of around one year was selected, and 2,732 effective samples 

were obtained as research materials. Tests show that the forecasting error of the gas turbine's 

output power can be steadily maintained below 0.5 MW, and the GSA-BP model is capable of 

accurately reflecting the characteristics of the unit under different loads. Based on the basic 

principles of the bidirectional RRT algorithm, the improved bidirectional RRT algorithm is 

proposed based on artificial potential field theory. The simulation test in the scenario of gas 

unit inspection shows that the improved bidirectional RRT algorithm performs better than the 

traditional RRT algorithm and bidirectional RRT algorithm in terms of optimal performance 

and planning speed. Finally, the intelligent inspection cockpit platform of gas units is developed. 

This intelligent inspection cockpit platform is of great significance to the transformation of the 

operating and maintenance shift mode and improving the automation level of operating and 

maintaining. 
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1 Introduction 

Nowadays, in the rapid development of society, energy has become an indispensable part of the 

development of human civilization. Nevertheless, fossil fuels, especially natural gas, remain 

responsible for over 80% of the global energy consumption needs, and they represent finite 

resources that make the expansion of conventional energy systems rather difficult [1, 2]. 

Therefore, constructing a new type of power system, improving the efficiency of natural gas 

utilization, and vigorously developing clean and efficient natural gas power generation 

technology is the necessary way to transform the energy structure [3, 4]. 

The gas-steam combined cycle power generation technology provides another efficient 

approach towards the creation of green energy technologies based mainly on natural gas. It 

demonstrates a set of considerable benefits, including low levels of greenhouse emissions, 

higher generation efficiency, flexibility in operation and shorter construction period and higher 

rates of investments return on investment. Thus, it can be considered suitable for the 

development of new power systems [5-9]. As mentioned above, the construction of the gas-

steam combined cycle generating unit involves the installation of multiple units, including the 
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gas turbine that serves as the core equipment in terms of its importance for the whole plant. Its 

proper operation directly influences the safety and productivity of the plant itself [10-12]. 

Under normal operating conditions, air and natural gas are regularly supplied into the 

combustion chamber, mixed, combusted and converted into high temperature gases, which, 

after the turbine expansion, are converted into mechanical energy. This type of energy activates 

the process of compression and the process of generation of electricity starts [13-17]. 

It is because of the importance of the gas unit, but also because of the high price of the gas 

unit equipment, for its inspection and operation and maintenance is very necessary, which can 

not only significantly reduce the maintenance expenses of the power plant but also increase the 

life expectancy of the gas unit [18-20]. However, the traditional gas unit inspection is based on 

manual inspection and vibration monitoring system, the manual inspection time is longer, and 

the monitoring system is insufficient to capture and diagnose small defects, it is difficult to 

adapt to and meet the complex operating environment of the gas unit equipment and the data 

island effect [21-23]. The smart power plant, as the development direction of the power 

enterprise in the next decade, is based on the foundation of enterprise digitalization and 

informatization construction, which organically integrates the cloud platform, Internet of 

Things, robotics, artificial intelligence and other advanced technological means with the safety 

production and operation control of traditional electric power enterprises, so as to keep the 

power plant in a good operating state of high security, good economy, green environmental 

protection, and strong adaptability [24]. Based on this background, the innovation of gas unit 

inspection mode and the construction of inspection cockpit platform to realize the intelligent 

upgrade of gas unit. 

In this study, the first task was to construct a state prediction model of the gas-steam co-

generation unit, aiming at the understanding of the working features of the entire unit. Next, a 

model of the gas unit status identification was built using the combination of the GSA algorithm 

and the BP neural network. Through the selected characteristic parameters, then using SIS to 

observe the operation of the unit, determine the time range of the data samples, and complete 

the optimization of the network parameters, set up experiments to analyze the performance of 

GSA-BP. Besides, a new approach to UAV-assisted gas unit inspection route planning based on 

the bidirectional RRT algorithm has been put forward. The novel algorithm has taken advantage 

of the artificial potential field theory to enhance the classical bidirectional RRT algorithm. The 

proposed method has been compared with the RRT algorithm and the traditional bidirectional 

RRT algorithm. Finally, a gas unit intelligent inspection cockpit platform is constructed to 

improve the intelligence and automation level of gas unit operation and maintenance. 

2 Mathematical modeling of gas units 

2.1 Gas-fired combined cycle units 

Gas-steam combined cycle unit configuration includes two main components: gas turbine cycle 

that operates as an open cycle and steam power cycle as a closed cycle. Steam power cycle 

utilizes the exhaust waste heat from the gas turbine cycle to increase the efficiency of the entire 

unit. A usual configuration includes one gas turbine, one steam turbine, one waste heat boiler, 

and two generators. The unit features a two-shaft scheme with 3,000 revolutions per minute 

rated speed. Natural circulation waste heat boiler with non-compensated steam is used here, 

while the steam turbine represents double cylinder construction when both high-pressure and 

low-pressure steam enter the turbine to perform work. During normal operation, turbine control 

valve is opened completely and the unit works at sliding pressure. In its turn, the turbine does 

not participate in load control, and load control is performed by the gas turbine.  
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2.2 Mathematical modeling of the system 

Figure 1 shows the mathematical model of the traditional gas-steam combined cycle unit. The 

model uses some simplifications for the unit, thus lowering the overall complexity of the unit. 

The main elements of the model are: fuel supply module, compressor inlet guide vane  IGV  

module, exhaust gas temperature module, gas turbine output module, waste heat boiler and 

turbine module, and speed load control module. Gas turbine air flow  W , gas turbine fuel 

flow  FW , gas turbine heat power  GTQ , gas turbine exhaust heat  EQ , gas turbine output 

power  GTP  and steam turbine Output power  STP  and other parameters are normalized by 

rated operating conditions. 
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Figure 1: Simplified Mathematical Model of Gas-Steam Combined Cycle Unit 

The basic working principle of the control mechanism of the model is described below. 

Both the speed signal and the exhaust gas temperature signal are processed using the low value 

selector, and then fed into the fuel supply module. The fuel supply module provides fuel flow 

signals to the gas turbine output module, which contains the fuel conditioning coefficients, 

valves and fuel system. The inlet guide vane module provides air flow signals for the gas turbine 

output module, which contains air control coefficients, air deviation upper and lower limits and 

inlet guide vane openings. The exhaust temperature module includes the radiant shield and 

coupled heat exchanger, provides the exhaust temperature deviation signal for the inlet guide 

vane module and outputs the exhaust temperature signal to the low value selector through the 

exhaust temperature control link. The gas turbine output module includes the gas turbine 

internal calculation module F  and air volume link. There are three inputs in the module F  
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from the inlet guide vane module, the fuel supply module and the given ambient temperature, 

and after internal calculation, the three outputs are output to the exhaust temperature module, 

the air volume block, waste heat boiler, and turbine module are used to process signals 

individually. The thermal power of gas turbine flows through the air volume block to acquire 

output power of gas turbine, whereas the exhaust heat flows through the waste heat boiler and 

turbine module to produce output power of steam turbine. Rotational speed load module 

acquires output power of both gas turbine and steam turbine and processes speed signal to the 

low value selector. 

The calculation formula within the module F  is: 

 
1

1d i

c

x
T T



 
  

 
 (1) 

where: dT  for the outlet temperature of the press, K ; x  for the ratio of the press import and 

export temperature; c  for the press efficiency, generally take 0.85 ~ 0.9. 
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where:   denotes the pressurizer pressure ratio;   denotes the ratio of specific heat capacity 

at constant pressure to specific heat capacity at constant volume. 
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where: 
fT  denotes the turbine inlet temperature, K; Tf0T_{f0} Tf0 denotes the rated turbine 

inlet temperature, K ; 0dT  denotes the rated pressurizer outlet temperature, K . 
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where: eT  denotes the turbine exhaust temperature, K ; 
fT  denotes the turbine inlet 

temperature, K ; t  denotes the gas turbine efficiency; the value adopted within this interval 

is generally taken to be equal to the compressor efficiency. 

 0 ( ) ( )GT f e d iQ K T T T T W       (5) 

where: 0K  is the output coefficient of the gas turbine; dT  is the pressurizer outlet 

temperature, K ; and iT  is the ambient temperature, K . 

 1E eQ K T W  (6) 

where: 1K  is the steam power cycle output coefficient. 

In modeling the steam power cycle, the waste heat boiler and the turbine are regarded as 

inertial links without taking into consideration the dynamics of these components. In this case, 
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the accuracy of the model is bound to be reduced to some extent. 

3 UAV-based gas unit condition inspection 

3.1 Principles of GSA-BP 

3.1.1 BP Neural Network 

BP neural network modeling consists of two processes when training the network. These two 

processes include signal forwarding and error forwarding processes. Signal forwarding sends 

signals forward to the output from the hidden layer. The moment when the difference between 

the output and target results is too wide, error forwarding will take place. While doing so, the 

network's weights continue changing till they get optimized. The whole process repeats itself 

many times until the difference between the output and the desired results fulfills the stopping 

condition. 

Given an input sample 1 2, , , nx x x
,
 the forward propagation process initializes the weights 

1 2, , , nw w w  and the threshold  , and the input values of neurons in the hidden layer are then 

obtained by computing the samples against the initial weights and threshold, as shown in 

Equation (7): 

 
1

n

j i i j

i
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

   (7) 

When the model is a multi-layer implicit layer structure, the next layer of inputs is computed 

based on the current inputs, as shown in equation (8): 
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Output values across all layers are obtained through the above equation. The output value 

is labeled as 
* , and the discrepancy between this output value 

*  and the desired value   

is then computed, as given in Equation (9): 

  
2

*

1

n

i

  


   (9) 

Based on the error  , the weights w  and threshold   are adjusted accordingly, 

transferring corrections from the output layer back to the input layer. Through this iterative 

cycle of forward and backward propagation, the BP neural network model achieves the 

selection and optimization of parameters, bringing the difference between the final output value 

and the expected value within the required tolerance range, thereby completing the training of 

the model. 

3.1.2 GSA Algorithm Flow 

In the case of the gravitational search algorithm (GSA), all particles considered possess mass, 

and during the whole process, their movement occurs in the absence of any resistance force. 

Each particle will experience an attractive force from all other particles present in the space 



Peng 

6 

towards the one possessing higher mass. This is because of the correlation that exists between 

the mass and fitness value of each particle; hence, the higher the fitness value, the larger the 

mass. As a result, particles with less mass slowly move towards the one having larger mass, 

leading to the discovery of the optimal point. The gravitational search algorithm entails the 

following procedure steps: 

Step 1: Initialize the location and acceleration of all particles in the algorithm and provide 

the number of iterations and other related parameters. 

Step 2: Determine the fitness value for each particle and calculate the gravitational constant 

based on the following equation: 

 
/

0( ) at TG t G e   (10) 

where: ( )G t  denotes the universal gravitational constant that varies with gravity; 0G  denotes 

the value of G  at the initial moment 0t ; T  is the maximum number of iterations; t  is the 

current time; and a  is the acceleration of the particle. 

Step 3: Calculate the mass of each particle from the computed fitness values using Eq. (11) 

and Eq. (12): 
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where ( )ifit t  denotes the adaptation value of the particle; ( )best t  denotes the optimal 

solution in t  moments; ( )worst t  denotes the worst solution in t  moments; and ( )im t  

normalizes to the adaptation value of the particle between  0,1 . 

Step 4: And calculate the acceleration of each particle using Eq. (13) to Eq. (16): 
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where:   denotes a very small constant; ( )ajM t  denotes the inertial mass of the acting object 

j ; ( )ijR t  denotes the Euclidean distance between objects 
jX ; ( )k

iF t  is the force acting on 

the object; and ( )iiM t  is the inertial mass of the object. 

Step 5: Calculate the velocity of each particle according to Eq. (17), and subsequently 

update the position of the particle: 

 
( 1) ( ) ( )

( 1) ( ) ( 1)

k k k

i i i

k k k

i i i

v t randv t t

x t x t v t

   


   
 (17) 

where: ( 1)k

iv t   and ( 1)k

ix t   are the velocity and position of the object after updating. 

Step 6: If the termination condition is not satisfied, return to Step 2; otherwise, output the 

optimal solution of the algorithm. 

The principle of neural network performance monitoring can be understood as follows: if 

the general approach of physical structure and modeling method is used, the modeling is 

difficult and not precise enough due to the complexity of the mechanism structure, the coupling 

between the parameters, and the difficulty of obtaining the physical parameters. Considering 

the dynamic system of the actual equipment as a black box, using the neural network algorithm, 

we don't need to care about the mechanism structure inside the black box, but only need to find 

the relevant characteristic parameters between the input and output of the black box, and 

through extensive training on normal operating data, the neural network model is capable of 

establishing the relationship between input and output data of equipment under normal 

conditions. A discrepancy will inevitably exist between the predicted output 1y  of the model 

and the actual measured output 2y , denoted as E . When the actual equipment state does not 

deviate considerably from the normal condition, E  remains within a very small range. Once 

the equipment begins to exhibit performance degradation, a threshold value L  is defined, and 

the system is considered to have developed an abnormality when E L . 

The flow chart of the condition monitoring system based on the GSA-BP neural network is 

shown in Fig. 2. 
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Figure 2: Power Prediction Model Flowchart 
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3.2 Data selection for the prediction model 

3.2.1 Selection of feature parameters 

Factors affecting gas turbine output work as well as exhaust temperature: ambient temperature, 

IGV opening, gas temperature, gas pressure, gas calorific value, and IGVM opening. 

3.2.2 Anomaly Rejection 

The first step is to preprocess the data and eliminate the abnormal data. Combined with the 

actual data analysis, this paper for the following data to be screened out: 

(1) Measurement point data for the null value NULL, due to the sensor or communication 

process of data loss. 

(2) A moment of measurement point data is greater than or less than the usual data by more 

than one order of magnitude, these data deviate from the normal data range, can be regarded as 

an isolated point, should be eliminated. 

(3) The gas unit current is 0 or negative, 0 means that the gas unit has stopped working, 

which is not possible in the operating state of the unit. 

3.2.3 Normalization 

It is necessary to apply uniform normalization to both the input and output samples of the GSA-

BP neural network. The normalization method used in this paper is the max-min algorithm, 

which aims to transform the data of each dimension (i.e., each row) in the dataset into the 

interval of  1,1  in order to eliminate the effects brought by the magnitude and the size of 

the values between the dimensional data. The formula is as follows: 

 1

min
2* 1

max min

p
p


 


 (18) 

where p  is the original vector prior to normalization, 1p  is the output vector after 

normalization, and max  and min  are the maximum and minimum values respectively. It is 

worth noting that when an S -shaped function is chosen as the activation function of the neural 

network, the data should be normalized to the  0,1  interval, given that its output value domain 

is  0,1 . 

It is clear that once the training phase of the neural network is completed after data 

normalization, then the test data must also be normalized, and the max and min values used in 

the process should match those used when normalizing the training data. This is because the 

output data generated by the neural network itself is normalized data. 

3.2.4 Data acquisition 

By querying the gas unit operation of the SIS platform of the power plant, it can be learned that 

the gas unit 9 of the power plant started to operate on May 27, 2021, and has been operating 

continuously for about one year since then, and the unit operation time is the operation time of 

the gas engine system. After the shutdown and maintenance, the state of the gas engine system 

put into operation is the best period, and hence the data gathered during this period may be used 

for the training of the neural network. Therefore, this paper reasonably selects the actual 

operation data under different load conditions (300mw-600mw) within one month at the 

beginning of the unit's operation, and avoids centralized selection, and excludes obvious 
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anomalies, so that a total of 2,732 effective data samples are screened in the end. In this case, 

2,428 sets of these data are used for training, while the other 304 sets of data are used as test 

data to test the training result of the neural network. 

3.3 GSA-BP Neural Network Parameter Selection 

3.3.1 GSA parameter selection 

The significance of the gravitational constant 0G  is the coefficient of the particle step size in 

the algorithm, for different functions, the selection of this parameter is too large or too small 

may produce diametrically opposite effects due to the fact that the distribution of their optimal 

solutions and the size of the solution space are different. Therefore, after many simulation tests, 

0 100G   is finally selected, which is also the most selected value by the original authors, 

including the related papers, and it makes the algorithm results more stable. 

The decay coefficient   is also a variable in the formula for calculating the gravitational 

constant, and it can be seen that   represents the rate of decay of the gravitational coefficient, 

which is the same as other population optimization algorithms that use the decreasing step 

method to improve, and this factor in the gravitational algorithm ensures the fast convergence 

of the search for the optimum. If this parameter is chosen to be large, the rate of decreasing step 

size will become faster, resulting in the particles rapidly entering the local optimization search, 

this indicates that it combines global search performance and local search performance. As the 

objective of improving the BP algorithm in this paper does not necessarily require extremely 

good accuracy, while a better global search performance of GSA is preferred, α=10 is chosen. 

3.3.2 Neural Network Parameter Selection 

The first step is to determine the number of layers in the neural network. According to 

Kolmogorov's theorem, for any continuous mapping ( ):[0,1] n mF R , a three-layer feed-

forward neural network is adequate for its accurate approximation, implying that a three-layer 

network is adequate for meeting the approximation criteria of any nonlinear function. Thus, a 

three-layer network is chosen to construct the GSA-BP neural network model. 

In respect of selecting the number of nodes in the hidden layer, the basic rationale behind 

the choice lies in the fact that applications of neural networks do not possess general 

applicability across various problems, and each particular problem requires separate analysis. 

Much research has been conducted on the automated determination of the number of nodes in 

the hidden layer. In this study, we adopt a step-by-step testing method, and its details are not 

presented again. The final number of nodes in the hidden layer is chosen to be 8. 

3.4 Gas Turbine Unit Condition Inspection Results 

Through data pre-screening, network architecture and transfer function determination, and 

choosing the learning algorithm, the learning rate is set to 0.01, the goal error is chosen to be 

0.0001, and the maximum iteration number is set to 100. The process of the outer loop iteration 

is shown in Fig. 3. GSA-BP modifies the learning factors as well as the weights during training 

through the validation set, and eventually the accuracy starts to stabilize in the 90th iteration 

and stops at the 100th iteration. 
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Figure 3: The Iteration Process of Gas Turbine GSA-BP 

The fit of the training results is shown in Fig. 4. There is no clear evaluation standard for 

the GSA-BP fit, but the default fit is greater than 0.9, which indicates that the trained GSA-BP 

can predict the actual output well. From the figure, it can be seen that the predicted output 

closely fits the transfer function, which proves that the trained GSA-BP has been able to fit the 

mapping relationship between the data inputs and outputs well, and the fit of the training set, 

the validation set and the test set do not differ much, which proves that there is no overfitting 

in the training process. 

  

(a) Training:R=0.99579 (b) Validation:R=0.99564 

  

(c) Test:R=0.99554 (d) All:R=0.99569 

Figure 4: The fitting degree of the training results of gas turbine GSA-BP 
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The gas turbine output power training results and the prediction errors for the test set are 

shown in Figs. 5 and 6, from which it can be seen that the trained GSA-BP can fit the 

relationship of the actual gas turbine output power very well. Combining Fig. 5 and Fig. 6, the 

trained GSA-BP can predict the gas turbine output power well, and in the 350 sets of data used 

for testing, the mean square error of the prediction results reaches 0.4831, of which 15.2% of 

the samples have an error between 1MW-1.5MW, 41.2% of the samples have an error between 

0.5MW-1MW, and the remaining 43.6% of the samples can be controlled to be within the error 

of 0.5MW or less. 

  

(a) Training set (b) Validation set 

Figure 5: Power prediction results of gas turbine 

 

Figure 6: Power prediction error of gas turbine 

The exhaust temperature of the gas turbine is shown in Figures 7 and 8, from which it can 

be seen that the trained GSA-BP can fit the output curve of the exhaust temperature of the gas 

turbine very well, and the error mean square error of the GSA-BP in predicting the output of 

the test samples is 0.5237, and the prediction error of only 8 of the 350 sets of operational data 

used for testing is more than 1.5°C, and 16.9% of the sample outputs error ranged from 1°C to 

1.5°C, and the remaining 83.1% of the test samples had prediction errors of 1°C or less. 
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(a) Training set (b) Validation set 

Figure 7: Gas turbine exhaust gas temperature prediction results 

 

Figure 8: Gas turbine exhaust gas temperature prediction results 

4 UAV-based gas unit inspection path planning 

4.1 Fundamentals of the Bidirectional RRT Algorithm 

The principle of random tree expansion for the bidirectional RRT algorithm is shown in Fig. 9. 

Qgoal

Qnew1

Qnew2

Qnear1

Qnear2Qstart

Qrand1

 

Figure 9: The Principle of Randomly Expanded Tree in Bidirectional RRT Algorithm 

The bidirectional RRT algorithm takes the initial node startQ  as the root node of the random 

expansion tree, randomly selects a node startQ  within the accessible space, and identifies the 
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nearest node through a distance evaluation function, designating it as 1nearQ . The commonly 

used distance evaluation functions are the Euclidean distance function and the Manhattan 

distance function, and the mathematical expressions of the two functions are as follows: 

Euclidean distance function: 

 2 1 2 1( ) ( )d X X Y Y     (19) 

Manhattan distance function: 

 1 2 1 2( , )d i j X X Y Y     (20) 

In this paper, we choose the Euclidean distance function, use the dotted line to connect the 

nodes 1nearQ  and randQ , and take 1near randQ Q  as the positive direction, and take 1nearQ  as 

the starting point to advance the unit step to form a new node 1newQ , and comprehensively judge 

whether there is an obstacle space between the two nodes, if there is no obstacle space between 

the two nodes, then ignore the 1newQ  node, and conversely leave the 1newQ  node. Repeat the 

above process until obtaining the maximum tolerance distance node 
goalQ  of the Euclidean 

distance function, and then obtain the collision-free path between the initial node startQ  and 

the maximum tolerance distance node 
goalQ  according to the backtracking method. 

With startQ  as the initial node, once the random expansion tree identifies the node 1newQ , 

the expansion of the random tree proceeds by taking the node at the maximum tolerated distance 

of the Euclidean distance function as the root node of the random expansion tree. In this process, 

there is no need to obtain the random sampling node randQ , and it is only necessary to use the 

node 1newQ  as the random sampling node randQ , and select the nearest node 2nearQ  by the 

distance evaluation function. Take 2 1near newQ Q  as the positive direction and 2nearQ  as the 

starting point to advance unit step to form a new node 2newQ , detect whether there is an obstacle 

space between the node 2newQ  and 2nearQ , omit 2newQ  if there is no obstacle space, and vice 

versa leave 2newQ  node. Exchange the iteration order of the random expansion tree in both 

directions and perform the next iteration analysis until the best path is obtained, which is the 

best inspection path formed by the algorithm. 

4.2 Improvement of two-way RRT algorithm based on artificial potential 

field 

4.2.1 Basic description of artificial potential fields 

The fundamental concept of the artificial potential field method draws on the operating 

principles of naturally occurring potential fields, such as gravitational, electromagnetic, and 

magnetic fields. An artificial potential field is constructed within the mobile workspace of the 

robot, where the spatial regions occupied by obstacles are designated as repulsive potential 

fields, and the target destination of the robot is defined as an attractive potential field. Under 

the combined influence of these attractive and repulsive potential fields, the robot moves 

continuously through the workspace toward its goal. 

The mathematical expression for the repulsive potential field acting on a node q  within 

the workspace under the traditional artificial potential field method is: 
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where: ( )repP q  denotes the magnitude of the repulsive potential field;   denotes the scale 

factor associated with the repulsive function; 0  denotes the maximum range over which the 

obstacle exerts repulsive influence within the workspace; and ( )d q  refers to the shortest 

distance from node q  to the nearest obstacle. 

The mathematical expression for the gravitational potential field takes the following form: 
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( ) ( , )
2

att gP q d q q  (22) 

where: ( )attP q  represents the magnitude of the gravitational potential field;   is the scale 

factor of the gravitational function; and 2 ( , )gd q q  is the shortest distance between a given 

node q  and the destination target point of the robot. 

The combined result of summing the repulsive potential field function and the gravitational 

potential field function yields: 

 ( ) ( )sum rep attP q P P q   (23) 

The expression for the repulsive force is: 

 ( ) [ ( )] ( )att att gF q grad P q q q      (24) 

The expression for gravitational force is: 
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The expression for the combined repulsive and gravitational forces is: 

 ( ) ( ) ( )sum rep attF q F q F q   (26) 

4.2.2 Bidirectional RRT Algorithm Improvement 

Although there are many strengths of the bidirectional RRT algorithm compared to the basic 

RRT algorithm, especially in the rapid solution of problems, the bidirectional RRT algorithm, 

just like its predecessor, relies on random point sampling; thus, randomness and computational 

complexity are inevitable in its execution process. In order to improve the efficiency of the 

bidirectional RRT algorithm, the concept of artificial potential field is applied to the 

algorithm.The gravitational function ( )G k  from the target node 
goalQ  toward the new node 

newQ  is embedded within the node determination process of the bidirectional RRT algorithm, 

producing a corrected new node newQ  that exhibits a stronger directional bias toward 
goalQ . 
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With this modification, the amount of calculations and number of nodes needed to perform 

random sampling will decrease. When this artificial potential field is included, the gravitational 

force will follow a unified rule for expanding in either direction of the bidirectional RRT 

algorithm. The startQ  direction is taken here as a representative example to illustrate the 

changes in the process of obtaining new node newQ  following the introduction of the artificial 

potential field. Figure 10 shows the random tree expansion rule of the improved bidirectional 

RRT algorithm. 

Qnear

Qstart

Qrand

Qnew

Qnew'

Qgoal

R(k)

 

Figure 10: The Principle of Randomly Expanded Tree in the Improved Two-way RRT Algorithm 

Following the incorporation of the artificial potential field concept, the starting node of the 

improved bidirectional RRT algorithm remains startQ . Here, ( )R k  refers to the stochastic tree 

growth function governing expansion from the starting node toward the new node newQ , and 

( )G k  denotes the gravitational function acting from the target node 
goalQ  upon the new node 

newQ . The positional expression of the new node under the simultaneous influence of both 

functions is: 
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 (27) 

Similarly, with 
goalQ  as the initial node, the position expression of the new node following 

the introduction of the artificial potential field concept is: 
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 (28) 

4.3 Gas unit inspection simulation experiment 

Since the height at which UAV inspects the power line is generally maintained to be in a 

relatively fixed range, two-dimensional coordinates are used to describe the inspection task 

points. Once the path for inspecting the power line by the UAV is designed, the path will be 

mapped to three-dimensional space. Thus, the power line inspection problem can be converted 

to two-dimensional space path planning problems that avoid obstacles. 

In order to examine the efficiency of the improved bidirectional RRT algorithm in 

performing inspection tasks, comparisons between the improved bidirectional RRT algorithm, 

RRT algorithm, and conventional bidirectional RRT algorithm are carried out in the power line 

inspection problem. In figure 11, the power line inspection environment is illustrated, wherein 
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the dimensions of the inspection environment are 500×500. In the above-mentioned figure, the 

regions colored in red refer to obstacles like trees and mountains along the power lines, and the 

power lines are indicated by the blue solid lines. 

 

Figure 11: Environmental scenario diagram for power line inspection 

In this inspection environment, the starting position of the UAV is fixed at (10,10), while 

that of the power lines is fixed at (490,490). The value of the step size for all the algorithms 

used is set to 15, and each algorithm is run 10 times independently. The result obtained from 

the three algorithms is depicted in Table 1, where planning time and path length are considered 

as two criteria in this study. 

According to Table 1, the proposed bidirectional RRT algorithm performs better than the 

basic RRT algorithm by reducing the average path length by 38.65% and the average planning 

time by 4.43%. In comparison to the basic bidirectional RRT algorithm, the proposed 

bidirectional RRT reduces the average path length by 18.24% and average planning time by 

6.09%. 

In Fig. 12 below are the results on the planning process in relation to power lines inspection 

using the three methods as shown in (a), (b) and (c). The results in (a), (b) and (c) represent the 

results from the improved bidirectional RRT algorithm, bidirectional RRT algorithm and RRT 

algorithm respectively, but in all, the improved bidirectional RRT algorithm is faster in planning 

than the other two. 

Table 1: Optimization results of various algorithms in power line inspection problem 

Algorithm Average planning time Average path length 

RRT algorithm 19.43 998.63 

Bidirectional RRT algorithm 14.58 1016.29 

Improving the bidirectional RRT algorithm 11.92 954.42 
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(a) Improved bidirectional RRT (b) Bidirectional RRT algorithm 

 

(c) RRT algorithm 

Figure 12: Power line inspection path diagrams using different algorithms 

From the experiment results above, it can be seen that the improved bidirectional RRT 

algorithm performs better than the other two algorithms. 

5 Gas Unit Intelligent Inspection Cockpit Platform 

Construction 

5.1 Technical architecture 

Based on the results of the research discussed in the previous section, the technical framework 

of the power plant cockpit platform that was developed in this paper is shown in Figure 13 

below. Through the technical process of “data to model, model to application,” a data mining 

application is created by the platform to facilitate the practical implementation of big data 

technology in an operational capacity. 
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Figure 13: Platform Technology Architecture 

The external data sources required by the background system of the cockpit platform are 

stored in the relational database, time series database and distributed file system according to 

the data type and application requirements after data identification, cleaning, processing and 

conversion; they are further analyzed by the intelligent analysis of the data mining tool, which 

automatically isolates the possible model structure (primary screening model) from the above 

massive unstructured coarse data; the primary screening model is confirmed by the The initial 

screening model is confirmed by the management full-time/signal analysts, thus supporting the 

business applications of major functional demand centers. 

5.2 Functional architecture 

The functional framework of the power plant cockpit platform developed in this paper is 

displayed in Figure 14 below and explained as follows: 

Function 1: Comprehensive management of automation province and land system. 

Automation province and land system comprehensive management functions include: complete 

the interoperability of automation business data of the ground and the automation business data 

of the central regulator; complete the automation equipment information fusion and establish 

the automation equipment model library; complete the province and land comprehensive 

management mode, and efficiently manage each automation system in Hainan through the 

automation cockpit platform. 

Function 2: Realize big data analysis and data label construction. This platform can analyze 

the quality of grid data for the characteristics of equipment quantization, diversification and 

complexity, and at the same time, establish a data analysis center to realize the multi-

dimensional statistical analysis of equipment and assist decision-making; this platform sets up 

data labels for automation equipment, and incorporates big data analysis techniques in order to 

build a data tagging system for automation devices based on multi-dimensional features. 

Function 3: Various ways of displaying alarm information. The platform can notify the duty 

personnel through SMS, mobile phone/tablet APP application when alarms appear, and can also 

display the alarm information by establishing dual modes of charts and data tables. 
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Function 4: Realize automated patrol. This function is first of all the automated inspection 

scope management, that is, by setting the content of inspection, to realize systematic 

management; automated inspection function can also choose the inspection result release 

channel, including setting SMS, system, APP and other sending channels, to inform the 

automated inspection status in time. 

Integrated Management of Automated Provincial Grid Systems

Fusion of Automated 

Equipment Information

Interoperability of Field 

Dispatch and Central 

Dispatch Operational Data

Provincial Grid Integrated 

Management

Big Data Analysis and Data Tagging Framework

Power Grid Data Quality 

Analysis

Automated Equipment 

Data Tagging

Multi-dimensional 

Auxiliary Decision-

making

Alarm Information Display

Automated Patrols

Automated Patrol Scope 

Management

Selection of Patrol Result 

Publication Channels

Automated Patrol Rule 

Management

SMS, Mobile/Tablet App 

Applications

Dual-mode Display: 

Charts and Data Tables

 

Figure 14: Platform Function Architecture 

6 Conclusion 

In the current paper, the gravitational search algorithm is integrated into the BP neural network, 

which is used to build a model for condition monitoring and prediction of gas turbine units 

referred to as GSA-BP. The gas turbine unit operation data of a power plant for about one year 

since May 27, 2021 is screened to obtain 2732 sets of valid data as the study sample. The trained 

GSA-BP network was tested, and the mean square error of the predicted values of gas turbine 

output and gas turbine exhaust temperature reached 0.4831 and 0.5237, with the maximum error 

not exceeding 1.5 MW and 2°C, respectively, which is of good accuracy and generalizability. 

The modified bidirectional RRT algorithm based on the conventional bidirectional RRT is 

designed by utilizing artificial potential field theory with regard to UAV inspection paths 
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planning of gas units. The proposed modified bidirectional RRT algorithm is tested together 

with the basic RRT and bidirectional RRT algorithms in the context of inspection of power lines, 

and the obtained results demonstrate the effectiveness of the improved bidirectional RRT 

algorithm. 

On the basis of the research results, the gas unit intelligent inspection cockpit platform is 

constructed from both technical and functional aspects to realize the integration of inspection 

data and state visualization. 
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