
1450                             Technical Gazette 32, 4(2025), 1450-1459 

ISSN 1330-3651 (Print), ISSN 1848-6339 (Online)                                                                                                                  https://doi.org/doi.org/10.17559/TV-20250205002338 
Original scientific paper 

 
 

Research on Heat Transfer Performance Prediction of Heat Exchanger Using Improved 
Particle Swarm Optimization Algorithm 

 
Shuicai QIU*, Lingyan ZHANG 

 
Abstract: With the increase of running time, the heat exchanger will appear dirt and even blocked, affecting the performance of the equipment. In this paper, an adaptive 
particle cognitive domain method is proposed. In the particle position updating method, the particle moves to the current best position with the calculated best position as 
the center, the cognitive direction of the particle is determined as the direction, and the linear inertial descending weight is used to realize the particle optimization. Using 
three different particle swarm optimization algorithms, namely fixed weight particle swarm optimization, linear descending weight particle swarm optimization and step mass 
particle swarm optimization, the heat transfer performance prediction algorithm of heat exchanger is designed according to the basic calculation principle of heat transfer 
performance. Based on the imported data of the cold and hot side, the heat exchange performance of the heat exchanger is theoretically calculated by using the calculation 
software, and compared with the heat exchange performance data calculated according to the field measured data, the operation state of the heat exchanger can be 
qualitatively analyzed, and the theoretical basis for the intervention and maintenance of the heat exchanger can be provided. 

 
Keywords: cognitive domain, heat exchanger; linear descending weight particle swarm; particle swarm optimization; performance prediction; stepped swarm particle 
swarm optimization  

 
 
1 INTRODUCTION 

 
Heat exchangers are key equipment in the process of 

energy utilization, and have important applications in the 
fields of nuclear power, solar high-temperature lava 
thermal power generation and heating [1, 2]. For example, 
all the equipment on the nuclear island of a nuclear power 
plant must be cooled by the equipment cooling water 
system, and heat exchangers are used for heat exchange in 
important systems such as the equipment cooling water 
system on the nuclear island, the cooling and treatment 
system of the refueling chamber of the nuclear island 
reactor and the spent fuel pool, and the auxiliary feed water 
pump system on the nuclear island [3], in the solar thermal 
power generation system with high temperature molten salt 
as the medium. Therefore, the reliability and heat transfer 
capacity of the heat exchanger are closely related to the 
energy utilization efficiency. 

During the long-term use of the heat exchanger, 
different degrees of scaling will occur due to the influence 
of its own structure, water quality and flow rate [4]. When 
the heat exchange medium contains large particles or fiber 
material, it is easy to block the channel between the plates, 
resulting in increased thermal resistance, and the heat 
transfer capacity of the heat exchanger is reduced, affecting 
the heat exchange efficiency. At the same time, the flow 
resistance of the working medium in the heat exchange 
tube will increase, which will accelerate the corrosion and 
damage of the equipment [5]. At present, the research on 
heat exchanger fouling mainly focuses on the chemical 
cleaning technology of fouling [6] and the prediction of 
fouling thermal resistance. X-ray fluorescence 
spectroscopy was used to analyze the composition of 
insoluble substances in the scale of plate heat exchanger in 
a nuclear power plant [7], and chemical scale dissolution 
research was carried out on the scale composition by 
hydrochloric acid and citric acid, and the results showed 
that hydrochloric acid and citric acid had a better ability to 
dissolve scale. The fouling thermal resistance prediction 
algorithm can determine the abnormal state of equipment 
according to the changing law of temperature, flow and 

other parameters, and then carry out predictive 
maintenance. At present, fouling prediction algorithms are 
mainly divided into two kinds: the prediction algorithm 
based on fouling formation mechanism and the prediction 
algorithm based on real-time data. A heat exchange pipe 
fouling thermal resistance prediction model based on 
generalized regression neural network was established [8], 
which is suitable for the prediction of fouling thermal 
resistance in most water quality environments. Three BP 
neural network prediction models were established based 
on the pH value of cooling water [9], and the results 
showed that the prediction model based on principal 
component analysis was more accurate. The LSTM model 
for prediction of fouling thermal resistance was established 
based on pipeline flow, population temperature and 
pressure [10], and compared with SVM, MLP and GRU 
models, indicating that the LSTM model has high accuracy. 
By testing and measuring the particle fouling data of plate 
heat exchanger [11], the criterion equation that the Nusselt 
number of particle fouling growth varies with Reynolds 
number and Prandtl number is theoretically deduced. 
Computational fluid dynamics was used to numerically 
simulate fluid flow and heat transfer in heat exchangers at 
different speeds [12]. 

At present, the researches on scaling behavior of heat 
exchangers mainly focus on scaling growth and heat 
transfer mechanism, but there are few reports on heat 
transfer performance prediction. In addition to the 
influence of dirt, the operating performance of the heat 
exchanger also changes with the change of the system flow 
rate, heat load and fluid temperature, resulting in the fact 
that operating characteristics of the heat exchanger 
generally cannot meet the performance requirements of the 
design condition, and the state of fluctuation is difficult to 
judge whether the performance of the heat exchanger meets 
the design requirements through the field operation data. In 
this paper, an adaptive updating method is designed to 
redistribute the best position of particle motion in the 
particle swarm updating equation so as to improve the 
performance of the particle swarm optimization algorithm. 
The algorithm uses the feature weight filtering method to 
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eliminate some redundant features, and effectively reduces 
the search scale of the subsequent improved particle swarm 
optimization algorithm. Two improvement strategies, 
adaptive weight and T-distribution perturbation, balance 
the global exploration and local development ability of 
PSO, improve the diversity of PSO, and ensure that the 
feature selection of Wrapper algorithm is not easily trapped 
in the local optimal, so as to improve the feature selection 
performance of the algorithm. The heat transfer 
performance prediction algorithm is designed and the 
software is written according to the basic principle of heat 
transfer performance calculation. The heat transfer 
performance of the heat exchanger in the exchanger unit is 
cold, and the heat transfer performance of the heat 
exchanger is calculated theoretically according to the 
parameters of the No. 1 heat exchange and hot side 
transport of a power station. Thus, the qualitative analysis 
of the running state of the heat exchanger is realized. 
 
2 RELATED WORK 

 
At present, many scientists have analyzed and studied 

heat exchange conditions in the direct contact heat 
exchanger. Therefore, it is necessary to conduct a detailed 
analysis of the heat transfer effect of the direct contact heat 
exchanger to provide support for subsequent analysis, and 
only by fully combining the experimental data with the 
prediction model can the heat transfer capacity be 
accurately predicted. Therefore, the selection of prediction 
model has become an important part of the prediction of 
heat transfer effect. 

Scholars have studied many kinds of prediction 
models, and there are many kinds of commonly used 
models. Support vector machine has many advantages 
(such as strong computational adaptability) and good 
application prospects in prediction, classification, pattern 
recognition and regression [13]. For example, it is reported 
that support vector machine model [14] has good predictive 
ability to some extent; it is proposed to predict future 
seasonal electricity consumption [15]. Then it is found that 
support vector machine has high accuracy [16]. Therefore, 
it is necessary to develop extended support vector 
machines to improve the calculation effect and accuracy 
[17]. It is found that the prediction of liquid viscosity by 
LSSVM is close to the true value [18]. A new method is 
proposed for data that cannot be accurately measured [19]. 
The LSSVM model is applied to the monthly runoff 
prediction [20]. The introduction of upstream flow data 
conditions in the model can improve the accuracy of the 
model. Although the predictive power of LSSVM is 
accurate, in order to obtain better predictive results, the 
data needs to be processed and combined with LSSVM to 
obtain more accurate predictive accuracy. 

In order to better process the information in the data, 
that is suitable for data with high volatility and instability 
[21], a new method combining EMD (Empirical Mode 
Decomposition) and RBF (Radial basis function network) 
neural network [22] is proposed for time series 
decomposition and decomposition data processing. By 
comparing the experimental data, EMD method is used to 
obtain IMF components and residuals, which can better 
analyze and interpret the data and improve the prediction 
accuracy. The prediction method should also determine the 

specific operational data, find a more suitable prediction 
model, and improve the prediction accuracy [23]. The 
signal is decomposed to different degrees, and then 
detailed analysis is carried out to determine which model 
to use. In this way, the experimental error can be reduced, 
the experimental data can be closer, and the prediction 
accuracy of the model can be improved [24]. 

The heat transfer is related to the economic benefits of 
the enterprise. Therefore, it is very important to test or 
predict its heat transfer and flow resistance performance. 
In practical engineering applications, the selection of plate 
heat exchanger usually needs to consider the heat transfer 
coefficient and pressure drop two factors. The heat transfer 
coefficient directly affects the heat exchange area of the 
plate heat exchanger. Under the same heat transfer, the 
higher the heat transfer coefficient, the smaller the heat 
exchange area, and the reduction of the heat exchange area 
will reduce the equipment cost, reduce the maintenance 
workload and operating costs. However, the higher the heat 
transfer coefficient, the plate heat exchanger will also 
produce a large pressure drop while carrying out efficient 
heat transfer. Therefore, in the design and application of 
plate heat exchangers, it is impossible to achieve ideal 
operation effect by simply emphasizing the heat transfer 
coefficient or pressure drop [25]. There are many factors 
that affect the performance of plate heat exchanger, such as 
the heat exchange area, plate thickness, ripple depth, ripple 
pitch, ripple angle and the length-width ratio of plate. For 
plate heat exchangers with specific conditions, their heat 
transfer coefficient, pressure drop and correlation between 
heat transfer and flow resistance criteria are generally 
obtained by experimental methods [26]. In order to 
improve the overall performance of particle swarm 
optimization (PSO), many improved algorithms have 
appeared in recent years, and one of the important research 
methods is to improve the performance by improving the 
updating equation of particles. A fitness distance ratio 
particle swarm optimization algorithm is presented in 
reference [27]. Particles not only learn from the current 
best particle and the best position by far, but also learn from 
the better particles around them. Literature [28] designed a 
particle swarm optimization algorithm with understanding 
to add one dimension to the original particle swarm search 
space to determine the current search direction. In this way, 
within a certain radius, the particle can find better 
information about the current surrounding, which is used 
for particle renewal. This method is especially effective 
when the best information of the current generation is 
difficult to obtain for a certain particle. The literature 
[29,30] updates the particle swarm velocity and position 
according to the worst information of the organism as far 
as possible away from the current worst position and the 
worst position of the particle so far. 
 
3 DESIGN OF HEAT EXCHANGER HEAT TRANSFER 

PERFORMANCE PREDICTION ALGORITHM 
3.1 Heat Transfer Performance Evaluation 

 
Basic principle of heat exchanger: 
 

Q hA t                                            (1) 
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where Q is the heat transfer, h is the heat transfer 
coefficient, A is the heat transfer area, and t is the heat 
transfer temperature difference °C. 

The total heat transfer coefficient UA = hA was defined, 
and the total heat transfer efficiency of the heat exchanger 
was characterized by UA (Unmanned Aircraft). 

For heat exchangers used in specific occasions, the UA 
value under design conditions should reach a certain value 
to ensure that the system heat load can be taken away by 
running a single cooling pump and a single heat exchanger. 
However, the UA value reflects the heat transfer 
characteristics under specific working conditions, which 
changes with the system flow rate, heat load and fluid 
temperature. Therefore, the UA value under normal 
operating conditions cannot reach this fixed value, and it is 
impossible to judge whether the performance of the heat 
exchanger meets the design requirements through the field 
operation measured data. 

When the UA value calculated according to the actual 
test data is less than 90% of the theoretical UA value, it 
indicates that the scale of the heat exchanger has exceeded 
the design amount and needs to be maintained or replaced. 
Through the cycle calculation, the actual test UA value 
(including design dirt) and the theoretical calculation UA 
value (including design dirt) are constantly compared, the 
end of the cycle calculation conditions is set, and the UA 
(including design dirt) value is finally checked. 

The logic of the heat exchanger heat transfer 
performance prediction and evaluation algorithm is shown 
in Fig. 1.  
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Figure 1 Heat exchanger heat transfer performance prediction and evaluation 

algorithm logic 
 

The specific steps of prediction and evaluation are as 
follows: (1) The design margin of UA value of the heat 
exchanger under the design working condition is more than 
10%, and the dirt coefficient is determined through the 
conversion of the margin. (2) Assuming that the flow rate 
on both sides of the heat exchanger and the inlet 
temperature are known, the outlet temperature of the cold 
side is set, and the heat transfer coefficient, heat load and 
logarithmic average temperature difference under the 
condition containing dirt are calculated through the heat 
balance. The actual heat transfer coefficient can be 

calculated. (3) Compare the actual test UA value with the 
theoretical calculation UA value, if not equal, continue to 
modify the cold side outlet temperature until the two are 
equal, indicating that the scale situation of the heat 
exchanger has reached the design critical point, at which 
time the UA value in the state containing dirt can be 
calculated. 
 
3.2 Improved Method of Particle Swarm Optimization 

 
Based on different particle cognition domains, the 

updating method of particle swarm optimization is 
improved. 

The cognitive domain of this particle is defined by 
taking the best position of the particle calculated so far as 
the center, and the radius determined according to the 
current fitness of different particles is a certain region 
bounded by it. The boundary of this domain is called the 
maximum cognitive domain. The maximum cognitive 
domain of the i-th individual is expressed as follows: 
 

max ( ) min ( )
( ) max

( )i
fit t fit t

MCD t
fit t


             (2) 

 
where, max is the best fitness value obtained by the particle 
so far and the current fitness value of the particle 
respectively; w is the inertia weight of the particle.  

In the process of particle swarm iteration, the 
algorithm needs to increase the particle change step in the 
early stage of iteration, so as to locate the region is located 
earlier. In the later stage of the algorithm iteration, it is 
necessary to reduce the particle change step to make the 
particle search in this region fine. Based on the above ideas, 
this paper proposes an adaptive inertial weight strategy to 
balance the global exploration and local development 
ability of the algorithm. Calculation of w: 
 

max4

5

t

tw e


                                    (3) 

 
where, t represents the number of iterations and tmax 
represents the maximum number of iterations. w at the 
early stage of iteration, the maximum value is taken as 
much as possible, so that the algorithm step size changes 
rapidly, which is convenient for global search. With the 
progress of iteration, the weight is reduced and the local 
search is emphasized. This strategy effectively balances 
the ability of global exploration and local development. 

The flow of the algorithm is shown in Fig. 2. 
At the beginning of the iteration, the individual 

diversity of the particle population decreased rapidly, 
resulting in a low population diversity in the later iteration. 
When the group optimal value of a particle swarm is far 
from the global optimal value, the particle is easy to evolve 
and learn in the wrong direction, and it is easy to fall into 
the local optimal value. The perturbation strategy based on 
T-distribution can increase the diversity of particle 
population and jump out of local optimal in time during 
algorithm iteration. That is, if after several successive 
iterations, the optimal fitness value of the current particle 
basically does not change or no longer changes, it is 
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considered that the algorithm is trapped in the local optimal, 
and at this time, perturbation is added to make the particle 
shake, making it jump out of the local optimal, which also 
increases the population diversity. The policy is as follows: 
 

( )t
i i iX X X h t                                (4) 

 

where, t
iX  represents the particle position after the 

disturbance; h(t) represents the value of the T-distribution 
with the current iteration number t as the degree of freedom. 
By changing the functional form of h(t) growing with t 
(linear, non-linear, logarithmic, exponential, etc.), 
parameters are introduced to control the growth rate or 
upper and lower limits, ensuring that the degree of freedom 
is always valid (≥1). 
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Figure  2 Flowchart of adaptive inertial weight strategy algorithm 

 
The feature selection of data sets can be transformed 

into a multi-objective optimization problem. The 
optimization goal is to minimize the number of feature 
selections and maximize the classification accuracy of the 
classifier. Based on the above two optimization objectives, 
this paper defines the fitness function as: 
 

rate
RF

fit error
D

                               (5) 

where, error rate represents the error rate of the specified 
classification algorithm, D represents the total number of 
features of the samples in the data set, RF represents the 
size of the feature subset finally selected by the feature 
selection algorithm, α, β respectively correspond to the 
importance of the error rate of the classification algorithm 
and the size of the feature subset in the fitness. Detailed 
steps of the algorithm are shown in Tab. 1 below: 

 
Table 1 Improved particle swarm optimization algorithm 

Input: baseline data set. 
Output: The optimal feature subset and the accuracy of the 

classificational gorithm. 
Step 1 Input the baseline data set and divideit into the training set 

and the test set in a ratio of 7:3. 
Step 2 Use the RELIEF-F algorithm to calculate the weight of 

each feature 
The weights sort the features. 
Step 3 Filter the ordered feature set according to the set stop 

value. 
Step 4 Initialize the parameters of the particle swarm 

optimization algorithm, initialize the initial particle position, and map 
the particle position to the feature set. 

Step 5 Calculate the particle fitness value. 
Step 6 Comparethe fitness values of each particle and update the 

global and local optimal solutions. 
Step 7 Update particle positions using the adaptive inertial weight 

strategy. 
Step 8 Run the T-distribution policy. 
Step 9 If the number of iterations has not reached the upper limit, 

go to Step 5. 
Step 10 Output the optimal feature subset and classification 

accuracy. 
 
4 APPLICATION ANALYSIS OF HEAT TRANSFER 

PERFORMANCE PREDICTION ALGORITHM FOR HEAT 
EXCHANGERS  

 
Based on the calculation of heat transfer 

performance, 18 operating points were selected from the 
lowest temperature to the highest temperature to calculate 
the measured data based on the annual operating sea water 
temperature change of the plate heat exchanger site, 18 of 
which were designed conditions. In addition, the 
comparative analysis also considered the pipeline, 
measuring points, equipment accuracy and other issues: (1) 
the hot side flow under the working condition 1-10 is the 
total flow, but there is a bypass in the pipeline, the actual 
flow into the heat exchanger will be reduced. (2) The 
temperature measurement point of the cold side population 
is far away from the population section of the heat 
exchanger. Compared with the previous thermal test data, 
this temperature value is higher than the actual temperature 
value of the heat exchanger. Therefore, the field data are 
processed and corrected in the subsequent calculation. The 
comparison between the software modified UA value of the 
heat exchanger and the measured UA value is shown in Tab. 
2. It should be noted that the UA limit is 10% lower than 
the software-corrected UA value in Tab. 2. The deviation 
of UA value in Tab. 2 is = (measured UA value − software 
corrected UA value)/measured UA value. If this value is 
lower than −10%, it indicates that the measured UA value 
is less than 90% of the theoretical calculated UA value, and 
the heat exchange equipment needs maintenance 
intervention. 
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Table 2 Comparison between the modified particles warm optimization and the measured value of heat exchanger 

Working 
condition 

Inlet 
temperature of 

the hot side 
/ °C 

Temperature 
at the hot 
side outlet 

/ °C 

Hot side 
corrected 

volume flow 

Cold side 
inlet 

modified 
temperature 

/°C 

Cold side 
outlet 

temperature 
/°C 

Cold side 
volume flow 

Actual UA 
value 

Algorithm 
modification 

UA 

UA value 
deviation 

1 7.s7 24.56 1 001.07 26.36 19.60 2 478.29 3 602.76 4 113.90 −12.42 
2 8.44 25.59 989.40 27.24 20.50 2 481.67 3 695.14 4 088.70 −9.63 
3 9.64 26.68 981.62 28.38 21.71 2 484.17 3 611.42 4 106.70 −12.06 
4 10.41 27.57 973.91 29.08 22.44 2 478.55 3 758.23 4 113.00 −8.63 
5 13.83 29.93 006.56 30.90 24.47 2 483.86 4 571.44 4 234.50 7.96 
6 14.94 31.26 997.15 32.17 25.72 2 483.37 4 640.29 4 253.40 9.10 
7 14.60 27.14 426.43 28.93 22.40 2 482.94 4 993.34 4 784.40 4.37 
8 16.86 28.52 416.43 30.34 23.69 2 446.55 4 964.07 4 794.30 3.54 
9 17.82 29.41 393.32 31.05 24.54 2 446.65 5 116.04 4 793.40 6.73 
10 18.78 30.30 376.71 31.87 25.47 2 442.49 5 118.26 4 797.90 6.68 
11 23.34 28.90 2 928.69 32.17 25.71 2 478.26 6 631.27 6 053.40 9.55 
12 24.49 30.04 2 935.77 33.28 26.80 2 478.85 6 749.82 6 098.40 10.68 
13 24.32 30.85 2 936.40 34.06 27.60 2 475.22 6 802.51 6 124.50 11.07 
14 26.29 32.22 2 960.80 35.73 28.72 2 472.22 6 810.44 6 183.00 10.15 
15 27.34 33.25 2 960.45 36.92 29.86 2 444.20 6 514.00 6 201.00 5.05 
16 28.36 34.13 2 882.12 37.40 30.82 2 488.57 6 653.28 6 229.80 6.80 
17 29.66 35.39 2 880.77 38.71 32.07 2 489.34 6 599.73 6 279.30 5.10 
18 33.89 44.20 2 680.07 49.07 37.78 2 434.55 7 199.51 7 156.00 11.79 

 
Measured UA value − algorithm modified UA value)/ 

measured UA value, if this value is lower than −10%, it 
indicates that the measured UA value is less than 90% of 
the theoretical calculated UA value, and the heat exchange 
equipment needs maintenance intervention. 

In view of the inevitable errors of instruments and 
other instruments in the actual measurement process, it is 
acceptable that the deviation between the software's 
calculated UA value and the field measured UA value is 
less than 10% according to the acceptance requirements 
determined in "Evaluation of Heat Transfer Performance 
of a Plate Heat Exchanger". Therefore, in order to avoid the 
influence of data error, 10% of the UA value calculated by 
the software is taken as the UA limit of the corresponding 
working condition. If the field measured UA value is lower 
than the UA limit, it indicates that the plate fouling 
coefficient is too large, and maintenance intervention is 
needed. The comparison between the software calculated 
UA value and the measured UA value of the plate heat 
exchanger under different working conditions is shown in 
Fig. 3. 

 

 
Figure 3 Comparison between the software modified UA value of heat 

exchanger and the measured UA value under different working conditions 
 

It can be seen from the data in Tab. 2 and Fig. 3 that 
the measured UA value of working conditions 1 to 4 is 
lower than that calculated by the software. In fact, the 
temperature of seawater side in working condition 1-4 is 
low and there is a side flow. Even if the cold side 
corresponds to the highest temperature in the design 
working condition, the heat exchange margin of the heat 
exchanger is still large. Therefore, the deviation of UA 
value in working condition 1-4 is mainly caused by a 
certain deviation after correction of the measured data. 

 

 
Figure 4 Calculation results of temperature difference and margin of heat 

exchanger when the cold side is the design working parameter and the hot side 
has side flow 

 
The working conditions 1-10 with side-flow on the hot 

side are further analyzed and calculated. The measured 
population temperature and flow value of seawater under 
working conditions 1-10 were adopted on the hot side, 
while the temperature and flow value under design 
working conditions were adopted on the cold side. The 
results of calculation and analysis are shown in Fig. 4. It 
can be seen from Fig. 4 that under the design working 
parameters of the cold side, the heat exchanger still has a 
large temperature difference margin, indicating that 
compared with the design working conditions, the heat 
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exchanger still has a large heat exchange margin. When dirt 
increases in the operation of the heat exchanger and the 
heat transfer performance of the equipment decreases, the 
performance of the heat exchanger can be adjusted by 
increasing the seawater flow rate to meet the design 
requirements. 

On this basis, the heat exchanger performance under 
full flow on the hot side was calculated and analyzed, that 
is, the measured sea water temperature and total sea water 
flow corresponding to working conditions 1-10 were used 
on the hot side, and the temperature and flow values under 
design working conditions were used on the cold side. The 
calculation results are shown in Fig. 5. As shown in Fig. 5, 
when the side-flow is not turned on on the hot side, the 
temperature difference margin corresponding to working 
conditions 1-10 exceeds 100%. 

 

 
Figure 5 Calculation results of temperature difference and margin of heat 

exchanger when the cold side is the design working parameter and there is no 
side flow on the hot side 

 
It can be seen that the UA value of the heat exchanger 

can effectively find out the abnormal state of the equipment, 
and judge the heat transfer performance of the equipment, 
and realize predictive maintenance. 
 
5 SIMULATION VERIFICATION 

 
The experimental data was modeled using a 

combination of the Empirical Mode Decomposition (EMD) 
method and a Support Vector Machine (SVM). EMD was 
employed to standardize the data decomposition process, 
followed by an analysis of the pulse sequence to isolate and 
process the signal related to the volume heat transfer 
coefficient. Fig. 6 illustrates the original volume heat 
transfer coefficient signal, denoted as H, which exhibits 
complex fluctuations and lacks a discernible pattern. 
Through EMD decomposition, the signal was divided into 
six Intrinsic Mode Functions (IMFs) and one residual 
component, with IMFs 1 to 6 ordered from highest to 
lowest frequency. The decomposed signals displayed 
enhanced stability and regularity compared to the original. 
These graphical representations clearly depict the time-
varying nature of the mean volume heat transfer coefficient, 
characterized by irregularity, fluctuation, and nonlinearity. 
The findings underscore EMD's effectiveness in data 
processing and decomposition. 

 
Figure 6 EMD decomposition results of the original volume heat transfer 

coefficient signal 
 

This section integrates the Least Squares Support 
Vector Machine (LSSVM) with Empirical Mode 
Decomposition (EMD) to standardize the volume heat 
transfer coefficient data. Fig. 7 presents the results, where 
the X-axis spans data points from 345 to 450. The predicted 
volumetric heat transfer coefficient axis displays values 
ranging from 0 to 0.6, obtained using the combined model. 
The real volumetric heat transfer coefficient axis, 
reflecting experimental values, covers the range of 0 to 0.6. 
Observing Fig. 7, we notice minor prediction discrepancies 
within the ranges of 360-380 and 430-440, with more 
pronounced errors near the data point of 400. For most 
other data points, the predicted values closely align with 
the real values, indicating a satisfactory prediction 
performance. In summary, the comparison reveals that the 
predicted and real values exhibit minimal divergence and 
share a similar trend, attesting to a prediction effect on par 
with simulation outcomes. This validates the model's 
efficacy and confirms the feasibility of combining EMD 
with LSSVM. 

 

 
Figure 7 Comparison of the relationship between the real value and the 

predicted value of the volumetric heat transfer coefficient data 
 

The performance of the heat exchanger was evaluated 
according to the improved particle swarm optimization 
algorithm established in the paper, and the results are 
shown in Tab. 3. Tab. 3 shows the comparison between the 
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experimental and predicted values of the heat transfer 
coefficient K of the heat exchanger, the pressure drop on 
the hot and cold side, and the correlation formula of heat 
transfer criteria. The predicted results are close to the 
experimental ones. It can be seen from Tab. 3 that there is 
a large error in the prediction of sample point 12. The main 
reasons are as follows. 

 
Table 3 Comparison of experimental and predicted values of heat exchanger 
No. Item K Ph Pc Ch P 
1 Experiment 5 015 51 .9 56.12 0. 15 0.729 
2 Forecast 5 008 51 .6 56.24 0. 15 0.730 
3 Error 0.139 0. 578 −0.213 0. 000 −0.041 
4 Experiment 5 514 33. 0 31 .0 0. 230 0.699 
5 Forecast 5 525 32. 5 31 .0 0. 228 0.699 
6 Error −0. 199 1 .515 0. 000 1 .087 0.071 

 
(1) The sample database is not perfect enough, and the 

accuracy of some special prediction objects is bound to be 
reduced. With the enrichment and improvement of the 
experimental database in the future and the increase of the 
sample library capacity, the heat transfer and flow 
resistance performance of the same series of heat 
exchangers under the same operating conditions can be 
evaluated quickly and accurately. 

(2) Due to the limitations of existing experimental data, 
many apparent indicators were selected. In order to 
improve the prediction accuracy, it is necessary to choose 
more sensitive and easier to quantify input parameters, 
such as the thermal conductivity of the plate material, the 
specific parameters of the plate ripple form. The calculated 
average error rate is 0.303, and the simulation accuracy is 
up to 99.696%. From the error, it can be seen that the 
predicted value of the particle swarm optimization model 
is close to the experimental value, indicating that the 
improved particle swarm optimization model has strong 
prediction ability and can fully achieve the accuracy of 
practical application. 

In the process of continuous casting, the surface 
temperature at the end of the first section of the secondary 
cooling zone cannot be measured due to site conditions. In 
this case, it is necessary to use the known temperature at 
the end of the third section of the secondary cooling zone 
to identify the four accurate heat transfer coefficients of the 
secondary cooling zone, so as to obtain the accurate surface 
temperature at the end of the first section of the secondary 
cooling zone. According to the study on the relationship 
between the heat transfer coefficient of secondary cooling 
and the amount of water, the identification parameters a1 
and a2 are less than a3 and a4 under the constraint 
conditions, and the heat transfer coefficients of the four 
stages in the secondary cooling zone of continuous casting 
are still set as a1 = 2.3, a2 = 2.6, a3 = 3.2, a4 = 3.8. In order 
to find the optimal solution of the secondary cooling heat 
transfer coefficient, the learning factors c1, c2 and inertia 
weight w in chaotic particle swarm are restricted. The 
optimizations work best when the sum of c1, c2 is less than 
3. By using the asynchronous change strategy factor, the 
particles can learn more from the social optimal solution 
and less from the self-optimal solution, so that the particles 
have a fast convergence speed and keep the particle 
diversity. The limitations of inertia weight w and learning 
factors c1 and c2 are as follows: 

1 1
max

2 2
max

i

i

k
c c

w

k
c c

w

 

 
                                   (6) 

 
Fig. 8 shows the convergence process of the 

constrained improved particle swarm optimization 
algorithm. 

 

 
Figure 8 Convergence process of improved particle swarm optimization 

algorithm 
 

 
Figure 9 Average fitness curve of population 

 
The performance of automata is evaluated by using 

improved particle swarm optimization algorithm and 
floating heat transfer curve of heat exchanger. As can be 
seen from Fig. 9, the particle swarm optimization 
algorithm has good convergence in the process of 
optimization. However, from the perspective of 
convergence speed, although the average fitness of the 
initial population of standard PSO is obviously better than 
that of improved PSO, the convergence speed still declines 
and almost stops in the later period, while the PSO with 
variable w can enter the local search quickly and has a good 
convergence speed. From the results of the optimal 
solution, as shown in Tab. 4, the particle swarm 
optimization algorithm combined with the characteristic 
quantity of the curve was used to obtain the solution of the 
performance parameters of each mechanism basically 
consistent with the set values. However, from the 
perspective of accuracy, the global optimal solution 
obtained by the PSO with variation and variable w was 
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obviously superior to the standard PSO, and the PSO with 
variation was the closest to the set values and had better 
accuracy. It is feasible to apply this method to the state 
parameter evaluation of mechanism. 
 

Table 4 Comparison of algorithm results 

Set value Standard PSO 
Change to w 

PSO 
Change w, 

change PSO 
7.5 7.16 6.3022 6.5051 

50% 59.05% 47.35% 50.05% 
15.4 15.411 15.3986 15.4014 

 
Heat transfer performance prediction and parameter 

sensitivity analysis. The improved particle swarm 
optimization algorithm established and optimized above 
was used to predict the heat transfer performance of the 
heat exchanger, and all 38 sample data were used for 
performance prediction. Fig. 10 shows the comparison 
between the predicted value of the network and the 
experimental value. It can be seen that the trends of the two 
are very consistent. The maximum and average relative 
errors of the network prediction are 14% and 3.86% 
respectively, that is, except for 2 samples, the network 
prediction performance of the other samples is very close 
to the experimental value. 

 

 
Figure 10 Comparison between heat transfer performance prediction and 

experimental data 
 

 
Figure 11 Comparison between flow resistance performance prediction and 

experimental data 
 

Flow Performance Prediction and parametric 
sensitivity analysis. All 38 sample data were used to predict 
the flow resistance characteristics of heat exchangers. Fig. 
11 shows the comparison between the predicted value of 
the network and the experimental value. It can be seen that 
the trends of the two are consistent. The average relative 
error of flow resistance network prediction is 6.8%, that is, 
except for 2 samples, the network prediction performance 
of the other samples is close to the experimental value. 

The above analysis process shows that the improved 
particle swarm optimization algorithm can be applied to 
predict the flow heat transfer performance of heat 
exchanger, and the parameter sensitivity can be obtained 
by combining with the sensitivity analysis method. This 
can reduce the workload of experiment and simulation to a 
certain extent, and can be used to analyze the sensitivity of 
heat exchanger fin parameters, and provide directional 
guidance for heat exchanger optimization design. However, 
it should be noted that for the heat transfer and flow 
resistance performance of the heat exchanger, the network 
modeling, training, optimization and prediction should be 
carried out respectively to solve the contradiction between 
the two, and the flow resistance is often increased while 
improving the heat transfer performance. 

Under different cold and hot side flows, the 
comparison between the experimental results of the cooler 
and the numerical simulation results is shown in Fig. 12, 
where the hot side flows are 560 kg/hr, 721 kg/hr, 974 
kg/hr, respectively. 

 

 

 
Figure 12 Comparison between experimental results and simulation results of 

thermal performance of cooler 
 

As can be seen from Fig. 12, the simulation results of 
the thermal performance of the cooler are consistent with 
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the trend of the experimental data. When the porous 
medium model is used for thermal performance simulation, 
the maximum deviation between the simulation results of 
heat transfer performance and the experimental data is 
nearly 30%, and the maximum flow resistance is about 
15%. 
 
6 CONCLUSION 

 
The improved particle swarm optimization algorithm 

is used to establish the prediction model, and the structure 
of the improved particle swarm optimization algorithm is 
reasonably designed according to the analysis of the plate 
parameters and the flow channel form. The performance of 
plate heat exchangers with single beam ripple, sine wave 
cross section and qualitative temperature of 40 ℃ is 
predicted. The prediction results show that the prediction 
accuracy of this network is very high and can reach or even 
exceed the accuracy of practical engineering applications. 
The improved particle swarm optimization (PSO) to 
predict the heat transfer and flow resistance performance 
of heat exchangers is of great value to the development and 
selection calculation of heat exchangers. It is worth noting 
that in order to make a more accurate prediction of an 
object, the first thing is to ensure that the training samples 
must be accurate and the number of training samples 
should be sufficient. The theoretical calculation algorithm 
of heat transfer characteristics of heat exchanger and the 
algorithm software are compiled. By comparing the 
theoretical UA value calculated by software with the UA 
value calculated by field measured data, the operating 
characteristics of plate heat exchanger can be judged, 
abnormal state can be found effectively, and predictive 
maintenance can be achieved. In this paper, the traditional 
decomposition method is adopted in the process of time 
series decomposition. The subsequent work can be 
decomposed for the study of better data decomposition 
methods to improve the prediction accuracy of volumetric 
heat transfer coefficient. 
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