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A B S T R A C T   

Liquid metal heat pipes play a critical role in various high-temperature applications, with their optimization 
being pivotal to achieving optimal thermal performance. In this study, a deep learning based genetic algorithm is 
suggested to optimize the operating conditions of liquid metal heat pipes. The optimization performance was 
investigated in both single and multi-variable optimization schemes, considering the operating conditions of heat 
load, inclination angle, and filling ratio. The single-variable optimization indicated reasonable performance for 
various conditions, reinforcing the potential applicability of the optimization method across a broad spectrum of 
high-temperature industries. The multi-variable optimization revealed an almost congruent performance level to 
single-variable optimization, suggesting that the robustness of optimization method is not compromised with 
additional variables. Furthermore, the generalization performance of the optimization method was investigated 
by conducting an experimental investigation, proving a similar performance. This study underlines the potential 
of optimizing the operating condition of heat pipes, with significant consequences in sectors such as high tem
perature field, thereby offering a pathway to more efficient, cost-effective thermal solutions.   

1. Introduction 

The heat pipe, a device proficient in transferring heat efficiently, uses 
two-phase processes, which include evaporation and condensation. This 
results in low thermal resistance and minimal temperature differences 
between the heat source and the heat sink. Relying on gravity and 
capillary force for operation, it doesn’t need electricity. The enhanced 
heat transfer performance of the heat pipe is achieved, benefiting 
particularly from the capillary force, with development in wick tech
nology. The heat pipe is both easy to maintain and passive, making it an 
ideal heat removal device for various applications, including electric 
devices [1], solar power plants [2], and nuclear power plants [3]. In the 
field of nuclear energy, there’s an increasing interest in heat pipes. They 
have multiple roles such as the removal of heat from spent nuclear fuel 
and as passive safety systems during accidents [4–7]. A new concept, 
heat pipe-cooled microreactors, has been introduced recently. Heat 
pipes facilitate heat removal in these systems. Various heat pipe-cooled 
microreactors designs aim for high-temperature operations to maximize 
heat efficiency in electricity generation [8–14]. A liquid metal heat pipe, 
which possesses high thermal conductivity and low vapor pressure, is 
the chosen working fluid in the nuclear field. Therefore, heat pipes with 

liquid metal as the working fluid offer effective heat control, contrib
uting to the stable and efficient operation of heat pipe-cooled micro
reactor systems. Given that safety is the top priority in nuclear power 
plants, accurate prediction and optimization of heat pipe performance 
are essential. 

In various industries, heat pipes predominantly employ water as the 
working fluid. However, when sodium or potassium was utilized as the 
working fluid of the heat pipe, the thermal properties are less under
stood, making it difficult to predict heat transfer performance without 
experimental tests. Therefore, numerous studies have been conducted 
into the performance of heat pipes that use liquid metals such as sodium 
and potassium [15–17]. One study explored how thermosiphon perfor
mance with sodium as the working fluid was influenced by factors such 
as filling ratio, which includes dry-out and wall overheating scenarios. It 
was found that the filling ratio significantly impacts liquid metal ther
mosiphon heat transfer [18]. Another study offered experimental in
sights into designing heat pipes that use potassium as the working fluid, 
focusing on the effects of inclination angle and input power on startup 
performance. Both inclination and input power were key determinants 
in assessing heat transfer [19]. For heat pipes operating at high tem
peratures, empirical studies were conducted to assess the thermal 
characteristics when potassium served as the working fluid [20]. In 
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addition, it was found that inclination angle was a key variable affecting 
thermal performance, whereas filling ratio had minimal impact [21]. An 
investigation into the startup and operational condition of heat pipes 
using sodium was carried out, particularly emphasizing the influence of 
the inclination angle [22]. Additional studies investigated the heat 
transfer attributes of heat pipes with different wick structures, using 
sodium as the working fluid [23]. Due to limited research on the thermal 
characteristics of liquid metals compared to water, it is challenging to 
predict the performance of liquid metal heat pipes. Various factors, 
including two-phase processes such as evaporation and condensation, 
make this more complex. Furthermore, the wick structure facilitating 
capillary force adds another layer of complexity. As a result, empirical 
validation is essential before liquid metal heat pipes can be widely 
applied across industries. Manufacturing these heat pipes for all possible 
scenarios incurs substantial costs due to the need to verify their heat 
transfer capabilities under each unique condition. 

Estimating the thermal resistance in heat pipes and thermosiphons is 
a method that can employ a variety of approaches, from thermal resis
tance circuit calculations based on theoretical models to numerical 
analysis involving governing equations [24–29]. These methods, how
ever, often depend on sparse experimental evidence or are valid only 
within certain operational conditions. These data points usually require 
experimental observation or assumptions from the saturation tempera
ture related to internal pressure. Traditional models often make specific 
assumptions and have built-in limitations, which means they may not be 
able to fully understand or represent the complexity and variety of the 
system. Because of this, their accuracy and usefulness could be limited, 
especially when applied to a wide range of situations such as filling ratio. 
Therefore, creating predictive frameworks for heat pipes that take into 
account intricate mechanisms of heat and mass transfer is a difficult 
undertaking. 

There’s a widespread need for a flexible approach to predicting heat 
transfer performance across various industries, one that considers the 
distinctions between thermosiphons and heat pipes. Therefore, the 
application of machine learning and deep learning methodologies has 
been suggested to resolve these prediction challenges. Because heat pipe 
systems can display nonlinear associations among different factors, deep 
learning is well-suited to model these nonlinear correlations and yield 
accurate forecasts by learning from data patterns. This capability makes 
it possible to understand how heat pipes behave under varying condi
tions and enhances predictive accuracy. Unlike traditional numerical 
models, deep learning models can also be updated more flexibly to adapt 
to new data. Therefore, several studies have been conducted on heat 
pipes using machine learning or deep learning. 

The utilization of machine learning and deep learning has been 
suggested to reduce the difficulty in predicting the heat transfer per
formance of heat pipes [30,31]. Because the prediction of the thermal 

performance of a pulsating heat pipe is difficult, artificial neural net
works (ANNs) and regression/correlation analysis (RCA)-based thermal 
performance prediction methods have been suggested [32]. The thermal 
performance prediction of an ANN model is superior to that of an 
RCA-based prediction model when geometrical parameters are consid
ered. A method for optimizing the number of fines and filling ratio was 
proposed using a genetic algorithm [33], and the ANN architecture was 
used to predict the thermal performance when a genetic algorithm was 
applied. In another study, a method for predicting the heat transfer 
performance of a closed vertical pulsating heat pipe was suggested based 
on the ANN architecture [34]. Based on the results, the ANN architec
ture predicted the thermal performance of the closed vertical pulsating 
heat pipe with a maximum percentage error of 20% in the data range. 
Additionally, researchers compared the ANN, deep neural network 
(DNN), and convolutional neural network (CNN) architectures to pre
dict the outlet temperature of the condenser for a heat pipe [35]. The 
overall prediction performance of the CNN architecture was superior to 
those of the ANN and DNN architectures. However, the DNN architec
ture indicated a lower maximum percentage error than the CNN archi
tecture. Heat transfer performance prediction studies, which 
numerically analyze behavior, have been mainly proposed based on 
thermosiphons because of the complexity of the capillary force. In 
addition, previous studies considered only a few input parameters to 
predict the thermal performance of heat pipes. In other words, the heat 
transfer performance prediction method was applied under limited 
conditions, such as the same heat pipe and operating conditions. Such 
limitations could result in the deep learning models being overfitted to 
the training data, compromising their ability to generalize to new con
ditions. Given the risk of overfitting, it’s crucial to assess performance in 
settings where the data varies, either geometrically or in terms of 
operational conditions. To demonstrate the method’s adaptability, 
evaluation should extend beyond the range of the training dataset. 
Furthermore, adjusting the model architecture could enhance its pre
dictive performance. Alongside the prediction model, optimization 
methods should also be taken into account to suggest the optimal 
condition. 

This study suggests a method that combines deep learning and ge
netic algorithms for optimizing the operational conditions to enhance 
the thermal performance of heat pipes that use liquid metal as a working 
fluid. The heat transfer performance of a heat pipe is linked to its 
thermal resistance. To ensure optimal performance, an accurate pre
diction model is essential, which is why deep learning techniques are 
employed in this study. Data for both training and test were obtained 
from published literatures that experimentally investigated the perfor
mance of heat pipes with liquid metal as the working fluid. The gener
alization performance of the optimization model was conducted using 
experimental data, which was carried out in this paper. Predictions 

Nomenclature 

D diameter [m] 
L axial Length [m] 
ṁ mass flow rate [kg/s] 
Cp heat capacity [J/K] 
h heat transfer coefficient [W/m2-K] 
T temperature [◦С] 
Q power [W] 
P pressure [Pa] 
I current [A] 
V voltage [V] 
ρ density [kg/m3] 
ε porosity 
x input 

w weight 
yi predicted value 
ŷi reference value 

Subscript 
sat saturation 
rad radiation 
conv convection 
e evaporation 
a adiabatic 
c condenser 
s solid 
v vapor 
w wick 
o pipe outer diameter  
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about thermal performance are based on a variety of factors, including 
operating conditions, the properties of the liquid metal, and geometrical 
information of the wick. This study proposes to deviate from using 
operational boundary conditions in heat pipes, in contrast to empirical 
correlation or governing equation methods. The study introduces a 
method for predicting and optimizing heat transfer performance without 
experimental data. Optimizing the thermal performance of heat pipes 
that use liquid metal can potentially improve both cost-efficiency and 
safety in industries that operate at high temperatures. 

2. Modeling and methodology 

2.1. Configation of dataset 

In this research, the dataset employed for training and assessing the 
prediction performance for heat pipes using liquid metal as a working 
fluid was obtained from published articles. Liquid metals, specifically 
pure sodium and pure potassium, which are actively researched in the 
nuclear field, were considered as the working fluids for the heat pipes in 
the deep learning-based thermal performance prediction method. In this 
study, wickless heat pipes (thermosiphon) and screen mesh heat pipes 
were considered. The data relating to the operating condition of heat 
pipes were included, considering start-up and steady-state data. Thermal 
resistance in these heat pipes is influenced by numerous variables, given 
their operation based on two-phase processes. Therefore, an extensive 
set of variables was considered in the deep learning training. These 
variables include heat load, inclination angle, filling ratio, inner and 
outer diameters, and lengths corresponding to various sections of the 
heat pipe (evaporation, adiabatic, and condensation), along with the 
thermal properties of the wick structure and working fluids involved. 
When calculating the filling ratio for Thermosiphon, the filling ratio is 
determined through the ratio of the volume in the evaporation section. 
However, when calculating the filling ratio for the screen mesh heat 
pipe, the filling ratio is determined through the ratio of the entire wick’s 
volume. Therefore, the filling ratio is denoted in ’g’ units to avoid 
confusion. While assuming the adiabatic section’s temperature as the 
saturation temperature improves prediction performance under specific 
boundary conditions, these variables remain unknown without dedi
cated experiments. The study introduces a method for predicting and 
optimizing heat transfer performance without experimental data. The 
objective is to predict liquid metal heat pipe performance solely based 
on initial properties, considering thermal properties that encompass 
information about initial conditions, which are determined by pressure. 
Based on each article, the range of each parameter used for deep 
learning applications is summarized in Table 1 [19–23]. Despite the 
wide range of variables considered, one challenge encountered was the 

limited availability of experimental studies focusing on liquid metal heat 
pipes using either sodium or potassium. Consequently, the dataset was 
not enough for deep learning model training. In situations where the 
dataset for training a deep learning model is scarce, data augmentation 
techniques can be employed to overcome this limitation. Recently, 
interpolation has been introduced as an effective data augmentation 
strategy, especially for time-series and text data, with the aim of per
formance improvement [36–38]. In the context of this study, multiple 
published articles offer thermal resistance values in relation to heat load. 
This gives valuable insights into how thermal resistance varies with 
changes in heat load. This information was crucial for applying data 
augmentation via interpolation, treating the thermal resistance as a 
function of heat load similar to a time-series dataset. Therefore, data 
augmentation techniques, specifically interpolation methods, were 
applied to enhance the model’s performance. The augmented data 
enhanced the prediction performance of the deep learning model. Of the 
total 29,014 datasets, 80% was allocated for training and validation, 
with the remaining 20% used for testing. 

Data normalization holds specific benefits when it is used for training 
deep learning models. It helps to mitigate issues such as vanishing or 
exploding gradients, thereby enhancing model stability. In this study, Z- 
score normalization was employed for the input data and thermal 
resistance. This technique transforms the data into a standard normal 
distribution, having a mean of zero and a standard deviation of one. The 
approach is relatively immune to outliers and provides consistent out
comes irrespective of the initial data distribution. The equation for Z- 
score normalization used in this study is given as Equation (1), where 
yi,norm is normalized data, yi is data, m is the mean, and σ is the standard 
deviation. 

yi,norm =
yi − m

σ (1)  

2.2. Configuration of deep learning model 

2.2.1. ANN and DNN 
ANNs are computational frameworks modeled from the human 

brain’s biological neural network [39]. ANNs consist of nodes, known as 
artificial neurons, that process information and forward it to subsequent 
nodes. The architecture of an ANN typically includes three categories of 
layers: input, hidden, and output. The network’s performance is notably 
influenced by the number of nodes and the hidden layers. Each node in 
the hidden layer computes its output based on a set of weights and 
biases. The output of any given neuron is a nonlinear function applied to 
the sum of its input signals. The formula that represents the output of a 
node in the hidden layer, considering both weight and bias, can be seen 
in Equation (2), where xi and yi stand for the input and output, wij 
represents the weight. 

yi = f
(∑(

xi ×wij + bias
))

(2) 

In recent times, ANNs have enhanced regression capabilities across 
various applications. When an ANN includes multiple hidden layers, it is 
categorized as a DNN. In this study, the performance of both ANN and 
DNN architectures was assessed to identify the optimal thermal perfor
mance prediction model for heat pipes using liquid metal as the working 
fluid. The architectures of both ANN and DNN were optimized by 
varying the number of nodes [30]. An increase in the number of nodes 
corresponded to improvement in prediction accuracy. For this study on 
thermal performance prediction of liquid metal heat pipes, the ANN 
architecture had 512 nodes in the hidden layer. The DNN variant 
included three hidden layers, each containing 512 nodes. Representa
tions of the ANN and DNN architectures are shown in Fig. 1. 

2.2.2. CNN 
Within the realm of deep learning, CNNs have exhibited exceptional 

capabilities for managing complex data sets, especially in the field of 

Table 1 
Range of each parameter obtained from published literature.  

Parameter Range 

Heat load (W) 20–4135 
Thermal resistance (K/W) 0.01043–2.4997 
Inclination angle (◦) 0–90 
Filling ratio (g) 8–100 
Inner diameter (mm) 20–30 
Outer diameter (mm) 16–23 
Le/L (%) 28.571–40 
La/L (%) 14.286–25 
Lc/L (%) 40–57.143 
L (mm) 350–1000 
Thermal conductivity (W/cm◦C) 16.3 
Liquid metal density (kg/m3) 664–740 
Liquid metal thermal conductivity (W/cm◦C) 0.307–0.486 
Viscosity (centipoise) 0.13–0.149 
Specific heat (J/g◦C) 0.783–1.549 
Wick porosity 1.0–0.634 
Wick thickness (mm) 0–5  
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image analysis [40]. CNNs are a specialized type of ANN that generally 
demand fewer parameters for data manipulation than their traditional 
ANN. Given these strengths, this study adopted a CNN-based architec
ture to predict the heat transfer performance of liquid metal heat pipes. 
While CNNs are predominantly deployed for intricate image data 
handling, their architecture can be modified to accommodate input 
parameters specific to heat transfer performance prediction. These pa
rameters often present more extensive data than previous investigations, 
which consider heat pipe. However, the number of parameters is still 
lower compared to the image data. The CNNs used in this study were 
built using one-dimensional convolutional layers, making them simpler 
than those typically used for image analysis. One of the challenges with 
deep learning architectures is that increasing the depth beyond an 
optimal point can result in the loss of important data features, thus 
degrading the performance. To mitigate this, a skip connection tech
nique was implemented in CNN architecture. This approach preserves 
essential data features by directly forwarding them from earlier layers to 

subsequent convolutional layers. In this study, both the standard CNN 
and the CNN with skip connections were examined to identify the most 
effective deep-learning architecture for predicting heat transfer perfor
mance in liquid metal heat pipes [30]. These two CNN architectures, 
including the skip connection represented by a blue line, are represented 
in Fig. 2. 

In deep learning architectures, the selection of an activation function 
is crucial as it dictates how the processed data is activated or deactivated 
across layers, subsequently influencing the final output. In this study, 
the Rectified Linear Unit (ReLU) served as the activation function across 
all considered architectures: ANNs, DNNs, and CNNs. The ReLU function 
can be formally described by Equation (3), where x is input. 

ReLU(x)=
{

ReLU(x) = x, x ≥ 0
ReLU(x) = 0, x < 0 (3) 

Various activation functions like Sigmoid, Tanh, and ReLU exist, but 
ReLU stands out for its ability to mitigate the vanishing gradient 

Fig. 1. Architectures of ANN and DNN used for this study [31].  

Fig. 2. The architectures of CNN and CNN applied to the skip connection used for this study [31].  
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problem and facilitate prompt learning. The limitation of ReLU is its 
output of zero for all negative input values. However, given that our 
dataset consists exclusively of positive thermal resistance values, this 
drawback is effectively neutralized, enabling the unrestricted use of 
ReLU in this study condition. For the training of all architectures, a batch 
size of 64 was employed. The optimization was carried out using the 
Adaptive Momentum Estimation (Adam) algorithm, set at a learning 
rate of 0.001. Adam offers multiple advantages, such as automatic 
learning rate adjustment and the incorporation of prior gradient infor
mation through momentum, thus accelerating convergence while 
enhancing accuracy. This study utilized the Adam optimizer, largely due 
to its demonstrable superiority over alternative optimization tech
niques. K-fold cross-validation was applied to prevent overfitting and 
enhance the performance of deep learning architecture, where k was set 
to 5. For comparing the optimal performance of each architecture, the 
model with the lowest validation loss during 1000 training iterations 
was used to evaluate prediction performance. Therefore, the epoch at 
best performance is the number of iterations at the lowest validation loss 
during 1000 training iterations. Table 2 represents the training condi
tions and the number of parameters for each of the architectures, 
identifying the best-performing model for heat pipe heat transfer pre
diction. The number of parameters represents the total count of train
able weights in the neural network, quantifying the model’s capacity 
and complexity. The reason why the number of parameters varies be
tween architectures, it that it reflects their distinctive features and 
computational complexities. 

2.2.3. Performance evaluation of deep learning architectures 
Evaluating the performance of a regression model is fundamentally 

related to the concept of a loss function. This function calculates the 
discrepancy between the predicted values and reference values. Ad
justments to weights and biases in the deep learning architecture are 
made to minimize the error, as dictated by the loss function. For this 
reason, the performance assessment was conducted using a range of 
commonly employed loss functions [30]. In this study, various metrics 
were considered for evaluating the performance of the deep learning 
regression model. These include Percentage Error (PE), Mean Absolute 
Percentage Error (MAPE), Mean Absolute Error (MAE), Mean Square 
Error (MSE), and the Coefficient of Determination. (R2) were considered 
to evaluate the heat transfer prediction performance of the heat pipe 
using several performance evaluation methods. Equation (4) through (8) 
define each of these performance assessment metrics. In these equations, 
yi stands for the reference value, ŷi is the predicted output, y denotes the 
mean of the output values, and n represents the total number of data 
points in the sample. By adopting these performance metrics, this study 
offers a comprehensive evaluation of the regression model’s accuracy 
and reliability in predicting heat pipe heat transfer performance. 

Percentage Error (PE)=
|ŷi − yi|

yi
(4)  

Mean Absolute Percentage Error (MAPE)=
∑n

i=1
|̂yi − yi |

yi

n
(5)  

Mean Absolute Error (MAE)=
∑n

i=1|yi − ŷi|

n
(6)  

Mean Square Error (MSE)=
∑n

i=1(yi − ŷi)
2

n
(7)  

Coefficient of determination
(
R2)= 1 −

∑n
i=1|yi − ŷi|

∑n
i=1|yi − y|

(8) 

The prediction performance of a deep learning model is influenced 
not only by the architecture but also by the selection of the loss function. 
To identify the optimal training conditions, various loss functions such 
as MAE, MSE, and MAPE were evaluated for their impact on predictive 
performance. Although the overall performance was similar within 10%, 
the loss function, which exhibited the lowest maximum Percentage Error 
(PE) in prediction, was MSE. The model trained with MSE had a 
maximum PE of 1.36%, whereas the model trained with MAE had a 
maximum PE of 2.81%, and the model trained with MAPE had a 
maximum PE of 1.73%. Therefore, the MSE was used as loss function. 
Most loss functions involve calculating the difference between predicted 
and reference values, leading to higher maximum percentage errors, 
particularly in regions of low thermal resistance. To mitigate this, the 
models were retrained using normalized values for reference thermal 
resistance of the liquid metal heat pipe. This adjustment improved the 
prediction accuracy of the deep learning models, confirming the 
importance of tailored loss function selection for optimized training 
outcomes. 

2.2.4. Explainable deep learning 
The need for clear understanding in deep learning becomes crucial 

for explaining the complexities of deep learning architecture, clarifying 
how features contribute, and improving overall model understanding. 
Therefore, explainable deep learning is essential for transparency, as it 
assesses the impact of individual features. The interpretation of deep 
learning based regression models was conducted. Although there are 
various ways in which the analysis can be performed, SHAP (Shapley 
Additive exPlanations) was considered [41]. SHAP makes the deep 
learning model interpretable, rooted in cooperative game theory and 
Shapley values, fairly distributing the contribution of each variable to 
interpret model predictions. SHAP provides a detailed understanding of 
how each variable influences model outcomes in the interpretation of 
deep learning architecture. Furthermore, SHAP is suitable for analyzing 
complex models such as CNNs, offering insights into variable impor
tance. The analytical framework employed by SHAP involves the utili
zation of equation (9) to systematically examine the impact of variables 
used in predictions: where φi(f): Shapley value for feature i in the 
function f , representing the contribution of feature i to the prediction, N: 
set of all feature values, S: subset of feature values excluding feature i, 
f(S∪{i}): prediction of the model when both feature i and the subset S 
are present, and f(S): prediction of model when only the subset S is 
represent. 

φi(f )=
∑

S∈N\{i}

|S|!(|N| − |S| − 1)!
|N|!

[f (S∪{i}) − f (S)] (9)  

2.3. Genetic algorithm 

Genetic algorithms, inspired by biological evolution and grounded in 
Darwinian natural selection, provide a method for optimization through 
iterative refinement of genes, which in this context represent data 

Table 2 
Training conditions for selecting optimal architecture to predict heat transfer performance of the heat pipe.  

Architectures Optimizer Learning rate Loss function Batch size Epoch at best performance Hardware # of Parameters 

ANN Adam 0.001 Mean square error 64 995 GPU: Tesla-k80 9217 
DNN 902 534,529 
CNN 879 32,561 
CNN with skip connection 519 40,241  
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points. The initial data set, represented in a binary format, is generated 
at random. It undergoes a fitness evaluation, and the calculation method 
for this fitness is critical since it influences the accuracy of the optimized 
outcome. In the present study, thermal resistance was chosen as the 
criterion for fitness assessment. Leveraging a deep learning model 
optimized for thermal resistance prediction, each variable was further 
refined. Genes exhibiting lower thermal resistance were prioritized for 
passing on to subsequent generations, enhancing the possibility of 
reaching optimized solutions. To maintain genetic diversity and avoid 
stagnation, mutations were introduced at a low rate in the offspring 
genes. These new genes replace the existing ones, and the process is 
iterated to yield the specified variables that minimize thermal resis
tance. In practical applications, optimization within a specified range is 
often essential. Therefore, the generation was conducted to provide 
optimal values within a predefined range [31]. In detail, an initial 
population of 1000 individuals is generated within a specified range. 
The thermal resistance prediction was conducted based on deep 
learning. In this study, the specified criterion was satisfying whether 
80% of the population is maintained with the same for 100 iterations. 
Until satisfying the specified criteria, including the 99th iteration, new 
offspring are created based on the data with the lowest thermal resis
tance. During the mutation process, 10% of the data is randomly 
generated within a specified range to prevent convergence to the local 
minimum. The flowchart of deep learning based genetic algorithm is 
shown in Fig. 3. The range for optimization performance evaluation is 

summarized in Table 3. For assessing the optimization performance for 
operating conditions, both single-variable and multi-variable optimiza
tion were considered. The influence of individual variables should be 
evaluated to evaluate the optimization performance while understand
ing the combined effects of multiple variables. Optimization perfor
mance for a single variable is utilized to assess the impact of each 
variable. On the other hand, multi-variable optimization is employed to 
evaluate the combined effects of multiple variables. This approach en
hances the interpretability of the optimization process as well as ensures 
a more comprehensive exploration of the solution. The optimization 

Fig. 3. Flow chart of deep learning based genetic algorithm.  

Table 3 
The range for optimization performance evaluation in accordance with 
parameters.  

Single variable optimization 

Parameter Range for optimization 

Heat load (W) 300–600 
Inclination angle (◦) 0–90 
Filling ratio (g) 7–36  

Multi-variable optimization 

Parameter Range for optimization 

Heat load (W) 400–600 
Inclination angle (◦) 20–60  
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strategy gains the capability to capture intricate relationships and de
pendencies, facilitating a more effective and informed process by eval
uating single and multiple variables optimization performance. 
Parameters such as heat load, inclination angle, and filling ratio were 
evaluated for single-variable optimization, while heat load and incli
nation angle were considered for multi-variable cases. The optimization 
performance was evaluated against experimental data from published 

studies, confirming the utility of genetic algorithms for this type of 
thermal optimization. 

2.4. Experimental facility 

The generalization performance of a model is crucial for its appli
cability to unseen data. Overfitting is a common concern in machine 

Fig. 4. Schematic illustration of test facility with TC locations [42].  
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learning and optimization algorithms, where a model performs well on 
the training data but deficiently on unseen data. In this study, additional 
steps were taken to mitigate the risk of overfitting and to validate the 
model’s generalization capability. The experimental validation dataset 
was used to test the performance of the deep learning and genetic al
gorithm models. This dataset was distinct from the training dataset, 
allowing for a more robust assessment of the model’s generalization 
capabilities. This is a critical aspect that often involves conditions or 
scenarios not explicitly covered in the training data. Thus, this study 
offers a more reliable and generalizable model for predicting optimal 
operating conditions in liquid metal heat pipes. This level of validation is 
critical for the practical application of these predictive models and 
optimization algorithms, especially in high-temperature industries 
where the concerns are high for both performance and safety. 

The layout of the test facility is detailed in Fig. 4, incorporating el
ements that include an Radio-Frequency (RF) induction heat source, a 
thermally insulated furnace, infrared thermal measurement devices, and 
K-thermocouples (TCs), along with an infrared imaging system. RF- 
based induction heating was chosen due to its capacity to facilitate 
elevated temperatures within the heat pipe, thereby allowing the study 
of diverse thermal boundary conditions, including rapid thermal trans
fer and instantaneous power cut-off. The copper coil used in the in
duction mechanism has dimensions of 32 mm in diameter and a length 
of 300 mm. To maintain thermal equilibrium, a water circulation system 
was integrated within the coil. The induction heating unit has a 
maximum power output of 40 kW at a standard frequency of 50 kHz, 
with controllable current intensity ranging from 10 to 100 A. The initial 
current setting was at 10 A and was incremented in steps of 5 A. 
Measuring 900 mm in length and with an outer diameter of 19.05 mm, 
the sodium-filled pipe was designed to ensure sufficient capillary action 
via the inclusion of 12 layers of a #120 mesh. Contrary to the literature 
used for the database, the filling ratio was 260% of the wick volume with 
sodium. Furthermore, the length ratio of the condensation section was 
adjusted to consider out range of the training dataset. A comprehensive 
overview of the sodium heat pipe specifications is summarized in 
Table 4. 

The heat pipe was cooled by natural air cooling. To understand the 
energy dynamics of heat input, loss, and cooling during the tests, we 
assessed the energy distribution in each section using the formulas 
provided in Equations. (10) – (13). 

Q̇RF = Q̇RF,Heat input − Q̇RF,cooling (10)  

Q̇loss = Q̇e,conv + Q̇e,radiation + Q̇a,convection (11)  

Q̇Total loss = Q̇loss + Q̇RF,cooling (12)  

Q̇HP,cooling = Q̇a,radiation + Q̇c,conv + Q̇c,radiation (13) 

Utilizing the recorded wall temperatures as representative data 
points, both convective and thermal radiation heat transfers in indi
vidual segments were determined through the formulas in Equations. 
(14) – (17). This estimates the cumulative cooling effectiveness and rate 
of heat loss. The heat transfer coefficient (hc) was deduced using the 
Churchill and Chu correlation for natural convection, while the emis
sivity (ε) of the heat pipe’s surface was ascertained by calibrating tem
perature readings from the thermocouple and IR camera. At a steady 
state, the power discrepancy between RF input and total heat loss stayed 
below 10%. 

Q̇RF,Heat Input = IV (14)  

Q̇RF,cooling = ṁCp(Tinlet − Toutlet) (15)  

Q̇conv =
∑n

i=1
πDo(xi+1 − xi)hc(Ti − T∞) (16)  

Q̇rad =
∑n

i=1
σεπDo(xi+1 − xi)

(
Ti

2 +T∞
2)(Ti + T∞) (17) 

The overall thermal resistance was calculated from the temperature 
distribution of the evaporation and condensation sections based on 
Equation (18), where Te is the average temperature in evaporator sec
tion, Tc is the average temperature in condenser section, and Qe is 
amount of cooling. 

R=
Te − Tc

Qe
(18)  

2.4.1. Uncertainty analysis 
The uncertainty analysis for each heat transfer parameter was per

formed based on the uncertainties of the measurement instruments. The 
uncertainty analysis for each heat transfer parameter was performed 
based on Equations (19)–(25). The uncertainties for each measurement 
instrument are listed in Table 5. 

∂QRF,Heat Input

QRF,Heat Input
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
I∂V

QRF,Heat Input

)2

+

(
V∂I

QRF,Heat Input

)2
√

= ± 1.41 ∼ 1.44%

(19)    

Table 4 
Configuration of sodium heat pipe.  

Parameter Range 

Case 1 Case 2 

Removed Heat (W) 400–750 200–650 
Inclination angle (◦) 0 
Filling ratio (g) 59.4 (260%) 
Inner diameter (mm) 19.05 
Outer diameter (mm) 16.57 
Le/L (%) 33.33 
La/L (%) 33.33 33.33 
Lc/L (%) 33.33 66.67 
L (mm) 900 
Working fluid 99.7% pure sodium 
Wick porosity 0.634 (120#) 
Wick thickness (mm) 1.12  

Table 5 
Uncertainty of measurement instruments.  

Parameter Instruments Uncertainties 

Temperature (T) Thermocouple (K-type) 0.75% 
Pyrometer 0.5% 

Water flow rate Turbine flowmeter 0.05% 
Voltage (V) Voltmeter 1.0% 
Current (I) Amperometry 1.0%  

∂QRF,cooling

QRF,cooling
=

1
QRF,cooling

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
CpΔT∂ṁ

)2
+
(
ṁCp∂ΔT

)2
√

=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

∂ṁ
ṁ

)2
√

+

(
∂ΔT
ΔT

)2

= ± 0.90 ∼ ±6.60% (20)   
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∂QRF

QRF
=

1
QRF

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
∂QRF,Heat Input

)2
+
(
∂QRF,Cooling

)2
√

= ± 4.08 ∼ ±12.99% (21)  

∂Qrad

Qrad
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

∂D
D

)2

+

(
∂x
x

)2

+

(
∂ε
ε

)2

+

(∂
(
Ti

2 +T∞
2)

Ti
2 +T∞

2

)2

+

(
∂(Ti +T∞)

Ti +T∞

)2
√

=

±1.22%
(22)  

∂Qconv

Qconv
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

∂D
D

)2

+

(
∂x
x

)2

+

(
∂hc

hc

)2

+

(
∂ΔT
ΔT

)2
√

= ± 1.58% (23)  

∂QHP,Cooling

QHP,Cooling
=

1
QHP,Cooling

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
∂Qrad,a

)2
+
(
∂Qconv,c

)2
+
(
∂Qrad,c

)2
√

= ± 4.05

∼ 4.89%
(24)  

∂R
R

=
1
R

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
∂QHP,cooling

)2
+ (∂Te)

2
+ (∂Tc)

2
√

(25) 

The RF heating input’s maximum uncertainty was 1.44%. The 
maximum uncertainty related to RF cooling was 6.60%. By incorpo
rating the uncertainty in surface temperature to the assessment of heat 
transfer rate, the resulting maximum uncertainty for natural convection 
was found to be 1.58% and for radiation, it was 1.22%. Consequently, 
the total uncertainty in the heat transfer rate for the sodium heat pipe 
was determined to be 4.89%. The maximum uncertainty observed for 
thermal resistance was 9.08%. There are two reasons for the maximum 
uncertainty of thermal resistance. The maximum uncertainties are 
observed due to the effect of overfilling. For another reason, in case 2 of 
the experiment, the length of the condensation section was set exces
sively to simulate various conditions, which made fully-activated con
dition difficult. The maximum uncertainty of thermal resistance was 
confirmed under low heat load conditions, which was induced by the 
increased temperature difference between the condensation section and 
the evaporation section. Because the thermal resistance of the heat pipe 
is near or below 1, a 9% error corresponds to approximately 0.1, which 
is numerically insignificant. Therefore, uncertainty analysis is deemed 
to ensure rationality and reliability. 

3. Results and discussion 

The assessment of prediction performance for heat transfer in the 
liquid metal heat pipe was carried out using both the validation and test 
datasets. Upon identifying the optimal architecture by examining the 
prediction performance of ANN, DNN, and CNN, the optimal deep 
learning architecture was integrated into the genetic algorithm. Subse
quent to evaluating the performance of the genetic algorithm, the per
formance of generalization was investigated by the experimental data, 
which is not included in the training range. 

3.1. Selection of optimal deep learning architecture 

The predictive performance of ANN, DNN, CNN, and CNN with skip 
connections were analyzed to discover the optimal architecture for heat 
pipe heat transfer when using liquid metal as the working fluid. Fig. 5 
shows the PE relative to the reference thermal resistance with detail 
metrics such as MAE, MSE, MAPE, and the coefficient of determination 
for each architecture. The ANN architecture for the prediction of ther
mal performance showed inadequate prediction performance, charac
terized by the highest maximum percentage error. The predictive 
performance of the DNN model was similar to the basic CNN architec
ture. However, the CNN architecture had a diminished maximum per
centage error compared to the DNN model. Therefore, this study tried to 
enhance the CNN model’s prediction performance by incorporating the 
skip connections method. Both the comprehensive performance and the 
maximum percentage error of the CNN architecture with skip connec
tions surpassed that of the basic CNN model for predicting liquid metal 
heat pipe thermal performance. The fundamental difference in perfor
mance between the basic ANN structure and CNN is attributed to the 
number of parameters. Typically, as the number of parameters increases, 
the performance of deep learning models tends to improve. However, 
the maximum PE of DNN was high compared to CNN. The process of 
CNN to handle the spatial structure of data is considered the reason for 
performance enhancement, despite having a larger number of parame
ters of DNN. CNNs, equipped with convolutional layers, have shown 
outstanding performance in capturing specific features. While CNN can 
identify complex patterns crucial for accurately predicting the perfor
mance of heat pipes, ANN and DNN have the inherent difficulty of 
identifying such subtle relationships with a lack of certain mechanisms, 
leading to performance deterioration. As a result, the architecture of the 
CNN with skip connections was considered to be used for the genetic 

Fig. 5. The prediction performance comparison of each architecture: (a)ANN, (b) DNN, (c) CNN, and (d) CNN with skip connection.  
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algorithm to predict the heat transfer performance of liquid metal heat 
pipes. 

The SHAP analysis was applied to the CNN with skip connection 
architecture, which represents the outstanding prediction performance. 
Evaluating the impact of design parameters on deep learning architec
ture with reliable prediction performance could offer valuable design 
guidelines. Fig. 6 illustrates the influence of each design parameter, 
arranged in order of descending significance. Fig. 6 (a) depicts the in
fluence on predictions according to design parameters. Fig. 6 (b) rep
resents the mean absolute SHAP values for design parameters. In terms 

of heat pipe heat transfer performance, the most influential design 
parameter was the heat load, followed by the inclination angle and 
filling ratio. Increasing the heat load is considered crucial for enhancing 
the heat transfer performance of heat pipes. The inclination angle and 
filling ratio depend on other conditions. For length and outer diameter, 
providing sufficient length is considered essential for increasing heat 
transfer performance. The optimization performance evaluation was 
conducted for the three most influential design parameters. 

Fig. 6. Influence of design parameters for prediction performance: (a) SHAP value in accordance with the range, and (b) mean absolute SHAP value.  
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3.2. Single variable optimization performance 

3.2.1. Heat load 
The performance of optimization was evaluated by comparing the 

percentage error for each variable against experimental data obtained 
from experimental investigation literature. The data range for opti
mizing operating conditions was determined from the bounds of the 
experimental findings. For heat load of optimal operation condition, a 
heat pipe of 800 mm in length, filled with 20g and using potassium as 
the working fluid, was assessed at inclination angles of 30◦, 60◦ and 75◦. 
Fig. 7 and Table 6 illustrates the comparative optimization outcomes for 
heat load against experimental data. The results for optimizing the heat 
load were exceptional, proving less than a 1% maximum PE. A 

contributing factor to this superior performance in heat load optimiza
tion compared to other parameters could be the data augmentation, 
which was primarily centered around the heat load. 

3.2.2. Inclination angle 
For the operating condition optimization of the inclination angle, a 

heat pipe with an 800 mm length, filled with 20g and 100g, and utilizing 
potassium as its working fluid, was evaluated under heat loads of 370 W, 
400 W, 550 W, and 2500 W. Both Fig. 8 and Table 7 illustrate the results 
of the inclination angle optimization in comparison to the observed 
empirical values. The results showed that the optimization performance 
pertaining to the inclination angle remains inferior. While the 

Fig. 7. The comparison of optimization performance with experimental result for heat load: (a) 60◦ and (b) 75◦

Table 6 
Optimization performance for a Heat load.  

Inclination (◦) Experiment (W) Optimization (W) Error (%) 

30 470 469.7 0.064 
60 470 467.9 0.447 
75 360 361.4 0.389  

Fig. 8. The comparison of optimization performance with experimental result for inclination angle: (a) 400 W and (b) 2500 W.  

Table 7 
Optimization performance for a inclination angle.  

Heat load(W) Experiment (◦) Optimization (◦) Error (%) 

370 15 13.5 10 
400 0 0 0 
550 0 0 0 
2500 15 12.3 18  
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discrepancy between the empirical data and the optimized data is 
merely 2.7◦, the peak PE reached up to 18%. It is considered that the 
performance inconsistency in inclination angle optimization arises 
because the magnitude of the inclination angle is relatively low in 
comparison to the heat load. It is regarded that the optimization and 
prediction model proceed sensitively to variations in the inclination 
angle. 

3.2.3. Filling ratio 
For the optimization of the filling ratio, a heat pipe with a length of 

350 mm and sodium as its working medium was examined under a 675 
W heat load. Fig. 9 illustrates the performance of filling ratio optimi
zation, including comparison to experimental investigation. The per
formance of the filling ratio optimization was a low PE of 2.09%. The 
optimization performance for this single variable demonstrates a 
reasonable level. Therefore, the optimization method could be applied 
to be beneficial across various high-temperature applications. 

3.3. Multi-variable optimization performance 

The optimization performance for multiple variables, as well as 
single variables, was also confirmed. For the performance evaluation of 
multivariable optimization, the heat load and inclination angle are 
considered. The range of heat load was from 400 W to 500 W and the 
range of inclination angle was from 20◦ to 90◦ for liquid metal heat pipe 
thermal performance optimization. The optimization performance is 
shown in Fig. 10 and Table 8 with a comparison to the experimental 
investigation. Optimization performance was reasonable for multivar
iate optimization. Comparing the performance of single-variable opti
mization, the errors of the inclination angle and heat load was similar 
levels. Since the multi-variable optimization performance does not differ 

Fig. 9. Comparison of optimization performance for Filling ratio: (a) experimental data (b) optimization result.  

Fig. 10. Optimization performance for multi-variables with the reference dataset: (a) Heat load data (b) Inclination angle data.  

Table 8 
Optimization performance for multi-variables.  

Parameter Experiment Optimization Error (%) 

Heat load (W) 470 461.8 1.75 
Inclination angle (◦) 20 21.5 7.5  
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significantly from the single-variable optimization performance, the 
optimization performance would be guaranteed even if a variable is 
added. 

3.4. Generalization performance 

To evaluate the generalization performance of the optimization 
model, a comparison was conducted with experimental data outside the 
range of the training data. Heat load was selected as a variable for 
optimization. The behavior of the prediction model and optimization 
performance are shown in Fig. 11 and Table 9. In Case 1 and Case 2, the 

experimental and predicted values of thermal resistance according to 
heat load were compared, and the goal was to find the optimal heat load 
by using a deep learning model and genetic algorithm. The thermal 
resistance behavior according to the heat load change of the liquid metal 
heat pipe was reasonably predicted, and the error was low for the 
optimal value. However, the prediction performance was lower than the 
previous, which is considered to be due to the difference between the 
overfilled liquid metal heat pipe and the general liquid metal heat pipe. 
Nevertheless, the predicted thermal resistance followed well the thermal 
resistance behavior of the overfilled liquid metal heat pipe, which was 
not included in the training dataset. In conducting transient numerical 
analysis of liquid metal heat pipes, performance was demonstrated with 
a maximum deviation ranging between 16% and 23%, depending on the 
considered scenarios [43,44]. In this study, a deep learning model pre
dicts the thermal resistance within a 20% error in transient conditions. 
Therefore, the prediction performance of the deep learning model is 
considered reasonable. Although the prediction performance of the deep 
learning model is similar to that of previous numerical analysis models, 
it has an advantage in utilizing thermal properties before the operation 

Fig. 11. Optimization performance for experimental datasets outside the range of training dataset: (a) Case 1 (b) Case 2.  

Table 9 
Optimization performance for experimental validation dataset.  

Type Experiment (W) Optimization (W) Error (%) 

Case 1 666.18 680.7 2.18 
Case 2 668.67 665.5 0.47  

Fig. 12. Behavior of temperature and thermal resistance of the sodium heat pipe for case 2.  
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of the heat pipe compared to the numerical analysis method. Numerical 
analysis methods require thermal properties, which are obtained from 
the experiment, under specific conditions for accurate predictions. 
Furthermore, the thermal resistance was predicted within 1 s. The deep 
learning model could contribute to saving costs and time in the absence 
of experimental validation. In case of the optimization, offering condi
tions for the lowest thermal resistance is important by following the 
behavior. Therefore, the difference with the predicted value is not 
considered to be a significant problem. 

In particular, when predicting the heat transfer performance of the 
liquid metal heat pipe, the influence of the sudden temperature de
creases in the cooling part that occurred in case 2 could not be predicted. 
The overall temperature, thermal resistance, and heat load behavior of 
the sodium heat pipe for case 2 are shown in Fig. 12. The reason is 
considered due to the operation difference between the overfilled liquid 
metal heat pipe and the general liquid metal heat pipe since the data of 
the general liquid metal heat pipe is used for training. When deep 
learning was trained, it could not reflect the characteristics of the heat 
pipe with a filling amount of 260% of the wick volume because such a 
heat pipe wasn’t taken into account. It is considered that a database 
should consider heat pipes with various characteristics, and further 
experimental investigations related to the heat transfer of liquid metal 
heat pipes are necessary for various operational conditions. Neverthe
less, the generalization performance of the optimization model was 
found to be outstanding. This optimization method can contribute to 
reducing manufacturing time and cost by offering an optimal liquid 
metal heat pipe before application to a micro-reactor or various nuclear 
reactors. Furthermore, could be applied to the heat pipe application for 
high-temperature fields. 

4. Conclusion 

Heat pipes, especially those using liquid metal as the working fluid, 
have gathered significant attention due to their efficient heat transfer 
capabilities. These heat pipes are essential components in high- 
temperature applications, including microreactors, various nuclear re
actors, and other high-temperature fields. Therefore, optimizing oper
ating conditions could result in reduced manufacturing time and 
decreased costs. In this study, an optimization approach using deep 
learning models and genetic algorithms was suggested to resolve the 
intricate dynamics of heat transfer within liquid metal heat pipes. The 
performance assessment was conducted for single-variable optimization 
of operating conditions such as heat load, inclination angle, and filling 
ratio, and extended to multi-variable optimization. The results proved 
reasonable performance, with the optimization process yielding a low 
percentage of errors in most cases with 18% of the maximum PE. 
However, a crucial aspect of any predictive model is its ability to 
generalize to unseen data. The generalization performance was evalu
ated using datasets that were outside its training range. While the model 
exhibited reasonable prediction performance, some shortcomings were 
identified, particularly when dealing with overfilled liquid metal heat 
pipes. This highlighted the importance of diverse and representative 
training datasets. The need for this research stems from the evolving 
landscape of high-temperature applications and the critical role of heat 
pipes within them. As the demand for efficient heat transfer solutions 
grows, so does the necessity for optimizing these systems. In conclusion, 
this study underscores the potential of system optimization, in predict
ing and optimizing heat transfer in liquid metal heat pipes. However, 
when assessing the model’s generalization capabilities using data 
outside the training range, certain challenges emerged, particularly with 
overfilled heat pipes. Furthermore, this study could not reflect other 
wick types due to the limitation of literature. These limitations 
emphasized the need for a more diverse training database. Hence, for 
improved applicability, this study encourages the experimental inves
tigation for various operating conditions. Even with these challenges, 
the overall outlook of the study is positive. The optimization 

methodology developed herein could revolutionize the design and 
application of heat pipes in various high-temperature industries, 
emphasizing the pressing need for such research endeavors. 
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