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Optimizing downhole thermal management systems (DTMS) for extreme environments is a computationally
intensive challenge. Traditional simulation-based optimization is prohibitively expensive, while surrogate
models struggle to balance data requirements and accuracy. This study proposes a novel structural optimization
framework employing a transfer learning neural network (TLNN) surrogate model. By integrating extensive low-
fidelity data from a thermal resistance network with limited high-fidelity 3D simulation data, the TLNN achieves
high prediction accuracy (RMSE < 1 °C) while reducing high-fidelity data requirements by over 50%. Coupled

with a Genetic Algorithm (GA), the framework reduces computational cost by 62% compared to conventional
methods, effectively avoiding local optima traps. The optimized DTMS design successfully maintains electronics
below 160 °C for 18 h in a 225 °C environment, offering an efficient solution for complex thermal system design.

1. Introduction

The exploration and development of oil and gas resources are
advancing toward deeper and more geologically complex formations
due to the exhaustion of shallow oil and gas resources [1-4]. Logging
tools play a critical role in downhole formation evaluation, integrating a
variety of electronic components to acquire and transmit geophysical
data in real time [5-7]. However, in ultra-deep reservoirs, logging tools
are routinely exposed to extreme temperatures that can exceed 200 °C
[8-10], which presents a severe challenge to the temperature reliability
of downhole electronics [11,12]. Developing high-temperature-resistant
electronic devices is a potential solution, but it remains technically
demanding and costly, often failing to keep pace with the urgent re-
quirements of practical applications [13-15].

To ensure the stable operation of downhole electronics in high-
temperature environments, DTMS have been developed as an integral
subsystem of modern logging tools. Passive DTMS are widely adopted
for their simplicity, reliability, and independence from external energy
[16,17]. The core principle of the system involves the use of vacuum
insulation and composite thermal insulators to isolate heat intrusion
while integrating PCM-based heat sinks to absorb and store heat gen-
eration [18-21]. This setup effectively provides long-term protection for
electronics under extreme conditions, positioning them as the dominant
solution in industrial logging applications [22,23].
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For large and multifunctional logging tools, such as nuclear magnetic
resonance and sidewall coring instruments, the incorporation of
numerous electronics necessitates sophisticated designs for their DTMS.
A distributed DTMS configuration, whose advantages were investigated
and validated by Lan et al. [24], represents an effective strategy for
managing the complex thermal loads in these tools. In this setup, elec-
tronic devices are individually mounted on separate skeletons, with heat
sinks placed between them to manage thermal loads at multiple points
along the tool axis. Indeed, building upon such an architecture, Peng
et al. [25] developed a durable DTMS for a sidewall coring tool, which
enabled prolonged operation in extreme environments. While these
distributed DTMS solutions signify considerable advancements in
extending the operational limits of downhole instruments, a specific
opportunity remains for further enhancing their thermal performance
through rigorous structural optimization. The systematic application of
advanced optimization techniques holds the promise of not only mini-
mizing the operating temperatures of electronic devices but also
reducing computational design costs.

Achieving the optimal structural design for a DTMS necessitates a
thorough evaluation of the relationship between the structural variables
and optimization objectives. Given the considerable expense and prac-
tical limitations of extensive experiments, numerical simulation has
emerged as the cornerstone for assessing DTMS thermal performance.
Heat transfer models of varying computational dimensionality have
been developed, ranging from rapid 1D prediction models [26] to 2D
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Nomenclature

p density

c specific heat capacity

k thermal conductivity

T temperature

t time min

Q power per unit volume

43 radius of the wellbore wall

T radius of the logging tool

Oud thermal diffusion coefficient of drilling mud
L length of the tool

Ry radius of the flask wall

R; radius of the skeleton

pr Prandtl number

kegr equivalent thermal conductivity
A surface area

[ volume fraction of liquid phase
Lpem latent heat

Mpem mass fraction

Cc equivalent nodal heat capacity
R thermal resistance

7 error of output layer

W neuron network parameter

n learning rate
y simulation result
y prediction result

Subscripts
solid solid phase of PCMs

liquid liquid phase of PCMs

pcm PCM

i node i

j node j

P radial layer p

Abbreviations

DTMS  downhole thermal management system
FEM finite element method

NM Nelder-Mead

PCM phase change material

LMPA  low melting point alloy

TLNN transfer learning neuron network
TRN thermal resistance network

GA genetic algorithm

ANN artificial neural network

LHS Latin hypercube sampling
RMSE root mean square error

axisymmetric models [23] and full 3D FEM models [27]. Among these,
3D numerical models provide the most accurate evaluation results by
comprehensively simulating the intricate heat transfer proc-
esses—including conduction, convection, and radiation—within the
DTMS. For instance, Peng et al. [28] proposed such a 3D numerical
model that achieved an average temperature error of only 3.02 °C,
underscoring its high accuracy. Consequently, researchers have com-
bined accurate 3D models with intelligent algorithms for DTMS struc-
tural optimization. For example, Zhang et al. [29] significantly reduced
the maximum temperature of the heat sources in a compact DTMS
through structure optimization using 3D simulation integrated with the
NM algorithm.

However, these direct simulation-based optimization methods
encounter significant challenges. Primarily, FEM-based optimization
frameworks require dozens of iterations for DTMS optimization [29].
Considering that a single high-fidelity 3D numerical simulation can take
several hours to complete [26], the entire design cycle is substantially
prolonged. Furthermore, commonly employed optimization algorithms
like the NM algorithm, while efficient per iteration, are prone to pre-
mature convergence to local optima [30]. This susceptibility necessi-
tates careful initialization and repeated trial-and-error, greatly reducing
the efficiency of optimal design. Regarding the local optima issue, Wei
et al. [31] attempted to utilize GA for global optimization, but were also
stymied by the computational cost of numerous 3D simulations and did
not achieve the desired optimization effect. Current approaches often
employ a surrogate model-based optimization framework, utilizing
data-driven surrogate models to replace expensive 3D simulations
[32-34]. Typically, this method involves generating samples of 3D
simulation results within the defined design domain and fitting a sur-
rogate model, such as Kriging model [35] or ANN [36]. Nevertheless, for
DTMS characterized by complex structures and intricate heat transfer
processes, a critical challenge in surrogate model construction exists:
achieving an optimal trade-off between predictive accuracy and the
computational cost associated with generating sufficient high-fidelity
data [37].

To address the challenge of constructing accurate surrogate models
with minimal computational resources, this study introduces a novel
multi-fidelity surrogate modeling method based on TLNN. The principle

of transfer learning, which has been successfully applied in aerodynamic
shape optimization by Wu et al. [38], involves an initial phase where a
model learns general patterns from a large foundational dataset. The
pre-trained knowledge is then transferred to a specific domain, where
the model is fine-tuned using a small number of domain-specific samples
to achieve accurate predictions [39]. For the thermal optimization
problem in this paper, the TRN model of DTMS is established to effi-
ciently obtain the foundational sample data required by the TLNN.
Conceptually, since the TRN model is based on the physical processes of
heat transfer, its generated low-fidelity samples enable the neural
network to first learn the fundamental physical skeleton of heat con-
duction. Subsequently, only a few high-fidelity 3D samples are required
to fine-tune the model, allowing it to capture the complex fidelity details
(e.g., local 3D effects). This two-stage strategy ensures both physical
consistency and high prediction accuracy.

In the following, the effectiveness of the proposed TLNN-based sur-
rogate model optimization framework for DTMS structural optimization
was validated. Compared to traditional methods, the proposed approach
demonstrated superior accuracy with the same computational resources.
The surrogate model was integrated into a GA loop to optimize the
lengths of insulators and heat sinks in DTMS. During optimization, the
local optima issue presented in previous studies was identified and
resolved. Results revealed significant thermal performance improve-
ment and substantial reduction in computational cost for optimization.
Furthermore, leveraging the efficiency of the framework, we explored
optimal DTMS structures under various operating conditions.

2. Geometry and model
2.1. System geometry and design parameters

Fig. 1 shows the structure of the DTMS employed in a logging tool.
During operation, the tool is subjected to ambient temperatures
exceeding 200 °C. To protect the downhole electronics from the extreme
environment, the vacuum flask is utilized as the electronics chamber,
which is fabricated from high-strength metal. The vacuum cavity be-
tween its inner and outer walls provides effective radial thermal insu-
lation. To reduce the axial heat flow, insulator 1 and insulator 2,
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Fig. 1. Structure of the DTMS employed in a logging tool.

consisting of PEEK shells and aluminum silicate cotton filler, are
installed at each end. The required electronic devices are mounted on
aluminum alloy skeletons, which are categorized by function into the
terminal skeleton, main control skeleton and motor driving skeleton.
Three heat sinks are arranged between the modules. The heat sinks
consist of stainless-steel containers and PCMs, which are a kind of LMPA.
The generated heat is absorbed and stored by heat sinks via phase
transition during high-temperature operation.

Fig. 2 illustrates the heat sources distribution and geometric design
variables of the DTMS. Ten discrete power electronic devices are
mounted on the front and back surfaces of the three skeletons. These
heat sources are sequentially designated as heat source 1 to heat source
10 in the axial progression of the assembly. Note that heat source 8 is
embedded inside the skeleton, a transparent back view is provided at its
location for clarity.

The thermal performance of the DTMS is significantly impacted by
the non-uniform spatial distribution and varying power of its internal
heat sources, necessitating that the lengths of individual heat sinks be
optimized according to local thermal loads to enhance overall efficiency.
A critical design trade-off exists: extending heat sink lengths improves
thermal storage capacity, while increasing insulator lengths enhances
thermal insulation, yet both strategies aim to reduce the operating
temperatures of the downhole electronics. This balance is further con-
strained by dimensional restrictions from operational requirements and
predefined skeleton geometry, which mandate a fixed total length for
the logging tool. Therefore, the optimization focuses on determining the
optimal individual lengths of two insulators (L, Ls) and three heat sinks
(La, Lg, Ly), with the total length of these five components remaining
constant.

Heat source 3

Heat source 2

Heat source 1
|Front view]

L L,

Heat source 7

Heat source 6
|Back view]

Heat source 4

Heat source 8

2.2. Heat transfer model

In this section, heat transfer models of the DTMS are developed for
analysis and optimization. For the downhole operation of the logging
tool, multiple heat transfer processes are involved, such as the convec-
tive heat exchange between the drilling fluid and the outer wall of the
vacuum flask, the heat transfer across the vacuum layer, the natural
convection and radiation inside the flask and the phase change process
of the PCMs. To realize the coupling of multiple thermal processes in the
DTMS, the heat transfer equations based on equivalent thermal con-
ductivity are constructed. In addition, the following reasonable as-
sumptions are made:

(1) The vacuum layer is treated as a solid layer with extremely low
thermal conductivity [18].

(2) Contact thermal resistance is ignored [28].

(3) The variations in material properties with temperature are
neglected [40].

(4) The natural convection within the PCMs is neglected due to the
high viscosity of the liquid phase in this system [27].

Based on the above assumptions, the operating process of the DTMS
in high-temperature environment is simplified to a transient heat
transfer process, which can be expressed as:

oT
P = V-(kVT)+Q 1)

The average convective heat transfer coefficient between the outer
surface of the vacuum flask and the high temperature downhole envi-
ronment can be expressed as [25]:

Heat source 5 Heat source 9 Heat source 10

L; L, L,

Heat source 9 Heat source 10

A

L

total

=3250mm

Fig. 2. Heat sources distribution and optimization design parameters.
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An air gap exists between the inner wall of the vacuum flask at
temperature Trand the surface of the skeletons at temperature T;, which
induces natural convection and radiative heat transfer. The natural
convective heat transfer Q; within the annular air gap can be repre-
sented as [27]:

KaieA (T, — T
KaeA (T — Tr) (Ra < 6000)
Rln(R¢/R,)
1 air 0'25A T, — T;
Q. — | Q13kaR AT — i) (6000 < Ra < 5 x 10%)
Rn(R¢/Ry)
. 1/3p,0.074 _
0049k RAPPOVAT ~ T0) (5 101 < Rg < 717 x 10)
Rdn(R¢/R;)
3
The Rayleigh number Ra can be expressed as:
T, — T;)6°
Ra — gﬂ( t f)5 )

va

The coefficient of thermal expansion can be expressed as:
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Table 1
Material properties of each component [18,24,25].

Name Material Thermal Density Heat capacity
conductivity (kgom’3) (Jokg’loK’l)
W-m LK
Vacuum flask Inconel 718 14.7 8240 436
Vacuum layer Composite 0.0006 100 1200
Main control Aluminum 167 2710 896
skeleton/ alloy 7075
Motor
driving
skeleton
Heat sources Ceramic 16.5 2145 1136
2-10 composites
Insulator shell ~ PEEK 0.25 2200 1000
Insulator core  Aluminum 0.035 400 794.2
silicate wool
PCM Stainless 16.3 7930 500
container/ steel
Terminal
skeleton
PCM LMPA 18.8 9580 146(s) 184(1)
Heat source Copper 400 8960 385
1/
Studs

where 0 is the temperature-dependent liquid fraction of the PCM. The
phase transition is modeled as a smooth process. At the solidus tem-
perature T and the liquidus temperature Tj, both the first and the second
derivative of 0(T) are zero. The function can be expressed as:

1 T>T,
1 152T—(T,+T,)) 5 (2T—(Ti+T)\> 3 [2T—(T;+T,)\°
oT) =4 = -2 S (ALY T < T<T 11
(T) 2716 (m-7) 8\ (-1 6\ (T—-T) s<hsh (1
0 T<T;
1
ﬁ—a ()

For the radiative process, the heat transfer Q, based on the Stefan-
Boltzmann law can be expressed as:

_ Ao(T - T¢")

k(i)

By combining multiple heat transfer processes of the air, the equiv-
alent thermal conductivity of the annular air gap can be expressed as:

Q+Q
A(T —Te)

(6)

keff = kair + (7)

The equivalent heat capacity method is adopted to simulate the
phase change process of the PCM. The latent heat of the PCM is equated
to a portion of the sensible heat capacity and a temperature transition
range is defined for the phase change process. The governing equations
can be expressed as [41]:

ﬂpcm = (1 - g)psolid + gpliquid (8)

OMycm
oT

D ((1 - 0)pmlidcpcmsolid + 0plcpcm,liquid ) + chm (9)

pem

Cpem =

1 gpliquid - (1 - e)psulid
Mmm=g—""7—— (10)
e 2 gpliquid + (l - 0)psulid

2.3. 3D numerical simulation setup and validation

The FEM was used to conduct 3D simulation of the heat transfer
process. Based on the analysis in Section 2.2, the whole system was
simulated as heat conduction problem. The thermal properties of the
system materials were configured based on Table 1. The heat sinks
incorporated LMPA as the encapsulated PCMs. The melting interval of
the PCM was set as 72.7 °C-76.7 °C, with a latent heat of 37.2 kJ/kg
[42]. An unstructured mesh was generated for the structure of the
DTMS. The entire outer wall surface of the vacuum flask was set as a
convective boundary condition, with an ambient temperature of 225 °C.
The initial temperature of the instrument was set to 25 °C. The downhole
electronic devices were considered as uniform volumetric heat sources
and the heating power was set according to Table 2. The downhole
operating process of the logging tool was simulated from 0 min to 1080
min, with a time step of 10 min.

Grid-independent validation was conducted to ensure the accuracy
of simulation. Numerical models were computed with grid number of
4,338,032, 6,383,774, 7,431,438, 10,047,826, and 15,161,135,
respectively. Fig. 3 shows the maximum temperature of the heat sources
in DTMS with different grid number. Considering both the computa-
tional time and the accuracy, subsequent computations were performed
using a meshing scheme comprising 7,431,438 elements. Moreover, the
implemented 3D numerical heat transfer model has been rigorously
validated through our previous studies [25,27,28,40]. Table 3
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Table 2
Heating powers of different electronic devices.
Electronic Heating Electronic Heating Electronic Heating
device power device power device power
w) W) w)
Heat 2.25 Heat 1.75 Heat 2.5
source 1 source 5 source 9
Heat 1.25 Heat 3.25
source 2 source 6
Heat 3.25 Heat 1.25 Heat 20.5
source 3 source 7 source 10
Heat 1.25 Heat 2.25
source 4 source 8
T T T T T T T
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g ]
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Fig. 3. Grid-independent analysis of 3D simulation.
Table 3

Validation of the numerical heat transfer model.

Average temperature error (°C) Maximum temperature error (°C)

Ref. [25] / Less than 5 °C
Ref. [27] / Less than 5 °C
Ref. [28] 3.02°C 5.40 °C
Ref. [40] 1.60 °C 6.87 °C

summarizes the validation efforts by comparing experimental data with
simulated results from these works, demonstrating the high accuracy of
the numerical model.

To generate the high-fidelity dataset for machine learning training,
the 3D simulations were executed using an automated batch processing
script. This approach allowed for the efficient computation of thermal
responses for the parameterized structural samples defined by the LHS
method.

2.4. TRN establishment of DTMS

To enable rapid evaluation of thermal performance under different
structural parameters, a TRN model of the system was established. Fig. 4
illustrates the node division strategy and the TRN of DTMS. The in-
sulators, heat sinks and skeletons were divided into 11 main nodes along
the axial direction of DTMS. Each node comprised components made of
one or multiple materials. Taking the node “Main control skeleton 1” as
an example, it integrated aluminum alloy skeleton, stainless steel shell
and encapsulated PCM. These materials were treated as a unified node,
whose equivalent thermal capacity was calculated by:
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jE€Node;

Each heat source was modeled as an independent node and con-
nected to the corresponding main node based on the spatial position in
the skeleton. The heat conduction through copper studs between the
heat sources and the skeletons was simulated by introducing thermal
resistance between heat source nodes and skeleton nodes. The high-
temperature environment was represented by a fixed-temperature
boundary node. For the radial heat intrusion through the vacuum
flask, radial thermal resistances (depicted as green elements in Fig. 4)
were defined between main nodes and the environmental node. Axial
heat transfer between adjacent main nodes was modeled using black
axial thermal resistances. Notably, components in the thermal re-
sistances network related to optimization variables were parameterized,
enabling rapid evaluation of DTMS performance under different struc-
tural configurations.

For the computation of TRN, energy conservation is enforced at each
node. For a given node i, the energy balance equation can be expressed
as:

ul T} - Ti dTl
Q=G a3

Based on Eq. (13), the TRN can be transformed into a system of linear
differential equations for rapid solution.

For the axial plane thermal resistance between the neighboring main
nodes, the calculation was performed by series and parallel relationship,
which can be expressed as [26]:

_ L L b
TS kSe 2SS kS

menode; nenode;

R; 14)

For the radial heat transfer through cylindrical walls, such as heat
intrusion through the wall of the vacuum flask, the thermal resistance
can be expressed as:

pé {,}—pln(rpﬂ/rp) }

27rli (15)

Ri,radial =

3. Optimization method
3.1. Transfer learning neural network (TLNN) model

The integration of physical principles into neural networks has
emerged as a powerful approach to enhance model reliability and
generalization. For instance, Di Natale et al. [43] successfully developed
physically consistent neural networks for building thermal modeling by
embedding physical laws into the network architecture. Inspired by such
physics-guided methodologies, this study proposes a transfer learning
neural network (TLNN) model that incorporates physical information
into the modeling process.

Fig. 5 schematically illustrates the network topology and multi-stage
training protocol. The training process of TLNN can be divided into 3
stages: 1) Pre-training using extensive TRN datasets to establish basic
features of the network; 2) Freezing a subset of network parameters to
preserve characteristic information; 3) Fine-tuning with high-fidelity 3D
simulation datasets to enhance predictive accuracy. This strategy
fundamentally differentiates the TLNN from ordinary neural networks,
which typically update all parameters from a random initialization. By
freezing the parameters of shallow layers, the TLNN effectively mitigates
the risk of overfitting that compromises standard neural networks when
trained on limited high-fidelity datasets.

The back propagation of the error is used to update the network
parameter via gradient-based optimization, incorporating the learning
rate concept. The updating algorithm can be formulated as:
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Fig. 4. The node division strategy and thermal network of the DTMS.
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To freeze specific network parameters during training, the learning
rates 5 corresponding to these parameters are explicitly set to zero.

The TLNN employs 5 geometric structural parameters (L;-Ls) as
inputs and 10 heat source temperatures (T;-Tjo) as outputs. The
network comprises 2 hidden layers with 10 and 20 neurons, respec-
tively. The sigmoid activation function is implemented in the hidden
layers, with a linear activation function adopted for the output layer.
This architecture and training strategy are designed to balance model
complexity with data constraints. A compact dual-hidden-layer struc-
ture was selected to mitigate overfitting during the fine-tuning phase,
which relies on a limited dataset of 30 high-fidelity samples. Preliminary
trials confirmed that a scale of approximately 30 neurons ensures
robustness while preventing the network from memorizing specific data
noise.

Specifically, the neuronal arrangement was empirically determined
based on dimensional limits. The first layer (10 neurons) is set slightly
larger than the input dimension, allowing for efficient extraction of the
generalized physical laws from TRN data without feature redundancy.
The second layer (20 neurons) is chosen to approach the upper bound
imposed by the high-fidelity sample size. This configuration maximizes
the network's ability to learn the complex fidelity gap without exceeding

Partial Parameter Tuning E
(3D Model Driven) ]

Pre-training
(Thermal resistance Network Driven)

Input layer Hidden layer Output layer

Fig. 5. Architecture and training protocol of TLNN.

the capacity limit where overfitting becomes unmanageable.

Furthermore, the parameter freezing strategy ensures physical con-
sistency. By freezing the weights (w('!, w(?!) and biases (b!') of the first
hidden layer during fine-tuning, the physical laws governed by energy
conservation are preserved. Only the remaining parameters b2, whBl,
b)) associated with the second hidden and output layers are updated,
performing a terminal calibration. This ensures the model adapts to
high-precision 3D data while maintaining the fundamental physical
trends established during pre-training.

3.2. Optimization algorithm and designing process

Fig. 6 presents the workflow integrating the TLNN-based surrogate
model with GA optimization. Initially, the LHS method was employed to
randomly generate sufficient TRN samples and sparse 3D simulation
samples within constrained parameter domains. Notably, the sampling
processes for these two datasets were mutually independent to ensure
distributional consistency. The maximum temperature of the heat
sources serves as the objective function input for the optimization

( GA optimization )

(Parameters design with constraiuta

Sufficient samples Sparse samples

TRN 3D numerical
model model

\_l_l

I Initialize the population|

TLNN-based surrogate model Population

(T, ) = f(Ly, Ly, Ly, Ly L) A Al iteration

1 Lgl) L(Zend)

L(31) L(;"d)

Calculate ey [(end)

T s 4 4
max(Ty . 1) 1 L(Send) .

Mutation
Crossover
Whether converged Selection

[ Output solutions ]

Fig. 6. Optimization process of DTMS based on surrogate model.
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algorithm.

The GA was selected to govern the parameter optimization of the
DTMS, diverging from the NM algorithm employed in previous studies.
GA has demonstrated superior global search capabilities through bio-
logically inspired operations—selection, crossover, and mutation—that
drive population evolution toward optimal solutions. Coupled with the
proposed surrogate model, the computational cost of the GA optimiza-
tion is further reduced to achieve an efficient optimal design.

The optimization variables can be expressed as:

Find [Li,L;,Ls,L4,Ls] a7)

The optimization objective is to minimize the operating temperature
of the downhole electronic devices, which can be expressed as:

Minimize max(Ty, ....., T1o) (18)

The total length of the five optimization variables is kept consistent,
with each individual length of the variable bounded within specific
ranges to satisfy manufacturing and assembly requirements. The con-
straints are defined as:

. ° I;=1022.5mm
Constraint i=1

80 mm < L; < 450 mm

19

The population size of the GA is configured to 150, the elite pres-
ervation ratio is 0.05, and the crossover probability is 0.8. The adaptive
step mutation is implemented to ensure offspring solutions remain
within the feasible design domain. To illustrate the necessity of GA in the
optimization process, a comparative analysis is conducted in the
following sections between the NM algorithm and GA.

4. Results and discussions
4.1. Accuracy analysis of TRN

The temperature results of the TRN model and 3D numerical model
were first calculated under uniform structural parameters. Fig. 7(a)
compares the simulated temperatures of 10 heat sources under identical
structure. While the TRN model captures the general thermal response
trends, quantitative discrepancies are evident when compared to the
accurate 3D simulation results. The maximum temperature deviation
between the two models is observed at Heat source 6, with the average

()
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error reaching 12.14 °C throughout the operation. The mean error across
all heat sources is found to be 3.71 °C. Fig. 7(b) compares the averaged
temperature results at different skeleton nodes. The results reveal that
the maximum node temperature error is 7.39 °C and the average error is
5.36 °C. These considerable errors underscore that although the TRN
model can offer a rapid, qualitative assessment of thermal performance,
its standalone accuracy is insufficient for high-precision thermal
optimization.

The maximum temperature error of the skeleton nodes exhibits
smaller deviations than the maximum error of heat sources. This finding
suggests that the source of error for both models is predominantly in the
processing of model details. Specifically, heat transfer between skeletal
nodes shows low sensitivity to geometric details, enabling TRN to
approximate 3D results effectively. Conversely, heat sources are char-
acterized by self-heating and confined heat dissipation pathways to the
skeletons, making them more susceptible to geometric abstraction errors
introduced by nodal simplification. These errors are justifiable given the
fundamental discrepancies between computational dimensionality
(TRN's 1D vs 3D model's spatial resolution) and resource demands.

4.2. Accuracy of TLNN-based surrogate model

Fig. 8 evaluates the predictive accuracy of the TLNN trained with
varying numbers of 3D numerical samples. To ensure a rigorous and fair
comparison, a strict data splitting protocol was implemented using LHS.
Specifically, 400 low-fidelity TRN samples were generated for pre-
training. For quantitative validation, an independent testing set
comprising 20 high-fidelity samples was generated. Crucially, this
testing set was mutually exclusive from any training subsets used in the
subsequent analysis. These testing samples were strictly isolated from
the training process to prevent data leakage. All surrogate models were
evaluated on this identical testing set to validate their generalization
capabilities on unseen data. The predictive effect of the surrogate model
is evaluated by RMSE and R?, which can be expressed as:

n 1/2

RMSE = (Z lyi — yi? /n) (20)
i=l

R =13 0050 Y -y 1)

(b)

T T T T T T T T T T
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Fig. 8(a) compares the RMSE of maximum heat source temperature
predictions between TLNN, Kriging model, and ANN surrogate models
under identical training sample sizes. It can be seen that the TLNN
demonstrates superior accuracy, particularly under data scarcity con-
ditions. The TLNN model, with only 20 high-fidelity samples, can ach-
ieve the same accuracy comparable to that attained by the Kriging and
ANN models requiring as many as 40 samples. This capability effectively
reduces the number of computationally expensive 3D simulations
required for surrogate model construction by at least 50% to achieve a
similar degree of accuracy, thereby significantly shortening the model

development time. With 30 high-fidelity samples, it achieves 35.16%
and 50% lower RMSE than Kriging model and ANN, respectively.
Notably, TLNN's RMSE falls below 1 °C at the sample size of 30, estab-
lishing it as the configuration for subsequent optimizations.

Fig. 8(b) reveals TLNN's exceptional generalization capability,
attaining the R? of the maximum heat source temperature more than
0.99 on unseen test cases when trained with 30 3D samples. This per-
formance surpasses both benchmark models, which is attributed to
TLNN's two-stage learning strategy: 1) capturing global thermal patterns
from cost-effective TRN data, 2) refining localized thermal results via
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selective 3D simulation fine-tuning. These results conclusively demon-
strate the efficacy of hybrid TRN and 3D numerical simulation modeling
in developing high-precision surrogate models with minimal computa-
tional cost.

Fig. 9 further demonstrates the predictive capability of the TLNN-
based surrogate model, trained with 30 3D numerical samples, for the
temperatures of key heat sources within the DTMS. On the test set of 20
independent cases, the predicted and simulated results exhibit correla-
tion coefficients exceeding 0.988, validating the capability of the sur-
rogate model to reliably predict temperature distributions. Crucially,
this strong predictive performance for individual heat sources, including
those that may determine the system's peak temperature, ensures that
the overall maximum temperature predictions derived from the surro-
gate model are also sufficiently precise, thereby confirming its viability
for precise thermal optimization.

Furthermore, the proposed framework offers a critical advantage in
computational efficiency through parallelization. Unlike sequential
optimization strategies that require iterative model updates and serial
execution of simulations, the sampling strategy employed in this study
enables the simultaneous execution of all high-fidelity 3D simulations on
computing clusters. This capability drastically shortens the design cycle,
making it particularly suitable for engineering applications where par-
allel computing resources are available but individual simulation costs
are high.

4.3. Analysis of the TLNN-GA optimization process

A comparative analysis of the NM algorithm and GA was conducted
for optimizing the structure of DTMS. Fig. 10(a) tracks the NM optimi-
zation trajectories under four distinct initial parameter sets. The algo-
rithm demonstrates significant performance variability depending on
the initial conditions. As the black line shows, when initialized with a
structure configuration yielding maximum temperature of 191.19 °C, 92
iterations were required yet achieved the temperature reduction of only
11.21 °C, stagnating at 179.98 °C. Although other initial parameter sets
marginally enhanced convergence, all cases except the optimal set
(initial parameters 4) failed to achieve satisfactory results. Moreover,
the NM-FEM optimization scheme demanded over 79 iterations,
exceeding the total 3D simulations required by the proposed TLNN-
based surrogate model.

Fig. 10(b) compares structure design before and after optimization
across initial parameter sets. Substantial discrepancies emerged due to
local optima traps: Initial parameters 1 (poor initial performance)

(a) (b)
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showed minimal parameter adjustments, constrained by domain
boundaries and gradient misalignment. In contrast, the optimization
results for initial parameter 4 differ significantly in structural parame-
ters from those of initial parameter 1. The value of Ly/L4 after optimi-
zation with initial parameters 4 is 0.26, while the value with initial
parameters 1 is 4.41, showing a 17-fold difference. These findings
conclusively demonstrate NM's critical dependence on initial parameters
and suboptimal search efficiency for distributed DTMS optimization,
necessitating advanced metaheuristic approaches for robust and effi-
cient design exploration.

Fig. 11(a) delineates the GA optimization process for the DTMS.
Configured with a population size of 150 individuals, the GA converges
after 1111 generations. Leveraging the surrogate model for fitness
evaluations, the entire optimization completes within minutes. During
iterations, the mean fitness of the population initially decreases rapidly
before gradually converging alongside the best fitness. The maximum
temperature of the heat sources reduces from 159.17 °C to 154.52 °C in
this process, yielding the optimal structural configuration. Fig. 11(b)
compares structural parameters (L;-Ls) between the best individuals in
the initial and final generations. The values of structural parameters L,
Ly, Lg, L4, and Ls are 142.99 mm, 160.54 mm, 151.27 mm, 362.01 mm
and 205.70 mm at the first generation of the population, respectively,
while the best individuals obtained at the last generation are 80.03 mm,
80.07 mm, 275.98 mm, 366.39 mm, and 220.02 mm. The structural
parameter distribution of the DTMS exhibits small variation, reflecting
the strategic search behavior of the GA. The observation indicates that
the initial population sampling of GA effectively narrows the design
space, enabling convergence through iterative refinements rather than
radical parametric redesigns. The mutation operations further enhance
the global search capability by maintaining genetic diversity.

The optimized structure was further validated through 3D numerical
simulations and compared with the surrogate model predictions. Fig. 12
presents the comparison results. The maximum temperature error across
the 10 heat sources is 0.81 °C, with an average error of 0.61 °C,
demonstrating the high accuracy of the surrogate model. These findings
indicate that the optimization results obtained by the TLNN-based sur-
rogate model meet the precision requirements for DTMS design.

Notably, the most time-consuming step of surrogate-based optimi-
zation for DTMS lies in generating 3D numerical simulation samples.
Only 30 high-fidelity samples are required to construct an accurate
surrogate model for the proposed TLNN framework, reducing compu-
tational resource consumption by 62% compared to the NM-FEM opti-
mization. This approach eliminates the need for manual selection of

I Structure parameters before optimization
I Structure parameters after optimization

Initial parameters 4

Initial parameters 3

Initial parameters 2

Initial parameters 1

L1 L2 L3 L4 L5

Fig. 10. Optimization process of NM algorithm with different initial parameters: (a) temperature versus iterations, (b) structure parameters before and after

optimization.
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initial parameters and avoids resource-intensive trial-and-error itera-
tions, establishing an effective pathway for the optimization of DTMS.

4.4. Thermal performance after optimization

Fig. 13 shows the temperature field of the DTMS at the final moment
of operation before and after optimization. Before optimization, the
mismatch between the heat sink length distribution and the heat source
power distribution results in significantly higher temperatures in the
motor driving skeleton compared to other parts of the system, while the
main control skeleton exhibits a low-temperature state. This leads to a
substantial temperature difference within the system, which is detri-
mental to controlling the temperature of electronic devices. Addition-
ally, the larger heat exchange area of insulator 2 with the high-
temperature environment, combined with its shorter length, causes a
mismatch between thermal insulation performance and heat intrusion,
resulting in excessively high temperatures at heat source 10. In contrast,
the optimized system exhibits excellent temperature uniformity, fully
utilizing the heat storage capacity of the system. The relative lengths of
insulator 1 and 2 are also adjusted based on their structural character-
istics, demonstrating superior thermal insulation performance.

Fig. 14 shows the temperature curves versus time of the heat sources
in DTMS. Before optimization, the highest temperature at heat source 10
reached 187.88 °C, while the temperature at heat source 1 was only
108.51 °C, resulting in a temperature difference of 79.37 °C across the
system. After optimization, the temperature difference among electronic
devices is reduced to 16.22 °C, achieving greater temperature unifor-
mity. The results indicate that after operating for 1080 min in a 225 °C
environment, the maximum heat source temperature of the optimized
system was 155.29 °C, a reduction of 32.59 °C compared to the pre-
optimization system, meeting the thermal requirements for downhole
operations.

Fig. 15(a) compares the thermal accumulation of various skeletons
and heat sinks in the system before and after optimization. The thermal
accumulation of the main control skeleton remains almost unchanged
after optimization, reaching 1019.5 kJ at the final moment. The motor
driving skeleton exhibits a significant reduction in thermal accumula-
tion after 360 min of operation, which is attributed to structural modi-
fications in insulator 2 and heat sink 3 that mitigate heat concentration
near high-power electronic devices. Correspondingly, the optimization
process reduces the lengths of insulator 1 and heat sink 1, leading to

(2)
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increased thermal accumulation in rear skeleton. Since the rear skeleton
was at a lower temperature before optimization, the increased thermal
accumulation after optimization contributes to improved temperature
uniformity. Additionally, the total thermal accumulation of the heat
sinks rises from 1733.22 kJ to 1833.19 kJ, showing an increase of
5.76%.

Fig. 15(b) and (c) compare the thermal accumulation in individual
heat sinks and all skeletons at the final moment before and after opti-
mization. The total thermal accumulation of the heat sinks shows min-
imal change. However, the thermal accumulation of individual heat
sinks varies significantly. Specifically, the proportion of thermal accu-
mulation in heat sink 3 increases from 10.15% to 22.87%, consistent
with its proximity to the high-power heat source 10. Conversely, the
thermal accumulation proportion of heat sink 1 decreases from 16.56%
to 5.45%, facilitating local heat storage near the heat sources and
reducing excessive temperature gradients within the system due to long
heat transfer paths.

Fig. 16 compares the heat transferred along different directions in
the main control skeleton and motor driving skeleton of DTMS before
and after optimization. The blue bars represent the total heat generated
by all heat sources on each skeleton. For example, the heat sources in
main control skeleton generate 1490 kJ (23 W x 1080 min). The orange
and green bars indicate the heat flow through the left and right cross-
sections, respectively, which can be calculated by:

Qﬂux:/ / GauxdAdt (22)
0
5

axial

Fig. 16(a) illustrates the heat transfer directions in DTMS before
optimization. The majority of heat in the motor driving skeleton flows
leftward to heat sink 2 (668.80 kJ), with only 113.75 kJ flowing right-
ward to heat sink 3. This indicates that heat sink 3 fails to effectively
store heat due to the suboptimal length distribution of insulator 2 and
heat sink 3. Similarly, due to the excessive length of heat sink 1, heat
from the main control skeleton predominantly flows to the left side.
Fig. 16(b) depicts the heat transfer directions after optimization. By
increasing the length of heat sink 3, the motor driving skeleton gains an
additional rightward heat transfer path to heat sink 3, reducing heat
accumulation. Bidirectional heat dissipation significantly reduces the
temperature gradient in a single direction, enhancing the performance
of DTMS. Additionally, reducing the length of the heat sink adjacent to
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the main control skeleton allows more heat to remain, promoting the
temperature uniformity within DTMS.

4.5. Impact of operational conditions on optimal design

Fig. 17(a) shows the optimal structural parameters of the DTMS
under various ambient temperature conditions. Four typical downhole
environments (150 °C, 175 °C, 205 °C, and 225 °C) are selected for
analysis. As ambient temperature increases, the length of insulator 2
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increases from 168.56 mm to 220.02 mm. Correspondingly, the length
of heat sink 2 decreases from 322.92 mm to 275.98 mm. This can be
attributed to the more severe effect of heat intrusion at higher ambient
temperatures, necessitating a reduction in the length of heat sink 2 to
allow for an extended insulator 2. On average, for every 25 °C increase
in ambient temperature, the length of insulator 2 increases by 7.8%,
while the length of heat sink 2 decreases by 4.8%. The rest of the
structure remains almost unchanged, indicating that the optimal main
structure of the DTMS does not undergo significant changes with
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Fig. 17. Optimal structure under different operating conditions: (a) different downhole environment temperature, (b) different operating times.

variations in ambient temperature.

Fig. 17(b) presents the optimal structural parameters under different
operating times. Typical operating times of 14h, 16 h, 18 h, and 20 h are
analyzed. The results show that as the operating time increases, the
length of heat sink 3 increases from 327.87 mm to 406.20 mm, while the
length of heat sink 2 decreases from 319.65 mm to 233.08 mm. This
suggests that the impact of high-power heat sources and ambient heat
intrusion becomes increasingly significant over time. On average, for
each additional hour of operation, the length of heat sink 3 increases by
3.2%, while the length of heat sink 2 decreases by 4.5%. The rest of the
structural parameters remain nearly unchanged, demonstrating the
robustness of the structural layout under varying external boundary
conditions. Therefore, the optimized design maintains topological con-
sistency, allowing it to be effectively applied to a range of typical
downhole environments with only minor dimensional adjustments.

5. Conclusions

This study proposes an efficient TLNN optimization framework based
on surrogate modeling for optimizing the structure of DTMS. The main
conclusions are summarized as follows:

1) The proposed TLNN-based surrogate model was demonstrated to
effectively integrate the computational efficiency of the TRN and the
accuracy of 3D simulations. Compared with conventional Kriging
and ANN models, the TLNN model achieved 35.16% and 50% lower
RMSE respectively with an equivalent training sample size, while
also halving the high-fidelity sample requirement for achieving a
comparable model accuracy.

2) When integrated with a Genetic Algorithm (GA), the TLNN-
surrogate-driven optimization framework effectively searched
design spaces to identify high-quality solutions and avoid local
entrapment. Compared with the NM-FEM optimization framework,
the proposed method avoided local optima and manual parameter
initialization, while reducing computational cost by 62%.

3) Application of this framework to the DTMS resulted in a significant
enhancement of thermal performance: the maximum temperature of
the heat sources was reduced by 32.6 °C, the internal temperature
difference dropped by 63.15 °C, and the heat source temperature
remained below 160 °C after 18 h of operation.

13

4) The optimized structure demonstrated robust performance across a
range of environment temperatures and operating times. Although
slight adjustments were required for specific components, the
fundamental layout proved highly effective under varying
conditions.

Overall, this study offers an efficient and powerful optimization
framework for the advanced design of complex thermal energy storage
systems. Massive pre-training datasets can be generated by TRN to cover
the expanded design space, minimizing reliance on expensive high-
fidelity samples since fine-tuning targets only the residual fidelity gap.
The proposed methodology can be adapted to other thermodynamic
conditions or geometries by replacing the low-fidelity physical model,
making it a valuable and transferable tool for optimizing other thermal
systems.
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