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Abstract The temperature eld reconstruction of heat source systems (TFR-HSS) with limited monitoring
sensors in thermal management plays an important role in the  real-time health detection systems of electronic
equipment in engineering. However, prior methods with comm on interpolations usually cannot provide
accurate reconstruction performance as required. In addit ion, no public dataset exists for the wide research
of reconstruction methods to further boost reconstruction  performance and engineering applications. To
overcome this problem, this work develops a machine learnin g surrogate modeling benchmark for the TFR-
HSS task. First, the TFR-HSS task is mathematically modeled  from a real-world engineering problem, and
four types of computational modelings are constructed to tr  ansform the problem into discrete mapping forms.
Then, this work proposes a set of machine learning surrogate modeling methods, including general machine
learning methods and deep learning methods, to advance the s tate-of-the-art methods over temperature eld
reconstruction. More importantly, this work develops a nov el benchmark dataset, namely the temperature
eld reconstruction dataset (TFRD), to evaluate these mach ine learning surrogate modeling methods for the
TFR-HSS task. Finally, a performance analysis of typical me thods is given on the TFRD, which can serve
as the baseline results on this benchmark.
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1 Introduction

Currently, electronic devices with small sizes and their applications,such as printed circuit boards in
electronic equipment [L], honeycomb panels in spacecraft?], energy systems 3], and launch vehicles 4],
are among the fastest advancing elds $]. The normal work of these devices highly depends on a stable
environment temperature, which can be severely in uenced by intenally generated heat. Thus, thermal
management p] of such systems based on real-time temperature monitoring beawes essential to guar-
antee the proper working environment during the working cycle. Havever, the larger scale and gradually
smaller sizes of these devices, particularly microscale and even nauale electronics, make the temper-
ature distribution complicated and further multiply the diculty of re al-time temperature monitoring
in these heat source systemts. The temperature eld reconstruction task of heat source sysems (TFR-
HSS), as a basic task for obtaining the real-time working environmenof electronic devices, is an e ective
way to realize the temperature monitoring of a system. It tries to reconstruct the overall temperature
eld using monitoring information from limited temperature sensors [7]. Under real-time monitoring,
we can acknowledge the working status and adjust the operative wde to improve the durability and
reliability of the components (hamely, the heat sources) in the systms B].

* Corresponding author (email: gongzhigiangl3@nudt.edu. cn)
y Xiaogian CHEN and Zhigiang GONG have the same contribution t o this work.
1) Systems contain heat sources (e.g., electronic devices) in which heat may be generated internally.
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In practical engineering applications, traditional numerical simulation methods, such as nite element
methods and nite di erence methods, remain active for temperature eld reconstruction. Meanwhile,
many advanced methods have been proposed but cannot be applietirectly because of the research gap
between engineering and research. For engineering, e ective arelcient methods are urgently needed for
accurate reconstruction in real-time monitoring. For research, g@propriate mathematical modelings are
required for further exploration and proper datasets are neede to thoroughly evaluate the performances
of di erent methods. Basically, the lack of a benchmark dataset fo the TFR-HSS task severely hinders
systematic research on the problem. Considering the charactetiss of the reconstruction task, this work
proposes three typical reconstruction problems from engineerig under di erent component information
and boundary conditions and develops the temperature eld recostruction dataset (TFRD) for the
community.

Although numerical simulation methods can provide convincing tempeature eld information, they are
generally time-consuming. These methods provide thermal informion by directly solving physical equa-
tions, which is computationally expensive and sometimes even una afable in engineering. Therefore,
approximation methods are suggested to substantially improve computational e ciency by sacri cing
the reconstruction accuracy under a tolerable error. These métods can be approximately divided into
two categories: interpolation methods and surrogate modeling métods. The former methods attempt to
obtain an estimate of the temperature value of a given point based o the temperature values of neighbor-
ing points. The representatives are bilinear interpolation P] and nonlinear interpolation [10]. Although
these methods can provide high computational e ciency, the recastruction error is generally too large
to apply in ne-grained eld analysis and is even insurmountable. The latter methods use machine learn-
ing surrogate models to mimic the behavior of the simulated models aslasely as possible while being
computationally cheaper to evaluate. For the TFR-HSS task, the ley to the reconstruction model is to
capture the physical laws of the temperature distribution for eld reconstruction [11]. Therefore, machine
learning surrogate models, which can adaptively learn the latent lawsehind the system, have powerful
potential for the task. Much exciting progress has already been rmade through these machine-learning
surrogate models. For example, Ma et al. 12] and Kong et al. [13, 14] applied radial basis functions and
their variants to temperature eld reconstruction. Wang et al. [ 15] developed a fuzzy adaptive Kalman
Iter-based method to provide real-time monitoring. Additionally, Sa Icedo-Sanz et al. 16] proposed coral
reef optimization with a substrate layer (CRO-SL) through the root mean square error. In addition, the
Kriging method [17], support vector machine regression18], and other machine learning surrogate mod-
els [19,20] can also be used in the reconstruction task. These methods avoitie high cost of numerical
simulations and improve reconstruction performances by adaptivly learning surrogate models.

However, these prior methods are generally evaluated on di erenproblems under di erent experimen-
tal settings, such as climate assessmeni{], electric heating furnace [L3,14], and electronic circuits [1§].
The advantages and disadvantages of these methods are confesbecause of the inconsistent research
benchmarks and baselines. Moreover, most of the codes have no¢en released, which brings di culties
in reproducing the studies for fair comparisons. More importantly, many recent methods, particularly
the deep learning methods 21{ 23], which possess powerful potential in extracting intrinsic physicalcor-
relations, have not been applied and served for the advance of th€FR-HSS task. Therefore, for this
speci ¢ task, under proper computational modeling, this work proposes several machine learnirfg surro-
gate modeling methods for temperature eld reconstruction. These methods can also be used as baseline
methods for further research of the task.

Considering the merits of a benchmark dataset and machine learningnethods, this work will develop
a machine learning surrogate modeling benchmark for the TFR-HSS&sk, including the mathematical
de nition, the computational modeling, the TFRD, the machine learn ing surrogate modeling methods, the
evaluation metrics, and the comparison results. The proposed batnmark will advance the state-of-the-
art results in the eld of temperature eld reconstruction and, in t urn, promote engineering applications.
To conclude, this work makes the following contributions.

(1) We provide the mathematical de nition and four types of computational modelings of the TFR-HSS
task, including point-based, vector-based, image-based, and gph-based modelings.

(2) We propose a set of machine learning surrogate modeling methedunder di erent types of modelings
for the TFR-HSS task, including the general machine learning methds and the deep learning methods.
These methods can be treated as the baselines for further reseh on the task.

2) For convenience, \machine learning" represents these ma chine learning-based models, e.g., multi-layer perceptio n (MLP),
and CNNs.
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(3) We construct a new representative benchmark dataset, narmaly, the TFRD, for the TFR-HSS task,
including heat sink (HSink), all Dirichlet (ADlet), and Dirichlet by sine fu nction distribution (DSine).
Moreover, we develop and release a data generafdrthat can support various TFR-HSS tasks based on
engineering requirements. Researchers can generate more irgsting samples for other complex problems
under the data generator to promote the state-of-the-art of TFR-HSS task.

(4) The implementation source codes of all baseline methods are ingeated into a packagé’ and have
been released as general tools for deep research on the task.

2 TFR-HSS

2.1 Mathematical de nition

This work considers the heat source systems with several compents (namely, heat sources) where heat
generates internally. For simplicity but without loss of generality, the system is modeled as a two-
dimensional domain and thermal conduction occurs along this domairf24]. Thus, the TFR-HSS task
attempts to reconstruct the entire temperature eld given a limite d number of temperature values from
temperature sensors.

Consider a heat-source system with components (namely, heat gurces) in which thei-th component
has a speci ¢ power distribution ;(x;y). The TFR-HSS task tries to reconstruct the entire temperature
eld with a limited number of monitoring temperatures from sensors (e.g., m monitoring points). Let

Then, the TFR-HSS task can be written as the following optimization problem:
!

X
T =argmin = jT(Xei%) O ; (1)
k=1

where T (') denotes the reconstructed temperature eld with the mapping model.

The heat conduction over the domain satis es the thermophysical properties, namely, the two-
dimensional steady-state heat conduction. Generally, it obeys th Laplace equation and can be for-
mulated as

@ e@r,e @1 X

@x @x @y @y
where represents the thermal conductivity of the domain. Furthermore, the heat conduction also obeys
the speci ¢ boundary conditions for a unique temperature eld and can generally be written as

@T @T ,
T=Toor @ 0 or @ h(T To); 3)

whereTy is a constant temperature value,n denotes the (typically exterior) normal to the boundary, and h
de nes the convective heat conduction coe cient. Eq. (3) denotes the general formulation of the Dirichlet
boundary condition (Dirichlet B.C.), the Neumann boundary condition (Neumann B.C.), and the Robin
boundary condition (Robin B.C.). The Dirichlet B.C. speci es the values Ty that the temperature eld
needs to take along the domain boundary, whereas the Neumann B.Gpeci es the values of the normal
derivative applied at the domain boundary and the Robin B.C. is di erent combinations of the Neumann
and Dirichlet boundary conditions.

To conclude, the TFR-HSS task can be transformed as the optimiztion (1) subject to (2) and (3).
Then, this work aims to provide the computational modelings of this geci ¢ optimization problem and
a benchmark to advance research on the TFR-HSS task.

i(xy)=0; (2
i=1

2.2 Computational modeling

The available computational modelings of the problem are divided into tvo main classes. One class is
to learn a new mapping model for a speci c working status of the syem with real-time monitoring
information every time. In other words, one mapping model is desigad and learned to solve one instance

3) The data generator for the TFR-HSS task is available at https://github.com/shendu-sw/recon-data-generator.
4) The codes of reconstruction methods are released at https://github.com/shendu-sw/TFR-HSS-Benchmark


https://github.com/shendu-sw/recon-data-generator.
https://github.com/shendu-sw/TFR-HSS-Benchmark
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Figure 1 (Color online) Computational modelings of the TFR-HSS task . (a) Point-based modeling; (b) vector-based modeling;

(c) image-based modeling; (d) graph-based modeling.

of the optimization (1), namely, one instance one task. This class of modeling is also knowrs goint-
based modeling (see Figurel(a)), which regards the reconstruction of a certain temperatue eld as an
independent task. The other class is to learn a mapping model for aentire family of the temperature
eld reconstruction of the systems with di erent working statuse s, namely, one family one task. Com-
putational modelings of this class comprise three representatioridorms, namely, vector-based modeling
(see Figurel(b)), image-based modeling (see Figuré(c)), and graph-based modeling (see Figuré(d)),
under di erent modeling data types of monitoring temperature information.

2.2.1 Point-based modeling

Point-based modeling focuses on one instance one task. Under théssumption, the temperature eld
reconstruction task can be transformed into the mapping betwere a point in the domain and the tem-
perature value at that point, and it can be written as

y) ey); 4)

where (x;y) describes the points in the domain of the system and () is the mapping function. As
Figure 1(a) shows,' () is learned by the limited number of monitoring points, and the learned' () can
be used to predict the temperature values of the points of interets(Pols) ®.

2.2.2 \Vector-based modeling

In contrast to point-based modeling, vector-based modeling is a tgical form of one family one task. The
problem can be transformed into a linear or nonlinear mapping betwee di erent monitoring values and
the temperature values at Pols in the temperature eld under the speci ¢ monitoring values.

temperature vector of Pol$). Then, the task can be written as the following mapping problem:

Td ' T (5)

where f () represents the mapping function between the temperature vales of monitoring points and
Pols.

2.2.3 Image-based modeling

Although vector-based modeling is simple and easy to implement, it ignees the spatial and physical
correlation between the monitoring points and the Pols. To use thisinformation in the temperature eld
reconstruction, the simplest approach is to model the domain and he corresponding temperature eld

5) Pols denote the unmonitored points in the domain. All thes e Pols construct the overall temperature eld of the domain.
6) For the entire temperature eld, the two-dimensional el d matrix is attened to a one-dimensional vector as output.
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as two-dimensional images. Then, the problem can be transformeadhto an image-to-image regression
problem between di erent monitoring values and the speci ¢ overall temperature eld.

Generally, two-dimensional domain discretization is necessary for imge-based modeling. Suppose that
the layout domain is meshed by anN N grid. The area within a certain grid should share a constant
temperature value, and the monitoring points are arranged in the gids to provide the temperature values
of the grid. Then, the reconstruction task can be considered themapping from the monitoring matrix
M, which is lled with the monitoring temperature values at the monitorin g points, to the temperature
eld of the domain T, and it can be written as

MT; (6)
where g( ) describes the deep regression models.

2.2.4 Graph-based modeling

In image-based modelings, the domain must be meshed as a two-dinganal mesh grid. To present more
general modeling methods for the task, this work constructs grph-based modelings for the TFR-HSS
task. The problem can be transformed into the mapping from the geph correlation of the system and
the temperature vector of the monitoring points to the temperature vector of the Pols.

vector of the monitoring points and T, denote the temperature vector of the Pols. LetG = (V;E) be
an undirected graph whereV and E denote the vertex and edge sets, respectively. In our contexthe
vertex set V comprises all the monitoring points and Pols, while the edge seE is composed of the
pairwise correlations between any two vertexes, e.g., a given monitimg point and a given Pol. This work
uses the Euler distance to de ne the pairwise correlation. For exarple, as Figure1(d) shows, given the
coordinates of a monitoring point (Xo;Yo) and a Pol (X1;y1), the pairwise correlation can be calculated
by

dor =((Xo x1)®+(yo Y1) (7)

Then, the task can be written as
TmiG" Ty (8)

whereh( ) denotes the graph convolutional networks. Notably, other meaurements, including the physical
correlation, can also be used to formulate the graplG.

3 Machine learning surrogate modeling methods

On the basis of the di erent approaches to numerical modeling, thebaseline methods for temperature
eld reconstruction can be divided into several corresponding clases. The general reconstruction pipeline
is demonstrated in Figure 2.

3.1 Point-based methods for the TFR-HSS task

Temperature eld reconstruction using point-based methods fotises on a given instance of a heat source
system at a time. As Subsection2.2.1 shows, these methods attempt to learn the mapping function
from the coordinates of a certain point to the corresponding temrature value in the given system. For
each instance, the system domain is divided into Pols that are usedsatesting samples for inference and
monitoring points as training samples. In our tests, we choose thre classes of commonly used methods,
i.e., interpolation methods, general machine learning methods, and eural networks.

3.1.1 Interpolation methods

Interpolation methods obtain the temperature values of the Polsfrom a given correlation between Pols
and monitoring points. On the basis of the characteristics of the curent task, we introduce two nonlinear
interpolation methods.

K -nearest neighbor nonlinear interpolation (Kinterpolation): Because of the ununiformly distributed
monitoring points in the system, nonlinear interpolation, i.e., radial basis function (RBF) interpolation,
is selected as the interpolation method. Each Pol should be a ectedy the k-nearest monitoring points.
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Figure 2 (Color online) General pipeline of the temperature eld rec onstruction task.

This work uses the Euclidean distance as the correlation metric beteen Pols and monitoring points. A
detailed introduction of the methods is provided in the attachment.

Global Gaussian interpolation (Glnterpolation): The global Gaussian interpolation was proposed
in [24]. The only di erence from Kinterpolataion is that each Pol is related to all the monitoring points
in Ginterpolation. Therefore, Ginterpolation can be considered aspecial form of Kinterpolation.

3.1.2 General machine learning methods

In contrast to interpolation methods, machine learning methods ae learnable and can adaptively learn
the physical correlation of the heat source system, and the leaed models are tter for the TFR-HSS task
than interpolation methods. In this work, we evaluate four commorly used machine learning methods
for the TFR-HSS task, i.e., polynomial regression 25], random forest regression26], Gaussian process
regression 27], and support vector regression 28].

Polynomial regression (PR) R5: Polynomial regression is a type of regression method. It ts a
nonlinear mapping between the positions of the heat source systemnd the corresponding temperature
values with an n-th degree polynomial function.

Random forest regression (RFR) 26]: Random forest regression is a typical ensemble learning
method that is constructed with a multitude of decision trees. It returns the mean or average results of
the individual trees for prediction.

Gaussian process regression (Kriging, GPR)2[7]: Gaussian process regression is also known as
Kriging and has been widely applied in statistical analysis. It is a type of interpolation regression
method that spatially models the Gaussian process based on prior wariance for prediction. For the
current task, the RBF is used as the kernel to specify the covariace function of the process.

Support vector regression (SVR) R8]: Support vector regression is a supervised machine learning
method. Generally, it constructs a hyperplane or a set of hyperplaes in a high-dimensional space that
is used as the criterion for regression. In this work, the RBF is also sed as the kernel function of SVR
for the reconstruction task.

3.1.3 Neural networks

In addition to general machine learning methods, neural networksare another learnable method. In
our tests, we choose three commonly used neural network meths in the experiments, e.g., multi-layer
perception for point-based modeling 29|, restricted Boltzmann machine (RBM) [30], and deep belief
networks (DBNSs) [31].
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Multi-layer perception for point-based modeling (MLPP) [29]: MLPP is a type of arti cial neural
network. Generally, it contains several hidden layers with an activdion function to increase the nonlinear-
ity of the function and maps the input vector to the given desired ouput terms. For point-based methods,
we construct the mapping from the coordinates of a certain point inthe system to the corresponding
temperature value.

RBM [30]: The RBM is a generative stochastic arti cial neural network. It c omprises the visible
layers and the hidden layers and learns the probability distribution over the inputs. Generally, the RBM
is an unsupervised learning method for extracting discriminative fetures. Here, we join the RBM with
linear regression to construct a regression method for the recatruction task. Additionally, for this task,
the coordinates of the points in the system are used to constructhe visible layer, and the corresponding
temperature values can be obtained from the subsequent linear ggession.

DBNs [31]: A DBN is a deep probabilistic generative model. It is formed by \stacking” RBMs and
optionally ne-tuning the resulting deep network with gradient descent and back-propagation. Similar to
the RBM, we join the DBN with linear regression to solve the reconstuction task. Detailed architectures
of the reconstruction task can be seen in the attachment.

3.2 Vector-based methods for the TFR-HSS task

As Subsection2.2.2 shows, this class of methods learns the mapping between the temgzgure vector
of monitoring points to that of Pols. This work selects the multi-layer perception for vector-based
modeling [29], conditional neural processes (CNP) 32], and Transformer [33] as representatives.

Multi-layer perception for vector-based modeling (MLPV) [29]: Similar to MLPP, MLPV comprises
several hidden layers with an activation function and is learned by gadient descent. Conversely, MLPV
learns the mapping from the temperature vector of monitoring poirts to the temperature vector of Pols.

CNP [32]: The CNP is inspired by the exibility of stochastic processes such assaussian processes,
but is structured as a neural network and trained through gradient descent. It comprises the encoder
and decoder processes where the encoder process tries to eteohe physical representations based on
temperature information from monitoring points given a set of training samples, and the decoder process
tries to reconstruct the temperature of Pols with these repregntations.

Transformer [33]: Transformer is a typical encoder-decoder deep architectureGenerally, it is stacked
by the self-attention mechanism and fully connected layers. Unlike anvolutional layers, the Transformer
is formulated based on a self-attention mechanism to capture the lcal and global information, which
can work well for long-term neighbor information. As for the task, the positional encoding is abandoned.
In the encoding process, the embedding is obtained from the moniting points and corresponding tem-
perature values through MLP. In the decoding process, the emtaing is obtained from the positions of
monitoring points and Pols.

3.3 Image-based methods for the TFR-HSS task

Generally, deep regression models are used as image-based methéal the TFR-HSS task. This work
adapts the commonly used fully convolutional network (FCN), U-Net, SegNet, and feature pyramid
network (FPN) as baselines for image-based methods. In these g&s, each baseline framework supports
several di erent backbone networks.

FCN [34]: An FCN tries to build \fully convolutional" networks that take inputs  of arbitrary size
and produce a dense prediction. It is constructed by changing thefully connected layers in vanilla
convolutional neural networks (CNNs) to convolutional layers. Moreover, skip architecture is used to
join the information from the deep, coarse layer with the shallow, ne layer for accurate predictions.
Upsampling is operated after subsampling for dense predictions. Fathe current task, we respectively
implement the FCN-8s version with the backbone of AlexNet, VGG-16 and ResNet-18. When using
AlexNet as the backbone, the kernel size of the rst layers in AlexNet is set to 7 instead of 11, and the
padding of max-pooling layers is set to 1.

U-Net [35]: U-Net is a typical encoder-decoder deep architecture. The emaler is the contraction path
that is used to capture the context in the image. It is stacked by gaeral convolutional and max pooling
layers. The decoder is the symmetric expanding path that is used fodense prediction using transposed
convolutions. A skip connection with a concatenate operation is usg in U-Net to fuse pyramid features
and recover the information lost in downsampling. The detailed netwak structure of U-Net for the
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TFR-HSS task is shown in the attachment. For U-Net, VGG-16 is use for the TFR-HSS task as the
backbone, but the convolution with 1 instead of 0 padding is adoptedo make input and output the same
size.

SegNet B6]: SegNet is also a convolutional encoder-decoder architecture. HB encoder is a repre-
sentative convolutional network without fully connected layers in vanilla CNNs to capture the context
features from the image. In contrast, the decoder upsamples #h low-resolution features to a high-
resolution dense prediction by joining the upsampling and convolutiorl layers. For this specic task,
AlexNet is chosen as the backbone of SegNet. Notably, for the Shigt with AlexNet model, we remove
the rst max-pooling layers in the encoder and adopt double deconwelutions with kernel size 2 and stride
2 to realize 4-fold greater upsampling in the last stage of the decode

FPN [37]: An FPN combines the feature pyramid structures in deep networls to use the multi-scale
information from the image. For dense prediction, it comprises a botom-up path, a top-down path, and
lateral connections. The bottom-up path is realized by vanilla CNNs to capture the context information.
Meanwhile, the top-down path aims to transform low-resolution feaure maps into high-resolution feature
maps. The lateral connections of FPN combine the top-down and bttom-up paths to fuse the high-level
and low-level information, and in turn, construct the feature pyramid structures. The structure of FPN
and ResNet18 is used as the backbone of the FPN for the currengsk.

3.4 Graph-based methods for the TFR-HSS task

Graph-based methods are another class of methods for using thghysical and spatial correlation of
the system. These methods use a graph to describe the correlatidetween the monitoring points and
Pols. As Subsection2.2.4 shows, they try to learn the mapping from these graph correlatiors and the
temperature information of monitoring points to the temperature information of Pols. Among this class
of methods, this work mainly tests the performance of the graph onvolutional network (GCN) [ 38].

GCN [38]: The GCN is a general deep learning architecture that is formulatedbased on graphs.
It de nes the convolutional operation on graph-structured data and is constructed by stacking these
\convolutional layers". Moreover, the ReLU operation follows the hidden convolutional layer to increase
the nonlinear representational ability of the deep model. For convaience, this work uses the Euclidean
distance between points to formulate the graph correlation betwen all the points in the system.

4 TFRD: a benchmark dataset for the TFR-HSS task

To thoroughly evaluate these methods and advance the state-ethe-art methods in the eld, this work
develops a benchmark dataset, namely, the TFRD for the currenttask.

4.1 Task de nition

To make the dataset general and challenging, the TFRD considerdte representative boundary conditions
and typical components of heat source systems. The domain of ¢hheat source system is rectangular
with a size of 0.1 m 0.1 m and is meshed to a 200 200 grid”. The components in the system are also
discretized in this grid system.

4.1.1 Boundary conditions

Based on real-world engineering requirements, this work construs three typical boundary conditions
based on the heat sink and the sine-wave distribution boundaries @Figure 3 shows).

Heat sinks are widely used in electronics and have become essential inodern microelectronics. Fig-
ure 3(a) shows the typical heat sink for heat dissipation in which the temperature of the heat sink remains
a constant value Ty.

Sine function boundary condition [39] is another typical Dirichlet boundary condition with sine-wave
temperature distribution impressed on a boundary. The temperatire value at the boundary can be
expressed as

T(x) = Tsin TX + To; )

7) For point-based, vector-based, and graph-based modelin gs, discretization is inessential. These three modelings ¢ an also be
applied to continuous problems.
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Figure 3 (Color online) Typical boundary conditions used in the TFRD . (a) Heat sink (HSink); (b) all Dirichlet (ADlet);

(c) sine-wave distribution (DSine).

where T is the amplitude of the sine-wave distribution boundary. Figures 3(b) and (c) present two
boundary conditions based on the sine function boundary condition

4.1.2 Components (or heat sources)

The TFRD mainly considers the components of three shapes, namelyectangular, capsule-like, and
circular.

Additionally, the TFRD considers the power distributions of di erent components. Two typical distri-
butions in engineering, namely, uniformly and ununiformly distributed components, are used in TFRD
construction.

Uniformly distributed heat sources are a common power distributionmodel. Generally, the area on
each source should follow the same power.

Ununiformly distributed heat sources [40] are also a typical power distribution in engineering. With-
out loss of generality, this work considers the Gaussian heat souecfd1, 42], which has a Gaussian dis-
tributed heat power density as a representative. For a Gaussian &éat source, the maximum power density
occurs at the center of the heat source and then decreases tbd surroundings. The power distribution

can be described as 8
< (x xo)22+< y yo)?)

i(x;y): . Qie A ;(xy)2 (10)
"0 xy)Z i
where represents the deviation coe cient and r, is the radius of the Gaussian heat source.
By considering the shapes and the power distributions of the heat@urces, the TFRD includes three

types of heat-source layout information on the domain, which supprts the HSink, ADlet, and DSine
sub-tasks.

4.1.3 Monitoring points

For the TFR-HSS task, monitoring points are essential for recongucting the temperature eld. Gener-
ally, based on the locating place, the monitoring points can be divided ito three classes, namely, on a
boundary, on components, and between components (areas wiblit heat sources laid on). In the TFRD,
for each component, only one monitoring point is placed at the centeof the component. For the do-
main, each boundary accompanies three monitoring points. Anotheten monitoring points are put on
the domain between components.

4.1.4 Representative cases

On the basis of di erent boundary conditions, heat sources, and mnitoring points, this work mainly
considers three representative cases to formulate the TFRD, nmaely, the HSink sub-task, the ADlet
sub-task, and the DSine sub-task. Corresponding to these casgthis work constructs the three types of
sub-data in the TFRD.

Case 1: HSink sub-task. HSink denotes a heat source system with a heat sink for heat dissigian.
The width of the heat sink is set to 0.01 m with a constant temperature ofTo = 298 K (Dirichlet B.C.).
All other boundaries are adiabatic (Neumann B.C.) except the heat k.



Chen X Q , et al. Sci China Inf Sci May 2023 Vol. 66 152203:10

(d) (e) 0]

Figure 4 (Color online) Examples of samples in di erent test sets for HSink. (a) testO; (b) testl; (c) test2; (d) test3; (e) test4;
(f) tests.

Case 2: ADlet sub-task.  ADlet denotes a heat source system with all di erent Dirichlet boundary
conditions for heat dissipation, where one boundary is set to a singsave distribution and the others are
set to a constant temperature of Top = 298 K.

Case 3: DSine sub-task. DSine denotes a heat source system with one sine-wave distributed
boundary for dissipation. All three other boundaries are adiabatic(Neumann BC).

Detailed information on heat sources for the three sub-tasks is deribed in the attachment. Moreover,
for the TFRD, the power intensity (or the maximum power intensity o f the Gaussian power distribution)
of each heat source in the system ranges from 0 to 30000 WAn

4.1.5 Groundtruth temperature eld

The heat conduction of heat source systems obeys the laws of péigs (e.g., the heat conduction equation).
In engineering, numerical simulation methods, such as the nite elerant method (FEM) and the nite
di erence method, which solve the heat conduction equations matlematically, are generally used for
accurate thermal analysis. Therefore, for convenience but withut loss of generality, this work takes such
temperature eld solved by FEM as the groundtruth for evaluating the TFR-HSS task. Then, we develop
a data generatof) based on the FEM to generate large amounts of labeled samples. Thiata generator
supports the calculation of a temperature eld over heat source gstems with di erent components and
boundary conditions. The FEM is the solver to calculate the temperdure eld of the given heat source
eld by the data generator.

4.2 Special samples

To fully validate the reconstruction performance and generality ofthe TFRD data, several special samples
are intentionally proposed following di erent rules, serving as the diversi ed testing data. These special
samples describe the special states of the heat source system irhigh the temperature eld changes
drastically from general ones.

Two types of special samples are summarized here, including powepnsistency samples and zero-
power samples. Power-consistency samples try to describe thersples in which all the heat sources have
the same power intensity. Zero-power samples demonstrate themples in which some of the heat sources
are with zero-power intensity. Here, we construct special sampkewhere 1/4, 1/2, 3/4, and all but one of
the heat sources are with zero-power intensity. Under these hymheses, we construct ve sets of special
samples, namely testl, test2, test3, test4, and test5 (as Figer4 shows).

4.3 TFRD

To advance the state-of-the-art methods in the TFR-HSS task this work constructs the TFRD dataset?,
a new, diverse, and large-scale temperature eld reconstructiowlataset, using our released data generator
and special sample generating strategies.

8) The data generator is released at  https://github.com/shendu-sw/recon-data-generator
9) The TFRD is downloadable at https://pan.baidu.com/s/14BipTer1fkilbRjrQNbKiQ , Password: tfrd.


https://github.com/shendu-sw/recon-data-generator
https://pan.baidu.com/s/14BipTer1fkilbRjrQNbKiQ
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© '

Figure 5 (Color online) Examples of the TFRD. (a) HSink; (b) ADlet; (c ) DSine.

The TFRD comprises three types of sub-data, namely, HSink data,ADlet data, and DSine data,
corresponding to the three sub-tasks in Subsectio®.1l. Examples of the TFRD are shown in Figure5.
For each type of sub-data, we construct training samples and tasg samples. All the training samples
are generated through the data generator with the power inteniy of all the heat sources randomly
selected. Considering the cost of sample generation and the perfoances of the models, particularly the
deep models, the TFRD selects 10000 samples in the training proce$sr each type of sub-data, 80%
for training and 20% for validation. Moreover, to fully evaluate the performance of di erent methods,
each sub-data type in the TFRD comprises six sub-types of testingsamples through a random sampling
strategy and other special sample strategies. For the generalandom sampling strategy, we construct
“test 0' for each sub-data type, which contains 10000 testing sapies. For the other ve special sample
strategies in Subsection4.2, we generate 2000 samples for each special strategy. Overally fany of the
HSink data, ADlet data, and DSine data in the TFRD, we generate 80® training samples, 2000 validating
samples, and 20000 testing samples.

The developed TFRD considers the diversity of sampling strategies red the completeness of the gen-
erated samples. This feature brings more challenges for the TFR-8S task, and the test dataset will be
more suitable for promoting the state-of-the-art methods in the TFR-HSS task.

4.4  Why the TFRD is suitable as a benchmark dataset

The developed TFRD has the following properties, making it suitable fa advancing the TFR-HSS task.

Generality: The TFRD is, to the best of our knowledge, the rst dat aset for systematic research
on the TFR-HSS task in engineering. The TFRD provides four compusational modelings that can be
t for di erent methods to solve the problem. The TFRD comprises t hree typical cases, including the
HSink, ADlet, and DSine sub-tasks. These tasks are modeled fromngineering applications, and they
make these methods more general and possible for application in reangineering problems. Moreover,
the considered sub-tasks are complex enough, and this complexjtin turn, brings more challenges to the
TFR-HSS task and further advances the development of the stag-of-the-art methods.

Reasonability: The training and testing samples in the TFRD are suitade for di erent studies. For
example, using fewer training samples for better reconstruction prformance requires semi-supervised
learning and transfer learning. Unbalanced learning can help make th model general to the special testing
sets. Moreover, our developed data generator also promotes e¢hresearch on reducing the monitoring
points in the domain. These research topics urgently need to be sadd in engineering. Furthermore, the
special samples in the TFRD under di erent circumstances will also mé&e it comprehensive and e ective
for evaluating reconstruction performance.
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Therefore, our TFRD with generality and reasonability can provide a better benchmark to evaluate
temperature eld reconstruction methods.

5 Experimental studies

In this section, we evaluate all of the abovementioned types of teiperature eld reconstruction meth-
0dst?: point-based methods, vector-based methods, image-based theds, and graph-based methods.
For each type, we choose some representative ones as the baselfor evaluation: Kinterpolation, Gin-
terpolation, PR, RFR, GPR, SVR, MLPP, RBM, DBNs among point-bas ed methods, MLPV, CNP,
Transformer among vector-based methods, FCN-1 (FCN with AlexNet as the backbone), FCN-2 (FCN
with VGG16 as the backbone), FCN-3 (FCN with ResNet18 as the bakbone), U-Net, SegNet, FPN
among image-based methods, and GCN among graph-based metted

5.1 Experimental setups

For all the reconstruction methods, the hyperparameters are khosen by considering the dimensions of
the input and output data (e.g., 200 200), the number of training samples (e.g., 8000 samples or
fewer), and the complexity of heat conduction laws (e.g., the two-d@mensional Laplace equation). The
performances of di erent reconstruction methods in this work vary under the di erent depths and widths
of the layers. Particularly for machine learning and deep learning-baed methods, the depth and the
width can aect the performance of the deep model and massive miel architectures, such as MLP,
DBN, AlexNet, VGG16, ResNet18, ResNet50, and DenseNet. Theafore, all the chosen hyperparameters
cannot guarantee the best reconstruction performance of theorresponding methods, and others can
obtain better performance by adjusting the depth and the width of the model. Since this work only
tests the feasibility of these methods over the TFR-HSS task, thenethods with chosen hyperparameters
will be used as representatives for experiments. Interested rearchers are encouraged to thoroughly test
the performance of a given method under di erent hyperparameers with the released code. The default
values of the hyperparameters are as follows.

In our experiments, we rst test nine kinds of point-based methods for reconstruction as mentioned
before. For Kinterpolation, the number of neighbors k is set to 3. For both the Kinterpolation and
Glnterpolation, the Gaussian kernel is used as the correlation metc. For PR, the degree of polynomial
features is set to 5. For RFR, the number of trees in the forest iset to 500. For MLPP, the structure of
the network is set to "2-100-50-1". For RBM, the number of hidden wodes is set to 800. For DBNs, the
structure of the network is set to "2-250-50-10-1".

For vector-based methods, the network structure is set to "Inpit-512-512-512-Output’ for MLPV, where
“Input' and "Output' are temperature vectors with dimensions of 1 m and n 1, m is the number of
monitoring points, and n is the number of Pols. For CNP, the structure of the encoder netvork is set
to “Inputl-(2+1)-128-128-128-256', and the structure of thedecoder network is set to “Input2-(256+2)-
256-256-128-128-Output'. “Inputl' describes temperature v&ors combined with the position information
of monitoring points, and the dimensions of “Inputl' arem 3. “Input2' is the output of the encoder
combined with the position information of Pols, and the dimensions aen (256 + 2).

For image-based methods, we simply use the commonly used deep regsion models with slightly
adaptive adjustment against the task (see Subsectior8.3 for details). Since the TFR-HSS task is a
typical regression problem, these deep models are modi ed for theegression problems with anL; loss
for training. Notably, all the deep learning methods are implementedunder the Pytorch Lightning [43]
deep learning framework. In addition, for graph-based methodswe use the graph convolutional networks
as Ref. j4] showed. In the experiments, the number of neighbors for eachgint is set to 8. Moreover, a
“dense’ block is chosen, and the number of basic blocks is set to 3.

Because of the dense connection in vector-based methods ancetbomputation of the relation matrix in
graph-based methods, extensive computational resources arequired. In particular, under graph-based
methods with 200 200 output, the computational resources cannot even supporthe training process.
Therefore, in this work, for vector and graph-based methods, nly "50 50' grids of points are used as Pols
in a single model (as Figure6 shows), and 4 4 parallel models are trained simultaneously to reconstruct
the overall temperature eld. Although this approach can improve computational e ciency, it su ers

10) The details of the benchmark, including the dataset, the baseline methods, and the data generator, are available on t he
main page https://shendu-sw.github.io/dataset-en/main/
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Figure 6 4 4 of 50 50 output are divided from a 200 200 temperature eld. In the matrix, Pols with the same numbe r

construct a 50 50 output.

from a slight reconstruction performance drop due to the incontiruity prediction of the temperature eld.
Generally, post-processing, such as a smoothing operation, carebused to improve the reconstruction
performance.

In Subsection 5.2, all the reconstruction performances of baselinmethods will be evaluated under ve
metrics. However, because of the page limitation, only the results mder mean absolute error (MAE) are
analyzed in the experimental results, and more results over othemetrics can be seen in the attachmerit .

5.2 Experimental results

In this subsection, we evaluate di erent baseline methods on our TRRD dataset and give the correspond-
ing results and analysis.

5.2.1 Results with point-based methods

In this set of experiments, we test the performance of the pointtased methods for the TFR-HSS task.
Table 1 shows the MAE obtained using these point-based methods over ouFFRD dataset. For HSink,
the best performance is presented by the RFR and Glnterpolationmethods; for ADlet and DSine data,
the RBM. For the current task under the default setups, RBM and RFR are recommended among these
point-based methods. Other researchers are encouraged tostethe performances of other models under
other setups to discover the potential of these models.

11) More metrics can be seen in the Appendix.
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Table 1 MAE (Kelvins (K)) of di erent point-based methods on our TFR D dataset
Data Klinterpolation Glnterpolation PR RFR GPR SVR MLPP RBM D BNs
test0 2.1153 2.1141 2.7274 2.0129 4:0537 4:7118 2:0746 3.3856 3.5165
testl 2.0605 2.0593 2.7043 1.7685 3:9935 5:0673 1:9285 3.3602 3.4855
HSink test2 1.5193 1.5184 1.9180 1.5072 2:8405 2:8184 1:7435 2.3765 2.4740
test3 1.1177 1.1171 1.3918 1.1320 2:0795 1:7597 1:3760 1.7180 1.7960
test4 0.7259 0.7255 0.8667 0.7335 1:3380 0:9470 0:9300 1.0635 1.1190
tests 0.2796 0.2795 0.3054 0.2715 0:4841  0:2765  0:4020 0.3690 0.3910
test0 1.1229 1.0545 0.3640 1.3285 1 :0178  1:3652  0:6133 0.2865 0.4103
testl 1.0558 1.0555 0.2778 1.3160 1 :0497 1:3880 0:6690 0.2188 0.4050
ADlet test2 0.9698 0.9695 0.3404 1.2930 0 :9452  1:2295  0:7075 0.2932 0.4585
test3 0.9120 0.9120 0.3019 1.2515 0 :9084 1:1450 0:7925 0.2676 0.4917
test4 0.8545 0.8545 0.2436 1.2036 0 :8704 1:0715 0:8755 0.2241 0.5217
tests 0.7956 0.7955 0.1371 1.1376 0:8117  1:0075  0:9345 0.1506 0.5522
test0 1.0256 1.0249 0.3427 0.7971 0 :4634  1:2536  0:6434 0.3343 0.7345
testl 1.0340 1.0378 0.3237 0.8054 0 :5910 1:6408 0:6520 0.3086 0.7250
DSine test2 0.7516 0.7510 0.3250 0.6572 0 :5109 0:8265 0:6010 0.3196 0.7410
test3 0.6349 0.6344 0.3095 0.5947 0 :5483  0:6801  0:5815 0.3070 0.7405
test4 0.4608 0.4603 0.2803 0.5277 0 :6176 0:5012 0:5725 0.2742 0.7385
tests 0.3650 0.3646 0.2556 0.5218 0 :6773  0:4252  0:6220 0.2478 0.7315
Table 2 MAE (Kelvins (K)) of di erent vector-, image-, and graph-ba sed methods on our TFRD dataset
Data MLPV CNP Transformer FCN-1 FCN-2 FCN-3 U-Net FPN SegNet GCN
test0 0.2550 0.4670 0.3909 0.0770 0.0313 0.1852 0.0424  1.1241 0.4938 0.6826
testl 1.0527 0.6810 3.1004 1.0609 1.6509 2.1991 2.5572 4.6388 4.4109 4.9126
HSink test2 0.1916 0.5109 0.4114 0.1238 0.0826 0.1830 0.1022  0.9378 0.5170 1.0231
test3 0.2467 0.6169 0.7545 0.3141 0.5525 0.9043 0.5358 1.9366 1.4354 2.2 914
testd 1.1254 0.9903 3.8421 0.3805 3.3480 5.0925 2.5424  6.9208 5.9153 6.7385
tests 7.9676 2.1179 18.484 5.9066 12.548 17.057 11.792 24.276 19.757 16.934
test0 0.1165 0.2142 0.1281 0.0197 0.0045 0.0055 0.0056  0.0323 0.0478 0.1027
testl 0.1171 0.1940 0.1388 0.0209 0.0097 0.0154 0.0197 0.0474 0.0780 0.1730
ADlet test2 0.1061 0.2299 0.1258 0.0265 0.0050 0.0066 0.0087  0.0351 0.0524 0.1075
test3 0.0993 0.2343 0.1331 0.0323 0.0084 0.0127 0.0145 0.0489 0.0667 0.1350
testd 0.0926 0.2439 0.1590 0.0430 0.0194 0.0341 0.0265  0.0915 0.1050 0.2208
tests 0.0862 0.2679 0.2256 0.0655 0.0469 0.0885 0.0491  0.1923 0.1848 0.4610
test0 0.1131 0.2625 0.1409 0.0405 0.0149 0.0156 0.0769  0.1174 0.1105 0.2873
testl 0.1216 0.2514 0.6039 0.1043 0.1741 0.1978 0.2117 0.3738 0.8992 0.9811
DSine test2 0.0823 0.2912 0.1526 0.0651 0.0434 0.0271 0.1124 0.2016 0.1934 0.4736
test3 0.0711 0.3084 0.2488 0.1000 0.1073 0.0852 0.1416 0.3727 0.4372 0.7 446
test4 0.0584 0.4053 1.0722 0.2644 0.4347 0.6304 0.2180 1.1573 1.8453 2.0 323
tests 0.0563 0.5807 2.5157 0.4865 0.8252 1.6043 0.2916  2.3816 3.6252 3.7 082

5.2.2 Results with vector-based methods

The comparison results of the vector-based methods over our TRD dataset are shown in Table 2.

Under the speci c con gurations in this work, MLPV and Transform er outperform CNP. On general test
samples, the vector-based methods outperform the former potrbased methods, while on special test
samples, vice-versa. From the comparison results in Tabl@, MLPV is a highly-recommended vector-
based method. Moreover, other researchers can design otherll@Vs, CNPs, and Transformers for the

task in pursuit of better performance.

5.2.3 Results with image-based methods

In this subsection, the comparisons of image-based methods oveur TFRD are displayed in detail.
Table 2 illustrates the reconstruction performance of di erent image-based methods. From these results,
we nd that these image-based methods can obtain a better perfanance under these mature deep
models. For HSink, FCN-1 outperforms other methods. Over DSineand ADlet, FCN-2, FCN-3, and
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U-Net outperform other deep models. Additionally, for ADlet, FCN- 2 outperforms all image and vector-
based methods. For HSink and DSine, the vector-based methodsepform better over testO, testl, and
test2, while the image-based methods outperform the vector-teed methods over test3, test4, and test5.
Thus the vector-based methods are better for abnormal situabns in engineering. Among these image-
based methods, FCN and U-Net perform the best. This result is okdined because there is no multi-scale
physical information in the TFR-HSS task, so FPNs, which mainly use nulti-scale information for better
performance, cannot work well for the task.

5.2.4 Results with graph-based methods

Finally, in this set of experiments, we test the graph-based method over our TFRD (see Table 2 for
details). Generally, the graph-based methods can be used in not dntwo-dimensional heat-source systems
but also three-dimensional systems. In the experiments, eight righbors are used to formulate the graph
correlation. As Table 2 shows, these methods can provide a performance with an MAE of 0326K for
HSink, 0.1027K for ADlet, and 0.2873K for DSine under test0. Thesegraph-based methods are more
exible, with a high potential for temperature eld reconstruction .

5.2.5 Comparisons of reconstruction performance between di erat methods

By inspecting the comparisons in Tablesl and 2, it can be noted that the following observations hold.
First, from Tables 1 and 2, we nd that the image-based methods can provide a relatively goodecon-
struction performance. This nding is obtained because these imag-based methods can better model the
spatial correlation within the heat source system. Furthermore,well-established convolutional neural net-
works can provide a powerful representation of the temperatue eld. Although better performance can
be obtained compared with the other three categories of methodghese methods require two-dimensional

modeling of the heat source system, which limits their real-world appliations.

Second, point and vector-based methods are simpler and more geral because they mainly consider
point-to-point or vector-to-vector mapping while ignoring the spatial and physical correlation between
di erent monitoring points and Pols. However, this spatial and phy sical information plays an important
role in reconstructing the eld. Therefore, the potential of the reconstruction performance with these
methods is limited.

Finally, graph-based methods exploit the merits of image and vectotbased methods and possess the
highest performance and application potential for the TFR-HSS tesk. The graph-based methods can be
applied directly over whatever 3-D or 2-D system, and regular or iregular system. Furthermore, their
deep architecture and powerful representational ability can guaantee the reconstruction performance of
the system. However, two main drawbacks hinder the performane of such methods. The rst drawback
is the mathematical representation of physical correlation. The grformances of these methods highly
depend on the quality of the relation matrix. For example, in the expaiments, we only use the Euler
distance to construct the relation matrix, which cannot well represent the physics laws, and thus, GCN
performance is even worse than vector-based method performee. The other drawback is the high
computational complexity due to the computation of graph convolution. Therefore, how to solve these
drawbacks and improve the e ectiveness and e ciency of graph-lased methods remains a challenging
problem.

5.2.6 Comparisons of model e ciency between di erent methods

To investigate model e ciency, the number of parameters of di er ent methods and the computing latency
in di erent hardware are reported in Table 3. Note that the unit (M) in the second column stands for
million. Concerning the prediction time, we take a practical view and report the mean value of the time
to evaluate a test set of 10000 samples, either on a CPU system afitel Xeon Gold 6242R or a single
GPU of Nvidia GTX3090. Obviously, the inference time on a GPU can be abstantially shorter than
that on a CPU by at least one order of magnitude.

For point-based methods, the model scale is very small compareadthe other three methods. Generally,
the number of parameters of point-based methods is smaller than.@ M, while the methods of the other
three types contain more than 1 M parameters. However, for thevector, image, and graph-based machine
learning methods, GPU acceleration is supported, and thereforehe inference time of these kinds of
methods is shorter than that of these point-based methods.
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Table 3 Results of the number of parameters and the computing latenc y in di erent hardware for vector, image, and graph-based
methods
Model #Params (M) CPU Lat. GPU Lat.
(ms) (ms)
k-nearest < 0.1 168.4 {
Global < 01 75.6 {
PR < 0.1 49.1 {
RFR < 0.1 765.4 {
Point-based GPR < 0.1 279.0 {
SVR < 0.1 99.01 {
MLPP < 0.1 9956.3 {
RBM < 0.1 1983.2 {
DBNs < 0.1 1990.1 {
MLPV 33.4 6.5 5.8
Vector-based CNP 4.0 132 11.6
Transformer 11.1 215.5 14.6
FCN-1 5.3 55.5 2.7
FCN-2 18.8 68.5 3.0
Image-based FCN-3 15.2 315 3.0
U-Net 31 177 57
FPN 13 47.2 7.5
SegNet 4.9 33.3 29
Graph-based GCN 127 2400 99

Therefore, when choosing a proper model for temperature eld econstruction, the model scale and
the computing e ciency should be considered as important as the reonstruction performance. More-
over, studies on model compression and model e ciency also desex deep exploration for real-world
applications.

5.2.7 Comparisons of results over di erent testing sets

In this set of experiments, the comparisons of reconstruction pdgormance over dierent testing sets
are conducted from Tables1 and 2. Over general testing samples, the image-based methods perfor
the best. As discussed before, image-based methods can explogasial information and mature deep
regression models that can help predict the temperature eld. Nex are the vector and graph-based
methods. The vector-based methods ignore this spatial informabn, and the graph-based methods require
a well-designed relation matrix. Generally, these methods belonginga one class one task can exploit
prior knowledge (e.g., labeled samples) for reconstruction model &ining, and therefore outperform the
methods of one instance one task.

However, compared with point-based methods, the methods of anclass one task do not work well on
special testing samples. This nding is obtained because the speci&tsting samples are well-constructed
abnormal samples in which only a few are present in the training set. & well-known, machine learning
methods cannot work well on unseen samples. Therefore, theseethods cannot perform well on these
special testing samples because of the unbalanced training sample§urthermore, since the anomalies
become increasingly more pronounced over general ones, the oastruction performance decreases dra-
matically from testl to test5. Notably, we can improve the generality of these methods simply by adding
additional special samples to the training samples. In addition, amog all methods, the point-based
methods present the worst performance over general test set However, the point-based methods can
also work over these special samples and present better perfoemce than other methods over special
test sets. This result is obtained because the point-based meth@daim at solving one instance one task.
These special samples are only speci ¢ instances of the task, anéhd@refore, such point-based methods
can also work well over these samples.

5.2.8 Reconstruction results

In addition to these performance results, we also show examples ttie reconstruction results for better
analysis. For convenience, we present the reconstruction resultof a given heat source system in HSink
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()
. .
(e)
Figure 7 (Color online) Reconstruction results (MAE) by FCN-VGG16 o n dierent test sets from HSink. (a) test0 (MAE =
0.0319); (b) testl (MAE = 1.0154); (c) test2 (MAE = 0.0338); ( d) test3 (MAE = 0.4258); (e) test4d (MAE = 7.0703); (f) test5

(MAE = 12.4373).

with di erent methods 2.

In Figure 7, we rst show an example of reconstruction results given a certairmodel FCN-VGG16 on
di erent test sets from HSink. From Figure 7, we nd that the method can work well on testO, test1,
and test2, while the reconstruction error increases from test3d test5. Even on test5, the reconstructed
temperature eld is far from the real temperature eld. Therefo re, improving the model's reconstruction
performance on these special samples is essential for improvingalgeneralization ability of the model.

We also show the reconstructed eld by using di erent methods ove a given heat source system from
HSink in Figure 8. Notably, the vector, image, and graph-based methods are be#r than the point-
based methods regarding the reconstruction performance andetnperature eld continuity. However,
the generality of the point-based methods is better than those othe other three methods. In addition,
the fusion of di erent methods to use the merits of dierent methods can substantially improve the
reconstruction performance. It requires deep research fromtbers and promotes the better application
of the reconstruction methods in engineering.

5.3 Discussion

From the above experimental results, we can summarize interestoy but meaningful observations as fol-
lows.

By comparing various reconstruction methods, we can observe #t the methods for one class one
task (e.g., the vector, image, and graph-based methods) usuallyrpvide an impressive reconstruction
performance on general testing samples but cannot work well onpgcial samples for the TFRD. Point-
based methods that focus on one instance one task provide limitedgsformance but work well on special
samples in the TFRD.

The methods for one class one task require many training samples witlabeled temperature val-
ues from Pols for model training. In contrast, point-based metlods only depend on the temperature
information from monitoring points at a speci c time to predict the te mperature eld at that time.

For two-dimensional modeling heat-source systems, FCN, U-Netand other image-based methods
are preferred for eld reconstruction. For three-dimensional a other complex heat source systems, MLP
and Transformer are preferred. If you can better design the gaph correlation of the GCN and decrease
the computational complexity, the GCN is the rst method recommended for the task. Additionally,
point-based methods, such as the RBM and RFR, should be incorpated with other methods to process
abnormal samples.

These above observations can provide very meaningful instructizs for investigating more e ective
reconstruction methods on our proposed challenging dataset toppmote progress in the temperature eld
reconstruction task.

12) The tendencies of visualization over ADlet and DSine are similar to that over HSink. Interested readers can obtain vi sual-
ization results through our released code.
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Figure 8 (Color online) Reconstruction results (MAE) of a given samp le under dierent methods over HSink. (a) System;
(b) Groundtruth; (c) Kinterpolation (MAE = 2.6400); (d) GIn terpolation (MAE = 2.4279); (e) PR (MAE = 3.1794); (f) RFR
(MAE = 2.0980); (g) GPR (MAE = 2.4213); (h) SVR (MAE = 4.0458); (i) MLP-P (MAE = 2.1286); (j) RBM (MAE =
3.0837); (k) DBN (MAE = 3.0509); (I) MLP-V (MAE = 0.2904); (m) CNP (MAE = 0.5159); (n) Transformer (MAE = 0.3706);
(0) FCN-AlexNet (MAE = 0.0589); (p) FCN-VGG (MAE = 0.0318); ( q) FCN-ResNet (MAE = 0.2535); (1) UNet (MAE = 0.0592);
(s) FPN-ResNet18 (MAE = 1.4762); (t) SegNet-AlexNet (MAE = 0 .5667); (u) GCN (MAE = 0.9942).

Considering the current task and the engineering requirements, ame research directions are devel-
oped referring to our TFRD dataset over monitoring point selection strategies [L6,45], monitoring point
reduction strategies 6], model designs 47], training strategies [48], and others.

(1) Monitoring point selection strategies aim to provide better recanstruction with fewer monitoring
points. Selecting more e ective monitoring points from the entire system to reconstruct the temperature
eld is an essential and urgent requirement for real-world engineang applications. Generally, cluster-
ing and correlation analysis methods are representative ones. O#r algorithms, particularly methods
combining machine learning methods, also merit further exploration.

(2) The monitoring point reduction strategies try to reduce redundancy monitoring points while main-
taining the reconstruction performance. Non-maximum suppres®n [49], coe cient matrix condition
number [46], and other redundancy analysis methods, would be interesting to imestigate.

(3) The model designs attempt to develop speci c deep architectres or special modules that can be a
better t for the TFR-HSS task. This work mainly uses the generally used frameworks or architectures for
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the task. However, the current task concerns eld reconstrution that highly depends on the physical laws.
Using such information would be e ective in substantially improving the reconstruction performance.
Therefore, exploring architectures or modules that can better epresent these physical laws merits deep
research.

(4) The training strategies aim to obtain reconstruction models with fewer training samples. As
formerly introduced, generating labeled samples with a real tempeture eld is time-consuming and
sometimes even impossible. Therefore, developing training stratégs that can provide good reconstruction
performance with fewer training samples is also an important reseah direction. We advise exploring
di erent training strategies for the TFR-HSS task from dierent p erspectives. First, to use unlabeled
samples for training, semi-supervised learning methods that exploithe unlabeled samples and limited
labeled samples are suggested. To use the most e ective training s®les, active learning methods are
suggested to generate training sets with high diversity. To realize lhe fast training of deep surrogate
models between di erent heat source systems and decrease thequirements of training samples, transfer
learning methods for the TFR-HSS task are feasible. Moreover, lisg generative models to augment the
training samples with synthesis data is another interesting topic. Muti- delity learning, which uses fewer
high- delity training samples and plentiful low- delity samples, can als o be investigated in future work.

6 Conclusion

In this work, we proposed a novel dataset, i.e., the TFRD, which posesses the merits of generality,
reasonability, and diversity. Meanwhile, we developed a set of machim learning surrogate modeling
methods for the TFR-HSS task. The TFRD comprises three types bsub-data, namely, the HSink, ADlet,
and DSine data referring to three typical problems. The purpose bthe dataset is to provide the research
community with a benchmark resource to advance the state-oftie-art algorithms for the TFR-HSS task
as well as engineering applications. In addition, we have evaluated aet of representative temperature
eld reconstruction approaches with di erent evaluation metrics on the new dataset. Furthermore, the
entire dataset, the data generator codes, and baseline methoddes are publicly available online for free
download to promote the development of the temperature eld reonstruction task.
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