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In pursuit of a low-carbon energy transition, biomass and other carbon-neutral fuels are increasingly uti-
lized in modern combustion facilities. However, controlling these systems remains challenging due to 
their complex geometries, dynamic interactions, and diverse operating conditions. Data-driven digital 
twins have emerged as powerful tools for optimizing performance and minimizing emissions in indus-
trial combustion systems. Their core functions include reconstructing multi-physical combustion fields 
and predicting and optimizing key performance metrics, such as efficiency and pollutant emissions. 
Despite recent advancements, existing approaches typically treat reconstruction and optimization as sep-
arate tasks, limiting their efficiency and scalability. Furthermore, developing digital twins for real-world 
industrial applications requires extensive high-fidelity data, which is often impractical to obtain. To 
address these limitations, we propose the multi-field reconstruction net (MFRNet) framework, which 
integrates dimension expansion, variable extension, and feature fusion techniques to enhance data effi-
ciency and predictive accuracy. Using an industrial-scale biomass grate furnace as a case study, we con-
struct a comprehensive dataset, consisting of 288 low-fidelity 2D cases (covering eight physical fields)
and 48 high-fidelity 3D cases (covering eleven physical fields). The MFRNet achieves high-precision
multi-field reconstruction under complex conditions while significantly reducing the reliance on costly
3D simulations. By leveraging intermediate features pre-trained during reconstruction, the model
enhances scalar predictions, notably improving CO and NO emission accuracy, even with limited high-
fidelity data. The trained model is then directly applied for multi-objective optimization under varying
operating conditions, demonstrating robust predictive accuracy and reliable optimization guidance.
This scalable and data-efficient digital twin framework is easily adapted for other combustion systems,
offering an intelligent paradigm for active control, real-time optimization, and enhanced operational effi-
ciency in modern combustion facilities.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

In context of low-carbon energy transitions, biomass and other 
carbon-neutral fuels are increasingly used in combustion facilities
as alternatives to fossil fuels [1]. This shift is driven by the urgent 
global need to reduce greenhouse gas emissions and achieve car-
bon neutrality targets across power generation, heating, and indus-
trial sectors [2]. However, these alternative fuels present unique 
challenges for combustion systems due to their diverse composi-
tions and heterogeneous properties. As environmental regulations
become more stringent and the demand for sustainable energy
solutions increases, there is a pressing need to optimize combus-
tion processes to minimize environmental impact while maintain-
ing high performance [3–5]. 

Traditional combustion control strategies, originally designed 
for fossil fuels, struggle to maintain stable operation and optimal 
performance when handling such variable fuel characteristics. 
For many years, extensive experimental research and the develop-
ment of simulation methods have laid the groundwork for our
understanding and controlling of combustion systems [6]. With 
the increasing need to accommodate multiple fuel types and 
dynamic capacity requirements in a unified energy system [7], 
new operational challenges have emerged. The ability to achieve 
fast and accurate state reconstruction and operational adjustment
has become particularly critical [8].
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Digital twins are virtual replicas of physical systems, enabling 
real-time monitoring, predictive maintenance, and optimization
by leveraging data from advanced modeling techniques or on-site
monitoring [9–11]. Digital twins can help combustion facilities 
navigate many challenges, such as variable fuel properties that 
affect combustion stability, capacity fluctuations driven by 
dynamic energy demands, and operational variations in parame-
ters such as air–fuel ratios. Through real-time reconstruction and
predictive analytics, digital twins enable adaptive control strate-
gies to optimize combustion processes across these diverse scenar-
ios, ensuring facilities maintain both efficiency and satisfy
emission standards [12]. 

Despite rapid progress, key technical challenges remain. The 
primary obstacle is acquiring the high-fidelity data required to
ensure model accuracy [13–15]. Combustion processes are inher-
ently complex due to high-dimensional condition spaces and the
coupling of multiple physical fields [16]. In practice, the state of 
combustion equipment is influenced by a multitude of factors, 
such as operating capacity, fuel type, and air distribution strategy.
These factors often have nonlinear and complex impacts on various
aspects (e.g., flame distribution, combustion efficiency, and pollu-
tant formation) [17]. Furthermore, the combustion process 
involves interactions of fluid flow, heat transfer, and chemical reac-
tions. To understand the combustion state within the equipment, it
is essential to monitor the spatiotemporal distribution of multiple
physical quantities, including temperature, pressure, and concen-
trations of chemical species [18]. Generating sufficient data to cap-
ture these complexities is time consuming and resource intensive. 
Excessive acquisition and training costs compromise the practical-
ity of a digital twin.

In this case, effective integration of heterogeneous data sources 
is essential to reduce dependency on large data sets while main-
taining model fidelity [19]. Proven strategies include integrating 
low-dimensional and high-dimensional simulation data [20], com-
bining low-resolution and high-resolution simulation data [21], 
and utilizing both simplified and detailed reaction mechanisms
in simulations [22]. However, these approaches have yet to be 
effectively applied to system-level digital twins for industrial-
scale combustion.

Meanwhile, system-level digital twins are expected to provide 
real-time feedback on the combustion state and adjust the operat-
ing mode accordingly. Therefore, the models should possess com-
prehensive functionalities, including field reconstruction,
parametric optimization, and control [23–25]. Yet recent studies 
often treat reconstruction and optimization as separate tasks based 
on fundamentally different methods. Reconstructi on generally use
model reduction techniques or end-to-end training methods to
build a surrogate solver [26–28]. Inputs typically include measur-
able information or operational parameters from the combustion 
system to obtain complete spatial distributions of specific physical
quantities. For instance, Savarese et al. [27] leveraged sparse sens-
ing techniques to construct digital twins of combustion systems. 
They utilized chemical reactor network models as soft sensors to
reconstruct full-field distributions for selected variables. Zhang
and Li [28] adopted clustering segmentation to enhance reduced-
order models, which rapidly predicted the temperature field inside
a coal-fired boiler.

Conversely, the primary strategy for optimization tasks involves 
establishing a correspondence between operational parameters 
(e.g., airflow positions, fuel types) and target outcomes (like effi-
ciency and emission level). This setup facilitates the identification
of optimal operating conditions in response to varying scenarios
[29–32]. For example, Sungur et al. [31] optimized the design of 
a biomass pellet burner pot by altering the supply airflow position 
within a pellet stove. Their model, based on Gaussian process
regression, determined the relationship between the input and
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output parameters of the stove, aiming to enhance efficiency. Xu
et al. [32] proposed a data-driven digital twin for a circulating flu-
idized bed boiler. Their approach determines benchma rks for con-
trollable variables by analyzing historical operational data, thereby
conserving energy.

Consequently, existing digital twin frameworks tend to have 
restricted capabilities, lacking the integration necessary to address 
the multifaceted challenges of combustion processes. The separa-
tion of reconstruction and optimization limits the potential of dig-
ital twin systems to provide holistic solutions for combustion
system management.

To address these challenges, we propose a machine learning 
framework, multi-field reconstruction net (MFRNet), tailored for 
building digital twins of complex combustion systems. Our work-
flow maximizes data efficiency, reducing reliance on extensive 
high-fidelity datasets without sacrificing accuracy. By leveraging 
multi-fidelity data fusion techniques, the model aims to achieve 
3D multi-field reconstruction within high-dimensional condition 
spaces using minimal high-fidelity data. The reconstruction model
facilitates the extraction of latent features through representation
learning. These extracted features can be shared and expanded
across multiple tasks, including scalar prediction and multi-
objective optimization, thus enabling function extension and
improving the versatility of the digital twin.

We demonstrate MFRNet on an industrial-scale biomass grate 
furnace, a system of particular relevance for carbon reduction
and renewable energy production [33]. Our method is highly 
adaptable and can be extended to a wide range of combustion 
and reacting flow systems. The remainder of this paper is orga-
nized as follows. Section 2 details the computational methodology, 
including the overall framework, network architectures, and 
dimension- and variable-expansion strategies, as well as our
data-generation procedure. Details can be found in Section S1 in 
Appendix A. Section 3 evaluates MFRNet’s multi-field reconstruc-
tion and scalar-prediction performance (including NOx variables), 
and finally presents multi-objecti ve optimization toward high
combustion efficiency and low NOx emissions.
2. Methods 

Developing digital twin models for combustion systems pre-
sents two key challenges. First, generating high-fidelity 3D field 
datasets is computationally expensive, thereby limits training data 
diversity, especially in industrial applications with numerous oper-
ating parameters. Second, conventional methods typically decouple 
reconstruction from optimization, relying on black-boxmodels that
lack physical insight. Our approach addresses these issues by lever-
aging low-fidelity data to efficiently explore the high-dimensional
operating space and extract essential system features.

We propose a unified machine learning framework, MFRNet, 
which enables high-accuracy multi-field reconstruction, scalar pre-
diction, and operational optimization while minimizing depen-
dence on high-fidelity data. The framework is validated on an 
industrial-scale biomass grate furnace, where a digital twin is 
developed for multi-field reconstruction and multi-objective opti-
mization across an 11-parameter condition space, including capac-
ity, equivalence ratio, air distribution, and grate movement 
velocities. Although fuel properties, such as composition and
kinetic parameters, are undeniably important, incorporating such
variability would considerably expand the dimensionality of the
simulation space and the associated computational cost. Thus, to
demonstrate the viability of our digital twin framework, fuel-
related parameters are held constant. Future studies will aim to
explicitly integrate fuel diversity into the model development
process.
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The core model architecture consists of several key modules 
that enable its functionality, and the workflow is shown in Fig. 1. 
Firstly, to accommodate the 11-dimensional condition space, we 
construct a multi-fidelity dataset. Using Latin hypercube sampling 
(LHS), we select 288 cases, each representing a unique operating 
condition defined by a set of parameters. These cases are simulated 
using a highly simplified 2D numerical model to establish a low-
fidelity dataset. Subsequently, we select 48 representative cases
from this larger dataset to create a smaller 3D high-fidelity dataset.
Details of case sampling are demonstrated in our previous work
[20]. 

With this data foundation, we develop a digital twin system 
based on MFRNet. The core architecture is a neural network featur-
ing a multi-modal input layer and a multi-channel dual-net struc-
ture, enabling end-to-end multi-field reconstruction using either 
operational parameters or sensor data. The training process begins 
with pre-training on the low-fidelity dataset to establish the initial 
2D MFRNet. To overcome the inherent limitations of 2D simplifica-
tions in combustion system analysis, we finetune the pre-trained 
model on the small high-fidelity dataset using dimension expan-
sion and variable extension modules. Dimension expansion refers 
to the process of extrapolating or inferring 3D spatial fields from 
lower-dimensional data, typically using pre-trained models on
2D slices to reconstruct full 3D distributions. In contrast, variable
extension focuses on inferring additional physical fields not origi-
nally present in the dataset. For example, deriving pollutant fields
such as NOx from primary combustion variables through latent fea-
ture fusion. Specifically in the network structure, the dimension
expansion module extrapolates z-direction heterogeneity, effec-
tively capturing boundary effects and enhancing 3D system repre-
sentation. The variable extension module addresses discrepancies
between low- and high-fidelity simulations by leveraging physical
field interdependency, ensuring accurate learning of new variables
despite limited high-fidelity data availability. These processes yield
a refined 3D MFRNet.

Our model framework culminates in a dynamic feature fusion 
mechanism that adapts latent representations extracted from
Fig. 1. The general workflow of building digital twin for multi-field reconstruc
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multi-field reconstruction. This mechanism employs attention-
based merging techniques, further improving the accuracy in 
downstream scalar prediction tasks, and ultimately accomplishing 
reconstruction and optimization towards complex conditions. By 
integrating these components into a unified learning framework, 
our approach significantly enhances the accuracy and efficiency
of digital twin models for industrial combustion systems. The fol-
lowing sections detail the model architecture, data generation, pre-
processing, and training configurations.
2.1. Multi-field reconstruction

2.1.1. Multi-modal inputs
A digital twin must represent the system’s state. In real-world 

combustion systems, multiple sources of information, such as 
operational parameters from control panels, internal temperature 
sensor data, and visual imagery of flames, collectively reflect the
system’s combustion state. Effectively integrating these diverse
data sources enables a comprehensive and adaptive response to
varying operational conditions [34]. Critically, the ability to process 
multimodal input ensures that the digital twin can function effec-
tively even with partial information. This capability is particularly 
valuable for tasks like intelligent fault diagnosis, where the system
must identify and respond to anomalies by correlating data from
multiple sources [35]. Therefore, multi-modal input serves as a 
crucial component in digital twin systems, enabling them to inte-
grate diverse data sources and enhance their practical applicability
effectively.

Various techniques can be applied to align and integrate data 
from disparate sources for modality matching and feature fusion
[36]. In this work, we focus on two primary types of input: opera-
tional parameters (U) and internal temperature measurements (S) 
from a furnace. Specifically, we select the capacity ratio CR, equiv-
alence ratio ER, distribution of primary air in each wind section ai
(i = 1, 2, , 5), and velocities of the grate on each grate section vj
(j = 1, 2, 3, and 4) as the parameters in the condition vector:
tion, scalar prediction and multi-objective optimization based on MFRNet.

move_f0005
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U CR ER a1 a2 a3 a4 a5 v1 v2 v3 v4
T 1

The simulated temperature data re generated from 25 ran-
dom positions {x1, , x25}:

aT 

S T x1 T x 25 2

These inputs are processed using contrastive learning tech-
niques to achieve effective multi-modal integration, as shown in
Fig. 2. 

In the training process, the input vectors U and S are mapped 
into latent space using separate multilayer perceptrons (MLPs)
(MU and MS) designed as projection heads.

MU U Y U 3

MS S Y S 4

where YU and YS are both designed to be 25-dimensional vectors. 
We define YU and YS as a positive pair if they correspond to the 
same condition U, whereas all other combinations are considered 
negative pairs. We denote yu,i as the latent embedding from YU, 
and ys,i as the corresponding latent embedding from YS. Thus, for 
a positive pair, (yu,i, ys,i) are paired by the same operation al condi-
tion, whereas for negative pairs, we consider combinations (yu,i,
ys,j) with i ≠ j. Le be the total number of positive pairs and

be the total number of negative pairs in the training batch.
Then, the contrastive loss Lcon for a set of positive and negative pairs
can be formulated as [37]: 

os

g

t N p
Nne 

Lpos 
1 

Npos 

Npos 

i 1 

yu i ys i
2 5

Lneg 
1 

Nneg 

Nneg 

i 1 

max 0 dm yu i ys j
2 6

Lcon xpos Lpos xneg Lneg 7

where xpos and xneg are weights applied to the positive and 
negative loss components, respectively. We set both to be 1.0 in 
our cases. This equal weighting was chosen to ensure a balanced
contribution from both the positive and negative loss terms,
Fig. 2. The core neural network structure to achieve multi-field reconstruction. The mod
enabling end-to-end full-field reconstruction based on either operational parameters or s
multi-modal inputs; branch net; trunk net. The predicted nd are temBR: TR: T , aP, MO2 
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particularly since each term is normalized by the number of corre-
sponding pairs. This symmetric setting helps maintain model sensi-
tivity by avoiding over-emphasis on either term, thus leading to 
more robust and valid outcomes during training s the learnable
margin parameter that dictates how far apart the negative pairs
should be.

. d im 

2.1.2. The structure of neural network for reconstruction
The reconstruction neural network forms the core of the 

MFRNet framework. We design the reconstruction neural network 
to reconstruct multiple physical fields from multi-modal input
data. The general structure is an extension of the dual net previ-
ously utilized in our work [20] and can be considered as a variant
of the DeepONet architecture [38], as shown in Fig. 2. 

Specifically, the reconstruction neural network is structured to 
include a set of branch net sub-channels i  =  1, or-
responding to different physical fields. These fields include tem-
perature T, pressure P, x-velocity vx, y-velocity vy, and the mass 
fractions of O2,  CO2,  H2O, and CO. Biomass undergoes a 
devolatilization stage in which volatile compounds (e.g., CH4 and 
similar hydrocarbons) are generated, but our computational fluid 
dynamics (CFD) analysis indicates that their concentrations are 
comparatively low, and these species are rapidly consumed near
the fuel grate. This simplification enables us to focus on demon-
strating the effectiveness of our reconstruction framework while
maintaining computational tractability. Importantly, the modular
design of MFRNet can be readily extended to include arbitrary
volatile species of concern as long as the training CFD data is
available.

( Nf
, , NBRi , cf )

Nf 

A trunk net TR is employed to process spatial or coordinate 
information, which is shared across different physical fields. The 
branch net sub-channels receive a unified representation R that
combines input condition vectors with temperature data points
through a transformation applied by a projection head.

R 0 5 YU 0 5 YS 8

Each physical field has its dedicated sub-channel, which out-
puts a dimensional vector representing the coefficients of basis
functions for that field [38]. In this work we set 50.

m-
m

el consists of a multi-modal input layer and a multi-channel dual-net architecture, 
ensor data coordinate of a query position unified representation from
perature, pressure, and mass fraction of oxygen, respectively.

. Y ; R:the: the 

move_f0010
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ci BRi R c1 
i cm 

i 
T 
i 1 Nf 9

The trunk net accepts coordinates of the query position Y =  (x, y) 
as input and produces a 50-dimensional output vector represent-
ing the values of the basis functions at the given position [38]. 

p TR Y p1 pm 
T 10

The final prediction for the ith physical field /i at a query posi-
tion. Y is obtained by taking the dot product of the output from the
corresponding branch net sub-channel and the trunk net [38]. 

/i Y p ci 
m 

j 1 

pj cji 11

We utilize fully connected neural network architecture to build 
the branch and trunk nets. Rectified linear unit (ReLU) activation 
functions are used, and a sigmoid activation function is applied 
to the final layer. This network is the foundation for subsequent
dimension expansion and variable extension. Key hyper-
parameters such as layer counts, neuron numbers, and dropout
rates have been tuned to optimize performance. Details are pro-
vided in Section S2 in Appendix A.

While the reconstruction neural network is theoretically cap-
able of 3D field reconstruction, the primary limitation is the size 
of the dataset necessary for training. Building a comprehensive 
3D dataset covering various operational conditions requires sub-
stantial computational resources. Thus, the reconstruction neural 
network is preliminarily trained using a 2D combustion dataset.
This dataset provides a complex yet manageable scenario to test
and refine the network architecture. The pre-trained model will
be further extended through the implementation of dimension
expansion and variable extension modules on a smaller 3D dataset.
2.1.3. Dimension expansion
Building upon the pre-trained 2D reconstruction net, we seam-

lessly fine-tune it to accommodate 3D datasets. The pre-trained 2D
Fig. 3. The schematic diagram of the dimension expansion module. Based on the pre-
direction coordinates and accuracy refinement sub-net can be further trained for 3D rec
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network is employed as the basis for dimension expansion into a 
3D representation. The parameters of this pre-trained net are fro-
zen during the extension phase to preserve the learned feature rep-
resentations, allowing the subsequent training process to focus on
adapting these features for 3D reconstruction and variable exten-
sion tasks. This extension is particularly significant for addressing
the effects of wall-bounded flows and heat transfer, which inher-
ently exhibit 3D characteristics.

Specifically, the goals of the dimensional expansion are: ① han-
dling non-uniformity along the z-direction, and ② accuracy refine-
ment in x- and y-directions. To achieve these objectives, we
introduce the extended trunk net for z-direction TRz and a set of
accuracy refinement nets as illustrated in Fig. 3. These 
components enable the flexible and accurate modeling of 3D phys-
ical fields while maintaining computational efficiency. For each 
combustion-related physical field /i, its value at a specific query
position Y = (x, y, z) in the 3D computational domain is formulated
as:

AR Nf
,

/i x y z p pz ci Corr i x y z U 12

where nd re generated by the pre-trained 2D MFRNet, and 
is the output of is the correction factor speci-
fic to the ith field, output by the auxiliary networ This net-
work also comprises a branch net and a trunk net. The detailed
settings are given in Section S2. 

p 
z . ri x y z U

Ri.

ap aci z 
TRz Cor 

k A 

2.1.4. Variable extension
The core concept of variable extension lies in the intrinsic cor-

relations among the spatiotemporal distributions of different phys-
ical variables in a multi-physics coupled system. Because the pre-
trained model has already extracted features for core combustion 
variables, it can accurately predict unseen variables from small 
datasets by reusing these features. In this study, we aim to extend
the learning of combustion-related physical fields to include the
3D distribution of NOx-related variables, namely, the concentra-
tions of NO, HCN, and NH3, using small datasets.
trained reconstruction net on 2D (x and y) dataset, the additional trunk net on z-
onstruction at complex conditions on the small high-fidelity dataset.

move_f0015
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As illustrated in Fig. 4, the output of the branch networks from 
the pre-trained combustion model can be combined and processed
using a set of attention-based adaptive merging layers {Ak}.

ck Ak BR1 R BRNf R Ak c1 cNf k NO HCN NH3

13

These layers dynamically fuse the internal features of the pre-
trained model through the self-attention mechanism, applying 
adaptive weighting to highlight the most relevant feature contri-
butions for the target variables. Then, the additional branch nets
for new variables will process the fused feature and predict the
additional variables:

/k Y p pz BRk ck 14

In Section S2.1 in Appendix A, we demonstrated the details of 
the attention-based adaptive merging layers. This extension builds 
upon the pre-trained model, which has been trained on eight phys-
ical fields related to combustion, enabling accurate and efficient
exploration of these additional variables under data-limited
conditions.

2.2. Multi-objective optimization

2.2.1. Building response surface
The response surface model serves as a surrogate model for fit-

ting specific input parameters to output responses, primarily
employed to bypass computationally intensive tasks, such as
high-fidelity CFD modeling [39]. For complex combustion systems, 
response surfaces enable rapid analysis of key design factors and 
operational parameters’ effects on combustion efficiency and pol-
lutant emissions, facilitating system control and optimization [40]. 

Various approaches exist for establishing response surfaces, 
ranging from fundamental methods like polynomials, kriging,
and radial basis functions to neural networks, all of which have
Fig. 4. The schematic diagram of variable extension and scala
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been previously applied across different research and application
areas [41]. However, building a response surface is fundamentally 
a data-fitting problem. When dealing with multi-parameter condi-
tions, if the high-fidelity dataset is insufficient, the response sur-
face model may suffer from excessive prediction errors,
rendering it impractical for application.

In this work, based on key scalars obtained from a limited 3D 
high-fidelity dataset, we employ neural networks to construct 
response surfaces targeting two critical output variables for predic-
tion: the average mass fraction of CO at the boiler outlet MCO and 
the normalized NO emission MNO (mg Nm−3; standardized to a
6% oxygen concentration). We will demonstrate that building upon
the pre-trained reconstruction model, the accuracy of the response
surfaces using limited data can be largely improved.

Here, the input to the model is the conditional vector U, and we 
explore two main pathways for prediction. The first pathway is 
direct prediction using a neural network. In this approach, we
directly train a neural networ to predict the target values
TU based on the input vector.

TUk M 

MTU U T U 15

The second pathway is feature extraction and fusion using pre-
trained MFRNet. In this approach, the input vector U is first pro-
cessed by the branch net modules of the pre-trained MFRNet, 
which yields intermediate features used for recon-
structing the physical fields. These features are then fused using
another attention-based feature fusion layer to obtain a com-
bined feature

, Nf
}{c1 , c 

Nf 

ATU 

cTU . 

ATU c1 cNf cT U 16

The fused feature is subsequently passed to an MLP for
target value prediction.

MTUcTU 

MTU cTU TU 17
r prediction via attention-based feature merging layers.

move_f0020


L. Wang, Y. Li and S. Deng Engineering 59 (2026) 197–214
More specifically, for CO prediction, the second pathway 
involves a two-step process. First, we establish a feature merge 
network and train the MLP on a 2D dataset to predict the target 
value from U. Then, to further improve the prediction accuracy, 
an additional correction network is trained on a 3D dataset to
refine the predicted values. For NO prediction, the intermediate
features reconstructed from 3D multi-field data are directly inte-
grated. The resulting fused features are used to train an MLP on
the 3D dataset for target value prediction.

2.2.2. Pareto optimization
With response surfaces in place, we optimize combustion oper-

ation. As an illustrative example, we define a multi-objective opti-
mization task to demonstrate the utility of the developed response 
surfaces. Given a fixed capacity, the task involves adjusting opera-
tional parameters, such as air distribution and grate movement, to
maximize combustion efficiency while minimizing pollutant
emissions.

This optimization task is highly relevant in real-world combus-
tion systems, as it addresses the critical balance between efficiency
and environmental impact [42]. In industrial settings, operators 
often seek to maximize combustion efficiency to reduce fuel con-
sumption and costs while simultaneously minimizing pollutant 
emissions to comply with environmental regulations and mitigate 
harmful effects on human health and the environm ent. However,
the determination of suitable combinations of operating parame-
ters under fluctuating conditions, like capacity requirement and
fuel properties, is not a trivial task, especially in real-time monitor-
ing that requires immediate responses.

In this work, we quantify the efficiency of combustion using the 
average mass fraction of CO at the outlet, with lower values indi-
cating higher efficiency. Additionally, we use the emissions of NO 
as the controlled pollutant indicator, as NO is a major contributor 
to the formation of ground-level ozone and acid rain, and its emis-
sions are strictly regulated in many countries. By optimizing these
two objectives simultaneously, we demonstrate how the MFRNet-
based response surfaces can identify optimal operating conditions
that balance efficiency and environmental concerns. This frame-
work is also directly transferable for arbitrary target quantities of
concern for the combustion system. Our multi-objective optimiza-
tion task can be formulated as:

argmin 
U 

f U f 1 U f 2 U 

NO emission CO emission 18

where f1(U) and f2(U) typically exhibit a conflicting relationship, 
necessitating a search for an optimal trade-off.

We employ the distributed evolutionary algorithms in Python 
(DEAP) framework to implement the non-dominated sorting 
genetic algorithm II (NSGA-II) to optimize the condition parame-
ters for this multi-objective task [43]. Although gradient-based 
optimization via automatic differentiation is also feasible, the opti-
mization landscape for industrial-scale combustion systems is usu-
ally highly non-convex and characterized by multiple local optima. 
In contrast, NSGA-II circumvents these challenges by efficiently 
exploring the design space without relying on precise gradient
information. Furthermore, the multi-objective nature of our task
would require consolidating multiple objectives into a single scalar
function. Using NSGA-II aligns with common practices in digital
twin studies, ensuring robustness and versatility in optimizing
complex, real-world systems.

Initially, we generate 100 different initial conditions and derive 
their corresponding CO and NO missions using the response sur-
faces. The emissions data are then evaluated, assigning a higher
priority to points with lower emissions. This selection mechanism
ensures that high-priority points are propagated into subsequent
203
generations. Additionally, to maintain diversity across generations 
and prevent clustering in certain regions, NSGA-II calculates the
crowding distance for each solution [44]: 

di 

Nobj 

n 1 
f i 1 
n f i 1 

n fmax
n fmin

n 19

where di is the crowding distance for the ith individual, is the 
number of objectives, and fmax and fmin are the maximum and min-
imum values observed in the population for each objective. Solu-
tions with larger crowding distances are given priority during the 
selection process. Through crossover and mutation processes, new 
generations are produced. Each generation retains elite solutions
from both prior and current generations to preserve high-quality
individuals within the population. Ultimately, we identify the opti-
mized condition parameters, represented as points on the Pareto
front [43]: 
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To finalize the optimization process, we employ the Euclidean 
distance approach to determine the optimal conditions for mini-
mizing emissions. The solution that minimizes the Euclidean dis-
tance to the ideal point is selected:

d / / 
Nobj 

n 1 
/ n /n
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where s a solution in the Pareto front and is the theoretical 
ideal point with the lowest possible emissions. The solution hat 
minimizes this distance represents the best achievable trade-off
between the conflicting objectives of minimizing NO and CO
emissions.

i/ / 
t/ 

2.3. Data generation and pre-processing

To construct the datasets used for training the digital twin, we 
employed a state-of-the-art comprehensive CFD model capable of 
capturing the multi-phase fuel bed combustion and the in-
furnace as-phase combustion processes. The detailed settings of
the CFD model and the data generation process have been demon-
strated in our previous works [20,45–47], and thus here we only 
provide a brief demonst ration. More details have also been sum-
marized in Section S1 in Appendix A.

The numerical model consists of a thermally-thick particle 
treatment for the multiphase fuel bed and a detailed freeboard 
combustion model. The 2D and 3D temperature fields were gener-
ated as ground truth using this CFD framework. For the 2D simula-
tions, a mesh consisting of 30 265 grid points was used. This mesh 
approximat es the central cross-section of the furnace and neglects
side-wall effects. For the 3D simulations, a mesh with 2.61 million
grid points was created to model the entire furnace. Grid indepen-
dence tests were performed to determine the optimal mesh sizes
for both 2D and 3D computations.

The NOx formation and reduction mechanisms were only imple-
mented for the 3D high-fidelity simulations [45]. For the heteroge-
neous combustion process in the fuel bed, the model accounted for 
the release of fuel-N, as well as homogeneous and heterogeneous 
oxidation and reduction reactions. In the furnace freeboard, the
model included the decomposition of tar-N, as well as the oxida-
tion and reduction pathways for key precursors such as NH3 and
HCN.

To efficiently explore the high-dimensional condition space (de-
noted as U), we adopted an incremental training strategy com-
bined with LHS. In each round r, a group of 12 candidate cases 
(Gr = , was selected using LHS from the condition space.
For each case in Gr, 2D CFD simulations were performed for the fuel

)Ur 
1, Ur 

12
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bed and freeboard combustion processes. From these 12 cases, two 
cases were randomly selected for 3D high-fidelity CFD simulations. 
After 24 rounds of sampling, a total of 288 2D cases and 48 3D
cases were collected. This dual-dataset approach enabled the eval-
uation of temperature field reconstruction in both 2D and 3D
spaces, as verified in our previous work [20]. It is worth noting that 
the computational time required for 2D CFD simulations is signif-
icantly lower than that needed to obtain 3D high-fidelity data. 
Using an advanced micro devices (AMD) 3970X 32-core worksta-
tion, the average completion time for a single 2D CFD simulation 
is around 1.5 h, while a 3D CFD simulation takes approximately
48–56 h to reach convergence. Therefore, utilizing 2D simulations
to thoroughly explore the parameter space first proves to be a
highly efficient strategy. All physical fields were pre-processed
through global min–max normalization. For a given physical field
/i, we will generate for training,

/i 
/i /min 

i 

/max 
i /min

i
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where and denote the global minimum and maximum 
values of the field across all training data, respectively. This normal-
ization ensures that the inputs and outputs of the neural network
are scaled to comparable ranges, which facilitates stable and effi-
cient training.

n ax/mi 
i /m 

i 

Finally, the configurations of all the neural network modules 
trained in this work, together with the hyper-parameters, training
procedures, and evaluation metrics, are demonstrated in Sec-
tion S2.2 in Appendix A. In the following sections, for visualization 
and quantitative comparison, we selected three cases from the test
set of both 2D and 3D datasets. Their detailed settings of operating
conditions are shown in Table 1. 
3. Results and discussion

3.1. Multi-modal inputs and multi-fiel d reconstruction

Real-world combustion systems provide various types of partial 
information, including operational parameters, temperature mea-
surements, and flame images, each capturing internal operating 
conditions to varying degrees. To enhance digital twin perfor-
mance, our framework integrates diverse inputs by mapping them 
into a unified latent space via feature matching. This approach
enables robust multi-field reconstruction even when some inputs
are missing, thereby improving model reliability in practical sce-
narios. Without loss of generality, we select operational parame-
ters and temperature measurement data as two input modalities
to evaluate multi-modal, multi-field reconstruction.

We introduce a contrastive learning strategy that employs two 
neural network-based projection heads. These projection heads 
transform the conditional vector U along with 25 randomly sam-
pled temperature measurement points S into latent space. The
transformation facilitates the subsequent multi-field reconstruc-
tion tasks by aligning the modalities within a shared manifold.
To validate this alignment, we applied K-means clustering algo-
rithm [48]. We comparatively analyzed the latent space structures 
with and without applying the contrastive learning loss supervi-
Table 1 
Detailed operating conditions of three selected cases in the test set for model validation.

Case CR ER Prim

1 1.2 1.4 [0.2
2 0.8 0.7 [0.1
3 0.5 1.3 [0.2
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sion using t-distributed stochastic neighbor embedding (t -SNE)
for visualization, as shown in Fig. 5. We expect information from 
the same case but different sources to map to the same point 
(i.e., to form overlapping clusters); thus we can verify that opera-
tional conditions and sparse sensor measurements align meaning-
fully for the same downstream tasks.

The clustering results reveal a significant distinction in the 
manifold alignment when contrastive learning is utilized. Without 
contrastive learning, the clusters corresponding to the two types of 
inputs showed minimal overlap, indicating distinct contributions 
to the multi-field reconstruction task from each input type. This 
scenario necessitates the presence of both input types to achieve 
effective reconstruction. Conversely, when trained with contrastive 
learning loss, the features from both input types exhibit nearly 
identical clustering in the latent space, with a high degree of over-
lap within clusters. This indicates a successful alignment of differ-
ent input types, enabling the model to perform multi-field
reconstruction from any singular type of input. Despite the fact
that we specified four clusters for the classification of the latent
features, the algorithm identified only two distinct clusters for fea-
tures generated from conditional vector when contrastive loss is
not applied, as shown in Fig. 5(a). This behavior can be attributed 
to the inherent structure, which may not exhibit sufficient variabil-
ity or separable groupings to justify four distinct clusters. K-means 
relies on minimizing within-cluster variance, and if the data points
in a dataset are relatively homogeneous or aligned along fewer nat-
ural groupings, the algorithmmay converge to fewer effective clus-
ters, even if more were requested [49]. 

Table 2 presents the test mean squared error (MSE) for multi-
field reconstruction using both U and S as joint inputs, comparing 
scenarios with and without the application of contrastive learning 
loss. Additionally, we report the MSE for reconstructions per-
formed using only U or S as inputs in models trained with con-
trastive learning loss. Further visualization of the multi-field
reconstruction is provided in Fig. 6, showcasing the reconstruction 
capabilities from Case 1 to 3. We randomly selected these three 
operating conditions with significant differences in combustion 
modes from the test set, which effectively demonstrates the appli-
cability of the digital twin model we established to various com-
plex combustion conditions. Their temperature fields exhibit 
significantly different patterns, reflecting the variability of flame 
behavior within the furnace. Correspondingly, the distributions of
flow fields as well as the concentrations of key species also show
substantial differences. Changes in parameters within a high-
dimensional condition space can profoundly alter the reactions
occurring within the combustion system, highlighting the critical
importance of digital twin systems.

By comparing the reconstruction results from U and S, it is clear 
that introducing contrastive learning for feature fusion does not 
adversely affect the error rates of multi-field reconstruction, com-
pared to directly merging information from both sources. Both 
strategies exhibit comparable reconstruction capabilities on the 
current dataset. With contrastive learning, the model acquires
the ability to reconstruct fields from single modal inputs without
significant loss in precision, highlighting the robustness of the fea-
ture fusion approach. Although our numerical comparisons indi-
cate that a configuration without contrastive learning (Setting-2)
ary air ratios Grate velocities (m s −1)

2, 0.32, 0.24, 0.14, 0.08] [0.0072, 0.0072, 0.0072, 0.0072]
0, 0.18, 0.28, 0.28, 0.18] [0.0072, 0.0072, 0.0062, 0.0062]
0, 0.32, 0.20, 0.18, 0.10] [0.0032, 0.0032, 0.0032, 0.0032]
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Fig. 5. Visualization of the k-means clustering (nclusters = 4) of latent features 
generated by the projection heads: (a) without contrastive loss; (b) with contrastive 
loss. Setting-1: features generated from conditional vector U; Setting-2: features 
generated from temperature measurement points S. When trained with contrastive
learning loss in (b), the features from both input types exhibit nearly identical
clustering in the latent space, indicating a successful alignment of different input
types.
achieves slightly lower MSE in some cases, it is important to note 
that the contrastive learning framework is designed primarily to 
improve the model’s adaptability. This adaptability is crucial for 
scenarios where only single-modal inputs are available. For 
instance, settings using single-modal inputs without contrastive 
learning (Settings-5 and -6) yield reconstruction accuracies close
to the multi-modal case but do not offer the same flexibility. In
real-world digital twin systems, the ability to operate under vary-
ing data availability conditions is critical, ensuring that the model
maintains stable performance in diverse operational scenarios.

The feature fusion framework demonstrated in this study has 
the potential for scalability. It can incorporate additional types of 
data, such as from more diverse measurement points or flame ima-
gery, to construct a more versatile and flexible digital twin system.
We also include a comparison with proper orthogonal decomposi-
tion (POD) on 2D data (Fig. S5 and Table S6 in Appendix A), where 
POD is shown to have significantly lower accuracy. The perfor-
mance improvements observed with MFRNet underscore the 
advantages of the deep learning framework, particularly in effec-
tively integrating diverse data modalities, which is challenging to
implement using conventional methods. In subsequent chapters,
we will explore the generalizability of our model, specifically the
2D MFRNet, using only the conditional vector U as input.

3.2. Dimension expansion

When constructing tailored digital twin systems for diverse 
combustion systems with varying structures, operational scenar-
ios, and loads, the capability for dimension expansion becomes 
critically important. Dimension expansion allows models pre-
trained on low-cost, low-precision 2D databases to achieve high-
precision multi-field reconstructions on smaller 3D databases. This
capability significantly reduces the reliance on high-precision data
Table 2 
The mean squared errors of multi-field reconstruction in the test set of the 2D dataset, w

Setting Temperature Pressure x-velocity y-velocit

Setting-1 9.70 × 10−4 7.24 × 10−5 2.55 × 10−5 2.92 × 10
Setting-2 9.66 × 10−4 6.28 × 10−5 2.82 × 10−5 2.81 × 10
Setting-3 9.38 × 10−4 7.37 × 10−5 2.87 × 10−5 3.89 × 10
Setting-4 1.02 × 10−3 7.89 × 10−5 2.76 × 10−5 3.49 × 10
Setting-5 1.15 × 10−3 7.01 × 10−5 2.58 × 10−5 3.98 × 10
Setting-6 9.53 × 10−4 6.72 × 10−5 2.46 × 10−5 3.10 × 10

Setting-1: joint input of U and S with contrastive learning loss; Setting-2: joint input of U
contrastive learning loss; Setting-4: only input of S after trained with contrastive learnin
input trained on input of S; M: the mass fraction of species.
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while effectively reconstructing system states in high-dimensional 
condition spaces. As mentioned earlier, our constructed 2D dataset 
comprises 288 operating conditions, while the 3D dataset contains 
48 conditions. Considering that the computational time cost for a 
single 3D case CFD calculation is approximately 35 times that of
a 2D simulation, it is evident that building the 2D dataset requires
significantly fewer computational resources than the 3D dataset
while covering more data points across the condition space.

Fig. 7 contrasts the training losses of the MFRNet model when 
directly trained on a 3D database against those obtained from a
pre-trained 2D MFRNet followed by dimension expansion training.
Specifically, Fig. 7(a) illustrates the learning curve when using the
complete 3D dataset. In Fig. 7(b), we further demonstrate the range 
of test errors for both approach es using varying numbers of 3D
cases in the training set. Table 3 further details the comparative 
reconstruction errors in the 3D multi-field tests for both training
modalities.

During the training process, models that undergo dimension 
expansion on a pre-trained 2D MFRNet exhibit rapid convergence 
of both training and testing errors, maintaining very close levels 
between them. In contrast, direct training using the MFRNet archi-
tecture on a smaller 3D dataset results in a slower reduction in
training loss, with a clear divergence between training and testing
errors. This observation indicates that the dimension expansion
training framework can more effectively capture additional fea-
tures in small datasets and prevent overfitting, thereby signifi-
cantly enhancing model accuracy. The results in Fig. 7(b) reveal 
that although the multi-field reconstruction test errors decrease 
with increasing dataset size for both approaches (with and without 
2D pre-training), there is a substantial difference in their error 
ranges. Even with just 15 cases in the training set, the average test 
error achieved through 2D pre-training and dimension expansion 
reaches 0.01748, which significantly outperforms the reconstruc-
tion neural network directly trained with 40 3D cases. Notably, 
given that 3D data generation is approximately 35 times more 
expensive per case, generating the 2D dataset (288 cases) takes 
only roughly 30% of the computational cost of generating the 3D 
dataset, while the accuracy is greatly improved. This strongly 
demonstrates the effectiveness of the dimension expansion strat-
egy in combining 2D and 3D datasets, enabling a substantial reduc-
tion in data requirements for training digital twin models while
maintaining accuracy. From the perspective of reconstruction
errors across various physical fields, it is evident that a small 3D
dataset alone, with its extensive parameter space, is insufficient
for training effective digital twin models capable of multi-field
reconstruction. However, if MFRNet has already thoroughly
explored the condition space on a 2D dataset and performed initial
feature extraction, the 3D reconstruction task can be simplified to
learning z-directional non-uniformities and overall accuracy
refinement. For example, in the test dataset, models trained
directly on the 3D data exhibit an average MSE of 4.28 × 10−3 for
the temperature field, which is too high for downstream applica-
ith all quantities normalized to the range [0, 1].

y MO2 MCO2 MH2O MCO 

−5 1.20 × 10−3 1.34 × 10−3 7.35 × 10−4 1.21 × 10 −3
−5 1.09 × 10−3 1.15 × 10−3 7.64 × 10−4 1.33 × 10 −3
−5 1.31 × 10−3 1.44 × 10−3 7.88 × 10−4 1.40 × 10 −3
−5 1.28 × 10−3 1.29 × 10−3 8.66 × 10−4 1.43 × 10 −3
−5 1.42 × 10−3 1.59 × 10−3 8.20 × 10−4 1.62 × 10 −3
−5 1.33 × 10−3 1.51 × 10−3 8.76 × 10−4 1.20 × 10 −3

 and S without contrastive learning loss; Setting-3: only input of U after trained with 
g loss; Setting-5: single-modal input trained on input of U; Setting-6: single-modal
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Fig. 6. Visualization of the 2D multi-field reconstruction trained with contrastive learning loss. The outputs from using only input of U and S are compared with the ground 
truth. The three cases show significant differences in combustion modes, reflecting the variability of flame behavior in high dimensional condition space. By introducing
contrastive learning, the model achieves similar reconstruction accuracy with partial input information.
tions and may fail to capture essential flame distribution charac-
teristics. On the other hand, models undergoing dimension expan-
sion based on a 2D MFRNet achieve an average temperature field
MSE of 1.14 × 10−3, approaching the precision level of multi-field
reconstructions on larger 2D datasets.

Given that the 3D dataset contains only approximately 15 % of 
the total cases in the 2D dataset, this result underscores the prac-
tical significance of dimension expansion in building effective and
206
precise digital twin systems. It is acknowledged that comparisons 
between using a pre-trained network and a model trained from 
scratch involve trade-offs. In practical industrial applications, 
pre-training is typically conducted as a one-time investment, with 
its cost amortized over multiple uses. Although summing the num-
ber of epochs for pre-training and fine-tuning would shift the
training curves, our results are presented to illustrate final perfor-
mance improvement and computational efficiency. We emphasize
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Fig. 7. Comparison of the losses in the 3D reconstruction training process between with and without pre-trained 2D reconstruction net. (a) The learning curves of 
reconstruction on the complete 3D dataset; (b) the total reconstruction MSE losses on the test set when trained on different numbers of 3D cases in the training set.

Table 3 
The MSE of multi-field reconstruction in the test set of 3D dataset.

Setting Temperature Pressure x-velocity y-velocity O2 CO2 H2 

Setting-7 1.14 × 10−3 2.12 × 10−4 7.28 × 10−5 6.81 × 10−5 2.87 × 10−3 2.65 × 10−3 8.65 × 10−4 1.48 × 10 −3

Setting-8 4.28 × 10−3 5.50 × 10−5 1.50 × 10−4 1.21 × 10−4 5.99 × 10−3 7.53 × 10−3 1.63 × 10−3 3.03 × 10 −3

Setting-7: dimension expansion on pre-trained 2D MFRNet; Setting-8: direct training MFRNet on 3D dataset.
that the comparisons are designed to reflect realistic conditions 
where data availability, network architectures, and training strate-
gies vary.

Fig. 8 further showcases a side-view visualization of the 3D 
multi-field reconstruction from Case 1 to 3. In addition, Fig. 9 pre-
sents a top-view of three physical fields for Case 1, including tem-
perature, CO, and O2. The results for Cases 2 and 3 are provided in
Figs. S1 and S2 in Appendix A. Compared to the 2D multi-field dis-
tributions of Cases 1 to 3 presented in the previous sections, the 
high-fidelity results obtained from 3D simulations show significant 
differences. On the one hand, in the xy-plane (i.e., the longitudinal 
cross-section), the 3D structure of the flow channel induces 
changes in the local flow field and mixing behavior. For instance, 
in the 2D simulation of Case 3, the mixing and burnout rate of
CO were evidently overestimated, resulting in a relatively uniform
temperature distribution. However, the 3D simulation reveals a
more pronounced diffusion flame pattern. On the other hand, due
to wall effects, noticeable non-uniformity is observed in the z-
direction. These findings indicate that both dimension expansion
and accuracy refinement must be considered when performing
3D multi-field reconstructions.

We compare the results of dimension expansion based on the 
2D MFRNet with those obtained directly from training on the 3D
dataset. In the side view presented in Fig. 8, the model trained with 
dimension expansion accurately reconstructs the key patterns in 
various physical fields. For instance, in the temperature field, crit-
ical features such as the ignition point, high temperature zones,
and low temperature regions are faithfully replicated. From the
top view in Fig. 9, the outputs of the dimension expansion training 
exhibit a faithful reproduction of the z-directional non-uniformity 
in temperature and component concentration distributions. The
magnitudes and shapes of the patterns are both accurately and
finely represented, indicating a successful reconstruction.

In contrast, the MFRNet trained directly on the 3D dataset does 
not achieve satisfactory reconstruction results, with significant
quantitative errors across the physical fields. The visualization
207
results highlight its inability to accurately reconstruct various 
physical quantities in 3D. For example, in the temperature field, 
there is a significant misalignme nt in the positioning of the flame,
while the distributions and magnitudes of components like O2 and
CO show notable discrepancies.

This comparison underscores the effectiveness of dimension 
expansion from a 2D pre-trained model in enhancing the precision 
and accuracy of 3D reconstructions, particularly when dealing with 
smaller datasets that inherently lack extensive variability in high-
dimensional spaces. Meanwhile, considering the computational 
cost, the generation of high-fidelity 3D CFD simulations requires 
approximately 48–56 h per case on a 64-core AMD Ryzen Thread-
ripper 3970X central processing unit (CPU). In comparison, our 
MFRNet can be trained on a single RTX A6000 graphics processing 
unit (GPU) in about 2–3 h for the 2D reconstruction part and an
additional 3–5 h for the 3D dimension and variable extension com-
ponents. This represents a significant reduction in computational
cost when contrasted with conventional CFD methods. Moreover,
even compared with alternative machine learning approaches,
our method yields substantial efficiency gains, particularly given
the challenge posed by the irregular geometry of the computa-
tional domain, where traditional CNN-based architectures often
struggle.

3.3. Variable e xtension

Variable extension is another critical capability for multi-
physics systems. Its core concept lies in leveraging the intrinsic 
coupling and correlations within multi-physics systems to 
dynamically integrate learned features of existing physical fields. 
This enables the model to infer the distribution of new physical 
variables, even with smaller datasets. This capability has wide
applications, especially considering the varying computational
costs and requirements for different variables. For instance, when
generating low-fidelity datasets using numerical methods, simpli-
fying chemical reaction mechanisms or ignoring certain minor
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Fig. 8. Side-view visualization of the 3D multi-field reconstruction. The outputs from using dimension expansion with 2D net and direct training on 3D dataset without 2D
net are compared.
species is often necessary to accelerate the computation of source
terms [50]. 

In this study, we demonstrate the extension of a 2D combustion 
dataset to a 3D multi-field reconstruction, specifically focusing on 
the spatial distributions of NOx-related species, including the mass
fractions of NO, HCN, and NH3.

Fig. 10 compares the total losses of NOx prediction using two 
approaches: direct training on the 3D database with MFRNet and
variable extension training based on a pre-trained 2D MFRNet.
Additionally, Table 4 provides detailed reconstruction errors for 
NOx-related variables in the 3D test set under both training modes.
208
Notably, when applying variable extension after training on the 
combustion dataset, the initial loss during the training process is 
much lower, and the loss decreases significantly faster. In contrast, 
directly learning the distributions of NOx-related variables from 
the smaller 3D dataset results in slower convergence and substan-
tially higher test errors. Quantitatively, for NO, HCN, and NH3, the
test errors under the variable extension setting are nearly an order
of magnitude lower than those from direct training. This highlights
the importance of feature fusion in complex multi-field reconstruc-
tion tasks, particularly when considering the coupling relation-
ships between different physical fields.
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Fig. 9. Top-view visualization of the 3D multi-field reconstruction of Case 1. The outputs from using dimension expansion with pre-trained 2D reconstruction net and direct
training on 3D dataset without 2D net are compared.

Fig. 10. Comparison of the losses in the 3D reconstruction training process of NOx-
related species between with and without pre-trained 2D reconstruction net.
Fig. 11 visualizes the side-view reconstruction of 3D NOx-
related fields for Case 1. Results for Cases 2 and 3 are provided in
Figs. S3 and S4 in Appendix A. The comparison includes results 
from variable extension based on 2D MFRNet and direct training 
on the 3D dataset. Unlike the 3D dimension expansion discussed 
in the previous section for combustion-related physical fields, the 
NOx-related variables were not pre-learned in the 2D dataset. Thus, 
this task involves not only accuracy refinement in the z-direction
but also learning the overall distribution characteristics of these
variables from the small dataset. After applying variable extension
based on the 2D MFRNet, the fundamental spatial distribution fea-
tures of NO, HCN, and NH3 are still well captured.

However, due to the limited size of the dataset and the higher 
demands of 3D reconstruction, certain local regions are not fully
captured. For example, as shown in Fig. 11, the high-
concentration distribution of NO at the rear of the grate and the 
localized peak of NH3 at the middle of the grate are not perfectly 
reconstructed. Nevertheless, it is important to emphasize that the
performance of variable extension remains significantly better
than direct training on the 3D dataset. Without prior feature
209
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Table 4 
The mean squared errors of NOx-related species reconstruction in the test set of 3D 
dataset. Setting-9: Variable extension on pre-trained 2D reconstruction net and 3D
dataset; Setting-10: Direct training the reconstruction net on 3D dataset.

Setting NO HCN NH3 

Setting-9 3.84 × 10−3 2.04 × 10−3 7.82 × 10 −4

Setting-10 1.27 × 10−2 4.34 × 10−3 9.98 × 10 −3
fusion, the distribution regions and numerical ranges of related 
variables are more prone to distortion during the learning process. 
It is also worth noting that generalization to extreme or unseen 
operational conditions is an important consideration in future 
works. Extrapolation to conditions far outside this range represents
a challenging open question in machine learning. Our framework is
designed to accommodate continual learning, allowing for progres-
sive expansion of the training dataset and further improvements in
generalization over time.

3.4. Scalar prediction

In the preceding sections, we demonstrated how dimension 
expansion and variable extension enable multi-field reconstruction
on smaller high-fidelity 3D datasets. Beyond reconstruction tasks,
Fig. 11. Side-view visualization of NOx-related species reconstruction of Case 1. The outp
3D dataset without 2D reconstruction net are compared.
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scalar prediction is also a critical core module of a digital twin. 
These scalars represent global properties of combustion devices, 
such as combustion efficiency and pollutant emission indices. 
Establishi ng the response surface between input conditions and
these scalars is a prerequisite for automating control and opera-
tional optimization in many industrial combustion systems [51]. 
However, the accuracy of scalar prediction is significantly influ-
enced by dataset size. Reliable scalar values often require data 
derived from high-fidelity simulations, whereas those obtained 
from low-fidelity datasets tend to exhibit substantial biases that
can hinder downstream tasks. In this section, we will further
demonstrate that the detailed reconstruction of multiple physical
fields in Section 3.1 not only validates the network’s ability to cap-
ture high-fidelity spatial distributions but also extracts rich latent 
features that encapsulate the underlying combustion dynamics. 
These latent representations can be subsequently leveraged for 
direct prediction of key outlet scalars. This two-stage approach
reduces the computational burden compared to full-field post-
processing while still leveraging information from the reconstruc-
tion task.

In this study, we focus on predicting two scalars at the furnace 
outlet: the mass fraction of CO and the standardized NO concentra-
tion (mg Nm−3, converted to values under 6% oxygen concentra-
uts from using variable extension with 2D reconstruction net and direct training on
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tion). The CO mass fraction reflects the gas-phase burnout effi-
ciency, while NO concentration is a key pollutant that needs to 
be tightly controlled. Notably, the 3D dataset provides limited data 
points for these scalars. For CO, we leverage 2D data for learning
and subsequent correction, while the NO emission values are pre-
dicted based on the dynamic characteristics of various combustion
fields. Fig. 12 illustrates the relationship between the predicted 
scalar values and the ground truth, including CO on the 2D dataset, 
CO on the 3D dataset, and NO on the 3D dataset. We compared the 
performance of scalar prediction using the MFRNet-based method 
with that obtained by directly training an MLP. Overall, by utilizing 
the intermediate features extracted from MFRNet trained on the 
multi-field reconstruction task, scalar prediction achieves signifi-
cantly higher accuracy than direct scalar prediction using MLP 
under the same network structure and dataset size. The MFRNet
further incorporates a trainable feature fusion layer for integrating
latent features derived during the multi-field reconstruction phase.
Although this results in a slightly larger model capacity compared
to the direct MLP method, our experimental results demonstrate
that this additional capacity is not the sole factor driving perfor-
mance improvements. We performed additional testing with
enlarged MLPs (Table S7 in Appendix A), confirmed that a mere 
increase in parameter count does not lead to appreciable gains in 
accuracy or generalizability. Instead, the effectiveness of the 
MFRNet is largely due to the improved feature fusion. This
enhanced latent representation offers a compelling advantage in
digital twin applications.

For the CO concentration at the outlet on both 2D and 3D data-
sets, the values vary by several orders of magnitude under different 
operating conditions. When using MLP for direct prediction, signif-
icant biases are observed, particularly in the low- and medium-
concentration regions. In contrast, when leveraging models pre-
trained on multi-field reconstruction tasks for 2D and 3D datasets
and dynamically fusing their intermediate features via an attention
mechanism, the predictions achieve excellent agreement with the
ground truth, with R2 values reaching 0.9955 on both datasets. For
Fig. 12. Results of scalar prediction, including the mass fraction of CO (both from 2D and 
prediction is compared between leveraging the pre-trained reconstruction modules of M
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NO emission prediction, the error associated with MLP is much lar-
ger. When using directly the condition vector U as input for MLP to 
predict outlet NO concentration, the R2 value is only 0.738, indicat-
ing low reliability and large deviations from the results. However, 
by combining the intermediate features of 3D MFRNet, the R2 value
for NO prediction improves significantly to 0.980. This highlights
the interdependence between different physical fields and the
necessity of multi-level data fusion for effective feature extraction.

In summary, this section reveals a crucial finding: reconstruc-
tion tasks and scalar prediction tasks can be integrated within a 
single framework through feature fusion strategies. By training 
on multi-field reconstruction across multiple physical fields, the
resulting intermediate features can effectively enable high-
accuracy scalar prediction on small datasets. This has significant
implications for automated control and optimization tasks in
industrial applications [52]. 
3.5. Multi-objective optimization

After establishing the response surface, we can proceed to 
multi-objective optimization, which is a crucial functionality for 
the practical application of the digital twin model. The multi-
objective optimization task involves identifying a set of operational 
parameters U for a given capacity ratio that simultaneously control
both CO and NO emission levels. This task has general applicability
to various combustion systems and addresses a pressing issue in
real-world applications: how to rapidly adjust combustion modes
under fluctuating load conditions to achieve optimal combustion
states [53]. Fig. 13 presents the Pareto front graphs obtained 
through the optimization process for different CR values. We 
selected three representative capacity ratios, including 0.75, 1.00, 
and 1.25, which correspond to low-load, design-load, and overload
operating conditions, respectively. From the results, it is evident
that a conflict exists between the objective functions at each capac-
ity ratio.
3D datasets) and NO emission level (mg Nm−3 ) at the furnace outlet. The accuracy of
FRNet, and direct MLP training.
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Fig. 13. Pareto points graph by the optimization process of different CR values.
Specifically, achieving optimal burnout efficiency requires suffi-
cient oxygen supply and effective mixing. However, this often 
leads to local over-oxygenation and overheating, significantly 
increasing NO emissions. Conversely, suppressing NO formation
may lead to incomplete combustion, resulting in higher CO emis-
sions and reduced combustion efficiency.

Table 5 further summarizes the optimal operating conditions 
obtained through Pareto optimization for the three capacity ratios, 
along with the predicted CO and NO emission levels based on the 
MFRNet-derived response surface. In addition, we provide predic-
tions from directly trained MLP-based response surfaces as well
as validation results obtained through CFD simulations. The perfor-
mance of directly trained MLP-based response surfaces, as pre-
sented in Section 3.4, represent the capability of data-driven 
system control solely relying on the small high-fidelity dataset. 
In multi-parameter optimization problems, the predictive accuracy 
of the response surface model is paramount. If the model cannot
reliably characterize the burnout and emission profiles of the sys-
tem under specific operating conditions, meaningful optimization
becomes fundamentally unfeasible.

Taking CR = 1.0 as an example, the optimized operating condi-
tion suggests an equivalence ratio of 1.0, a delayed air distribution
strategy, and a relatively low grate speed. This method aligns well
with findings from recent studies [45], which indicate that for 
grate-fired boilers, combining delayed air distribution with a thick 
fuel bed can effectively control NOx emissions while maintaining
burnout efficiency. Remarkably, this operating strategy was identi-
fied solely through the data-driven response surface in this study.

Furthermore, the MFRNet-based response surface demonstrates 
high accuracy in predicting CO and NO emissions, particularly 
when compared to directly trained MLP-based response surfaces. 
For instance, at CR = 1.0, the relative errors of the MFRNet-based 
predictions for CO and NO emissions are 2.82 % and 8.89 %, respec-
tively, while the directly trained MLP-based response surfaces
yield relative errors of 34.22 % and 31.44 %, respectively. These
Table 5 
Optimized condition vector and the predicted results by Pareto optimization using MFRN

CR Optimized condition vector

0.75 [0.75, 1.05,0.137, 0.141, 0.317, 0.299, 0.106, 0.0045, 0.0038, 0.0038, 0.0041
1.00 [1.0, 1.105, 0.085, 0.128, 0.288, 0.300, 0.199, 0.0041, 0.0041, 0.0039, 0.0039
1.25 [1.25, 0.975, 0.107, 0.086, 0.274, 0.291, 0.242, 0.0037, 0.0044, 0.0037, 0.003
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results demonstrate that the MFRNet model accurately predicts 
combustion and pollutant distributions under various optimized 
condition s, offering valuable insights into the implementation
details of each target operating condition.

It is worth noting that this study uses CO and NO as represen-
tative indicators to demonstrate how multi-objective optimization 
can be performed based on the MFRNet-derived response surface. 
While these metrics provide valuable insights, other performance 
measures, such as thermal efficiency and unburned carbon loss, 
are also important for a complete assessment of industrial combus-
tion systems. Due to current data limitations and the focus of our 
study, these additional metrics were not incorporated into our
optimization framework. Nonetheless, they represent promising
directions for future research aimed at broadening the industrial
relevance of digital twin applications. In practical applications,
the optimization objectives can be further expanded to include
these metrics. The key takeaway is that the MFRNet-based frame-
work provides a robust foundation for flexible and extensible opti-
mization tailored to specific needs.
4. Conclusi ons

In this study, we developed a digital twin framework based on 
the MFRNet, which effectively integrates data of different fidelities 
for hierarchical feature extraction and accuracy refinement. The 
framework combines reconstruction and optimization tasks into
a unified workflow, providing a novel paradigm for data-driven
intelligent operation of complex combustion devices. The key con-
clusions are as follows.

(1) When facing a complex condition space, pre-learning on a 
low-dimensional approximate dataset and subsequently expand-
ing dimensions enables multi-field reconstruction on minimal 3D
high-fidelity data, resulting in significant accuracy improvements
compared to direct training on a smaller 3D dataset.
et-based response surfaces under different CR.

CFD simulation MFRNet-based 
response surfaces

Direct training MLP

CO NO CO NO CO NO 

] 0.6275 104.36 0.4982 112.87 0.7980 64.85 
] 0.4237 207.27 0.4117 178.85 0.6687 122.09 
8] 0.8211 212.85 0.5827 228.92 1.155 145.43 
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(2) Variables not simulated in the 2D low-fidelity dataset can be 
learned with considerable accuracy on a smaller 3D dataset by 
dynamically integrating features obtained from the reconstruction 
process of learned variables. The MSE is an order of magnitude
lower than with direct training, reflecting the inherent coupling
of flow, heat transfer, and reactions in complex combustion
systems.

(3) Reconstruction and scalar prediction tasks can be integrated 
into a unified framework using feature fusion. By dynamically inte-
grating features corresponding to different operating conditions 
from pre-trained reconstructi on models through an attention
mechanism, a response surface with remarkable accuracy and gen-
eralization performance can be obtained using a small high-fidelity
dataset.

(4) By establishing response surfaces for multiple key objective 
values, such as burnout efficiency and NOx emissions, the model 
can perform multi-objective optimization, quickly identifying opti-
mal operating conditions in high-dimensional condition spaces.
Moreover, the digital twin reconstruction module can rapidly
reconstruct multiple fields, providing a comprehensive evaluation
of the combustor under target conditions.

In summary, this work addresses the data barrier for customiz-
ing data-driven digital twins for diverse industrial-scale combus-
tion facilities. By integrating low- and high-fidelity datasets, we
can achieve high-precision 3D multi-field reconstruction, scalar
prediction, and multi-objective optimization with minimal cost.
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