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Abstract

Reducing energy consumption and carbon emissions in data
centers by enabling real-time temperature prediction is crit-
ical for sustainability and operational efficiency. Achieving
this requires accurate modeling of the 3D temperature field
to capture airflow dynamics and thermal interactions un-
der varying operating conditions. Traditional thermal CFD
solvers, while accurate, are computationally expensive and
require expert-crafted meshes and boundary conditions, mak-
ing them impractical for real-time use. To address these limi-
tations, we develop a vision-based surrogate modeling frame-
work that operates directly on a 3D voxelized representation
of the data center, incorporating server workloads, fan speeds,
and HVAC temperature set points. We evaluate multiple ar-
chitectures, including 3D CNN U-Net variants, a 3D Fourier
Neural Operator, and 3D vision transformers, to map these
thermal inputs to high-fidelity heat maps. Our results show
that the surrogate models generalize across data center con-
figurations and significantly speed up computations by an or-
der of 20,000, from hours to hundreds of milliseconds. This
fast and accurate estimation of hot spots and temperature dis-
tribution enables real-time cooling control and workload re-
distribution, leading to substantial energy savings (7%) and
reduced carbon footprint.

Introduction

Machine learning (ML) surrogate models have become
efficient alternatives to conventional computational tech-
niques. These surrogate models learn from data and de-
liver quick and effective results by simplifying complex,
resource-intensive simulations. A key application area has
been substituting the computationally intensive heat flow
models typically derived from Computational Fluid Dy-
namics (CFD) simulations in data center operations. Tradi-
tional CFD solvers, though accurate, require expert-crafted
meshes, boundary condition tuning, and domain expertise,
making them impractical for real-time decision support.

The complexity and scale of data centers, which house
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a range of computing devices, including servers, network
equipment, and advanced cooling systems, make them chal-
lenging to model. Traditioal CFD simulations in this domain
often take several days or weeks to complete. This long du-
ration conflicts with the real-time decision-making needs of
data centers, where quick actions improve energy efficiency,
performance, and environmental impact.

This paper introduces a novel thermal data modeling ap-
proach for building accurate CFD surrogates for data cen-
ters (CFDDC). The proposed approach operates directly
on a voxelized representation that captures a data center’s
complex three-dimensional geometry of heat sources, cool-
ing system components, power consumption, and airflow. It
helps pinpoint hot spots and analyze temperature distribu-
tions, achieving several orders of magnitude speed-up com-
pared to CFD approaches while maintaining high accuracy.
The goal is to equip data centers with a tool for faster opti-
mization of workload distribution, cooling adjustment, and
server placement, with an emphasis on energy efficiency and
sustainability.

While we leverage established architectures such as 3D
U-Net, Swin UNETR and Fourier Neural Operator (FNO),
our novel contribution lies in the unique design of the input
data channels, that are adapted to encode thermal dynamics,
allowing the model to efficiently predict temperature distri-
butions.

The main contributions of this research are:

* We propose a fast CFD surrogate for the thermal mod-
eling of data centers to predict hot spots. The approach
scales well with the size of the data centers and enables
downstream optimization tasks that contribute to sustain-
ability.

We introduce a novel 3D thermal modeling technique,
where the input channels represent the thermal attributes
like heat sources, flows, vents, and controls while the out-
put represents temperature in 3D space. This modeling
works both for 3D CNN architectures like U-Net vari-
ants, 3D FNOs and 3D vision transformers, establishing
its robustness. To the best of our knowledge, this is the
first approach for this application.
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Figure 1: Novel input channels of the 3D Vision model for CFD surrogate.

The following sections detail our approach, its implemen-
tation, and its impact on sustainable data center operations.

Background and Related Work

As data centers aim for energy efficiency, ML surrogates
are increasingly used to replace CFD simulations. These
data-driven models are preferred over CFD simulations for
the speed of execution, enabling optimization of data cen-
ters with varying configurations and adjustments to work-
loads, racks, IT equipment, Computer Room Air Condition-
ing (CRAC) unit locations, cold aisle containment, etc.

For DC server thermal performance analysis, (Ilager, Ra-
mamohanarao, and Buyya 2020) experimented with XG-
Boost, Linear Regression, and a fully connected network,
finding XGBoost yielded the best results. (Lin et al. 2022)
employed six machine learning algorithms: SVR, GPR, XG-
Boost, LightGBM, ANN, and LSTM for similar problems.
XGBoost and LightGBM outperformed the others. In (Mo-
rozova et al. 2022; Jin et al. 2023; Athavale, Yoda, and Joshi
2019) surrogate models were developed using ANN, SVR,
GBR, and GPR and reduced order approaches to predict
steady state fluid variables with varying configurations and
boundary conditions in a ventilated room. Most of these ap-
proaches are restricted to 1D time series modeling, while we
are interested in 3D steady state thermal models. In (Asgari
et al. 2021) a hybrid model was designed to predict the tran-
sient thermal behavior of server CPUs and the cold cham-
ber in a modular DC with a row-based cooling architecture.
These approaches have focused exclusively on estimating
temperature at a single point in space over time. In this re-
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gard, over the last few years, several novel ML techniques
have been created that focus on solving differential equa-
tions by mapping them directly to the solution space using
neural networks (Li et al. 2020; Xiao et al. 2023; Guo, Li,
and Iorio 2016). They are orders of magnitude faster than
solving Partial Differential Equations (PDEs) using CFD ap-
proaches. This work focuses on 3D steady-state temperature
heatmaps rather than flow variables.

Recent advances in surrogate modeling for computa-
tional fluid dynamics (CFD) have highlighted the limitations
of conventional deep learning architectures in efficiently
capturing global dependencies within volumetric data for
thermal prediction tasks. Traditional convolutional models,
while effective at learning local spatial relationships, often
struggle with generalization to new configurations and re-
quire extensive retraining to handle changes in boundary
conditions or physical parameters (Li et al. 2020; Xiao et al.
2023).

The Fourier Neural Operator (FNO) addresses these
challenges by parameterizing solution spaces in the Fourier
domain, thereby learning mappings between infinite-
dimensional function spaces associated with PDE solutions.
This approach enables global receptive fields and rapid in-
ference, making it particularly well-suited for real-time pre-
diction scenarios in large-scale data center thermal model-
ing (Li et al. 2020; Guibas et al. 2021). The use of spectral
learning allows the FNO to capture long-range spatial cor-
relations and complex physical interactions, providing su-
perior performance, resolution invariance, and faster con-
vergence compared to traditional neural network architec-



tures (Li et al. 2020; Peng et al. 2024).

The primary motivation for employing FNO in our CFD
surrogate framework is its proven ability to achieve state-
of-the-art accuracy and generalization, while offering up to
three orders of magnitude speedup for typical physical sim-
ulations (Li et al. 2020, 2025). This empowers data centers
with tools for rapid optimization and adaptive control, di-
rectly supporting sustainability and energy efficiency objec-
tives.

In our work, we leveraged state-of-the-art 3D CNNs and
a 3D FNO for surrogate model design, since CFD tools
produce volumetric 3D images of thermal flow. We gath-
ered training data through appropriate sampling across all
input space dimensions using 6SigmaDCX (6SigmaDCX
— Future Facilities 2023). We selected various 3D CNN
models for training, such as U-Net (Ronneberger, Fischer,
and Brox 2015), Residual-UNet (Lee et al. 2017), UNet++
(Zhou et al. 2019), Residual-UNetSE (Toubal, Duan, and
Yang 2020), Swin UNETR (Hatamizadeh et al. 2022) and
we also included a 3D FNO to efficiently capture non-local
spatial correlations in the temperature field (Li et al. 2020).
Our data processing approach coupled with these models in-
dicate that the thermal surrogates achieve high prediction ac-
curacy, making them suitable alternatives to CFD tools.

Methodology

In our novel design for input channels, the three channels
encode the three distinct thermodynamic attributes. The first
channel encodes the normalized volumes for heat sources
(heat generators). The second channel encodes the flow rates
at the 2D (single voxel height) slices for the intake and out-
take vents and the vent from the AC unit to the pressurized
underfloor of data centers (heat sinks). The third channel en-
codes the AC unit control as temperature set point(s) with
appropriate location distribution in the 3D data center space
(heat sinks). The modeling of these three channels is vital to
enable the 3D CNN to estimate the temperature heat map.

Data Center Models

We used 6SigmaDCX (6SigmaDCX — Future Facilities
2023) to design detailed models of data centers in various
configurations (Figure 2). Each cabinet consists of three seg-
ments (splits) with four HPE DL380 servers (see Figure 1).

CFD Data Acquisition

To generate the dataset required for our study, we employed
the structured sampling methodology known as Latin Hy-
percube Sampling (LHS) (McKay, Beckman, and Conover
1979). The group of servers (splits) can have three possible
workload utilization levels: 25%, representing low demand;
60%, representing medium demand; and 90%, representing
high demand. By employing this sampling strategy, we en-
sured the generation of a robust and diverse dataset, captur-
ing not only typical operational scenarios but also conditions
indicative of stress or imbalance, leading to temperature dif-
ferentials and hotspots at a high sample efficiency. These
percentages can be changed with alternate workload distri-
bution strategies.
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During the data collection phase, close to 10000 CFD
samples were generated across various data center config-
urations, with simulation times ranging from 11 minutes for
simpler setups to 35 minutes for the most complex/biggest
ones. Figure 3 outlines these configurations, including sim-
ulation times and the split (train or test). Seven unique con-
figurations were created for training, spanning a spectrum of
sizes to help the model learn to generalize heat flow patterns
to larger and more diverse data center environments.

We want to highlight here that collecting data on dimen-
sions higher than 2 for complex PDE experiments, espe-
cially for a large data center, related to ML, has turned out
to be a difficult task in other domains too (See section 6 in
(Li et al. 2020).) and is still a work in progress in different
research projects.

The data acquisition process was automated using
6SigmaCommanderT M . Based on the above-sampled
workload and setpoints, we ran the CFDs. After the CFD
thermal simulation, we stored the cabinet/server/ACU spec-
ifications (input data, X) and the resulting 3D temperature
mesh (output data, Y') from the CFD solver.

3D Input Data Processing

The major innovation in our approach is not the structural
design of the neural networks but how we designed the in-
put data for thermal modeling. We preprocess our CFD-
generated data into structured 3D tensors that encapsulate
critical thermal attributes of data centers, thus enabling the
network to perform spatially and thermodynamically rele-
vant feature extraction more effectively.

The surrogate model takes a 3D voxel tensor as input,
which encodes the geometry and thermal metrics of a data
center. These metrics include power of IT components,
Computer Room Air Conditioning (CRAC) units set point,
and CRAC units fan speed, each occupying one channel of
the input. The power serves as a proxy for heat generators,
while the CRAC set point and fan speed are proxies for cool-
ing and airflow. The IT components represented include cab-
inets, cabinet equipment, CRAC and its components (sup-
plies and returns), and slotted grilles. In the voxel tensor,
each component is placed according to its exact 3D posi-
tion and geometry as defined in 6SigmaDCX: a coordi-
nate (X, y, 2), an orientation 6 € [0, 360), and dimensions
{w, h, d). Each component is a cuboid with width w, height
h, and depth d. The 6SigmaDCX axes are measured in me-
ters and must be quantized for a voxel grid. We select to use
approximately 6.6 voxels per meter, resulting in a quantized
room size of 128 x 32 x 128 voxels, in contrast to the origi-
nal room size of 25 x 4 x 25 meters. These give us a resolu-
tion of 15 cm per voxel. We elect to use these dimensions
as (1) they do not over-quantize (destroying information,
e.g., reducing the volume of a component to zero), (2) the
memory requirements and inference times are not excessive,
and (3) they are more compatible with the down- and up-
sampling dimensions of the 3D CNNs. For all channels, the
associated metric is volume-normalized, that is, a compo-
nent with a metric value of v is assigned to each of the vox-
els for that component as v/ (whd). Intuitively, this encodes
the concentration/dispersion of that metric; for instance, a
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Figure 3: Data centers configurations designed

large component will have heat spread over a larger area but
at a lower level than a small component with equal power
utilization. In summary, each channel contains the follow-
ing information and geometrically depicted in Figure 1. For
more detailed information on the rationale behind choosing
the 128 x 32 x 128 resolution, refer to the supplementary
document.

* Power: This channel encodes the volume-normalized
power utilization in kW of the servers, switches, and stor-
age arrays within each cabinet. The power is set to 0 kW
in all other voxels without components.

CRAC Set Point: This channel encodes the volume-
normalized and negated CRAC set point in Celsius (C)
of the CRAC supplies and slotted grilles, such that higher
values are cooler. The slotted grilles are included to indi-
cate the target temperature of cool air that is flowing from
the floor. The value is set to 0 in all other voxels without
components.

* CRAC Fan Speed: This channel encodes the volume-
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normalized CRAC fan speed as a percentage of the
CRAC supplies, CRAC returns, and slotted grilles. The
fan speed is set to 0% in all other voxels without compo-
nents.

These channels are concatenated to create each input ten-
sor x € RO&DxHxW where C is the number of chan-
nels (three in our case), D is the room depth (128 in our
case), H is the room height (32 in our case), and W is
the room width (128). We denote a set of input tensors as
X ={x1,...,xn} where N is the number of samples.

3D Output Data

The goal of the surrogate model is to predict a 3D heatmap
of the temperature of each voxel based on the input en-
coding a data center. Here, we describe the construction of
these ground truth heatmaps, each of which we denote as
atensor y € RMD<HxW We denote an element within
the output tensor Yy as yiik and a set of output tensors as
Y = {y1,...,yy}. Volumetric temperature heatmaps ac-

quired through 6SigmaDCX simulations are sparse and ir-

regularly sampled on all axes (see Figure 4). With 3D sur-
rogate modeling, we are performing dense volumetric re-
gression and, in turn, require dense ground truth targets to
learn from. To make this sparse heatmap dense, the near-
est interpolation is performed over a voxel grid. While lin-
ear and cubic interpolations can produce more realistic gra-
dients, these techniques are computationally intractable for
large 3D datasets when the sampled points are irregular and
unstructured. To improve the realism of the ground truth
heatmap interpolation, we use a Gaussian filter to smooth
the data with o = 0.5 and a radius of 40. Last, the heatmap
is truncated at the minimum and maximum temperatures of
20 °C and 70 °C, respectively. This affects less than 1% of
the data and is effective at removing anomalous simulation
values.

Data Preprocessing and Training

All data X inputted into the 3D surrogate model (f) has
z-score normalization to ensure each channel possesses a
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Figure 4: Heatmap for a simple data center configuration.
See Figure 8 for an example of the 2D slices of a dense
heatmap along the height dimension.

mean of zero and a standard deviation of one, which stan-
dardizes the data and facilitates model training. To improve
robustness and prevent overfitting, we apply data augmen-
tation (random 90° rotations, vertical and horizontal flips)
during epoch-wise shuffling. The initial learning rate was
set at 1 x 10-3, with a plateau-based learning rate sched-
uler employed to adjust this parameter in response to the
performance on the validation set, which comprises 10%
of the training data, guided by the smoothL1 loss met-
ric. Training was performed for the FNO model on a single
GPU with a batch size of 8, whereas all other models were
trained on 8 GPUs with the same per-GPU batch size which
yields an effective total batch size of 64. A weight decay of
1 x 10-8 was applied to regulate learning and mitigate over-
parameterization. The parameters of f are updated using the
Adam optimizer. We opt to use the smoothLl loss as given
by:
N,D,H,W

A 1
LY, Y)=""""" X

NDHW Lsmooth(y nijkk, Y 8 nyk)

. n,ijk=1
where Lsmoot 1S defined as

(rye

Lsmooth(y, yA) = (W;’ ’ lfly_ yl <‘B

ly-y'|-5, otherwise

and S3 (set to 1.0) is a hyperparameter. This loss is less sus-
ceptible to outliers than mean-squared-error (MSE) and can
mitigate exploding gradients in some cases (Girshick 2015).
We clip gradient updates such that the norm is less than one,
which also helps prevent exploding gradients.

We considered several 3D architectures to construct the
3D surrogate model to show the effectiveness of the data
modeling process for these architectures. Below, we list the
architectures considered with brief descriptions:

* 3D U-Net (C icck et al. 2016): An adaptation of U-
Net (Ronneberger, Fischer, and Brox 2015) designed for
3D data, such as volumetric data.
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Figure 5: 3D FNO training process for datacenter

3D Residual-UNet (Lee et al. 2017): Based on the
concept of residual learning, this architecture introduces
residual blocks into the 3D U-Net framework, enhancing
its ability to learn from volumetric data by enabling the
training of deeper networks.

3D U-Net++ (Zhou et al. 2019): A variant of the tradi-
tional U-Net architecture, UNet++ was first proposed for
medical image segmentation. In this variant, the encoder
and decoder sub-networks are connected through a se-
ries of nested, dense skip pathways aiming to reduce the
semantic gap between the feature maps.

3D Residual-UNetSE (Toubal, Duan, and Yang 2020):
Enhancing the 3D Residual-UNet model, this architec-
ture incorporates Squeeze and Excitation (SE) blocks.
These blocks re-calibrate channel-wise feature responses
by explicitly modeling interdependencies between chan-
nels, improving the model’s sensitivity to informative
features for high-resolution medical volume segmenta-
tion.

3D Swin UNETR (Hatamizadeh et al. 2022): A recent
variant of U-Net, “Swin UNETR”, addresses the lim-
itations of convolution-based architectures in modeling
long-range information by utilizing shifted windows for
computing self-attention.

3D Fourier Neural Operator The FNO framework is
a spectral neural architecture designed for solving para-
metric partial differential equations. Its core innovation

lies in the application of the Fast Fourier Transform
(FFT) within neural operator layers, facilitating efficient
and resolution-independent learning of mappings from
input conditions to PDE solution fields (Li et al. 2020;
Peng et al. 2024).

Formally, given an input function a(x) defined over do-
main Q, the FNO first lifts a(x) into a high-dimensional
latent space using a learned linear transformation:

vo(x) = P(a(x), (1
where P is a trainable projection operator. Subsequent
layers act globally via convolution in Fourier space:

V1) = FUR - F()) + Wdx), ()
where F and F-! denote the Fourier and inverse Fourier
transforms, R is a trainable Fourier-domain linear map,



and W is a learned nonlinear local transformation. This
architecture allows the FNO to efficiently capture non-

local dependencies and model highly nonlinear physical
dynamics.

Compared to conventional convolutional neural networks
(CNNs) or graph-based neural operators, FNOs demon-
strate superior resolution invariance, enabling zero-
shot super-resolution—i.e., models trained at lower dis-

cretization can generalize to higher-resolution data dur-

ing inference without retraining (Li et al. 2020; Peng

et al. 2024). The global receptive field and efficient
spectral mixing result in high accuracy for a range of
PDE-driven systems, including turbulent flow and ther-
mal propagation, at significantly reduced computational
cost (Li et al. 2025).

In this study, we implement a 3D Fourier Neural Opera-
tor (FNO) as part of a suite of surrogate architectures for
rapid volumetric prediction of temperature fields in data
centers. The FNO is supplied with structured 3D input
tensors, where each tensor encodes (i) normalized server
and IT component power (proxy for heat generation), (ii)
CRAC temperature setpoints, and (iii) CRAC fan speeds,
each mapped to the corresponding spatial locations on
the voxel grid. These inputs reflect the three critical di-
mensions of thermal dynamics within the facility and are
tailored to preserve spatial structure and physical rele-
vance across diverse center configurations. The output
of the FNO is a dense 3D temperature heatmap, interpo-
lated and smoothed from CFD simulations and represent-
ing the steady-state thermal profile at fine (15 cm) voxel
resolution. By training on a composite dataset generated
via Latin Hypercube Sampling of operational scenarios,
the FNO surrogate learns to accurately approximate CFD
outcomes

Experiments and Results

Setup

Experiments were run on 2x Intel Xeon Gold 6248 CPUs
(20 cores, 40 threads) and 8x Nvidia Tesla V100 GPUs.
FNO was trained on a single GPU (16 hours), while other
models were trained with all 8 GPUs (2 hours).

Evaluation Metrics

To evaluate the effectiveness of our approach, we consider
several metrics: inference time, mean-squared-error (MSE),
mean absolute error (AE), top-t AE, and 3D structural simi-
larity (SSIM). Top-t AE is especially useful for evaluating
how well our approach models hot-spots in data centers.
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Each metric is defined below.

N.DJEW 2
N .o — ~ .
MSE(Y, Y ) — gjmzk Yy mlk)_
nijk=1 NDHW
N.DREW 8
2 Lliniik -y niikl
Mean AE(YY,Y )=
can AL XO=  NDHW
L), K=
X X .
Top-tAE(Y,Y ) = | Yniik = Y nigrel
Nt

n=1 ijketop-t(n)

The function top-#(-) returns the 3D indices of the largest ¢
elements of its tensor argument, i.e., the hottest ¢ temper-
ature locations of a ground truth heatmap. In our evalua-
tion, we set t to 10% of the number of heatmap elements:
t=[DHW/10]. The inference time is taken as the time to
predict a single sample after the model and data are loaded
into GPU memory.

3D Surrogate Results
Test Set Loss Across Surrogate Models
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Figure 6: Evolution of the smooth L1 loss function on the
test set.
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Figure 7: Training time comparison across surrogate models.

Training Performance and Inference Speed Table 1 and
Figure 6 evaluate various surrogate models in terms of in-
ference time, error and structural similarity metrics. The
similarity in evaluation performance, evolution of the losses



Model Inf. Time(s)] MSE|] MeanAE (°C)| Top-tAE(°C)] 3DSSIM?
U-Net 0.109 0.00363 1.89 1.80 0.8171
Residual-UNet 0.127 0.00496 2.15 2.54 0.7869
Residual-UNetSE 0.114 0.00431 2.08 2.84 0.7861
U-Net++ 0.071 0.00525 5.98 7.29 0.7818
Swin UNETR (Transformer) 0.090 0.00483 2.60 2.10 0.8056
Fourier Neural Operator 0.171 0.00427 2.15 2.02 0.8260

Table 1: Evaluation metrics on test set. The inference time is computed on a V100 GPU with a batch size of 1.

(Figure 6) and training time (Figure 7) indicate that the data
modeling approach works well across different types of sur-
rogate model. Note that the FNO’s single-GPU training time
has been scaled by 1/8 to match the 8-GPU trainings.
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Figure 8: Matrix representation across different slices of the
data center room. Two random samples. True outputs are in
the top row, model predictions are in the middle row, and the
error map is in bottom row. Each column represents a slice
at varying heights.

In terms of inference, the models significantly enhance
performance on GPUs compared to traditional CFD ap-
proaches. As seen in similar works on flow variable pre-
dictions using Finite Dimensional Operator based methods
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(Guo, Li, and Iorio 2016), ML surrogate models can yield
substantial improvements in performance with minimal ap-
proximation error. This is evident in the recorded inference
times, where even models with more complex architectures,
such as Swin UNETR, provide results in a much shorter
time (100 ms vs. 35 minutes), reinforcing the usefulness of
ML surrogate models for simulating steady-state tempera-
ture predictions for data centers. To our knowledge, no com-
parable 3D thermal surrogates exist for steady-state predic-
tion. Hence we evaluate our approach by comparing the re-
sults against the ground truth.

Prediction Analysis Figure 8 provides a detailed matrix
comparing the true CFD generated heatmap (row 1), with
the U-Net 3D model’s predictions (row 2), and the result-
ing absolute error map (| T rue — Predicted)|) (row 3) across
different horizontal slices of the data center room. Each col-
umn corresponds to a horizontal slice sampled from the z
axis, progressing from the bottom (height: 6/31) to a higher
position (height: 18/31) of the data center room in regular in-
tervals. We chose these intervals to showcase the instances
where the deviations from true values occur, and there are
more occurrences of hot spots. Other instances have more
homogeneous 2D slices with almost perfect prediction.

While looking at the error heat map, we notice most of
the errors occurring at the physical boundaries where the
Air Cooling Units are located (height: 6/31), intermediate
space between the cabinets where the cold air enters the cab-
inets (height: 12/31), or the cabinets are separated from each
other (height: 18/31). The arrangement of these boundaries
differs from those observed in the training data (see Figure
3). This implies that the models have not overfitted the par-
ticular characteristics in the training data.

Downstream Tasks

The surrogate model accelerates tasks relevant to data cen-
ter design and sustainability. Using the CFDDC model and a
genetic algorithm (GA), we optimized server workload dis-
tribution to minimize temperature hotspots (Figure 9).

The CFDDC predicts thermal impacts of GA-generated
arrangements. The genetic algorithm (GA) optimization led
to a marked improvement in the data center’s thermal man-
agement. We employed a population size of 20, a mutation
rate of 1%, and a crossover probability of 90%. Illustrated
in Figure 10, the “Best” line demonstrates a significant de-
crease in normalized maximum temperature over 25 gen-
erations, indicating the GA’s success in identifying server
workload distributions that minimize hotspots. The GA’s ef-
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Figure 10: Evolution of the normalized temperature value
over successive generations.

ficacy is highlighted by a 7.70% reduction in hotspots com-
pared to a non-optimized baseline that randomly distributes
workload, showcasing its potential for enhancing cooling ef-
ficiency and achieving more favorable thermal conditions
within the data center.

The overall goal of this approach in the digital twins
framework is to reduce the cooling energy and the carbon
footprint for processing workloads, improving data center
sustainability. susdcaaal24, This fits into the earlier work
on multi-agent holistic data center sustainability (Naug et al.
2024, 2023, 2025; Sarkar et al. 2024b,a, 2023b,a, 2025;
Guillen-Perez et al. 2025).

Future Work and Deployment Advantage

One big advantage of this method over traditional CFD tools
is deployment efficiency and cost savings. Traditional CFD
tools require costly calibration for deployment at each data
center. However, unlike the CFD tool, the CFDDC surrogate
can train continuously on sensor data at deployment and can
converge to the characteristics of the data center. This would
lead to high accuracy at a lower cost.

Even though this method relies on CFD generated data to
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train the 3D vision models as surrogate, this method gen-
eralizes for different sizes and configurations of DC. To
address supercomputing scale we are working on a down-
stream stitching mechanism of the 3D heat maps from dif-
ferent subsections.

Conclusions

This paper shows how to create a 3D ML thermal surrogate
for CFD tools for data centers by structuring the thermal at-
tributes such as heat sources, airflow, and temperature con-
trol as input channels. This technique is generalizable across
3D vision architectures like U-Net variants, neural opera-
tors like FNO and vision transformers like Swin UNTER.
CFDDC provides accurate temperature predictions (top-10
absolute error of about 2°C) and significantly speeds up
computations (20,000x) to identify hotspots, enabling real-
time control and iterative design optimizations for minimiz-
ing energy usage, reducing downtime, and extending server
life. This significantly impacts operating costs and sustain-
ability by reducing the carbon footprint and e-waste. This
novel thermal CFD surrogate modeling approach is general-
izable and can be applied to other domains requiring steady-
state analysis. We plan to extend this work to cooling control
for buildings and large facilities in smart cities.

Impact Statement

This paper advances data center sustainability by introduc-
ing a 3D thermal surrogate of a CFD model. Our approach
significantly reduces computational costs and carbon foot-
prints while enabling real-time thermal management. The
societal impact includes energy-efficient data center oper-
ations and broader applicability to sustainable infrastructure
and building and industrial management. We do not foresee
any ethical concerns beyond standard considerations in Al
deployment.
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