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Abstract. Thermal infrared (TIR) imaging is indispensable for all-weather
perception and energy management, yet existing 3D thermal modeling
methods remain primarily confined to static environmental snapshots.
These approaches typically struggle to capture complex temporal tem-
perature variations and lack the capacity to simulate scenes under unseen
environmental conditions. To bridge this gap, we propose ThermoGS,
a unified framework that couples 4D Gaussian Splatting (4DGS) with
fundamental thermodynamic principles to achieve physically-consistent
thermal field emulation. Unlike previous data-driven methods that di-
rectly regress radiance, ThermoGS decouples intrinsic material proper-
ties, including emissivity (e), convective heat transfer coefficient (h), vol-
umetric heat capacity (c), and absorptivity (a)—from transient temper-
ature states. By integrating Physics-Informed Neural Networks (PINNs),
our framework ensures that the predicted spatiotemporal thermal distri-
bution strictly adheres to energy balance equations, enabling generalized
simulation across arbitrary viewpoints and time periods. Furthermore,
we introduce the Thermo Dataset, a comprehensive, drone-captured col-
lection featuring synchronized multi-modal data and diverse environmen-
tal parameters. Extensive experiments demonstrate that ThermoGS sig-
nificantly outperforms comparative methods in thermal simulation accu-
racy, maintaining a predicted temperature error within 1 degree Celsius.
The code is available at |https://github.com/NPU-CVPG/ThermoGS.

Keywords: Thermal Simulation - 4D Gaussian Splatting - Thermody-
namics - Physics-Informed Neural Networks

1 Introduction

Thermal infrared (TIR) imaging offers a distinctive advantage for all-weather
perception by enabling non-intrusive measurement of object surface tempera-
tures, demonstrating robust adaptability to adverse environmental conditions
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Fig. 1: Our framework integrates thermodynamic principles with 4D Gaussian Splat-
ting for physically-consistent thermal emulation under clear-sky conditions. By in-
putting scene geometry and environmental factors (e.g., solar radiation, wind speed),
it simulates 4D spatiotemporal thermal fields and renders accurate temperature maps
from arbitrary views. Notably, ThermoGS decouples intrinsic material attributes to
ensure adherence to thermodynamic laws.

such as low light and haze. These unique advantages have led to its widespread
application in fields such as security surveillance, building inspection, and large-
scale energy-efficiency analysis . With the rapid advancement of
high-resolution, miniaturized TIR sensors and drone platforms, the foundation
for modeling large-scale 3D thermal fields has been established. However, ex-
isting methodologies remain largely confined to reconstructing specific physical
structures and static textures. We argue that the ultimate objective should tran-
scend mere reconstruction; rather, it should aim for deep-learning-based 3D ther-
mal scene simulation. The core challenge lies in generating physically accurate
thermal distributions (e.g., temperature maps) under arbitrary, dynamic envi-
ronmental conditions, a task that traditional reconstruction-centric frameworks
fail to address.

Early research in thermal infrared processing

primarily focused on 3D scene reconstruction: they first built geometric
models using RGB images and multi-view reconstruction techniques ﬂgﬂ, then
mapped pre-acquired TIR data onto these models to generate pseudo ther-
mal scenes. While these methods facilitate visualization, they are fundamentally
reconstruction-dependent. Specifically, they cannot independently simulate ther-
mal distributions for unseen scenarios or fluctuating conditions, as they fail to
leverage the intrinsic thermo-physical properties of objects to model dynamic
temperature evolution.
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Recent advancements in implicit representations, such as NeRF-based meth-
ods |7,|35], have extended thermal tasks to novel view rendering, but often
suffer from geometric instability and limited adaptability to dynamic simula-
tions. In contrast, 3D Gaussian Splatting (3DGS) [14] offers explicit scene mod-
eling with superior scalability. While several GS-based thermal methods have
emerged [2}/19], they remain limited to static snapshots and ignore temporal
thermal variations driven by ecological factors such as wind speed, atmospheric
pressure, and humidity. Notably, NTR-Gaussian [33] addressed dynamic thermal
reconstruction at night but is limited to a single environmental condition and
cannot predict full-day temperatures. Critically, these methods typically regress
radiance directly without decoupling the underlying physical attributes, which
limits their interpretability and generalization.

To address these limitations, we propose ThermoGS, a unified framework
for generalized 3D thermal scene simulation that integrates fundamental ther-
modynamic principles with 4D Gaussian Splatting. In this work, we focus on
modeling the dominant thermodynamic interactions under clear-sky conditions,
where solar radiation serves as the primary energy driver. By taking scene ge-
ometry and localized environmental parameters as inputs, ThermoGS directly
models a 4D spatiotemporal thermal field to generate realistic temperature maps
across arbitrary viewpoints, time periods, and diverse environments (Fig. .
Under the clear-sky assumption, we explicitly model energy balance involv-
ing solar radiation, convective heat transfer, and thermal radiation, leverag-
ing Physics-Informed Neural Networks (PINNs) for physics-constrained learning.
Unlike prior work, our model decouples intrinsic material properties-including
emissivity (e), convective heat transfer coeflicient (h), volumetric heat capac-
ity (c), and absorptivity (a) from transient temperature states. This enables
the thermal distribution to strictly follow thermodynamic laws. Additionally,
we introduce a large-scale dynamic thermal simulation dataset that supports
generalized simulation across diverse scenarios and environmental conditions.

Our contributions are summarized as follows:

— We propose ThermoGS, a unified simulation framework that bridges thermo-
dynamic principles with 4DGS. By integrating PINNs, our method enables
independent and generalized thermal simulations across diverse scenarios,
environmental conditions, and time periods.

— We develop a physics-driven strategy that decouples intrinsic material prop-
erties at real-world scales. This ensures the physical authenticity of simulated
thermal fields, which strictly adhere to thermodynamic laws under clear-sky
conditions.

— We construct the Thermo Dataset, a comprehensive collection specifically de-
signed for generalized 3D thermal scene simulation. The dataset contains ap-
proximately 40K infrared thermal images captured across diverse urban sce-
narios, synchronized with multi-dimensional environmental metadata such
as wind speed, solar radiation, and atmospheric pressure.
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2 Related Work

2.1 Thermal-Assisted 3D Reconstruction

Early efforts to integrate thermal information with 3D modeling focused on re-
constructing geometrically accurate 3D scenes |3,12,23/24/27] with attached ther-
mal attributes, rather than simulating thermal distributions. Rangel et al. [26]
developed a multimodal system combining thermal cameras and depth sensors
to fuse spatial and thermal data into a 3D thermal model, but this work re-
lied on preacquired sensor data and lacked the ability to generate thermal in-
formation for unseen scenarios. Zhao et al. [36] improved the real-time perfor-
mance of thermal reconstruction via multisensor calibration. In contrast, Muller
et al. |22] proposed a T-ICP method that leverages the robustness of thermal
data to viewpoint or illumination changes for the generation of high-fidelity
models. Still, both methods were limited to static, data-dependent reconstruc-
tion and could not adapt to dynamic environmental conditions (e.g., varying
temperatures and winds) or predict thermal dynamics over time. Li et al. [15]
optimized stereo matching for thermal images to enhance reconstruction qual-
ity, but like other geometry-based approaches, it failed to model the intrinsic
thermal-physical mechanisms (e.g., heat transfer, radiation) that govern real-
world thermal behavior.

With the rise of implicit representation, NeRF-based [21] methods extended
thermal reconstruction to novel view rendering. ThermoNeRF [7] and Thermal-
NeRF [35] integrated thermal image ensembles with NeRF to generate 3D models
with thermal information, but they inherited NeRF’s limitations: slow rendering
speed, unstable geometric representation, and reliance on large volumes of pre-
collected TIR data. Most importantly, these methods remained reconstruction-
oriented. They could only "reproduce" thermal patterns from existing data, not
"simulate" thermal distributions for arbitrary scenarios, environmental condi-
tions, or time periods, failing to meet the demands of generalized thermal sim-
ulation.

2.2 3D/4D Gaussian Splatting for Scene Modeling

3D Gaussian Splatting (3DGS) [14] emerged as a disruptive technique for 3D
scene representation, addressing NeRF’s inefficiencies via explicit, learnable Gaus-
sian distributions. Its structured data format enables real-time novel-view ren-
dering, scene editing, and easy integration with multimodal data (e.g., depth
and LiDAR), making it a promising foundation for dynamic thermal tasks. Mat-
suki et al. [20], Keetha et al. [13], and Yan et al. [32] integrated depth cameras
with 3DGS for SLAM, while Li et al. [16] and Zhu et al. [37] fused monocular
depth estimates [1] with RGB data to refine geometric accuracy. These works
validated the flexibility of 3DGS for multimodal fusion but focused solely on
geometric reconstruction, without considering thermal factors.

4D Gaussian Splatting (4DGS) [31] extended 3DGS to dynamic scenes by
introducing deformation fields, enabling reconstruction of time-varying geome-
tries. However, it did not model thermal dynamics, as its core goal remained
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Fig. 2: Method Overview. The input of our model includes a Gaussian model recon-
structed from visible-light images, Gaussian spatial features, current time, and envi-
ronmental conditions (such as wind speed, temperature, humidity, solar radiation, and
pressure). Employing 4D Gaussian splatting as the scene representation, we integrate
PINNs and physical constraints of dynamic thermal interaction to approximate the
partial differential equation governing the temperature field over time. Furthermore,
we deeply couple the physical processes with the scale of Gaussian spheres, thereby
simulating and obtaining accurate physical quantities, specifically e (emissivity), h
(convective heat transfer coefficient), ¢ (volumetric specific heat capacity), a (absorp-
tivity), and the temperature T

capturing spatiotemporal geometric changes rather than thermal-physical pro-
cesses. Recent attempts to combine 3DGS with thermal data (e.g., )
achieved 3D thermal reconstruction, but they were limited to static spatial ther-
mal mapping-they ignored environmental factors (e.g., ambient temperature,
humidity) that drive thermal variation, did not predict thermodynamic param-
eters, and could not simulate thermal evolution over time. NTR-Gaussian |33
addressed nighttime dynamic reconstruction but suffers from poor generalization
and is incapable of full-day temperature prediction

Our ThermoGS shifts the paradigm from reconstruction to generalized ther-
mal simulation. By integrating 4DGS with thermodynamic principles and physics
constrained learning, it decouples intrinsic physical attributes (e.g., emissivity,
heat capacity) to model thermal processes under clear-sky conditions, filling the
gap between existing reconstruction methods and practical simulation needs.

3 Method

3.1 Overview

The pipeline of the proposed ThermoGS is shown in Fig.[2] Our method uses the
reconstructed visible-light 3D Gaussian model, corresponding features, time, and
environmental conditions (such as wind speed, temperature, humidity, solar ra-
diation, and pressure). It utilizes a neural network to simulate the corresponding
temperature values T and physical quantities e (emissivity), h (convective heat
transfer coefficient), ¢ (volumetric specific heat capacity), and « (absorptivity).
During this process, we deeply couple Gaussian spheres with thermodynamics
principles and PINNs to ensure the accuracy and authenticity of the predicted
values.



6 K. Yang et al.

3.2 Data Processing

Construction of the Visible Gaussian Model. First, we obtain the 3D vis-
ible light model of the drone flight area based on drone oblique photography
technology, and manually label the ground object labels. Subsequently, we reg-
istered this model to infrared images to obtain accurate pose estimates. Then,
we rendered visible images and constructed the visible 3D Gaussian model using
the 3D visible model.

Acquisition of Gaussian Space Features. We convert visible 2D features
into 3D Gaussian features with spatial information via Feature GS [31], and
assign a label to each Gaussian sphere.

Times and Environment Conditions. We determine the time based on the
capture time of the thermal images. Then we normalize time to 0-1 using min-
max normalization, then use a 10-order trigonometric function encoding to ob-
tain the final encoded vector. We downloaded climate data corresponding to the
target time from a global meteorological data website and used an interpolation
algorithm to convert the discrete data to continuous values, thereby enabling
the retrieval of environmental conditions at any arbitrary time.

Acquisition of Temperature Maps. To obtain accurate surface temperature
Tsurf, we apply radiometric correction to the raw thermal data. Specifically,
we use the DJI Thermal SDK to compensate for atmospheric transmissivity
and reflected background radiation based on synchronized meteorological data,
rather than directly using the uncorrected apparent temperature.

3.3 Principle of Thermal Interaction

Under clear-sky conditions, the surface temperature 7" is governed by the imme-
diate energy balance between the object and its environment. Since we employ
radiometric correction via the DJI Thermal SDK to compensate for atmospheric
transmissivity and reflected background radiation during data preprocessing,
the "ground truth" labels effectively represent the intrinsic surface temperature.
Consequently, we focus on the dominant first-order thermodynamic interactions.
The simplified theory of thermal interaction is based on thermodynamic princi-
ples, as shown in Fig. 3] During the daytime, the scene’s thermal temperature
is determined by both absorption and release processes, with absorption mainly
from solar radiation and release mainly from convective heat exchange and radi-
ation. At night, the outdoor scene’s thermal temperature is mainly determined
by the release process. We define the scene surface temperature T as a model
related to time ¢, environmental conditions C', the model’s relative position P,
and model features F, expressed in Eq.

The convective heat exchange and radiative heat release processes are repre-
sented by Eq.[2] and Eq. [3] respectively. Both of these processes occur continu-
ously.

Qconv = hAsurf(T - Tm)a (2)
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Fig. 3: Thermal Interaction Theory. The temperature of outdoor scenes exhibits
heat absorption and heat release characteristics throughout the day and night. During
the entire day, the scene releases heat mainly through its own radiation and convective
heat transfer; while in the daytime, objects additionally absorb heat from solar radia-
tion. Theoretical interaction model is inspired by .

where h represents the convective heat transfer coefficient of different objects
in the scene, Ag, ¢ represents the heat exchange surface area, T represents the
radiative temperature at each moment, and T, represents the environmental
temperature at each moment. This formula calculates the amount of heat ex-
changed between the scene and the air through convection within a unit of time.

Qrad = eUAradT4~ (3)

Here, e represents the emissivity of different objects in the scene, o is the Stefan-
Boltzmann constant, A,..q represents the thermal radiation surface area, and T'
represents the radiative temperature at each moment. This formula calculates
the amount of heat radiated by the scene within a unit of time.

During the daytime, in addition to the above processes, there is also a process
of absorbing heat from solar radiation, which can be expressed as Eq. [

Qabsorb = aAleun~ (4)

Among them, « denotes the absorptivity, A, denotes the projected area of the
scene in the direction of solar incidence, and G, denotes the solar radiation
intensity. This formula represents the heat absorbed by the scene per unit time.

By integrating the processes above, we can derive the PDE of temperature
T with respect to time ¢ in Eq. [f]

orT
Vxcx E = Qabsorb - Qrad - Qcon'm (5)
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Fig. 4: Core Architecture. The model inputs include Fourier positional encoding of
time, point geometric positional encoding, spatial features, and external environmental
quantities (ambient temperature, relative humidity, air pressure, wind speed, and solar
irradiance), with temperature and physical quantities as outputs.
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where ¢ represents the volumetric specific heat capacity and V represents the
scene volume. Solving the equation will enable us to calculate the object’s ra-
diative temperature at any given moment.

3.4 Thermal Interaction-Gaussian Sphere Coupling Training

Motivation for Continuous Physical Field Learning. While categorical
lookup tables offer a simplified baseline for parameter assignment, they fail to
account for the spatial heterogeneity inherent in real-world urban materials. For
instance, a single "building" label encompasses diverse surfaces with varying
degrees of aging, roughness, and structural orientations, all of which significantly
influence local thermodynamic response. Instead of relying on rigid, discrete
values, our ThermoGS leverages PINNs to infer a continuous physical manifold.
By predicting physical quantities (e,h,c,«) at a per-Gaussian level, the framework
can adaptively refine material properties based on the observed spatiotemporal
temperature evolution. This approach ensures that the simulated thermal field is
not merely a piece-wise constant approximation but a high-fidelity representation
of the scene’s intrinsic thermodynamic complexity.

Thermal Interaction Integrating Gaussian Sphere Scale. In the process
of thermal interaction, the terms associated with Gaussian spheres in Eq. 71\
and [f]are Agut, Arad, AL, and V respectively. These can thus be integrated into
Gaussian ellipsoids along with depth, ensuring that the thermal interaction is
fully consistent with the real scale. After simplifying the model, the calculations
of Agurf, Araqa, A1 and V can be expressed as,

Aqurf = g(ab + ac + be), (6)
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4
V= gﬂ'abc. (9)

Among them, a, b, and c represent the semi-major axes of the Gaussian ellipsoid;
dy, dy, and d, represent the unit vector of the solar incident direction in the local
coordinate system of the ellipsoid; and p is a constant, approximately 1.61.
Training Process. As shown in Fig. [l we adopt a unified physics-aware net-
work to predict the absolute temperature of Gaussian ellipsoid instances directly.
The input consists of Fourier positional encoding of time, point geometric posi-
tional encoding, spatial features, and external environmental quantities (ambient
temperature, air pressure, wind speed, relative humidity, and solar irradiance);
all environmental quantities are derived from sensors and used as network in-
puts rather than network outputs. The network is a deepened multi-layer residual
MLP, with several parallel physical property heads to predict the convective heat
transfer coefficient, emissivity, volumetric heat capacity /specific heat, absorptiv-
ity, and latent heat coefficient, which are used to construct physical constraints.
Energy balance is computed at the absolute scale during the network’s forward
pass.

3.5 Loss Function

Supervision is derived from the reconstruction loss Lga¢, (including Ly and SSIM
loss) and edge loss Legge of multi-view infrared temperature maps at different
time steps. Physical induction is incorporated via auxiliary losses:

Finite Difference PINN Loss Ly,,: Aligns the numerical difference-based
temperature change between adjacent time pairs with the consistency of the
network-derived %—f.
Physical Consistency Loss Lynysicar: Looks up the values of various physical
quantities from a table, and uses real physical quantities for regularization to
constrain the model’s physical processes, ensuring that the predicted physical
quantities are close to the real values.

ODE Integration Consistency Loss L,4.: Aligns the temperature trajec-
tory derived from % with the directly predicted temperature, and re-evaluates
physical properties at the midpoint.

Temporal Smooth Loss Lgno0th: A weak regularization term that prevents
abrupt temperature changes between adjacent time periods. It is defined as:

N—-1 1 M
Lsmooth - Z (M Z |Tj+1,i - E,Z) ) (10)
Jj=1 i=1
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Table 1: Detailed Statistics of the Thermo Dataset. Our dataset covers 10 land-
cover categories: Building, Road, Vehicle, Grassland, High Vegetation, Sports Field,
Water Body, Farmland, Construction Site, and Bare Ground.

Scene Main Categories Time Frames Split
S1 (Substation) Build., Cons., Bare. Full-day 10K
S2 (School) Build., Grass., Sport. Full-day 10K 9/1
S3 (Square) Road, Water, Veg. Full-day 10K
S4 (Driving school) Road, Vehicle, Bare. Full-day 10K
Total 10 Categories Full-day 40K 9/1

where M represents the number of Gaussian spheres, and N represents the
number of differential intervals.

The overall objective is to minimize the weighted sum of image reconstruction
losses and physical constraint losses, enabling the network to maintain temper-
ature evolution consistent with real physical dimensions and diurnal processes
even when supervised solely by infrared images. It is given as follows,

L= /\lLdata + )\2Ledge + )\BLsmooth + )\4Lphysical + )\5Lode + /\GLpinna (11>

where we set /\1 =0.8 y /\2 = 0.2, /\3 = 1.0, /\4 = 0.017 /\5 = 0.017 /\6 = 1.0.

4 Experiments

4.1 Experiment Setup

Thermo Datasets. To evaluate methods for dynamic thermal simulation, we
have developed the Thermo dataset as shown in Fig. [1} As illustrated in Tab.
This dataset covers four distinct scenes. For each scene, we used the DJI Dock
Matrice 4TD for all-weather TIR image capture, and then selected several rep-
resentative days for method validation. The flight altitude is set at 150 meters.
The thermal imaging sensor ha a focal length of 12.0 mm, and a temperature
range from -40°C to 550°C. These images effectively capture the temporal vari-
ations in thermal radiation from objects, such as buildings, under nighttime
conditions, allowing the TIR images with timestamps to serve as representative
samples of dynamic temperature changes in the scene. For environmental con-
ditions, we select the four factors with the greatest influence on temperature
changes as inputs: wind speed, temperature, humidity, solar radiation, and pres-
sure. The dataset comprises: (1) Images: 640 x 512 TIR frames with a GSD of
~15 em/pixel. (2) Visible: High-resolution RGB images (1920 x 1080) for initial
3D reconstruction. (3) Meteorological: Environmental metadata synchronized
with each TIR frame.

Data Division. Our Thermo dataset contains infrared images captured across
different scenes, months, and times of day. We used specific time periods from
some scenes as the training set, while other time periods from additional scenes
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Table 2: Quantitative Comparison of Thermal Field Simulation Accuracy.
We evaluate our ThermoGS against state-of-the-art methods under two rigorous proto-
cols: Cross-Time Generalization, where models are tested on unseen time periods
within the same scene, and Cross-Scene Generalization, where models are tested on
entirely unseen scenarios. Metrics include PSNR (dB), SSIM, and Temperature MAE
(°C). Bold indicates the best performance.

Method S1 (S2,93,84) 2 (S1,83,84) 3 (S1,92,84) S4 (S1,52,83) S1-54
PSNR? SSIMt MAE] PSNR 1 SSIM 1 MAE | PSNR 1 SSIM t MAE | PSNR 1 SSIM 1 MAE | PSNR 1 SSIM 1 MAE |
4DGS [31] 2431 0.866 2147 2988 0941 1.067 23.66 0949 2533 27.37 0934 1403 28.82 0948 1475

ThermalGS  [18] 24.38 0.859 2.199 30.48 0.948 1.022 24.22 0.952 2333 27.42 0944 1426 29.69 0.948 1.396
NTR-Gaussian 33| 25.03 0.872 1.993 27.39 0.940 1.524 21.78 0944 3.122 2880 0.950 1.278 31.42 0.956 1.136
Ours 26.82 0.874 1.464 31.24 0.948 0.890 26.03 0.955 1.49 28.81 0.954 1.173 31.83 0.960 0.932

Table 3: Quantitative comparison on the NTR Dataset. We use PSNR, SSIM,
and MAE as the quantitative indicators for the four regions respectively, and calculate
the average value of the performance indicators.

Mothod S1 s2 s3 s4
PSNR? SSIMt MAE] PSNR 1 SSIM 1 MAE | PSNR 1 SSIM 1 MAE | PSNR 1 SSIM 1 MAE |
4DGS 31 32.19 0961 1.655 20.17 0961 2475 20.78 0954 2.224 3206 0958 1616

Thermal3D-GS [2| 34.03 0.957 1.106 30.61 0.960 1.840 33.26 0.968 1.276 31.79 0.956 1.432
NTR-Gaussian |33] 34.50 0.962 0.947 31.43 0.964 1.709 35.15 0.972 0.959 34.61 0.964 1.065
Ours 34.62 0.975 0.824 31.85 0.972 0.785 35.41 0.983 0.752 34.94 0.978 0.896

served as the test set to ensure the generalization performance and accuracy of
our method. Furthermore, we normalized the infrared thermal data into temper-
ature maps.

Evaluation Metrics. Following the evaluation metrics in 3DGS [14] and tem-
perature evaluation metrics, we use PSNR, SSIM [30], and Mean Absolute Error
(MAE) of temperature values as the evaluation metrics.

Implementation Details. During the training process, we downsampled the
original point cloud of each scene to ensure spatial efficiency. Our experimen-
tal environment consists of two NVIDIA RTX 4090 GPUs (24 GB memory),
and the resolution of both training and testing images was set to 640x512. Ad-
ditional details, including the dataset used, training configurations, and other
information, are available in our supplementary materials. The GPU memory
and inference speed are shown in Tab. [0 and our method is within a reasonable
range.

4.2 Comparison Experiment

Comparison Methods. We divided our evaluation into three strategies. First,
we trained our model on all scenario training sets to verify the generalization
performance across different times and environmental conditions. Second, we
conducted cross-scenario evaluation by excluding one scene during training and
testing on the remaining one to assess spatial transferability. Third, to specif-
ically verify the performance under purely nocturnal conditions, we evaluated
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Fig. 5: Qualitative comparison. The leftmost column displays the ground truth
(GT) temperature images. On the right side of the ground truth, the right column
for each method shows the predicted temperature images. In contrast, the left column
visualizes the error between the ground truth and predicted temperatures. The error has
been normalized using min-max normalization and mapped to a red-to-blue color scale,
where regions closer to red indicate larger absolute temperature errors, and regions
closer to blue indicate smaller errors. Our method outperforms others in the distribution
of temperature differences across the entire scene and in Mean Absolute Error (MAE).

ThermoGS on the original nighttime sequences provided by NTR-Gaussian [33].
To ensure fairness, all methods were trained and tested with identical settings
on the same dataset.

Results. As shown in Tab. 2] and Tab. [3] our ThermoGS outperforms other
methods in quantitative metrics, with the predicted temperature error within
1 degree Celsius. Figure [f] presents a visual comparison of the MAE of tem-
perature. Our method achieves more accurate temperature predictions. It is
important to note that NTR-Gaussian was explicitly designed for nighttime
reconstruction and does not model solar radiation. Including it in our full-day
evaluation (Tab. [2)) is not to highlight a failure of their method, but rather to
empirically demonstrate the absolute necessity of modeling solar absorption for
full-day spatio-temporal simulation. For a strict and fair comparison, Tab. [3|eval-
uates both methods exclusively on nighttime sequences, where our framework
still achieves superior temperature prediction accuracy.
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Fig. 6: Temporal Consistency Evaluation. Our ThermoGS achieves lower temper-
ature errors across all time slots by leveraging thermodynamic constraints.

Table 4: Training and Inference Overhead. All measurements are collected on
a single RTX 4090 GPU, including training wall-clock time, VRAM consumption and
per-sample inference latency.

Method Training (h) VRAM (GB) Infer Time (s)
4DGS 31 1 15 6
NTR-Gaussian [33| 9 33 13
Ours 24 20 12

Temporal Consistency. We evaluate temporal consistency via temperature
MAE across 10 consecutive time intervals with overlapping viewpoints. As shown
in Fig. [6] our method achieves consistently lower temperature errors under both
daytime and nighttime conditions, verifying that the incorporated thermody-
namic constraints enable ThermoGS to produce high-fidelity and temporally
stable thermal sequences. Moreover, across all evaluated scenarios, the thermal
prediction MAE consistently peaks at 13:00-14:00. This trend aligns with the
physical diurnal heating pattern: peak solar irradiance and ambient tempera-
ture in the early afternoon induce complex thermodynamic responses on road
and building surfaces. Such intense thermal variations bring greater prediction
challenges for generative models, leading to the maximum MAE at noon, while
the error gradually decreases as the environment cools down.

Training Overhead. Training and inference take longer because ThermoGS
must solve thermodynamic PDEs (Eq. to ensure physical realism. While
4DGS [31] is faster, it only performs pixel interpolation and lacks physical
constraints. ThermoGS enables physically-consistent emulation and simulation
across diverse climates by decoupling intrinsic properties. For thermal simula-
tion, physical integrity is more critical than raw inference speed.

4.3 Ablation Study

We ablated each component of the loss function to demonstrate the effective-
ness of every part in our method, including Lgmooths Lphysical; Lpinn, Lode and
Leage- To illustrate, we present the quantitative results of the first strategy of
the comparative experiments in Tab. [f] Our ThermoGS achieves optimal per-
formance when all components are included and outperforms other strategies on
quantitative metrics. As shown in Fig[7] the temperature error of our model is
the smallest when all loss terms are present.
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Fig. 7: We use image mean absolute error (MAE) to measure the accuracy of tempera-
ture prediction. Visual comparisons are conducted under the scenarios of the complete
model and models without edge loss, smoothness loss, physical supervision loss, ODE
loss, and PINN loss, respectively. Experimental results show that our strategy is opti-
mal.

Table 5: Quantitative ablation study. We report PSNR, SSIM, and MAE for
evaluating the rendering quality

Ledge Lsmooth Lphysical Loge Lpinn PSNRT SSIMT MAE\L

v v v v 31.17  0.957 1.147
v v v v 31.27  0.957  1.163
v v v v 31.33  0.956 1.147
v v v v 31.42 0956 1.175
v v v v 3142 0.956 1.133
v v v v v 31.83 0.960 0.932

4.4 Physical Quantity Prediction

Since Thermo uses physical loss to constrain the prediction of physical quan-
tities and combines physical formulas with the true scale of Gaussian spheres,
our predictions are close to the physically actual values. As shown in Tab. [6]
temperature calculation based on predicted physical quantities yields a smaller
error compared with direct table lookup.

We obtained reference values from the table and derived approximate physical
quantities for the different land cover types. Detailed values are shown in Tab.
We calculated the MAE between the predicted physical quantities and the actual
reference values, and compared the results with those of NTR-Gaussian . As
shown in Tab. [7] our framework effectively learns to balance these semantic
priors with transient temperature observations. While the generic lookup values
represent class-level averages and do not capture intra-class variance, minimizing
the distance to these soft targets via Lppysicar €nsures the optimization remains
within physically plausible manifolds.
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Table 6: Physical Quantity Abla- Table 7: Physical Attribute Infer-
tion Study. The importance of predicting  ence. MAE between predicted and refer-

physical quantities. ence values (Tab. [8]) across 10 categories.
Table Lookup Inferred Attributes PSNRT SSIMt MAE| Method MAE: | MAE, | MAE. | MAE, |
v 31.06 0.954 1.282 NTR-Gaussian [33]  0.470 32.80  160.80 -
v 31.83 0.960 0.932 Ours 0.018 0.534 5.86  0.019

Table 8: Based on the manually annotated
land cover types, we look up the table to
calculate the approximate values of physical
quantities for different land covers.

Table 9: We detail the VRAM con-
sumption and inference speed compared
to the baselines, showing our approach
accomplishes its goals with acceptable

/(m?2- /(m3-
Category e o h(W/mK) e (kl/m*K)) computational overhead.
Building 0.85 0.65 7 2400
Road 0.88 0.88 8 2100
Vehicle 0.850.70 15 3500 Method GPU Memory | inference FPS 1
Grassland 0.92 0.75 7 2800 4DGS [31] 15GB 6
High Vegetation 0.93 0.78 8 3000 Thermal3D-GS [2 7GB 14
Sports Field 0.85 0.80 9 2200 NTR-Gaussian_[33] 33GB 13
Water Body 0.96 0.65 15 4200 ThermalGS 18] 18GB 7
Farmland 0.88 0.75 7 2000 Ours 20GB 6
Construction Site 0.82 0.65 8 1800
Bare Ground 0.85 0.70 6 1900

5 Conclusion

By integrating thermodynamic constraints with the absolute geometric scale of
Gaussian ellipsoids, ThermoGS facilitates the inference of a continuous physical
manifold rather than a piecewise-constant field. This allows our framework to
adaptively refine parameters to account for local spatial heterogeneity-such as
material aging and surface roughness which is typically ignored by categorical
lookup tables.

To evaluate the accuracy of the inferred attributes, we obtained empirical
reference values for 10 distinct land-cover categories. We then calculated the
Mean Absolute Error (MAE) between our per-Gaussian predictions and these
empirical priors. As shown in Tab. [} ThermoGS significantly outperforms NTR-
Gaussian [33| across all thermodynamic dimensions. Specifically, our method
achieves a substantial reduction in MAE for emissivity, convective heat transfer
coefficient, volumetric heat capacity, and absorptivity. These results demonstrate
that our physics-informed learning strategy effectively captures the intrinsic ther-
modynamic properties of the scene, ensuring that the simulated temperature field
is both visually realistic and physically grounded.
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