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Introduction
Motivation

Accurate Novel View Synthesis (NVS) and 3D reconstruction 
of unknown LEO targets require both geometric and 
photometric consistency under complex space illumination
Existing NeRF [1] and Gaussian Splatting [2] approaches 
rely on static or simplified lighting assumptions, limiting 
realism and robustness in space environments

Contribution
Physically-based 2D Gaussian Splatting [3] pipeline that 
explicitly models known Sun and Earth illumination in LEO
BRDF-based deferred shading framework that enables 
efficient material-aware 3D reconstruction 
Supports realistic rendering of challenging appearance 
effects, including specular reflections and Earth-induced 
illumination

ExperimentsMethodology
Physically-Based Rendering

Each Gaussian learns material parameters
 𝒂: albedo, 𝜌: roughness, 𝑚: metallicity

Model outgoing radiance using rendering equation and 
analytical Disney principled BRDF

2D Gaussian Splatting
Inherently defines normal vectors (𝒏)
MCMC densification [4] to control # Gaussians

Leveraging Illumination Prior
Decompose rendering equation into

Sun as primary source at infinite distance
Earth as secondary, predominantly diffuse source
Shadow splatting for self-occlusion due to Sun

Both positions are assumed known from onboard AOCS

Incident Earth rays
𝐾 rays computed via fixed Fibonacci sampling
Radiance scales by max(0,𝒘! - 𝒏"#), i.e., dot product between 
Sun vector and outward normal at sample’s surface location

Deferred Shading
Rasterize material parameters (𝒂, 𝜌, 𝑚) via splatting, then 
evaluate BRDF per each pixel
Custom CUDA implementation of fused BRDF for batched 
incoming radiance from the Earth surface

Key Optimization Objectives
Since BRDF returns radiance, work directly with HDR data

Smoothness loss – ensure smoothness of materials (𝜌, 𝑚) in 
homogeneous regions
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Overview

Dataset & Training
Trained (1K images) and tested (100 images) on HDR images of the DLVS3-HST [6]
• During evaluation, converted to LDR via 𝜇-law (𝜇 = 5,000)
Trained for 20,000 steps with fixed number of Gaussians (250K) and 𝐾 = 16

NVS Results
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Ground-Truth 3DGS [2, 4] Park & D’Amico [5] Ours 𝑳𝐬𝐮𝐧 Shadow (𝑉) 𝑳𝐞𝐚𝐫𝐭𝐡

Material Decomposition
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Ablation Studies
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Modeling Earth albedo significantly 
improves performance
Diminishing return w.r.t. computation 
as more rays are used with BRDF
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