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Figure 1: Comparison of a bedroom scene rendered with our compressed lightmaps (left) and with ground-truth lightmaps (right) under
bright illumination. Zoomed-in regions illustrate the preservation of fine structural details, and a set of representative lightmap textures is
shown to contrast the pre- and post-compression results. Overall, our method achieves an 83% reduction in storage cost, with negligible
perceptual differences as reflected by quantitative metrics (PSNR 51.79 dB, 1-SSIM 0.0027).

Abstract

To address the storage overhead of lightmaps and the limitations of existing compression techniques, we propose a novel UV-
space compression framework based on per-triangle processing. By mapping triangles to a standardized domain, we cluster
and repack color-coherent regions into a compact atlas, generating a cascade texture refined via differentiable rendering.
Experimental results show an average storage reduction of 83% with approximately 10 dB higher PSNR than existing methods.
Our approach is the first dedicated lightmap compression framework compatible with standard block-based formats, offering

an effective solution for memory-efficient 3D asset delivery.

CCS Concepts
» Computing methodologies — Computer graphics;

1. Introduction

Lightmap is a widely used technique in real-time rendering for ef-
ficiently approximating global illumination. It is typically gener-
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ated through radiosity [CWH93] computation, which captures the
surface lighting of a scene. By storing this information in texture
maps and sampling in shading process, lightmapping greatly re-
duces runtime shading costs and ensures stable performance, even
in large-scale or resource-constrained applications. Nevertheless,
high-resolution lightmaps introduce significant storage, memory,
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and bandwidth overhead—often becoming a dominant bottleneck
in asset delivery and runtime memory usage, especially for com-
plex scenes with dense occlusion and multiple light bounces.

Compressing lightmaps presents unique challenges compared
to conventional image compression. First, lightmap compression
must support efficient random access, allowing lighting informa-
tion for any pixel or region to be quickly retrieved without de-
compressing the entire texture, which traditional formats such
as JPEG [Wal92] cannot provide. Second, lightmaps are char-
acterized by large-scale low-frequency illumination patterns and
strong shading coherence across spatially separated but geomet-
rically adjacent triangles—features arising from global illumina-
tion effects like soft shadows and interreflection. However, exist-
ing industry-standard block-based texture compression algorithms,
such as DXT series [Mic20], ETC2 [SP07], and ASTC [NLP*12],
operate locally within small fixed-size blocks (e.g., 4x4 pixels),
failing to exploit this long-range coherence. Complementary ap-
proaches [LJP*23, KG25] attempt to reuse UV coordinates for
uniformly shaded regions, combining UV-space optimization with
compression. Yet, due to the intrinsic smoothness of lightmap shad-
ing even within individual triangles, such methods achieve only
modest gains.

To address these challenges, we propose a lightmap compression
framework centered on color-coherent UV clustering and cascade
texture optimization. By jointly leveraging shading similarity and
multi-resolution encoding, our method achieves significant storage
reduction while maintaining high visual fidelity and compatibility
with real-time rendering pipelines.

Specifically, to handle the smooth color gradients within trian-
gles, which make similarity estimation more challenging than in
prior methods that treat triangles as single solid colors [LJP*23],
we first normalize each triangle to a canonical isosceles right tri-
angle and store it in a feature texture. This standardized represen-
tation allows pixel-wise comparison of shading patterns, enabling
accurate similarity measurement. We compute pairwise similari-
ties to construct a graph, where nodes represent triangles and edges
encode similarity. A greedy graph partitioning algorithm then clus-
ters highly similar triangles, which are repacked into shared UV
regions. This UV repacking yields a compact, lower-resolution
lightmap. We further replace it with a cascade texture representa-
tion for higher compression efficiency. Finally, differentiable ren-
dering refines this hierarchy to eliminate seams and preserve visual
fidelity.

Our framework is fully compatible with existing block-based
compression algorithms and can be seamlessly integrated into real-
time rendering systems. In experiments, it achieves an average
lightmap storage reduction of 83%, with a render-space PSNR of
51.79 dB and 1-SSIM of 0.0027, demonstrating both high com-
pression efficiency and strong visual fidelity. Our contributions are
summarized as follows:

e We present the first dedicated framework for lightmap compres-
sion, explicitly designed to exploit UV-space coherence while
remaining compatible with block-based texture formats and real-
time rendering pipelines.

e We develop a feature texture construction scheme that geomet-
rically standardizes irregular UV triangles into canonical isosce-

les right triangles, enabling accurate pixel-wise similarity assess-
ment.

e We introduce the first integration of cascade texture into a dif-
ferentiable rendering pipeline, achieving substantial resolution
reduction with view-consistent seam removal and high-fidelity
preservation.

2. Related Work

In this section, we review prior work in two key areas: image com-
pression and texture compression. Our method focuses on lightmap
texture compression, addressing the limitations of existing ap-
proaches and targeting the specific challenges posed by lightmaps.

2.1. Image Compression

Image compression reduces storage requirements and transmission
bandwidth of digital images and is widely used in modern applica-
tions. Methods can be divided into two main categories: traditional
algorithms and neural network-based approaches, each addressing
different trade-offs among compression efficiency, image quality,
and computational complexity.

Traditional image compression techniques reduce storage and
transmission costs using fixed algorithms based on mathemati-
cal transformations or heuristics, and have been extensively op-
timized over decades. For example, JPEG [Wal92] employs the
Discrete Cosine Transform (DCT) for lossy compression, ex-
ploiting spatial frequency characteristics to remove perceptually
less important information while maintaining visual fidelity. JPEG
XL [AvAB*19] extends JPEG with lossy and lossless modes,
smaller file sizes, faster decoding, and improved high-resolution
performance. AVIF [CMH" 18], based on the AV1 codec, further
enhances compression efficiency and supports modern features
including High Dynamic Range (HDR), alpha transparency, and
higher bit depths. These methods remain essential when computa-
tional resources are limited or compatibility with legacy systems is
required.

Recently, neural network-based image compression methods
have emerged to improve both compression efficiency and per-
ceptual quality. These works apply deep learning models—such
as GANs [ATM™*19], VAEs [BMS*18], and diffusion based mod-
els [GPW*23]—to the task of image compression, learning com-
pact, task-specific representations that enable higher compres-
sion ratios while minimizing perceptual loss. By leveraging these
learned representations, neural methods achieve higher compres-
sion ratios while minimizing perceptible loss. Subsequent works
have further enhanced neural compression architectures. For ex-
ample, Agustsson et al. [AMTM23] propose a flexible decoder for
dynamic control over the distortion-realism trade-off, Muckley et
al. [MENU*23] improve statistical fidelity via a non-binary dis-
criminator on quantized VQ-VAE representations, and the ELIC
model [HYP*22] introduces space—channel adaptive coding to
boost compression performance. Additionally, Emilien [DGA*21]
and Striimpler [SPY *22] explore storing MLP weights for efficient
decoding.

Despite their strengths, both traditional and neural image com-
pression methods generally lack support for random access, which
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Figure 2: Overview of our pipeline. (a) Each UV triangle is mapped to a unit square feature texture via barycentric parameterization,
producing normalized patches for reliable color comparison. (b) Triangles with similar shading patterns are grouped via greedy clustering,
and representative ones are used to pack shared UV regions. (c) A compact UV layout is first generated through rigid repacking, enabling a
reduced-resolution lightmap; this is followed by joint optimization of the UV LUT and color texture using differentiable rendering to ensure
seamless and visually faithful reconstruction. This dual-texture approach achieves higher compression ratio while preserving visual quality.

is essential for lightmap texture compression. By contrast, our
method achieves high compression efficiency while enabling ef-
ficient random access to arbitrary texture regions, making it well
suited for real-time rendering pipelines.

2.2. Texture Compression

Texture compression is distinguished from general image compres-
sion by its requirement to support random access to specific re-
gions, which is essential for real-time rendering applications. Early
block-based methods established the basis for modern texture com-
pression techniques. Block Truncation Coding (BTC), proposed
by Delp et al. [DM79], introduced the division of images into
fixed 4x4 pixel blocks with quantization applied to each block,
significantly reducing storage requirements. Building on this idea,
S3TC [Wik25] extended block-based compression to multi-channel
images by encoding each 4x4 block with two 16-bit color val-
ues and 2-bit indices per pixel, which laid the groundwork for the
widely adopted DXT/BC series [Mic20], with BC1 being one of
the most popular formats.

Subsequent methods refined block-based compression tech-
niques to accommodate platform-specific constraints. ETC (Eric-
sson Texture Compression) targets mobile and embedded devices,
with ETC1 [SAMO5] subdividing each 4x4 block into smaller re-
gions (e.g., 2x4 or 4x2) to allow different color endpoints and in-
terpolation modes, achieving a balance between compression effi-
ciency and visual quality. ETC2 [SP07] extends ETC1 by support-
ing RGBA textures and refining encoding modes for higher color
fidelity, particularly in transparent regions. ASTC (Adaptive Scal-
able Texture Compression) [NLP*12], introduced by ARM, gen-
eralizes block-based compression with variable block sizes rang-
ing from 4x4 to 12x12 pixels, allowing flexible trade-offs between
compression ratio and visual fidelity. In contrast, PVRTC (Pow-
erVR Texture Compression) [Fen03], developed by Fenney, com-
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bines fixed-size block partitioning with frequency-based modula-
tion of high- and low-frequency components, providing efficient
compression while maintaining visual fidelity, even at low bitrates.
While these classical methods perform well in real-time rendering
scenarios, they mainly focus on hand-crafted block encodings and
have limited capacity to exploit redundancies specific to the data,
particularly in images with large-scale low-frequency features such
as lightmaps. This limitation has motivated recent studies on neural
network-based texture compression, aiming to learn compact, high-
fidelity representations that preserve random access efficiency.

Neural texture compression has focused on compact representa-
tions with efficient random access. Vaidyanathan et al. [VSW*23]
introduced Neural Texture Compression (NTC), the first method to
use a hierarchical feature grid with an MLP for real-time decom-
pression, though it is limited to fixed resolutions among texture
sets. Farhadzadeh et al. [FHL*24] extended it to multi-resolution
textures, while Datta et al. [DMD™*23] generalized the grid struc-
ture to other graphics primitives. In contrast, our method requires
no neural network inference at runtime.

A complementary direction, more aligned with our approach,
shifts focus from neural representation to geometric redundancy
in UV space. Methods such as Luo et al. [LJP*23] merge single-
color triangles, and Knodt et al. [KG25] share features across
mirror-symmetric UV charts, both reducing texture size by exploit-
ing structural regularities in UV layouts. These approaches align
compression with rasterization geometry but are less effective for
lightmaps, which typically lack large single-color regions and ex-
hibit irregular, non-symmetric UV layouts, thus limiting the utility
of such redundancy-based strategies.

3. Method

Given a 3D mesh M containing vertex coordinates V, UV coor-
dinates U, and pre-baked HDR lightmap 7i¢, We propose a novel
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three-stage compression framework to generate compressed cas-
cade textures with new color texture 7, and UV LUT texture 7.
As illustrated in Figure 2, our pipeline first constructs feature tex-
tures for all UV triangles through barycentric mapping, enabling
robust color similarity assessment (Section 3.1). Next, we partition
triangles into similarity groups via greedy graph clustering, consol-
idating color-coherent regions into shared UV spaces using repre-
sentative triangles (Section 3.2). Finally, we repack and generate
optimized cascade textures through differentiable rendering, where
UV LUT texture 7. guides sampling from color texture 7, via
triangle-wave mapping F(x)(Section 3.3). This dual-texture sys-
tem achieves aggressive compression while eliminating seam arti-
facts through view-consistent optimization.

3.1. Feature Texture Construction

Lightmap baking frequently yields perceptually similar triangles
due to gradual illumination gradients across surfaces. However,
conventional non-overlapping UV parametrization isolates each tri-
angle in distinct texture regions, creating significant redundancy
when chromatically coherent triangles are spatially separated. To
exploit this geometric redundancy, we introduce a normalization
pipeline that projects irregular UV triangles onto isosceles right
triangles within square domains. This transformation enables rig-
orous color similarity assessment while accommodating arbitrary
geometric configurations.

The core insight is that any UV triangle A; with vertices
{Po,p1,p2} (Where each py = (ug,vx) denotes a 2D UV coordi-
nate) can be standardized within a square domain. This geometric
normalization requires calculating an optimal texture resolution Ry
that preserves color fidelity:

Rs = [R-max (|[po —p1 |, lp1 —p2l, [Ip2 = pol)], (D

where R denotes the resolution of 7Z,r,-g. This formulation ensures
complete coverage of the triangle’s UV extent while minimizing
padding overhead.

To populate the Ry X Ry texture 7, we map each pixel in the
square domain to a corresponding position inside the original UV
triangle using barycentric interpolation. This is done by align-
ing the triangle’s vertices to fixed corners of the square, convert-
ing pixel coordinates into barycentric weights, and sampling the
original lightmap via bilinear interpolation. Only pixels within the
lower-triangular region (corresponding to valid barycentric coordi-
nates) are assigned colors; the rest are left empty. Although the tex-
ture remains a full square in memory, this layout provides a shape-
agnostic, standardized representation that eliminates geometric re-
dundancy and enables consistent similarity comparison across ar-
bitrary triangles.

Crucially, vertex ordering ambiguity can cause triangles with
identical color distributions to appear dissimilar under inconsistent
correspondences—e.g., AABC and ADEF may seem different un-
derA— D,B— E,C— F but similar under A— F,B—E,C—D. To
ensure robust, topology-agnostic similarity evaluation, we generate
six feature textures per triangle, covering all vertex permutations,
as shown in Figure 3. This yields a permutation-invariant represen-

tation {’7;“) }2_, for each UV triangle Ai, forming the foundation
for our graph-based grouping in Section 3.2.

A C B
A Barycentric
Coordinates >
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Figure 3: Feature texture construction. Each triangle is mapped to
the lower-triangular domain of a square feature texture, producing
six possible configurations corresponding to vertex permutations.
Pixel colors within the domain are obtained via bilinear interpola-
tion of the original triangle using barycentric coordinates.

3.2. Similarity Graph Based Triangle Grouping

Building upon the per-triangle square textures constructed in Sec-
tion 3.1, we formalize a graph-based grouping algorithm to clus-
ter triangles with similar chromatic properties. This phase consists
of two sequential components: (1) constructing a similarity graph
where edges encode color affinity relationships, and (2) partition-
ing the graph to identify cohesive groups of triangles that can share
unified UV regions. The grouping strategy reduces redundancy in
lightmap representation while preserving visual fidelity, enabling
efficient UV repacking in Section 3.3.

3.2.1. Similarity Graph Construction

The similarity assessment begins with a computationally efficient
pruning strategy based on dominant color analysis. For each tri-
angle, we construct a color histogram of its covered pixels using
32 bins per RGB channel and identify the center of the most fre-
quent bin as its dominant color. When comparing two triangles A\;
and A j» if the Euclidean distance between their dominant colors
exceeds threshold A;,, we immediately classify them as dissimilar
(Sfinal = —1) without further computation. This preliminary filter-
ing significantly reduces unnecessary processing.

For triangle pairs passing the dominant color test, we perform
rigorous color comparison. Let Ti(k) and ij denote the square tex-
tures of triangles A; and A respectively, where &,/ € {0,1,...,5}
enumerate the six vertex permutations. The L; distance between
textures is computed as:

M=

Dist(7 ¥, 7)) = !

(k) 0
i) =5 & | Pl =T Rl )

p=1

where N is the pixel count. To ensure resolution invariance, we
upsample smaller textures via bilinear interpolation to match larger
counterparts. The minimal distance across vertex correspondences
determines similarity:

dmin(ivj) = min

. 0) ()
Dist(T.\7,T:"). 3
1€{0,1,....5} it T;) )
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The final similarity status is then thresholded:

argminDist(ﬂ(0)7Tj(l>), dmin(i, J) <A
Sﬁnal = l (4)

_17 dmln(lm])Z?\'

where A is a perceptually calibrated similarity threshold.

This pairwise assessment generates an adjacency matrix A €
{-1,0,..., S}M *M \where M denotes the total number of triangles.
It forms an undirected graph G = (V, &) where:

V={Ai|i=1,...,M},

& ={eij | Snar (i, j) # —1}.
This graph structure efficiently encodes the chromatic relationships
among the triangles, as illustrated in Figure 2 (b).

(&)

3.2.2. Graph Partitioning via Greedy Reduction

To consolidate color-coherent regions, we partition G using a
greedy algorithm that prioritizes high-connectivity nodes. The pro-
cess initiates by selecting the node v* with maximum degree:

V¥ = argmax deg(v). 6)

veV

We form group G* = {v*} UN(v*) containing the node and its
first-order neighbors. After removing G* from the graph, the pro-
cess iterates until all edges are exhausted.

Within each identified group Gy, the representative triangle is
chosen as the one with the highest degree in that group, thereby
maximizing color consistency within the shared UV region, while
singleton groups retain their original triangle as representative. This
iterative reduction process, illustrated in Figure 4, yields compact
sets {Gx} with representatives {AEQ)} effectively consolidating
UV space while preserving perceptual quality.

(a) Finding (b) Finding

(c) Final result

Figure 4: Triangle grouping process. (a) The node with maximum
degree 5 is selected as representative, together with its first-order
neighbors forming Group 1. (b) After removing Group 1 nodes,
the node with maximum degree 3 becomes representative, form-
ing Group 2 with its neighbors. (c) With all edges eliminated, each
isolated node serves as its own representative, yielding 6 groups in
total.

3.3. Lightmap Regeneration
3.3.1. UV Repacking and Lightmap Generation
Building upon the triangle grouping framework established in Sec-

tion 3.2, we now address UV repacking and lightmap regeneration.
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Each group, represented by a triangle with maximal similar edges,
serves as the foundation for UV realignment. Non-representative
triangles within each group undergo rigid transformations to align
their UV coordinates with the representative triangle, guided by
the similarity status Sg,, computed between each pair of non-
representative triangle and the representative, thereby preserving
structural integrity while minimizing deviation from the original
UV layout.With these aligned UV coordinates, the next step is to
organize them efficiently within a UV atlas to generate the repacked
lightmap.

To accomplish this, we adapt the standard UV packing pipeline
from XAtlas [Youl7], which typically involves cutting, parameter-
ization, and packing stages. However, to prevent distortion of the
original UV mapping, we bypass the parameterization phase and
focus exclusively on rigid transformations during packing. This ap-
proach maintains geometric fidelity while ensuring consistent tex-
ture sampling across grouped triangles.

The repacked UV atlas enables generation of a new lightmap at
reduced resolution. We introduce a hyperparameter € as a scaling
factor, defining the regenerated lightmap resolution as W, x H, =
eW x eH, where W and H denote the original lightmap dimensions.
This downscaling preserves the aspect ratio of each representative
triangle, ensuring that the UV geometry is uniformly scaled without
stretching or squeezing, while retaining at least e-times the original
sampling density.

To populate the repacked lightmap, each pixel (x,y) is processed
as follows:

1. Compute barycentric coordinates within its host triangle

2. Map these coordinates to the original lightmap space using the
established correspondences

3. Sample the color via bilinear interpolation

This process preserves the original lighting information as faith-
fully as possible while accommodating the repacked UV layout.
The regenerated lightmap maintains visual fidelity despite resolu-
tion reduction, leveraging the chromatic coherence established dur-
ing grouping to minimize artifacts.

3.3.2. Cascade Texture Generation

The UV repacking process described in Section 3.3.1 achieves ini-
tial compression but presents opportunities for further optimiza-
tion. To enhance compression ratios while maintaining visual fi-
delity, we adopt the hierarchical array structure proposed by the
Differentiable Indirection method [DMD*23], and build a similar
cascade texture representation. This representation consists of:

o UV LUT texture (1¢): Encodes remapped UV coordinates with 2
channels at resolution W, X H. = €W, X e€cHj.

e Color texture (Tp): Stores color values with 3 channels at reduced
resolution Wy, X Hp = €,W; X €pHy.

where €. and €, are compression factors. This design captures
low-frequency color variations in the low-resolution color texture,
while the high-resolution UV LUT modulates these components to
reconstruct high-frequency details.

During the sampling process, the cascade texture is queried using
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arbitrary UV coordinates. First, the UV LUT texture is accessed to
obtain a new UV coordinate, and then this value is used to sample
the color texture, as formulated below:

C(u) = Tp(F(Te(w))), (M

where u denotes the input UV coordinate, and C(u) is the final
lightmap color at the queried location. Here, both T;(-) and Tj(-)
represent texture lookups implemented with bilinear interpolation.
The function F is a triangle-wave mapping, defined as:

X |x 1
2 (2 2|

The triangle-wave function ensures that coordinates remain within
the range [0, 1], preserving differentiability and making it compati-
ble with modern optimization techniques.

Flx)=2. ®)

Importantly, the cascade texture representation is fully differ-
entiable, which enables its integration into gradient-based opti-
mization methods described in Section 3.3.3. This design achieves
significant reduction in texture resolution while preserving high-
frequency details and spatial coherence.

3.3.3. Differentiable Rendering Optimization

Notwithstanding the UV repacking process detailed in Sec-
tion 3.3.1, interpolation artifacts may persist as discontinuities
along triangle boundaries. To mitigate these seam artifacts, we em-
ploy a differentiable rendering-based optimization that jointly re-
fines both texture components. Leveraging the Nvdiffrast differen-
tiable renderer [LHK*20], we first initialize the textures: the color
texture T) is filled with the downsampled regenerated lightmap
scaled by factor €p, while the UV LUT texture 7. adopts a stan-
dard 2D UV mapping scaled by ec.

During optimization, we rasterize the color texture onto the mesh
from multiple stochastic viewpoints sampled across a unit sphere,
producing screen-space radiance images. Losses are then computed
directly in these rasterized images using a combination of L1 color
fidelity and image-space gradient consistency. This formulation it-
eratively refines both textures, minimizing visual discontinuities
along triangle boundaries while preserving the original illumina-
tion. The optimization converges to seamless, perceptually faithful
reconstructions, despite substantial resolution reduction.

4. Experiments
4.1. Implementation Details
4.1.1. Technical Architecture

The proposed compression pipeline is implemented through a hy-
brid C++ / Python architecture. The core processing stages—from
initial UV triangle standardization (Section 3.1) to UV repack-
ing (Section 3.3.1)—are executed in C++. This module ingests
mesh vertex coordinates, UV mappings, and HDR lightmaps,
generating repacked lightmaps. The differentiable rendering op-
timization (Section 3.3.3) is implemented in Python using Nvd-
iffrast [LHK*20]. To accelerate triangle similarity assessment (Sec-
tion 3.2.1), we leverage OpenMP [Ope18] for pairwise comparison
parallelization. Triangles with radiance exceeding 2.0 are excluded
from similarity analysis, as they are unlikely to recur and therefore

do not warrant comparison. For the remaining triangles (pixel ra-
diance € [0,2.0]), we normalize values to [0, 1] and quantize them
into 8-bit integers, which reduces storage requirements and facili-
tates faster pixel-wise subtraction by lowering data precision.

4.1.2. Parameter setting

Key parameters are configured as follows: Similarity thresholds
A =0.03 and A;, = 0.09 control triangle grouping strictness; res-
olution scaling factors € = 0.5 (repacked lightmap), €, = 0.4 (color
texture), and . = 0.7 (UV LUT texture) balance compression ra-
tios. Differentiable optimization employs Adam for 5,000 steps
with mesh vertices normalized to [—1, 1}3. The learning rates are
set to 5 x 10™* for the color texture and 5 x 10> for the UV LUT
texture. Camera positions are randomly sampled on a unit sphere
(radius=3.0), and rendering occurs at 2048 x 2048 resolution to
preserve high-frequency details during gradient-based refinement.

4.1.3. Dataset

Our dataset comprises 22 freely available mesh models curated
from Sketchfab [Ske25], selected to be lightweight and geometri-
cally clean, ensuring reliable UV unwrapping and effective clus-
tering. The mesh models will be provided in the supplementary
material. For each model, we generated lightmap UV coordinates
using Blender [Ble25]. These assets were then integrated into a
unified bedroom scene within Blender, where we established two
physically based lighting configurations: a high-intensity daylight
setup and a low-illuminance nighttime setup. Under each light-
ing condition, we baked 1024x1024 HDR lightmaps for every
mesh, capturing global illumination effects. To ensure signal fi-
delity, all lightmaps underwent denoising via the NVIDIA OptiX
denoiser [Rus19], resulting in a final corpus of 44 noise-reduced
lightmaps suitable for compression analysis.

4.1.4. Evaluation Metrics

We employ three principal metrics to rigorously evaluate the effi-
cacy of our compression framework. First, the compression ratio
(CR) quantifies storage reduction through a bit-accurate compar-
ison between compressed textures and the original lightmap. To
address varying bit-depth requirements across texture formats, we
define CR mathematically as:

(WP X HP X bppp) + (WL X He X bppc)
W x H x bpporig

CR=1- , 9
where W x H denotes the original lightmap dimensions, bpp;, =
48 specifies the bits per pixel for our 3-channel 16-bit source data,
where each channel is represented by a 16-bit half-precision float-
ing point number. The compressed representation consists of two
components: the color texture 7, with dimensions W, x H, and
bpp,, = 48 bits per pixel (3-channel 16-bit format), alongside the
UV LUT texture 7. with dimensions W, x H, and bpp, = 32 bits
per pixel (2-channel 16-bit coordinates). Second, perceptual fidelity
is evaluated through render-space PSNR and 1-SSIM [WBSS04].
To ensure statistical robustness, we sample 50 camera viewpoints
uniformly distributed on a unit sphere (radius=3.0), with all mod-
els normalized to a [—1, 1]3 bounding volume. For each view, the
HDR radiance encoded in the lightmap is mapped onto the mesh
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surface and rendered with Nvdiffrast [LHK*20] without additional
shading. The resulting pixels directly represent radiance values, and
metrics are averaged across all views to mitigate viewpoint bias.

4.2. Results

All experiments were executed on a desktop workstation equipped
with an NVIDIA GeForce RTX 3060 GPU and Intel Core i7-10700
CPU. The hierarchical texture optimization leverages GPU-based
differentiable rendering, while CPU-bound preprocessing stages
(triangle standardization and similarity clustering) utilize multi-
threaded parallelism.

Across both daylight and nighttime illumination scenarios, our
compression framework achieves substantial storage reduction,
with an average compression ratio (CR) of 83%, ranging from
75% to 91%, thereby consistently minimizing memory footprint.
To assess visual fidelity, we compare the compressed and origi-
nal HDR radiance maps by mapping them onto the mesh surface
and rasterizing with Nvdiffrast. The resulting radiance images are
quantitatively evaluated using PSNR and 1-SSIM, yielding aver-
age values of 51.20 and 0.0040, with minimum values of 34.66 and
0.0003, and maximum values of 68.60 and 0.0397, respectively.
Figure 9 presents representative comparisons of rasterized HDR ra-
diance maps, highlighting both the perceptual differences and the
corresponding quantitative metrics. Figure 1 shows representative
daylight renderings using the original and compressed lightmaps,
where lightmaps provide the diffuse component and a uniform am-
bient term is added, without additional scene lighting.

4.3. Comparison

Table 1: Comparison across different methods

Method CR (%)1 PSNR@dB)1 1-SSIM |
Ours 83 51.79 0.0027
DownSampling 83 51.10 0.0030
Knodt et al. [KG25] 83 39.05 0.0073
Luo et al. [LJP*23] 44 40.08 0.015
. o B P B
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Figure 5: Distribution of metrics across different methods. Each
plot combines box plots with overlaid scatter points representing
individual samples.

We conduct comprehensive evaluations against simple bilin-
ear DownSampling method and UV-based texture compression
methods [LJP*23, KG25]. For equitable comparison, we imple-
ment critical experimental controls: DownSampling and Knodt et
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al. [KG25]’s methods are constrained to match our method’s stor-
age footprint by enforcing equivalent bit budgets, while Luo et
al. [LJP*23]’s approach retains its native output resolution due to
inherent architectural constraints.

Quantitative results in Table 1 and Figure 5 reveal our consistent
improvements over prior methods across both PSNR and SSIM,
indicating enhanced rendering fidelity. Qualitative evaluations in
Figure 6 provide deeper visual insights: simple DownSampling in-
troduces pervasive blurring artifacts that degrade high-frequency
illumination details, particularly evident in shadow boundaries; in
contrast, our selective region compression preserves sharp edges
and maintains illumination integrity. We apply the seam carving
component of Knodt et al. [KG25] to reduce texture resolution, but
observe severe color bleeding under high compression. In densely
packed lightmap UVs, seams often traverse boundaries between ad-
jacent charts, and their removal merges distinct lighting responses,
causing light to leak across regions. The other component of the
same framework—symmetric chart merging—is largely inapplica-
ble, as lightmaps rarely exhibit mirror-symmetric illumination due
to view- or environment-dependent lighting. Luo et al. [LJP*23]’s
monochromatic triangle matching also yields limited gain due to
the scarcity of uniform-color regions in gradient-rich lightmaps.
These results highlight the incompatibility of general UV simpli-
fication strategies with lightmap compression, validating our spe-
cialized approach.

In terms of compression runtime efficiency, our lightmap
compression algorithm requires an average of 156 seconds per
lightmap, compared to 258 seconds for Luo et al. [LJP*23] and 206
seconds for Knodt et al. [KG25]. Conventional downsampling re-
mains the fastest at under one second. At render time, the additional
UV LUT lookup incurs negligible overhead (adding less than 10 ps
per frame in our WebGL implementation), demonstrating minimal
impact on real-time performance.

4.4. Compatibility with Block-based Compression

Table 2: Performance of ASTC-compatible compression.

Method CR (%)1T PSNR(@dB)1 1-SSIM |
Ours 83 51.79 0.0027
Ours+ASTC 87 49.58 0.0029

We demonstrate that our framework is fully compatible with
conventional block-based texture compression schemes. Specifi-
cally, applying ASTC with a 4x4 block size to the color texture
generated by our method yields a hybrid compression approach
with a higher overall compression ratio. The additional compres-
sion gain arises from the reduced bits per pixel (bpp) in the color
texture after ASTC encoding, which reduces the bpp,, from 48 to
6, directly contributing to lower storage requirements. As shown in
Table 2, this combination provides a more aggressive compression
option, with only a modest impact on perceptual fidelity, offering
greater flexibility when prioritizing storage efficiency.
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40.3/0.0080 / 67%

4
47.5/0.0032/81% [MORL 47.2/0.0069/81% m 41.5/0.0044 / 81%

(a) Ours (b) DownSampling (c) Knodt et al. (d) Luo et al.

Figure 6: Qualitative comparison. Compared with direct lightmap downsampling, our method produces smoother hard shadow boundaries
without introducing blocky artifacts. In contrast to prior UV-based texture optimization approaches [LJP*23, KG25], our framework avoids
color bleeding artifacts and better preserves shading consistency across surfaces. Quantitative metrics (PSNR / 1-SSIM / Compression
Ratio) are provided below each image for reference. The visual quality metrics are averaged over all viewing directions.

4.5. Ablation Study factor (¢), color texture resolution ratio (¢p), and UV LUT resolu-
tion ratio (e¢). Through controlled experiments where each param-
eter was varied individually while holding the other two at their
We conduct a systematic evaluation of three critical parameters identified optimal values, we identify precise performance thresh-
governing our compression pipeline: the repacked lightmap scaling

4.5.1. Compression parameters

© 2026 Eurographics - The European Association
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olds essential for balancing compression efficiency and visual fi-
delity.
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Figure 7: Impact of different parameter settings.

As shown in Figure 7, our analysis reveals that reducing € be-
low 0.5 triggers significant quality degradation due to progressive
texture detail loss, while €, values under 0.4 cause abrupt reduc-
tions in color variation richness. For €., we observe that settings
below 0.7 substantially impair high-frequency detail preservation.
After comprehensive testing across diverse scenes, we establish the
optimal configuration as € = 0.5, ¢p = 0.4, and e = 0.7. Notably,
higher €, values yield diminishing quality returns at the expense
of compression gains, whereas lower €. values disproportionately
degrade high-frequency features critical for illumination accuracy.

4.5.2. Compression Strategy

We conduct ablation studies on two core components: 1) UV
repacking (Section 3.3.1) and 2) cascade texture representation
(Section 3.3.2).

UV repacking. We bypassed the UV repacking stage while keep-
ing the resolution scaling factors €. and ¢, fixed, and initialized the
cascade texture directly from the original lightmap rather than the
repacked version to isolate the effect of UV repacking. Table 3 and
Figure 8 indicate that omitting UV repacking slightly improves the
fidelity of the rasterized HDR radiance maps due to the preservation
of more UV information, but substantially reduces the compression
ratio compared to the full pipeline.

Cascade texture. We remove the cascade texture module en-

tirely and use the repacked lightmap directly as output, without

© 2026 Eurographics - The European Association
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performing gradient-based optimization. As reported in Table 3,
UV repacking has a greater impact on compression ratio than the
cascade texture. However, the absence of optimization prevents ef-
fective correction of seams and jagged edges, resulting in decreased
rasterized HDR radiance fidelity, as illustrated in Figure 8 (right).

These findings demonstrate that the combined application of UV
repacking and the cascade texture representation is essential for
achieving high-fidelity lightmap compression, effectively balanc-
ing compression efficiency and rasterized HDR radiance quality.

Table 3: Ablation study results on lightmap compression.

Method CR (%)1T PSNR(@@B)1T 1-SSIM |
Ours 83 51.20 0.0040
w/o UV repacking 51 51.93 0.0021
w/o cascade texture 64 39.88 0.0070

o™ o =

N J J

® T aah
-

Ours w/o UV repacking w/o cascade texture
Figure 8: Visual comparison of ablation experiments. Both UV
repacking and cascade texture contribute to improved compression
ratio and rasterized HDR radiance fidelity

5. Limitations and Conclusions
5.1. Limitations

Our method struggles with sparsely triangulated surfaces exhibit-
ing complex intra-triangle illumination gradients, such as large
planar surfaces in architectural scenes with intricate shadow tran-
sitions. In these cases, high color variance within individual tri-
angles reduces compression efficiency, diminishing our advantage
over naive downsampling. Future work may explore adaptive sub-
division based on gradient magnitude and extend the hierarchi-
cal framework to pixel-level compression within triangles for im-
proved granularity.

5.2. Conclusions

We present the first dedicated framework for lightmap texture
compression, fully compatible with modern real-time rendering
pipelines. Our method exploits color-coherent UV clustering to
identify and group perceptually similar triangles, enabling efficient
UV repacking and reduced redundancy. Additionally, by integrat-
ing a cascade texture representation into a differentiable rendering
pipeline, we achieve substantial resolution reduction while preserv-
ing high visual fidelity and minimizing seam artifacts. These con-
tributions provide a practical and scalable solution to the memory
demands of lightmaps, supporting more visually rich and expansive
virtual environments.
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Figure 9: Visual results. For each mesh, we present two separately baked lightmaps, each visualized with three components: the rasterized
HDR radiance map from the original lightmap (left), the rasterized HDR radiance map from the compressed textures (middle), and the
amplified visual difference between them (right). Quantitative metrics (PSNR/1-SSIM/CR) are provided on the visual difference images. The
visual quality metrics are averaged over all viewing directions.
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