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Abstract. We introduce the challenging Sterkfontein Caves dataset com-
prising ten underground scenes from a UNESCO World Heritage Site, and
use it to find a new simple baseline method that beats existing low-light
reconstruction methods upon it. Each scene is of complex surface geometry
and high-frequency texture from cave rock structures, including human-
made markings on the rock face. The captured images exhibit varied or
uncontrolled lighting over a large dynamic range, with glare artefacts, and
low signal-to-noise ratios from the challenging dark real-world capture sce-
nario. We propose a view synthesis benchmark for low-light RAW and sRGB
reconstruction. All tested NeRF and Gaussian splatting baseline methods
struggle on this data, with the best performing method in terms of reliability
and average PSNR being our Raw-Nerfacto method. We discuss these errors
in detail to find directions of future work for the community in overcoming
the significant challenges that remain in low-light high-detail scenes. Our
dataset is publicly available at |https: //visual.cs.brown.edu/sterkfontein!

1 Introduction

A long-term goal of view synthesis is to enable global virtual access to culturally
important, remote, sensitive, or inaccessible environments. The Sterkfontein Caves
are one such environment: a UNESCO World Heritage Site and South African Na-
tional Heritage Site that is one of the world’s richest palaeoanthropological sites.

Excavation in the ancient caves has yielded the largest collection of Australo-
pithecus fossils, including iconic specimens like Sts 5 (“Mrs. Ples”), and the most
complete early hominin skeleton, StW 573 (“Little Foot”) [27]. Beyond the rich
record of stone tools, hominin and non-hominin fauna, and fossil wood, the caves
represent important karst topographies containing diverse and complex geological
formations such as speleothems. Visual documentation of this environment is
valuable across several domains: it facilitates science communication |26], provides
virtual tourism, enables heritage and ecological conservation monitoring, and aids
primary palaeoanthropological research as part of exploration and excavation
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Table 1: Characteristics and parameters of the ten scenes. Lighting: the dominant
type of light source. Self-Occ.: if the scene exhibits notable self-occlusion on the surface.
Co-Loc.: whether the images were taken with a co-located light source. ISO: ISO level.
Shutter: shutter speed measured in seconds. Views: number of unique views in the scene.

Location Label Characteristics Lighting Self-Occ. Co-Loc. ISO Shutter Views

Depositl D1 Glare Artificial v X 2000 1/10 99
Deposit2 D2 Contrast Loss Artificial X v 2000 1/100 105
Deposit3 D3 Self Occlusion Artificial v X 2000 1/100 89
Deposit4 D4 Self Occlusion Artificial v v 2000 1/100 87
Tunnell D5 Low Light Natural X X 3200 1/10 80
Tunnel2 D6 Low Light Both X X 2000 1/100 102
Protrusionl D7 High Dynamic Range Natural v X 2000 1/100 175
Protrusion2 D8 High Dynamic Range Both v X 2000 1/100 98
RoofPendantl D9  Low Light; Scale Artificial X v 2000 1/10 116
RoofPendant2 D10 Scale Artificial X v 2000 1/100 124

Log Luminance (Base 10)

o1 D2 D3 D4 DS D6 D7 D8 D3 DIO 0 100 200 300 200 500 600
(a) Relative log-scale luminance distribution (b) Radial frequency profile of scenes shows still
normalised to exposure and ISO per dataset. high energy at high frequencies.

Fig. 1: Luminance distribution and radial frequency profiles for the ten scenes.

programmes. Novel view synthesis (NVS) is a promising approach to further
these efforts by providing an intuitive 3D viewing experience from captured
photographs [13}/18}21].

However, while some NVS methods have addressed low-light conditions
[41[19,[37], the Sterkfontein Caves present a formidable challenge that exist-
ing approaches do not adequately handle. [llumination in the caves may come
from narrow shafts of natural light or weak artificial sources, creating large unlit
or shadowed regions, strong self-shadows, high dynamic range, glare, and low
signal-to-noise ratios. Surface geometry and material vary abruptly, producing
high-frequency appearance changes. To complicate matters, field geologists and
palaeoarchaeologists may only have simple imaging equipment like smartphones
and may need to work quickly with limited power and site access. Thus, beyond
providing examples of digital preservation for an important global archaeolog-
ical site, the Sterkfontein Caves dataset also provides a challenging test-bed to
evaluate the efficacy of NVS methods and to further their research.

We contribute a dataset and an analysis of NVS methods that reveals a
new state-of-the-art baseline. The Sterkfontein Caves dataset is the first public
multi-view RAW capture of scenes from a UNESCO World Heritage cave system.
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We capture ten scenes with varied lighting configurations and camera parameters
to create different reconstruction challenges, and include 80-exposure stacks from
which we derive a low-noise reference view. Characteristics and details of these
scenes are provided by Tab. [T and Fig.

We evaluate ten methods for RAW and sRGB inputs on this data. These
include standard NeRF and GS methods, those explicitly designed for low-light
settings, and methods that denoise for low SNR settings. Overall, we find the aver-
age performance to be poor, that denoising via learned priors may not generalise
to the geological setting and so is often worse than no denoising, and that low
light methods are not necessarily better than standard methods. Through this,
we uncover a simple adapted baseline—Raw-Nerfacto—that consistently produces
good results without catastrophic failures and is able to expose scratched writing
on rock faces. Importantly, quantitative metrics often mislead in describing errors
within low-light imagery; we instead lean on qualitative analysis to identify re-
search directions for the community. Overall, the digital preservation of heritage
sites with harsh illumination remains a challenge, and our contributions aim to
further research in recording humanity’s most important archaeological locations.

2 Related Work

Datasets for Novel View Synthesis. FEarly benchmarks for neural rendering
focused on controlled conditions. Synthetic datasets like Blender scenes [21]
and the LLFF collection |20]| provide clean imagery with known camera poses,
while indoor datasets such as Replica [28] and ScanNet [5] capture structured
environments under consistent artificial lighting. Knapitsch et al. [14] introduce
outdoor scenes with natural lighting but maintain high luminance and SNR with
good visibility.

For larger-scale scenes, Tancik et al. [30] demonstrate city-wide reconstruction
from internet photos, while MegaScenes [33| provides diverse outdoor imagery. The
OMMO dataset |17] combines RGB and point clouds for multi-modal reconstruc-
tion, and recent benchmarks like GigaN'VS [34] target unbounded, high-resolution
capture. Despite their scale, these datasets again feature well-illuminated scenes
with good visibility conditions.

Heritage and archaeological site documentation remains underexplored in the
neural rendering literature. Existing methods rely on photogrammetry, terrestrial
laser scanning |7,[10|, and lidar-based cave mapping techniques [6,/42], which
prioritise geometric accuracy over photorealistic appearance modelling. These
include complex robotics mapping problems in demanding circumstances [38}[39]
and part of the DARPA Subterranean Challenge [32]. But, to our knowledge, no
dataset exists that benchmarks NVS methods in challenging lighting conditions
while providing scientific relevance in adjacent fields such as palaeoarchaeology.

Low-Light Neural Rendering. Standard NeRF and 3DGS pipelines suf-
fer degradation under low-light conditions due to nonlinear tone mapping that
introduces multiview inconsistencies and noise amplification in shadows. RawN-
eRF [19] addresses these limitations by training directly on linear RAW sensor
data, preserving high dynamic range while leveraging multi-view aggregation
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(a) Low SNR frame (b) High SNR HDR+ (c) Gaussian-DK (d) Luminance-GS

Fig. 2: RAW Sterkfontein data are low SNR. a) One of our RAW frames and b)
its HDR+ reference created from 100 exposures, with both post-processed to sRGB. ¢)
and d) are training images from Gaussian-DK and Luminance-GS LOM |3| scenes
provided as sSRGB (no RAW) using black box camera ISP processing. This limits research
opportunities into better noise modelling.

(a) High-frequency (b) Glare (c) Contrast loss (d) Self occlusion
Fig. 3: Characteristic challenges of natural cave datasets. (a) High-frequency
surface detail in low signal to noise ratios; (b) glare from static light sources in low-light
environments; (c¢) contrast loss (no shading or shadows) due to co-located light with
camera; (d) self occlusion from highly variable and irregular surface geometry. sSRGB
processed images from our dataset.

to effectively denoise imagery. Li et al. introduce an in-the-loop denoising
scheme for Gaussians to also support RAW imagery, and LE3D adds depth
regularizations and also supports RAW imagery. LITA-GS employs structural
priors and a lightweight progressive denoising model. LL-Gaussian decom-
poses the scene into static and dynamic components to account for illumination
effects. Ye et al. separate rendering into radiance and light feature maps for
fine-grained brightness adjustment. DarkGS accounts for inconsistent lighting
by calibrating an in-the-loop illumination model. Alternative approaches enhance
illumination within the neural rendering pipeline. Aleth-NeRF [4] models light
attenuation explicitly in the radiance field, and LLNeRF applies illumination
enhancement during reconstruction. For Gaussian splatting, Luminance-GS |[3| in-
troduces per-view color mapping and adaptive tone curves for low-light conditions.
Still, as we shall see, many methods struggle in underground caves.

3 Sterkfontein Caves Dataset Capture

Acquisition. We pick a cheap, small camera as our capture device. The ratio-
nale is that practical use of NVS in caves increases as the capture cost decreases.
While larger professional equipment such as 3D scanners or multi-camera rigs
with structured light sensors can produce high-quality results, these are more
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expensive, more difficult to deploy underground, and out of reach for many
field geologists or palaecoarchaeologists. As such, we use a Samsung Galaxy S24
smartphone with Open Camera [8] to capture ten datasets across four different
locations. Each image is captured RAW at 4kx3k pixel resolution from the
‘Ultrawide’ camera, which has a 1/2.55" 12 MP 10-bit sensor. Each scene consists
of 80-175 views, so the whole dataset has 1,100+ images. We adjusted camera
parameters per scene to balance available light with motion blur: ISO values
ranged from 2000-3200 and exposure times ranged from 1/100s to 1/10s. For each
viewpoint, following Mildenhall et al. |19], we capture and merge burst sequences
of 80100 frames into a low-noise HDR+ [9] image as a noise-reduced reference
(Fig. [2). For each scene, we estimate the camera poses using COLMAP [24] on
full-resolution JPEG images postprocessed from our RAW datasets, including
a single frame from the burst of 100 for the HDR+ reference.

Scenes. Our ten scenes across four locations represent distinct challenges to
NVS (Tab. . This is comparable in scale to other NVS benchmarks: MipNeRF-
360 (9 scenes), RawNeRF (7), Gaussian-DK (12), and Aleth-NeRF (5). The
Deposit location shows an excavation containing fallen rocks from a prehistoric
opening (a promising location for fossil discoveries). The highly uneven surfaces
create self-occlusion that is exacerbated by artificial lighting. The Tunnel loca-
tion has minimal illumination of any kind. The Protrusion location features
the only cave section illuminated by ceiling openings, creating large dynamic
ranges where luminance distributions exhibit distinct peaks at overexposed and
occluded regions. Finally, the Roof Pendant location is a 360-degree capture of
a hanging bedrock in a large open chamber, with human writing scratched into
its surface. This scene examines larger-scale reconstruction and fine detail under
challenging lighting. Each location has capture variants in exposure time and
lighting, including low-light conditions with weak artificial sources that produce
glare, co-located lighting to mitigate shadows, and strong spotlight illumination.
Across these scenes, we identify six NVS challenges:

1) Low light & high noise. Caves are dark with sparse natural light or even
pitch black with only sparse artificial light. This scenario is difficult for patterned
colour filter imaging as we must handle low SNR while preserving geometric
details (Fig. . Some existing low-light datasets for NVS are sRGB with high
SNR; they do not expose RAW images and rely on black box ISPs to denoise
(Fig. . These data largely ignore noise as a problem which limits research
opportunities into better noise modelling.

2) High frequency. Caves have high frequency geometry and texture detail
everywhere (Fig. .

3) Self occlusion. Complex cave geometry with uneven surfaces (Fig. and
overhangs creates extensive shadowing, exacerbated by directional artificial light-
ing. These conditions challenge methods to infer occluded appearance.

4) Contrast loss. Positioning light sources near the camera reduces self-occlusion
while improving scene illumination. However, when a fixed light source is near
the camera, it causes a loss of contrast as shading and shadows are filled in,
reducing information used for geometry estimation (cf. Fig. |3bl and Fig. .
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5) High dynamic range. Sections of the caves receive natural light from en-
trances or ceiling openings at certain times of the day. Midday sunlight serves
as a strong directional source but illuminates limited sections only, causing the
unlit sections of the caves to be significantly darker.

6) Glare. The few static light sources in the caves that provide minimal illumi-
nation for traversal cause noticeable glare in images captured nearby (Fig. [3b]).

Lighting setups in general are difficult in caves. Dynamic co-located light-
ing is often unavoidable. Even without dynamic co-located lighting, in a dark
sparsely-lit environment, static lighting can introduce prominent shadows cast
by the camera operator, and even with great care it is difficult to suppress
lighting variation caused by minor occlusions from the operator. These violate
the multi-view consistency assumptions underlying many NVS methods, making
reconstruction more challenging. Such variations must be accommodated within
the reconstruction algorithm.

4 Experimental Setup

We prepare training and test data for RAW methods and methods that input
processed images. To generate test hold-out views, we follow the HDR+ algorithm.
We average the burst of 80-100 exposures to produce a single RAW denoised
image. Then, we demosaic it using bilinear interpolation, transform the data
to the CIE XYZ colour space and then to sSRGB primaries, and do not apply
gamma correction such that the image remains linear (‘linear sSRGB’). Image
intensities are divided by 99th percentile of peak luminance and clipped to [0,1].

To generate training views for processed non-RAW methods, we follow the
same approach as for the reference view without multi-exposure averaging. Train-
ing and evaluation happen on so-called linear sSRGB imagery.

Training views for RAW methods simply use the RAW file. Rendered views
from RAW reconstruction methods have all camera primary RGB colours per
pixel, and reconstruction uses a loss that penalises each original RAW colour
filter per pixel. To evaluate outputs, we process the rendered RAW view as above
such that it matches the hold-out view.

4.1 Evaluated methods.

RawNeRF [19] RAW input. NeRF method for low light / HDR. This method
is MipNeRF |1] with a modified training loss for RAW images.

Nerfacto [31] / Raw-Nerfacto Lincar sSRGB / RAW input. We adapt the
underlying architecture of Nerfacto, itself an adaptation of InstantNGP [22], to
take input RAW images and penalise a RAW training loss as in RawNeRF. To
our knowledge, this method has not been previously evaluated.

Splatfacto [31] / RawSplatfacto Linear SRGB / RAW input. 3D Gaussian
Splatting [13] as implemented in NeRFStudio as Splatfacto, then adapted by us
to take as input unprocessed RAW images and optimise against them. Again,
the RAW version has not been evaluated to our knowledge.
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D2 D3 D4 D5 D6 D7 D8 D9 D10

Missing

Fig. 4: Qualitative comparison of all RAW methods. Raw-Nerfacto is visibly better than
its competitors, which often cannot reliably reconstruct challenging scenes.

LE3D RAW input. 3DGS method for low light with additional random
points for initialisation, a colour MLP instead of spherical harmonics, and depth
and blending weight regularisation during training.

HDRSplat RAW input. HDRSplat adapts the base 3DGS implementation
and also adds a learning-based RAW image denoiser PMRID with hand-tuned
rasterisation parameters for training on linear RAW images.

Gaussian-DK Linear sRGB input. 3DGS method for low light that splits
the GS rasterisation process into radiance and light field maps, which are sep-
arately tone-mapped to account for brightness variations in images.

We also include two low-light enhancement methods:

Aleth-NeRF Linear sRGB input. NeRF with an illumination-adaptive “con-
cealing” field that causes scene darkness to obstruct light to the camera.
Luminance-GS Linear sRGB input. This augments 3D Gaussian Splatting
with per-view colour matrix mapping and view-adaptive curve adjustment to
account for challenging lighting conditions.

4.2 Evaluation protocol

For each method, we conduct experiments using the official code release from the
authors with default hyperparameters. Each method is trained and evaluated on
full-resolution 4k x 3k images, rather than on the often-downsampled imagery in
other datasets. Training utilises all available views, which vary in number across
scenes (see Table . For evaluation, we hold out a single view per scene that
shares the exact perspective of the HDR+ reference frame, which is inherently
denoised via exposure stacking. During evaluation, we render the held-out view at
full sensor resolution and compare it against the HDR+ reference. Comparison is
done in the linear SRGB space where possible. NeRF-based methods are trained
for 200k iterations; 3DGS-based methods for 30k.
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Table 2: Quantitative comparison of all RAW methods using PSNR, SSIM, and LPIPS
metrics. Blue = best; yellow = 2nd best.

Method Metric DI D2 D3 D4 D5 D6 D7 D8 D9 D10
RowNeRF PSNRa 181 19.4 121 144 17.2 186 181 174 137 15.1
e SSIM a 0.251 0.241 0.322 0.382 0.175 0.420 0.403 0.573 0.487 0.568
RAW in+out

LPIPSv 0.740 0.800 0.794 0.567 0.896 0.701 0.619 0.558 0.670 0.593

PSNRA 18.4 192 196 140 156 18.0 18.8 21.3 169 189
SSIM A 0.24 0.229 0.510 0.323 0.163 0.412 0.400 0.621 0.504 0.597
LPIPSY 0.699 0.75 0.413 0.542 0.891 0.711 0.605 0.519 0.616 0.459

JPSNRA 179 174 196 13.6 12.0* 14.4' 167 11.7 153 17.8!
SSIM A 0.234 0.182 0.495 0.310 0.109'0.179' 0.330 0.113 0.191 0.501"

Raw-Nerfacto
RAW in+out

Raw-Splatfacto

RAW intout 1 pipgy 0.695 0.782 0.447 0.600 0.897" 0.743' 0.629 0.701 0.741 0.648"
HDRSplat PSNRA 169 17.4 20.1 152 142 188 175 124 17.5 18.7
RAWPi , SSIM & 0.218 0.162 0.526 0.384 0.111 0.267 0.182 0.289 0.353 0.566

MTOUL L PIPSY 0.775 0.835 0.379 0.464 0.932 0.676 0.645 0.736 0.73 0.585
LE3D PSNRA 17.0 137 193 15.3 160 19.0 ? 171 _? 19.3
RAW insout  SSIM A 0244 0.216 0.517 0.405 0.167 0.395 20447 2% 0.650

MTOUL L PIPSY 0.859 0.908 0.466 0.650 0.854 0.659 2 0.650 2 0.593

! Scene that completed fewer than 30,000 training steps due to OOM caused by uncontrolled
Gaussian growth.
2 Scene terminated due to out-of-memory errors (OOM) before training could begin.

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Fig. 5: Qualitative comparison of all sSRGB methods.

All experiments were conducted on NVIDIA RTX 3090s with 24GB VRAM
or NVIDIA Quadro RTX8000 with 48GB VRAM.

We compute PSNR, SSIM, LPIPS metrics. Some methods directly output
tone-mapped images (Gaussian-DK, Luminance-GS, Aleth-NeRF) via internal
tone mapping. This step can be sophisticated, e.g., a CNN in Gaussian-DK,
which makes appearance matching across techniques for visualisation and com-
parison difficult, and which makes numeric metric comparisons across methods
and scenes less meaningful. Further, Luminance-GS and Aleth-NeRF attempt to
artificially brighten the scene, e.g., in Sec. the output tone of Luminance-GS
is bright and varies across scenes, which again makes their quantitative results
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Table 3: Comparison of all SRGB methods qualitatively and using PSNR, SSIM, and
LPIPS metrics. Blue = best; yellow = 2nd best.

Method Metric D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Nerfacto PSNRaA 146 146 19.4 17.5 141 17.5 18.3 20.1 17.8 16.9
Linear sRGB in SSIM A 0.215 0.202 0.479 0.448 0.144 0.380 0.416 0.510 0.439 0.490
Linear sRGB out LPIPSY 0.609 0.692 0.324 0.452 0.709 0.534 0.521 0.398 0.542 0.460

Splatfacto PSNRaA 138 14.0 19.1 149 122 157 172 189 13.6 19.1
Linear sRGB in  SSIM A 0.210 0.198 0.488 0.365 0.127 0.350 0.387 0.499 0.476 0.504
Linear sRGB out LPIPSY 0.716 0.815 0.366 0.471 0.904 0.625 0.585 0.537 0.667 0.467

Learned CNN tone mapper may produce different results from reference tone mapper.

Gaussian-DK PSNRaA 17.7 17.7 133 122 16.6 16.1 169 171 169 152
Linear sRGB in  SSIM A 0.239 0.215 0.333 0.227 0.162 0.287 0.380 0.408 0.427 0.382
Tone map out LPIPSv 0.755 0.808 0.517 0.542 0.836 0.716 0.650 0.581 0.701 0.612

Low light enhancement methods®

Luminance-GS PSNRaA 133 137 96 10.1 126 102 79 106 9.6 8.7
Linear sRGBin SSIM A 0.200 0.188 0.262 0.182 0.131 0.167 0.152 0.229 0.202 0.218
Brightened out  LPIPSY 0.722 0.783 0.470 0.539 0.818 0.709 0.744 0.677 0.772 0.663

Aleth-NeRF! PSNRa 159 16.0 10.7 9.6 140 106 10.0 122 13.5 12.6
Linear sRGB in  SSIM A 0.225 0.211 0.373 0.210 0.143 0.185 0.225 0.309 0.298 0.324
Brightened out  LPIPSY 0.779 0.824 0.751 0.820 0.864 0.838 0.837 0.762 0.682 0.727

! Aleth-NeRF did not reasonably represent any scene; metrics presented here must be
interpreted with caution.
2 Metrics are not as meaningful as images brightened; included for completeness

(a) HDRSplat (b) Raw-Nerfacto (c) Raw-Splatfacto (d) HDR+ Ref

Fig. 6: Standard metrics do not measure artefacts well. HDRSplat’s render (a)
is noisier throughout the image than that of Raw-Nerfacto (b), yet (a)’s PSNR is better.
LPIPS varies only moderately with large visual changes, where HDRSplat is incorrectly
better than Raw-Nerfacto while Splatfacto is correctly worse. SSIM better reflects the
difference across (a—c).

less meaningful. We include them for completeness, nonetheless, and direct the
reader to the qualitative results (Fig. .

5 Results and Discussion

First, we remind ourselves that the quantitative assessment of images is diffi-
cult. Figure [6] shows that existing standard metrics alone are insufficient for
quality assessment, particularly when the reconstruction may have many local
errors caused by a low Signal-to-Noise Ratio (SNR). This is particularly true
for 3DGS-based methods, as we expect: overall 3DGS-based methods perform
worse than NeRF-based methods given noisy input as it is easier for primitives
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to overfit. This is to say nothing of its rendering speed; while InstantNGP can
render interactively, 3DGS’ primary attribute is its faster rendering.

Next, a failure case: Aleth-NeRF does not reconstruct any scene such that
renderings are coherent, with only a coarse depiction for D9 and D10. It is built
upon the original NeRF architecture (not MipNeRF-360), and the optimisation
fails to converge on our data.

RAW methods. Figure[d and Tab. 2] contain the quantitative results of all the
RAW methods benchmarked. Even though it is a simple adaptation, Raw-Nerfacto
is the most effective at reconstructing our challenging datasets, often performing
better than RawNeRF and without catastrophic failures (e.g., RawNeRF on D3).
It is also an order of magnitude faster to train and infer on average, which can
be attributed to the sampling efficiency of the multi-resolution hash table [22]
and TinyCudaNN [23]. Raw-Splatfacto performs reasonably on some scenes (D1,
D4, D10) but exhibits catastrophic failure in very low light (D5) or with large
dynamic range (D8; peak luminance is significantly overestimated which causes
the qualitative image to look dark). Further, results have many minor artefacts
with bright colours (e.g., purple) fit across clusters of high noise RAW pixels.
LE3D overall also struggles on this data. While it performs better on higher
luminance scenes (D3) in a similar way to other methods, and while it does
produce correct large-scale features otherwise, it incorrectly fits primitives to
basic surface details that other GS methods like Raw-Splatfacto do not struggle
with. Some scenes (D7, D9) fail to even start due to high memory requirements:
LE3D replaces spherical harmonics with a per-Gaussian MLP, which significantly
increases per-primitive memory, and high image frequency further exacerbates
memory use in 3DGS [16]. We choose not to downsample images to save memory,
such that we maintain a like-for-like comparison in the RAW image domain.
The “denoise first” approach of HDRSplat using PMRID [36] was ineffective
on our low-luminance scenes (Fig. E[) This is likely because our datasets are out-
of-distribution for the PMRID model, which was trained on the SID dataset [2],
and comprises mostly urban imagery (household, street scenes); more classical
approaches may fare better [12]. Comparing scenes with different SNR, due to
varying ISO levels (D1 and D5), there is little difference in PMRID performance,
suggesting the failure is due to domain shift rather than noise level alone. On
scenes with more light, HDRSplat appears quantitatively competitive with other
RAW processing methods (D3, D4) and qualitatively also on D6. On these scenes,
the success demonstrates the potential benefit of denoising afforded by HDRSplat
when applied to 3DGS. However, this is brittle: other scenes show significant
artefacting (Fig. [6) that overall reduces quality unacceptably (D2, D5, D8, D9).

RAW vs. linear sSRGB methods. With equivalent methods, comparing RAW
to sRGB isolates the impact of the imaging pipeline on reconstruction. For
example, as shown in Tab. 2] and Tab. [3] Raw-Nerfacto is on average better than
Nerfacto numerically (18.07 vs. 17.08 dB). However, as GS suffers under noise,
Raw-Splatfacto is numerically worse than Splatfacto (14.36 vs. 15.85dB). Quali-
tatively, however, if luminance is high enough, Raw-Splatfacto can recover detail
despite the noise (D2) through multiview constraints, whereas demosaiced Splat-
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(a) Depth Est. (b) sRGB prediction

Fig. 7: Self-shadowing effects on D7 (cropped). a) Self-occluded regions exhibit
missing depth density, indicating an issue in geometric reconstruction. b) Raw-Nerfacto’s
rendering produces visually coherent results.

facto often yields blurred results in these areas and in darker regions. Nonetheless,
RAW introduces more scene-level failures, with other regions showing poorer
detail recovery (D9).

Challenge: Low light & high noise. While Gaussian-DK, Aleth-NeRF, and
Luminance-GS all show improved low-light scene prediction in their respective
studies, their data do not exhibit high noise. This causes large, blurry regions in
their reconstructions on our data, as well as ill-fitted high-frequency Gaussians
that are not able to capture the underlying scene texture (Sec. . Given the less
meaningful quantitative metrics for these methods, careful qualitative inspection
shows that Gaussian-DK and Luminance-GS can perform slightly better than
Splatfacto (D5, D6) though often produce comparable results (all others).

Challenge: High frequency. The naturally high frequency appearance of the
caves is not well captured by most methods. With the exception of Raw-Nerfacto,
which qualitatively produced the sharpest results most often, other renderings
that look visibly “softer” than the reference images, and even Raw-Nerfacto fails
to achieve high PSNR. In regions where 3DGS methods appear to have captured
the high frequency details, closer inspection reveals tell-tale needle like artefacts
from mal-fit Gaussian primitives.

Challenge: Self occlusion. Surprisingly, reconstruction of shadowed and oc-
cluded areas (present in D3 and D4) only became a major hurdle in D7, where
the dynamic range and extent of occlusion were much greater. NeRF-based meth-
ods like Raw-Nerfacto failed to estimate density in these dark regions (Fig. [7]),
and 3DGS-based methods similarly struggle or fit to noise. As shadow interiors
provide little signal, they may require careful completion instead.

Challenge: Contrast loss. This is caused by any light source oriented to
illuminate the camera’s viewpoint. This fills in shadows and produces uniform
shading, reducing image contrast and, in turn, adversely impacting depth estima-
tion. When examining the depth maps (D1 and D2) rendered by Raw-Nerfacto
(Fig. , this failure manifests as low-density “holes” on the surface of the pro-
trusion, alongside poor shape estimation of the surrounding geometry. Other
methods exhibit failure modes as flat, blurry surfaces in the central region of the
scene, where methods would typically produce the most detail. Consequently, a
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(a) Depth estimate of D1 (b) Depth estimate of D2

Fig. 8: Contrast loss causes floaters and gaps. Depth estimation of a) D1 and b) D2
using Raw-Nerfacto. D2 has reduced contrast due to a light appearing near the camera.
This introduces floaters around the center and low-density areas.

(a) Noisy training image. (b) Result of PMRID.

Fig.9: Learned denoisers need training on caves. Comparison showing (a) a
noisy input image and (b) the result of the PMRID method applied to the RAW data,
which creates blobby artefacts and adds purple. This outcome affects reconstruction,
highlighting a limitation of this denoising approach.

noticeable degradation in depth reconstruction quality appears in D1 and D2,
regardless of the underlying reconstruction technique.

Challenge: High-dynamic range. In D7 and DS, signals from the brightly lit
section overwhelm the already faint signals in the occluded areas. Furthermore, the
signal-to-noise ratio (SNR) in these occluded regions is particularly low relative to
the rest of the scene. Consequently, all methods completely fail to estimate the ge-
ometry in these areas coherently. The weak yet visibly present signal becomes diffi-
cult for the model to predict; while NeRF-based methods fail to predict any density
values (Fig. , 3DGS methods instead place a large, textureless Gaussian.

Challenge: Glare. Ideally, we could remove glare as it is not interesting to
geologists or palaeoarchaeologists. As a physical effect, glare depends primarily
upon the angle of the camera to the light, and can appear relatively fixed within
the visual field as the camera makes small translations. Thus, glare appears in
every reconstruction for every method as part of the geometry. In 3DGS-based
methods, it is typically represented by large Gaussians placed near the location
of the light source. In NeRF-based methods, in addition to adding low-density
values near the light source (Fig. , additional floater-like artefacts appear.
Future work should consider how to remove glare.
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Why might Raw-Nerfacto work better? Raw-Nerfacto is a simple adap-
tation, yet it outperforms purpose-built low-light methods. We attribute this to
a combination of factors that address failure modes in other methods:

1. RAW supervision preserves a linear noise model. Demosaicing and ISP process-
ing introduce spatially correlated, non-linear artefacts that break multi-view
photometric consistency. Linear RAW data retains approximately Poisson—
Gaussian per-pixel noise that is independent across views—good for the
multi-view aggregation. On the same architecture, RAW supervision yields
~1dB average improvement: Raw-Nerfacto 18.07 vs. Nerfacto 17.08 dB.

2. Hash encoding as shared regulariser that is robust to low SNR. Methods differ
in how they aggregate information across views during optimisation. Raw-
Nerfacto’s multi-resolution hash tables [22] share weights across all rays, which
resists fitting per-pixel noise while still resolving good spatial detail at multiple
scales (Fig.[LT). RawNeRF builds on MipNeRF [1], whose integrated positional
encoding averages over cone footprints—this may limit high-frequency detail
recovery of cave textures. 3DGS primitives have many local degrees of freedom
that fit to noise, particularly when adaptive density control spawns small
Gaussians (Fig. . As discussed above, this is why 3DGS methods struggle.

3. Sigmoid output activation stabilises training. RawNeRF uses an exponential
output activation to convert from log-space radiance, which is numerically less
stable under low SNR. Replacing this with a sigmoid helps stabilise training
under high noise, avoiding the catastrophic failures seen with RawNeRF (e.g.,
D3; Figs. and .

4. Per-image appearance embeddings (AE). Raw-Nerfacto uses NeRF-W [1§] style
per-image appearance embeddings. These can absorb residual variation and
prevent it from corrupting the shared 3D representation, e.g., slight light-
ing occlusions by the camera operator moving within a sparsely-illuminated
scene and larger inconsistency caused by dynamic co-located lighting. While
other methods may, like Raw-Nerfacto, have per-point features, or may use
a learned tone-mapper (Gaussian-DK) or colour matrices (Luminance-GS)
on the output, no other compared method affords this per-image flexibility
during reconstruction (Fig. [10d).

These points help to explain why a simple adaptation reliably outperforms more
complex alternatives on our data.

6 Conclusion

We provide a new field-captured dataset from the Sterkfontein Caves. These data
capture high-frequency surface detail among realistic sensor noise, while exposure
stacks provide low-noise references. We evaluate NVS methods in this low-light,
low-SNR, high-detail setting. On this data, methods designed for low light are
not better than standard methods; RAW NeRF methods produce visually better
results than regular NeRF ones, yet for 3DGS the reverse holds, and denoising
ahead of time is fraught. In the process, we reveal that the previously-unevaluated
Raw-Nerfacto method reliably produces the highest-quality results. While still low
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Fig. 10: Raw-Nerfacto depth maps on D8. (a) Exponential output activation causes

severe geometry errors under low SNR. (b) Replacing it with a sigmoid stabilises training.

(c¢) Adding per-image appearance embeddings (AE) further reduces residual artefacts.

in quality overall, they can show detailed human markings on a roof pendant
(D10). As the cradle of humankind, the caves themselves are important to docu-
ment in high-quality 3D; yet no tested method does. Thus, our dataset stands as
a challenge to the community to venture underground and solve NVS in the dark.

Limitations. While RAW, our data lacks bracketed exposures for high-dynamic
range scenes (D7 and D8). Further, while such equipment is not simple to use by
field scientists, geometric ground truth from laser or structured light scanning and
material ground truth from gonioreflectometry would expand the set of methods
to evaluate NVS. Finally, with more data, ML methods could be promising,
though hallucinations are a problem within scientific applications.
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