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Abstract. Mobile-phone-based 3D Gaussian Splatting (3DGS) is increasingly attrac-
tive for heritage digitization because it supports rapid, non-invasive acquisition in dif-
ficult environments. However, large indoor heritage scenes such as decorated ceilings
often exhibit strongly unbalanced illumination, with side-window lighting, long capture
trajectories, and automatic mobile camera processing causing view-dependent appear-
ance inconsistencies. These effects are only partially handled by existing global photo-
metric correction methods. We present PPISP-Local, a compact extension of a physi-
cally plausible image signal processing (ISP) correction model for radiance-field recon-
struction. The method retains global exposure, vignetting, colour correction, and camera
response modelling, and adds a low-capacity, luminance-only local tone-mapping mod-
ule to better approximate mobile-phone ISP behaviour in unevenly lit indoor scenes.
We evaluate the method on a high-ceiling heritage dataset and compare vanilla 3DGS,
PPISP, and PPISP-Local on held-out ceiling views. PPISP-Local achieves the best re-
construction quality on this challenging smartphone dataset, suggesting that weak local
tone adaptation is beneficial for large indoor heritage reconstruction when global pho-
tometric models are insufficient.

1 Introduction
Digital imaging has become central to cultural heritage documentation, especially where direct physical
access is limited. In the case of elevated historic ceilings, digitization must balance safety, coverage,
fidelity, and practicality. Recent digital heritage study on the Long Gallery ceiling at Blickling Hall
[4] showed that a mobile-phone-driven 3DGS workflow can provide a useful base reconstruction for
a large heritage interior, while preserving real-time navigation and contextual visualization in virtual
reality. That case study involved a 37.5 m long and 4.8 m high historical ceiling, recorded non-invasively
using 4K iPhone 12 video, subsampled to 994 frames for 3DGS reconstruction. The same study also
reported that indoor lighting in the gallery is highly uneven, dominated by windows on one side, and that
smartphone video with automatic tone mapping was more balanced than DSLR video for this scene.

These observations expose a broader imaging problem for heritage reconstruction. Even when geom-
etry is static, the image appearance across views can vary substantially because of automatic exposure,
white balance, camera response, and other image signal processing (ISP) operations. Such variation is
particularly pronounced in mobile-phone video, where the camera often adapts aggressively to changing
scene brightness during a long capture path. In large indoor heritage scenes, this can lead to inconsistent
radiance estimation, reduced texture fidelity, and unstable novel-view synthesis.

Recent work on physically plausible photometric correction for radiance fields has addressed this
issue by modelling image formation explicitly. PPISP introduces a differentiable ISP pipeline with expo-
sure offset, chromatic vignetting, colour correction, and camera response function (CRF), together with



a controller for predicting per-view photometric parameters at novel viewpoints [3]. This is a strong step
toward interpretable appearance compensation. However, PPISP itself notes an important limitation: it
does not model localized tone mapping, which is common in modern phone cameras [3]. In practice,
mobile ISP often performs local luminance adaptation in addition to global exposure, especially in scenes
with bright windows and darker architectural interiors.

This limitation is directly relevant to heritage imaging. High ceilings, long corridors, and side-lit
interiors are common in historic houses, galleries, churches, and halls. In such spaces, uneven illumina-
tion is not a nuisance but part of the imaging reality. If the camera locally lifts shadows or compresses
highlights while traversing the scene, a purely global correction model may leave residual appearance
inconsistency. This motivates the present paper.

We propose PPISP-Local, a compact extension of PPISP designed for heritage scenes captured by
mobile phone. The key idea is to keep the physically plausible global ISP model, but add a small,
luminance-only local tone-mapping residual. This module is intentionally weak: it is low resolution,
bounded, smooth, and residual around identity. The goal is not to replace the global model with a flexible
image harmonizer, but to capture the low-frequency local adaptation that often appears in mobile-phone
ISP. We evaluate it on the Blickling Hall high-ceiling dataset, comparing 3DGS, PPISP, and PPISP-Local
on held-out ceiling views. Our contribution is therefore twofold: first, an imaging-method contribution
in the form of a physically grounded local tone-mapping extension; second, an application contribution
showing why such an extension matters for imaging for heritage in large indoor environments.

2 Related Work

2.1 Imaging and reconstruction for heritage ceilings

Ceiling digitization in heritage settings is challenging because of scale, distance, access constraints, and
the need for non-invasive workflows. MacDonald et al used photometric stereo for damage visualiza-
tion on a heritage ceiling, demonstrating fine deformation analysis without physical intervention [8, 9].
Guarneri et al employed multi-wavelength laser scanning for a frescoed ceiling in Palazzo Barberini,
addressing large-scale capture under difficult illumination [5]. Reinoso-Gordo et al combined laser scan-
ning and photogrammetry to document deformation and ornament in a sixteenth-century wooden ceiling
[13]. More generally, optical 3D sensing has become a major tool in heritage recording, with strong
overviews provided by Remondino and by Scopigno et al [12, 14].

Recent digital heritage study proposed a level-of-detail workflow for the Blickling Hall Long Gallery
ceiling, using 3DGS for base reconstruction and structured-light scanning for selected regions of interest
[4]. That paper established two facts relevant here. First, 3DGS is practical for a large, elevated indoor
heritage scene captured from mobile video. Second, the capture environment exhibits severe lighting
imbalance, and mobilephone video produced more balanced results than DSLR video under the same
constraints [4]. The present work builds directly on that heritage imaging scenario.

2.2 3D Gaussian Splatting in heritage imaging
3D Gaussian Splatting (3DGS) enables efficient real-time rendering using explicit anisotropic Gaussian
primitives [7]. It has quickly become attractive for immersive visualization and heritage documentation
because it combines photorealistic appearance with practical performance. Recent heritage applications
include object-scale digitization with integrated segmentation [2], large architectural documentation with
UAV imagery [16], and broader discussions of Gaussian splatting as an immersive heritage medium [6].
Edwards et al showed that 3DGS outperformed an MV S+Poisson baseline on the Blickling ceiling under
long-range video-based capture, while preserving real-time navigation suitable for VR [4].

Despite these advantages, 3DGS remains sensitive to photometric inconsistency in the input imagery.
This is especially relevant for mobile-phone capture in indoor heritage scenes, where automatic imaging
pipelines may change over the course of a scan.



2.3 Photometric correction for radiance fields

Appearance inconsistency in radiance field reconstruction has been addressed with a range of correction
models. NeRF-W introduced per-image appearance embeddings for unconstrained photo collections
[10]. Urban Radiance Fields used explicit affine transformations to improve robustness under real-world
variation [11]. More expressive methods such as BilaRF model spatially varying appearance using bi-
lateral processing [15]. ADOP also incorporated explicit image-formation parameters such as exposure,
white balance, and camera response [1].

PPISP is especially relevant to our work because it formulates photometric correction as a physically
plausible ISP pipeline with distinct modules for exposure, vignetting, colour correction, and CRF, and
it emphasises the need to predict per-view parameters for novel viewpoints without access to the target
image [3]. Importantly for our motivation, PPISP also identifies localized tone mapping as a limitation
of the global model [3]. This is the point we address here.

3 Method

3.1 Baseline PPISP formulation

PPISP models the final image as a post-processing pipeline applied to the rendered radiance image. In the
global version, the radiance image L is passed through exposure correction, vignetting, colour correction,
and CRF to produce the final RGB output [3]. Exposure and colour correction are frame-specific, while
vignetting and CRF are camera-shared. The pipeline can be trained jointly with the scene representation
and then paired with a controller that predicts per-frame parameters for novel views [3].

3.2 PPISP-Local
We retain the global PPISP structure and add one extra module between colour correction and CRF:

L—-E—=YV—>C— Tow—6.

Here £ is exposure, V is vignetting, C is colour correction, 7j,. is the new local tone-mapping module,
and G is the CRF.

The local module is designed to model weak, low-frequency local luminance adaptation without
introducing arbitrary spatial recolouring. Let /.. denote the image after colour correction. We compute
luminance as

Y (u) = wrl(u) + weIS(u) + w5 (u),

where u is a pixel location and (wg, wg, wp) are fixed luminance weights.

For each frame f, we introduce a low-resolution local latent map M; & RM*w_ with default reso-
Iution 8 x 8. The map is bilinearly upsampled to full image resolution and converted into a bounded
residual modulation field: .

Ap(u) = ovtanh(M(u)),

where M ¢ 1s the upsampled map and « is a small scalar controlling the strength of the local tone adjust-
ment. The luminance is then modified as Y (u) = Y (u)(1 + Af(u)).
To preserve chromaticity, the colour-corrected RGB image is rescaled by the luminance ratio:

Yi(u)
Y(u)+e€
The local tone-mapping operator is therefore Tjoc(Iec; My) = Iipm.
This design has four useful properties. First, it reduces to the original PPISP formulation when
My = 0. Second, it remains luminance-only, avoiding local colour hallucination. Third, it is low

capacity because the map is coarse and smooth. Fourth, its effect is bounded by «, preventing the
module from acting as a strong local image editor.

Iloc (u) = Icc (u)
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Figure 1: Overview of PPISP-Local. The method keeps the physically plausible global PPISP pipeline
and inserts a bounded luminance-only local tone-mapping module before the CRF.

3.3 Training

We follow the same two-stage logic as PPISP. In Stage 1, the scene representation, the global PPISP
parameters, and the per-frame local tone maps are jointly optimised on the training views. The recon-
struction loss is the same photometric loss used by the base renderer, applied after the full PPISP-Local
pipeline. We add regularisation on the local maps to keep them weak and smooth:

ﬁloc = )\’Ld”MfH% + AtUTV(Mf) + )\ampHAf“%-

In Stage 2, the scene and shared ISP terms are frozen, and a controller is trained to predict the per-
frame exposure, colour correction, and local map coefficients from the rendered radiance image, enabling
application to novel views.

4 Experiments and Results

4.1 Dataset and evaluation setup

We evaluate our method on the Blickling Hall Long Gallery ceiling dataset, a large-scale indoor heritage
scene introduced in prior work [4]. The ceiling spans 37.5m in length and 4.8 m in height, and was
captured using 4K iPhone 12 video under strongly unbalanced illumination conditions. The video was
subsampled to 994 frames for Structure-from-Motion and 3DGS reconstruction, as shown in Figure 2.

Figure 2: Left is a photo of the long ceiling. Right is the camera pose estimation and sparse point cloud
initialization (side view and overhead trajectory).

This dataset is particularly challenging due to (i) strong side-window lighting, (ii) long capture tra-
jectories with changing viewpoints, and (iii) automatic mobile ISP effects such as exposure adaptation



and tone mapping. These characteristics make it well suited for evaluating photometric consistency in
radiance-field reconstruction. In particular, we are interested in how well each method handles view-
dependent appearance changes caused by uneven illumination and mobile ISP behaviour.

4.2  Quantitative results

Table 1 reports quantitative results for both training and validation splits. Across all metrics, PPISP
improves substantially over vanilla 3DGS, confirming the importance of explicit photometric modelling.
More importantly, PPISP-Local consistently outperforms PPISP on both splits. Although the numerical
gains are moderate, they are consistent across all metrics and reflect improved appearance stability rather
than simple global brightness shifts. These results indicate that a weak local tone-mapping component
provides measurable benefits beyond global ISP correction in this challenging indoor setting.

Table 1: Quantitative comparison on the Blickling ceiling dataset. Results are reported on both the
training and held-out validation splits. Higher is better for PSNR and SSIM, while lower is better for
LPIPS.

Train Val
Method PSNRT SSIM?tT LPIPS| PSNRfT SSIM?T LPIPS|
3DGS(gsplat) 19.1289 0.6745 0.4930 17.8560 0.6454 0.5198
PPISP 20.2568 0.6978 0.4401 19.1009 0.6701 0.4625

PPISP-Local  20.5510 0.7007 0.4352 19.5770 0.6739 0.4565

4.3  Qualitative results

Figure 3 shows qualitative comparisons on the rendered whole views from 3DGS reconstruction. Vanilla
3DGS (gsplat) exhibits noticeable brightness inconsistencies and loss of detail in regions affected by
uneven illumination. PPISP improves overall balance, but residual inconsistencies remain, particularly
in shadowed or window-facing regions. PPISP-Local further improves visual consistency by better pre-
serving detail across illumination gradients. In particular, it reduces overexposed highlights and recovers
structure in darker regions, leading to more coherent appearance across viewpoints.

Figure 4 visualizes the predicted local tone maps. These maps are smooth and low-frequency, con-
firming that the model captures weak spatial adaptation rather than performing arbitrary local editing.
As shown in the examples, the tone maps correlate with illumination variation in the scene, modulating
luminance in a controlled and physically plausible manner.

4.4 Discussion of results

The improvements observed with PPISP-Local are consistent with the imaging characteristics of the
dataset. As smartphone capture already performs local tone adaptation during acquisition, a purely
global correction model cannot fully account for this behaviour, leading to residual inconsistencies.

By introducing a constrained local luminance adjustment, PPISP-Local better matches the effec-
tive image formation process of mobile cameras. Importantly, the gains are achieved without introduc-
ing high-capacity spatial appearance models, preserving the interpretability and stability of the original
PPISP formulation.
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Figure 3: Qualitative comparison on the rendered whole ceiling views. All methods trained only for
10000 steps, with PPISP and PPISP-Local trained at stage one for 8000 steps, then the controller activated
for distillation.

No local tone mapping Local tone map With local tone mapping Ground truth

-0.022 0 +0.022
With LTM: PSNR 28.3031, SSIM 0.9033, LPIPS 0.1034  Without LTM: PSNR 28.0845, SSIM 0.9030, LPIPS 0.1035

Figure 4: Visualisation of local tone maps predicted by PPISP-Local. These maps remain smooth and
low-frequency, reflecting weak local luminance adaptation.

5 Conclusion

We presented PPISP-Local, a local tone-mapping extension of PPISP for 3DGS reconstruction in her-
itage interiors captured with mobile phones. The method was motivated by the Blickling Hall high-
ceiling dataset, where smartphone capture proved practical under highly uneven indoor lighting. By
adding a weak local luminance adaptation module to a physically plausible global ISP pipeline, PPISP-
Local better matches the effective imaging behaviour of mobile cameras in this setting.

We evaluate the method on held-out ceiling views, comparing vanilla 3DGS, PPISP, and PPISP-
Local. PPISP-Local achieves the best reconstruction performance on this heritage scene, supporting the
idea that local tone adaptation is beneficial for large indoor heritage reconstruction when illumination is
unbalanced and mobile phone ISP plays a substantial role.

More broadly, this work suggests that heritage imaging pipelines can benefit from physically grounded
photometric correction methods that are aware not only of optics and exposure, but also of weak local
ISP behaviour in practical mobile capture.
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