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Supplementary Material

Abstract

This supplementary document shows additional details of our
method and more results. We refer readers to our webpage,
which shows more results that allow for easy comparisons
with the baseline methods on all scenes we use.

A. Relighting and Object Insertion Results

Our method estimates accurate surface material and spa-
tially varying HDR illumination from LDR images, enabling
various applications such as relighting and object insertion.
We provide the qualitative results of real-world scenes in
Figure 1, Figure 2, Figure 3, Figure 6, Figure 7, where we
sample novel camera trajectories and render the scene at dif-
ferent time steps. The results demonstrate effective modeling
of specular reflections on smooth surfaces (like ‘mirror’ and
‘whiteboard’) upon introducing new light sources. Moreover,
our method accurately simulates inter-reflections between
the scene and the inserted objects, significantly elevating
the realism of object insertion. To summarize, we show that
IRIS can render real-world scenes under various illumina-
tion from different viewpoints. For more interactive visual-
izations and comparisons, please check our supplementary
webpage https://iris-ldr.github.io.

B. Additional Evaluation Results

In addition to physically-based inverse rendering techniques
like FIPT, methods based on neural radiance fields (NeRF)
[7] strive for scene disentanglement by representing indoor
scenes’ incident radiance fields with a 5D network [13] with-
out constraints. Recent NeRF-based approaches like I>-SDF
[15], NeILF++ [14], and NeFII [1 1], much like FIPT, rely
on pre-calculated irradiance, and focus on surface render-
ing to reconstruct scene materials and/or lighting. However,
these methods typically account for only single-bounce light
transport, leading to compromised quality in both material
and lighting reconstruction. The complete metrics of inverse
rendering are shown in Table | and the complete metrics of
novel-view synthesis and relighting are listed in Table 2. Our
method achieves comparable novel-view synthesis results
and outperforms other baselines for relighting. The results
underscore the effectiveness of our method in accurately
decomposing intrinsic elements from LDR images. As for
computational efficiency, the whole training takes 57 mins
on a single RTX 4090, compared to 298 mins for NeILF [13]
and 50 mins for FIPT [12].

Table 1. BRDF-emission comparison on synthetic data. FIPT-
LDR* is provided with the GT emitter mask as additional input.
The best metrics among LDR methods are highlighted in bold.

kd a/ a LE
Method PSNR 1 IoUT L2
Lietal [6] 15.75 12.64 10.15 043 1410
NelLF [13] 16.63 13.73 14.77 — —
Kitchen FIPT-LDR* 1577 897 594 0.58 0.450
Ours 2322 17.52 2035 0.58 0.203
FIPT-HDR [12] 34.34 27.05 2455 0.88 0.010
Lietal [6] 18.90 15.10 11.38 034 2784
NelLF [13] 16.85 13.99 16.03 — —
Bedroom FIPT-LDR* 1838 9.60 582 0.77 0.245
Ours 26.44 2095 2647 0.77 0.043
FIPT-HDR [12] 2898 25.86 23.53 0.92 0.004
Lietal [6] 16.78 1471 1142 0.17 3.610
NelLF [13] 16.06 13.86 15.95 — —
Livingroom FIPT-LDR* 11.59 893  4.08 0.77 0.240
Ours 18.09 1545 2528 0.77 0.103
FIPT-HDR [12] 28.42 2747 3044 095 0.005
Lietal [6] 1550 13.60 1224 045 1.351
NelLF [13] 17.85 1449 21.09 — —
Bathroom FIPT-LDR* 16.21 1146 412 0.62 0.187
Ours 21.56 17.74 1343  0.62 0.135

FIPT-HDR [12] 28.06 23.54 2697 0.68 0.080

C. Qualitative Results of Synthetic Scenes

To verify the effectiveness of inverse rendering, we compare
IRIS with several baselines on synthetic scenes provided by
FIPT [12], which provide ground-truth geometry, material
properties, and lighting. Figure 4 shows the qualitative re-
sults of inverse rendering, including image reconstruction,
material reflectance a’, roughness o, and emission maps.
While NeILF [13] achieves accurate rendering, it bakes sig-
nificant shading effects into its diffuse albedo map. Li et al.
[6] generate a noisy BRDF from a single image input. FIPT*
tends to underestimate illumination intensity, overestimating
the reflectance a’ as compensation. In contrast, our method
successfully recovers high-quality HDR emission from LDR
input, resulting in precise intrinsic decomposition.

D. Additional Ablation Study

Our method explicitly models the HDR-LDR conversion
and estimates the CRF from input images, and thus achieves
better inverse rendering quality. To further validate the design
choices, we conduct an ablation study on the CRF modeling
strategy and evaluate inverse rendering from input images
with varying exposure levels, which is collected with the
strategy described in Appendix F. We visualize the CRFs
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