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Abstract

We present PanoHDR-NeRF, a neural representation of the full HDR radiance field of
an indoor scene, and a pipeline to capture it casually, without elaborate setups or complex
capture protocols. First, a user captures a low dynamic range (LDR) omnidirectional
video of the scene by freely waving an off-the-shelf camera around the scene. Then, an
LDR2HDR network uplifts the captured LDR frames to HDR, which are used to train
a tailored NeRF++ model. The resulting PanoHDR-NeRF can render full HDR images
from any location of the scene. Through experiments on a novel test dataset of real scenes
with the ground truth HDR radiance captured at locations not seen during training, we
show that PanoHDR-NeRF predicts plausible HDR radiance from any scene point. We
also show that the predicted radiance can synthesize correct lighting effects, enabling the
augmentation of indoor scenes with synthetic objects that are lit correctly. Datasets and
code are available at https://lvsn.github.io/PanoHDR-NeRF/.

1 Introduction
Capturing the incoming radiance of a given scene is an important step for many augmented
reality applications, since it allows immersive exploration and realistic scene augmentation. To
accurately measure the radiance, Debevec [7] pioneered image-based lighting which involves
photographing a chrome sphere—called a light probe—at different exposures and merging
them into a single, high dynamic range (HDR) image [8]. HDR light probing was later
extended to use wide angle lenses or 360◦ cameras and is at the heart of the lighting capture
necessary to achieve special effects in movies today1. Because of the close proximity between
light sources and objects in the scene, the HDR radiance field of a typical indoor scene varies
rapidly: lighting near a window is vastly different from the center of the room. Accurately
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a) Casual capture b) Novel view synthesis c) HDR radiance estimation
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Figure 1: We capture the continuous HDR radiance of an indoor scene. Our PanoHDR-NeRF
approach takes a) casually captured LDR images from an off-the-shelf camera (shown in
inset) as input, and performs b) novel view synthesis of the indoor scene. c) As opposed to
existing techniques such as NeRF++ [58] (left), PanoHDR-NeRF (right) properly estimates
the HDR radiance of the scene, visualized by relighting virtual test objects.

capturing indoor radiance involves moving the apparatus and repeating the operation many
times, limiting scalability. Approximations such as reprojecting the measured radiance onto
a proxy 3D model [9] must be used. To simplify the capture process, one could use inverse
tonemapping techniques [10, 39, 47] which estimate the true dynamic range information from
low dynamic range (LDR) inputs. This yields radiance estimates only where images are taken.
Can we capture and learn a representation of the scene from which HDR radiance can be
synthesized at any point?

Novel view synthesis of an object or scene from multiple views has garnered attention
recently, especially since the emergence of neural radiance fields (NeRF) [34]. In this
approach, a set of images are captured, co-registered using structure-from-motion (SfM),
and used to train a deep network that learns to predict the color and opacity along any 3D
ray using volumetric rendering. Recent flavors of NeRF model large scenes [3, 58], handle
omnidirectional input images [15], and decompose the scene into intrinsic components [5, 59].
Most NeRF-based methods accept LDR images as input and do not accurately model the true
HDR radiance of indoor environments. There are recent attempts to address this limitation [22,
35], which require multiple LDR images at different exposures to model the full dynamic
range of indoor lighting. Capturing 11 exposures at a point of the scene, which is necessary to
reconstruct a reasonable HDR panorama spanning over 22 f-stops, takes approximately two
minutes with a conventional 360◦ camera (Ricoh Theta Z1). Thus to capture HDR lighting
for a large indoor scene, we need over 200 images bringing the capture time to over 3.5 hours.
In addition, an elaborate setup would be required to avoid ghosting artifacts. These methods
to capture the full dynamic range of lighting for large indoor scenes require specialized setup
and are tedious and cumbersome.

In this paper, we present PanoHDR-NeRF, a neural representation of the plausible full
HDR radiance field of an indoor scene. We also present a method to generate it from casually
captured images of the scene. HDR radiance from any novel viewpoint in the scene can
subsequently be estimated (fig. 1) from PanoHDR-NeRF. Our method does not require any
special equipment or complicated capture protocols. It accepts as input a video sequence
captured by freely moving a commercial 360◦ camera around the scene. As output, it can
produce the HDR radiance at any given location in the scene. To do so, we leverage two deep
neural networks: 1) an LDR2HDR model that predicts the HDR radiance from a single LDR
panorama captured by the camera and 2) a modified NeRF++ model trained on the predicted
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