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Figure 1: Coherent Illumination. The real scene consists of an action figure of The Hulk and a toy car. To demonstrate the result of our system,
we place a 3D scan next to the real action figure and display it using Mixed Reality: (left) The 3D reconstruction is rendered without real world
light estimation. (right) Our system estimates the current lighting from a single input image. The estimated lighting is used to illuminate the 3D
reconstruction. Note that we only register the real world lighting and do not consider any camera effects such as exposure or blur.

A BSTRACT
This paper presents the first photometric registration pipeline for
Mixed Reality based on high quality illumination estimation by
convolutional neural network (CNN) methods. For easy adaptation and deployment of the system, we train the CNN using purely
synthetic images and apply them to real image data. To keep the
pipeline accurate and efficient, we propose to fuse the light estimation results from multiple CNN instances, and we show an approach for caching estimates over time. For optimal performance,
we furthermore explore multiple strategies for the CNN training.
Experimental results show that the proposed method yields highly
accurate estimates for photo-realistic augmentations.
Index Terms: H.5.1 [Information Interfaces and Presentation]:
Artificial, augmented,Virtual Realities; I.4.8 [Image Processing and
Computer Vision]: Photometric registration—3D Reconstruction
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I NTRODUCTION

Mixed Reality (MR) extends the real environment with virtual objects, enabling many powerful applications. Many MR applications, such as home shopping [10], require the rendering of virtual
objects into the scene, so that they are indistinguishable from real
objects.
Rendering convincing MR scenes requires photometric registration to ensure that the appearance of virtual objects is rendered consistently with the lighting of the real scene. A key step in doing
so is to estimate the incident lighting of a scene. Common ap∗ e-mail:
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proaches rely on active lightprobes, e.g., fisheye cameras strategically placed in the scene [14], or passive lightprobes, like chrome
spheres, or other reference objects with known shape and reflectivity [4]. An obvious major downside of having a lightprobe is that
it interferes with the user’s experience. As an alternative, Gruber et
al. [8] demonstrated a probe-less method that estimates the incident
light purely from reflections in the unmodified scene, scanned in
real-time with a commodity RGB-D sensor. This approach forgoes
artificial lightprobes, but suffers from high computational demands
and cannot be used on mobile devices [7].
We propose learned lightprobes as an alternative to the probeless
method of Gruber et al. [8]. Like the probeless method, learned
lightprobes work in an unmodified scene, providing unobtrusive
user experience, while still retaining the computational benefits of
a normal lightprobe. The incident lighting is estimated with a pretrained convolutional neural network (CNN), which is orders of
magnitude cheaper to evaluate at runtime than inverse rendering.
Our method estimates the incident lighting by analyzing the appearance of a known object in the scene, the learned lightprobe.
A great advantage of the learned lightprobe is that practically anything can be a lightprobe. Application developers are free in their
choice of what constitutes a lightprobe. The lightprobe can be an
arbitrary object of the scene, or it can be a prop used in the MR application. For example, an MR video game can make use of a live
action figure, such as the Hulk in Figure 1, and animate the figure in
a closeup view, which is not possible with traditional lightprobes.
The only practical requirement is that the lightprobe should have a
good distribution of surface normals. If a single lightprobe is found
to be insufficient, multiple lightprobes can easily be combined.
During preparation, we first reconstruct the 3D geometry and the
material of a real object to be used as lightprobe, using the inverse
rendering framework of Richter-Trummer et al. [21]. Second, we
use the reconstructed model to train a set of CNN instances cor-

