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Abstract

Research into non-line-of-sight imaging problems has
gained momentum in recent years motivated by intriguing
prospective applications in e.g. medicine and autonomous
driving. While transient image formation is well understood
and there exist various reconstruction approaches for non-
line-of-sight scenes that combine efficient forward render-
ers with optimization schemes, those approaches suffer from
runtimes in the order of hours even for moderately sized
scenes. Furthermore, the ill-posedness of the inverse prob-
lem often leads to instabilities in the optimization.

Inspired by the latest advances in direct-line-of-sight in-
verse rendering that have led to stunning results for re-
constructing scene geometry and appearance, we present a
fast differentiable transient renderer that accelerates the in-
verse rendering runtime to minutes on consumer hardware,
making it possible to apply inverse transient imaging on a
wider range of tasks and in more time-critical scenarios.
We demonstrate its effectiveness on a series of applications
using various datasets and show that it can be used for self-
supervised learning.

1. Introduction

Extending the vision beyond what is in the direct line of
sight of an observer is a challenging problem with possible
applications ranging from autonomous driving and robotic
vision to safety and medical scenarios. Researchers have
approached this non-line-of-sight (NLoS) imaging problem
by pointing an ultrafast laser source at a wall which is in
view of the observer as well as the hidden hidden target
scene [35]. Using sensors that are able to resolve the travel
time of the laser’s light to observe reflections on the same
wall, recording transient images, objects “around a corner”
can be identified and further analyzed.

Many recent methods that use transient images for NLoS
reconstruction represent the hidden scene as a volumetric
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Figure 1. The triangle mesh {ti} is rendered into a transient image
using a physically plausible forward model. After computing the
loss, the gradient with respect to the pixel values is backpropagated
onto triangle coordinates and their optional attributes. We show a
false color visualization, where hue represents the direction and
saturation the length of the xy gradients.

albedo distribution [35, 9, 27]. While they are relatively
fast and often yield convincing results, most of those ap-
proaches do not take important physical effects such as vis-
ibility/occlusion and surface normals into account. On the
other hand, it has been proposed to reconstruct the hidden
shape as a mesh using an analysis-by-synthesis approach,
i.e., by making repeated forward simulations of light trans-
port. Such methods are typically slow and need hours for
the reconstruction [33, 11].

This work is inspired by the recent trend to solve inverse
problems using task-specific differentiable renderers. The
proposed differentiable renderer is specifically targeted to
NLoS reconstruction. It extends the forward rendering ap-
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Figure 2. Coaxial measurement setup with the occluded scene
represented as triangle mesh (top) and antialiasing of the corre-
sponding temporal response using a trapezoidal filter (bottom).

provides a closed-form solution to the problem in a coaxial
setup, where the relay wall is scanned in a regular grid with
a beam-combined light source and detector. To reduce the
acquisition time of transient images, circular sensing pat-
terns have been proposed [12].

Since scenes represented as scattering density volumes
by default do not support surface normals and occlusion
effects, extensions with directional kernels [41] and itera-
tively adjusted linear weights [8] have been proposed. By
modelling the light transport as the propagation of a (vir-
tual) wave field, algorithms from wave optics and seismic
tomography, like f -k migration, have successfully been
adopted to solve the problem for regularly gridded input
data [22, 20].

Instead of treating the hidden scene as a voxel-based
albedo volume, several recent NLoS algorithms have intro-
duced surface representations, for which physically justifi-
able light transport models are easier to achieve. After early
attempts using planar walls [28], more recent approaches
attempt to optimize triangle meshes and their reflectance
properties by wrapping stochastic [33] or deterministic [11]
renderers a task-specific optimization scheme. The renderer
proposed in this paper builds upon the model by Isering-
hausen and Hullin [11] and achieves significantly improved
reconstruction times by introducing analytical derivatives
and utilizing a modern deep learning infrastructure.

Lastly, the availability of large amounts of synthetically

generated data has enabled the training of feed-forward net-
works for the NLoS reconstruction problem for surface-
oriented [7], volumetric [4, 25] and implicit [6] scene rep-
resentations.

Differentiable Rendering. In the case of direct-line-of-
sight inverse rendering a number of studies have investi-
gated approaches to compute the gradient of the visibility
between two points, which is not differentiable as it is ei-
ther 0 or 1. This is especially problematic as those gradients
are needed to properly move edges across pixels/the visible
hemisphere of a surface. One of the first general approaches
was published by Li et al. [18]. They compute the gradi-
ent through Monte Carlo sampling rays along the edges of
triangles. More recently, Zhang et al. [42] have proposed
a method to directly differentiate path integrals through a
reparametrization. However, in line with the work of Tsai
et al. [33], we do not take visibility gradients into account,
as the computation would increase the complexity. We still
demonstrate that our method works even for cases where
occlusion happens in the scene.

In the setting of transient imaging, various approaches
have been proposed to address the forward rendering prob-
lem [32, 13, 31, 24] and to model sensors for accurate
simulation of transient images [10]. General differentiable
renderers such as [40, 38] aim to facilitate analysis-by-
synthesis reconstruction approaches. However, their uni-
versality comes at the cost of computational complexity and
they suffer from long runtimes even in cloud computing en-
vironments. By restricting the image formation model to
the three-bounce NLoS setting, our renderer runs fast on
consumer-grade GPUs with moderate amounts of memory.

3. Differentiable Transient Rendering

The key part of our method is the formulation of the tran-
sient image formation model as a differentiable function and
the efficient backpropagation of gradients through the ren-
derer. We discuss the forward model and the gradient com-
putation in Section 3.1. To increase stability of optimization
problems on measurement data, we propose to add a back-
ground network in Section 3.2.

3.1. Image Formation

Our image formation model follows that by Isering-
hausen and Hullin [11]. Here, we recall it for the coaxial
capture geometry, where laser and detector are combined in
a single beam, before outlining the computation of gradi-
ents. More detailed gradient equations, special cases, and
their derivation for both coaxial and independent scanning
geometries are given in a supplemental document.
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