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Figure 1. (a) We exploit unintended shadows cast by camera operators (or other unobserved moving occluders) to recover high-fidelity
environment lighting and object materials from a set of images. Without modeling such unobserved occluders, prior methods can only: (b)
recover convolved lighting without explicit material decomposition [31]; or (c) exploit lighting occlusions that occur internally among the
observed objects [37]. (d) We show that additionally modeling and recovering external, unobserved occluders enables lighting and material

reconstructions that are closer to ground truth (e).

Abstract

Decomposing an object’s appearance into representa-
tions of its materials and the surrounding illumination is
difficult, even when the object’s 3D shape is known before-
hand. This problem is especially challenging for diffuse ob-
jects: it is ill-conditioned because diffuse materials severely
blur incoming light, and it is ill-posed because diffuse ma-
terials under high-frequency lighting can be indistinguish-
able from shiny materials under low-frequency lighting. We
show that it is possible to recover precise materials and
illumination—even from diffuse objects—by exploiting un-
intended shadows, like the ones cast onto an object by the
photographer who moves around it. These shadows are a
nuisance in most previous inverse rendering pipelines, but
here we exploit them as signals that improve conditioning
and help resolve material-lighting ambiguities. We present
a method based on differentiable Monte Carlo ray tracing
that uses images of an object to jointly recover its spatially-
varying materials, the surrounding illumination environ-
ment, and the shapes of the unseen light occluders who in-
advertently cast shadows upon it.

1. Introduction

In this work, we show that the long-standing inverse render-
ing problem of recovering an object’s material properties
and the surrounding illumination environment from a set
of images can greatly benefit from considering the effects
of unobserved moving light occluders, such as the camera
operator, which partially block incoming light and inadver-
tently cast shadows onto the object being imaged.

Joint recovery of materials and lighting is a challeng-
ing task because the BRDF (bidirectional reflectance dis-
tribution function, which represents how a material at any
point on an object’s surface maps from incoming to out-
going light) acts as a directional filter on incoming light.
BRDFs for specular (shiny) materials act as all-pass direc-
tional filters, while BRDFs for diffuse materials act as low-
pass directional filters. As a result, inverse rendering is fun-
damentally ambiguous since a shiny object illuminated by
blurry lighting can be indistinguishable from a diffuse ob-
ject illuminated by sharp lighting (Figure 2). Furthermore,
since diffuse materials act as low-pass filters and strongly
blur incoming light, even the simpler problem of recover-
ing lighting from images of a known diffuse material can be
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severely ill-conditioned, precluding the recovery of high-
frequency illumination [33].

We observe that both of these issues can be ameliorated
by exploiting an effect that naturally exists whenever an ob-
ject is imaged from a sequence of viewpoints under static
environment lighting. Namely, between one image and the
next, the positions of the camera and its operator(s) must
change, and in doing so they occlude different portions of
the surrounding environment, casting distinct sets of shad-
ows onto the object being imaged. This effect is very notice-
able under strongly-directional lighting or for shiny objects
because the cast shadows are sharp or the specular high-
lights are misshapen and hidden. But even when the effect
is barely perceptible, such as for diffuse objects under well-
distributed lighting, there exists a subtle signal that one can
take advantage of.

In this paper, we make first steps toward a practical algo-
rithm that exploits this cue by using gradient descent with
differentiable Monte Carlo ray tracing to jointly recover ex-
plicit representations of (i) spatially-varying reflectance, (ii)
environment illumination, and (iii) the per-image shapes of
any unseen, light-blocking occluders. We evaluate our al-
gorithm using a challenging variety of simulated scenes, in-
cluding scenes with diffuse-only materials and with object
geometry that is not known beforehand. We also apply our
method to an existing off-the-shelf dataset designed for in-
verse rendering, where the (unseen) camera rig moving to
capture the scene acts as an accidental occluder. Our re-
sults demonstrate that external shadowing effects provide a
strong and useful cue, even when they are subtle, and even
without relying on strong domain-specific priors for the ma-
terials, illumination, or external occluder shapes. This sug-
gests that incorporating unintended shadows into inverse
rendering pipelines for real, captured data is valuable for
improving the quality of material and lighting assets.

2. Related Work

We build on recent developments in differentiable ray trac-
ing and on a long history of inverse rendering work, in-
cluding the joint estimation of reflectance and lighting, and
the estimation of lighting alone. We are also inspired by a
separate line of work on passive non-line-of-sight imaging,
which exploits similar light-blocking effects.

Physics-based differentiable ray tracing. Modern dif-
ferentiable ray tracers [22, 28] enable the computation of
gradients of rendered images with respect to scene pa-
rameters (i.e., geometry, materials, and lighting) by dif-
ferentiating through light transport simulation. Recent
works have focused on improving efficiency and perfor-
mance [14, 29] and on accurately differentiating through
visibility discontinuities—such as those caused by shadow
and occlusion boundaries—with respect to shape and light-

ing [1, 42]. Our implementation of differentiable ray tracing
leverages insights from these works as well as from Zelt-
ner et al. [45], who provide design intuition for Monte Carlo
differentiable ray tracers.

Inverse rendering of materials and lighting. Decompos-
ing an object’s appearance into representations of material
and lighting is a long-standing problem in computer vision
and graphics. In their foundational work, Ramamoorthi and
Hanrahan [33] developed a signal processing approach by
describing the outgoing light at a surface point as the spher-
ical convolution of the BRDF and the incoming lighting.
This formulation elucidates why inverse rendering is ill-
posed and often ill-conditioned: it is ill-posed because there
are multiple illumination-material pairs that convolve into
the same image, and it is ill-conditioned because diffuse
BRDFs act as a low-pass filters on lighting, which causes
the estimates of medium- and high-frequency illumination
to be very sensitive to noise.

Because of this, most approaches to inverse rendering
rely on strong priors on materials and lighting. Single-view
approaches have used hand-designed priors [3] or priors in
the form of neural networks trained with supervision from
large datasets of material and lighting labels [23, 24]. More
relevant to us are multi-view approaches, which typically
either assume known lighting [4, 5, 36] or rely on strong
priors, such as assuming a single, highly-specular BRDF for
the entire object [46] or lighting from a prior distribution
that was pre-trained on a dataset of environment maps [6,
47]. The most closely related work is that for which lighting
information is not provided as input [17, 27].

For the sake of generality, we do not use such strong pri-
ors in our experiments because by avoiding them we can
more directly measure the benefits that are gained by mod-
eling unintended shadows as an additional cue. Because our
model uses a generic gradient-descent framework, stronger
application-specific priors can be added to it to improve per-
formance on a specific domain of interest.

Estimating environment lighting. Another thread of in-
verse rendering research focuses on the task of recover-
ing high-fidelity lighting environments, typically for aug-
mented reality applications where virtual objects are ren-
dered into photographs with consistent reflections and shad-
ows. Prior work by Debevec [9] used images of a chrome
sphere to measure environment lighting directly, and subse-
quent works have demonstrated that plausible environment
lighting can be estimated without chrome spheres, using im-
ages of indoor [12, 35] and outdoor scenes [13, 19, 20],
or images of a specific class of objects like faces [21, 30].
These subsequent techniques use strong priors in the form
of deep neural network weights that are trained with super-
vision to map from images to lighting, and they do not en-
force physical rendering consistency between the recovered
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lighting and the observations. In contrast, we avoid such
strong priors, and we explicitly enforce consistency.

More related to our approach is the work of Park et
al. [31], which recovers physically-consistent environment
maps from RGBD videos of shiny objects. However, their
algorithm can only recover the convolution of the environ-
ment map with the BRDF of the observed object (e.g., Fig-
ure 1(b)), which precludes the recovery of high illumination
frequencies unless the object is highly specular.

Also related is the work of Swedish et al. [37], which
places a known, diffuse object on a ground plane (a sce-
nario first studied by Sato et al. [34]) and uses its cast shad-
ows to recover high-quality lighting. Their formulation is
linear and it improves lighting estimates by leveraging self-
shadowing among diffuse objects that have known geom-
etry and albedo (e.g., Figure 1(c)). We generalize this by
replacing the linear formulation with differentiable Monte
Carlo ray tracing, which allows exploiting the additional
shadowing effects caused by moving external occluders and
leads to substantially improved results (e.g., Figure 1(d)).
Our formulation also handles objects with more general
spatially-varying BRDFs that are not known beforehand.

Passive non-line-of-sight imaging with occlusions. Pas-
sive non-line-of-sight techniques can also be seen as recov-
ering environment illumination: They observe a reflective
surface (which is typically diffuse and planar) and recover
the appearance of a “hidden scene” from these reflections.
Similar to us, prior works in this area have observed that the
presence of an occluder between the observed surface and
the hidden scene/environment aids recovery by introducing
sharp angular variations into the rendering integral. This
insight was first leveraged in settings with simple occluder-
shapes like pinholes and pinspecks [39] or corners joining
walls [7]. Subsequent work by Baradad et al. [2] general-
izes this by considering light-occlusion effects caused by an
arbitrary but known 3D shape (a task that is closely related
to Swedish et al. above). Yedidia et al. [44] additionally
recover the unobserved occluder’s shape assuming it is a
planar mask parallel to the observed planar surface.

We generalize these prior works by using differentiable
Monte Carlo rendering to replace their deconvolution-based
algorithms, which are tailored to the specific case where the
observed reflector is planar and diffuse. This allows using
reflective objects that have arbitrary shapes, and arbitrary
spatially-varying BRDFs which are not known beforehand.
It also allows recovering the shapes of unobserved occlud-
ers that are arbitrary and time-varying.

3. Motivation and Problem Setup

A well-known ambiguity in computer vision and graph-
ics occurs when decomposing an image into its compo-
nent lighting and materials. The top of Figure 2 recreates

Diffuse

Shiny

Without occluder

With occluder

Figure 2. Decomposing appearance into lighting and materials
can be inherently ambiguous. Top row: a diffuse sphere lit by
high-frequency lighting (inset) is visually indistinguishable from
a shiny, mirror-like sphere lit by low-frequency lighting. Bottom
row: A second image captured in the presence of a dark external
occluder resolves the ambiguity. The occluder’s effect is clearly
visible on the shiny sphere while on the diffuse sphere it produces
shadows that are soft and very subtle.

a common depiction of this ambiguity, where an image of
a known shape (a sphere) is explained equally well by a
diffuse material in a complicated lighting environment or
a shiny, mirror-like material under low-frequency lighting.
Now, imagine we capture a second image from the same
viewpoint, after some external object enters the scene. This
second object remains beyond the field of view and so is
not directly observed, but it acts as an external occluder that
prevents some of the environment’s light from reaching the
sphere. This second image, shown at the bottom of the fig-
ure for each case, clearly reveals which of the two material-
lighting explanations is the correct one.

We aim to make use of this unintended shadowing that
naturally occurs whenever a camera and its operators move
around an object while capturing images from different
viewpoints. They affect each image by blocking different
portions of the surrounding light, and this provides a helpful
signal. We will show that this signal is helpful even when
the occluder shapes and locations are quite arbitrary and not
known beforehand, and when their shadowing effects are
very subtle, like between the top and bottom images on the
left of Figure 2.

In addition to helping resolve material-lighting ambigu-
ities, shadowing from moving external occluders also im-
proves the conditioning of our inverse rendering problem.
This is analyzed in Figure 3, which considers the simpli-
fied hypothetical 1D case of recovering an environment il-
lumination from images of a diffuse disk-shaped object,
with known occluder positions. Convolution with a dif-
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Figure 3. Here we plot eigenvalue magnitudes as a function of il-
lumination angular frequency for a one-dimensional circular Lam-
bertian object with known albedo, under the simplifying assump-
tion of known occluder locations and shapes. For a single input im-
age without occlusion, almost all lighting frequencies are strongly
attenuated. In the single-occluder case (similar to the scenario con-
sidered by Baradad ez al. [2]), some low frequencies become re-
coverable but intermediate and high frequencies do not. Observing
additional images enables the recovery of more lighting informa-
tion, especially at the highest frequencies.

fuse BRDF acts as a low-pass filter of the incoming light,
which means that the linear inverse problem’s eigenvalues
are vanishingly low for higher frequencies. Moving exter-
nal occluders introduce a sharp angular variation in the per-
image illumination, which better-conditions these high fre-
quency components, and allows their recovery. As shown
in Figure 3, in this simplified scenario a single image con-
taining an occluder is better than a single image without any
occluders, but using observations of more occluders makes
the problem even better-conditioned. We demonstrate this
effect in practice in the supplement.

3.1. Formulation

Let {I;}1_, be a collection of T images of a scene with
known camera poses; for every ¢, I, is an RGB image with
spatial size H x . We assume the observed scene S C R3
is illuminated by a far-field environment map L(w;) that
does not change over time, so the only temporal changes
in the incident light field are caused by unobserved light-
blockers (called occluders hereafter) that move around the
scene outside the field of view. We can then write the inci-
dent light at any observed position x € S as:

Lt(X,L:Jq;) = L((:Jq)Mt(X7(:J7)V(X, (;Jl) 5 (1)
where for any ¢, M;(x,w,) is a binary signal with value 0
for directions blocked by the occluder and 1 otherwise, and
the binary signal V' (x, @;) models visibility effects that are

internal to the scene, with value O for directions from x that
are blocked by other scene elements, and value 1 otherwise.

Omitting global illumination effects, a pixel u corre-
sponding to a surface point x with BRDF f viewed from
direction w,, at time ¢ has color:

It(u) = /S2 Lt(X7L:Ji)f(X,d)i,dJo)(fl(X) ‘-‘A-’z)+ d&)l 5 (2)

where 1n(x) is the surface normal corresponding to x, and
(*)+ clamps negative values to zero.

Given the set of observed images, we would like to re-
cover the environment map L, a spatially-varying BRDF f
at every point on the surface of the object S, as well as the
set of unobserved occluder masks {M;}7_,, one for each
observation time ¢. Our goal is therefore to solve the fol-
lowing optimization problem:

2
wemin 3 [ 1w) = Re (w0, 0,00 ) |
() ,p(m) $O 5
3)
where R¢(u; -) renders the pixel location u at time ¢ using

the occluder parameters qb(o), material parameters (;S(m),
and illumination parameters gi)(e)

At first glance, it may seem that solving for occluders
in addition to materials and illumination should make the
resulting inverse problem more difficult. However, as il-
lustrated in Figure 3 and demonstrated by our experimental
results, modeling and solving for occluders actually makes
the full problem more well-conditioned and thus improves
recovery of material and illumination.

4. Method

We first describe our parameterizations of the unseen oc-
cluders, illumination, and materials (Sections 4.1-4.3).
Section 4.4 then relates these parameters to rendered pixel
colors, and Section 4.5 describes how we optimize to solve
the inverse problem in Equation 3.

We emphasize that our method is designed to exploit ex-
ternal shadows across as many scene-types as possible, and
so its only priors are those implicit to our parameteriza-
tions. In our experiments, we verify that these relatively
weak priors are sufficient for recovering high-fidelity oc-
cluder shapes, illumination maps, and material maps.

4.1. Occluders

Define a world coordinate system with origin at the scene’s
center, and let {r;}7_; be the radial distances from the ori-
gin to each (known) camera’s center. Then we model each
of the T" occluders M; as an independent binary signal de-
fined on the surface of a finite, radius-r; sphere that is cen-
tered at the origin. The value of the binary occluder signal
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Figure 4. The results of our method on three additional diffuse objects. We report the RMSE of each environment map in linear color space
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Figure 5. Our occluders extracted from the potatoes scene on the
top of Figure 4 resemble the true ones (left). However, as expected,
inaccuracies in the recovered masks tend to occur at relatively-
dark regions of the environment map: there is a very strong inverse
correlation (right) between the mean error in the recovered masks
and the amount of illumination energy that they block.

for a shadow ray emitted from surface point x € S in di-
rection w, at time ¢ can be computed by intersecting the
shadow ray with the occluder’s spherical shell:

My(x,@;) = My (S(x,@i,10)) 4)

where S(x, @;, r) is the intersection of the ray with a sphere
of radius 7, normalized to have unit length:

xt (VoG R - x )

T

. 65)

S(x,w;, 1) =

Note that there is a single intersection, since we assume that
the surface points are always inside the occluder spheres.

Although our formulation models the occluders as bi-
nary signals, a binary representation is not well-suited for
gradient-based optimization. Instead, we represent the oc-
cluders as a continuously-valued function on the sphere in a
spherical harmonic basis, mapped using a sigmoid function
o toliein [0, 1]:

P ¢
My@)=ca Y Y aumY"(@)],  ©

=0 m=—1¢

where ¢>(°) 2 {atem } are optimizable coefficients that pa-
rameterize the occluder at time ¢, and P is the degree re-
quired to span the space of spherical images with the same
resolution as our environment illumination (see below) [11].

Note that for radially symmetric BRDFs, the rendering
integral in Equation 2 can be written as a spherical convo-
lution [11, 33]. This makes spherical harmonics a natural
choice for representing the occluder signals, since spherical
convolutions are diagonal in the basis of spherical harmon-
ics. See our supplement for more details.

4.2. Environment Illumination

We assume that the scene’s illumination is distant and can
be represented as an environment map. The environment
map is parameterized as an image pyramid of size H' x W’
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Figure 6. In the case of purely Lambertian material (with the potatoes geometry), (a) only using self occlusions is insufficient for the recov-
ery of high-frequency content in the illumination. (b) Modeling and estimating occluders recovers significantly higher-quality illumination

that closely resembles the ground truth.

in equirectangular coordinates (50 x 100 in our experi-
ments), with an exponential nonlinearity:

K-1
L(w;) = eXp(Z akLk(‘-;’i)> ) @)

k=0

where ¢ = {Li};," comprise a coarse (k = 0) to fine
(k = K — 1) representation of the illumination, and we
set a = 2. For each k, L(w;) is computed by bilinearly
interpolating into a grid whose size exponentially increases
with k. The exponential nonlinearity is helpful for obtain-
ing high dynamic range values in the environment map, as
noted, e.g. in [3].

Unlike the occluder masks, we find that representing the
environment map as a pyramid results in better performance
than what is achieved with spherical harmonics. See ap-
pendix for additional details.

4.3. Materials

We represent the scene’s spatially-varying BRDF as the
sum of a diffuse and a specular component. We use a
Lambertian model for the diffuse term and a GGX mi-
crofacet model [43] for the specular term. The spatially-
varying BRDF parameters are represented by a coordinate-
based multi-layer perceptron (MLP) with a positional en-
coding [38] function v and optimizable parameters ¢)(m):

a(x) = MLP(7(x): ™) . ®)

Here, 7y(x) is the positionally-encoded position on the ob-
ject’s surface, and a(x) € R® are BRDF coefficients, con-
sisting of an RGB diffuse albedo, a spatially-varying scalar
microfacet roughness, and a spatially-varying scalar spec-
ular reflectance at normal incidence (equivalent to a repa-
rameterization of the material’s index of refraction). See the
supplement for an exact specification of our BRDF model.

4.4. Rendering

We render the occluders, materials, and illumination, i.e. the
rendering operator R; from Problem 3, by approximating
the integral in Equation 2 using Monte Carlo techniques.

(c) True albedo

(a) Sample input image  (b) Recovered albedo

(d) Recovered illumination (e) True illumination

Figure 7. We are able to recover illumination even when geometry
is unknown by first optimizing a volumetric representation of ge-
ometry using a NeRF-based method. Despite this inaccurate proxy
geometry, our method still recovers plausible (albeit blurry) illu-
mination (d) and albedo (b).

We use a standard multiple importance sampler [40] based
on the illumination and material model. We model shadows
cast by the occluders and self-occlusions by the object itself,
but for efficiency and due to our focus on diffuse objects, we
neglect lower-order effects and global illumination. See the
supplemental material for a full description of our renderer.

4.5. Optimization

We optimize the objective in Equation 3 using the Ly error
between rendered values and ground truth ones. We use
Adam [16] to optimize all three components of our model,
with a learning rate of 3- 10~ for the environment map and
materials, and a learning rate of 1 for the occluders.

In each iteration, we compute the Ly loss using a batch
size of 2'6 pixels. In order to avoid bias in the gradient
updates to our model’s parameters, we use the same ap-
proach as [10]: we render every pixel value twice using in-
dependent samples and multiply the per-channel deviations
of both from the ground truth to get the expected loss value:

=Y (1w - Lw) - (170 - Lw), ©
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Figure 8. Results on the captured salt 004 scene from Stanford-ORB [18]. Note that the “warped true illumination” environment map
(g) was captured by a light probe that was not co-located with the object, any may therefore be significantly warped. The recovered RMSE
reported is computed with respect to the average of all environment maps provided with the dataset rotated the same coordinate frame.

where ft(l)(u) and ft(2)(u) are the two independently-
rendered pixel values.

5. Experiments

We implement our entire rendering and optimization
pipeline in JAX [8] and run each of our experiments on
8 NVIDIA V100 GPUs. We evaluate our method on two
sources of data: synthetic objects, and captured data from
the Stanford-ORB dataset [18]. Our synthetic results were
generated using 256 input images of size 400 x 400, al-
though our method works similarly well with as few as 32
captures (see supplement for the effect of the number of im-
ages). Unless noted otherwise, the occluders for all experi-
ments are spherical caps with a size of 0.1 - 47 steradians,
centered at the camera.

Estimating illumination, materials, and occluders. Our
method can effectively recover environment illumination,
spatially-varying material parameters, and the shapes of un-
seen lighting occluders. We first investigate our algorithm’s
performance using rendered images of a variety of dif-
fuse objects (roughness 0.6, see BRDF model in appendix)
with known geometry. The illumination and albedos re-
covered by our model are visualized with their true values
in Figures 1 and 4. Figure 6 shows our reconstruction for
purely Lambertian materials, compared with the reconstruc-
tion from the same number of images without unobserved
occluders (but with self-occlusions), similar to the scenario

investigated by Swedish et al. [37]. For Lambertian objects,
reconstruction is severely ill-conditioned even when self-
occlusions are present, which results in significantly blur-
rier reconstructions. Figure 5 validates that our recovered
occluder shapes are accurate, especially for occluders that
block more of the illumination energy.

Captured data. We apply our method to scenes from the
Stanford-ORB dataset [18]. Each object in the dataset is
placed on a platform and captured from multiple direc-
tions. As the camera rig and photographer move around the
scene, the photographer is hidden under white cloth below
the camera. The images are provided along with a scanned
mesh which we use for geometry.

Despite not being designed for our task, Figure 8 shows
our recovered environment map obtained using the 66 train-
ing views in the salt004 scene, which features a rough
cylindrical object. Note that the dataset only provides an
estimated illumination obtained by a light probe placed at a
large distance from the object, meaning there is a significant
unknown non-rigid warp between the true incident light and
the image in Figure 8g labeled “warped true illumination”.
See supplement for additional results.

Without known geometry. Figure 7 presents preliminary
evidence that our method can be used to recover lighting
and materials even when the object geometry is not known.
In this experiment, we first recover an estimate of object ge-
ometry using a Neural Radiance Field (NeRF) [25]-based
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Figure 9. The signal provided by unintended shadows cast by unseen occluders improves the quality of recovered environment illumination.
Here, we plot the relative MSE for the recovered environment maps under two scenarios: (blue) using images rendered with unobserved
occluders and jointly estimating materials, illumination and occluder shape and (orange) using images rendered without occluders and
only estimating materials and illumination (this is the problem setting considered by Swedish et al. [37]). The cue of unintended shadows
consistently improves the quality of estimated illumination across varying (a) illumination frequency content, (b) object material roughness,
and (c) mask sizes. Additionally, we show that larger occluders that block more light improve the reconstructed illumination quality.

(a) lumination (pyramid)

(b) lllumination (direct)

Figure 10. Results from the experiment in Figure 4, where the
pyramid environment map has been replaced with a direct opti-
mization of its (pre-exponentiated) values. Directly optimizing the
mask values instead of using spherical harmonics also results in
worse reconstructions (see Table 1).

model augmented using the orientation loss from Verbin et
al. [41], and then use this (potentially-imprecise) proxy
geometry in our inverse rendering optimization pipeline.
Please refer to the supplemental materials for a detailed de-
scription of our NeRF-based model.

Object self-occlusion does not contain enough signal.
Figure 9 quantitatively demonstrates that only using the sig-
nal provided by object self-occlusions (“without occluders”
plot in orange) cannot recover illumination as accurately as
our method, which leverages the cue of unintended shad-
ows (“with occluders” plot in blue). In particular, exploiting
unintended shadows is increasingly important as the illumi-
nation contains higher frequencies (Figure 9a) and as the
object material becomes increasingly diffuse (Figure 9b).

Larger occluders improve illumination recovery. Fig-
ure 9c shows that increasing the size of the unseen occluders
improves the accuracy of the recovered environment maps.
Increasing the occluder size effectively improves the prob-
lem’s conditioning by creating a larger variation in the inci-
dent lighting across points on the object.

chair mannequin potatoes toad
Direct spherical harmonics | 0.831  0.654 0.997 0.943
Direct environment map 0.042  0.071 0.015 0.073
Ours 0.038  0.035 0.011 0.046

Table 1. Errors (RMSE) on all four of our scenes for our full model
compared with our model without the spherical harmonic occluder
parameterization, and without the pyramid environment parame-
terization. While the pyramid representation of the environment
map improves smoothness (see Figure 10), we find that represent-
ing the masks using spherical harmonics is critical for our method.

Parameterization ablation study. Table 1 and Figure 10
show that representing the environment map as an image
pyramid and the image masks with spherical harmonics,
both perform better than simply optimizing their respective
element values directly. See supplement for more details.

6. Discussion

Even though unintended shadows are common in most real-
world capture scenarios, they are often treated as outlier
data. In this paper, we showed how to explicitly lever-
age these shadows as a signal to improve the quality of re-
covered lighting and materials in particularly challenging
scenarios, such as objects made of diffuse materials. Fur-
thermore, we have shown that our algorithm can be used
with approximate geometry reconstructed by view synthesis
techniques, and that it can produce imperfect, yet promising
results on real captures, despite not being designed for this
type of data which does not satisfy many of our model’s as-
sumptions. We believe that this work makes important first
steps towards a general inverse rendering algorithm that can
recover geometry, materials, and illuminations from images
captured under realistic conditions.
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