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Compressive Rendering: A Rendering
Application of Compressed Sensing
Pradeep Sen, Member, IEEE, and Soheil Darabi, Student Member, IEEE
Abstract—Recently, there has been growing interest in compressed sensing (CS), the new theory that shows how a small set of
linear measurements can be used to reconstruct a signal if it is sparse in a transform domain. Although CS has been applied to many
problems in other fields, in computer graphics it has only been used so far to accelerate the acquisition of light transport. In this paper,
we propose a novel application of compressed sensing by using it to accelerate ray-traced rendering in a manner that exploits the
sparsity of the final image in the wavelet basis. To do this, we raytrace only a subset of the pixel samples in the spatial domain and use
a simple, greedy CS-based algorithm to estimate the wavelet transform of the image during rendering. Since the energy of the image
is concentrated more compactly in the wavelet domain, less samples are required for a result of given quality than with conventional
spatial-domain rendering. By taking the inverse wavelet transform of the result, we compute an accurate reconstruction of the desired
final image. Our results show that our framework can achieve high-quality images with approximately 75% of the pixel samples using a
non-adaptive sampling scheme. In addition, we also perform better than other algorithms that might be used to fill in the missing pixel
data, such as interpolation or inpainting. Furthermore, since the algorithm works in image space, it is completely independent of scene
complexity.
Index Terms—Rendering, ray tracing, sampling and reconstruction, compressed sensing.
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I NTRODUCTION

O

NE of the fundamental problems in computer
graphics is rendering, the process of synthesizing
an image from scene information. Although the final, rendered image can be efficiently compressed with
transform-coding compression algorithms, most rendering systems expend their effort in rendering every single
pixel in the spatial domain of the image first, only to
then discard the redundant information through either
static (e.g., JPEG or JPEG2000) or video (e.g., MPEG or
MPEG4) image compression. This raises the question
that inspired this work: is there a way to exploit the
sparsity in a transform domain directly during rendering
so that we render only the “important” information in
the image, as opposed to rendering everything first and
then throwing away most of the useless information?
This question seems to imply that we would need
to do the rendering directly in the transform domain.
Unfortunately, taking an arbitrary transform of a scene
is extremely difficult for anything other than simple,
analytic scene representations. In addition, most of the
elegant rendering algorithms to date (e.g., ray tracing [1],
REYES [2], and scanline algorithms [3]) do not map
to other domains. Therefore, a framework that exploits
sparsity in a transform domain has to be compatible with
the traditional point-sampling methods common to all of
these rendering algorithms.
Although other researchers have studied this problem
using conventional signal processing techniques (e.g.,
the Bolin and Meyer work [4] we discuss in Sec. 2.1),
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in this paper we focus on the general sampling-andreconstruction problem and suggest a novel approach
for reconstructing the rendered image in the transform
domain by leveraging recent results from the field of
compressed sensing (CS). The basic idea is simple: we
render only a fraction of the pixels in the image then try
to estimate the values of the missing pixels to complete
the rest of the image. Since this is clearly an ill-posed
problem, we use compressed sensing as a regularization
technique to estimate these unknown values. In other
words, by assuming that the final image is compressible
in a transform domain, we can use the optimization algorithms developed by the CS community to approximate
it accurately using a smaller number of spatial samples
than with conventional approaches. We introduce the
term compressive rendering (or compressed rendering) to
describe algorithms that exploit sparsity in a transform
domain to make rendering more efficient in this manner.
To implement our framework, we first use a ray
tracer [1] to compute a fixed subset of the pixels in the
final image. We note that our sampling algorithm is not
adaptive since we never raytrace new samples based on
the latest image reconstruction, but rather we randomly
select a set of pixels to be computed without knowing
anything about the image. These measured pixels serve
as our random linear projection of the image “signal,”
which is then assumed to be sparse in a transform
domain so that we can use CS to reconstruct the missing
samples. Our experiments indicate that this simple approach produces better images than other methods for
filling in the missing data. In addition, since we focus
on the fundamental sample-reconstruction problem and
operate in image space, our approach is independent
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of traditional ray-tracing acceleration approaches [5].
In other words, we do not accelerate the tracing of
the rays or the computation of the samples, but rather
focus on the problem of generating a better image with
the given samples. Specifically, this paper makes three
contributions to the field of rendering:
1) We apply the theory of compressed sensing to the
problem of rendering. Although CS has been used
in computer graphics to accelerate light transport
acquisition [6], [7], [8], it has not yet been applied
to rendering.
2) We present a novel approach for working with
wavelets within the framework of compressed
sensing. As described in Sec. 3.2, CS requires incoherence (see Eq. 4) between the sampling basis
and the compression basis. In our case, rendering
systems perform point sampling while image compression is best done with wavelets, which unfortunately are not incoherent bases. We propose a
way to overcome this challenge and render images
efficiently using wavelets (Sec. 4.1).
3) Leveraging the first two contributions, we develop a novel framework for compressive rendering that synthesizes high-quality images at lower
sampling rates using a simple, non-adaptive algorithm (Sec. 4.2).

been in the field of volume rendering. In this area, both
the Fourier [23], [24] and wavelet domains [25] have been
leveraged to reduce rendering times. However, the problem they are solving is significantly different than that of
image rendering, so their approaches do not map well
to the problem addressed in this work. Finally, perhaps
the most similar rendering approach is the frequencybased ray tracing work of Bolin and Meyer [4]. Like our
own approach, they take a set of samples and then try
to solve for the transform coefficients (in their case the
Discrete Cosine Transform) that would result in those
measurements. However, the key difference is that they
solve for these coefficients using least-squares, which
means that they can only reconstruct the frequencies of
the signal that have sufficient measurements as given by
the Nyquist-Shannon sampling theorem. Our approach,
on the other hand, is based on the more recent work on
compressed sensing, which specifies that the sampling
rate is dependent on the sparsity of the signal rather
than on its band-limit. Therefore, by posing the problem
of determining the value of missing pixels within the
framework of compressed sensing, we leverage the diverse set of tools that have been recently developed for
these kinds of problems.

2

Most of the work in accelerating ray tracing has focused
on novel data structures for accelerating the scene traversal [5]. As we mention in the introduction, these methods are orthogonal to ours since we do not accelerate
the ray tracing process but rather focus on generating
a better image with less samples. However, there are
algorithms to accelerate rendering that take advantage
of the spatial correlation of the final image, which in the
end is related to the sparsity in the wavelet domain. Most
common is the process of adaptive sampling [1], [26],
in which a fraction of the samples are computed and
new samples are computed only where the difference
between measured samples is large enough, e.g., by
a measure of contrast. Unlike our approach, however,
adaptive sampling still computes the image in the spatial
domain which makes it impossible to apply arbitrary
wavelet transforms. For example, in this work we use the
CDF 9/7 wavelet transform because it has been shown to
be very good at compressing imagery. It is unclear how
existing adaptive methods could be modified to use this
basis. Furthermore, although our method uses a fixed,
non-adaptive sampling pattern to reconstruct the image,
it can also be extended to an adaptive algorithm that
places new samples based on the most recent reconstruction of the image. We show results of this in Sec. 6.2.
There is also a significant body of work which attempts to reconstruct images from sparse samples by
using specialized data structures. First, there are systems
which try to improve the interactivity of rendering by
interpolating a set of sparse, rendered samples, such
as the Render Cache [27] and the Shading Cache [28].

2.1

R ELATED W ORK
Transform Compression in Rendering

There is a long history of research into transform-based
compression to accelerate or improve rendering algorithms. We briefly survey some of the relevant work here
and refer readers to more in-depth surveys (e.g., [11],
[12]) for more detail. For background on wavelets, the
texts by Stollnitz et al. [13] and Mallat [14] offer good
starting points.
In the area of image rendering, transform compression
techniques have been used primarily for accelerating the
computation of illumination. For example, the seminal
work of Hanrahan et al. [15] uses an elegant hierarchical approach to create a multiresolution model of the
radiosity in a scene. While it does not explicitly use
wavelets, their approach is equivalent to using a Haar
basis. This work has been extended to use different kinds
of wavelets or to subdivide along shadow boundaries
to further increase the efficiency of radiosity algorithms,
e.g., [16], [17], [18].
Recently, interest in transform-domain techniques for
illumination has been renewed through research into
efficient pre-computed radiance transfer methods using
bases such as spherical harmonics [19], [20] or Haar
wavelets [21], [22]. Again, these approaches focus on
using the sparsity of the illumination or the BRDF
reflectance functions in a transform domain, not on
exploiting the sparsity of the final image.
In terms of using transform-domain approaches to
synthesize the final image, the most successful work has

2.2 Accelerating ray tracing and rendering
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Fig. 1. Our framework exploits the sparsity of the image in the wavelet domain to accelerate ray-traced rendering. In this figure, we
render our ROBOTS test scene with 80% of the total pixel samples using a fixed, non-adaptive sampling pattern. We then reconstruct
the missing pixels using various algorithms. The large image on the left is cropped from the result of our compressive rendering
framework, which is comparable in quality to the original image. For comparison, the leftmost inset shows a magnified portion of
the ground truth, fully-rendered image. We then show the insets reconstructed from the 80% samples using interpolation, ACT [9]
and inpainting [10], and finally our approach using compressed sensing to reconstruct the image using a CDF 9/7 wavelet for
compression. Our result is the highest in quality and comparable to the fully-rendered ground truth, despite the fact that it took over
an hour less to render.

There are also approaches that perform interpolation
while explicitly observing boundary edges to prevent
blurring across them. Examples include Pighin et al.’s
image-plane discontinuity mesh [29], the directional coherence map proposed by Guo [30], the edge-and-point
image data structure of Bala et al. [31], and the realtime silhouette map by Sen [32], [33]. Our work is
fundamentally different than these approaches because
we never explicitly encode edges or use a data structure
to improve the interpolation between samples. Rather,
we take advantage of the compressibility of the final
image in a transform domain in order to reconstruct
it. This allows us to faithfully reconstruct edges in the
image, as can be seen by our results in Fig. 1.
Perhaps our work is most closely related to those
approaches that fundamentally improve the process
of sampling/reconstruction, such as the work by
Mitchell [26]. One of the more similar papers in recent
years is the work of Hachisuka et al. [34] which presents
a novel sampling/reconstruction technique for improving rendering. Like our approach, theirs generates better quality images in shorter times than with standard
techniques. However, while they focus on sampling the
multidimensional scene information efficiently, we only
deal with sampling the 2-D image plane and instead
focus on reconstructing the image efficiently in a transform domain. It would be interesting to combine the two
approaches in future research.
2.3

Reconstruction of missing data

Our approach to rendering only computes a fraction of
the pixels in the image and uses compressed sensing to
“guess” the values of the unrendered pixels. In computer
graphics and vision, there are techniques such as inpainting [10] and hole-filling [35] that are also used to fill
in missing pixel data. Typically, these approaches work

by taking a band of measured pixels around the unknown region and minimizing an energy functional that
propagates this information smoothly into the unknown
regions while at the same time preserving important
features such as edges. Although we could use these
algorithms to fill in the missing pixels in our rendering
application, the random nature of the rendered pixels
makes our application fundamentally different from that
of typical inpainting, where the missing pixels have
localized structure due to specific properties of the scene
(such as visibility) which in our case are not available until render time. Nevertheless, we compare our algorithm
to inpainting in Sec. 5 to help validate our approach.
Perhaps the most successful approaches for reconstructing images from non-uniform pixel samples come
from the non-uniform sampling community, where this
is known as the “missing data” problem since one is trying to reconstruct the missing samples of a discrete signal. Readers are referred to Ch. 6 of the principal text on
the subject by Marvasti [36] for a complete explanation.
One successful algorithm is known as ACT [9] which
tries to fit trigonometric polynomials (related to the
Fourier series) to the point-sampled measurements in a
least-squares sense by solving the system using Toeplitz
matrix inversion. This is related to the frequency-based
ray tracing by Bolin and Meyer [4] described earlier.
Another approach, known as the Marvasti method [37],
solves the missing data problem by iteratively building up the inverse of the system formed by the nonuniform sampling pattern combined with a low pass
filter. However, both the ACT and Marvasti approaches
fundamentally assume that the image is bandlimited in
order to do the reconstruction, something that is not true
in our rendering application. As we show later in this
paper, our algorithm relaxes the bandlimited assumption
and is able to recover some of the high-frequency com-
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ponents of the image signal. Nevertheless, since ACT
and Marvasti represent state-of-the-art approaches in the
non-uniform sampling community for the reconstruction
of missing pixels in a non-uniformly sampled image, we
will compare our approach against these algorithms later
in the paper.
2.4

Compressed sensing and computer graphics

In this paper, we use tools developed for compressed
sensing to solve the problem of reconstructing rendered images with missing pixel samples. Although
compressed sensing has been applied to a wide range
of problems in many fields, in computer graphics there
are only three published works that have used CS, all
in the area of light-transport acquisition [6], [7], [8]. The
important difference between this application and our
own is that it is not easy to measure arbitrary linear
projections of the desired signal in rendering, while it
is very simple to do so in light transport acquisition
through structured illumination. In other words, since
computing the weighted sum of n pixels is not as easy
as calculating the value of a single pixel, it is less
obvious how to apply the traditional CS approaches to
the rendering problem.

3

C OMPRESSED S ENSING T HEORY

The area of compressed sensing is relatively new to
computer graphics. For this reason, we summarize some
of its key theoretical results in this section to make our
approach understandable to our community. A summary
of the notation we shall use in this paper is shown in
Table 1. Readers are referred to the key papers of Candès
et al. [38] and Donoho [39] as well as the extensive CS
literature available through the Rice University online
repository [40] for a more comprehensive review of the
subject.
3.1

Theoretical background

The theory of compressed sensing allows us to reconstruct a signal from only a few samples if it is sparse in a
transform domain. To see how, suppose that we have an
n-dimensional signal x ∈ Rn we are trying to estimate
with k random samples, where k  n. We can write
this sampling process with the linear sampling equation
y = Sx, where S is an k×n sampling matrix that contains
a single “1” in each row and no more than a single “1” in
each column to represent each sampled value, and with
zeros for all the remaining elements. This maps well to
our rendering application, where the n-pixel image we
want to render (x) is going to be estimated from only k
pixel samples (y).
Initially, it seems that perfect estimation of x from y
is impossible, given that there are (n − k) pixels which
we did not observe and could possibly have any value
(ill-posedness). This is where we use the key assumption
of compressed sensing: we assume that the image x is

4

n
k
m
x
x̂
y
S
Ψ
F
G
Φ
A

size of final image in pixels
number of pixels sampled by ray tracer
number of non-zero coefficients in transform domain
high-resolution final image, represented by an n × 1 vector
image transform, represented by a n × 1, m-sparse vector
k × 1 vector of pixel samples of x generated by ray tracer
k × n sampling matrix of ray tracer, s.t. x̃ = Sx
n × n linear transform “compression” matrix with inverse Ψ−1
n × n orthogonal Fourier transform matrix
n × n diagonal matrix with values of a Gaussian function
n × n invertible blur filter, Φ = F H GF
k × n “measurement” matrix, A = SΨ−1

TABLE 1. Notation used in this paper.
sparse in some transform domain x̂ = Ψx. Mathematically, the signal x̂ is m-sparse if it has at most m nonzero coefficients (where m  n), which can be written
in terms of the 0 norm (which effectively “counts”
the number of non-zero elements): x̂0 ≤ m. This is
not an unreasonable assumption for real-world signals
such as images, since this fact is exploited in transformcoding compression systems such as JPEG and MPEG.
The basic idea of compressed sensing is that through
this assumption, we are able to eliminate many of the
images in the (n−k)-dimensional subspace which do not
have sparse properties. To formulate the problem within
the compressed sensing framework, we substitute our
transform-domain signal x̂ into our sampling equation:
y = Sx = SΨ−1 x̂ = Ax̂,

(1)

where A = SΨ−1 is a k × n measurement matrix that
includes both the sampling and compression bases. If we
could solve this linear system correctly for x̂ given y, we
could then recover the desired x by taking the inverse
transform. Unfortunately, solving for x̂ is difficult to do
with traditional techniques such as least squares because
the system is severely undetermined because k  n.
However, one of the key results in compressed sensing
demonstrates that if k ≥ 2m and the RIC condition is met
(Sec. 3.2), then we can solve for x̂ uniquely by searching
for the sparsest x̂ that solves the equation. A proof of
this remarkable conclusion can be found in the paper by
Candès et al. [38]. Therefore, we can pose the problem
of computing the transform of the final rendered image
from a small set of samples as the solution of the 0 optimization problem:
min x̂0 s.t. y = Ax̂.

(2)

Unfortunately, algorithms to solve Eq. 2 are NPhard [41] because they involve a combinatorial search
of all m-sparse vectors x̂ to find the sparsest one that
meets the constraint. Fortunately, the CS research community has developed fast, greedy algorithms that find
approximate solutions to the 0 problem, such as Orthogonal Matching Pursuit (OMP) [42]. Given the measured
vector y and the measurement matrix A, OMP finds the
coefficient of x̂ with the largest magnitude by projecting
y onto each column of A (through the inner product
|y, aj |, where aj is the j th column of A), and selecting
the largest. After the the largest coefficient has been
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identified, we solve y = Ax̂ as a least-squares problem
assuming that it has only one non-zero coefficient in
the identified position. We use this new estimate for
x̂ to compute the estimated signal x and subtract it
from the original measurements to get a residual. The
algorithm iterates, using the residual to solve for the next
largest coefficients of x̂ one at a time until an m-sparse
approximation of the transform domain vector is found.
Despite its simplicity, OMP has a weak guarantee of
exact recovery [43]. For this reason, Needell and Vershynin [43] proposed a modification to OMP called Regularized Orthogonal Matching Pursuit (ROMP) which
recovers multiple coefficients in each iteration, thereby
accelerating the algorithm and making it more robust
to meeting the RIC (see below). ROMP approximates
the coefficients on every iteration like OMP and then
sorts them in non-increasing order. Instead of selecting
a single element in each iteration, ROMP selects the
continuous set of coefficients with the largest energy
in which the largest coefficient in the group cannot be
more than twice as big as the smallest member. These
coefficients are then appended to a list of non-zero
coefficients maintained by the algorithm and a leastsquares problem is solved to find the best approximation
for these non-zero coefficients. The approximation error
is then computed based on the measured results and
the algorithm iterates again. Since we use the ROMP
algorithm in this work, we provide a block diagram in
Fig. 3 that gives an overview of the algorithm.

3.2

Restricted Isometry Condition (RIC)

It is impossible to solve y = Ax̂ for any arbitrary A if
k  n because the system is severely underdetermined.
However, compressed sensing can be used to solve
uniquely for x̂ if matrix A meets the Restricted Isometry
Condition (RIC):
(1 − )||v||2 ≤ ||Av||2 ≤ (1 + )||v||2 ,

(3)

with parameters (z, ), where  ∈ (0, 1) for all z-sparse
vectors v [43]. Effectively, the RIC states that in a valid
measurement matrix A, every possible set of z columns
of A will form an approximate orthogonal set. Another
way to say this is that the sampling and compression
bases S and Ψ that make up A must be incoherent.
Examples of matrices that have been proven to meet RIC
include Gaussian matrices (with entries drawn from a
normal distribution), Bernoulli matrices (binary matrices
drawn from a Bernoulli distribution), and partial Fourier
matrices (randomly selected Fourier basis functions) [44].
Unfortunately, a point-sampled wavelet basis (which
is desirable in our rendering application because of the
ability for a rendering system to take point-samples
of the scene) does not meet the RIC. We discuss our
modifications to the basis to improve this and allow our
framework to be used for rendering in the next section.

4

5

C OMPRESSIVE R ENDERING

In this section we present our framework by first describing the point-sampled wavelet measurement matrix
for compressed sensing. We then describe a simple, nonadaptive algorithm based on the ROMP algorithm [43]
introduced in Sec. 3.1 which solves for the missing pixels
in the image.
4.1 Novel CS framework for point-sampling wavelets
Although wavelets are very good at compressing image data, they are unfortunately incompatible with the
point-sampling basis of our rendering system because
they are not incoherent with point samples as required
by Restricted Isometry Condition (RIC) of compressed
sensing. To see why, we note that the coherence between
a general sampling basis Ω and compression basis Ψ can
be found by taking the maximum inner product between
any two basis elements of the two:
√
(4)
μ(Ω, Ψ) = n · max |ωj , ψk |.
1≤j,k≤n

Because the matrices are orthonormal,√the resulting
coherence lies in the range μ(Ω, Ψ) ∈ [1, n] [45], with
a fully incoherent pair having a coherence of 1. This is
the case for the point-sampled Fourier transform, which
is ideal for compressed sensing but unfortunately is
not suitable for our application (see Fig. 7). If we use
a wavelet as the compression basis (e.g., a 642 × 642
Daubechies-8 wavelet (DB-8) matrix for n = 642 ), the
coherence with a point-sampled basis is 32,
√ which is only
half the maximum coherence possible ( n = 64). This
large coherence makes wavelets unsuitable to be used
as-is in the compressed sensing framework.
In order to reduce coherency yet still exploit the
wavelet transform, we propose a modification to Eq. 1.
Specifically, we assume that there exists a blurred image
xb which can be sharpened to form the original image:
x = Φ−1 xb , where Φ−1 is a sharpening filter. We can
now write the sampling process as y = Sx = SΦ−1 xb .
Since the blurred image xb is also sparse in the wavelet
domain, we can incorporate the wavelet compression
basis in the same way as before and get y = SΦ−1 Ψ−1 x̂b .
We can now solve for the sparsest x̂b :
min x̂b 0 s.t. y = Ax̂b ,

(5)

where A = SΦ−1 Ψ−1 , using the greedy algorithms such
as OMP or ROMP described in Sec. 3. Once x̂b has been
found, we can compute our final image by taking the
inverse wavelet transform and sharpening the result: x =
Φ−1 Ψ−1 x̂b .
In this work, our filter Φ is a Gaussian filter, and since
we can represent the filtering process as multiplication in
the frequency domain, we write Φ = F H GF, where F is
the Fourier transform matrix and G is a diagonal matrix
with values of a Gaussian function along its diagonal.
Substituting this in to Eq. 5, we get:
min x̂b 0 s.t. y = SF H G−1 FΨ−1 x̂b .

(6)
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Fig. 2. Coherence vs. variance of Gaussian matrix G. Since
G is in the frequency domain, larger variance means a smaller
spatial filter. As the variance grows, the coherence converges to
32, the coherence of the point-sampled, 642 × 642 DB-8 matrix.
The coherence should be as small as possible, which suggests
a smaller variance for our Gaussian filter in the frequency
domain. However, this results in a blurrier image xb and which
is therefore harder to reconstruct accurately. The optimal values
for the variance were determined empirically and decreased the
coherence by almost a factor of 2.

We observe that G−1 is also a diagonal matrix and
should have the values G−1
i,i along its diagonal. However,
we must be careful when inverting the Gaussian function
because it is prone to noise amplification. To avoid this
problem, we use a linear Wiener filter to invert the Gaussian [46], which means that the diagonal elements of our
2
inverse matrix G−1 have the form G−1
i,i = Gi,i /(Gi,i +λ).
Since the greedy algorithms (such as ROMP) we use
to solve Eq. 2 require a “backward” matrix A† that
“undoes” the effect of A (i.e., A† Av ≈ v), where
A = SΦ−1 Ψ−1 , we use a backwards matrix of the form
A† = ΨΦST = ΨF H GFST .
Note that for real image sizes, the matrix A will be too
large to store in memory. For example, to render a 1024×
1024 image with a 50% sampling rate, our measurement
matrix A will have n×k = 5.5×1011 elements. Therefore,
our implementation must use a functional representation
for A that can compute any element of A on the fly as
needed. An explanation of how we do this can be found
in Sec. 5.
The addition of the sharpening filter means that our
measurement matrix is composed of two parts: the pointsamples S and a “blurred wavelet” matrix Φ−1 Ψ−1
which acts as the compression basis. This new compression basis can be thought of as either blurring the image
and then taking the wavelet transform, or applying a
“filtered wavelet” transform to the original image. To
see how this filter reduces coherence, we plot the result
of Eq. 4 as a function of the variance σ 2 of Gaussian
function of G in Fig. 2 for our 642 × 642 example. Note
that the Gaussian G is in the frequency domain, so as the
variance gets larger the filter turns into a delta function
in the spatial domain and the coherence approaches 32,
the value of the unfiltered coherence. As we reduce the
variance of G, the filter gets wider in the spatial domain
and coherence is reduced by almost a factor of 2.
Although it would seem that the variance of G should

6

be as small as possible (lowering coherence), this increases the amount of blur of xb and hence the noise in
our final result due to inversion of the filter. We determined the optimal variances empirically on a single test
scene and used the same values for all our experiments
(see Table 2). In the end, the reduction of coherence by a
factor of 2 through the application of the blur filter was
enough to yield good results with compressed sensing.
We can gauge this effect by examining the results of
not using the blur filter in Fig. 7. Furthermore, we can
explore how the coherence vs. noise tradeoff affects
image quality, results of which are shown in Fig. 9.
It is important to note that this framework still allows
us to produce an image x which contains high frequency
information which lies beyond the bandlimit of the filter
Φ. As shown in Fig. 11 for a simple test case, highfrequencies beyond the apparent bandlimit of the filter
can be recovered, although the reconstruction is biased
towards the lower frequencies. With this new framework
for filtered wavelet compression in place, we are now
ready to apply it to our rendering application.
4.2 An algorithm for compressive rendering
The basic idea of our approach is simple: we use a
ray tracer to fully compute a small number k of random pixel locations and then use compressed sensing
to estimate the values of the other pixels assuming
sparsity in the filtered wavelet basis introduced in the
last section. This algorithm is based on the observation
that the reconstructed images that deviate significantly
from the fully-rendered image would also be less sparse
in the transform domain and therefore are rejected by
our algorithm. The non-adaptively sampled compressive
rendering algorithm consists of two basic steps:
Step 1: The scene is rendered using standard ray
tracing except that only k out of n pixels are computed.
The k pixels to be rendered are randomly selected using
a Poisson-disk distribution without taking into account
scene properties. This step achieves the speedup over
conventional rendering techniques, since not every pixel
needs to be rendered.
Step 2: The measured pixels are represented as observation vector y in the compressed sensing framework
of Sec. 3, which is then used to reconstruct the sparse
wavelet transform x̂b . This result is then used to compute
the approximation of the desired image x.
In step 1, we select a subset of the total pixels to be
fully rendered. Note that our approach assumes that
the pixels are independent from one another and can
be computed separately. Although this independence is
true of physical light transport, it is not necessarily true
in rendering systems where samples from neighboring
pixels might be used to compute the final pixel color.
Therefore, we restrict the ray tracer to using samples
only from inside the selected pixels, which is easy to
do with stratified, jittered or low-discrepancy sampling.
If done correctly, this first step is equivalent to rendering the entire image and then selecting the pixels at
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Fig. 3. Block diagram of the ROMP algorithm, which tries
to solve y = Ax with as few coefficients of x as possible.
1. The input is first multiplied by A† to determine the largest
coefficients of x. In our formulation, this includes applying filter
Φ and wavelet transform Ψ. 2. Next, the coefficients are sorted,
and the set J0 of contiguous coefficients with the largest energy
is added to our index array In . 3. We next solve the least-squares
problem using only those coefficients to find the values for x that
approximate the input when applied to the linear system. 4. If the
error is too big, the residual rn+1 is computed and the algorithm
iterates again. Once the algorithm has converged or the target
sparsity is reached, it outputs the approximation of x.

the specified locations to form vector y. Since the ray
tracer only computes k pixels, we achieve a speedup
over standard non-adaptive ray tracing of n/k . The k
pixels to be computed are selected randomly, although
we observe that random Poisson-disk distributions [47]
work better than arbitrary random selection of the pixels
because they do not clump together. Despite the fact
the pixel samples are chosen without any information
of the scene, we are still able to generate a high-quality
rendering faster than conventional approaches.
Step 2 is the important reconstruction step, where the
pixel samples from step 1 are reconstructed into the final
image using the CS framework. We determine the color
of the missing pixels by approximating a solution to Eq. 5
for x̂b using Regularized Orthogonal Matching Pursuit
(ROMP), which is shown as a block diagram in Fig. 3.
Once x̂b has been approximated, we can then estimate
the desired final image x by taking the inverse wavelet
transform of x̂b and sharpening the result by applying
the inverse of our Gaussian filter Φ. We now describe
the details of our implementation in the next section.

5

I MPLEMENTATION AND R ESULTS

To test our algorithm, we integrated our compressive
sensing framework into both an academic ray tracing
system (PBRT [5]) and a high-end, open source ray
tracer (LuxRender [48]). The integration of both was
straightforward since we only had to control the pixels
being rendered (step 1), and then add on a reconstruction module that performed the ROMP algorithm.
In order to select the random pixels to measure, we
used the Boundary sampling method of the Poisson-disk
implementation from Dunbar and Humphreys [49]. For
LuxRender, for example, these positions were provided
to the ray tracing system through the PixelSampler class.
The “low discrepancy” sampler was used to ensure that
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%
6%
13%
25%
33%
43%

1/σ 2
0.000130
0.000065
0.000043
0.000030
0.0000225

λ
0.089
0.109
0.209
0.209
0.234

%
53%
60%
72%
81%
91%

1/σ 2
0.000015
0.000014
0.000013
0.000011
0.000008

λ
0.259
0.289
0.289
0.299
0.399

TABLE 2. Parameters for the Gaussian (1/σ 2 ) and Wiener
filters (λ). We iterated over the parameters of the Gaussian
filter to find the ones that yielded the best reconstruction for the
ROBOTS scene at the given sampling rates (%) for 1024 × 1024
reconstruction. See Sec. 4.1 for more details.

samples were only made in the pixels selected. After
the ray tracer evaluated the samples, the measurement
was recorded into a data structure that was fed into the
ROMP solver. The rest of the ray tracing code was left
untouched.
The ROMP solver was based on the code by Needell
et al. [43] available on their website but re-written in
C++ for higher performance. We leverage the Intel Math
Kernel Library 10.1 (MKL) libraries [50] to accelerate
linear algebra computation and to perform the FastFourier Transform for our Gaussian filter. In addition,
we use the Stanford LSQR solver [51] to solve the leastsquares step at the end of ROMP (see Fig. 3). The
advantage of LSQR is that it is functional-based so we
do not need to represent the entire A matrix in memory
since it can get quite large as mentioned earlier.
To describe the implementation of the functional version of the measurement matrix A, we first recall that
A = SF H G−1 FΨ−1 from Eq. 6. The inverse wavelet
transform Ψ−1 was computed using the lifting algorithm [14], and the MKL library was used to compute
the Fourier and inverse-Fourier transforms of the signal.
To apply the filter, we simply weighted the coefficients
by the Gaussian function described in the algorithm.
After applying the inverse Fourier transform to the
filtered signal, we then simply take the samples from
the desired positions. This gives us a way to simulate
the effect of matrix A in our ROMP algorithm without
explicitly specifying the entire matrix. In addition, we
found empirically that ROMP behaved better when the
maximum number of coefficients added in each iteration
was bounded. For the experiments in this paper, we
used a bound of 2k/i, where k is the number of pixels
measured and i is the maximum number of ROMP
iterations which we set to 30.
After the renderer finishes computing the samples,
ROMP operates on the input vector y. We set the target
sparsity to one fifth of the number of samples k, which
has been observed to work well in the CS literature [52].
As shown in Fig. 3, ROMP uses the Gaussian filter as
part of the reconstruction process. The parameters of the
Gaussian filter were set through iterative experiments
on a single scene, but once set they were used for all
the scenes in this paper. Table 2 shows the actual values
used in our experiments. If a sampling rate is used that
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Pre-process
0.25
0.28
0.46
47

Full Render
611
903
470
634

CS Recon
11.9
13.5
13.3
12.0

10000

%
1.9%
1.4%
2.8%
1.9%

TABLE 3. Timing results in minutes of our algorithm. Preprocess includes loading the models, creating the acceleration
data structures, and photon mapping (for SPONZA which took 47
mins). Full render is the time to sufficiently sample every pixel
to generate the ground-truth image. CS Recon is the time it took
our reconstruction algorithm to solve for a 1024 × 1024 image
with 75% of samples. The last column shows the percentage
of rays that could be traced instead of using our approach.
Because our CS reconstruction is fast, this number is fairly
small. We ignore post-processing effects because these are in
the order of seconds and are negligible. We also do not include
the cost of the interpolation algorithm since it took around 10
seconds to triangulate and interpolate the samples.

is not in the table, the nearest entries are interpolated.
The compression basis used in this work is the CohenDaubechies-Feauveau (CDF) 9-7 biorthogonal wavelet,
which is particularly well-suited for image compression
and is the wavelet used in JPEG2000 [53]. Since we
are dealing with color images, the image signal must
be reconstructed in all three channels: R, G, and B. To
accelerate reconstruction, we transform the color to YUV
space and use the compressive rendering framework for
only the Y channel and use the Delaunay-interpolation
(described below) for the other two. The error introduced
by doing this is not noticeable as we are much more
sensitive to the Y channel in an image than the other the
two.
To compare our results, we test our approach against
a variety of other algorithms that might be used to fill
in the missing pixel data in the renderer. For example,
we compare against the popular inpainting method of
Bertalmio et al. [10], using the implementation by Alper
and Mavinkurve [54]. To compare against approaches
from the non-uniform sampling community, we implemented the Marvasti algorithm [37] and used the
MATLAB version for the ACT algorithm provided in
the Nonuniform Sampling textbook [36]. Finally, rendering
systems in practice typically use interpolation methods
to estimate values between computed samples. Unfortunately, many of the convolution-based methods that
work so well for uniform sampling simply do not work
when dealing with non-uniform sample reconstruction
(see, e.g., the discussion by Mitchell [26]). For this work
we implemented the piece-wise cubic multi-stage filter
described by Mitchell [26], with the modification that
we put back the original samples at every stage to
improve performance. Finally, we also implemented the
most common interpolation algorithm used in practice,
which uses Delaunay triangulation to mesh the samples
and then evaluates the color of the missing pixels in
between by interpolating each triangle of the mesh, e.g.,
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Fig. 4.

Run-time complexity of our ROMP reconstruction
algorithm, where n is the total size of our image (width ×
height). The curve of n log n is shown for comparison. We tested
our algorithm on images of size 32 × 32 all the way through
2048×2048. Even at the larger sizes, the performance remained
true to the expected behavior. Note that the complexity of the
reconstruction algorithm is independent of scene complexity.

as described by Painter and Sloan [55]. This simple
algorithm provides a piece-wise linear reconstruction of
the image, which turned out to be one of the better
reconstruction techniques.
The different algorithms were all tested on a Dell
Precision T3400 with a quad-core, 3.0 Ghz Intel Core2
Extreme CPU QX6850 CPU with 4GB RAM capable
of running 4 threads. The multi-threading is used by
LuxRender during pixel sampling and by the Intel
MKL library when solving the ROMP algorithm during
reconstruction. In terms of test scenes, we selected a
variety of scenes that reflect the wide spectrum for
high-end rendering: from scenes that might be used
in feature films (ROBOTS), to architectural visualization
– both indoor (APARTMENT) and outdoor (SPONZA),
natural scenes (PLANTS), industrial rendering (WATCH),
and finally artistic scenes (GLASSES). All final images
shown in this paper are at 1000 × 1000 resolution except
for the A PARTMENT scene of Fig. 7, which is at 500×500.
Since most of the reconstruction algorithms have border
artifacts, we render a larger frame and crop out a margin
around the edges. For example, the 1000 × 1000 images
were rendered at 1024 × 1024 with a 12-pixel margin.
5.1 Timing performance
In order for the proposed framework to be useful, the CS
reconstruction of step 2 has to be fast and take less time
than the alternative of simply brute-force rendering more
pixels. Table 3 shows the timing parameters of various
scenes rendered with LuxRender. We see that the CS step
takes approximately 10 minutes to run for a 1024 × 1024
image with 75% samples with our unoptimized C implementation. Since the full-frame rendering times are
on the order of 6 to 15 hours, the CS reconstruction
constitutes less than 2% of the total rendering time,
which means that in the time to run our reconstruction
algorithm only 2% of extra pixels could be computed.
On the other hand, the inpainting implementation we
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ACT

Marvasti

Inpaint

CS

4.94
11
42
6.77

1.98
6.15
27
2.38

2.11
6.68
28
2.65

4.24
15
70
4.70

1.72
5.34
19
2.11

S PONZA

TABLE 4. MSE performance of the various algorithms (×10−4 )

R OBOTS

5.2

Image quality

Standard measures for image quality are typically 2 distance measures. In this work, we use the mean squared
error (MSE) assuming that the pixels in the image have
a range of 0 to 1, and compare the reconstructed images
from all the approaches to the ground-truth original.
Table 4 shows the MSE for the various algorithms we
tested: the first two are interpolation algorithms, followed by the two algorithms from the non-uniform
sampling community, then the result of inpainting and
finally the result of the CS-based reconstruction proposed in this work. Our algorithm has the lowest MSE,
something that we observed in all our experiments.
A few additional points are worth mentioning. First of
all, we noticed that the inpainting algorithm performed
fairly poorly in our experiments. The reason for this
is that in our application the holes are randomly positioned, while these techniques require bands of known
pixels around the hole (i.e., spatial locality). Unfortunately, this is not easy to do in a rendering system
since we cannot cluster the samples apriori without
knowledge of the resulting image. Also disappointing
was Mitchell’s multistage cubic filter, which tended to
overblur the image when we set the kernel large enough
to bridge the larger holes in the image. Although the
algorithms from the non-uniform sampling community
(ACT and Marvasti) perform better, they are on par with
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tested took approximately one hour to compute the missing pixels, making our ROMP reconstruction reasonably
efficient by comparison.
We also examine the run-time complexity of the ROMP
reconstruction as a function of image size to see how the
processing times would scale with image size for images
from 32 × 32 to 2048 × 2048 (see Fig. 4). We can see that
it behaves as O(n log n) as predicted by the model. For
the image sizes that we are dealing with (≤ 107 pixels)
this is certainly acceptable, given the improvement in
image quality we get with our technique. Finally, we
note that our algorithm runs in image-space so it is
completely independent of scene complexity. On the
other hand, rendering algorithms scale as O(n), but the
constants involved depend on scene complexity and
have a significant impact on the rendering time. Over
the past few decades, feature film rendering times have
remained fairly constant as advances in hardware and algorithms are offset by increased scene complexity. Since
our algorithm is independent of the scene complexity, it
will continue to be useful in the foreseeable future.
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Fig. 5. Log error curves as a function of the number of
samples for four test scenes using our technique and the best
two other competing reconstruction algorithms. Our CS reconstruction beats both Delaunay-interpolation (D. int) as well as
ACT, requiring 5% to 10% less samples to achieve a given level
of quality.
the Delaunay-interpolation used in rendering which
works remarkably well.
To see how our algorithm would work at different
sampling rates, we compare it against the two best
competing methods (Delaunay-Interpolation and ACT)
for four of our scenes in Fig. 5. We observe that to
achieve a given image quality, Delaunay interpolation
and ACT require about 5% to 10% more samples than
our approach. When the rendering time is 10 hours, this
adds up to an hour of savings to achieve comparable
quality. Furthermore, since our algorithm is completely
independent of scene complexity, the benefit of our
approach over interpolation becomes more significant as
the rendering time increases.
However, MSE is not the best indicator for visual
quality, which is after all the most important criterion
in high-end rendering. To compare the visual quality
of our results, we refer the readers to Figs. 1, 6, and 7.
We observe that compressive rendering performs much
better than interpolation in regions with sharp edges or
those that are slightly blurred, a good property for a
rendering system. To show some examples, we direct
readers to the second inset of the ROBOTS scene in Fig. 6.
Although the fine grooves in the robot’s arm cannot be
reconstructed faithfully by any of the other algorithms,
compressed sensing is able to do this by selecting the
values for the missing pixel locations that yield a sparse
wavelet representation.
Another good example can be found on the third
row of the WATCH scene. Here there is a pixel missing
between two parts of the letter “E,” which our algorithm
is the only one to be able to correctly reconstruct. All
other techniques simply interpolate between the sam-
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The proposed algorithm presents several avenues for
interesting discussion, which we shall briefly touch on
in this section.

1

2
3

6.1 Choice of compression basis
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Fig. 6. Results of scenes with the reconstruction algorithms,
each with a different % of computed samples. From top to
bottom: ROBOTS (60%), WATCH (72%), GLASSES (67%), and
SPONZA (87%). The large image shows the ground truth (GT)
rendering to show context. The smaller columns show the
ground truth (GT) of the inset region and the ray-traced pixels
after step 1 (unknown pixels shown in green), followed by the
results of Delaunay interpolation (D. int), ACT, inpainting, and
compressed sensing (CS). It can be seen that our algorithm
produces higher-quality images than the others.
ples on either side of the missing pixel and fill in this
sample incorrectly. However, since clean, straight lines
are more sparse than the jumbled noise estimated by
the other approaches, they are selected by our technique.
Although the ACT algorithm performs reasonably well
overall, it suffers from ringing when the number of
missing samples is high and there is a sharp edge (see
e.g., the last inset of WATCH) because of the fitting of
trigonometric polynomials to the point samples.

Since the results in this paper use the biorthogonal
CDF 9/7 wavelet for compression, one might wonder
how different basis would perform in our framework.
It might seem at first glance that the Fourier basis
would work because it is already maximally incoherent
with point samples and therefore would not require our
Gaussian filter (Sec. 4.1). When we tested this, however,
we found that the poorer compression of the Fourier
basis far outweighed the improved incoherency, as can
be seen in Fig. 7. The image reconstructed from 45%
of pixel samples assuming sparsity in the Fourier domain exhibits the strong ringing artifacts associated with
artificially bandlimiting Fourier signals. We found that
if we reduced the sampling rate even more, the image
disintegrated altogether. In fact, we found that except
for very simple images (i.e., images with large regions
of constant color or slight color gradients), compressive
rendering with a Fourier basis would perform worse
than even the simple Delaunay interpolation. Therefore,
we conclude that a Fourier basis for compression is not
suitable for compressive rendering because images are
simply not sparse enough in the Fourier domain in order
for the algorithms to take advantage of this sparsity.
We can also examine the effect of using different
wavelet basis for compression. To explore this, we tested
our framework with two other wavelets (Daubechies4, and Daubechies-8). Fig. 8 shows the error curves for
one of our test scenes with these bases. We can see
that the CDF 9/7 performs the best, but it is only a
slight improvement over DB-8 and DB-4. In fact, there
is relatively little visual difference between the results
reconstructed using the different bases. The difference
with interpolation, however, is considerably more pronounced. Our framework is unique in that it is the first
to allow us to integrate the transform into the rendering
process and compare the different compression bases in
this way.
Furthermore, we can do experiments to check if the
improved incoherency introduced by our blur filter Φ is
making a difference by reconstructing the image using
only a point-sampled wavelet basis without the Gaussian filter. As can be seen in the last image in Fig. 7, the
resulting image has strong wavelet artifacts, something
that we observed whenever we did not use the filter. This
suggests that our proposed filter is helping to improve
the reconstruction. We can think of the Gaussian filter
as helping to bias the ROMP reconstruction towards
lower frequency coefficients, therefore eliminating this
high frequency ringing. This is similar to the observation
by Tsaig and Donoho [52], where they bias the reconstruction towards specific coefficients.
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Delaunay interpolation
CS: Gaussian Wavelet
CS: Fourier
CS: Wavelet only
Fig. 7. To demonstrate the effectiveness of our Gaussian wavelet formulation, we test our technique (2nd column) on the
A PARTMENT scene (top row: 45% samples, bottom row: 60% samples) against a point-sampled Fourier basis which satisfies
the RIC (3rd column) and a CDF 9/7 wavelet without the Gaussian blur (4th column). The Delaunay-interpolated reconstruction
is shown for comparison (1st column). The image reconstructed using sparsity in the Fourier domain exhibits ringing typical of
artificially bandlimiting the Fourier image and the quality is worse than that of the simple Delaunay interpolation. The reconstruction
using the wavelet without the blur filter proposed in Sec. 4.1 also exhibits artifacts.
DB4
DB8
C D F 9 /7
In t.

MSE

2 .4 E-0 4

starting a high-variance G on the left (which essentially
means we use a spatial delta function for Φ) all the way
to having a G with low variance (which blurs the image
xb considerably) on the right. The center image is at
the empirical “sweet-spot” which we used for all our
experiments.
6.2 Extension to adaptive sampling

1 .2 E-0 4
0 .4 3

0 .4 8

0 .5 3
0 .5 8
Fraction of samples (k/n)

0 .6 3

Fig. 8. Quality of the reconstruction when using different
wavelet bases for compression for the ROBOTS scene. Of the
transforms tested, CDF9/7 worked the best, although DB-8 and
DB-4 were not far behind. These all had significant improvements over interpolation.
On a related note, we can measure the tradeoff between coherence and image noise by adjusting the variance of the filter G. As mentioned in Sec. 4.1, the
Gaussian filter Φ that we add to our formulation helps
reduce the coherence between the wavelet basis and
the point samples to improve the quality of compressed
sensing algorithms. However, filters with larger Gaussian kernels increase the noise in the final result because
of the inversion process. Fig. 9 shows a series of images,

As mentioned in Sec. 2.2, it is easy to use adaptive
sampling with our algorithm by using the proposed CS
reconstruction at every iteration to reconstruct the current version of the image. In other words, we take a small
set of fixed samples, reconstruct the image using CS as
described in Sec. 4.2, use the new image to determine
the positions for the next set of samples, and repeat the
process. Fig. 10 shows the result of doing this, using the
contrast measure described by Mitchell [26] to decide
where to place the new samples. Our approach continues
to perform better than other reconstruction techniques.
6.3 Potential applications of our approach
Although our technique still requires a substantial fraction of the pixels to generate a good result, it could
have useful applications in feature film production. For
example, it could benefit pre-visualization, since having
to render 30% less pixels when the average frame time is
over 5 hours could result in considerable time savings. In
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Fig. 9. The ideal Gaussian filter G should have a variance as small as possible in order to reduce coherence between the
sampling and compression basis. If G’s variance is too small, however, then the image xb will be overly blurred (recall that G is
in the frequency domain), which introduces noise into our final x. In this figure, we show the quality of the reconstruction as we
decrease the variance of G from left to right. On the leftmost end, G has a high variance which effectively means that we are using
standard wavelets as our compression basis. We can see the artifacts due to coherence, which are similar to that of Fig. 7. As we
move to the right, we reduce the variance gradually, moving through the sweet-spot (center image) until we decrease it enough to
be overcome by the noise due to inversion of the filter (rightmost image). For this work, we experimentally determined the variance
that yielded the best results on the ROBOTS scene, and then fixed that parameter for all data sets.

6.4 Limitations of the algorithm

Fig. 10. Comparison of proposed non-adaptive (left) and its
extension to an adaptive sampling algorithm (right). The top
row shows the computed pixels (sampling rate: 33%). The nonadaptive algorithm (MSE: 8.66 × 10−3 ) uses a random Poissondisk distribution for placing the samples. As expected, the adaptive algorithm places more samples by the edge boundaries and
performs better (MSE: 5.22 × 10−3 ). If we use one of the other
techniques for reconstruction (e.g., Delaunay-interpolation) the
quality of the image is reduced (MSE: 5.40 × 10−3 ).

pre-viz, time-savings are preferred over perfect quality,
although better reconstruction algorithms are always
preferable. Now that more CG films are being ray-traced
(e.g., Sony Imageworks’s “Cloudy with a Chance of
Meatballs” [56]), the common practice is to render the
dailies at lower resolution and simply upsample them
for viewing by the director or lighting designers. Our
algorithm can do better, as demonstrated by our results.

In the process of studying compressive rendering, we
have begun to understand some of its limitations. For
example, it is not guaranteed to recover all the highfrequency content in an image. To see why, we can imagine that we have an image consisting of a single white
pixel (a signal spike) in a constant black background.
Clearly, we will be unable to recover this image correctly
unless we measured this pixel directly with our initial
samples. Furthermore, the addition of the Gaussian filter
into our formulation (Sec. 4.1) biases the reconstruction
towards lower frequencies, as can be seen in Fig. 11. This
results in a difference between the original, ground-truth
image and our approximate reconstruction. However,
on the positive side, our results indicate that we can
still recover certain high-frequency information, such as
edges, more reliably than other techniques. This makes
our approach still valuable for rendering.
Compressive rendering also fails at extremely low
sampling densities (< 5% of pixel samples) where we
currently cannot beat interpolation. At these low sampling rates, we do not have enough sparsity in the
signal for ROMP to properly converge, since we need
at least 5× more samples than the support basis m. We
also observe that the CDF 9/7 wavelet is sensitive to
the parameters of the Gaussian filter, more so than the
Daubechies-8 (DB-8) wavelet we tested which also gives
good results (see Fig. 8). If the Gaussian parameters for
the CDF 9/7 are set incorrectly, ROMP may not converge
and the result looks like that in Fig. 12. It would be
interesting to explore new basis functions that are not
as sensitive to the filter and yet work well within our
framework.
6.5 Future work
This work raises several interesting areas for future
work. First of all, while we did not explicitly experiment
with animated scenes, we have started to explore these
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Fig. 12. Sensitivity of our algorithm to the Gaussian parameters. In this image of the scene P LANTS, the Gaussian
parameters were set incorrectly so ROMP did not converge.
(a)

(b)

(c)

Fig. 11. Frequency content of original image and reconstruction. The spatial domain is shown in the top row, frequency
domain in the bottom. (a) Original test image, which we can see
contains high-frequency information. (b) Gaussian kernel Φ. (c)
The resulting image after performing the reconstruction algorithm described in Sec. 4 using 45% of samples. Because of the
way we pose the problem, we are able to recover frequencies
beyond the apparent bandlimit of the filter, although we still see
the impact of the filter in the bias towards lower frequencies in
the reconstructed image.

ideas and it seems that our formulation can be extended
to a 3-D wavelet which takes advantage of temporal
coherence across a set of images. This is an advantage
for our framework, since it is unclear how other methods
(e.g., inpainting or ACT) could be extended in this
way. It would also be interesting to explore the use
of compressive rendering for depth-of-field and other
effects, such as reflection and illumination models, since
we can efficiently approximate the signal with less samples. In addition, the applied mathematics community
is feverishly working on new CS-based reconstruction
algorithms that work faster than ROMP and yield results
of better quality. We look forward to their progress,
since it will directly benefit the performance of our
algorithm. Finally, it might also be possible to use this
framework for other applications in computer graphics
where we want to estimate missing information, such as
inpainting.

7

C ONCLUSION

In this paper, we introduce the idea of compressive rendering, in which sparsity in the transform-domain of an
image is exploited to reduce rendering time by using it to
estimate the values of the unrendered pixels. Our results
indicate better performance than current algorithms that
might be used to fill in the missing data. The proposed
approach offers a new way of thinking about the sampling/reconstruction problem in computer graphics and
might provide fruitful avenues for exploration in the
future.
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[9] H. Feichtinger, K. Gröchenig, and T. Strohmer, “Efficient numerical methods in non-uniform sampling theory,” Numer. Math,
vol. 69, pp. 423–440, 1995.
[10] M. Bertalmio, G. Sapiro, V. Caselles, and C. Ballester, “Image
inpainting,” in SIGGRAPH ’00: Proceedings of the 27th annual
conference on Computer graphics and interactive techniques, 2000, pp.
417–424.
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