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ABSTRACT

In this paper, we consider the problem of on-chip temporal
compressive sensing for video reconstruction at high frame-
rates without the need of any additional optical components.
We devise an optimization scheme in order to achieve ade-
quate spatio-temporal sampling of subsequent frames under
maximal capturing speed, based on the bandwidth constraints
of a sensor. We test this optimization strategy on a commer-
cially available camera and propose a set of reconstruction
steps that can achieve reasonable performance but, at the same
time, accommodate high-resolution video reconstruction un-
der realistic time requirements. Our analysis constitutes a set
of first steps bringing high-speed compressive video capture
within the realm of commercial availability.

Index Terms— Sampling optimization, compressive
sensing, high-speed video, CMOS sensor

1. INTRODUCTION

There is a long history of research in using computational
methods to increase camera frame-rates. The earliest ap-
proaches were based on appropriately synchronizing multiple
cameras and/or projectors to capture complementary informa-
tion which can then be used to reconstruct a video sequence
at improved temporal but lower spatial resolutions [1–6].

Since the appearance of the compressive sensing (CS) sin-
gle pixel camera [7], there has been an ongoing interest by re-
searchers to achieve high-speed video capture through various
CS camera architectures. A modification of the single-pixel
design was used for temporal CS in [8]. Most successful ap-
proaches can be categorized into: 1) Systems using temporal-
only modulation and 2) Systems using spatio-temporal mod-
ulation. Temporal modulation has been successfully applied
using flutter-shutter [9], strobing [10] or temporal dispersive
elements [11]. For spatio-temporal modulation, an optical el-
ement is placed in the optical path, such as, a Spatial Light
Modulator (SLM) or a coded translated photomask. SLMs
moving at speeds much greater than typical frame-rates of
CMOS/CCD sensors have been employed in [12, 13]. Very
recently, a static pattern displayed on a SLM was used in
conjunction with a streak camera to reconstruct 10 picosec-
ond resolution video [14]. This technique, however, is pro-
hibitively costly for all but a small number of applications.

Finally, coded moving masks in lieu of a SLM have been
used for acquiring high-speed video in [15, 16] and extended
to color video and depth extraction in [17].

CMOS sensor design for implementing on-chip CS is still
at an infantile stage. A few approaches have been proposed,
mainly for imaging applications using spatial CS, where mul-
tiplication of the signal with pseudorandom Rademacher se-
quences is applied in the analog domain before the Analog-
To-Digital (ADC) conversion step [18, 19], or by directly ap-
plying an on-chip image sparsifying transformation [20]. For
video applications, a CS CMOS design has been proposed,
based on an asynchronous time image sensor capable of cap-
turing data only when temporal changes in image intensity
are present [21]. A more flexible architecture with custom
per-pixel readout modes has recently been showcased as a
prototype in [22]. A limitation of the proposed approaches
is the low spatial resolution while the authors note that some
of the designs might have scalability issues as far as image
reconstruction quality is concerned.

To the best of our knowledge, the work presented herein
represents the first all-digital temporal CS architecture using
an off-the-shelf CMOS sensor. Unlike most proposed ap-
proaches, the studied camera system does not require any ad-
ditional optical components offering easy reproducibility and
possible immediate design improvements by further research.
Our analysis emphasizes the need for introducing novel pro-
grammable readout modes in the next generation CMOS sen-
sor designs which could transform CS video capture systems
into realizable compact and low cost packages.

2. SAMPLING OPTIMIZATION

Consider the problem of applying temporal on-chip CS to re-
solve a subsampled video sequence at high frame-rates. Un-
like SLM or mask-translation based approaches, frame rate
increase on programmable CMOS designs stems from mod-
ifying the sensor’s readout modes in order to omit pixel in-
formation and effectively accelerate the capturing process. If
every pixel’s readout mode could be specified independently,
it would be almost infeasible to deduce an optimal sampling
strategy since the problem could prove to be NP-hard. Current
CMOS sensors, however, are not as flexible, imposing several
limiting constraints on the allowed subsampling patterns. The
goal of our proposed method is to optimize in terms of frame-
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rate and spatio-temporal pixel coverage based on the sensor’s
constraints and bandwidth.

Let AB :P ×Q denote the matrix containing the Q possi-
ble (p× p = P ) bases representing all available subsampling
patterns. Also, let x: Q × 1 be an unknown, integer valued,
vector selecting a set of bases and the amount of times to be
used. Additionally, let K be the number of frames we wish to
capture, or else the total amount of bases to be selected. The
objective is to maximize the number of samples that will be
collected from the p×p×K datacube, assuring full pixel spa-
tial coverage and complying with the necessary constraints. A
toy, yet intuitive, example is illustrated in Figure 1. The prob-
lem can be written as an integer program,

x̂ = argmin
x

fTx s.t.


xi ∈ Z
Ax ≤ b
Aeqx = beq

`b ≤ x ≤ ub

,where, (1)

Objective Function: Vector f : Q × 1 contains the negative
number of samples per basis, e.g., fj = −

∑P
i ABij for j =

1 . . . Q. Therefore, minimizing fTx will maximize the total
number of obtained samples.
Bounds: The lower (`b) and upper (ub) bounds for the entries
of x denote the limits for the number of times each basis can
be used. Therefore, `b = 0 and ub > 0.
Equality Constraints: Aeq = 1T and beq = K, such that at
most K patterns are selected for sampling K frames.
Inequality Constraints: Without loss of generality, assume
that frame-rate increase is equal to the ratio between sampled
and total pixels in a sampling basis. Let ptj denote the total
number of pixels and psj the number of sampled pixels in
basis j. Also, let F be the frame-rate increase factor we wish
to achieve. As inequality constraints we consider,

1. ABx ≥ 1 such that every pixel is sampled at least once.

2. Using psj

ptj
≤ 1

F

xj≥0−−−→
(

psj

ptj
− 1

F

)
xj ≤ 0, we denote,

AF = diag
(

psj

ptj

)
− 1

F I → AFx ≤ 0 so that the
camera can support the selected frame-rate speedup.

Therefore, we have, A =

[
−AB

AF

]
and b =

[
−1
0

]
.

Clearly, depending on the nature of the candidate sam-
pling bases, the provided solution might not be unique. First,
any reordering of the selected patterns will constitute a valid
solution. Second, the pool of possible sampling bases may al-
low the constraints to be met using a number of them. Recon-
struction performance improvement by choosing one of mul-
tiple feasible solutions or by reordering the bases in a given
solution was not studied here and is left as future work.

The optimization problem presented in (1) is very general
and we believe it could prove useful in a multitude of settings.
First, it can play a key role in finding optimal sampling strate-
gies when the candidate sampling bases are restricted by a

0 0
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Fig. 1: Toy example for the optimization objective of equation (1).

set of linear constraints. Moreover, it can find applications to
block-based CS suitable for high spatial resolutions, inherent
to modern CMOS sensors. Furthermore, recent studies have
outlined the significance of using normalized patterns (equal
number of temporal samples per pixel) for video CS [23]. The
proposed scheme addresses this problem by checking its fea-
sibility and providing quick and optimal solutions.

3. CAMERA SYSTEM DESCRIPTION

In this section we describe the employed camera system
for CS video capture. We used the commercially available
KAC-12040 Image Sensor by TrueSense Imaging Inc., whose
datasheet is available online [24]. The camera uses a 12
Mpixel CMOS sensor masked with a color filter array and
offers non-standard sampling capabilities allowing per-frame
programmable custom pixel readout. Denoting the unknown
video data cube by V : h × w × d × t, (with h: height, w:
width, d: depth and t: time) and its vectorized version by v,
the measurement model is,

y = ΦBv, (2)

where B represents the Bayer pattern operator, Φ corresponds
to the measurement matrix (sequence of K sampling patterns)
and y is the obtained measurement vector.

3.1. CMOS Readout - Frame Rate Increase

The current sensor’s readout pipeline allows for a maximum
frame-rate of ∼ 30 frames-per-second (fps) at the full 12
Mpixel resolution. Unfortunately, though, the circuitry sets
the readout time based on the limiting columns of the imaging
area, rather than skipping columns that are not being read. As
a result, even though all columns are read in parallel, as in
any CMOS sensor, the current design can achieve only linear
increase in frame-rates relative to the achievable rate at the
original frame resolution, before subsampling. This increase
is directly analogous to the ratio between lines containing no
samples and lines containing at least one sample. Relating
this to the inequality constraints of (1), psj should now repre-
sent the number of rows of pattern j that contain at least one
sample and ptj should be the pattern’s total number of rows.
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Fig. 2: Illustration of the proposed D̂ Operator in equation (3).

3.2. Custom Sampling

The camera’s custom sampling capabilities involve, 1) Read-
out flip: horizontal, vertical or both; 2) Region of Interest
(ROI) Selection: with starting point (X ,Y ) and dimensions
(W ,H), restricted by X mod 8, W mod 8, Y mod 2 and
H mod 2, being zero; 3) Subsampling: Any M out of N
subsampling, with M and N being even numbers up to 32,
M < N , W mod N = 0 and H mod N = 0 is provided.
The subsampling parameters M and N are the same in both
directions and the subsampling starting point is (X,Y ).

4. RECONSTRUCTION ALGORITHM

In order to perform an implementation agnostic investiga-
tion of the efficacy of our sampling optimization scheme
as well as minimize computational cost, due to the high-
resolution videos captured by the sensor, we employ a simple
dictionary-based least-squares (LS) approach for reconstruc-
tion purposes. Yet, we propose a global patch-based operator
which we believe can offer improvements when incorporated
into current sparsity inducing patch-based implementations.

We use a 7 × 7 × 16 learned overcomplete dictionary of
patches trained on video sequences, obtained by [16]. Note
that using the model (2), the captured pixels are known with-
out any ambiguity such that a LS approach provides an exact
solution for the sampled areas. Therefore, we only used a
set of 7 × 7 × 16 = 784 linearly independent atoms of this
dictionary. Linear independence guarantees that solutions for
the sampled areas will be exact, whereas the remaining parts
are expected to be filled by meaningful information since the
atoms were trained using video sequences.

Vector Bv from equation (2) can be analyzed as,

Bv = TD
V DTD

Ma = D̃a, (3)

where a is a vector of coefficients that can represent the data
cube v using elements of the dictionary D, TD

M is an opera-
tor that converts vector a into a matrix and TD

V is an operator
which re-vectorizes the resulting matrix DTD

Ma, after aver-
aging overlapping patches, if any. Figure 2, illustrates and
explains the subelements of operator D̃.

Foreground Separation
Frames 1-4 Frames 5-8

Foreground

Background

Frame 1

 Reconstruction

Detail

Detail

Reconstruction
using Averaging

Reconstruction with 
overlapping patches

Frame 3 Frame 4Frame 2

Frame 1 Frame 2 Frame 3 Frame 4

1 2 3 Dictionary-Sized
patches averaged

at random locations

T

Fig. 3: Illustration of the Algorithm Steps.

An estimate â can simply be found solving (3) using LS.
Specifically, we used the Conjugate Gradient method. Note
however that operator D̃ is applied internally at each iteration
of the algorithm hence enforcing the reconstruction of over-
lapping patches, after averaging, to preserve fidelity to the
measured data y. Unlike most patch-wise approaches, where
each patch is reconstructed separately and finally overlapping
patches are averaged, here averaging takes place within the
optimization. We believe that such an operator will prove
beneficial in solving patch-wise based problems, since any
regularizer imposed on vector a is applied globally rather than
patch-wise (e.g., not requiring the same number of non-zero
coefficients per patch when an `1 regularizer is used).

The unknown RGB video can now be found as,

v̂ = BT D̃â, (4)

where the transpose of the Bayer operator BT denotes the de-
mosaicing operation (i.e., converting a Bayer pattern image to
RGB using demosaicing). Specific algorithmic details, such
as foreground separation and reconstruction using randomly
overlapping patches are summarized in Figure 3. We em-
phasize here that using randomly overlapping patches, which
constitutes a new idea, can offer great speed improvement
with little sacrifice in reconstruction quality as we show next.
Finally, we note that reconstruction of K frames is performed
in a sliding fashion, i.e., first frames 1 to K are reconstructed,
then 2 to K + 1 and so on and the results are averaged.

5. EXPERIMENTAL RESULTS

In this section, we perform a set of experiments to test the
techniques presented previously. First, we focus on the sam-
pling optimization of equation (1) and then investigate the
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Fig. 4: (a) Four 32× 32 sampling patterns with numbers indicating at which frame each region was sampled and darker areas corresponding
to larger number of samples. Pattern B1 is a “naive” user-defined sampling pattern achieving 2x speedup while the remaining patterns resulted
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reconstruction of two different scenes obtained from [8]. Separate foreground reconstruction is clearly shown; (c) Upper graphs show average
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usefulness of the proposed operator in (3). A few illustra-
tive optimization results together with simulated performance
are summarized in Figure 4. As a proof of concept we fur-
ther show two frames of the real reconstruction of a moving
metronome scene using the KAC-12040 sensor in Figure 5.
During our investigation, we have performed a large set of
experiments but due to space limitations only report on some
illustrative examples.

Comparing the performance of the optimized sampling
patterns in Figure 4(a) (see caption for details) we note that
modifying the selection of sampling bases can lead to in-
creased samples per pixel (compare A1 vs A2) and, as a re-
sult, improved reconstruction quality (Figure 4(c)). Nonethe-
less, increasing the number of samples should not be the only
driving force in the optimization procedure. Note the rela-
tively low performance of pattern B1, offering 4 samples per
pixel. Instead, the remaining optimized patterns provide spa-
tial coverage with coarser elements, leading to performance
improvement. Clearly, reconstruction performance is also re-
lated to the characteristics of the reconstruction algorithm.

A counterintuitive, yet interesting, finding is that using
a small percentage of randomly overlapping patches consis-
tently provided superior performance compared to full over-
lap (see Figure 4(c)). Currently, we have no deterministic
explanation for this. A possible explanation could be the spe-
cific dictionary used for reconstruction (e.g., patch size) in
conjunction with the relative positioning of the patches and
the obtained samples on the measurement space. Another rea-

Fig. 5: Real reconstruction of a moving metronome at resolution
752× 1008 and a frame rate of 252 fps. Line grid is provided.

son could be, that full sliding patch reconstruction and aver-
aging might lead to oversmoothing having a negative impact
on PSNR.

6. CONCLUSIONS

In this work, we first proposed an optimization strategy suit-
able for on-chip compressive video systems. At the same
time, we introduced a new global patch-wise operator useful
in solving large-scale problems globally. We tested our ap-
proaches using a real sensor whose constraints, however, are
severely strict to enable significant frame-rate gain. The full
potential of the proposed optimization scheme could be ex-
plored by employing CMOS sensors, whose circuitry would
provide quadratic increase in frame rates when subsampling
is applied. We hope that our initial work will spur further re-
search on the co-design of spatio-temporal sampling patterns
and custom pixel readout modes.
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