
Compressive video sensing with limited
measurements

Tao Li
Xiaohua Wang
Weihe Wang
Aggelos K. Katsaggelos

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Electronic-Imaging on 13 Feb 2019
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Compressive video sensing with limited measurements

Tao Li
Beijing Institute of Technology

School of Information and Electronics
Beijing 100081, China

and
Northwestern University
Department of EECS

Evanston, Illinois 60201
E-mail: ivptaoli@gmail.com

Xiaohua Wang
Beijing Institute of Technology

School of Information and Electronics
Beijing 100081, China

Weihe Wang
Aggelos K. Katsaggelos
Northwestern University
Department of EECS

Evanston, Illinois 60201

Abstract. Compressive sensing (CS) is an innovative technology,
allowing us to capture signals with significantly fewer samples than
those required by classical Nyquist theory. We propose a novel adap-
tive video compressive sensing algorithm to exploit the potential of CS
in video acquisition. Each frame is divided into blocks to take advan-
tage of its inhomogeneity. We first classify the blocks into one of three
types based on their texture complexity and their temporal difference
from neighboring frames based on which we determine the number of
required measurements. In the reconstruction process, we use the
measurements made for the later frames to assist the recovery of pre-
vious ones, thus ensuring improved reconstruction quality even when
the number of measurements for each frame is limited. Our experi-
mental results demonstrate that we not only obtain significant visual
quality improvement but also achieve at least 2.5 dB gain in peak sig-
nal-to-noise ratio compared with the existing video compressive sens-
ing algorithms. © 2013 SPIE and IS&T [DOI: 10.1117/1.JEI.22.4
.043003]

1 Introduction
Compressive sensing (CS) is a new theory in the signal
processing area, which reduces the signal sampling rate dic-
tated by the Nyquist sampling theorem,1 allowing us to com-
bine the signal acquisition and compression processes into
one step.2 Although such theory has been applied toward
the solution of problems, it has seen limited application to
the video acquisition and processing field. In this article, we
propose an adaptive block-based video acquisition method
using compressive sensing theory.

Frame by frame compressive sensing has been applied to
each frame in the video and each frame is treated as an in-
dependent image.3 However, the temporal redundancy that
is the key feature of video signals is not considered in
this work. To address this problem, three-dimensional (3-D)
wavelet compressive sensing was developed in Ref. 3. The
entire video was treated as a single data block and 3-D wave-
let decomposition was applied. Both spatial and temporal
sparsity are exploited in this work. However, measuring
and reconstructing the entire video in one step incurs
high-computational complexity. To further explore the tem-
poral sparsity in a video, a new algorithm based on the
LI-MAT (Ref. 4) basis was developed in Ref. 5, in which
motion compensation and estimation techniques were used
to improve temporal measurement efficiency. The decom-
posed coefficients become sparser in this case as compared
to regular 3-D wavelet, but multiscale measurements and
reconstructions need be realized to estimate the motion vec-
tors, thus incurring a high-computational cost.

In Ref. 6, an inter-frame residue measurement method
was proposed. The inter-frame difference was measured
since it is much sparser than the original frames. The overall
computational demand and memory requirements were
reduced. However, this technique is not suitable for high
dynamic scene videos. In addition, error accumulation
would affect the recovery quality because there are depend-
encies among frames. To achieve adaptivity and robustness
for different sequences, a block-based compressive sensing
method has been developed in the literature.7,8 Frames in
the video are divided into blocks which are then classified
into different categories according to their temporal texture
difference. Different sampling and reconstruction strategies
are designed for each block type, considering the diverse
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texture complexity of different regions. Measurement effi-
ciency was improved since the number of measurements was
adaptively adjusted according to the block type. However,
the subsequent frame quality always depends on the refer-
ence frames, since an inter-frame difference measurement
method was used in this framework. The reconstruction
quality may decrease if the number of measurements for the
reference frame is not adequate to obtain a satisfactory result.

Our specific contributions in this work are as follows. We
propose a new adaptive block-based video acquisition sys-
tem that focuses on a limited number of measurements
for the video. The reconstructed video quality is satisfactory
even if the sampling rate is low, while the measurement effi-
ciency and adaptivity are much higher than that of the afore-
mentioned methods. In our algorithm, a new block classifier
is designed, providing a better representation for the texture
complexity and block sparsity. Also, new measurement and
reconstruction methods are developed to achieve higher
adaptivity and robustness under limited number of measure-
ments. A backward assisting recovery strategy (BARS) is
proposed in this work, i.e., subsequent frame measurements
can provide additional information to the previous frames,
thus ensuring faithful reconstruction results.

The rest of the article is organized as follows: Sec. 2
provides the background of video compressive sensing.
Section 3 describes the main idea of block-based video com-
pressive sensing and block classification. Section 4 provides
experimental results and discussion about this algorithm
regarding its advantages and disadvantages. The article is
concluded in Sec. 5.

2 Background

2.1 Compressive Sensing
Suppose x ∈ RN is a signal that can be sparsely represented
under a certain basis Ψ [such as wavelet, discrete cosine
transform (DCT), or Fourier basis] i.e.,

x ¼ Ψα; (1)

where α ∈ RN has as many as K ≪ N nonzero entries. We
say that x is K sparse on the basis Ψ. Compressive sensing
allows us to exploit the sparsity of a signal, capturing the
signal x in compressed format directly by using a incoherent
sampling operator Φ ∈ RM×NðM < NÞ, i.e.,

y ¼ Φx; (2)

where y ∈ RM represents the measurements, a signal with much
lower dimensionality than x. The problem of reconstructing the
original signal x from y is an ill-posed problem because the
measurement matrix Φ is not invertible. Based on the compres-
sive sensing theory, the original signal x can be reconstructed by
solving the following l1-norm optimization problem

α̃ ¼ argminkαk1 s:t: Φx ¼ y; (3)

where kαk1 represents the l1-norm. To solve the problem effi-
ciently, nonlinear algorithms have been developed, such as basis
pursuit (BP),1 orthogonal matching pursuit,9 stagewise orthogo-
nal matching pursuit,10 and gradient projection for sparse
reconstruction.11 In this article, we employ the BP method in
the l1-magic toolbox.12

2.2 Video Characteristics
It is necessary to analyze the properties of a video so that we
can design adaptive measurement strategies according to
them. First, the texture in a video frame typically varies
across the frame. Thus, the appropriate number of measure-
ment should be adjusted according to the sparsity of each
region. Moreover, the computational cost of reconstruction
would be too high if the video is treated as one single
data block. To these problems, in this work, each frame is
divided into blocks since block-based methods are also
more friendly to hardware implementation.

Second, differently from a group of still images, there are
strong inter-frame correlations between neighboring frames,
especially if the background is stationary. Temporal redun-
dancy is the second feature of video that can be used to
reduce the number of measurements with no quality loss.

In this work, a robust video acquisition and reconstruction
algorithm are developed according to the distinguishing
features of video. In this scheme, we propose different mea-
surement strategies for blocks based on their inter-frame
correlations and sparsity. Also, we develop a new block clas-
sifier to represent the local region features. We will discuss
the details in the next section.

3 Block Based Compressive Video Sensing
The block diagram of the proposed system is shown in Fig. 1.
It contains three main blocks, namely, block analysis, CS,
and reconstruction.

First, each frame is divided into nonoverlapping blocks.
Blocks in the reference frame are labeled as reference blocks
(RB) and a fixed number of measurements M0 is collected
for each of them (Φ0 ∈ RM0×N is the reference measurement
matrix and N is the number of pixels per block). For the
subsequent frames, the blocks are analyzed first to determine
the number of required measurements. A small number of
measurements is collected per block (called partial measure-
ments, as will be specified later) and compared with the mea-
surements for the block at the same location in the previous
frame. The comparison result is used to classify the blocks
into one of three types: static block (SB), small change block
(SCB), and large change block (LCB).

Second, a proper number of measurements is assigned to
each type of block and adaptive measurement strategies are
designed for each block.

Finally, adaptive reconstruction methods are implemented
for each block type. During this process, measurements are
shared between neighboring frames to obtain the best quality
reconstruction, especially SB in subsequent frames could
provide accurate information to the earlier frames, improving
their reconstruction quality.

3.1 Block Classification
We call blocks at the same location but in different frames
co-located blocks. That is, block k in frame t denoted by xkt is
co-located with blocks xkt−1 and xktþ1 in frames t − 1 and
tþ 1, respectively. The intensity change between co-located
blocks xkt − xkt−1 is used to classify block xkt . However, since
xkt is not available yet, in order to classify the current block
xkt , we collect a small percentage of measurements that
henceforth are referred to as partial measurements, i.e.,

ykp;t ¼ Φpxkt ; (4)
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where Φp ∈ RMp×N is the partial measurement matrix repre-
sented by the first Mp ≪ M0 rows of the reference measure-
ment matrix Φ0. The l1-norm and the variance of the partial
measurement difference are employed to represent the tem-
poral change dkt;t−1 of co-located blocks in neighboring
frames. That is,

dkt;t−1 ¼ Fðxkt ; xkt−1Þ ¼ σðykp;t − ykp;t−1Þ þ λkykp;t − ykp;t−1k1;
(5)

where k � k1 represents the l1-norm, σð�Þ is the variance
operator, and λ is the weight factor. As indicated in
Eq. (5), dkt;t−1 is a function of the blocks xkt and xkt−1. The
l1-norm relates directly to the intensity of the signal,8

whereas the variance relates to the texture complexity6

which could also be used to estimate the sparsity of a signal.
It is shown experimentally that the variance and the sparsity
of the signal are near linearly related.6 After the estimation of
dkt;t−1, we classify the block by comparing it with two thresh-
olds T1 and T2, i.e.,

8><
>:

dkt;t−1 < T1 static blockðSBÞ
T1 ≤ dkt;t−1 < T2 small change blockðSCBÞ
dkt;t−1 ≥ T2 large change blockðLCBÞ

: (6)

The reasons behind this classification are as follows:

1. If dkt;t−1 < T1, the texture between these two blocks is
very similar. The difference between these two blocks
can be considered as due to noise. Thus, there is no
need to acquire additional measurements for the cur-
rent block xkt . We can simply use the measurements of
the former co-located block xkt−1. However, in our
case, the measurements for xkt−1 may not be adequate
to reconstruct a satisfactory result. So, we acquire
additional measurements for xkt which could also be
used for the reconstruction of xkt−1. In other words,
SB xkt can provide measurements for its co-located
block xkt−1. This is the concept of BARS: the informa-
tion can be exchanged between highly correlated

blocks, thus further exploiting the redundancy of
the video.

2. If T1 ≤ dt;t−1 < T2, we label the current block SCB.
Since the difference between xkt and xkt−1 would
be much sparser in spatial domain than the original
block xkt under transform domain, faithful
reconstruction of xkt − xkt−1 can be obtained with just
a few measurements. In the reconstruction step, we
can add the difference xkt − xkt−1 to xkt−1 to obtain
the final recovery. However, the quality of the current
block xkt depends on the quality of the former co-
located block xkt−1. If x

k
t−1 is not well reconstructed,

the error would propagate to the current and sub-
sequent blocks. To avoid error accumulation, a
block type adjustment is developed for SCB. Also,
if xktþ1 is an SB, the BARS can be utilized to improve
the reconstruction quality of xkt , as will be discussed
in Sec. 3.3.

3. If dt;t−1 ≥ T2, as with the RB, no other blocks can pro-
vide information to the current block. We consider the
current block as a new RB, we label this block as LCB,
and collect adequate samples for it in order to end up
with a satisfactory performance.

3.2 Block Measurements
We assume that the number of measurements for each frame
is smaller than the number of measurements for the reference
frame Nb ×M0, where Nb is the total number of blocks in
one frame. The number of measurements for one frame has
to be allocated according to intra- and inter-frame correla-
tion. After the block classification module, each block in
the current frame has one of three labels (i.e., SB, SCB,
or LCB). For improved performance, the number of meas-
urement for the current block xkt is determined according
to its own type and the type of its former co-located
block xkt−1. We have the following cases:

Case A: If the current block xkt is an SB, it has very similar texture
with its co-located block xkt−1 in the former frame, i.e.,
xkt ≈ xkt−1. We collect MSB;t additional measurements for it
besides the partial measurements we have collected, i.e.,

Partial 
measurement

Block 
classification

Additional 
measurements

No additional
measurements

Additional
Measurements

Reconstruction

Measurements

LCB

Compressive 
sensing

SB

SCB

Blocks in rest of 
frames

Blocks in 
reference frame

RB

Block analysis Reconstruction

0M

SBM

MLCB

Fig. 1 Block diagram of the proposed system. Abbreviations used in this figure are reference block (RB), static block (SB), small change block
(SCB), and large change block (LCB).
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ykt ¼ ΦSB;txkt ; (7)

whereΦSB;t ∈ RMSB;t×N ,MSB;t < M0. The measurement matrix
ΦSB;t we use for xkt is different from the measurement matrix
we used for xkt−1, so we can utilize the measurements in Eq. (7)
and obtain additional measurement for xkt−1 as well, since y

k
t ¼

ΦSB;t xkt ¼ ΦSB;txkt−1. Now, if x
k
t−1 is also an SB, it means that

the texture of blocks in this location has not changed for sev-
eral frames. In this case, we always collect half the number of
measurements for xkt compared with its co-located block xkt−1.
For example, if we collected MSB;t−1 measurement for xkt−1,
then we only collectMSB;t ¼ 0.5MSB;t−1 for xkt . After five con-
tiguous SB along with the time line, we stop collecting any
measurements.

Case B: If the current block xkt is an SCB, it has small intensity
difference with its co-located block xkt−1 in the former
frame. The difference between these co-located blocks
xkt − xkt−1 would be a sparse signal which can be well recon-
structed with the limited number of measurements. We do not
collect additional measurements besides the partial measure-
ments for these blocks.

In addition, there is another situation for SCB; if
the former co-located block xkt−1 is also an SCB, we
change the current block xkt to LCB to avoid error
accumulation and measure it directly.

Case C: If the current block xkt is an LCB, then it is not highly
correlated to its former co-located block xkt−1. We treat xkt
as a new block without any prior knowledge and measure it
with the regular compressive sensing method, i.e.,

ykt ¼ ΦLCBxkt ; (8)

where Φ ∈ RMLCB×N , MLCB > M0. We are allowed to obtain
more than M0 measurements since the other type blocks in
the same frame cost fewer than M0 measurements. So, we
have the resources for the LCB to guarantee the recovery
quality.

The measurement number is allocated for LCBs accord-
ing to their texture complexity represented by the variance of
their partial measurements. Denote byMLCB;t the total meas-
urement number for LCBs in frame t. Mk

LCB represents the
measurement number for each LCB xkLCB and NLCB is the

total number of LCB in frame t. We use the following func-
tion to determine the measurement number for LCB

Mk
LCB ¼

8<
:

N σðxkLCBÞ ≥ σT
ðMLCB;t−M0NLCBÞσðxkLCBÞPNLCB

k¼1
σðxk

LCB
Þ þM0 otherwise

ðk ¼ 1; 2; : : : ; NLCBÞ;

(9)

where σT represents a certain value satisfying
½ðMLCB;t −M0NLCBÞσT �∕½

PNLCB

k¼1 σðxkLCBÞ� þM0 ¼ N. A
graph of Eq. (9) is shown in Fig. 2 to explain the allocation
details. According to it, we always collect more than M0

measurement for LCBs, thus ensuring that the recovery qual-
ity is better than that of RB. The allocation function brings
the block texture into consideration so that the measurement
number can be adaptively assigned. When the texture is com-
plex, more samples are collected, thus the recovery quality
can be guaranteed. Also, the measurement number for each
block is limited to be smaller than N, since we will lose the
measurement efficiency if we collect more samples than the
Nyquist sampling theory dictates.

In summary, we collect M0 measurements for RB, Mp þ
MSB;t measurements for SB,Mp measurements for SCB, and
Mp þMk

LCB measurements for LCB, whereMk
LCB is accord-

ing to Eq. (9). As shown in Fig. 2, the measurement number
for different types of blocks is quite different, which makes
it easy to recognize the block type by the measurement
number.

3.3 Reconstruction
As mentioned in the previous section, this work focuses on
the problem of determining a limited number of measure-
ments to be acquired for the video. In order to obtain a sat-
isfactory recovery, we developed a BARS to better exploit
the correlation among contiguous frames. The basic idea
of BARS is that measurements for SB in later frames can
be exchanged backward to assist the recovery of earlier
frames. For example, if xktþ1 is an SB, the measurements
for it can be shared with xkt since they can be considered
as identical blocks.

k
LCBM

( )k
LCBx

Measurement number 
for RB

Measurement number 
for LCB

pM
SBM

Measurement number 
for SB

Partial measurement 
number 

T

Fig. 2 Measurement allocation for LCB.
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Frames in the video are reconstructed sequentially, and we
always stack measurements for the current frame and its T
(T ¼ 5 in this work) subsequent frames together for the
reconstruction of the current frame. Suppose we are trying
to reconstruct frame t, we stack the measurements acquired
for frame t and its T subsequent frames (e.g., frames
tþ 1; tþ 2; : : : ; tþ T) in butter and reconstruct frame t
block by block. For each block xkt in frame t, measurements
of itself and its co-located blocks xktþi ði ¼ 1; 2; : : : ; TÞ are
addressed for its reconstruction since only its own measure-
ments may not be adequate for a satisfactory recovery. Note
that SB can be considered as the same block as its former
co-located block, we check the type of its co-located blocks
successively; if xktþi is an SB, we share its measurements
with xkt and keep stacking them together until we meet a
nonSB (SCB, LCB) as shown in Fig. 3, i.e.,

yke;t ¼

2
664

ykt
ykSB;tþ1

: : :
ykSB;tþi

3
775 ¼

2
664

Φt

Φtþ1

: : :
Φtþi

3
775xkt : (10)

By doing so, we can get additional measurements from
up to T SB for the current block xkt . Corresponding to the
measurement process, different reconstruction methods are
applied to different type of blocks, i.e., (A) If the current
block xkt is an LCB or an RB, we can reconstruct the current
block xkt directly from yke;t by using compressive sensing
reconstruction algorithms, such as BP (B) If the current
block xkt is an SCB, we reconstruct the frame difference xkt −
xkt−1 first denoted by x̃kt;t−1 and then add it to x̃kt to obtain the

final reconstruction, i.e., x̃kt ¼ x̃kt−1 þ x̃kt;t−1. (C) For a SB xkt ,
which is highly correlated with its former co-located blocks
xkt−1, we simply copy the reconstruction result of xkt−1, i.e.,
x̃kt ¼ x̃kt−1. SB is always used for providing additional meas-
urement to their co-located blocks rather than reconstructing
the current block itself.

3.3.1 Impact of BARS

BARS is designed to further exploit the temporal correlation
between neighboring frames. As already mentioned, SB in
neighboring frames share the same texture with their co-
located blocks providing the basic framework of BARS.
Experiments are conducted to test performance of block
compressive sensing with BARS. In Fig. 4(a), each frame
is measured adaptively but reconstructed independently.
Figure 4(b) shows the reconstruction results with BARS;
measurements for SB are shared across several frames.
Clearly, there are fewer blocking artifacts and more texture
details after BARS. The blocking artifacts in Fig. 4(a) is
caused by the unfaithful reconstruction due to the measure-
ment limitation. BARS can significantly improve the fidelity
of the blocks with assistance by the SB.

3.4 Physical Imaging Device
The proposed imaging system can be realized by a single
pixel camera2 which employs a digital micro-mirror device
(DMD) and one CMOS imaging sensor to collect samples
under random projection domain sequentially. For block-
based compressive sampling, the DMD can be set equal
to “0” at all locations but the active block. Also the proposed

Current frame Frame emarFemarFt 1t t i t T

k
tx 1

k
tx k

t+ix k
t+Tx

... ...

Fig. 3 Backward assisting recovery strategy (BARS). The SB in subsequent frames can assist the reconstruction of the current block. If there are
SB across several frames at the same location, all the measurements can be used for the reconstruction of the current block.

(a) Without  BARS (b) With  BARS 

Fig. 4 Impact of BARS. (a) Result of adaptive block compressive sensing without the assistance of SB. (b) Proposed method. Clearly, the
reconstruction results by the proposed method with the BARS containing more texture and fewer block artifacts.
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imaging system can be implemented by using the system
in Ref. 13. In essence, compressive sensing acquisition is a
procedure that collects coefficients in a transform domain.
Therefore, the proposed block-based compressive sensing
system can be implemented with a separable transform com-
pressive camera13 in which CMOS sensor array was pro-
grammed so that we can collect expansion coefficients in
a certain domain.

4 Experimental Results
The experiments are conducted on different videos to evalu-
ate the performance of the proposed algorithm. To be gen-
eral, we pick videos with rich texture as candidates, such as
Walk, and Leftbag from CAVIAR video database14 and
Foreman, Mobile, and Iceman. In preprocessing, the video
frames are fixed to 256 × 256 for a convenience. We divide
each frame to nonoverlapping blocks of size 16 × 16. We
also tried different sizes like 32 × 32 and 64 × 64. The results
indicate that the 16 × 16 size blocks provide a good balance
between good quality and computational cost.

Denote N is the total number of pixels in each block, we
set the measurement number M0 ¼ 0.2N for RB, and partial
measurement number Mp ¼ 0.04N for N ¼ 32 × 32 and
N ¼ 64 × 64. For N ¼ 16 × 16, we set Mp ¼ 20, since
we found experimentally that we need at least 20 measure-
ments for preserving the texture of the blocks. For SB, the
measurement number for the first SBMSB;1 ¼ 0.5M0 and the
next contiguous SB would be half of it. Block difference
measurement number is set as MSCB ¼ Mp. MLCB varies
in every frame because it depends on the entire measurement
number MLCB;t for the LCBs and the number NLCB of LCBs
in the current frame, therefore we can calculate MLCB from
Eq. (10). All the measurement number configurations are
shown in Fig. 2. From the parameter setting, we can recog-
nize that all the block measurement numbers are different
according to their types, which makes it easy to recognize

the block type with the measurement number. We employ
BP in l1-magic toolbox12 as the reconstruction algorithm
for all the experiments. Also, two-dimensional DCT is
selected as the sparsifying basis in this work which is com-
monly used in popular video compression standards.

4.1 Comparison with Prior Works
We compare the effectiveness of the proposed method and
existing algorithms, both in terms of visual quality and
peak signal-to-noise ratio (PSNR). The same sparsifying
basis (DCT) and recovery algorithm (BP) are selected for
all the methods to obtain a fair comparison. Twenty percent-
ages of the total pixel number of measurements are collected
for each block in this experiment. As shown in Fig. 5, it is
clear that the proposed method obtains the best visual quality
due to its robustness and adaptivity. There is almost no blur
in local regions and the textures in the areas of LCBs are
always well reconstructed because we assigned adequate
measurements to them.

A PSNR-based comparison is depicted in Fig. 6. The pro-
posed method can achieve higher fidelity reconstructions
than the prior works. We implemented all the methods on
a wide range of video candidates and computed the average
PSNR. Thirty contiguous frames are derived from each video
to test the performance of different methods. We can see that
the proposed method can achieve superior performance than
the other methods since both temporal correlation and spatial
sparsity are adaptively exploited. Compared with the prior
adaptive block CS, we can obtain at least 2.5 dB improve-
ment since BARS can exchange measurement of SB to assist
recovery. It is worth mentioning that the proposed method
fails to obtain satisfactory reconstruction at the first few
frames (still better than the other methods) because we utilize
a small percentage of measurements. However, faithful and
stable recovery can be achieved for most of the other frames.

Fig. 5 Visual quality comparison for different methods. The measurement ratio is set as 20%. (a) Ground truth; (b) proposed method; (c) block
based CS (Ref. 4); (d) two-dimensional DCT CS (Ref. 2); (e) two-dimensional DCT CS (Ref. 2); and (f) inter-frame difference CS (Ref. 6).
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4.2 Selection and Impact of Parameters
4.2.1 The measurement number for each frame

The measurement efficiency can be evaluated by comparing
the performance under the same measurement ratio which
can be defined as number of measurements over total number
of pixels. We estimate the performance of this algorithm by
utilizing different measurement ratios limitation from 20%
to 50% for each frame. We tested the algorithm on a large
number of videos and calculate the average PSNR. In Fig. 7,
it is shown that even with only 20% for a measurement
ratio, we can still obtain a promising quality output with the
PSNR of 27.10 dB.

4.2.2 The thresholds T 1 and T 2

Clearly, the values of T1 and T2 affect the classification of
blocks in every frame and the allocation of measurements.
If we set T1 too small value and T2 too large value, there
would be too many SCB and only a few SB and LCB
in the current frame. In order to learn a proper threshold
combination from numerous experiments, we test the perfor-
mance under different T1 and T2 settings with a wide range
of video scenes (flowers, walking man, running cars, etc.)
and compute the average PSNR.

The average PSNR values for different T1 and T2 settings
are summarized in Table 1 for 100 frames. As we can see in
Table 1, the performance of reconstruction algorithm is not
extremely sensitive to the classification thresholds setting.
In experiments, we have tested the performance under
other settings T1 < 0.4 and T2 > 1.2, but both the PSNR
and the visual quality are too poor to compare. From Table 1,
we can observe that the proposed method provides the best
performance for T1 ¼ 0.6 and T2 ¼ 1.2, with corresponding
PSNR ¼ 30.60 dB. However, this PSNR value is the aver-
age performance over all the frames. The PSNR may change
significantly in different frames. Table 2 depicts the PSNR
variance of 100 reconstructed frames in different T1 and T2

settings. We set T1 ¼ 0.5 and T2 ¼ 0.9 ultimately in our
experiment since it is a compromise of average PSNR and
the small variance.

5 Conclusion
An adaptive compressive sensing video acquisition algo-
rithm is presented in this article. Limited measurements
for the video are a focus of this work. Measurements are
assigned properly according to the block type to achieve
higher efficiency. A new backward assisting reconstruction
method is developed to improve the reconstruction quality.
The performance of the proposed method is analyzed in
several ways including comparison with prior works and
different parameter selections. The proposed algorithm is
shown experimentally to outperform competing state-of-
the-art algorithm.
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Fig. 6 Peak signal-to-noise ratio (PSNR) comparison against other
methods. Thirty contiguous frames are reconstructed with 20%
samples.
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Fig. 7 PSNR under different measurement ratios.

Table 1 Average peak signal-to-noise ratio (PSNR) (dB) under differ-
ent T 1 and T 2 settings. The measurement ratio is set as 20%.

T 1 � 0.4 T 1 � 0.5 T 1 � 0.6 T 1 � 0.7

T 2 ¼ 0.8 29.28 29.29 29.18 29.41

T 2 ¼ 0.9 29.49 29.40 29.92 29.93

T 2 ¼ 1.0 28.89 30.00 30.30 29.65

T 2 ¼ 1.1 29.12 29.97 30.00 30.07

T 2 ¼ 1.2 29.22 29.92 30.60 29.94

Table 2 PSNR variance under different T 1 and T 2 settings. The
measurement ratio is set as 20%.

T 1 � 0.4 T 1 � 0.5 T 1 � 0.6 T 1 � 0.7

T 2 ¼ 0.8 6.98 4.92 4.94 4.41

T 2 ¼ 0.9 6.07 5.33 5.57 5.43

T 2 ¼ 1.0 5.93 6.62 6.28 5.42

T 2 ¼ 1.1 5.66 7.08 6.44 4.91

T 2 ¼ 1.2 6.80 5.99 7.04 5.20
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