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A New Multihypothesis-Based Compressed Video
Sensing Reconstruction System

Shuai Zheng , Jian Chen , Member, IEEE, Xiao-Ping Zhang , Senior Member, IEEE, and Yonghong Kuo

Abstract—Multihypothesis-based compressed video sensing
scheme attracts wide attention in the research of resource-
constrained video application scenarios. However, high-accuracy
weight prediction of hypotheses is always challenging especially
for the high-motion sequences. To solve this problem, this paper
proposes a novel multihypothesis-based distributed compressed
video sensing (NMH-DCVS) system. The new multihypothesis
system contains two components: hypotheses acquisition, and
weight prediction. First, to acquire more high-quality hypotheses, a
new hypotheses acquisition scheme is proposed by constructing the
search window based on the temporal, and spatial correlation of
the image blocks, respectively. The optimal matching block can
be quickly determined. Second, to improve the accuracy of the
multihypothesis weight prediction, a new residual transforming
preprocessing-based weight prediction algorithm is proposed by
transforming the original hypothesis set to residual hypothesis
set. The influence of the quality fluctuation of the hypotheses
on prediction accuracy is effectively suppressed. Moreover,
the improved hypotheses further improve the sparsity of the
residual hypothesis set, leading to the additional improvement of
the accuracy of the proposed residual-based weight prediction
algorithm. Experiment results show that compared with the
state-of-the-art methods reported in the literature, the proposed
new multihypothesis system significantly improves the decoding
performance both in objective, and subjective quality.

Index Terms—Compressed sensing, hypotheses acquisition,
residual transforming, weight prediction.

I. INTRODUCTION

W ITH the development of wireless communication tech-
nology especially the arrival of 5 G, the Internet of

Manuscript received December 31, 2019; revised May 22, 2020; accepted
September 21, 2020. Date of publication October 6, 2020; date of current version
October 19, 2021. This work was supported in part by the National Natural
Science Foundation of China (NSFC) under Grant 61771366, “111” Project
under Grant B08038, in part by the Natural Sciences, and Engineering Research
Council of Canada (NSERC) under Grant RGPIN-2020-04661, in part by the
Fundamental Research Funds for the Central Universities, and in part by the
Innovation Fund of Xidian University under Grant 5001-20109195456. The
associate editor coordinating the review of this manuscript and approving it
for publication was Prof. Zixiang Xiong. (Corresponding author: Xiao-Ping
Zhang.)

Shuai Zheng is with the 20th Institute of China Electronics Technology Group
Corporation, Xi’an 710071, China (e-mail: zhs_xd@163.com).

Jian Chen and Yonghong Kuo are with the school of Telecommu-
nications Engineering, Xidian University, Xi’an 710071, China (e-mail:
jianchen@mail.xidian.edu.cn; yhkuo@mail.xidian.edu.cn).

Xiao-Ping Zhang is with the Department of Electrical, Computer and Biomed-
ical Engineering, Ryerson University, Toronto, ON M5B 2K3, Canada (e-mail:
xzhang@ee.ryerson.ca).

Color versions of one or more figures in this article are available at https:
//doi.org/10.1109/TMM.2020.3028479.

Digital Object Identifier 10.1109/TMM.2020.3028479

things (IoT), wireless multimedia sensor networks (WMSN),
and mobile video terminals will be further developed signif-
icantly. More and more new video application scenarios are
showing up. Video-based services such as the mobile video live
show are believed to be the major driving force for future net-
work traffic [1]–[3]. The huge video data services require high
transmission bandwidth and high computing ability. However, in
these new video application scenes, the limited resources such
as the battery, computing ability, and storage space are con-
flicted with these requirements. Realizing the efficient encoding
and transmission of video data in resource-constrained scenarios
has become a significant challenge [4]–[6].

In traditional video encoding standards, complex computa-
tion is performed at the encoder, such as motion estimation,
motion compensation, and coding mode prediction process-
ing [7]–[10]. It causes high computation and resource consump-
tion pressure to the encoder in the resource-constrained video
application scenes. To solve this problem, new imaging systems
and sampling technologies are constantly proposed [11]–[14].
Compressed sensing (CS) [15]–[17] technology provides an ef-
fective way to reduce the signal sampling rate and improve the
encoding efficiency. It samples and compresses a signal simul-
taneously at a sub-Nyquist rate by multiplying the signal with
a measurement matrix [18]. CS theory points that a signal can
be recovered from a small number of measurements by solving
an optimization problem if the signal is sparse in its original
domain or a transform domain [19]. Block-based CS sampling
(BCS) [20] strategy further improves the encoding efficiency
of the video encoder. CS-based signal processing has attracted
wide attention in many research areas [21]–[27]. Distributed
video coding (DVC) [28], [29] technology moves the complex
computation from encoder to decoder by independent encod-
ing and joint decoding. Distributed compressed video sensing
(DCVS) systems [30] provide a feasible solution to further im-
prove the encoding efficiency by combining the DVC and CS
technologies. DCVS systems significantly reduce the comput-
ing pressure of the encoder for processing the massive video
data [31]–[33].

Current research on DCVS mainly focuses on the study of
the reconstruction scheme at the decoder. Although many re-
construction algorithms have been developed, such as the ap-
proximate message passing (AMP) algorithm [34], the greedy
pursuit algorithms [35], [36], the fast gradient projection sparse
reconstruction (GPSR) algorithm [37], and total variation (TV)
based CS recovery algorithm [38]–[40], the recovery quality of
DCVS system is unsatisfactory compared to the traditional video
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coding standards [41]–[43]. In [44]–[46], a multihypothesis-
based block CS smooth projection Landweber (MH-BCS-SPL)
reconstruction scheme is proposed by Fowler et al. Multihypoth-
esis (MH) prediction is first introduced in the DCVS recovery
scheme and achieves significant success in improving the CS re-
construction quality. In MH scheme, the side information (SI),
a prediction of the target image block, is first obtained by a
weighted sum of a group of hypotheses. The recovery of the
original block is transformed into the recovery of the residual
block. The recovery performance is improved due to the residual
block is more sparse [45]. Due to the good performance of MH,
it has been widely used in CS-based multimedia signal recovery
research [47]–[50].

For the performance of MH prediction, the acquisition of hy-
potheses and the design of the weight prediction model are two
critical factors. For hypotheses acquisition, in traditional MH
schemes [44]–[47], the source of hypotheses is limited. Only
the key frame is utilized as the reference frame. Hypotheses
are acquired by constructing a fixed search window centered
on the location of the block to be reconstructed. The quality
of hypotheses fluctuates significantly due to the complex video
motion states. To extend the hypotheses source, a hypotheses
interpolation method is proposed in [52]. New hypotheses are
obtained by high-quality hypotheses interpolation method and
are utilized to replace the low-quality hypotheses in the orig-
inal hypothesis set. It works well for low-motion sequences.
In [53], [54], a secondary matching processing for the match-
ing block prediction in reference frame is proposed to get more
high-quality hypotheses. However, the adjacent non-key frame
with better inter-frame correlation than the key frame is ignored
in the above work. With the increase of the inter-frame distance
between the current frame and the key frame, the quality of the
hypotheses degrades significantly especially for high-motion se-
quences.

In [51], the adjacent non-key frames are first utilized as ad-
ditional reference frames to provide more hypotheses. It makes
up the impact of the reduced inter-frame correlation between the
non-key frame and key reference frame to a certain extent. How-
ever, the hypotheses search window is still constructed in a fixed
position. The hypotheses acquisition in each reference frame is
independent. The motion information obtained from the recov-
ery of previous blocks is discarded. Fixed hypotheses search
window cannot adapt to the change of the motion states of im-
age blocks. Therefore, on the basis of multi-reference frames,
how to jointly and adaptively construct the search window in
the reference frames to get high-quality hypotheses is still a
challenge. Especially for high-motion sequences, on one hand,
complex motion states make the accurate prediction of the opti-
mal matching block in the reference frame difficult; on the other
hand, the repeated matching block prediction will also increase
the computation complexity significantly.

For MH weight prediction, the accuracy of the Tikhonov-
based weight prediction model used in the traditional MH
schemes degrades with the decrease of the sampling rate. To
solve this problem, an elastic net-based MH prediction model
(MH-wEnet) is proposed in [55]. It combines the l1 and l2
norms of the weight vector into the MH model. The accuracy

of weight prediction under a low sampling rate is improved
effectively. However, with the increase of the sampling rate,
the computational complexity increases significantly and the
improvement of the prediction accuracy cannot keep up with
traditional Tikhonov-based model. In [56] and [57], the spar-
sity regularization of the predicted block is incorporated into
the new weight prediction model. A good improvement of the
recovery quality is obtained for low-motion sequences. How-
ever, for high-motion sequences, the added sparsity regulariza-
tion of the predicted block has little effect on the improvement
of reconstruction quality. Moreover, the above algorithms are
all based on the measurement domain. The blocks being pre-
dicted have to be divided in a non-overlapping manner under a
fixed block size that is entirely decided by the encoder. It re-
stricts the acquisition of the side information of the decoder and
is not good for eliminating the block effects of the recovered
frames.

To overcome the limitation of the prediction algorithms based
on only the measurement domain, a two-stage MH prediction
scheme is proposed in [58], [59]. It executes the MH prediction
procedure in the measurement domain and pixel domain, re-
spectively. The decoding delay is increased significantly with a
little improvement of the reconstruction quality in the two-stage
schemes. For the above MH weight prediction schemes, they are
all based on a high-quality hypothesis set. Once the hypotheses
degrade, the performance of the above sparsity regularization
based models will also degrade. Therefore, the degradation of
the recovery quality always occurs for high-motion sequences.
The prediction accuracy cannot be guaranteed for high-motion
sequences when hypotheses quality fluctuates. It is a challenge
to improve the accuracy of MH weight prediction effectively for
sequences with complex motion states.

In this paper, to improve the accuracy of MH prediction and
mitigate the quality degradation for high-motion sequences,
we propose a new MH-based DCVS (NMH-DCVS) system.
New hypotheses acquisition method and hypotheses weight
prediction algorithm are proposed in the new MH prediction
scheme. First, to effectively get high-quality hypotheses from
high-motion sequences, a temporal and spatial correlation-based
multihypothesis (TS-MH) acquisition scheme is proposed. The
optimal matching block and search window in the reference
frames can be quickly and adaptively determined in the newly
proposed MH acquisition method. The hypotheses quality for
high-motion sequences is improved effectively. Second, for
weight prediction, to improve the weight prediction accuracy
of high-motion sequences, a new weight prediction algorithm
based on residual transforming of hypotheses is proposed. We
propose a preprocessing program of residual transforming for
the obtained hypothesis set. The signal sparsity is improved ef-
fectively in the weight prediction. The degradation of the pre-
diction accuracy caused by the fluctuation of hypotheses quality
is mitigated. Moreover, with the improvement of the hypotheses
quality in acquisition stage, the residual block is more com-
pressible in the subsequent residual transforming processing.
Correspondingly, a further improvement of the whole MH pre-
diction scheme and the final recovery quality is obtained. In the
experiments, the accuracy of the weight prediction is improved
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Fig. 1. The block diagram of the common MH-based DCVS system.

steadily. A good improvement both in objective and subjective
quality for all kinds of sequences is obtained.

The rest of this paper is organized as follows. Section II first
gives the problem in current MH-based compressed sensing
video schemes. Then, the proposed new MH acquisition and
weight prediction system and its specific implementation de-
tails are illustrated in Section III. The experimental results are
given in Section IV. Finally, Section V makes a conclusion for
this paper.

II. PROBLEM FORMULATION

Fig. 1 shows the block diagram of the common MH-based
DCVS system. We will study the MH processing procedure rep-
resented by the modules with blue shadow. The hypotheses ac-
quisition and the weight prediction of the final hypothesis set
are the key to MH processing. The mathematical notations used
in the following sections are summarized in Table I.

At the encoder, video sequences are processed in the unit of
group of pictures (GOP). The frames are divided into key frame
and non-key frames and sampled by block-based CS sampling.
Let xcur ∈ RN×1 represent a vectorized image block to pro-
cessed. The measurements ycur ∈ RM×1 obtained by BCS with
the measurement matrix Φ ∈ RM×N is shown as below

ycur = Φxcur, (1)

At the decoder, key frames are first decoded. Then the MH sys-
tem is performed to provide side information for the recovery of
non-key frames. The reference frame is first selected. After get-
ting the optimal matching block xref,opt in the reference frame
of current block xcur, the search window is constructed in the
reference frame centered on xref,opt.

For the hypotheses acquisition scheme in traditional MH sys-
tems, the search window is always constructed in the key frame
centered on the block that has the same position as the current
block. It ignores the impact of complex inter-frame motion. With
the increase of the inter-frame distance between the non-key
frame and the key frame, the traditional search window cannot
cover the optimal hypotheses acquisition range especially for
high-motion sequences. The optimal matching block is usually
located outside the search window due to the complex motion of
the target block. For current multi-reference frames-based MH
acquisition methods, the search window is constructed in differ-
ent reference frames, independently. Repeated matching block
prediction processing increases the computational complexity.

TABLE I
MATHEMATICAL NOTATIONS

All of the above problems require an adaptive and high-
efficient hypotheses acquisition scheme. The adjacent non-key
frames should be utilized as the supplement of the key reference
frame. It will help to resist the impact of the increased inter-frame
distance between the key frame and the non-key frame on the
final hypotheses quality, especially for the non-key frames in the
middle of the GOP. On the basis of multi-reference frames-based
hypotheses acquisition schemes, considering the temporal and
spatial correlation of the image blocks, design a joint and adap-
tive hypotheses acquisition scheme to acquire the high-quality
hypotheses in a simple way is another requirement for the new
hypotheses acquisition scheme.

After building the search window, by block sliding pixel by
pixel, the hypothesishl is collected from the search window. The
hypothesis setH = {h1, h2, · · ·, hL} is obtained. To remove the
low-quality hypotheses, the Euclidean distance d(xcur, hl) be-
tween the current block xcur and the hypothesis hl is calculated
as below

d(xcur, hl) = ‖ycur − Φhl‖2, (2)

The hypotheses with high Euclidean distance will be replaced
by the high-quality hypotheses obtained from other hypothe-
ses source. After getting the final hypothesis set H , the side
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Fig. 2. The block diagram of the proposed new MH prediction system.

information of the current block xcur can be obtained by com-
puting the weighted sum of the hypotheses in H . Therefore,
the weight prediction of the hypotheses, i.e., finding the opti-
mal weight vector wmh

cur, is the key problem. Commonly, the
MH weight prediction optimization problem can be solved by
finding a weight vector w to minimize the following problem

wmh
cur = argmin

w
‖ycur − ΦHw‖22, (3)

Then the final obtained side information is applied to perform
the final residual reconstruction of the block. Based on the prob-
lem (3), many new prediction methods have been proposed to
improve the accuracy of weight prediction by introducing dif-
ferent sparse representation regularization terms. However, the
performance of the sparsity penalty terms is highly related to
the quality of the hypothesis set. The accuracy of the weight
prediction decreases with the degradation of hypotheses quality.
Therefore, current methods are highly sensitive to the quality
fluctuation of the hypotheses. The accuracy of the weight pre-
diction degrades significantly for the high-motion sequences. It
causes a huge gap in reconstruction quality between high-motion
sequences and low-motion sequences.

To avoid the impact of the fluctuated hypotheses on the predic-
tion accuracy, the sparsity of the original signal to be predicted
is the key. By transforming the original signal prediction to an-
other sparser signal prediction, a stable improvement for differ-
ent sequences can be obtained. Therefore, how to improve the
sparsity of the original signal or how to realize the signal trans-
forming in weight prediction procedure is the key to improve the
performance of the weight prediction model for high-motion se-
quences. Besides, by jointly considering the hypotheses acquisi-
tion and the subsequent weight prediction procedure, designing
the whole MH system to improve the MH prediction perfor-
mance for high-motion sequences is also an urgent problem.

III. THE PROPOSED MH PREDICTION SYSTEM

Fig. 2 shows the proposed new MH prediction system. In
this proposal, we focus on the recovery of non-key frames. Key
frames are recovered using the secondary recovery method [53].
Both the key frame and previously recovered non-key frames
are used as reference frames for the recovery of the current non-
key frame. The proposed new MH prediction system consists of
three parts: the optimal matching block prediction, the search
window construction and hypotheses acquisition, and the final
MH weight prediction based on residual transforming.

First, in the step of optimal matching block prediction. Two
situations are considered. When there is other non-key frame

Fig. 3. The proposed temporal correlation based MH acquisition scheme.

between the current frame and the reference frame. Both the
spatial and temporal correlation-based prediction methods are
applied. The temporal correlation-based method is used to get
the matching block in the key reference frame. The spatial
correlation-based method is used to predict the matching block
in the non-key reference frame. When there is no adjacent
non-key frame between the reference frame and current frame,
the adjacent blocks in the current frame are selected to provide
the information of motion state i.e., the spatial correlation-based
prediction method is performed. Second, centered on the op-
timal matching block, the search window is constructed and
hypotheses are collected. The hypothesis set optimization pro-
cessing is performed to remove low-quality hypotheses in the
obtained hypothesis set. At last, for the final residual-based MH
weight prediction, a hypothesis basis is first decided. The resid-
ual transform preprocessing is performed by transforming the
original hypothesis set to the residual hypothesis set. The elas-
tic net-based weight prediction model is utilized to perform the
weight prediction of the residual hypothesis set.

A detailed description of the proposed new MH prediction
system is given below. The proposed new hypotheses acquisition
scheme is described in the first two subsections, where subsec-
tion III.A shows the temporal correlation-based MH acquisition
method and subsection III.B shows the spatial correlation-based
MH acquisition method. In subsection III.C, the proposed new
residual-based MH weight prediction algorithm is given in de-
tail.

A. The Temporal Correlation-Based MH Acquisition Scheme

Fig. 3 shows the proposed temporal correlation based hy-
potheses acquisition procedure. Fkey is the key reference frame;
Fcs(i−1) and Fcs(i) are the (i− 1)th and ith non-key frames, re-
spectively;xcur is the current block to be reconstructed in current
frame Fcs(i); xref is its corresponding optimal reference block
in the previous non-key frame; In the key reference frame, x

′
cur

and x
′
ref are the corresponding blocks that have the same posi-

tions as xcur and xref , respectively; Wref is the corresponding
search window of xref . It is also determined by the proposed
TS-MH hypotheses acquisition scheme in the previous recov-
ery of xref . Here, we assume that the optimal matching block
xref of xcur in the adjacent non-key frame is already known.
The detailed computing procedure of xref will be shown in
the subsequent spatial correlation based hypotheses acquisition
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scheme. The proposed temporal correlation based MH acquisi-
tion scheme provides a way to construct the search window of
xcur according to the previously recovered block xref .

In the key reference frameFkey , we first obtain the hypothesis
set of xref . Then, the hypotheses are sorted by the hypothesis
quality. Here, the hypothesis quality is measured by the Eu-
clidean distance between xref and its hypotheses as shown in
(2). The hypothesis quality increases with the decrease of the
Euclidean distance. We assume that the block hB in Wref is the
best hypothesis of xref after the hypotheses sorting. The motion
vector (MV) MVref of xref can be obtained by computing the
coordinate difference between hB and xref as below

MVref = (hB(j)− xref (j)), (4)

where j represents the pixel index; hB(j) and xref (j) represent
the coordinates of the jth pixel in the whole frame. Accord-
ing to the inter-frame correlation, we assume that the xref and
xcur have the same motion trends. The motion vector of xcur is
calculated as below

MVcur =
Dcur

Dcur − 1
MVref , (5)

where Dcur is the frame distance between current frame and
the key reference frame. Then, we can get one of the candidate
matching blocks xMV pointed by MVcur. Centering on block
xMV , the search window of xcur can be constructed in the ref-
erence frame.

However, for some sequences with complex motion states,
when a sudden change of motion occurs between xcur and xref ,
the above strategy will cause the prediction error and the er-
ror propagation in the subsequent reconstruction. To avoid this
problem, other candidate matching blocks should be acquired
according to the content similarity of xcur and xref . Consider-
ing the best hypothesis hB is the best matching block of xref in
the reference frame. It means thathB has high similarity with the
current block xcur. Therefore, we utilized hB as the other can-
didate matching block. The final optimal matching block xopt

is computed by

xopt =

{
xMV d(xcur, xMV ) ≤ d(xcur, hB)

hB else
(6)

where d(·, ·) means the calculation of the Euclidean distance in
the measurement domain as described in (2). Centered on the fi-
nal predicted matching blockxopt, the final search window of the
current block xcur is constructed by extending a fixed number of
pixels. Then, hypotheses in the search window are collected and
applied for the subsequent weight prediction procedure. Noted
that the above hypotheses acquisition and hypotheses sorting
processing of the reference block xref are all the necessary cal-
culations in the recovery ofxref . It means that the computational
cost of the above proposal mainly comes from the final selec-
tion of the two candidate matching block. By using the proposed
temporal correlation-based hypotheses acquisition scheme, the
high-quality hypotheses in the key reference frame are collected
effectively and simply.

Fig. 4. The matching block prediction with the help of adjacent image blocks
in spatial correlation-based MH acquisition scheme.

B. The Spatial Correlation-Based MH Acquisition Scheme

The temporal correlation-based MH acquisition scheme gives
the hypotheses obtaining method when there are other non-key
frames between the current non-key frame and the reference
frame. It does not work when the current non-key frame is next to
the reference frame. Actually, this problem is equivalent to how
to estimate the optimal matching block from the adjacent frame,
i.e., how to get the reference block xref from the previous frame
Fcs(i−1) for current block xcur. For this situation, the proposed
spatial correlation-based MH acquisition scheme is performed.

As shown in Fig. 4, xleft and xup are the left block and
the upper block of the current block xcur in current non-key
frame. To effectively show the motion of the image block, we
put the above three image blocks into its adjacent reference
frame Fref at the corresponding positions. In the proposed spa-
tial correlation-based search window construction scheme, the
first step is to estimate the MV of the current block xcur. Here
we consider two situations. one is that the current block is a static
block. It means that there is no motion between the current frame
and the reference frame for the current block xcur. Therefore,
the candidate motion vector MVnom = (0, 0). Noted that the no
motion situation is always considered as one of the candidates
in motion prediction. When there is a motion for block xcur,
we assume that xcur has a similar motion trend as its left block
and upper block. It means that the motion vector of xcur can be
calculated by combing the motion vectors of xleft or xup. Or
even it is equal to that of xleft or xup.

In the recovery of xleft and xup, by calculating the differ-
ence of the position between the optimal hypothesis and orig-
inal block, we can obtain their corresponding motion vectors
MVup and MVleft. By combining the MVup and MVleft, we
can calculate a combined motion vector MVcom for xcur by

MVcom =
1

2
(MVup +MVleft), (7)

Considering the above situations, we get a candidate MV set as
SMV = {MVleft,MVup,MVcom,MVnom}. The correspond-
ing candidate matching block setSref = {xref,1, xref,2, xref,3,
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Fig. 5. The correlation between the predicted matching block in spatial
correlation-based MH acquisition scheme and the original non-overlapped
blocks divided at encoder.

xref,4} in the reference frame is constructed. The detailed po-
sition of the corresponding reference block xref,k is calculated
as below

(j1, j2)xref,k
= (j1, j2)xcur

+ SMV (k), (8)

where 1 ≤ k ≤ 4 is the index of the candidate matching blocks;
j1 and j2 are the pixel position indexes in horizontal and vertical
directions. The optimal matching block xref,opt is calculated by

xref,opt = arg min
xref,k∈Sref

d(xcur, xref,k), (9)

where d(·, ·) is the calculation of the Euclidean distance. After
getting the optimal matching block in the adjacent reference
frame, the search window is then constructed centered on the
optimal matching block.

However, it will cause some problems if we directly use
the matching block xref,opt predicted by the above spatial
correlation-based strategy as the reference block xref in Fig. 3.
According to the prediction procedure shown in Fig. 4, we know
that the candidate matching blocks are overlapped in this sub-
section. The predicted matching block may not be the origi-
nal non-overlapped block divided at the encoder. As shown in
Fig. 5, when the predicted matching block is not one of the
original non-overlapped blocks divided at encoder, it means
that the predicted matching block xref,opt is not reconstructed
as a complete image block in the recovery of the previous
non-key frame. No corresponding motion vector information
for xref,opt can be provided for the recovery of xcur in the tem-
poral correlation-based MH acquisition scheme. To avoid this
issue, the adjacent four original blocks shown in Fig. 5 cov-
ered by the predicted reference block xref,opt will be selected
as the latest candidate reference blocks. By calculating the sim-
ilarity between these candidate reference blocks and the current
block xcur, the candidate reference block with the best sim-
ilarity is selected as the final predicted reference block xref .
Then, the subsequent search window construction and hypothe-
ses acquisition processing are performed following the temporal

correlation-based search window construction method. By using
the spatial correlation-based hypotheses acquisition scheme, the
high-quality hypotheses in the adjacent non-key reference frame
and the key reference frame are collected effectively.

C. Residual Transforming Preprocessing-Based Weight
Prediction Algorithm

In CS reconstruction, residual-based iteration recovery algo-
rithms provide an effective way to improve recovery quality due
to the improvement of the signal sparsity caused by residual
transformation [45]. Inspired by this idea, a new weight predic-
tion algorithm based on the residual transforming of hypothe-
ses is proposed in this subsection. We propose a preprocessing
method to transform the original hypotheses to the residual hy-
potheses. It is the main contribution in this part. For the spe-
cific weight prediction processing, we use the elastic net model
(wEnet) proposed in [55] due to its good performance at low
sampling rates.

By transforming the original hypotheses to the residual hy-
potheses, on the one hand, the sparsity of the hypothesis is im-
proved effectively for weight prediction model. On the other
hand, residual transformation can offset the degradation of the
weight prediction accuracy caused by the hypotheses fluctua-
tion, especially for the high-motion sequences. The MH pre-
diction system can adapt to the video sequences with different
motion states better. Here, the key issue is how to transform the
original hypotheses to the residual hypotheses, i.e., how to select
the hypothesis basis to calculate the residual hypotheses. Mean-
while, the residual hypotheses should keep consistent with the
corresponding residual of the original block to be recovered.

To realize the residual transforming of the hypotheses, we first
calculate the Euclidean distance between each hypothesis and
the current block after getting the final hypothesis set by the pro-
posed TS-MH scheme. By resorting the hypotheses according
to the Euclidean distance from small to large, we can construct a
new hypothesis set Hsort = {h1, h2, · · ·, hL}. The hypothesis
h1 with the minimum Euclidean distance is selected as the best
hypothesis hbest. The best hypothesis is selected as the hypoth-
esis basis to compute the residual hypotheses. By computing the
difference between the original hypotheses and the best hypoth-
esis, we get the residual hypothesis hr,i as below,

hr,l = hl+1 − hbest, (10)

where 1 ≤ l ≤ L− 1. The residual hypotheses are used to con-
struct residual hypothesis setHr = {hr,1, hr,2, · · ·, hr,L−1}. We
assume that the best hypothesis provides the most content of the
final side information for current block. For the rest of the in-
formation in the current block that is not contained in the best
hypothesis, they are distributed among these residual hypothe-
ses and can be obtained by the linear combination of the residual
hypotheses.

For current image block xcur to be recovered, the decoder re-
ceives its measurements ycur transmitted from the encoder. Af-
ter transforming the original hypothesis set Hsort to the residual
hypothesis set Hr, the next step is to calculate the MH weight
for each residual hypothesis in Hr. First, we have to make a
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targeted residual block for Hr. To make the residual hypotheses
consistent with the corresponding residual block of the original
block xcur, we compute the residual measurements yr of xcur

as below

yr = ycur − Φhbest, (11)

After the above preprocessing of the hypothesis set, we use the
wEnet-based MH prediction model [55] to compute the optimal
residual weight vector wEnet

r,cur due to its excellent performance
under low sampling rates. It can be written as below

wEnet
r,cur =

(
1 +

λ2

M

)
argmin

w
‖yr − ΦHrw‖22

+ λ1‖Γr,curw‖1 + λ2‖w‖22, (12)

where M is the number of the measurements in yr; λ1 and λ2

are the tuning parameters of the wEnet model. λ1 = 1000×
CSratio, where CSratio is the sampling rate; λ2 is usually in the
range of [0.01, 0.2]; Γr,cur is a diagonal regularization matrix as
below

Γr,cur =

⎛
⎜⎝

d(xr, hr,l) 0
. . .

0 d(xr, hr,L−1)

⎞
⎟⎠ , (13)

where d(·, ·) is the computation of Euclidean distance between
the residual hypothesis and the residual block. It can be com-
puted by (2). The final side information x̂cur of the original
block xcur is computed as below

x̂cur = hbest +Hrw
Enet
r,cur . (14)

The finally predicted block x̂cur and the original measurements
ycur are sent to the final recovery model. The residual-based
BCS-SPL algorithm [45] is utilized to perform the final recon-
struction of the non-key frame.

The proposed residual transforming preprocessing scheme ef-
fectively improves the sparsity of the signal in MH weight pre-
diction model. The increased signal sparsity improves the accu-
racy of weight prediction for all kind of sequences. Especially
for high-motion videos, the degradation of weight prediction
accuracy caused by the fluctuation of hypotheses is effectively
mitigated by the proposed residual transforming preprocessing
scheme. Moreover, as illustrated in the MH acquisition proce-
dure, by using the proposed new hypotheses acquisition scheme,
the quality of the final obtained hypothesis set is improved ef-
fectively. In the residual transforming procedure, the residual
hypotheses are obtained by computing the difference between
the original hypothesis and the best hypothesis. The improve-
ment of the sparsity after residual transforming is more signif-
icant if the whole quality of the hypothesis set is better. The
mutual promotion between the proposed new hypotheses acqui-
sition scheme and the new weight prediction scheme makes the
final performance improvement more significant.

IV. EXPERIMENTAL RESULTS

In this section, the experimental results are given to verify
the performance of the proposed new MH-based DCVS sys-
tem. The peak signal-to-noise ratio (PSNR), as the evaluation

Fig. 6. The reconstruction quality of the non-key frames with and without the
TS-MH method. (a) Coastguard. (b) Foreman. The proposed TS-MH hypotheses
acquisition scheme has better performance.

metric of the final reconstruction quality, is measured and given
in this section. For the test source videos, Coastguard, Fore-
man, Mother-daughter and Soccer sequences, as the standard
test videos, are applied in this experiment. The above four se-
quences cover different motion intensity. The test results based
on the selected test sequences can reveal the real performance
of the proposed new MH system. By the way, Coastguard, Fore-
man, Mother-daughter, and Soccer sequences are also widely
utilized in the research of DCVS systems, including the refer-
ence systems introduced in this paper. Ensure fairness is also a
consideration. For the parameter setting, the Gaussian orthog-
onal matrix is used as the measurement matrix Φ. The size of
the GOP is 8. At the encoder, the video frames are divided into
non-overlapped image blocks with a fixed size of 16× 16. The
window size is 15 pixels. The sampling rate of key frames is
0.7. For non-key frames, the sampling rate varies from 0.1 to
0.3. Noted that the above parameter setting is consistent with
the reference systems introduced in this paper. All of the exper-
iments are performed on the platform of 64-bit Windows 7SP1,
Inter(R) Core(TM) i7 CPU, 2.67 GHz, 12 G RAM. The Matlab
version is R2013b.

A. The Comparison of the MH Acquisition Scheme

To verify the performance of the proposed TS-MH hypothe-
ses acquisition scheme, we carry out the same distributed
compressed video sensing scheme with the TS-MH method
and without it, i.e., the traditional multihypothesis acquisition
scheme [45], [55], respectively. To ensure fairness, the tested
DCVS system remains unchanged except for the tested hypothe-
ses acquisition part in this experiment. The PSNR results of the
recovered non-key frames show the real effect of the proposed
TS-MH method on the quality of the final acquired hypotheses.
The test results of Coastguard and Foreman sequences are given
in Fig. 6 as examples. The average time complexity results of
the comparison systems for all of the test videos are given in
Table II.
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TABLE II
THE CPU RUN TIME OF THE WHOLE SYSTEM FOR PER FRAME PROCESSING

UNDER DIFFERENT HYPOTHESES ACQUISITION SCHEMES. (UNIT: S)

We can observe that the proposed TS-MH scheme effectively
improves the quality of the recovered video sequences com-
pared to the traditional hypotheses acquisition scheme. For the
sequence of Coastguard, the average quality of the recovered
non-key frames is improved by 0.55 dB on average. For the Fore-
man sequence, the PSNR of the recovered non-key frames is im-
proved by 0.63 dB on average. It shows that the proposed TS-MH
scheme can get more and better hypotheses from the reference
frames. Due to the improvement of the hypothesis set, the final
side information is predicted in higher accuracy. It means that the
residual block is more sparse in the subsequent residual-based
BCS-SPL reconstruction processing. Correspondingly, the final
recovery quality of the video is improved. With the decrease of
the sampling rate, the accuracy of MH weight prediction and the
final iteration recovery processing degrade significantly. The ef-
fect of the improvement of the hypotheses quality on the gain
of the final recovery quality is not obvious at very low sam-
pling rates. Moreover, at a very low sampling rate, measure-
ment domain based Euclidean distance is not always accurate
to measure the block similarity. It will lead to the misjudgment
of the optimal matching block and reduce the efficiency of the
proposed TS-MH hypothesis acquisition scheme. Therefore, the
performance improvement of the proposed TS-MH hypothesis
acquisition scheme is not obvious at low sampling rates. How-
ever, even in the very low sampling rate, after combined with
the proposed residual transforming based MH weight predic-
tion method, the newly proposed MH system can still generate
considerable incremental gain of the PSNR result as shown in
Fig. 7.

Table II gives the comparison results of the computational
complexity for per frame processing between the proposed
TS-MH based video encoding system and the traditional mul-
tihypothesis acquisition method based video encoding system.
We can observe that the proposed TS-MH hypothesis acquisition
scheme only increases a little of the computational complexity
compared to the traditional method. The reason is that most of
the computation in the proposed TS-MH scheme are also present
in the traditional MH scheme, such as the hypotheses sorting.
Most of the information utilized in TS-MH scheme already ex-
ists in the MH processing. The proposed TS-MH scheme just
uses such existing information in a better way. The slightly in-
creased computation mainly comes from the decision process of
the candidate reference blocks.

B. MH Weight Prediction Algorithm

In this subsection, we compare the proposed residual-based
multihypothesis weight prediction algorithm (RMH-wEnet) to

Fig. 7. The comparison results of recovery quality for the overall system.
(a) Coastguard. (b) Foreman. (c) Mother-daughter. (d) Soccer. The proposed
NMH-DCVS system has the best performance.

the reference MH prediction models, including the Tikhonov
regularization-based MH prediction model (MH-Tik) [45] and
the elastic net-based MH prediction model (MH-wEnet) [55]. To
ensure fairness, the above tests are performed under the same
DCVS system diagram. In addition to the MH weight predic-
tion method, the other parts of the tested system remain un-
changed including the key frame recovery scheme, MH acqui-
sition scheme, and the parameter setting. Moreover, this experi-
ment uses the traditional hypotheses acquisition scheme utilized
in [45], [55]. The new TS-MH hypotheses acquisition scheme is
not utilized to avoid the influence of other factors. Table III gives
the quality of the recovered videos at the decoder under differ-
ent MH weight prediction algorithms when the sampling rate is
0.2. It shows the impact of the improvement of MH weight pre-
diction accuracy on the quality of the final reconstruction at the
decoder. Table IV gives the time complexity comparison results.

We can observe that the proposed residual-based MH pre-
diction method has the best reconstruction quality. Compared
to the MH-Tik model and the MH-wEnet model, the proposed
RMH-wEnet algorithm can get 1.21 dB and 0.43 dB of the aver-
age PSNR gain under different test sequences. Specifically, com-
pared to the MH-Tik weight prediction algorithm, the proposed
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TABLE III
THE PSNR OF THE RECOVERED FRAMES UNDER DIFFERENT MH WEIGHT

PREDICTION ALGORITHMS (UNIT: DB). THE PROPOSED RMH-WENET WEIGHT

PREDICTION ALGORITHM HAS BETTER PERFORMANCE

TABLE IV
THE CPU RUN TIME OF THE WHOLE SYSTEM FOR PER FRAME PROCESSING

UNDER DIFFERENT WEIGHT PREDICTION SCHEMES. (UNIT: S)

RMH-wEnet algorithm provides the biggest recovery quality
gain for Mother-daughter sequences. The PSNR is improved
by 1.58 dB. The high-motion Soccer sequence contributes the
least quality improvement. The PSNR is improved by 0.82 dB
in the proposal. For the Coastguard and Foreman sequences,
the recovery quality is improved by 1.16 dB and 1.26 dB,
respectively. For the MH-wEnet weight prediction algorithm,
The least improvement of the recovery quality comes from the
Coastguard sequence. The PSNR is improved by 0.36 dB in
the proposed RMH-wEnet algorithm. Following by the Soc-
cer sequence, the recovery quality is improved by 0.43 dB.
For the Mother-daughter sequence, it has the best improvement
of the recovery quality. 0.51 dB of the PSNR gain is obtained
in the RMH-wEnet algorithm. The PSNR gain of the Foreman
sequence is 0.44 dB. Compared to the high-motion sequences,
the hypothesis set of low-motion sequences has higher quality.
By residual transforming, the residual hypothesis set has higher
sparsity for low-motion sequences than that of the high-motion
sequences. Therefore, the low-motion sequences have higher
quality improvement.

However, in terms of the extent of quality improvement, com-
pared to the PSNR gain from the MH-Tik scheme to the MH-
wEnet scheme, the quality gain obtained from the MH-wEnet
scheme to the proposed RMH-wEnet scheme is consistent for
the test sequences with different motion level. In Table III, both
MH-wEnet and RMH-wEnet models use the wEnet model to
do multihypothesis weight prediction. They have the same hy-
potheses acquisition method and the final obtained hypothesis
set in the experiment. The proposed residual transforming pre-
processing for hypothesis set in RMH-wEnt scheme is the only
difference. Compared to the MH-wEnet model, the proposed
RMH-wEnet model gets more than 0.4 dB of the PSNR gain
in the final recovery quality. Even for the high-motion videos
Soccer and Coastguard, 0.38 dB of the PSNR gain is also ob-
tained in the proposed RMH-wEnet model. A consistent quality

gain is obtained from the MH-wEnet scheme to the proposed
RMH-wEnet scheme. It means that the proposed residual trans-
forming preprocessing scheme can always improve the weight
prediction accuracy steadily no matter how the quality of hy-
pothesis set fluctuates.It is verified that the proposed residual
transforming based weight prediction scheme can mitigate the
degradation of the prediction accuracy caused by the fluctuation
of hypotheses quality, as we analyzed in Section III.C. More-
over, considering the proposed new TS-MH hypotheses acqui-
sition scheme, the proposed new MH system can get more and
better hypotheses for high-motion sequences. The performance
improvement of the proposed RMH-wEnet weight prediction
scheme for high-motion sequences will be further amplified un-
der the help of the proposed TS-MH hypotheses acquisition
scheme. The gap between the high-motion sequences and the
low-motion sequences in reconstruction quality will be reduced.
It is revealed in the following overall performance comparison
subsection.

Table IV gives the CPU computation time of the whole system
for per frame processing under different MH weight prediction
schemes. We can observe that the proposed RMH-wEnet based
video codec system requires less CPU time than the MH-wEnet
based video codec systems. There are two main reasons: First,
by residual transforming, the improved sparsity increases the
computation efficiency of weight prediction; Second, the pro-
posed residual-based MH prediction scheme improves the qual-
ity of the predicted SI. More accurate SI makes the residual
signal sparser in the subsequent BCS-SPL iteration recovery
processing. It speeds up the iteration of BCS-SPL algorithm.
Compared to the MH-Tik based video codec systems, the pro-
posed RMH-wEnet scheme consumes more time for per frame
processing especially at high sampling rates. It is caused by
the wEnet weight prediction model. Nevertheless, with an ac-
ceptable increase of the complexity, a good improvement in the
weight prediction accuracy is obtained in the proposed residual
transforming preprocessing method.

C. The Comparison of Overall Performance

To verify the overall performance, we compare the proposed
NMH-DCVS system with several complete DCVS systems in
current research. The state-of-the-art DCVS system, includ-
ing the MH-BCS-SPL system [45], MS-wEnet system [55],
KSR-DCVS system [53], and Up-Se-AWEN-HHP system [52]
are tested as the comparison systems. The MH-BCS-SPL [45]
system is the first and typical MH-based DCVS system. It is
widely introduced in current research. The MS-wEnet [55] sys-
tem is the representative in the research of MH weight prediction
algorithm. The KSR-DCVS [53] and Up-Se-AWEN-HHP [52]
systems make significant improvements in hypotheses acqui-
sition and optimization. To ensure fairness, the above systems
are performed on the same platform with the same parameter
setting, such as the GOP size, search window size, and block
size. The overall recovery results measured by PSNR are shown
in Fig. 7. Moreover, Fig. 8 and Fig. 9 give two visual com-
parison results of the recovered non-key frames to show the
visual quality intuitively. The feature similarity index for image
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Fig. 8. The visual quality for the 76th non-key frame of Foreman (sampling rate: 0.15). (a) Original frame. (b) The selected original region. (c) MH-BCS-SPL,
PSNR 29.94 dB, FSIM 0.905. (d) Up-Se-AWEN-HHP, PSNR 29.80 dB, FSIM 0.906. (e) MS-wEnet, PSNR 30.92 dB, FSIM 0.916. (f) KSR-DCVS, PSNR 30.30 dB,
FSIM 0.908. (g) NMH-DCVS, PSNR 33.49 dB, FSIM 0.947. The proposed NMH-DCVS method in (g) has the best visual quality.

quality assessment (FSIM) [60] of the recovered frames shown
in Fig. 8 and Fig. 9 is also measured to evaluate the visual quality
objectively.

Fig. 7 shows that the proposed NMH-DCVS system has the
best recovery performance compared to the reference schemes.
Compared to the KSR-DCVS system, the proposed NMH-
DCVS system improved the PSNR by about 1.13 dB on av-
erage. The biggest recovery gain comes from the Coastguard
sequence, the PSNR is improved by about 1.31 dB. The PSNR
of Soccer sequence is improved by 0.95 dB, it is the least PSNR
gain. For the Up-Se-AWEN-HHP scheme, the average recov-
ery quality is improved by about 1.19 dB in our NMH-DCVS
system. The high-motion sequence Soccer and low-motion se-
quence Mother-daughter contribute the biggest and the least
PSNR gain by 1.50 dB and 0.75 dB, respectively. Compared
to the MS-wEnet scheme, the proposed NMH-DCVS system
improved the average PSNR by about 1.36 dB. The recovery
quality of the Foreman sequence is improved significantly by
about 1.66 dB. About 1.25 dB of the PSNR gain is obtained
for the other three test sequences. For the original MH based
video codec system i.e., the MH-BCS-SPL system, the average
value of the PSNR is improved by about 3.19 dB in the proposed
NMH-DCVS system. The smallest recovery quality gain comes
from the Soccer sequence, the PSNR is increased by 2.37 dB.
The Coastguard sequence contributes to the biggest quality gain.
The recovery quality is improved by 3.87 dB.

We can observe that the proposed NMH-DCVS system can
obtain better PSNR gain for the high-motion sequences. The rea-
son is that the proposed TS-MH hypotheses acquisition scheme
can get more high-quality hypotheses for high-motion sequences
than that of the other reference systems. Correspondingly, the
correlation among the hypotheses is better in the hypothesis
set obtained in the TS-MH scheme. In the subsequent weight
prediction procedure, the residual hypotheses are sparser after
transforming the original hypothesis set to the residual hypothe-
sis set. The sparser hypothesis set makes the RMH-wEnet weight
prediction procedure more accurate. It shows that the proposed
TS-MH hypotheses acquisition scheme and the RMH-wEnet
weight prediction scheme can promote each other to achieve the
optimal performance. By the way, it also proves the conclusion
given in the last subsection, i.e., the gap of the recovery quality
between the high-motion and low-motion sequences is reduced
effectively in the proposed whole MH prediction system.

Compared to the state-of-the-art DCVS systems, the improve-
ment of the overall PSNR in the proposed new MH system may
be not quite significant as shown in Fig. 7. However, in terms of
the visual quality, an obvious improvement of the visual quality
is obtained. As shown in Fig. 8 and Fig. 9, the recovered 76th

non-key frame of Foreman sequence under sampling rate 0.15
and the 20th non-key frame of Soccer sequence under sampling
rate 0.2 are given. To show the texture details of the recovered
frame, the complete recovered frames are not shown. Only the
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Fig. 9. The visual quality for the 20th non-key frame of Soccer (sampling rate: 0.2). (a) Original frame. (b) The selected original region. (c) MH-BCS-SPL, PSNR
31.60 dB, FSIM 0.914. (d) Up-Se-AWEN-HHP, PSNR 33.97 dB, FSIM 0.952. (e) MS-wEnet, PSNR 31.33 dB, FSIM 0.916. (f) KSR-DCVS, PSNR 32.67 dB,
FSIM 0.935. (g) NMH-DCVS, PSNR 35.33 dB, FSIM 0.961. The proposed NMH-DCVS method in (g) has the best visual quality.

original frame and the selected region in the recovered frames
are given in Fig. 8 and Fig. 9. Compared to the reference systems,
the proposed NMH-DCVS system can preserve more texture de-
tails. In Fig. 8, the recovered contour of the face in the reference
systems is blurred. In Fig. 9, the recovered tilted pole encoun-
tered the same problem in the reference systems. Especially for
the MS-wEnet system, the middle part of the recovered tilted
pole has been lost. In the proposed NMH-DCVS system, Both
the image contour and the internal texture details are better pre-
served and recovered. Both the PSNR and FSIM results show
the superior performance of the newly proposed NMH-DCVS
system.

V. CONCLUSION

In this paper, we propose a new MH system with the new hy-
potheses acquisition and weight prediction schemes. First, we
propose a new hypotheses acquisition scheme based on tem-
poral and spatial correlation of the image blocks. The optimal
matching block and the search window in the reference frames
are obtained in an an adaptive and simple way in the new hy-
potheses acquisition scheme. The high-quality hypotheses from
different reference frames are collected efficiently especially for
high-motion sequences. The average PSNR gain is improved by
about 0.59 dB for the final recovery quality under the effect
of the new hypotheses acquisition scheme. Second, for weight
prediction, we propose a new MH weight prediction algorithm
based on residual transforming preprocessing of the hypothesis
set. By transforming the original hypotheses weight prediction

to the residual hypotheses weight prediction, the sparsity of the
predicted signal is improved effectively. An effective improve-
ment of the prediction accuracy is obtained for all kinds of test
sequences. Compared to the state-of-the-art weight prediction
algorithm, the proposed new residual weight prediction model
improves the final recovered average PSNR efficiently.

Moreover, the improved hypothesis set in the proposed new
hypotheses acquisition scheme makes the hypotheses have bet-
ter correlation. It makes the residual hypotheses sparser. The
improvement of the sparsity after residual transforming is more
significant. A better accuracy can be obtained in the new weight
prediction algorithm. The mutual promotion of the proposed
hypotheses acquisition scheme and the weight prediction algo-
rithm makes the performance of the whole MH prediction sys-
tem better. For the overall performance of the proposed whole
DCVS system, both the objective quality and the visual quality
of the recovered sequences are improved effectively. More than
1.13 dB of the PSNR gain and 0.03 of the FSIM gain are ob-
tained in the proposed new DCVS system compared to the recent
state-of-the-art systems. Higher gain of the recovery quality is
obtained for high-motion sequences than that of low-motion se-
quences. The gap in the recovery quality between high-motion
sequences and low-motion sequences is reduced efficiently un-
der a high-level recovery quality.
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