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Abstract — This paper presents a Distributed compres-
sive video sensing scheme with Adaptive measurements

(DCVS-AM). In this approach, the key frame in each
Group of pictures (GOP) is coded by Compressive sensing

(CS) with a fixed measurement rate; whereas other frames

in the same GOP are compressed by an adaptive random
projection in two stages, yielding the Adaptive compres-

sive sensing (ACS) frames. The first stage uses a small
and fixed measurement rate and recovers a coarse version.

In the second stage, each coarse-version ACS-frame to-

gether with its proceeding and following key frames will go
through a joint analysis at the decoder side and the analy-

sis result – Structural similarity (SSIM) that is based on a
motion-guided interpolation and calculated in a multilevel

discrete wavelet transform domain – is sent back to the en-

coder side to facilitate a re-sampling of the ACS-frame with
an adaptive measurement rate. Experimental results show

that our proposed DCVS-AM consistently outperforms the
state-of-the-art DCVS with a fixed measurement.

Key words — Distributed compressive video sensing

(DCVS), Adaptive measurement rate, Structural similar-

ity (SSIM), Discrete wavelet transform (DWT).

I. Introduction

One well-known feature of conventional video coding sys-

tems, such as MPEG and H.26x, is that they are highly asym-

metric, i.e., the encoder can be 5–10 times more complex

than the decoder. In practice, such an asymmetric topology

is very suitable to broadcasting and streaming applications

where each source video is compressed only once (at the server

side) but decoded many times (at the user side). In recent

years, however, an increasing demand for the dual scenario

(i.e., the encoding is significantly less complex than the de-

coding) has emerged in up-link communications of low-power

video capturing (via mobile cameras, wireless sensor network,

etc.), where the computing power at the video-capturing end

is highly limited.

Distributed video coding (DVC)[1], built on the Splepian-

Wolf and Wyner-Ziv distributed source coding theories[2−4], is

a framework developed to encode the highly-correlated video

frames independently but decode them jointly. This frame-

work has successfully shifted the computationally intensive op-

erations (such as motion estimation/compensation and intra-

prediction) to the decoder side, thus offering a good solution to

the aforementioned scenario. In this paper, we follow the idea

presented recently in Refs.[5, 6] to implement DVC through

the Compressive sensing (CS) theory[7−9], leading to the Dis-

tributed compressive video sensing (DCSV) framework. In

this framework, each source video frame is compressed inde-

pendently by a number of random sampling operations (each

being a simple and random linear projection) so as to keep

the simplicity at the encoder side. On the other hand, mo-

tion analysis will be conducted at the decoder side, leading

to a joint and more complicated decoding to deliver a higher

performance.

Compared with the existing works in Refs.[5, 6], our con-

tributions in this paper are summarized as follows.

• The existing DCVS schemes employ a fixed measure-

ment (or sampling) rate to all frames, which ignores varia-

tions in the temporal correlation in a video sequence. In this

paper, we propose a DCVS scheme with Adaptive measure-

ments (DCVS-AM) over different frames so as to produce a

better coding performance.

• The actual measurement rate for each frame is deter-

mined in our paper according to the popular Structural simi-

larity (SSIM) metric – an objective assessment of image quality
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– that is computed at the decoder side in a multilevel Discrete

wavelet transform (DWT) domain.

II. The DCVS Framework

The DCVS framework proposed in Ref.[5] is shown in

Fig.1. A source video sequence is divided into several GOPs.

Each GOP contains a key frame, followed by some other frames

(named as the CS-frames). Each frame pt (of size N × N , t

denoting the time) is first converted into a 1-D vector xt (with

height N2) and then compressed via a CS-process as:

yt = Φxt (1)

where yt is output vector after performing Mt measurements

and Φ represents the Mt×N2 measurement (or sampling) ma-

trix. The measurement rate for xt is denoted as Rt = Mt/N
2.

Compression is achieved through the random sampling

shown in Eq.(1) due to the fact Mt � N2. The CS theory[7−9]

tells that Mt can be determined as Mt = O(K log N2) for a

K-sparse frame xt. It can be seen from Eq.(1) that the en-

coding process is extremely simple; while the sampling matrix

Φ is often generated through orthonormal i.i.d. Gaussians. In

practice, one can choose to perform CS on a frame-by-frame

basis, or block-by-block basis (in order to avoid maintaining

a too big Φ and reduce the complexity of the corresponding

reconstruction at the same time[10,11]).

Fig. 1. The DCVS framework

According to Ref.[5], the key frame and all CS-frames in

a GOP go through a regular CS-sampling, but with different

measurement rates: R1 (for the key frame) is greater than R2

(for each CS-frame). An independent reconstruction is first

carried out at the decoder side for all key frames. The recon-

struction for a CS-frame is however much more complicated,

in which both the proceeding and following key frames (re-

constructed) will be used. More specifically, motion analysis

(between two reconstructed key frames) will be conducted to

derive a motion- guided interpolation so as to build a good

target for each CS-frame, which is called the Side information

(SI) in Ref.[5].

A very similar DCVS scheme has been proposed indepen-

dently in Ref.[6] in which the key frame is coded by a conven-

tional video coding standard (such as MPEG or H.26x) and a

different reconstructing mechanism is used for each CS-frame.

III. Distributed Compressive Video
Sensing with Adaptive Measurements

(DCVS-AM)

The DCVS schemes proposed in Refs.[5] and [6] employ

a fixed measurement rate for all CS-frames in a GOP. Ap-

parently, they have ignored variations in the cross-frame cor-

relation (i.e., temporal correlation) within a video sequence.

According to the Joint sparsity model (JSM)[12], the measure-

ment rate for a CS-frame can be made smaller when the cor-

relation between it and its reference (e.g., the aforementioned

target frame that is obtained from two key frames through

interpolation) is larger. To determine an appropriate mea-

surement rate for each CS-frame, one needs to carry out some

analysis on the current CS-frame and its reference. Neverthe-

less, one must note that this analysis should not be done at

the encoder side – it would otherwise defeat the purpose of

maintaining a low-complexity at the encoder side.

In this paper, we propose to do such analysis at the de-

coder side. To this end, we employ the popular Structural

similarity (SSIM) metric[13] to assess the correlation between

two frames. To be more reliable, we follow the approach pro-

posed in Ref.[14] to calculate the SSIM value in a multilevel

Discrete wavelet transform (DWT) domain as follows (refer-

ring to Fig.2):

• The same multilevel DWT is applied to two images X

and Y that are involved in the SSIM calculating procedure.

• One SSIM value is calculated separately within each fre-

quency band.

• The final SSIM output, denoted as SSIMDWT, is ob-

tained through a weighted sum of SSIM values in all frequency

bands (using all wls that are given in Ref.[14]):

SSIMDWT(X, Y ) =

∑L
l=1 ωl · SSIM(Xl, Yl)∑L

l=1 ωl

(2)

Fig. 2. Flowchart of the SSIMDWT calculation

Fig. 3. Our proposed DCVS-AM system

Now, let’s present our DCVS-AM scheme. As shown in

Fig.3, it consists of an encoder with low-complexity and a de-

coder with high-complexity. When compared to the original

DCVS scheme, a major change happens at the CS-sampling as
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well as the decoding process of each CS-frame. In particular,

the latter change makes the decoder in the current framework

even more complicated.

As depicted in Fig.3, each CS-frame pt goes through an

initial CS-sampling at rate r2 (which is usually much smaller

than R1 – the rate used for the key frame). Then, an inde-

pendent reconstruction is carried out at the decoder side to

obtain a coarse version p
(r2)
t .

Meanwhile, the interpolated frame It (through two recon-

structed key frames) goes through a CS-process at rate r3

and then the reconstructed frame I
(r3)
t is obtained. Finally,

two images p
(r2)
t and I

(r3)
t are brought into the calculation of

SSIMDWT . Based on the SSIMDWT value, one can deter-

mine the extra sampling rate:

ΔRt =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

ΔR1, if 0 < SSIMDWT < T1

ΔR2, if T1 ≤ SSIMDWT < T2

...

ΔRn, if Tn−1 ≤ SSIMDWT < 1

(3)

where multiple thresholds Tis will be determined later on by

experiments.

In practice, a simple law will be put in force: ΔR1 ≥
ΔR2 ≥ · · · ≥ ΔRn. The required extra rate ΔRt is sent back

to the encoder, assuming that a feedback channel is available

(which is very feasible in the DVC scenario), so as to facilitate

the second round sampling. Because of the time-varying na-

ture of ΔRt, the corresponding frames are called adaptive CS

(ACS) frames.

The reason that we implement an extra CS-sampling (at

rate r3) on the interpolated frame It is to try to equalize two

images p
(r2)
t and I

(r3)
t in terms of their quality level so as to

yield a reliable SSIM value. To reach this goal, a natural choice

is to let r2 = r3. Some experimental results will be presented

in the next section to confirm this choice.

After the decoder receives all measurements from two

rounds of CS-sampling (the resulted rate is r2 + ΔRt = R2),

the final version of an ACS-frame will be reconstructed with

aid of the side information, i.e., It, that is derived from the

motion- guided interpolation (based on two key frames). Here,

SI aids the reconstruction in two aspects: it is applied as the

stopping criterion to speed up the reconstruction and simulta-

neously acts as the initialization of the iterative reconstructing

algorithm to improve the performance, see Ref.[5] for the de-

tails.

IV. Experimental Results

All experimental results presented in this section are ob-

tained from the frame-based processing over three CIF video

sequences (150 frames totally in each sequence, luminance

only): Coastguard, Foreman, and Mother-Daughter.

In the first set of experimental results, we assume that

GOP size=2 and study how the SSIMDWT varies with the

choice of r2 and r3. To this end, we considered three cases

(for each sequence): r2 = r3 = 0.1 (equal but low rate);

r2 = r3 = 0.2 (equal but high rate); and r2 = 0.1, r3 = 0.2 (un-

equal rates); whereas each key frame is sampled with R1 = 0.7.

Under this setup, we decompose two frames p
(r2)
t and I

(r3)
t

(see Fig.3) through the 5-level DWT with Daubechies 9/7 fil-

ters and then calculate the corresponding SSIMDWT . Notice

that three high-frequency sub-bands LH, HL, and HH at each

level are combined together so that L = 6 when using Eq.(2).

The results are shown in Fig.4. It is clear from these re-

sults that SSIMDWT drops significantly when r2 and r3 are

unequal. Similar results have also been obtained when GOP

size=3. Consequently, we always choose r2 = r3 in the follow-

ing experiments.

From now on, we assume GOP size=3 and choose R1 = 0.7

and r2 = r3 = 0.1, respectively. Since there is no difference on

each key frame between the existing DCVS scheme and our

DCVS-AM scheme, the following comparison focuses on the

non-key frames.

• We implement our DCVS-AM scheme first, in which the

extra rate ΔRt is determined according to Table 1. We book-

keep the total rate R2 = r2 +ΔRt consumed in sampling each

Table 1. Measurement rates assigned in our DCVS-AM

Sequences SSIMDWT
Adaptive measurement rate

Q1 Q2 Q3 Q4 Q5

[0,0.6] 0.15 0.3 0.4 0.5 0.6

(0.6, 0.66] 0.05 0.2 0.3 0.4 0.5
Coastguard

(0.66, 0.7] 0 0.1 0.2 0.3 0.4

(0.7, 1] 0 0 0 0.1 0.1

[0, 0.6] 0.1 0.25 0.35 0.5 0.55

Foreman (0.6, 0.7] 0.05 0.2 0.3 0.4 0.45

(0.7, 1] 0 0 0 0 0.1

Mother and
[0, 0.89] 0.15 0.25 0.35 0.45 0.55

daughter
(0.89, 0.92] 0.05 0.2 0.3 0.4 0.45

(0.92, 1] 0 0 0 0 0.1

Fig. 4. SSIMDWT values under different CS-sampling rates r2 and r3
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Fig. 5. Comparisons of our DCVS-AM and the fixed-rate DCVS

Fig. 6. Some reconstructed frames by DCVS (left) and DCVS-AM (right) at the same EMR: A side-by-side visual comparison

ACS-frame. We take average over all ACS-frames to obtain

an Equivalent measurement rate (EMR).

• According to the obtained EMR, we then implement the

DCVS scheme proposed in Ref.[5] (i.e., each CS-frame is sam-

pled at a fixed rate exactly equal to EMR) to facilitate a fair

comparison.

As shown in Table 1, we have considered 5 quality levels

(Q1–Q5) for each non-key frame according to SSIMDWT cal-

culated at the decoder side, i.e., the measurement rate listed

in Table 1 is assigned to ΔRt. Fig.5 shows the comparison of

our DCVS-AM and the fixed-rate DCVS[5] at these five quality

levels. On average, our DCVS-AM achieves about 1dB PSNR

gain over the DCVS with a fixed measurement rate.

For a visual comparison, we show in Fig.6 some recon-

structed frames by DCVS and DCVS-AM at the same EMR.

It is obvious that our DCVS-AM achieves better visual quality

than DCVS due to the consideration of diversity of temporal

correlation in video sequences.

V. Conclusions

We introduced in this paper a distributed compressive

video sensing scheme in which adaptive measurement rates are

applied on different frames. For each non-key frame in a GOP,

the CS-sampling is implemented in two rounds: the sampling

rate in the first round is fixed at a low level; whereas the rate

in the second round is determined adaptively according to a

SSIM- based analysis that involves the current reconstructed

frame (in the first round) and two neighboring key frames (the

proceeding and the following).

Experimental results demonstrated that the proposed

DCVS-AM clearly outperforms the existing DCVS schemes

with a fixed measurement rate. Since the encoder in such a

DCVS system just consists of some random measurements,

the nature of maintaining a low-complexity encoding is well

preserved, which makes it very suitable for low-power mobile

video capturing, such as mobile camera and wireless sensor

networks.
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