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Abstract

We explore the stability of the image reconstruction algorithms
with the efficient deterministic compressed sensing method. It was
shown in [1] that the deterministic compressed sensing with chirps
and Reed-Muller sequences for sparse 1D signals perform better than
compressed sensing with random matrices and !1 minimization; and
the algorithm with chirps is resilient to noise for sparse 1D signals.
For 2D images, the assumption that the sparse signal is uniformly
random no longer holds, which is required for the Statistical RIP
property. Recently, we have proposed (in [20, 19, 18]) algorithms for
2D images, which are suitable when the wavelet transform is used as
the sparsifying domain. It was shown that the algorithms perform
well for images when the wavelet coefficients are sparse. In this work,
we discuss the robustness and stability of the algorithms, specifically,
when the signal is not sparse and/or when the noise is present.

Keywords: Compressed Sensing, Reed-Muller Sequences, FM Chirps, Im-
age Reconstruction

1 Introduction

According to the theory of compressed sensing [5, 7, 12], it is possible to
recover a sparse signal with a small number of measurements. There are
many proposed sensing matrices and reconstruction algorithms by now,
which show this is indeed feasible in practices. For instance, applications
have been shown for medical images [16], communications [2], analog-to-
information conversion [17], geophysical data analysis [15], etc. In the
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general setting, one has Φx0 = y, where Φ is an n × N sensing matrix,
x0 is a length-n signal and y is a length-N measurement. The standard
compressed sensing requires the sensing matrix to satisfy the Restricted
Isometry Property (RIP). This means that for a fixed k, there exists a
small number δk, such that

(1 − δk)‖xk‖2
!2 ≤ ‖Φxk‖2

!2 ≤ (1 + δk)‖xk‖2
!2 , (1)

for any k-sparse signal xk (at most k nonzero coefficients). Solving for the
original signal x0 with "1 minimization,

min ‖x‖!1 , subject to Φx0 = y, (2)

guarantees successful recovery with a very high probability. This is a well-
known theory and has been verified empirically in many papers, e.g., [7, 9].
In this paper, we explore the stability of compressed sensing, i.e., the signal
may not be sparse and/or there might be a presence of noise. Compressible
signals are not sparse in any transform domain but when its coefficients are
sorted in the descending order, |x|(1) > |x|(2) > · · ·, it follows a rapid decay
rate,

|x|(j) ≤ Const · (j + D)−s, (3)

for some power s ≥ 1 and shift D ≥ 0. Now we review the most relevant
recent results.

In [6], Candès and Romberg demonstrate that empirically it is possi-
ble to recover a compressible signal from about 3k to 5k projections with
accuracy as good as the optimal k-term wavelet approximations. Their
experiments are carried out for compressible 1D signals and 2D images.
For images, they proposed a recovery algorithm that minimizes the total
variation in the image domain (with Ψ the inverse wavelet transform), with
"1-norm constraints on the wavelet coefficients:

min ‖Ψx‖TV such that Φx = y, and ‖xj‖!1 ≤ ‖x0j‖!1 . (4)

The "1-constraints restrict the locations where the large wavelet coeffi-
cients can appear, assuming the "1-values ‖x0j‖!1 of each subband x0j =
{x0j,m , m = 0, ..., 2j−1 − 1} are known. In their experiments, random
Fourier matrices were applied to the wavelet coefficients of the images. The
number of measurements are 15%, 23%, 30%, and 38% of the total number
of pixels, i.e., 256 × 256. The recovery from 3k to 5k random projections
is comparable to the best k-term wavelet approximation.

The main results in [8] by Candès, Romberg and Tao are that the
standard compressed sensing are able to stably recover sparse signals in
the presence of noise in the measurements, and furthermore, stably recover
compressible signals in the presence of noise. For the latter, if k is chosen
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such that δ3k and δ4k in (1) satisfy δ3k + 3δ4k < 2, the error bound for
compressible signals with noise in the measurements is

‖x0 − x̂‖!2 ≤ C1,k · ‖µ‖!2 + C2,k
‖x0 − xk‖!1√

k
, (5)

where x0 is the true signal, x̂ is the recovered signal, xk is the best k-
term approximation, µ is any perturbation, and constants C1,k and C2,k

depend on δ4k. This theorem says that "1 minimization stably recovers
the k-largest entries. As the authors point out, this is a deterministic
statement, i.e., there is no probability of failure. Their experiments on
both 1D and 2D compressible signals with added noise to measurements
confirm this theoretical result. It is observed as well in their experiments
that for small values of standard deviation of Gaussian noise, the recovery
error is dominated by the approximation error, the last term in (5).

Applebaum, Howard, Searle, and Calderbank [1] proposed determinis-
tic compressed sensing measurements by using chirp transform. In their
experiments (Figs. 2 and 3 in [1]), the full pass chirp decode algorithm
results in smaller reconstruction error than using Gaussian random matri-
ces with matching pursuit. They have also shown empirically (see Fig. 4
in [1]) that these two methods are comparable when there is noise in the
measurements. The 1D signals in experiments are of size N = 412 or 672.

Calderbank, Howard and Jafarpour [4] show that a class of deterministic
sensing matrices satisfies a statistical restricted isometry property (StRIP),
a relaxed version of the RIP property. A matrix Φ is called (k, ε, δ)-StRIP
if the inequalities

(1 − δ)‖xk‖2
!2 ≤ ‖Φxk‖2

!2 ≤ (1 + δ)‖xk‖2
!2 (6)

hold with probability exceeding 1 − ε for any k-sparse vectors xk. For ex-
ample, such matrices can be constructed by chirps, Reed-Muller sequences,
and BCH codes, as was done in [1, 13, 4]. An advantage of using deter-
ministic matrices for compressed sensing is that reconstruction can be very
efficient, which is shown in [1, 13] and is called the Quadratic Reconstruc-
tion Algorithm in [4]. This algorithm takes advantage of the multivari-
able quadratic functions that appear as exponents in the sensing matrices,
and therefore, only requires vector-vector multiplication instead of matrix-
vector multiplication required in Basis and Matching Pursuit algorithms
that applied to random sensing matrices. The error bound of the recovered
signal by the Quadratic Reconstruction Algorithm is

‖x0 − x̂‖!2 ≤ 5 + δ

1 − δ
‖x0 − xk‖!2 +

2
1 − δ

‖µ‖!2, (7)

where again x0 is the true signal, x̂ is the recovered signal, xk is the best k-
term approximation, µ is the measurement noise from a Gaussian distribu-
tion, and δ is from the StRIP property in (6). This bound ("2/"2) is tighter
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than bounds ("2/"1) of random ensembles [8] and ("1/"1) of expander-based
methods [14]. Moreover, the authors in [4] also derived that the determin-
istic sensing matrices are resilient to noise. We review this next.

Suppose the noise comes from the measurements, say y = Φxk + µ,
where µ(x) are iid complex Gaussian random variables with zero mean and
variance 2σ2. Suppose Φ satisfies

(1 − ε′)2‖xk‖2
!2 ≤ ‖Φxk‖2

!2 ≤ (1 + ε′)2‖xk‖2
!2 (8)

with probability exceeding δ > 0. Then, for γ ≥ 0,

(1 − ε′ − γ)2‖xk‖2
!2 ≤ ‖y‖2

!2 ≤ (1 + ε′ + γ)2‖xk‖2
!2 , (9)

with probability exceeding 1 − 2
(
δ + S

[γ‖x‖
σ

])
, where

S(r) =
(∫ ∞

r
e−y2/2yN−1

)(∫ ∞

0
e−y2/2yN−1

)−1
. (10)

The noisy measurement is bounded by the signal in a similar way as the in-
equalities in the StRIP property. Now, suppose the noise is from the signal,
say y = Φ(x0 + µ), where µ is complex multivariate Gaussian distributed,
with zero mean and covariance E(µµ†) = 2σ2IN×N . Then the estimates
above can still be applied. Note that since E(Φµ(Φµ)†) = E(Φµµ†Φ†) =
2σ2ΦΦ† and ΦΦ† = N

n In×n for deterministic matrices, this has advantage
over random matrices. Noise coming from the signal is harder to deal with
that from the measurements because the measurement variance is a factor
N
n larger than the source noise variance σ2.

In [18], we proposed reconstruction algorithms with chirp and RM se-
quences sensing matrices that are suitable for 2D images. Note that while
the Quadratic Reconstruction Algorithm is shown to be able to accurately
reconstruct 1D sparse signals with nonzero locations chosen uniformly at
random from a small number of measurements, it does not work well when
is directly applied for 2D images. This is because the locations of the
nonzero coefficients, usually in the wavelet domain, are not distributed
uniformly. The proposed algorithm takes this into account and is shown
to outperform a standard compressed sensing method, which takes random
noiselet measurements and uses "1 minimization for reconstruction [10]. In
this paper, we discuss the stability and robustness of the algorithms pro-
posed in [18]. We show in experiments that these algorithms are stable
with respect to compressible signals and robust with respect to noise.

This paper is structured as follows: in Section 2 we first discuss how
to choose the proper wavelet domain and to which level an image should
be decomposed into; in Section 3 we discuss the stability and robustness
under noise and without sparsification. Section 4 contains the discussion
of the results.
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2 Choosing a Suitable Sparsifying Domain

We address the issue of choosing a suitable sparsifying domain for images,
since the compressed sensing theory is based on the fact that the signal is
sparse. Wavelets are commonly used for 2D images in compressed sensing,
but the choice of a specific wavelet used is not usually discussed much. In
the next subsections, we discuss how to choose a suitable Daubechies DN
wavelets and a number of the decompositions. The images used in this
work are shown in Figure 1, where (a) is a 512 × 512 MRI image of brain,
(b) is a 512×512 MRI image of vessel, and (c) is a 1024×1024 man image.

(a) brain 512 × 512 (b) vessel 512 × 512 (c) man 1024× 1024

Figure 1: 2D images used in this paper

2.1 Daubechies DN wavelets

It is commonly believed that the Haar wavelet (D2) works best for 2D
images in compressed sensing. This is because many images chosen for
experiments are relatively small, i.e., at most 128× 128. In this paper, we
are interested in higher-resolution images, such as 512×512 and 1024×1024.
The degree of smoothness in an image loosely determines the support width
of polynomials. For an image scene, if the image resolution is large, the
degree of smoothness becomes large. Therefore, an appropriate support
width should be large.

Figure 2 shows experiments of chirp compressed sensing using different
Daubechies wavelet transforms. The vertical axis is the reconstruction SNR
in dB using chirp compressed sensing. The horizontal axis shows which
Daubechies wavelet DN (or dbN

2 in Matlab) is used as the sparsifying
domain. The level of decompositions is fixed here and is equal to 4 levels
(see explanation about the levels in Section 2.2). In particular, D2 (or db1
in Matlab) is the Haar wavelet. The 2D images are not sparsified. The
number of measurements taken is 25% of the number of pixels. In all three
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plots, the reconstruction SNR is optimal around D16. More strictly, the
largest reconstruction SNR is within 0.5 dB from the reconstruction error
at D16. The decay is faster in the vessel image (b) than in the images (a)
and (c), since the vessel image is sharper than the brain and man images
and contains more edges. See Table 6 in Appendix for the precise values.
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Figure 2: Reconstruction SNR (in dB) of chirp compressed sensing with
different Daubechies wavelet DN (or dbN

2 in Matlab) and 4 levels of wavelet
decomposition. The 2D images from Figure 1 are not sparsified. The
number of measurements taken is 25% of the number of pixels.

2.2 Number of levels for wavelet decomposition

Figure 3 shows experiments of chirp compressed sensing using D16 with
different levels of decomposition. The vertical axis is the reconstruction
SNR in dB using chirp compressed sensing. The horizontal axis is the
number of levels. In (a) and (c), 3 levels give the best reconstruction SNR.
However, we observe that the sparsified images with 3 levels lost a lot more
details than with higher levels, when compared to the original un-sparsified
images. Therefore, we do not choose 3 levels. The reconstruction SNR from
level 4 to 7 is within 0.1 dB range. For experiments in the next section, we
thus choose 4 levels. See Table 7 in Appendix for the precise values.

3 Stability of the Deterministic Compressed
Sensing Algorithms

By the observation in the previous section, we use Daubechies D16 with
4 levels of wavelet decomposition in all of the following experiments. To
study the stability of deterministic compressed sensing using chirp and
Reed-Muller sequences for 2D images under noise, we consider five cases.
In the first three cases, the noise is in the sparse signal, before the transform
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Figure 3: Reconstruction SNR (in dB) of chirp compressed sensing with
Daubechies D16 wavelet and different number of levels of wavelet decom-
position. The 2D images are not sparsified. The number of measurements
taken is 25% of the number of pixels.

Φ is taken. In the last two cases, the noise is added after the transform.
In what follows we choose noise to be i.i.d. Gaussian with mean zero and
standard deviation σ (or in other words, the variance is σ2). The following
are the cases:

1. The wavelet coefficients xk is k-sparse. In the experiment, the 2D
images are sparsified with pre-defined sparsity in the wavelet domain.
The measurement is

y = Φ(xk + µ). (11)

2. The wavelet coefficients x0 is not sparsified, but assumed to be com-
pressible. The measurement is

y = Φ(x0 + µ). (12)

3. The wavelet coefficients xk is k-sparse and the noise µkc is only non-
zero outside the support of xk. Here kc stands for the complement
locations of the non-zero wavelet coefficients, i.e., the noise is added
to the zero wavelet coefficients. Therefore, the nonzero coefficients of
the signal are not perturbed. The measurement is

y = Φ(xk + µkc). (13)

4. Noise occurs at the step of measurements and is added after the signal
xk is transformed by the CS matrix Φ:

y = Φxk + µ. (14)
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5. Noise occurs at the step of measurements and is added after the
compressible signal x0 is transformed by Φ:

y = Φx0 + µ (15)

Tables 1-5 show the reconstructed SNR of measurements taken accord-
ing to (11)-(15), respectively. Several noise levels were chosen for the exper-
iment; and specifically, the standard deviation σ of Gaussian noise with zero
mean are σ = 0, 0.01, 0.05, 0.1, and 0.2. These values are chosen for com-
parison purposes, for example, with Tables 1 and 2 in [8]. For Tables 1-3,
the third columns are the SNR of the noisy images compared to the images
before noise is added to the wavelet coefficients. This provides reference for
the reconstructed SNR by three methods: noiselets, chirp, and RM. The
first method takes random noiselet measurements and then reconstructs
by "1 minimization. The second and third methods are deterministic com-
pressed sensing with chirp and Reed-Muller sequences, respectively, from
[18]. If noise is present in the signal, all reconstructed SNR are smaller
than the reference SNR via noiselet measurements and "1 minimization.
The reconstructed SNR by chirp has the highest values (best) in all cases
and stay very close to the reference SNR. The reconstructed SNR by RM is
higher than noiselets when the noise level is small. When the noise level is
large, RM performs comparable or slightly worse than noiselets. The RM
performance seems to be inconsistent with the discussion that the deter-
ministic compressed sensing matrices comprised of chirps and Reed-Muller
sequences have advantage over random matrices in Section 1. Moreover,
the reconstruction algorithm is an almost "0 minimization, rather than the
"1 minimization used for noiselets. The reason is that the deterministic
sensing matrices here satisfy StRIP for sparse signals whose nonzero lo-
cations follow a uniform distribution, and the wavelet coefficients do not
follow a uniform distribution. Therefore, better performance is not guaran-
teed anymore. Nevertheless, all results show the deterministic algorithms
are as stable as the standard method.

For tables 4 and 5, the third columns gives the SNR of the noisy mea-
surement compared to the clean measurement. The reconstructed SNR is
calculated the same as in tables 1-3, comparing the reconstructed image
to the reference image. Therefore, the SNR in the third columns is in a
different domain, or differs by the Φ transform. All results show that chirp
and RM perform significantly better than noiselets. Note that in Tables 1,
3, and 4, where there is no noise, the reconstruction is very accurate, above
100 dB.
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Table 1: The 2D images are first sparsified in the domain of Daubechies
wavelet D16 (db8 in Matlab) with 4 levels of decomposition. The image,
its size, and the pre-determined sparsity are shown in the first column.
Gaussian noise with zero mean and variance σ2 (or standard deviation σ) is
added to the wavelet coefficients of the sparsified image; see (11). The third
column shows the SNR in dB compared to the noise-free sparsified image.
Columns 4 - 6 show the reconstruction SNR in dB using noiselets, chirp, and
Reed-Muller CS algorithms, respectively. The number of measurements
taken is 25% of the number of pixels.

image, size, sparsity stan. dev. σ SNR noiselets Chirp RM

0 – 29.8 127.0 121.6
0.01 31.6 24.0 31.0 27.4

brain, 512 × 512, 7% 0.05 17.7 15.4 17.1 16.1
0.1 11.9 10.8 11.6 10.4
0.2 6.5 6.5 6.8 5.6

0 – 37.1 126.2 121.0
0.01 21.6 15.7 18.1 15.2

vessel, 512 × 512, 5% 0.05 8.9 7.0 7.7 6.8
0.1 3.2 3.6 4.2 3.0
0.2 -2.5 1.2 2.1 0.9

0 – 43.3 122.6 118.1
0.01 32.5 30.0 32.2 30.1

man, 1024 × 1024, 2.38% 0.05 18.7 16.8 17.9 16.7
0.1 12.9 11.8 12.5 11.3
0.2 7.2 7.2 7.5 6.3
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Table 2: In this table, the 2D images are not sparsified. Gaussian noise
with zero mean and standard deviation σ is added to all 4 levels of D16
wavelet coefficients decomposition of the non-sparsified image; see (12).
The third column shows the SNR in dB of the noisy images compared to
the original image. Columns 4 - 6 show the reconstruction SNR in dB using
noiselets, chirp, and Reed-Muller CS algorithms, respectively. The number
of measurements taken is 25% of the number of pixels.

image, size stan. dev. σ SNR noiselets Chirp RM

0 – 23.4 28.4 25.7
0.01 31.6 22.2 25.7 24.6

brain, 512 × 512 0.05 17.7 15.2 17.0 15.9
0.1 12.0 10.8 11.6 10.4
0.2 6.5 6.5 6.8 5.6

0 – 12.0 14.1 13.4
0.01 21.8 11.4 12.8 12.7

vessel, 512 × 512 0.05 9.0 6.7 7.5 6.6
0.1 3.3 3.6 4.1 3.0
0.2 -2.4 1.2 2.0 0.8

0 – 20.0 23.2 22.6
0.01 32.5 19.8 22.8 22.0

man, 1024× 1024 0.05 18.8 15.2 17.3 16.1
0.1 12.9 11.3 12.4 11.1
0.2 7.3 7.1 7.5 6.3
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Table 3: The 2D images are first sparsified in the Daubechies wavelet D16
domain with 4 levels of decomposition. The pre-determined sparsity for
each image is shown in the first column. The Gaussian noise with zero mean
and standard deviation σ is added only to the non-zero wavelet coefficients
of the sparsified image; see (13). The third column shows the SNR in
dB of the images with added noise compared to the noise-free sparsified
image. Columns 4 - 6 show the reconstruction SNR in dB using noiselets,
chirp, and Reed-Muller CS algorithms, respectively. The number of the
measurements taken is 25% of the number of pixels.

image, size, sparsity stan. dev. σ SNR noiselets Chirp RM

0 – 29.7 127.0 121.6
0.01 31.9 24.2 31.1 27.1

brain, 512 × 512, 7% 0.05 18.0 15.5 17.1 16.1
0.1 12.3 11.0 11.6 10.4
0.2 6.8 6.7 6.8 5.6

0 – 31.7 126.2 121.0
0.01 21.3 15.7 17.9 15.2

vessel, 512 × 512, 5% 0.05 8.6 7.0 7.7 6.7
0.1 3.0 3.6 4.1 3.0
0.2 -2.8 1.2 1.9 0.8

0 – 43.1 122.6 118.1
0.01 35.5 29.9 32.2 30.1

man, 1024 × 1024, 2.38% 0.05 18.7 16.8 17.9 16.8
0.1 12.8 11.8 12.6 11.3
0.2 7.2 7.2 7.5 6.3
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Table 4: The 2D images are first sparsified in the Daubechies wavelet D16
domain with 4 levels of decomposition. The pre-determined sparsity for
each image is shown in the first column. Measurements are taken from the
D16 domain. The number of measurement taken is 25% of the number of
pixels. Gaussian noise with zero mean and standard deviation σ is added
to the measurements of the sparsified image; see (14). The third column
shows the SNR in dB of the noisy measurements compared to the noise-free
measurements. Columns 4 - 6 show the reconstruction SNR in dB using
noiselets, chirp, and Reed-Muller CS algorithms, respectively.

image, size, sparsity stan. dev. σ SNR noiselets Chirp RM

0 – 29.7 127.0 121.6
0.01 31.6 24.7 46.4 45.6

brain 512 × 512, 7% 0.05 17.6 16.8 27.5 26.8
0.1 11.5 12.6 22.0 21.4
0.2 5.5 8.1 15.5 14.9

0 – 37.1 126.2 121.0
0.01 20.6 16.4 32.8 32.7

vessel 512 × 512, 5% 0.05 6.6 7.5 14.6 15.0
0.1 0.5 2.8 10.9 10.0
0.2 -5.5 -2.6 5.2 4.5

0 – 43.1 122.6 118.1
0.01 32.4 31.4 46.9 46.5

man 1024 × 1024, 2.38% 0.05 18.4 18.3 27.0 26.0
0.1 12.4 13.5 22.0 21.0
0.2 6.4 8.6 16.0 15.5
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Table 5: The 2D images are not sparsified in this experiment. Measure-
ments are taken from the D16 domain with 4 levels of decomposition. The
number of measurements taken is 25% of the number of pixels. Then, Gaus-
sian noise with zero mean and standard deviation σ is added to the mea-
surements of non-sparsified image; see (15). The third column shows the
SNR in dB of the noisy measurements compared to the noise-free measure-
ments. Columns 4 - 6 show the reconstruction SNR in dB using noiselets,
chirp, and Reed-Muller CS algorithms, respectively.

image, size stan. dev. σ SNR noiselets Chirp RM

0 – 23.4 28.4 25.7
0.01 31.6 22.4 28.0 25.7

brain 512 × 512 0.05 17.6 16.5 25.2 24.9
0.1 11.5 12.5 21.3 20.9
0.2 5.5 8.0 15.3 14.7

0 – 12.0 14.1 13.4
0.01 20.6 11.5 13.8 13.4

vessel 512 × 512 0.05 6.7 6.9 12.4 12.3
0.1 0.7 2.6 9.9 9.1
0.2 -5.3 -2.6 4.9 4.3

0 – 20.0 23.2 22.6
0.01 32.4 19.6 23.2 22.5

man 1024 × 1024 0.05 18.4 16.2 22.5 21.7
0.1 12.4 12.7 20.2 19.4
0.2 6.4 8.4 15.6 15.1
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4 Discussions

In this work, we show that the algorithms introduced in [18] are stable
even if the signal is not exactly sparse and there is some noise in the
measurements or in the signal. We also address several practical concerns
about compressed sensing with images.

First of all, the Haar wavelet is commonly used as the sparsifying trans-
form domain. We show that it is not always the case. We compare
the performance of standard Daubechies DN wavelets and suggest using
Daubechies D16 as it performs the best for larger resolutions images, such
as 512 × 512 or 1024× 1024 pixels.

Secondly, we explain the proper selection of the number of levels for
wavelet decompositions. As discussed in Section 2, levels 4-7 are optimal
for wavelet decomposition, and for optimal computation time we work with
level 4.

Finally, our experiments show that the algorithms are indeed stable if
the signal is compressible and there is noise in either measurements or the
signal. Furthermore, our chirp CS and RM CS reconstruction algorithms
outperform the standard compressed sensing reconstruction using random
matrices and "1 minimization. Currently, we are working on the determin-
istic compressed sensing algorithms to further improve their performance.
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Appendix: SNR values for Figures 2 and 3
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Table 6: The table below shows reconstruction SNR of chirp compressed
sensing with different Daubechies wavelet DN (=dbN

2 in matlab) and 4
levels of decomposition. Specifically, D2 is the Haar wavelet. The 2D
images are not sparsified. Each column shows the reconstruction SNR in
dB with the indicated DN . The number of measurements taken is 25% of
the number of pixels. This table is plotted in Figure 2.

D2 D4 D8 D12 D16 D20 D24 D32 D40

brain 23.34 26.45 28.58 28.93 29.17 29.24 29.04 29.39 29.24

vessel 13.13 13.79 14.11 14.19 13.97 13.94 13.77 13.26 13.12

man 21.46 23.01 23.58 23.66 23.71 23.71 23.62 23.60 23.54

D48 D56 D64 D72 D80 D88

brain 29.09 29.14 29.08 28.80 28.78 28.72

man 23.46 23.44 23.38 23.37 23.35 23.30

Table 7: The table below shows reconstruction error of chirp compressed
sensing with Daubechies D16 wavelet and various levels of decomposition
ranging from 3 to 7. The 2D images are not sparsified. Each column shows
the reconstruction SNR in dB with the indicated number of levels. The
number measurement taken is 25% of the number of pixels. This table is
plotted in Figure 3.

3 4 5 6 7

brain 29.51 29.17 29.30 29.31 29.32

vessel 13.89 13.97 13.99 13.96 13.94

man 23.74 23.71 23.71 23.70 23.72
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