
1
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Abstract—Arterial Spin Labeling (ASL) is a non-invasive tech-
nique for generating perfusion images of the brain. Since it
does not require the use of an artificial tracer, it has been
significantly gaining recognition as a method for obtaining
perfusion parameters. Following an alternating labeling/control
acquisition sequence, the minor magnetization difference between
labeled and non-labeled images is detected by performing image
subtraction. Due to the intrinsically low Signal to Noise Ratio
(SNR), label/control acquisitions must be repeated a number
of times and signal averaging is then performed in order
to detect the small perfusion dependent difference signal. In
this work, a novel ASL data analysis approach is proposed,
in which the averaging procedure is not done explicitly. The
magnetization difference estimation problem is formulated in
a Bayesian framework, where spatio-temporal priors are used
to deal with the ill-posed nature of the estimation task, hence
enabling shorter acquisition times, without compromising the
estimation quality. The a priori assumption that no drastic signal
variations are expected along the same tissue, except at the organs
boundaries, is imposed by the priors. To evaluate the performance
of the proposed algorithm, the results obtained using synthetic
data were compared against the two most common subtraction
methods used to process ASL data, pair-wise and surround
subtraction. The results were very encouraging, as greater SNR
was achieved and the overall mean-squared error was highly
reduced. The proposed algorithm was then applied to a real
data-set, also obtaining satisfactory results.

Index Terms—arterial spin labeling, bayesian approach, per-
fusion, magnetization, spatio-temporal priors

I. INTRODUCTION

Cerebral Blood Flow (CBF) is a measure of the volume
of blood passing through a point in the brain circulation per
unit of time and, in a healthy individual, alterations in neural
activity lead to changes in local CBF[1]. If the volume of
the tissue is taken into account, the perfusion can also be
measured, as the CBF per unit volume of tissue. In fact,
perfusion is the process by which the nutrients in the blood
stream are delivered to the tissues through the capillary bed.
It is a parameter that provides very useful information about
the condition of a certain organ. There are many techniques to
assess the previous mentioned hemodynamic parameters, and
this work is focused on a technique whose potential is widely
recognized: Arterial Spin Labeling (ASL).

In ASL, the blood passing through a determined region
(upstream from the region of interest) is labeled with an
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inversion pulse, and after a certain time interval (TI), the
blood reaches the region of interest and an image is acquired.
If a control image, where no labeling was performed, is
subtracted from the labeled acquisition, the resulting image
has a small magnetization difference caused by the exchange
of labeled water molecules from the blood to the surrounding
tissue, which is an indicator of CBF. Since the magnetization
difference is very small, a set of label-control acquisitions has
to be performed to obtain an image with sufficient SNR.

II. ARTERIAL SPIN LABELING

In the last two decades, Arterial Spin Labeling Magnetic
Resonance Imaging (ASL MRI) perfusion technology brought
great innovation into human brain function and perfusion
imaging.

As previously mentioned, ASL is a non-invasive technique
that allows the quantification of brain perfusion, which is a
measure of the rate at which nutrients and oxygen are delivered
by the blood flow to the tissues in the capillary bed and it is
considered to be one of the most fundamental physiological
parameters[2], [3]. For instance, perfusion disorders account
for most of the leading causes of medical disability and
mortality. Furthermore, ASL can provide perfusion maps that
can be of great use when interpreting several conditions,
such as tumors, acute stroke, chronic cerebrovascular disease,
epilepsy and several degenerative diseases[4].

The ASL method consists on the labeling of the water
protons present in the blood of the vessels that supply the
region to be imaged. After a certain period of time, named
post labeling delay (PLD), the labeled blood reaches the region
to be imaged and then an image is acquired. In order to
acquire a control image, the procedure is repeated without the
labeling of the blood. It is the subtraction of the control and
labeled image that allows the remotion of static tissue signal,
hence allowing the creation of the perfusion image, since the
remaining signal is expected to be a relative measure of the
perfusion[5].

The signal difference is a very small fraction of the tissue
signal (approximately 1-2%) and depends on many parameters,
such as flow rate, T1 of the blood and tissue, and transit time
for blood to travel from the labeling region to the imaging
plane. To make sure that the SNR is sufficiently high to allow
for a secure diagnostic review, several sequences of control-
labeled images are acquired. A perfusion map can then be
obtained by considering the General Kinetic Model[6].
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The acquisition of an ASL image with an MRI pulse se-
quence has two independent components, i.e. preparation and
acquisition components. The preparation component consists
in the blood labeling with different magnetic states, in order
to create the labeled and control images. The acquisition
component refers to the data acquisition. ASL acquisition
usually is performed using a fast acquisition method, such
as Spiral or Echo Planar Imaging (EPI). The independence
between the preparation and acquisition components has al-
lowed researchers to choose the combination that best fits the
experiment[5].

A. Continuous Arterial Spin Labeling
Continuous Arterial Spin Labeling (CASL) was the first

ASL model to be proposed[7]. In this first approach, a con-
tinuous flow-driven adiabatic inversion scheme is used. The
inversion of the arterial blood magnetization is performed
using a continuous radio-frequency (RF) pulse (2-4 seconds)
while applying a magnetic field gradient in the direction of the
flow. A slow variation of the resonance frequency occurs in
the moving arterial spins, resulting in their inversion, while the
static tissues spin will only be saturated. The efficiency of the
inversion is related to several factors, such as the mean velocity
of the blood, angles of the vessels to the plane selected, RF
amplitude, and gradient strength. The effectiveness of CASL is
also affected by an effect occurring in long lasting inversion
pulses, called the Magnetization Transfer (MT), which may
lead to overestimated perfusion[8].

B. Pulsed Arterial Spin Labeling
The Pulsed modality of ASL was first proposed in 1994[9].

PASL uses a short RF pulse (typically between 5 to 20 ms)
to invert a thick portion of spins in the proximal plane (10-
15 centimeters distance) to the imaging region. Although the
duration of the pulse is considerably smaller, the MT effects
have to be considered as well.

The ease of implementation and reduced practical problems,
when compared to CASL, have made PASL a popular choice
for perfusion imaging. In fact, this is reflected in the wide
range of sequences available today.

C. Pseudo-Continuous Arterial Spin Labeling - pCASL
Since CASL has small efficiency of labeling when compared

to PASL, to face this disadvantage without raising the RF
power deposition, a train of RF pulses in conjunction with
a synchronous gradient field can be used to perform a flow-
induced adiabatic inversion as in CASL.

Nowadays, pCASL can be performed in two different ap-
proaches. The first one is named unbalanced pCASL, where
the gradients applied between two consecutive RF pulses are
non-zero in labeling experiment and zero in control. The
second approach, balanced pCASL, uses an identical gradient
waveform with a residual moment for both labeling and control
experiments. In both methods, RF polarity is alternated in the
control sequence and constant in the labeled one[10]

The main advantages of these technique are an improvement
of the balance labeling efficiency/image SNR, reduced MT
effect and power deposition, when comparing with CASL[11].

D. Velocity Selective Arterial Spin Labeling

Velocity Selective ASL (VS-ASL), contrary to all methods
previously depicted, does not invert the inflowing blood at a
specific location. Instead, VS-ASL consists on saturating the
blood moving at a velocity superior to a specified cutoff value,
to achieve perfusion contrast. With VS-ASL, it is obtained a
smaller and more uniform transit delay for the delivery of
blood to the target tissue.

In the acquisition sequence, it is imposed the condition
V < Vc, hence the resulting image includes labeled magneti-
zation from spins that have decelerated during TI from above
to below Vc, assuming that the velocities in the arterial tree are
decreasing[12]. This is an important feature of VS-ASL since
it functions as a filter for venous blood. In general, venous
blood tends to accelerate, and as a large volume of venous
blood is labeled, since it respects V > Vc at the labeling
instant, the condition V < Vc will not be respected at the
acquisition instant, thus leaving out the contribution of venous
blood, that could compromise the validity of this method for
obtaining CBF.

In Table I, an overall comparison of all ASL types is
presented.

TABLE I
ASL TYPES - ADVANTAGES AND DISADVANTAGES

ASL Type Advantages Disadvantages

PASL

High labeling efficiency Lower SNR

Lower SAR Increased transit delay

Improved transit time effects

CASL

Higher SNR than PASL Lower labeling efficiency

Shorter transit delay SAR

Magnetization Transfer effects

Continuous RF transmit hardware required

pCASL

Higher SNR than PASL Higher SAR

Higher labeling efficiency than CASL Limited clinical availability

Improved transit time effects

VS-ASL Ability to measure low CBF lower SNR

ASL signal processing methods

As previously mentioned, in a typical ASL experiment
a series of control and labeled images is acquired. These
images are obtained in a alternate sequence, and a perfusion
time series can be formed by subtracting labeled and control
images [13]. Currently, there are three subtraction methods
most commonly used [14]:

• Pair-wise subtraction
• Surround subtraction
• Sinc-interpolated subtraction

For a better understanding of the different types of subtrac-
tions about to be presented, let a set of acquisitions, expressed
as an n length vector, be considered as:

[C1, L1, C2, L2, ..., Cn/2, Ln/2] (1)

where the control images are identified as Ci and labeled
images as Li, with i varying from 1 to n/2. The value of
the perfusion, P , can be extracted from this set of images.
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Pair-wise subtraction: The Pair-wise subtraction, also
known as Simple Subtraction, is the simplest method used.
In this case, the perfusion is estimated by subtracting to
each control image, the labeled image adjacent to it in the
acquisition set. By performing this operation, it is expected
for the remaining signal to be caused by the arterial labeling
[14]. This can be mathematically represented as:

[P1, P2, ..., Pn/2] = [C1−L1, C2−L2, ..., Cn/2−Ln/2] (2)

Ideally, the control and labeled images would be acquired at
the same instant, but due to practical limitations of the ASL
acquisition process, such as necessary transit time of blood
from the region of labeling to the acquisition site (representing
at least 2s between the acquisition of a labeled image and
the next control), it is not feasible. During this period, signal
fluctuations can occur, and these may not be attributed to
the labeling effect. These signal fluctuations can be caused
by random noise or systematic changes in the magnetization
of the tissues as consequence of the pulse sequence, i.e., the
BOLD effect.

Surround subtraction: In order to minimize the contribution
from signal unrelated to perfusion, another method of perform-
ing the subtraction of control and labeled images was proposed
in [15]. In the surround subtraction approach, each control
image is subtracted by an average of the previous labeled
image and the next labeled image, resulting in a difference
signal insensitive to linear trends in the overall signal [15],

[P1, ..., Pn/2] = [C1−L1, C2−
L1 + L2

2
, ..., Cn/2−

L(n/2)−1 + Ln/2

2
]

(3)

High order signal variations, resulting from BOLD contrast
will still be present in the difference signal, although with a
small contribution.

Sinc-interpolated subtraction: First proposed in [14], the
Sinc-interpolated subtraction attempts to remove the signal
fluctuation effect caused by the time delay between the control
and labeled images. Rather than a new approach, it can be
considered as a complement of the Pair-wise subtraction.
By doubling the temporal resolution of the labeled images
vector through sinc interpolation, it is possible to re-sample
at intermediate points in time, hence estimating the labeled
images vector as if they had been acquired at the same time as
the control images (L1/2, L3/2,...). Afterwards, by subtracting
control and estimated labeled images, the perfusion vector is
obtained.

[P1, P2, ..., Pn/2] = [C1−L1/2, C2−L3/2, ..., Cn/2−Ln−1/2]
(4)

The fractional numbers represent the projected time series at
a point, one TR earlier in time.

The validity of this processing is based on the assumption
that the perfusion signal does not suffer significant alterations
in frequencies higher than the Nyquist frequency in the per-
fusion data. In fact, the lower the TR of data acquisition, the
better the adaptability.

In this work, only two of the three signal processing meth-
ods will be used to assess and compare the results obtained by

the proposed algorithm. These will be (a)Pair-wise subtraction
and (b)Surround-subtraction.

III. PROBLEM FORMULATION

Let Y (t) be a sequence of L PASL images with N ×M
pixels. The observation model adopted in this paper is

Y (t) = F +D(t) + v(t)∆M + Γ(t) (5)

where t ∈ {1, 2, ..., L} is an image index, Y (t) is the tth noisy
image within the sequence, F is a time invariant N×M image
describing the static magnetization of the tissues, D(t) is a
slow variant image describing the baseline fluctuations of the
signal along time, called Drift, and ∆M is the magnetization
variation in the tissues caused by the alternate inversion
process occurring at each inversion time (TI). v(t) is a binary
signal indicating the labeled periods related with the inversion
process, as shown in Figure 1.

Fig. 1. Schematics of PASL labeling strategy. The rectangular signal (purple)
represents v(t), and its value is equal to one for labeling acquisition and zero
for a non-labeling acquisition. ∆t is the time delay between the labeling of the
arterial blood and reaching the tissues, τ is the instant where the acquisition
is made, and TR is the time period before another sequence of labeling or
non labeling can occur.

The image Γ(t) = {ηi,j(t)} is assumed to be Additive White
Gaussian Noise (AWGN)[16], [17] where ηij(t) ∼ N

(
0, σ2

y

)
are stationary independent and identically distributed (iid)
random variables with Gaussian distribution.

In order to simplify the problem formulation and algorithm
design let us consider the following alternative formulation for
the observation model described in equation (5),

Y = fuT + D + ∆mvT +N (6)

where the tth columns of Y = {yi(t)}, D = {di(t)} and
N = {ηi(t)} are vectorized versions of the corresponding
images, arranged by lexicographic order of their pixel index
[18]. In practice, these image sequences, after vectorization,
are arranged in NM×L matrices. The time invariant images F
and ∆M , after vectorization, give rise to the NM×1 column
vectors f and ∆m, respectively. The signal v(t) is arranged
in a L column vector, v, and u is a constant vector of ones
with the same dimension.

The probability of Y is a multivariate Gaussian distribution
with mean µ = fuT + D + ∆mvT and covariance diagonal
matrix, σ2

yI , because the noise is white,

p(Y) ∼ N (µ, σ2
yI). (7)

The Maximum Likelihood (ML) estimation of the unknown
images, θ = {f ,D,∆m}, may be formulated as follows

θ = arg min
θ
Ey(Y,v,θ) (8)
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where the energy function

Ey(Y,v,θ) = − log p(Y |θ,v) (9)
= ||fuT + D + ∆mvT −Y||2 + C

is called Data Fidelity Term.
The optimization task described in equation (8) is an ill-

posed problem [19] and regularization is needed. By using
the maximum a posteriori (MAP) criterion the regularization
is introduced by the prior distribution of the parameters. In
this approach, the new energy function to be minimized is
E(Y,v,θ) = − log p(Y|θ,v)p(θ) and the estimation process
is formulates as follows,

θ = arg min
θ
E(Y,v,θ) (10)

where

E(Y,v,θ) = Ey(Y,v,θ) + Eθ(θ) (11)

with Eθ(θ) = − log p(θ).
Since the parameters f , D and ∆m in θ are assumed

independent the prior term can be decomposed,

Eθ(θ) = Ef (f) + E∆M (∆m) + ED(D) (12)

Here, the parameter images f , D and ∆m in θ are
considered Markov Random Fields which means its priors are
Gibbs distributions [19],

p(τ ) =
1

Zτ
e−ατU(τ ) (13)

where U(τ ) is called Gibbs energy with τ ∈ {f ,D,∆m}
and ατ are the prior hyper-parameters. The Gibbs energy for
2D images is

U(τ ) =
∑
i

(
δ2
h(i) + δ2

v(i)
)

(14)

where i is the index of each pixel of the image and δh(i) and
δv(i) are the differences of the ith pixel to its horizontal and
vertical neighbors respectively.

In case of time varying Drift imaged, D, a third term is
added to account for the temporal dimension

U(D) =
∑
i,t

(
δ2
h(i, t) + δ2

v(i, t) + δ2
t (i, t)

)
(15)

where δt(i, t) = di(t)− di(t− 1).
Equation (11) can be written in the matricial form:

E (Y,v, θ) =

1
2 Tr[(fu

T
+ D + ∆mv

T −Y)
T

(fu
T

+ D + ∆mv
T −Y)] +

αf [(φhf)
T

(φhf) + (φvf)
T

(φvf)] +

αm [(φh∆m)
T

(φh∆m) + (φv∆m)
T

(φv∆m)] +

αD Tr[(φhD)
T

(φhD) + (φvD)
T

(φvD) +

αDt Tr[(Dφt)(Dφt)
T

] (16)

where φh, φv and φt are M ×M , N ×N and L×L matrices
respectively, used to compute the horizontal and vertical first
order differences. Tr stands for the trace of a matrix. Both
matrices, φh and φv, have the following structure (although
different dimensions)

φ =


1 0 0 . . . . . . 0 0 −1
−1 1 0 . . . . . . . . . 0 0
0 −1 1 . . . . . . . . . 0 0
. . . . . . . . . . . . . . . −1 1 0
0 0 0 . . . . . . 0 −1 1

 (17)

Equation (16) can be simplified as follows
E (Y,v, θ) = (18)
1
2 Tr[(fu

T
+ D + ∆mv

T −Y)
T

(fu
T

+ D + ∆mv
T −Y)] +

αff
T

Ψf + αm∆m
T

Ψ∆m+ αDTr[D
T

ΨD] + αDtTr[DΨtD
T

]

where Ψ = φTh φh + φTv φv and Ψt = φtφ
T
t . The minimizers of (19) are

the roots of the gradients of E with respect to f and ∆m,{
∇fE = (fuT + D + ∆mvT −Y)u + αfΨT f = 0

∇∆mE = (fuT + D + ∆mvT −Y)v + αmΨT ∆m = 0
(19)

Defining the following auxiliary variables

Af = lI + αfΨ
T (20)

af = (Y − D)u (21)
am = vTu (22)
Ab = (vT v)I + αmΨT (23)
am = Y − Dv (24)
af = uT v (25)

the following simplified version of (19) is obtained,{
Af f + am∆m = af

af f + Am∆m = am
(26)

The solution to this system is

{
∆̂m = (afamI −AfAm)−1(afaf −Afab)

f̂ = (amafI −AmAf )−1(amam −Amaf )

The stationary point of E w.r.t. D is computed by finding
the roots of the gradient of E (see (19)) with respect to D,

∇DE = (D + fu
T

+ ∆mv
T − Y ) + αDΨ

T
D + αDtDΨt = 0 (27)

Defining the following auxiliary variable

A = ξI + αDΨT (28)
B = ((1− ξ)I + αDtΨt) (29)
C = −Y − fuT − ∆mvT (30)

equation (27) can be re-written as follows

AD +DB + C = 0 (31)

which is the well known Sylvester-Lyapunov equation, com-
monly used in control theory [19], [20], [21].

The equations (27) and (31) are iteratively computed until
convergence is achieved.

Pair-wise and surround subtractions implementation

After having implemented the proposed algorithm, the two
subtraction methods most commonly used in the literature
were also adapted to the considered problem formulation for
comparison. Based on (5), they were introduced as follows:
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Pair-wise subtraction:

∆m =

∑l−1
i=1,2 Y (i)− Y (i+ 1)

l/2
(32)

Surround subtraction:

∆m =
Y (1)− Y (2) +

∑l−1
i=3,2 (Y (i)− Y (i−1)+Y (i+2)

2 )

l/2
(33)

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Synthetic Data

Synthetic ASL data were generated based on a test object
with structure similar to the human brain: one axial slice of
a real brain mask, segmented into two main regions, White
Matter(WM) and Gray Matter(GM) was used, as shown in
Figure 2. The relative perfusion intensity of each region was
defined for each experiment as described in the following.

Fig. 2. Synthetic data test object, derived from a real brain mask (64× 64
matrix size). The two different regions, colored in white and gray, represent
the white and gray matter of the human brain.

Simulation Parameters

As a first step towards the validation of the proposed
algorithm, all the parameters of the bayesian algorithm were
set to 0. The value of the noise (σ) was set to 1, which
adds AWGN with mean value and standard deviation equal
to 1, and the magnetization difference (∆M) was set to 1
for the GM and 0.5 for the WM. This represents a noise
intensity similar to the intensity of the signal, as expected in
the real case (mentioned in Chapter 1). The drift signal (D) is
a slow-varying cosine, between -1 and 1, and the background
intensity of the image (F) is 10000. These parameters were
kept unaltered throughout the tests, with the exception of the
noise level. In Figure 3, it is presented an image representation
of a control acquisition and a labeled acquisition, after the
addition of the noise.

In Figure 3 the labeling is not visible in the acquired image,
as it tends to disappear in the noise corrupting the image.

Having simulated the acquisition of 50 labeled images and
50 controls, the vector of images was processed with the 3
methods, and the results are shown in Figure 4.

The quantitative assessment of the proposed algorithm
performance was expressed in terms of Improved SNR(dB)
(ISNR) and Mean Error(%) (ME). The ISNR is obtained by
subtracting the SNR of the image acquired pre-processing

Fig. 3. A control (left) and a labeling acquisition (right) using synthetic data.

Fig. 4. Images obtained with the three signal processing methods: proposed
algorithm, with priors equal to zero (left), pair-wise subtraction (center) and
surround subtraction (right).

(SNRi) to the value of the SNR obtained post-processing
(SNRf ), ISNR = SNRf−SNRi (dB). The SNR of the pre
and post-processing images is calculated as shown in equation
(34),

SNR =

(
Asignal
Anoise

)2

(34)

where Asignal and Anoise are the amplitude of the signal
and noise, respectively. On the other hand, the value of the ME
of the estimated image is calculated according to equation (35)

ME(%) =
100

N ×M

N,M∑
i=1,j=1

|x̂i,j − xi,j |
xi,j

(35)

where N and M are the dimensions of columns and rows
of the matrix image, and X̂ and X the estimation and the
original labeling images, accordingly.

The results obtained in this first experiment are given in
Table II and in Figure 5. These are the mean values of
the results obtained for ISNR and ME in 200 simulations,
performed under the same conditions.

TABLE II
MEAN VALUES OF ISNR AND ME FOR THE TEST REALIZED WITH ALL

PRIORS EQUAL TO ZERO.

Method ISNR (dB) Mean error (%)
Proposed algorithm 13.906 24.658

Pair-wise subtraction 13.906 24.658
Surround subtraction 13.999 24.393

By comparing the values of Table II, it is clear that in the
absence of prior, the proposed algorithm performs exactly like
the pair-wise subtraction.

Moreover, surround subtraction performs slightly better,
presenting higher ISNR and lower ME. This result was ex-
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Fig. 5. Graphical comparison of the values of ISNR and ME obtained using
each of the 3 methods: bars represent the mean and error bars represent the
standard deviation.

pected, considering that this approach copes best with slow
varying drift.

Prior optimization

The search for the optimal priors to be used in the upcom-
ing tests was performed on a trial-error basis. Considering
equation (16), the only priors that are directly related to the
image estimation are β and γ (α is related to the drift signal),
therefore only these two were optimized.

Fig. 6. Images obtained with different sets of priors. From left to right, less
to more rigid imposition.

The selection of the value for the prior is a very delicate
process. By choosing a small value, the algorithm might not
have sufficient “strength” to pull the solution towards an
optimal value and considering an excessively large value, the
force pulling towards the solution can cause over-smoothing,
as shown in Figure 6.

The choice of the optimal value was performed with a
dual criteria, which consisted in the selection of the set of
parameters that provided higher ISNR, associated with lower
ME.

A series of 200 simulations were performed for every set
of different values of the priors varying from 0 to 10. For
values greater than 10, the prior over-smoothed the resulting
image, hence these were not considered. The mean results are
presented in Figure 7.

Evaluating the graphics, it is clear that higher SNR values
come from manipulating the value of γ, the prior for ∆M .
Among the options, it was selected the value that presented
the higher ISNR but at the same time did not compromise the
ME of the image. The value of γ = 5 was selected from the
results depicted in Figure 8, which shows the evaluation of
both parameters of interest, with respect to increasing prior
value.

All the remaining priors values were set to 1.

Fig. 7. In the first graphic, the value of ISNR with ascending values of β
and γ. In the second graphic, the corresponding ME.

Fig. 8. Evolution of the values of ISNR and ME of the estimated image
with increasing value of γ.

With the chosen values, the proposed algorithm was then
tested (200 simulations) against the two subtraction methods
and the results are displayed in Figure 9

Fig. 9. Images obtained with the proposed algorithm using the optimized
prior (left), pair-wise subtraction (middle) and surround subtraction (right).

In this Figure, it is evident the reduction of the noise
corrupting the image. Image areas with the same intensity are
more homogeneous in the image obtained with the algorithm
than those produced by the common subtraction methods. The
edges remain visible and easier to identify. Figure 10 represent
a spatial perspective of the results and a linear cut through the
diagonal of the image, respectively.

The spikes from the image obtained with the algorithm were
reduced as a result of the prior pulling towards an optimal
solution.

The mean values of ISNR and ME for this test are given in
Table III.

TABLE III
MEAN VALUES OF ISNR AND ME FOR THE TEST REALIZED WITH THE

OPTIMIZED PRIOR.

Method ISNR (dB) Mean error (%)
Proposed algorithm 16.990 17.807

Pair-wise subtraction 14.026 24.492
Surround subtraction 14.103 24.269
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Fig. 10. Image profile through the diagonal of the estimated image.

In this case, the proposed algorithm obtained an higher value
of SNR, approximately 3dB, and reduced the overall ME by
7%. These values represent an improvement of 23% on SNR
and a reduction of ME in aproximately 30%, which expresses
an increase of almost one quarter of the total value for the
SNR and over a quarter for the redution of ME. The results
of Table III were introduced into a bar graphic, Figure 11, for
better analysis.

Fig. 11. Graphical comparison for the values of ISNR and ME obtained for
the 3 methods - prior established situation.

The previous test was the closest approximation to the
real case, in which all the parameters replicate the values
of the physiological parameters. To study the performance in
different noise levels, a series of Monte Carlo simulations (500
for each noise level) were performed. The mean results are
shown in Figure 12.

Fig. 12. Value of ISNR and ME for the three methods, as function of % of
noise.

For noise levels of 10% of the signal intensity, the tra-
ditional subtraction methods performed slightly better than
the bayesian algorithm. However, as the noise sistematically
increases, the proposed algorithm fastly outperformed the tra-
ditional approaches, and at levels of 25%, already the bayesian

approach becomes a major advantage. With increasing values
of noise, the value of the SNR tends to stabilize, in opposition
to the overal ME, which grows systematically, although at a
lower rate than for the data driven models.

B. Real Data

After testing the proposed algorithm in a set of synthetic
data, a set of real acquired images was considered. The real
data were acquired from on healthy subject, on a 3T Siemens
MRI system (Hospital da Luz, Lisboa) using a PICORE-
Q2TIPS PASL sequence[22], with the following parameters:
TI1/TI1s/TI2 = 750ms/900ms/1700ms; GE-EPI readout with
TR/TE = 2500ms/19ms; 201 repetitions; 9 contiguous axial
slices positioned parallel to the AC-PC line, with spatial
resolution of 3.5 × 3.5 × 7.0 mm3 and matrix size 64 ×
64 × 9.

Some modifications had to be performed to the proposed
algorithm in order to enable the manipulation of these real
data, namely the customization of horizontal and vertical
difference matrices from equation (17) for each slice of the
data (the algorithm is only applied to pixels containing relevant
data information, thus excluding all the pixels outside the
brain region). Due to the fact that the stopping criteria is no
longer available for real data, since one cannot calculate the
ME of the estimation with respect to the real value of every
pixel in the real data case, the algorithm underwent another
transformation, as the stopping criteria became the number of
cycle iterations, manually imposed.

Having successfully implemented these alterations, the al-
gorithm was then tested, with the same prior values obtained
from the results of synthetic data. Since with the real data set
not all the necessary information for the use of the equations
(34) and (35) is available, the results are discussed in a
qualitative manner.

Unprocessed control and labeled images are depicted in
Figure 13.

Fig. 13. Images of a control (left) and labeled (right) acquisitions of one
brain slice, acquired from a healthy subject using a PASL sequence on a 3T
MRI system.

The first results obtained are depicted in Figure 14 and
were obtained with 200 iterations of the proposed algorithm.
They are compared with the images obtained by pair-wise
subtraction and surround subtraction.

Analyzing Figure 14, the image obtained with the proposed
algorithm presents less noise corruption and better distinction
of different brain details. Nevertheless, seeking further image
improvement, a sequence of tests with different iteration values
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Fig. 14. Images obtained with the proposed algorithm (optimized prior,
200 iterations) (left), pair-wise subtraction (center) and surround subtraction
(right).

was then performed. The results obtained are shown in Figure
15.

Fig. 15. Processed images obtained with increasing number of iterations (50,
100, 200 and 400 iterations), from left to right and top to bottom.

The noise removal and image smoothing is observable
in Figure 15 with increasing iteration number used in the
proposed algorithm, and with no compromise of the image
edges and transitions.

In Figures 16 and 17 a comparison of the images resulting
from the proposed algorithm, using the optimized prior and
number of iterations, and the previously mentioned signal
processing methods is shown.

Fig. 16. Images obtained with the proposed algorithm (optimized prior,
400 iterations) (left), pair-wise subtraction (center) and surround subtraction
(right).

Figure 16 displays the resulting improved image quality
obtained with the algorithm. The enhancement was obtained
at some computational expense, since a larger number of
iterations results in a longer processing time. Nevertheless, the
purpose of medical imaging is to provide accurate anatomical

Fig. 17. A spatial view of images obtained with the proposed algorithm(400
iterations), pair-wise and surround subtraction, respectively.

or functional images and this computational cost is a small
disadvantage when compared to the possible advantages that
emerge from this new approach.

V. CONCLUSION

Arterial Spin Labeling imaging is a technique to which
is recognized great potential, since it can provide useful
information about an important physiological parameter, per-
fusion. When comparing ASL to the other perfusion measuring
techniques, its main advantages are the non-invasiveness and
repeatability, while its main disadvantage is the low intrinsic
SNR. In the medical field, as in many others, it is of high
interest to obtain the best images possible, and this is the
foundation of this thesis. The main objective was to implement
a signal processing model to cope with the low SNR of
the images produced, as well as improving the overall mean
error of the estimation. Currently, ASL images are obtained
by subtracting the control and the labeled images, with no
further considerations, therefore, considered a data driven
approach. The processing method proposed in this thesis
incorporates a priori knowledge onto the estimation equation,
hence improving the quality of the image reconstruction. This
a priori knowledge is the assumption that no drastic variations
of signal along the same tissue are expected, except at the
organs boundaries, where signal variations are likely to be
intense.

The image estimation problem was formulated in a bayesian
framework, and after some careful mathematical considera-
tions, the proposed algorithm was implemented and tested on
synthetic data. The results obtained, as described in Section
IV-A, show great improvement in image SNR, approximately
23% increase compared to pair-wise subtraction, as well as
a decrease of around 30% in the overall mean error of the
estimation, hence fulfilling the objectives initially proposed.

Having determined empirically the optimal prior values with
synthetic data, and encouraged by the results obtained, the
algorithm was further tested with a set of real data. These
images are depicted in Section IV-B, and present less noise
corruption, as the smoother shape and sharp frontiers suggest.

Although good results were achieved, the current work
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opens many possibilities for future work, and some are sug-
gested in the following section.

Future Work

To improve even further image processing or explore the
possibilities, some points of particular interest may be ap-
proach in future research:

• Automatic prior calculation
Instead of empirically choosing the numerical value to
assign to the priors, on a trial and error basis, the
algorithm could be reformulated in order to calculate, on
each iteration, the optimal value of the prior.

• Reducing the number of control acquisitions
One of the major set-backs of ASL is the long duration
of the acquisition. For every labeling, a control image
is also acquired, in order to minimize the influences of
signal fluctuations. However, by decreasing the number of
control acquisitions, without compromising image qual-
ity, the acquisition time could be reduced. One of the
properties of the algorithm proposed is that it also ac-
counts for the presence of temporal drift, hence reducing
the need of the label-control sequence for attenuation of
this effect.
For this purpose, testing with sequences other than the
strict alternate labeling-control approach could be a mean
for reducing acquisition times.

• Validation tests on empirical data
Further performance analysis on real data sets is nec-
essary in order to achieve the algorithm validation. In
particular, it would be of interest to test the performance
of the proposed algorithm in terms of the intra- and inter-
subject reproducibility of the perfusion estimates, com-
pared to the most common subtraction methodologies.
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