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Next 4 3 lectures
1. Spatial and temporal properties of fMRI

(+ linearity, convolution)

2. Signal and Noise

(+ Fourier domain, convolution)

3. Preprocessing of fMRI data

(+ common software tools)

4. Statistics + experimental design

(+ linear regression, GLM, 

multiple comparisons)
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Matlab

?
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Quick recap: data

1. numbers (=pixel/voxel)

2. a bunch of numbers 
on a grid (=slice)

3. a collection of slices 
(=volume)

4. many volumes over 
time, acquired every 
TR (=timeseries)

2.

3.

4.

1. 1.234

...

t=1 t=2 t=3
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Data: indexing

>> data(:,:,12,1) % get slice z=12 at t=1

>> data(32,:,:,1) % ??

>> data(1,1,12,:) % get timeseries at [1,1,12]

• if we have a timeseries of volumes 

(in 3D + 1D = 4D), we need 4 “indices” or 

coordinates to uniquely identify a voxel 

(x,y,z,t) 

• multi-dimensional arrays

• we can slice this data in different ways:
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• multi-dimensional arrays

• we can slice this data in different ways:

y/z slice at x=32, t=1
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Data: indexing
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>> data(32,:,:,1) % 

>> data(1,1,12,:) % get timeseries at [1,1,12]

• if we have a timeseries of volumes 
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• multi-dimensional arrays

• we can slice this data in different ways:

y/z slice at x=32, t=1

6

HRF

• the shape of the response to a brief impulse (e.g. 

visual stimulus) is called the haemodynamic 

response function (HRF)

• for a linear system, knowing the impulse response 

is sufficient to predict the response to an arbitrary 

input

• Linearity – clarification...

• Fourier domain / convolution

• Signal-to-noise / contrast-to-noise
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folded grey matter surface25. Signals in a large draining
vein, one that drains from the region of grey matter that
corresponds to a large fraction of the retinotopic map, are
de-emphasized because the blood flow and oxygenation
in those vessels are roughly constant throughout the
experiment. By using this travelling-wave technique, and
by restricting the data analysis to the grey matter, it is pos-
sible to distinguish activity that is separated by less than
1.5 mm in the cortex25 (fMRI techniques have advanced
considerably since these initial measurements were
reported in 1994, allowing even finer spatial resolution, as
discussed below). Hence, the experimental protocol
might be crucial for obtaining precise spatial localization
of functional activity, a point that we will return to later.
There are surely a number of further issues concerning
the experimental protocol and data analysis that can
affect the fidelity of the fMRI measurements. It is there-
fore important, each time a new protocol is developed, to
measure the relationship between the fMRI signals and
the underlying neuronal activity.

Third, the relationship between fMRI and neuronal
responses depends on how the neuronal activity itself is
measured and quantified. Consider recording the simul-
taneous activity of a large number of individual neurons
within a region of cortex (several millimetres) and over
a period of time (several seconds). What component of
the neuronal activity would be most predictive of the
fMRI signal? The various possible measurements of
neuronal activity include: the average firing rate of all of
the neurons; the average firing rate of a subpopulation
of neurons; synchronous spiking activity across the neu-
ronal population; the local field potential (LFP); the cur-
rent source density; some measure of local average
synaptic activity; or some measure of the subthreshold
electrical activity. What is the relationship between these
different measures of neuronal activity, and how are
they each related to the fMRI signal? New experiments
are just beginning to shed light on this question (BOX 3).

Temporal summation of fMRI responses
In a typical experiment, a time-series of BOLD fMRI
images are collected while a stimulus or cognitive task is
systematically varied. If the stimulus or task variations
evoke a large enough change in blood flow and oxy-
genation in a certain brain region, then the image
intensity in that region will modulate (by as much as
±5%, but typically by less than this) over time about its
mean intensity value.

According to the linear transform model, it should
be possible to predict the response to a long stimulus
presentation by summing the responses to shorter
stimuli (FIG. 2). For example, the response to a 12-s stim-
ulus is predicted by summing the response to a 6-s
stimulus with a copy of the same response delayed by 
6 s. Note that this allows the possibility of an arbitrarily
complex, nonlinear relationship between the stimulus
and the neuronal activity.Whatever the neuronal activity
is for the first 6 s, as long as it is identical for the second
6 s, it should be possible to predict the fMRI response to
a pair of back-to-back stimuli, given the response to one
stimulus presentation.

because of the intrinsic inhomogeneity in the magnetic
field within larger vessels. The acquisition can be modi-
fied to de-emphasize the BOLD signals from larger 
vessels, by suppressing signals that are associated with
higher flow velocities15,18. Other fMRI techniques have
been developed that separately measure different com-
ponents of the haemodynamic response: perfusion-
based fMRI measures blood flow19,20, compounds can be
injected into the blood stream to allow the measure-
ment of blood volume21, and diffusion-based fMRI
techniques promise to measure changes in neural and
glial cell swelling that occur with excitation22. So far,
there has been only a modest amount of work towards
quantifying the relationships between these different
fMRI techniques (for example, see REFS 20,23,24).

Second, the relationship between fMRI and neuronal
responses depends on the behavioural and stimulation
protocols, and on the fMRI data-analysis methods. In the
early days of fMRI there was some concern that the signal
was derived entirely from large draining veins, and conse-
quently that it would provide misleading information
about the spatial localization of neuronal activity. For
example, presenting visual stimuli at two nearby locations
in the visual field evokes neuronal activity at two nearby
locations in retinotopic visual areas such as V1. If the
fMRI signal were evident only in the large vessel(s), which
drain the blood from V1, then it would not be possible to
distinguish between these two nearby foci of neuronal
activity. Rather, the activity evoked by both visual stimuli
would seem to be displaced to the location of the draining
vein(s). To a large degree, this issue was resolved by adopt-
ing appropriate experimental protocols. Retinotopic
maps are now routinely measured in the visual cortex
using stimuli that move through the visual field, thereby
evoking a travelling wave of neuronal activity across the
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Figure 1 | The linear transform model of fMRI responses.Top row: hypothetical plots of
average neuronal activity over time. Bottom row: corresponding functional magnetic resonance
imaging (fMRI) responses. Left: hypothetical haemodynamic impulse response function (HIRF)
measured as the response to a brief pulse of neuronal activity. Right: the fMRI response when the
average neuronal activity alternates (at specific times) between three different states (high,
medium and low), with brief transients each time it switches from one state to another. Given the
measured time course of neuronal activity, it is possible to compute (using convolution) the time
course of the fMRI response. Most fMRI studies go the other way, to infer the underlying neuronal
activity from the fMRI response. In the example shown, it is possible to estimate (using linear
regression, given the HIRF) the relative amplitudes of the neuronal activity in each of the three
states, along with the amplitude of the transients.

Heeger & Ress, NRN (2002)

impulse response linear prediction
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fMRI response as a 

linear system

Boynton et al (1996)

input output

9

Heeger & Ress, NRN (2002)
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an inherently nonlinear dependence on flow (see BOX 2

and REFS 20,34). In particular, the BOLD effect might
saturate at high levels of blood flow because further
increases in flow would cause negligible decreases in
the concentration of deoxyhaemoglobin20,35,36. Conse-
quently, a moderately strong stimulus might evoke a
near-maximal fMRI response, leaving very little room
to reveal any further change in fMRI signal in response
to a stronger stimulus that is known to evoke more
neuronal activity. Indeed, there is some evidence that
flow might show temporal summation even when
BOLD fMRI fails to do so20.

An alternative possibility is a failure in the design of
the experiments, rather than a failure of temporal sum-
mation itself. These experiments were all completed in
primary sensory and motor cortical areas, mostly in V1,
where short-duration stimuli are expected to give dis-
proportionately large neuronal responses for at least
three reasons. First, V1 neurons show large transient
responses after stimulus onset, which rapidly decrease
over a period of several hundred milliseconds37. Second,
V1 neurons adapt; their responses decrease gradually
over time after prolonged (4–30 s) stimulation38. Third,
V1 responses are boosted by attention (see above), and
stimulus onsets are likely to engage attention automati-
cally. Hence, very short stimulus presentations evoke
disproportionately large neural responses, which,
according to the linear transform model, should in turn
evoke disproportionately large fMRI responses. Some
studies have included a post-hoc analysis to account for
the expected response transients13,20,33, but experiments
have not yet been carried out that measure the temporal
summation of the fMRI responses while explicitly con-
trolling or compensating for response transients, adap-
tation and attention. So, the temporal-summation
experiments completed so far are inconclusive because

Temporal summation holds up well in some experi-
ments, but not in others13,20,24,26–33. The failure can be
traced to the fact that very short stimulus presentations
evoke disproportionately large fMRI responses, com-
pared with what is expected from the responses to long
stimulus presentations. One possible explanation for
the failure of temporal summation is that although
blood flow might indeed be proportional to the under-
lying neuronal activity, BOLD fMRI signals might have

Box 3 | Local field potential and multi-unit activity

What is known about the local field potential (LFP; low-frequency component of the electrophysiological signal) and
multi-unit activity (MUA), and how each relates to processing in the cerebral cortex? The MUA is believed to reflect the
spiking activity of neurons near the electrode tip (within ~200 µm)102,103. The LFP, on the other hand, is believed to
reflect the superposition of synchronized dendritic currents, averaged over a larger volume of tissue104.

The role of synchronized neuronal signals, including that inferred from LFP measurements, has been a source of
heated debate and considerable controversy105–107. Regardless of its functional role, it is conceivable that neuronal
synchrony (and hence LFP) could increase without a concomitant increase in mean firing rate11.

However, the LFP is expected under many circumstances to be highly correlated with local average firing rates. Most
synapses (both excitatory and inhibitory) can be traced to a local network of connections that originates in the nearby
cortical neighbourhood, leaving only a small minority of inputs from more remote cortical and subcortical
structures108–110. So, local spiking activity, synaptic activity and dendritic currents should all covary. Moreover, although
some studies have found that the LFP includes contributions from distant sources104, others have found that it is dominated
by the activity of nearby neurons111–113. Methodological choices can make a huge difference, such as whether the LFP
recording is single-ended (referenced to a remote ground) or differential (referenced to another electrode or epidural
silverball) (P. Fries, personal communication). The former method can provide a localized measure of neuronal activity; for
example, in area MT, the stimulus selectivity of the LFP is similar to those of the MUA and single-unit responses 
(G. DeAngelis and W. T. Newsome, personal communication). The latter method is crucially dependent on the relative
positions of the two recording sites. If they are just embracing a cortical column, the measure is called a ‘transcortical field
potential’, and provides the best localization available with LFP112,113. However, if the reference is a distant epidural
silverball, the LFP picks up a more global signal that is strongly correlated with scalp electroencephalography (EEG).

In summary, the LFP is believed to reflect inputs and intracortical activity, but is often (but not always) correlated with
the output spiking activity in single- or multi-unit recordings.
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Figure 2 | Temporal summation of fMRI responses.Left: measured functional magnetic
resonance imaging (fMRI) responses from the visual cortex for 6- and 12-s stimulus presentations.
Right: the procedure for measuring temporal summation, by comparing the responses to the two
different stimulus durations. BOLD, blood oxygen level dependent. Modified with permission from
REF. 13 © 1996 Society for Neuroscience.
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Heeger & Ress, NRN (2002)
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Neural activity: 
input to fMRI transform
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Neural activity: 
input to fMRI transform
1. fMRI response is approximately a linear 

system
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Neural activity: 
input to fMRI transform
1. fMRI response is approximately a linear 

system

2. neural activity is not a linear transform of 
e.g. visual stimulus

- neuronal firing rates are > 0
(so at least half-rectifying)

- response to visual contrast saturates 

(contrast response function)

12

V1

Heeger et al (2000) Nature Neurosci, 3:631+

fMRI response, firing rates
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Linearity does not 
always hold

14

Linearity does not 
always hold

1. very brief events (threshold)

14



Linearity does not 
always hold

1. very brief events (threshold)

2. “refractory” effects for very closely 
spaced events 

cf. fMRI adaptation

14

Simulation 
fMRI Response in a block 

design experiment
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Block alternation
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Block alternation
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Block alternation
Stimulus alternation frequency = 1/12 Hz; (12s cycle)
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Block alternation
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Noise

• measured data is never perfect...

• sources of (unwanted) variability:
heart beat, breathing, movements, ...

• in fMRI data we usually (high-

frequency) !noise" and drift
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Block alternation / drift
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Time / Fourier 

Domain

22

Time domain versus

ourier domain

• compare to what you know about 

image domain ↔ k-space

• two different ways of looking at a signal: one in 

terms of time: s, ms, the other in terms of 

frequencies: Hz (s-1), cycles/scan

• Mathtools (Eero Simoncelli, NYU)

http://www.cns.nyu.edu/~eero/math-tools/

contains additional links to www / books

F

23



FT

Frequency 

domain

Time / signal 

domain
x y

x y

!Fourier transform"

!Inverse 

Fourier transform"

complex numbers

frequency

phase

data

intensity as a 

function of time
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Fourier transform of 

block alternation
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LarssonandHeeger•RetinotopyofHumanLateralOccipitalCortex

Angle

Retinotopic / topographic Mapping 

! R

Larsson & Heeger (2006) J Neurosci

Lecture on “Vision” by Dr Peirce
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map “spatial location” into temporal 

delay (travelling wave of activity)
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Lots of Fourier 

transforms...

time domain   ourier domain

Fourier Transform continuous, infinite continuous, infinite

Fourier Series continuous, periodic discrete, infinite

DTFT discrete, infinite continuous, periodic

DFS discrete, periodic discrete, periodic

DFT discrete, finite discrete, finite

F
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FFT Algorithm

• Computes DFT (discrete Fourier Transform) of 

finite length input

• Very efficient for inputs of lengths N = 2n

• Produces 2 outputs, each of size/length equal to 

that of the input: 
real part (cosine coefficients) 

imaginary part (sine coefficients)

>> fftdemo     % matlab

29



FT

Frequency 

domain

Time / signal 

domain

fft(x)

x y

ifft(y)

x y

!Fourier transform"

!Inverse 

Fourier transform"

help fft, help ifftshift

help ifft, help abs!
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Fourier coefficients.

Shown are Fourier amplitude spectra (the
amplitudes plotted as a function of fre-
quency number k) for three simple signals:
an impulse, a Gaussian, and a cosine func-
tion. These are shown here symmetrically
arranged around the origin, but some au-
thors plot only the positive half of the fre-
quency axis. Note that the cosine function
is constructed by adding a complex exponen-
tial with its frequency-negated cousin - this
is why the Fourier transform shows two im-
pulses.

0

impulse
constant

0

0

0

0

0

Shifting property. Whenwe shift an input signal, each sinusoid in the Fourier representation
must be shifted. Specifically, shifting by m samples means that the phase of each sinusoid
changes by 2πk

N m. Note that the phase change is different for each frequency k, and also that
the amplitude is unchanged.

Stretching property. If we stretch the input signal (i.e., rescale the x-axis by a factor α), the
Fourier transform will be compressed by the same factor (i.e., rescale the frequency axis by
1/alpha). Consider a Gaussian signal. The Fourier amplitude is also a Gaussian, with standard
deviation inversely proportional to that of the original signal.

4 Convolution Theorem

The most important property of the Fourier representation is its relationship to LSI systems
and convolution. To see this, we need to combine the eigenvector property of complex expo-
nentials with the Fourier transform. The diagram below illustrates this. Consider applying an
LSI system to an arbitrary signal. Use the Fourier transform to rewrite it as a weighted sum
of sinusoids. The weights in the sum may be expressed as complex numbers, Akeiφk , repre-
senting the amplitude and phase of each sinusoidal component. Since the system is linear, the
response to this weighted sum is just the weighted sum of responses to each of the individual
sinusoids. But the action of an LSI on a sinusoid with frequency number k will be to multiply
the amplitude by a factor mr(k) and shift the phase by an amount φr(k). Finally, the system

7

FT

Gaussian Gaussian

Cosine
Pair of 

impulses

ConstantImpulse

Eero Simoncelli, NYU
31
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Convolution

33

Convolution
x[n] = [x1, x2, x3, . . . ]Discrete-time signal:

A system or transform maps an input signal into 
an output signal:

y[n] = T{x[n]}

A shift-invariant, linear system can always be 
expressed as a convolution:

y[n] =
∑

x[m] · h[n−m]

where h[n] is the impulse response.

34

Convolution as a sum 

of impulses

Input:

Output:

+

Impulse 
response

=
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past present future
input (impulse)

output (impulse response)

input (step)

output (step response)

0     0     0   1/2  1/4  1/8    0     0     0

0     0     0     1     0     0     0     0     0

0     0     0     1     1     1     1     1     1

0     0     0   1/2  3/4  7/8   7/8  7/8  7/8

weights1/8  1/4  1/2

1/8  1/4  1/2 weights

Figure 3: Convolution as a series of weighted sums.

Using homogeneity,

Now let be the response of to the unshifted unit impulse, i.e., . Then by using

shift-invariance,

(4)

Notice what this last equation means. For any shift-invariant linear system , once we know its

impulse response (that is, its response to a unit impulse), we can forget about entirely, and

just add up scaled and shifted copies of to calculate the response of to any input whatsoever.

Thus any shift-invariant linear system is completely characterized by its impulse response .

The way of combining two signals specified by Eq. 4 is know as convolution. It is such a

widespread and useful formula that it has its own shorthand notation, . For any two signals and

, there will be another signal obtained by convolving with ,

Convolution as a series of weighted sums. While superposition and convolution may sound

a little abstract, there is an equivalent statement that will make it concrete: a system is a shift-

invariant, linear system if and only if the responses are a weighted sum of the inputs. Figure 3

shows an example: the output at each point in time is computed simply as a weighted sum of the

inputs at recently past times. The choice of weighting function determines the behavior of the

system. Not surprisingly, the weighting function is very closely related to the impulse response of

the system. In particular, the impulse response and the weighting function are time-reversed copies

of one another, as demonstrated in the top part of the figure.

7

Convolution as sequence 

of weighted sums
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Linear system ↔ matrix multiplication

Shift-invariant linear system ↔ !Toeplitz" matrix

! Convolution as matrix 

multiplication




·
5
2
−3
4
·
·





=





· · ·
1 2 3 0 0 0
0 1 2 3 0 0
0 0 1 2 3 0
0 0 0 1 2 3

· · ·
· · ·









·
1
2
0
0
−1
·




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Matrix multiplication ??
[
1 0
0 2

] [
2.5
3.2

]
A is a

2 by 2

matrix 

x is a vector 

(2 by 1 matrix)
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Matrix multiplication ??
[
1 0
0 2

] [
2.5
3.2

]
A is a

2 by 2

matrix 

x is a vector 

(2 by 1 matrix)

1× 2.5
[ ]

+0× 3.2

0× 2.5 +2× 3.2
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Matrix multiplication ??
[
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Matrix multiplication ??
[
1 0
0 2

] [
2.5
3.2

]
A is a

2 by 2

matrix 

x is a vector 

(2 by 1 matrix)

[
1
0

]
2.5 +

[
0
2

]
3.2 =

[
2.5
6.4

]

weighted sum of columns ... ax1  + bx2 ... should ring a bell!
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Linear system ↔ matrix multiplication

Shift-invariant linear system ↔ !Toeplitz" matrix

! Convolution as matrix 

multiplication




·
5
2
−3
4
·
·





=





· · ·
1 2 3 0 0 0
0 1 2 3 0 0
0 0 1 2 3 0
0 0 0 1 2 3

· · ·
· · ·









·
1
2
0
0
−1
·





Columns contain shifted copies of the impulse response.
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Linear system ↔ matrix multiplication

Shift-invariant linear system ↔ !Toeplitz" matrix

! Convolution as matrix 

multiplication




·
5
2
−3
4
·
·





=





· · ·
1 2 3 0 0 0
0 1 2 3 0 0
0 0 1 2 3 0
0 0 0 1 2 3

· · ·
· · ·









·
1
2
0
0
−1
·





Rows contain time-reversed copies of impulse response.
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Convolution Theorem 1

computation may be more computationally efficient than direct convolution.

As an example of conceptual simplification,
consider two impulse responses, along with
their Fourier amplitude spectra. It is often dif-
ficult to anticipate the behavior of these sys-
tems solely from their impulse responses. But
their Fourier transforms are quite revealing.
The first is a lowpass filtermeaning that it dis-
cards high frequency sinusoidal components
(by multiplying them by zero). The second is
a bandpass filter - it allows a central band of
frequencies to pass, discarding the lower and
higher frequency components.

0

0

0

0

Lowpass
Filter

Fourier
Spectrum

Bandpass
Filter

Fourier
Spectrum

As another example of conceptual simplifica-
tion, consider an impulse response formed by
the product of a Gaussian function, and a si-
nusoid (known as a Gabor function). How
can we visualize the Fourier transform of this
product? We need only compute the convolu-
tion of the Fourier transforms of the Gaussian
and the sinusoid. The Fourier transform of
a Gaussian is a Gaussian. The Fourier trans-
form of a sinusoid is an impulse at the corre-
sponding frequency. Thus, the Fourier trans-
form of the Gabor function is a Gaussian cen-
tered at the frequency of the sinusoid.

0

0

x
0

10

Eero Simoncelli, NYU

Multiplication in 

the time domain

Convolution in the 

frequency domain

easier to 

calculate here

easier to 

understand here

!Gabor"
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Convolution Theorem 2

Convolution in 

the time domain

Multiplication in the 

frequency domain

Multiplication in 

the time domain

Convolution in the 

frequency domain

But why bother with this 

seemingly 

complicated business of 

transforming?
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Convolution Theorem 2

Convolution in 

the time domain

Multiplication in the 

frequency domain

Multiplication in 

the time domain

Convolution in the 

frequency domain

But why bother with this 

seemingly 

complicated business of 

transforming?
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For large data sets

• Convolution is an computationally expensive 

operation

• FFT / IFFT is very efficient

• Point-by-point multiplication is cheap

F−1

F
signal,
filter

multiply Fourier 
transforms

filtered 
signal

1

2
3

45

In some cases...

• ... it’s easier to see periodic events, e.g. artefacts 

due to cardiac cycle / breathing in the frequency 

domain

46

Lance Armstrong?
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Filterscomputation may be more computationally efficient than direct convolution.

As an example of conceptual simplification,
consider two impulse responses, along with
their Fourier amplitude spectra. It is often dif-
ficult to anticipate the behavior of these sys-
tems solely from their impulse responses. But
their Fourier transforms are quite revealing.
The first is a lowpass filtermeaning that it dis-
cards high frequency sinusoidal components
(by multiplying them by zero). The second is
a bandpass filter - it allows a central band of
frequencies to pass, discarding the lower and
higher frequency components.

0

0

0

0

Lowpass
Filter

Fourier
Spectrum

Bandpass
Filter

Fourier
Spectrum

As another example of conceptual simplifica-
tion, consider an impulse response formed by
the product of a Gaussian function, and a si-
nusoid (known as a Gabor function). How
can we visualize the Fourier transform of this
product? We need only compute the convolu-
tion of the Fourier transforms of the Gaussian
and the sinusoid. The Fourier transform of
a Gaussian is a Gaussian. The Fourier trans-
form of a sinusoid is an impulse at the corre-
sponding frequency. Thus, the Fourier trans-
form of the Gabor function is a Gaussian cen-
tered at the frequency of the sinusoid.

0

0

x
0

10

Eero Simoncelli, NYU

FT
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Filterscomputation may be more computationally efficient than direct convolution.

As an example of conceptual simplification,
consider two impulse responses, along with
their Fourier amplitude spectra. It is often dif-
ficult to anticipate the behavior of these sys-
tems solely from their impulse responses. But
their Fourier transforms are quite revealing.
The first is a lowpass filtermeaning that it dis-
cards high frequency sinusoidal components
(by multiplying them by zero). The second is
a bandpass filter - it allows a central band of
frequencies to pass, discarding the lower and
higher frequency components.

0

0

0

0

Lowpass
Filter

Fourier
Spectrum

Bandpass
Filter

Fourier
Spectrum

As another example of conceptual simplifica-
tion, consider an impulse response formed by
the product of a Gaussian function, and a si-
nusoid (known as a Gabor function). How
can we visualize the Fourier transform of this
product? We need only compute the convolu-
tion of the Fourier transforms of the Gaussian
and the sinusoid. The Fourier transform of
a Gaussian is a Gaussian. The Fourier trans-
form of a sinusoid is an impulse at the corre-
sponding frequency. Thus, the Fourier trans-
form of the Gabor function is a Gaussian cen-
tered at the frequency of the sinusoid.

0

0

x
0

10

Eero Simoncelli, NYU

FT

How would we 

make a high-pass filter?
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Filterscomputation may be more computationally efficient than direct convolution.

As an example of conceptual simplification,
consider two impulse responses, along with
their Fourier amplitude spectra. It is often dif-
ficult to anticipate the behavior of these sys-
tems solely from their impulse responses. But
their Fourier transforms are quite revealing.
The first is a lowpass filtermeaning that it dis-
cards high frequency sinusoidal components
(by multiplying them by zero). The second is
a bandpass filter - it allows a central band of
frequencies to pass, discarding the lower and
higher frequency components.

0

0

0

0

Lowpass
Filter

Fourier
Spectrum

Bandpass
Filter

Fourier
Spectrum

As another example of conceptual simplifica-
tion, consider an impulse response formed by
the product of a Gaussian function, and a si-
nusoid (known as a Gabor function). How
can we visualize the Fourier transform of this
product? We need only compute the convolu-
tion of the Fourier transforms of the Gaussian
and the sinusoid. The Fourier transform of
a Gaussian is a Gaussian. The Fourier trans-
form of a sinusoid is an impulse at the corre-
sponding frequency. Thus, the Fourier trans-
form of the Gabor function is a Gaussian cen-
tered at the frequency of the sinusoid.

0

0

x
0

10

Eero Simoncelli, NYU

FT

How would we 

make a high-pass filter?

0

Fourier
Spectrum
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! Linear Algebra 

/ FFT

• Eero Simoncelli, NYU
http://www.cns.nyu.edu/~eero/math-tools/
contains additional links to www / books

• MIT OpenCourseWare (video lectures)
Mathematics, Gilbert Strang, 18.06 course

• Linear Algebra and Its Applications, Gilbert 
Strang, book
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! HRF
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! Glover, 1999

H(t) =
( t

d1

)a1

exp
(−(t− d1)

b1

)

−
( t

d2

)a2

exp
(−(t− d2)

b2

)

Glover. Deconvolution of impulse response in event-related BOLD 
fMRI. Neuroimage (1999) vol. 9 (4) pp. 416-29

default params [a1, a2, b1, b2, c] = [6 12 0.9 0.9 0.35] 
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!Plot a simple version 

in Matlab?

tau = 2; % time constant

delta = 2; % time shift

t = [0:1:30]; % vector of time points

tshift = max(t-delta,0); % shifted, but not < 0

HIRF = (tshift/tau).^2 .* exp(-tshift/tau) ... 

/ (2*tau); % function

figure(1), plot(HIRF, ‘r’); % plot it

H(t) =
( t

τ

)2
· exp(−t/τ)

2τ
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Quantifying 

Signal / Noise

56

Signal-to-noise ratio 

(SNR)
raw SNR: used by physicists + engineers to quantify 

image quality

Intensity in sample

(e.g. brain)

Intensity outside sample

(e.g. outside head)

2000 100

/
/
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Contrast-to-noise ratio 

(CNR)
CNR: e.g. how good is T1 contrast between white 

matter (WM) and gray matter (GM) – take two small 

regions of interest

mean GM mean WM noise (!) cnr

image 1 150 250 100 x

image 2 60 70 5 ?
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Contrast-to-noise ratio 

(CNR)
CNR: e.g. how good is T1 contrast between white 

matter (WM) and gray matter (GM) – take two small 

regions of interest

mean GM mean WM noise (!) cnr

image 1 150 250 100 x

image 2 60 70 5 ?

100

10

58

high contrast

(CNR)

lower contrast

(CNR)
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functional signal-to-

noise ratio 

functional SNR: (sometimes called functional CNR)

signal: difference between two states of the brain 

caused by experiment

noise: variability in those states over time...

60

signal over time in 

different voxels

61

low functional SNR

62



how to increase 

functional SNR? 

63

how to increase 

functional SNR? 

signal averaging

64

how to increase 

functional SNR? 

higher field: 1.5T 

vs 4T (visual cortex)
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Summary

• recap: linear systems

• Matlab

• simulated block design data

• drift + (high-frequency) noise

• Fourier domain, convolution

• raw SNR, CNR, functional SNR
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