
Medical & Biological Engineering & Computing manuscript No.
(will be inserted by the editor)

Compressive sensing scalp EEG signals: implementations and practical

performance

Amir M. Abdulghani · Alexander J. Casson · Esther Rodriguez-Villegas

Received: date / Accepted: date

Abstract Highly miniaturised, wearable computing and com-

munication systems allow unobtrusive, convenient, and long

term monitoring of a range of physiological parameters. For

long term operation from the physically smallest batteries

the average power consumption of a wearable device must

be very low. It is well known that the overall power con-

sumption of these devices can be reduced by the inclusion of

low power consumption, real-time compression of the raw

physiological data in the wearable device itself. Compres-

sive sensing is a new paradigm for providing data compres-

sion: it has shown significant promise in fields such as MRI;

and is potentially suitable for use in wearable computing

systems as the compression process required in the wear-

able device has a low computational complexity. However,

the practical performance very much depends on the char-

acteristics of the signal being sensed. As such the utility of

the technique cannot be extrapolated from one application to

another. Long term electroencephalography (EEG) is a fun-

damental tool for the investigation of neurological disorders

and is increasingly used in many non-medical applications,

such as Brain-Computer Interfaces. This paper investigates

in detail the practical performance of different implemen-

tations of the compressive sensing theory when applied to

scalp EEG signals.
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1 Introduction

Highly miniaturised, wearable computing and communica-

tion systems allow unobtrusive, convenient, and long term

monitoring of a range of physiological parameters. The elec-

troencephalogram (EEG) is one example of a highly useful

physiological parameter that would benefit from the avail-

ability of such miniaturised and wearable recording systems [15].

The EEG measures the electrical signals generated within

the brain by placing electrodes on the scalp and as such it

provides a non-invasive, high time resolution interface to the

brain. The EEG is therefore a key diagnosis tool for neuro-

logical conditions such as epilepsy, and it is frequently used

in Brain-Computer Interfaces (BCI) [15]. The current tech-

nological trend is towards portable EEG systems that are as

small and unobtrusive as possible, and that can record for

very long periods of time [15]. In portable EEG systems the

entire recording unit is battery powered, and the physical

size of the batteries sets the overall device size and opera-

tional lifetime.

Medical EEG recommendations call for over 24 record-

ing electrodes, sampled at over 200 Hz, with at least 12 bit

resolution [24]. Most modern systems use higher values than

these and it is easy for an EEG recording to produce over

1 GB of data per day. There has thus long been an interest

in compressing EEG signals and Table 1 summaries the per-

formance of previous compression algorithms applied to the

EEG signal. Originally this interest was motivated by lim-

ited hard drive capacities for long term storage of the data.

Today this is not a significant issue, but wireless transmis-

sion of all of this data from a wearable device consumes a



2 Amir M. Abdulghani et al.

Table 1 Previous EEG compression algorithms. Only studies using human EEG data have been considered. Also, no selection has been done on

whether the EEG sections compressed are background EEG signals, or contain abnormal sections, such as epileptic seizures. For studies containing

more than one compression technique the representative performance of one method has been presented here

Reference [21] [7] [12] [30] [28] [20]

Year 1991 1997 2004 2006 2008 2009

Brief method

basis

Adaptive pulse

code modulation

Huffman coding Wavelet packets

decomposition

Karhunen-Loeve

transform

Single layer

perceptron

neural network

predictor

Classified

signature and

envelope vector

sets

Compression

type

Lossy Lossless Lossy Lossless Lossy Lossy

Total data tested 16m48s Unclear, use 154

data sets

2h0m0s 8m32s 6m0s 7m52s

Number of

channels used

12 20 1 64 Unclear,

probably 1

Unclear,

probably 1

Sampling

frequency

166.7 Hz 128 Hz 250 Hz 1024 Hz Variable:

173.61–256 Hz

173.61 Hz

Number of test

subjects

Unclear,

probably 8

Unclear, use 154

data sets

1 Unclear,

probably 1

Unclear,

probably 3

Unclear, use 20

data sets

Compression

ratioa
0.25 0.42 0.11 0.35 0.17 0.07

Reconstruction

performanceb
SNR = 17.0 dB N/A PRD = 5.25% N/A PRD = 1.25% PRD ≈ 7%

a Calculated as: Compressed data rate / Uncompressed data rate; lower numbers are better

b PRD is the Percent of Root-mean-square Difference calculated as

√

∑i(ri− xi)2/∑i x
2
i ×100% where xi is the i

th sample of the original signal

and ri is the reconstructed signal; lower numbers are better

significant amount of power. To facilitate operation from the

physically smallest batteries and energy harvesters the aver-

age power consumption of the EEG recording device must

be as low as possible, and it is agreed that the power con-

sumption can be reduced via the inclusion of low power,

real-time data compression embedded in the portable EEG

recorder itself [15, 29].

However, to satisfy the constraints of real-time and low

power operation it is essential that the computational com-

plexity of the data compression algorithm to be embedded in

the portable EEG system is kept low. This is not a require-

ment for many of the offline compression systems developed

previously. In contrast, while the computational complexity

of the compression on the portable EEG unit must be low,

once the EEG data has been moved from the portable unit to

a non-portable computer for storage or analysis there is no

intrinsic need for low computational complexity algorithms

as the power requirements of the fixed computer installation

are much more relaxed.

Recently, a new lossy compression technique named com-

pressive sensing has been reported that can potentially sat-

isfy these requirements for low complexity in the portable

part of the system, instead utilising the unlimited power avail-

able in the fixed computer installation. It is thus potentially

well suited for use in wearable computing and communi-

cation systems [1]. Furthermore, provided sufficient com-

pression performance is achieved, recent results have sug-

gested that compressive sensing applied within a portable

recording unit could relax the noise specification for the

EEG front-end amplifier [16], provide a level of encryp-

tion [2], or potentially allow the number of bits required in

the EEG analogue-to-digital converter to be reduced [13].

Thus, if acceptable performance can be achieved, com-

pressive sensing can potentially significantly alter the de-

sign of future EEG recorders, opening new opportunities in

the device design and in the system wide power optimiza-

tion. Compressive sensing has previously shown excellent

performance in terms of compression ratio and reconstruc-

tion error in applications such as MRI [19], speech [27], and

image/video coding [31]. However, the operation of com-

pressive sensing is based upon the assumptions that: the sig-

nal to be sensed is sparse in a particular domain (see Sec-

tion 2.1 for definition) and that this domain is incoherent

with a given measurement matrix. The validity of these as-

sumptions differs from application to application, and so the

performance of compressive sensing on a particular signal

cannot be assumed a priori.

For scalp EEG signals, preliminary results have shown

that compressive sensing may be applicable [8, 3]. However,

until now, representative testing of the technique to assess its

performance, merit and limitations using a large EEG test

dataset has not been done. This paper provides this quan-

titative and comprehensive characterisation of compressive

sensing performance when applied to scalp EEG signals by

presenting performance results for 18 different implementa-

tions of the compressive sensing theory using a large, multi-
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channel, EEG data set. This provides essential information

for guiding the choice of compressive sensing implementa-

tion for use in EEG systems, and in guiding future compres-

sive sensing research.

2 Methods

2.1 Compressive sensing theory

Compressive sensing is a lossy compression scheme based

upon exploiting known information in the signal of inter-

est to lower the effective sampling rate. The inherent redun-

dancy in specific types of signals thus allows compression

while sampling. A detailed introduction to the theory can be

found in [18, 11]. Below is presented an overview of the sig-

nal compression and reconstruction methods to illustrate the

procedure and to highlight the implementation choices that

motivate the performance characterisation presented in this

work.

2.1.1 Compression process

Compressive sensing theory starts from the assumption that

a signal is sparse in a particular domain. A vector, of length

N, is K sparse if it has K non-zero entries and the remain-

ing N−K entries are all zero. To illustrate this, consider a

single-channel of digitised EEG data, x, which is an N× 1

vector. Then assume that this signal can be represented by a

projection onto a different basis set:

x=
N

∑
i=1

siΨi or x = Ψs (1)

where s is an N× 1 vector and Ψ is an N×N basis matrix.

The vector s is given by the inner product of x and Ψ , and

the entries in Ψ are known as the dictionary functions. As

an example, if Ψ is the Fourier dictionary of complex expo-

nential functions, s is the Fourier transform of x and both s

and x represent the signal equivalently, but in different do-

mains. Compressive sensing assumes that a basis set Ψ is

available in which s is sparse. Different choices for Ψ are

available leading to one of the characterisation steps inves-

tigated here.

To actually compress the signal only a computationally

simple operation is performed. In addition to the projection

above, it is assumed that x can be related to another signal

y:

y = Φx (2)

where Φ is a measurement matrix of dimensionsM×N and

y is the compressively sensed version of x. y has dimensions

M×1 and ifM < N data compression is achieved. Provided

that Φ is correctly chosen, exact reconstruction of x from y

is possible even though y has fewer samples than a signal

sampled at the Nyquist rate. The effective sampling rate has

thus been lowered. It can be shown that this technique is

possible if Φ and Ψ are incoherent; that is if the elements

of Φ and Ψ have low correlation [10]. In general, to satisfy

this condition Φ is chosen as a random matrix following a

given probability distribution. Again multiple choices for Φ

are available.

2.1.2 Signal reconstruction

The vector y is thus generated by random sampling (con-

trolled by Φ) on the portable EEG unit and represents the

compressively sensed signal x. To view and process the EEG

signal at the non-portable computer the vector x must be re-

covered from the recorded signal y. This is done by solving

the non-linear optimisation problem:

min
s∈ℜN

||s||l0 subject to yi = 〈Φi,Ψs〉. (3)

That is, find the vector s that is most sparse and best satisfies

the observations made. This of course comes from the as-

sumption that s is a good sparse representation of the signal.

In practice the solution of (3) is a highly non-convex op-

timisation problem, and in general impractical even in the

non-power constrained, non-portable part of a physiological

monitoring system. Instead, under certain conditions, solv-

ing the l1 norm case of (3) gives the same solution, but can

be computed in polynomial time [9]. In general, and in the

remainder of this article, the l1 norm and iterative algorithms

which ensure strongly polynomial running times, are thus

used. Again, multiple methods for carrying out this l1 opti-

misation are possible.

2.2 Performance characterisation methods

This paper uses scalp EEG signals and assesses the practical

reconstruction performance of compressive sensing using a

number of different dictionary functions and signal recon-

struction methods. This is done by using MATLAB to com-

press and reconstruct pre-recorded scalp EEG signals and

then quantifying the amount of reconstruction error intro-

duced.

2.2.1 Dictionary functions

Key to suitable choices for Ψ is that the resulting vector s

must represent the EEG signal as sparsely as possible. Six

different basis matrices Ψ are used in this work, each based

on a different set of dictionary functions. Firstly the Gabor

dictionary, as considered in [8, 26], is used. Functions in

this dictionary are defined by Gaussian envelope sinusoidal

pulses:

Ψi(n,ω,σ) =
1√
2πσ

e−(n−n0)
2/σ2

cos(ωn+θ) (4)
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where n is the sample number, n0 is the sample number of

the centre of the envelope, ω ≥ 0 is the frequency of the

sinusoid, σ > 0 is the spread of the envelope, and θ is the

phase angle. Here the settings ω = 25, θ = {0,π/2}, and
σ = 0.015 are used with these choices being based upon

observations after running several preliminary simulations.

A total of 2250 functions are thus present in the dictionary

with this size being chosen to facilitate quasi-real time re-

construction.

The second dictionary basis is the Mexican hat, which is

often used for time-frequency analysis of EEG signals [22].

Here the dictionary functions are defined by the second deriva-

tive of Gaussian functions:

Ψi(n) =
2

3
π−1/4(1−n2)e−n2/2 (5)

where n is the interval over which the Mexican hat is de-

fined. Here theMexican hat dictionary has been defined with

two intervals of {−5,5} and one interval of {−1,1} giving

a total of 2250 functions in the dictionary by shifting the

centre of the generated functions.

The last four dictionaries considered are Spline based.

These have also been used previously for EEG feature ex-

traction and moreover are known to offer very compact sup-

port. Based upon [5] multi-resolution-like Spline dictionar-

ies, both linear and cubic varieties, are used. Based upon

[4] a B-Spline dictionary is also used, again in linear and

cubic variants. Both dictionaries are constructed on the in-

terval {1,7} with a dilation factor of 2 and translation factor
of 1. Note that the suitability of B-Spline dictionaries for use

with sparse problems has been established previously in [6].

2.2.2 Reconstruction methods

Three methods for carrying out the l1 optimisation in (3) are

used in this work. Basis Pursuit (BP) [17], Matching Pursuit

(MP) [23] and Orthogonal Matching Pursuit (OMP) [25]

are investigated. These are commonly used numerical tech-

niques, each achieving different performance in terms of

computational complexity and reconstruction accuracy.

2.2.3 Measurement matrix

The six different dictionaries and three reconstruction meth-

ods considered here give 18 different implementations of

compressive sensing to be investigated for their applicability

to scalp EEG signals. Given this, in order to keep the num-

ber of results generated and their presentation practical only

one choice for the measurement matrix Φ is used here. This

is selected as a Gaussian random matrix and is generated

using the MATLAB randn function. The same matrix was

used in [8] and it is generally a popular choice to achieve

incoherence with theΨ matrix. The impact of other choices

for Φ on the compressive sensing performance is left to fu-

ture work.

2.2.4 Analysis methods

Quantitative testing of the compressive sensing performance

is carried out by analysing a set of pre-recorded scalp EEG

data. One hour recordings from three subjects are used with

each recording having 19 referential channels (giving a total

of 57 hours of EEG data). All data uses an FCz reference, a

200 Hz sampling frequency, and have the channels: F7, F8,

F3, F4, Fz, C3, C4, Cz, Fp1, Fp2, T3, T4, T5, T6, P3, P4,

Pz, O1, O2. This data is a sub-set (one hour sections from

subjects 19–21) of the EEG data set previously reported in

[14].

For analysis each channel is split into non-overlapping

frames of 750 samples (N = 750) which are compressed

and reconstructed separately. This frame size matches that

used in [8] to allow direct comparison of results. The re-

constructed frames are then concatenated and performance

metrics derived by averaging the performance across chan-

nels.

A total of six performance metrics are presented here,

simply because there is no uniformity in the literature as to

the metrics used to quantify other compression techniques,

and so the aim is to provide the reader with comprehensive

information about compressive sensing. The performance

metrics used include the conventional Signal-to-Noise Ra-

tio (SNR), Peak Signal-to-Noise Ratio (PSNR), Root Mean

Square (RMS) error, Percent of Root-mean-square Differ-

ence (PRD), and Cross-Correlation (CC). The time required

for the reconstruction of a 750 sample frame (corresponding

to 3.75 s of data) using a Quad core Xeon processor with

4 GB of RAM is also presented. Note that this last metric

is not intended as an absolute measure, but as a factor for

comparison between the complexity of the different recon-

struction methods.

3 Results

3.1 Illustration of operation

Fig. 1 illustrates the typical reconstruction performance of

a single N = 750 sample frame of background scalp EEG.

This is based upon the use of the Gabor dictionary, a Gaus-

sian random measurement matrix and the OMP reconstruc-

tion method as the number of measurement samples (M) is

varied. This is equivalent to changing the Compression Ra-

tio (CR):

CR=
M

N
(6)

which corresponds to the fraction of the full data that is

required to represent the signal. A lower figure represents

better performance. Note, however, that many compression
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papers report an alternative figure for the amount of Data

Reduction (DR):

DR= 1−CR. (7)

From Fig. 1 it can be seen how reconstruction of the sig-

nal is possible, and how the quality of this reconstruction

improves as more measurement samples are taken. This is a

key trade-off for anybody interested in implementing a com-

pressive sensing scheme. For comparison Fig. 2 illustrates

the results of the same analysis when the EEG data section

contains an expert marked section of epileptiform activity

(EEG activity characteristic of the presence of epilepsy). It

is seen that the signal is reconstructed, although the recon-

struction error present is larger than in the background EEG

case from Fig. 1.

Fig. 3 illustrates this, showing how the PSNR between

the original and reconstructed signals (the performance met-

ric most widely used by the compressive sensing research

community), and the RMS error, vary with the number of

measurement samples (M) taken. For both background and

epileptiform EEG sections it can be seen that as long as M

is greater than around a third of the total number of sam-

ples (which in this case is 250) the reconstruction perfor-

mance is somewhat constant, with the epileptiform recon-

struction PSNR approximately 1 dB worse than in the back-

ground section. Little improvement in reconstruction accu-

racy is then achieved for increasing the compression ratio.

From these results it is clear that compressive sensing can

be successfully applied to scalp EEG signals. However, the

impact of the dictionary and reconstruction method has yet

to be evaluated.

3.2 Large scale testing

Table 2 presents detailed results for the reconstruction per-

formance of the 18 different compressive sensing implemen-

tations (six dictionaries each used with three reconstruction

methods) used here. This is generated as the average perfor-

mance across all patients and channels in the used EEG data.

To keep Table 2 practical, only one compression ratio is con-

sidered. This is selected as M = 300, giving a compression

ratio of 0.4 as no substantial gain in performance was wit-

nessed with higher values of M in Fig. 3. It is assumed that

this provides results representative of other compression ra-

tios.

Fig. 4 then shows how the PRD reconstruction perfor-

mance metric varies between the three subjects when using

the Basis Pursuit reconstruction method, which achieves the

highest reconstruction accuracy (lowest PRD) from the con-

sidered implementations. The impact of the dictionary used

is also shown. Given the results from Fig. 3, some of the ob-

served inter-subject variation in performance in Fig. 4 will

arise due to the differing levels of epileptiform activity in
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Fig. 3 Illustration of how reconstruction accuracy in Fig. 1 and Fig. 2,

assessed via the PSNR and RMS error, vary with the number of mea-

surement samples (and hence compression ratio) for background and

epileptiform EEG sections. As long as 250 or more measurement sam-

ples are taken the reconstruction accuracy is somewhat constant

different people. However, the amount of expert marked ac-

tivity in the records analysed is low, averaging at 1.3 events

per hour across the three subjects. The inter-subject perfor-

mance results are therefore believed to be indicative of the

variance in the compressive sensing performance given the

natural variances in the EEG between different people.

Finally, the individual best performing case is the cu-

bic B-Spline dictionary in subject 2. The breakdown of per-

formance per EEG channel for this best performing case is

shown in Fig. 5.
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Fig. 1 Qualitative illustration of the reconstruction performance of compressive sensing applied to a background section of scalp EEG at a range

of different Compression Ratios (CR). The EEG section is from channel F7 and is selected as a random background section rather attempting to

be representative of the entire EEG

4 Discussion

From Table 2 it can be seen that, although potentially inter-

esting, system designers should be aware of the limitations

of compressive sensing theory when applied to EEG signals.

For example, at the same compression ratio the reconstruc-

tion accuracy varies considerably depending on the precise

implementation and settings used to perform the compres-

sive sensing. It is not the aim of this paper to compare the

performance and merits of compressive sensing with other

EEG compression techniques (many of the papers in Ta-

ble 1 use a lossless Huffman or run-length encoding after

the lossy compression stage to further improve their com-

pression performance whereas no such encoding is applied

to the results in this paper). Rather, we compare the practi-

cal performance of the different compressive sensing imple-

mentations and leave the decision of which technique is best

to the system designer. This is necessary as this decision will

inevitably involve a different set of trade-offs depending on

the specific EEG application.

Comparing the compressive sensing implementations in

Table 2 it is clear that if reconstruction accuracy is the most

important consideration the Basis Pursuit reconstruction method

works considerably better than either Matching Pursuit or

Orthogonal Matching Pursuit. However, this comes at the

cost of computational complexity and reconstruction time.

Thus Basis Pursuit implementations may not be suitable if

real or quasi-real time reconstruction implementations are

aimed for. If time and complexity are issues and the recon-

struction error can somehow be compromised, the Orthogo-

nal Matching Pursuit method offers a better option.

Also, it is apparent that B-Spline dictionaries are partic-

ularly suitable for use with EEG signals. Independent of the

reconstruction method used they lead to the lowest average

reconstruction error for a similar level of complexity. How-

ever, Fig. 4 demonstrates that this comes at the cost of larger
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Fig. 2 Qualitative illustration of the reconstruction performance of compressive sensing applied to an expert marked epileptiform section of scalp

EEG at a range of different Compression Ratios (CR). The EEG section is from channel F7

variations in the reconstruction performance between dif-

ferent subjects. This is particularly true when compared to

compressive sensing implementations based upon the Gabor

andMexican hat dictionaries. Further, from Fig. 5, large per-

channel variations are present. Reconstruction performance

is particularly good along the midline (Fz, Cz, Pz) and worse

in other regions of the head. In the inner ring of electrodes

(F3/4, C3/4, P3/4) the performance is consistently better in

the right hemisphere (even number) channels than the left

hemisphere channels. In the outer ring of electrodes (Fp1/2,

F7/8, T3/4, T5/6, O1/2) however, this switches and better

performance is consistently obtained from the left hemisphere

channels.

This suggests that the number of EEG channels required

in the intended application, and where they are to be placed

on the head, is a key parameter in the applicability of com-

pressive sensing. For example, it is common for EEG mon-

itoring for epilepsy diagnosis to use up to 32 electrodes,

while as few as four may be used for some Brain-Computer

Interfaces [15]. However, again, there are other factors to

take into account before considering a certain kind of func-

tion for a practical system design. In particular, the power

requirements of the specific chosen hardware platform and

whether the chosen dictionary functions are realisable in

analogue or digital hardware, and continuous or discrete time,

will be important. Ultimately, opting for compressive sens-

ing as a data reduction technique for EEG signals will be

beneficial depending on the overall system aim and the cor-

responding design trade-offs.

This paper has quantified the trade-offs relating to the

practical performance of compressive sensing for 18 dif-

ferent implementations of the theory when applied to scalp

EEG signals. A total of 57 hours of EEG data from three

people and six different performance metrics have been utilised

to provide a comprehensive investigation on a large, multi-

channel, scalp EEG data set. We have thus presented per-

formance results that can aid the EEG system designer to

decide whether the technique is worth using or not, and if
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Table 2 Detailed performance of 18 different implementations of compressive sensing theory applied to 57 hours of scalp EEG data

Dictionary CC SNR / dB PSNR / dB RMS / µV PRD / % Reconstruction

time / s

Basis Pursuit (BP) reconstruction method

Gabor 0.97 13.49 50.42 9.03 23.14 4.87

Mexican hat 0.97 12.51 49.48 10.29 25.11 5.20

Linear Spline 0.97 13.35 50.28 9.04 23.04 3.34

Cubic Spline 0.97 12.70 49.68 9.71 24.96 3.42

Linear B-Spline 0.98 14.59 51.43 7.91 20.39 3.25

Cubic B-Spline 0.98 15.28 52.11 7.38 18.61 3.25

Matching Pursuit (MP) reconstruction method

Gabor 0.85 4.84 42.08 26.47 52.67 1.13

Mexican hat 0.62 -3.71 34.89 75.91 184.77 1.13

Linear Spline 0.95 11.46 48.38 11.10 28.68 1.19

Cubic Spline MP method failed to reconstruct for this dictionary

Linear B-Spline 0.96 12.54 49.43 9.87 25.29 1.17

Cubic B-Spline 0.95 11.25 48.44 10.96 28.71 1.17

Orthogonal Matching Pursuit (OMP) reconstruction method

Gabor 0.94 9.82 46.66 13.51 34.84 2.00

Mexican hat 0.94 9.98 46.93 13.33 34.15 1.78

Linear Spline 0.95 11.24 48.05 11.41 29.60 0.93

Cubic Spline 0.94 10.54 47.42 12.37 31.96 0.94

Linear B-Spline 0.96 11.71 48.52 10.93 27.91 0.89

Cubic B-Spline 0.96 12.17 49.03 10.39 26.47 0.94

Fig. 4 Per subject reconstruction performance using six different dic-

tionaries, the PRD performance metric, and the Basis Pursuit (BP) re-

construction method

so, which one of the different implementations to opt for

given the particular application aims and constraints. The

results show that at present compressive sensing, applied to

a single EEG channel at a time, has limited applicability as a

compression technique for EEG signals, depending mostly

on the application requirements and more specifically on the

reconstruction error that is acceptable. It is anticipated that

the acceptable error may vary significantly depending on the

Fig. 5 Per channel reconstruction performance for the best performing

case from Fig. 4 (subject 2, cubic B-Spline dictionary)

specific application and use of the EEG system. If sufficient

compression performance is achieved, it may be possible to

further utilize compressive sensing to change the design of

the overall system, for example by relaxing the noise speci-

fication for the EEG front-end amplifier [16].

Finally, whilst outside the scope of this work, it is neces-

sary to note that other compressive sensing implementations

are possible, not least through other dictionaries and mea-

surement matrices. The results here are thus not exhaustive.
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Also, it is known that EEG signals have high inter-channel

correlation, or in other words could be jointly sparse, and

some evidence for this is potentially provided by the con-

sistently differing performances observed in different parts

of the head. In future work it may be possible for this joint

sparsity to be exploited to improve the reconstruction perfor-

mance. This is especially relevant for EEG systems which

are customised for medical use where variations in the de-

gree of inter-channel correlation can also be related to the

specific nature of the disease being investigated. The work

presented here provides an analysis framework and more-

over a quantification of the baseline performance to be ex-

pected from compressive sensing. This is essential for es-

tablishing the utility of any such future compressive sensing

implementations.
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