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ABSTRACT

In this paper we present an experiment utilizing the JPEG-2000 image compression standard to
compress multi-channel electroencephalographic (EEG) signals at a lossless quality. We employ
multiple pre-processing methods and assess their performance based on achieved compression
ratio, computational demand, feature set, and complexity relative to existing methods from several
related published works. We propose a simple pre-processing method that arranges multi-channel
EEG matrices into a blocked form which yields an average 2.267:1 lossless compression ratio for
the Brain Computer Interface IV-1 (BCICIV-1) dataset.

I INTRODUCTION

A. ELECTROENCEPHALOGRAPHY

Electroencephalography (EEG) is a method of monitoring electrical activity in the human brain,
where electrodes are positioned in an array on an individual’s scalp. During monitoring, each
electrode generates a one-dimensional signal which is sampled at a uniform rate, typically 250Hz
or higher. When all of these individual electrode signals are temporally aligned, they cumulatively
become the electroencephalogram. Depending on specifications of the hardware, this data can take
up a large amount of storage space. Modern EEG equipment can sample hundreds of electrodes
at sampling rates above 1kHz with high bit rate precision, and often this equipment is used to
monitor brain activity for hours at a time. So, naturally, data compression becomes a necessary
consideration. Spatial correlation between electrodes on the scalp often leads to inter- and intra-
channel correlation in the EEG signal. With an effective compression algorithm we can exploit
this correlation to reduce the stored data file size of EEG signals.
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B. OUTLINE

In Section II we briefly explain the applications of EEG and some relevant criteria for assessing
the overall quality of compression algorithms as applied to EEG signals. In sections III, IV, and
V, we describe three studies performed previously by Giuliano Antoniol [1], Justin Dauwels [2],
and Behzad Hejrati [3], respectively. These studies involved applying lossless compression to
EEG signals, and they serve as baseline references for comparing our own experimental results
later in this paper. In Section VI we report on our own experiment, where we utilize JPEG 2000
to losslessly compress EEG data from the BCICIV-1 dataset. In Section VII we consolidate and
compare relevant numerical results from all of the aforementioned studies. In Section VIII we
summarize the findings of this report and posit some of the practical implications of our findings.
Finally, in Section IX, we briefly describe our plans moving forward with this study based on the
results catalogued in this report.

II COMPRESSION PERFORMANCE CRITERIA

In routine medical practice, EEG is most commonly used to diagnose epilepsy, Alzheimer’s dis-
ease, Parkinson’s disease, dementia, and other neurological disorders [4, 5]. These readings can be
taken in a lab setting or remotely, and the duration of a reading can vary widely between several
minutes to several days. Here, we list some prevalent criteria so as to provide a foundation for the
comparisons and evaluation of data compression methods in this context.

A. LOSSY AND LOSSLESS

Lossy algorithms yield very high compression ratios with the trade-off being that some of the in-
formation is irreversibly discarded [6]. Lossless algorithms yield more modest compression ratios,
but the original signal can be entirely reconstructed from the compressed signal with no error. In
medical applications, ethics are prioritized when applying compression to data. Lossy algorithms
have the potential to erase patterns of data that are crucial in diagnosing illness and disorder. Loss-
less algorithms are therefore overwhelmingly preferred due to the lack of standardization present
for compressing EEG data [1], though there is a field of research dedicated to quantifying the
thresholds in which data of this nature can be discarded without sacrificing performance in the
context of an intended purpose [7, 8, 9, 10, 11].

B. HARDWARE CAPABILITY AND POWER CONSUMPTION

A portable ambulatory EEG recording device would ideally be compact, have a long battery life,
and be capable of storing several days’ worth of data. If the designer of this device chooses to
process the incoming data with a compression scheme for the purpose of maximizing the amount
of potential data capacity, they must also consider the computational complexity of the chosen
scheme, as this factor will affect the required hardware and power demand. Notably, file size
reduction is not as heavily prioritized with modern storage solutions as it was several years ago,
but power consumption and hardware cost continue to be a high priority in ambulatory applications.
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C. COMPATIBILITY

There have been many attempts at standardizing EEG data files, but there is unfortunately no uni-
versally accepted format thus far. The General Data Format (GDF) is one example created for this
purpose [12], but it has yet to be widely adopted. This is a common problem with biomedical data,
as the recording methods and equipment vary widely between manufacturers. The existence of a
standardized file format and compression scheme for EEG data would promote an environment
for industrial-scale archiving. Large archives of EEG data can be used in many fields of research,
especially in developing contextual machine learning algorithms for classifying neurological dis-
orders and emotions [13, 14]. This is, of course, only one of several potential benefits yielded by
universal data compatibility.

Figure 1: Region of Interest (ROI) of an electrode trace compressed at 50:1 CR using JPEG 2000.

D. PROCESSING LATENCY AND REAL-TIME ANALYSIS

In the context of large EEG files, a user may wish to view only a portion of the encoded signal
and/or a selected group of traces. This being the case, it would often be less demanding to transmit
only the desired portion of the data file, assuming it is stored in the cloud where it needs to be
downloaded in order to be viewed. For example, let us imagine the scenario where a user, perhaps
a doctor who is diagnosing a patient remotely over the internet, would like to preview an EEG
and quickly browse for a region of the signal that they find to be most salient in their diagnostic
process. Once this region is located, they would then like to increase the resolution of this region
to a lossless quality. This workflow can be achieved with progressive Region-of-Interest (ROI)
coding. This is not necessarily a crucial feature for a given compression algorithm to possess, but
it is highly sought after in the growing field of telemedicine. In Figure 1, we see a lossy compressed
region as a solid line and the corresponding lossless signal as a dashed line. We note that while
there is a discernible difference between the two, the general features of the signal remain intact
even under heavy compression.

III SIMPLE METHODS

To begin our evaluation of lossless biomedical data compression schemes, we will first explore
an experiment performed by Giuliano Antoniol and Paolo Tonella [1]. Their experiment involved
evaluating the performance of twelve compression schemes on a dataset of 154 EEG signals. The
dataset utilized in this experiment was recorded and compiled at Santa Chiara Hospital, so we will
hereby refer to it as the S. Chiara dataset. While there are twelve compression schemes covered in
their paper, we will only be summarizing two of the most relevant schemes for the sake of brevity.
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A. HUFFMAN CODING

The Huffman compression algorithm is a classic contender that is ripe for employment in EEG.
Generally speaking, the Huffman algorithm assigns weights to symbols in a dataset based on how
often they occur. These weights are then used to assign symbols to code words. The goal here is
to assign the most frequently occurring symbols in a dataset to code words that are much shorter
than the symbols themselves, which will subsequently reduce data repetition. In this experiment, a
lossless compression ratio of 39.5% was achieved with only Huffman coding on average over the
S. Chiara dataset. An additional pre-processing step, known as Differential Pulse Code Modulation
(DPCM), was also applied in this experiment. Applying DPCM involves taking the discrete dif-
ference of the input signal, where each consecutive sample of the output is equal to the difference
between the current and previous samples. With DPCM applied before encoding with Huffman, an
impressive 58% compression ratio was achieved in the same study [1]. This algorithm is desirable
as it can be implemented in an ambulatory EEG system with relatively low computational expense.

B. VECTOR QUANTIZATION

Vector quantization considers data across multiple channels simultaneously, meaning this algo-
rithm can theoretically exploit both temporal and spatial correlation in the signal, whereas Huffman
coding can only take advantage of temporal correlation. Vector quantization works by mapping a
set of data points, Q, in a k-dimensional vector, to a set of code words C. Centroid values are calcu-
lated for chunks of data, where the chunks are typically time-aligned blocks of individual electrode
channel samples. Chunks with similar centroid values are clustered together and assigned to a code
word Ci, where i = 1 : N . The error between each individual centroid and its corresponding code
word is stored in a new vector. From [1]:

Q : Rk → C where C = {y(1), y(2), ..., y(N)} and y(i) ∈ Rk for i ∈ {1, 2, ..., N} (1)

The idea here is that the error vector will be much smaller than the original input because the bulk
of the original input is stored in the code book. Of course, much like the Huffman algorithm, the
effectiveness of vector quantization depends heavily on the amount of repetition that occurs in the
original input signal. The aforementioned experiment performed by Giuliano Antoniol and Paolo
Tonella yielded a noteworthy 59% lossless compression ratio using vector quantization and a 62%
lossless compression ratio using DPCM prior to encoding with vector quantization on the S. Chiara
dataset [1].

IV MATRIX AND TENSOR DECOMPOSITION

A relatively new algorithm that utilizes tensors for EEG compression has been developed in a study
led by Justin Dauwels [2]. “Tensor” is simply the term for a general multi-dimensional vector. In
the study, the sample EEG signals are arranged in two-, three-, and four-dimensional tensors. The
encoder and decoder for this algorithm are pictorially represented in Figure 2. Here, we will
summarize the machinations of the employed tensor decomposition models and we will compare
results in a later section. It is important to note that these models can be lossy, since quantization
of residual error in their decomposition models results in a marginal loss of data. However, we will
only consider here the lossless cases in our later comparison.
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Figure 2: Tensor decomposition-based compression algorithm flowchart, from [2].

A. DECOMPOSITION MODELS

In this experiment, a total of six decomposition models were tested [2]. They are listed as fol-
lows: Singular Value Decomposition (SVD), Column Row (CUR), Parallel Factor (PARAFAC),
TUCKER, Fiber-Sampling Tensor (FSTD), and Compact Tensor (TT). Out of the six, SVD and
PARAFAC were by far the best performers, so they were subsequently chosen to be utilized as
the decomposition models for matrix (2-dimensional) and volume (3-dimensional) tensor formats,
respectively. The authors consider three dimension classes, including s–, t–, and dt–dimensions,
which represent “space”, “time”, and “change in time”, respectively.

B. SINGULAR VALUE DECOMPOSITION (SVD) AND PARALLEL FACTOR (PARAFAC)

When decomposing a tensor, the SVD yields singular values (σi) and vectors (ui,vi), while
PARAFAC yields weights (λi) and loadings (ai,bi, ci). σi and λi are converted to floating-point
binary and stored losslessly. The vectors ui, vi, and loadings ai,bi, and ci are scaled to values
less than unity, converted to fixed precision binary, and then truncated by removing the sign bit
and leading zero. Finally, all remaining bit planes from Most Significant Bit (MSB) to Least Sig-
nificant Bit (LSB) are arithmetically encoded into separate bit streams. The goal of decomposing
tensors here is to allow for a fine control over quality loss based on the target compression ratio.
The user may choose how much truncation they will allow using a tolerance parameter δ. We will
later draw performance comparisons with their findings using δ = 0 (lossless).

Figure 3: Channel clustering-based compression algorithm flowchart, from [3].
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V CHANNEL CLUSTERING

The most novel of the algorithms we will be discussing was introduced by Behzad Hejrati in
2017 [3]. This algorithm has no formal name, but it depends heavily on the concept of channel
clustering, so it is hereby referred to as the channel clustering algorithm. In Figure 3 we see the
chronological processing steps of this method. The first step taken here, denoted as Differential
Pulse Code Modulation (DPCM), is previously described in Section III. In the context of channel
clustering, we must also take the inverse DPCM during the decoding process, which means we
simply add the previously reconstructed sample back to each consecutive output sample. The next
step, denoted in the figure as “Clustering”, is identical to that of which is described in Section
III for vector quantization. Finally, the cluster centroids and their residual error vectors for each
channel in the cluster are arithmetically encoded.

VI JPEG 2000

A. OVERVIEW

In our own experiment, we chose to utilize JPEG 2000 to compress EEG data. JPEG 2000 is a
wavelet-based image compression standard that offers some notable improvements over the orig-
inal JPEG standard. One of the most prominent advantages that this standard has over JPEG is
scalability. Images that are encoded at a high or lossless quality can be exchanged and decoded
at lower quality levels with corresponding decreases in file sizes without trading off any computa-
tional efficiency [15]. While not commonly used in consumer applications, this standard is espe-
cially useful in medical, geological, and archaeological fields, among others. The key difference
between JPEG and JPEG 2000 are their underlying compression schemes, where JPEG utilizes the
discrete cosine transform and JPEG 2000 uses the wavelet transform for energy compaction. It
has been shown that the wavelet transform offers superior performance in objective quality versus
compression ratio, with the trade-off of being a slightly more complex implementation [16, 17].
JPEG 2000 is available as an open-source, royalty-free codec and is highly compatible, meaning
files can be exchanged universally without the need for paid or proprietary software. JPEG 2000
also supports progressive decoding and interactive remote browsing, known as JPIP. Region of
Interest (ROI) coding allows for interactive remote browsing, and is especially advantageous in
low-bandwidth cloud applications [18]. There is additional literature available via the references
listed here which cover the JPEG 2000 standard more thoroughly [19, 20, 21]. The superior perfor-
mance and scalability of JPEG 2000 make for an excellent solution in compressing EEG signals.

Figure 4: 1/16 section of directly encoded EEG image.
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B. ENCODING PROCESS

B.1 Value Scaling and Normalization

EEG data can be stored in a variety of numerical formats depending on the equipment used for
recording and any post-processing that is executed by an intermediate party. Thus, we must account
for data type conversions in our algorithm to ensure compatibility with JPEG 2000. In our experi-
ment, we utilized libraries of EEG data from the Brain Computer Interface Competition IV (BCI-
CIV) dataset. This set contains EEG files with wide ranges in sample duration and electrode count,
some of which are stored in double-precision floating-point format. We first import a set of EEG
signals, E, into Matlab. The individual EEG matrices, Ei for i = 1, 2, ..., N where N is the number
of EEG signals in the dataset, are scaled in the range [min(Ei), max(Ei)] → [20, 216] ∈ Z, where
the min(Ei) and max(Ei) values are stored for later reconstruction. Following a pre-processing
step, the matrix is then fed through a JPEG 2000 encoder where it is compressed at a lossless 16-
bit quality and finally stored as a .jp2 file. Next, we describe the two pre-processing methods we
employed within this algorithm.

B.2 Direct Encoding

This first pre-processing approach, referred to here as the direct method (JP2-dir), simply encodes
a scaled matrix Ei as a JPEG 2000 image without any additional pre-processing steps. An example
of this sort of image can be seen in Figure 4. Each row is an individual electrode channel and each
column is a simultaneous temporal sample from all channels. The EEG reconstruction process is
straightforward in this case, as the signal already has the correct dimensions when imported.

Figure 5: Direct-alternating-block method pre-processing diagram.

B.3 Direct-Alternating-Block Encoding

The second pre-processing approach, which we call the direct-alternating-block method (JP2-blk),
rearranges the signal such that temporal blocks of the entire EEG signal are positioned in sequential
columns whose temporal direction alternates in a raster scan. A diagram of this process can be seen
in Figure 5. Referring to the nomenclature defined in this same figure, if the signal length is not an
integer multiple of the chosen block size, there will be some remainder in the rearranged matrix.
This empty space is simply filled with zeros. With a block size BS = 29, JP2-blk yields an
approximate 5% increase in compression relative to JP2-dir, as shown in Figure 6.
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Figure 6: Compression analysis for direct and direct-alternating-block method using JPEG 2000.

VII PERFORMANCE ANALYSIS

A. SIMPLE METHODS

In this section, we consolidate the relevant results from each of the previously reported experiments
and compare them. Firstly, we note that the study published by Giuliano Antoniol was conducted
approximately 25 years ago, so their results are not directly comparable to the more modern exper-
iments discussed here. This is mostly because the S. Chiara dataset used in their experiment is not
a common one relative to the BCICIV dataset of which is used as a standard in many published
works today. In Section III we briefly mention that the file size reductions of Huffman coding and
vector quantization on their chosen dataset are, on the average, 58% (1.61:1 CR) and 62% (1.72:1
CR) respectively. The inability to make direct comparisons means we cannot say much about
these values in a global sense. Their low computational complexities mean that Huffman coding
and vector quantization are both feasible candidates for general-purpose compression schemes in
this context, especially in ambulatory applications.

Table 1: Left — MC-EEG tensor decomposition compression ratios for δ = 0 (lossless case), from [2].
Right — Compression ratios on BCICIV-MI for JPEG 2000 and channel clustering method, from [3].

Dataset t/s t/dt/s s/s/t Data C.Cluster JP2-blk JP2-dir
EEG-MMI 1.72 1.77 1.56 a 2.39 2.42 2.23
BCICIII-MI 1.75 1.82 1.56 b 2.59 2.56 2.38
BCICIV-MI 1.39 1.63 1.43 c 2.88 1.86 1.80
Intracranial 1.56 1.96 1.11 d 3.05 2.05 1.99
— e 2.42 2.50 2.42
— f — 2.50 2.29
— g — 2.39 2.21
— x̄ 2.66 2.33 2.19
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B. TENSOR DECOMPOSITION

We may now take a look at Table 1, where, on the left, we find the lossless compression ratios
across four datasets and the three tensor formation methods as described previously. We note here
that the t/dt/s tensor yields the best compression performance across all four sets. While we do
have a metric here for the BCICIV-MI dataset, it is not clear exactly which files were used within
the set. If we assume that the chosen files are identically comparable, we can say that even the
best-performing model in the tensor decomposition experiment performs very poorly compared to
the channel clustering method.

C. CHANNEL CLUSTERING AND JPEG 2000

On the right of Table 1, we observe a comparison of our JPEG 2000 based approach using the
two previously described pre-processing methods with the channel clustering algorithm on the
BCICIV-MI dataset. We note that the JP2-dir method is the least effective of the three, but this is
expected given its relative simplicity. In Figure 6 we can see that for a block size of approximately
29, JP2-blk performs especially well relative to JP2-dir across the dataset. Referring back to Table
1, the channel clustering algorithm beats JP2-blk by a large margin on two out of three of its
victories. Aside from that, the two are closely matched.

VIII CONCLUSIONS

In this report, we summarized five unique compression methods for EEG signals from four dif-
ferent experiments and compared their performances based on a set of criteria defined previously
within the context of EEG data. Out of all of the compression methods we’ve discussed, it is clear
that the channel clustering algorithm yields the highest lossless compression ratio on average.
However, this metric is not the only one of significance: JPEG 2000 is a very effective solution in
that it offers similar compression performance to that of channel clustering while also offering ad-
ditional features that would allow for streamlined real-world implementation in the medical indus-
try. These additional features include progressive ROI decoding [18], interactive remote browsing,
high compatibility, and even standardized security protocols (JPSEC). Furthermore, researchers
have successfully used the JPEG 2000 algorithm to compress other biomedical signals including
electrocardiograms [22], computed tomography, magnetic resonance images [23], and other com-
mon medical image types [24]. This attests to the breadth of medical-related applications for this
compression standard. In terms of disadvantages, JPEG 2000 is a relatively complex compression
scheme as a result of its extensive feature set. With ever-increasing processing power, however, it
may also become increasingly practical for ambulatory EEG. Notwithstanding, compatibility and
universality issues remain prevalent in the medical industry [25]. We offer JPEG 2000 as a well-
equipped candidate to solve these issues, but there is still much testing to be done before full-scale
employment can be realistically considered.
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IX FUTURE WORK

We plan to employ JPEG 2000 and our aforementioned pre-processing algorithm in real-world
applications to test the feasibility of adopting this compression standard in the medical industry.
OpenBCI, a popular open-source EEG acquisition system, allows us to record and process EEG
signals in real-time, and we would like to implement JPEG 2000 compression functionality di-
rectly within the OpenBCI GUI software interface. This would allow users to compress incoming
signals in real-time and to later visualize the compressed signals over limited bandwidth channels
using JPIP while securely exchanging the sensitive data using JPSEC. The availability of these
features in OpenBCI would theoretically allow for a streamlined EEG recording, storing, viewing,
transferring, and processing experience in both ambulatory and laboratory settings.
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