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Abstract Although physiologically-indicative signals
can be acquired in low-power biomedical sensors,
their accurate analysis imposes several challenges.
Data-driven techniques, based on supervised machine-
learning methods provide powerful capabilities for po-
tentially overcoming these, but the computational en-
ergy is typically too severe for low-power devices. We
present a formulation for the kernel function of a
support-vector machine classifier that can substantially
reduce the real-time computations involved. The for-
mulation applies to kernel functions employing poly-
nomial transformations. Using two representative bio-
medical applications (EEG-based seizure detection and
ECG-based arrhythmia detection) employing clinical
patient data, we show that the polynomial transforma-
tion yields accuracy performance comparable to the
most powerful available transformation (i.e., the radial-
basis function), and the proposed formulation reduces
the energy by over 2500× in the arrhythmia detector
and 9.3-198× in the seizure detector (depending on the
patient).

The authors thank Dr. A. Shoeb (MGH, MIT, now with
WeatherBill) for valuable discussions and algorithm testing
support. They also acknowledge the support of the Gigascale
Systems Research Center, one of six research centers funded
under the Focus Center Research Program (FCRP),
a Semiconductor Research Corporation entity.

K. H. Lee (B) · S.-Y. Kung · N. Verma
Princeton University, Engineering Quadrangle,
Olden Street, Princeton, NJ 08544, USA
e-mail: kyonglee@princeton.edu

Keywords Kernel-energy trade-off ·
Energy efficiency · Machine learning ·
Biomedical devices

1 Introduction

The recent emergence of low-power ambulatory
recording technologies for biomedical signals [1–3]
raises unprecedented opportunities for devices to add
substantial clinical value. Although the signals avail-
able through such sensors can potentially provide rich
physiological information, the processes through which
they manifest are extremely complex and subject to
numerous interference and noise sources [4]. Many
compelling applications are emerging, however, that re-
quire the ability to interpret specific physiological states
in real-time; closed-loop (i.e., responsive) therapeutic
and prosthetic devices [5, 6] and intelligent devices for
chronic monitoring are important examples [7, 8]. As
we describe in this paper, high-order signal models are
required to accurately detect the specific states of in-
terest, but the application of these models poses severe
energy constraints in small-scale biomedical sensors.

Specifically, Fig. 1 illustrates the complexities typi-
cally encountered with physiological signals. The signals
shown correspond to the electroencephalograph (EEG)
of an epileptic patient. The EEG is a voltage signal,
typically of amplitude less than 100 μV, that is available
on the surface of the scalp. It originates due to elec-
trophysiological activity of neuronal cells in the brain
and thus exhibits correlations with seizures. However,
several challenges are apparent. First, Fig. 1a shows that
the signals are subject to numerous physiologic variances.
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Figure 1 a EEG signals from a patient showing normal activity
(during sleep) and seizure activity, which is difficult to discrimi-
nate. b EEG signals corresponding to seizures from two different
patients, showing different excitation characteristics.

A transient burst is highlighted that corresponds to
normal EEG activity during sleep (called spindles). Fol-
lowing this, a burst associated with a clinical seizure is
labeled. Though distinct from the background, the chal-
lenge is that the two bursts are similar, necessitating sig-
nal models that are capable of making distinctions with
high specificity. Second, Fig. 1b shows that the precise
model that is required is variable. Two patient EEGs
are shown, each exhibiting different seizure manifesta-
tions (both in terms of the affected channels and the
excitatory response). Thus, the model must be selective
to distinguish between seizure and non-seizure activity,
but it must also be flexible and efficiently constructed
to handle variabilities in seizure manifestations.

Considering these challenges, techniques based on
data-driven modeling provide powerful capabilities for
analyzing physiological signals [9, 10]. These techniques
imply using the physical waveforms to construct the
high-order models required. By leveraging modeling
frameworks from the domain of supervised machine
learning, efficient methods to construct such models
with limited data are possible. In chronic devices for
biomedical sensing, however, the power constraints are
typically in the range of 10–100 μW for implantable
devices and 1–10 mW for wearable devices [11]. As we
attempt to incorporate these methods into such low-
power devices, computational energy emerges as the

critical challenge. In this paper, we make the following
contributions:

– We perform energy analysis of representative data-
driven algorithms for real-time biomedical detec-
tion. This identifies the need for high-order signal
models as the key limitation.

– We present a new approach for formulating the
kernel functions involved that alters the energy
characteristics of the computations. This has the
potential to dramatically reduce the energy when
complex signal models are required.

– We demonstrate the energy savings in two biomed-
ical applications (seizure detection and cardiac-
arrhythmia detection) using clinical patient data.
We show that the proposed approach retains the
performance of the detectors while potentially
yielding orders of magnitude energy savings.

2 Computational Energy Analysis

In this section, we first present details regarding the
algorithmic framework that is considered. Following
this, we present an energy analysis, using the seizure-
and arrhythmia-detection applications as a case study.

2.1 Background on the Algorithmic Framework

A block diagram of a typical data-driven algorithm is
shown in Fig. 2. There are two phases: (1) training and
(2) real-time detection. In this work, we focus on the
Support Vector Machine (SVM) [12], which is pow-
erful supervised learning framework for realizing such
algorithms. SVMs have gained wide-spread popularity
due to their computational efficiency, and have proven
particularly suitable for medical applications due in
part to their robustness in the case of minimal training
data [13]. SVMs analyze signal segments by deriving
features from the signal and representing these as a vec-
tor. During training, feature vectors are assigned class
labels, and an algorithm is used to select an optimal set
of feature vectors at the boundary of the two classes in
order to construct a decision function (as illustrated in
Fig. 2b). The set of chosen vectors is called the support-
vector model. The process described can be expanded
to support multiclass problems [14].

Since the support-vector model can be derived
offline, the energy for training is not of primary con-
cern. For real-time detection, however, the support-
vector model must be applied in an on-going manner
to classify a continuous signal. The energy of real-
time detection is thus a primary concern on the sensor
platform.
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Figure 2 a In the SVM framework, training occurs infrequently
based on previous observations with expert annotations, and,
following this, real-time classification uses the derived model to
perform detection. b SVM training conceptually involves deriv-
ing a decision boundary in the feature space that separates the
two classes of training data; the decision boundary is represented
by selecting feature vectors occurring at the edges of the data
distributions (for illustration, the high-dimensional feature data
is plotted in 2D using principal component analysis).

2.2 Application Case Studies

To analyze the energy limitations of detection, two
biomedical applications have been considered: (1) ar-
rhythmia detection based on electrocardiogram (ECG)
signals and (2) seizure detection based on electroen-
cephalogram (EEG) signals. Figure 3 shows the feature
extraction computations required in the two applica-
tions. The features correspond to physiological bio-
markers, i.e., parameters that exhibit some correlation
(though the precise correlation may be unknown) with
the physiological states we are interested in detecting.
In the arrhythmia detector, the features correspond to
the morphology of the ECG waveform. These are de-
rived by sampling points as shown around the R-peak.
In addition to the waveform samples, the time intervals
between R-peaks provide three additional features.
The total dimensionality of the resulting feature vector
is 21 [15].

In the seizure detector, the features correspond
to the spectral energies over a two-second window.
These are obtained by applying 8 band-pass filters
with different center frequencies to each EEG channel.
Each filter is then followed by an accumulator. Up to
18 EEG channels can be used, giving a feature-vector
dimensionality as high as 432 [16].

After deriving the support-vector model (sv) from
the training phase, the feature vector (x) for the incom-
ing data is classified based on the computed sign of the
decision function shown in Eq. 1:

Let f (x) denote the decision function

f (x) =
N∑

i=1

K(svi, x)αi yi − b

=
N∑

i=1

exp

(
− ||svi − x||2

σ 2

)
αi yi − b

(classification) = sgn( f (x)) (1)

A kernel transformation (K) is commonly used to
transform the data to a higher dimensional space, es-
sentially yielding much greater flexibility in the deci-
sion boundary [13]. The kernel, using a radial-basis-
function (RBF) transformation, is shown (where αi, yi,
and b are training parameters). The RBF provides very
high flexibility, resulting in substantial performance
enhancement. From Eq. 1, it can be seen that both

(a)

(b)

Figure 3 a Feature extraction for arrhythmia detection using
ECG-morphology features and R-to-R interval features to form
a feature vector. b Feature extraction for seizure detection using
EEG spectral-energy features extracted using band-pass filters
followed by accumulators operating over a two-second window.
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Table 1 Feature-extraction and classification energy for seizure
and arrhythmia detection using a cycle-accurate instruction-set
simulator [17].

Application Feature extraction Classification Ratio
energy energy

Seizure 1.44 mJ/FV 26.98 mJ/FV 18.7
detection (5.3 Mcycles) (99 Mcycles)

Arrhythmia 1.56 mJ/FV 49.52 mJ/FV 31.7
detection (5.7 Mcycles) (181 Mcycles)

Classification energy dominates over feature extraction for the
two representative applications. Cycle counts from the simulator
are denoted in parenthesis (272pJ/cycle is assumed from lab
measurements for energy calculation).

the number of support vectors (N) and the feature-
vector dimensionality (due to the vector operations)
will impact the computational energy.

Table 1 shows energy profiling results for the appli-
cations considered. The results are derived from cycle-
accurate instruction-set simulation of a low-power mi-
croprocessor (MSP430) [17]. A key observation is that
the classification energy dominates over that of feature
extraction by a factor of nearly twenty and over thirty
for the respective applications. This motivates the need
for approaches that substantially reduce classification
energy. In particular, the surface plot in Fig. 4 shows
how the classification energy scales with respect to the
number of support vectors and the vector dimensional-
ity. These quantities are representative of the algorith-
mic complexity of an application, and, in particular, the
number of support vectors reflects the complexity of
the model involved. As shown in the figure, the applica-

Figure 4 Surface plot showing how the classification energy
scales with the number of support vectors and the feature-vector
dimensionality. The chosen applications stress both of these
parameters

tions chosen stress the two quantities respectively. The
arrhythmia detector requires over 15k support vectors,
while the seizure detector requires as many as 600, but
has a high feature-vector dimensionality (of 432).

3 Energy-driven Kernel-function Formulation

Given the severe classification energy observed in Sec-
tion 2.2, our focus in this section is to find alternate
formulations of the kernel function that lower energy
while maintaining classifier performance. It is worth
noting, that approaches have been suggested for re-
ducing the feature-vector dimensionality [18–20] and
reducing the number of support vectors [21], providing
a potential means for overcoming the energy limita-
tions seen in Fig. 4. In fact, several highly-effective
application-specific and generic approaches for vector
dimensionality reduction have been reported [18, 19];
as an example, such approaches are considered in the
analysis of Section 4.2. The methods for support vec-
tor reduction, however, typically lead to corresponding
degradation in classifier performance [8, 21]; the extent
to which such methods can be applied is thus limited.
This section presents alternate kernel-function formu-
lations that address the energy scaling exhibited with
respect to the number of support vectors. In fact, what
results is a new kernel-energy trade space involving
performance, support-vector scaling, and dimensional-
ity scaling. As a result, the powerful dimensionality re-
duction methods can thus be leveraged to also manage
the large number of support vectors that are required
in many applications. This section starts by discussing
the need for non-linear transformations in the kernel
function, which is what leads to the problematic energy-
scaling. Then, the new kernel-function formulation
is presented. Last, the resulting energy tradeoffs are
analyzed.

3.1 Need for Non-linear Kernel Functions

As previously mentioned, the transformation function
(K) enhances the flexibility of the kernel by introducing
the possibility of non-linearity, which effectively allows
the data to be represented in a higher dimensional
space. In fact, this non-linearity is precisely the source
of the problematic energy scaling exhibited with respect
to the number of support vectors. If a linear function is
chosen for K, the input feature vector can be factored
out of the kernel function summation, allowing the
summation to be precomputed over all of the support
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vectors into a single decision vector (w), as shown in
Eq. 2:

f (x) =
N∑

i=1

K(svi, x)αi yi − b

=
N∑

i=1

(svi · x)αi yi − b

=
(

N∑

i=1

sviαi yi

)
· x − b

= w · x − b (2)

The problem with the linear kernel is that it does
not yield sufficient classifier flexibility. In fact, both
in the experiments of Section 4 and in previous re-
ports [22], linear kernels are shown to be insufficient
for biomedical detector applications. As an example,
Fig. 5 illustrates the limitation using clinical data for
a seizure detector employing intracranial EEG. In
the two-dimensional feature space, the linear decision
function results in the misclassification of several non-
seizure points, implying a high rate of false positives.
On the other hand, the RBF decision function results in
superior performance. In biomedical sensing, the com-
plex correlations between biomarkers and the physio-
logical states of interest typically require the flexibility
afforded by non-linear transformation functions.

The high degree of flexibility offered by the RBF
kernel has made it a popular choice across applications.
We, however, turn our focus to the polynomial kernel,

Figure 5 Feature-space plot using intracranial EEG data, show-
ing the effectiveness of the linear and RBF kernels. The linear
kernel misclassifies many non-seizure points whereas the RBF
kernel yields high flexibility in the decision boundary, leading to
much better performance.

which provides non-linearity for an intermediate level
of flexibility. Because they are not as strong as the
RBF kernel, polynomial kernels have been far less
frequently used, particularly in medical applications.
However, as we show in this section, they can pro-
vide an opportunity to overcome support-vector energy
scaling through precomputation, similar to the linear
kernel, but while also providing much higher flexibility.
RBF kernels, due to their use of an exponential func-
tion, do not offer such an opportunity. As a result,
polynomial kernels can introduce a valuable benefit
when computational energy is a critical concern.

f(x)=
N∑

i=1

K(svi, x)αi yi − b

=
N∑

i=1

(βsvi · x + γ )2αi yi − b

=
N∑

i=1

[
1 x1 x2 . . . xM

]

×

⎡

⎢⎢⎢⎢⎢⎣

γ

βsvi1

βsvi2
...

βsviM

⎤

⎥⎥⎥⎥⎥⎦

[
γ βsvi1 βsvi2 . . . βsviM

]

⎡

⎢⎢⎢⎢⎢⎣

1
x1

x2
...

xM

⎤

⎥⎥⎥⎥⎥⎦
αi yi −b

=
N∑

i=1

XTSiSi
TXαi yi − b

= XT

(
N∑

i=1

SiSi
Tαi yi

)
X − b (3)

3.2 Kernel Formulation to Overcome Energy Scaling

Equation 3 shows how a 2nd-order polynomial kernel
can be reformulated to permit precomputation over the
support vectors. The dot product and squaring com-
putations in the polynomial kernel can be rewritten in
vector multiplication form. The input vector, x, is used
to form a new vector, X, and each support vector is used
to form a new vector, Si, both having one additional
constant term. X can then be factored out of the sum-
mation, yielding a vector-matrix-vector multiplication
between X and a new decision matrix. The decision
matrix corresponds to the sum of matrices formed by
multiplying Si with its transpose.

With this formulation, energy scaling with respect to
the number of support vectors is overcome since the
support-vector decision matrix can be precomputed.
However, because the feature-vector computations are
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converted to matrix computations, the number of arith-
metic operations required scales more severely with
the dimensionality of the vectors. Roughly speaking,
the scaling is quadratic rather than linear. The same
reformulation can be applied to higher even-ordered
polynomial kernel functions, with correspondingly se-
vere scaling due to feature-vector dimensionality.

3.3 Kernel-energy Tradeoffs

As discussed in Section 4, polynomial functions are
effective in a broad range of applications. The new
energy tradeoffs offered by the formulation of Eq. 3
can thus potentially be broadly exploited. This section
analyzes the trade space that results thanks to the
various kernel functions and their formulation options.

Based on instruction-set simulation of an MSP430
microprocessor, Fig. 6a shows how the energy scales

Figure 6 a Classification energy with respect to the number
of support vectors. Computational reformulation of the polyno-
mial kernel overcomes energy scaling. b Classification energy
with respect to the feature-vector dimensionality. The quadratic
scaling of the polynomial kernel with computational reformula-
tion is due to conversion of vector multiplications into matrix
multiplications.

with respect to the number of support vectors (for
illustration a feature-vector dimensionality of 100 is
assumed). With linear kernels, the formulation of Eq. 2
permits constant energy. As mentioned previously, and
as shown quantitatively in Section 4, these kernels may
not provide sufficient flexibility for performance com-
parable to the RBF kernel. Both the conventional RBF
and polynomial kernels, however, exhibit the energy
scaling shown. Utilizing the formulation of Eq. 3, this
energy scaling is overcome. Of course, it remains to be
seen (Section 4) whether the polynomial kernel leads
to sufficient performance.

Although the proposed formulation overcomes en-
ergy scaling in Fig. 6a, the y-intercept is higher than
that of the conventional formulation. As mentioned,
this results due to more severe energy scaling with the
feature-vector dimensionality. Figure 6b shows the cor-
responding energy-scaling trend (for illustration, 200
support vectors are assumed). While the conventional
formulations exhibit energy that scales linearly with
feature-vector dimensionality, the proposed formula-
tion exhibits energy that scales quadratically for a 2nd-
order polynomial kernel, due to the matrix computa-
tions involved.

The tradeoffs suggest that applications requiring a
large number of support vectors but a modest feature-
vector dimensionality can substantially benefit from the
formulation proposed. As discussed in Section 4.2, the
availability of various methods for reducing the number
of features makes this tradeoff potentially of high value.
As mentioned, however, this tradeoff is only available
for polynomial kernel functions that permit the formu-
lation of Eq. 3. In the next section, the performance
of the clinical applications using a polynomial kernel is
validated.

4 Experimental Analysis

As described in Section 2.2, we have considered two
representative biomedical applications for experimen-
tal analysis: arrhythmia detection based on clinical
ECG data and seizure detection based on clinical EEG
data. As shown in Fig. 4, arrhythmia detection requires
a very large number of support vectors. On the other
hand, seizure detection needs a modest number of
support vectors, but the feature-vector dimensionality
is high. In this section, we apply effective techniques
including [18] to reduce the feature vector dimension-
ality so that the trade-off introduced by computational
reformulation is highly beneficial.
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4.1 Arrhythmia detection

The arrhythmia detector is based on the feature-
extraction computations shown in Fig. 3a. The compu-
tations are implemented in Matlab, and the open source
SVM-Light package is used to implement the classifier
[23]. Clinical data for the experiments is obtained
from the MIT-BIH arrhythmia database, PhysioNet
http://www.physionet.org, which contains cardiologist-
labeled ECG data over 46 patients.

Performance analysis The performance requirements
depend on the clinical application, where the appli-
cation could range from closed-loop stimulation of a
therapeutic device to clinician monitoring of patient
response to a medication plan. Since high performance
is desired in all of these applications even though they
have varied sensitivity and specificity requirements, our
aim is to benchmark performance against the current
state-of-the-art detectors. This corresponds to the RBF
detectors described.

Table 2 shows the performance using three different
kernel functions. The metrics used for this application
are the true-positive rate (TPR), the true-negative rate
(TNR), and the false positive rate (FPR). The linear
kernel results in substantially lower performance, while
the polynomial and RBF kernels result in comparable
performance. Consequently, the formulation of Eq. 3 is
a viable option.

Energy analysis The number of support vectors is
also shown in Table 2. In all cases, a large number is
required, and the polynomial kernel actually results in
substantially more than the other two. As a result, the
formulation of Eq. 3 leads to significant energy savings.
Figure 7 first shows the energy savings going from the
RBF to the conventional 2nd-order polynomial kernel;
despite the higher number of support vectors, 2.36×
energy savings are achieved thanks to the simpler trans-
formation function. With the new formulation, how-
ever, over 1100× energy savings are achieved thanks to
the ability to precompute the support-vector decision

Table 2 Performance of the arrhythmia detector with different
kernels.

SVM Kernel TPR TNR FPR # of S.V.

Linear 57.1% 90.6% 30.4% 16066
Poly (2nd order) 74.6% 89.0% 28.1% 24363
RBF 75.9% 90.3% 25.4% 14246

The linear kernel shows poor performance whereas the polynomial
kernel shows similar performance to the RBF kernel. (TPR =
true positive rate, TNR = true negative rate, FPR = false positive
rate).

Figure 7 Energy saving of arrhythmia detection. Because of the
large number of support vectors, the proposed polynomial kernel
formulation saves energy by 1114.5×, leading to the total energy
saving of 2627×.

matrix. The energy numbers are based on instruction-
set simulation of the MSP430 microprocessor.

4.2 Seizure Detection

The seizure detector is based on the feature-extraction
computations shown in Fig. 3b. Clinical data for the
experiments is obtained from the CHB-MIT seizure
database (PhysioNet http://www.physionet.org, [24]),
which contains neurologist-labeled EEG data over 22
patients. The algorithm used relies on constructing a
patient-specific support-vector model. Results are thus
shown individually for the 22 patients.

Performance analysis Table 3 shows the performance.
The metrics used for this application are the sensitivity,
latency, and rate of false alarms [16]. The linear, poly-
nomial, or RBF kernel function is chosen in decreasing
order of preference, such that minimal performance
degradation is suffered for each patient. The chosen
kernel is noted, and the performance of the RBF kernel
is shown in brackets for comparison. For most patients,
the polynomial kernel is sufficient, and in some cases,
even a linear kernel can be used. In only five of the
cases an RBF kernel is required.

Feature reduction via channel selection Because of the
potentially large feature-vector dimensionality in this
application, the formulation of Eq. 3 may not be di-
rectly viable. As mentioned, however, several methods
for feature reduction are available. As an example, in
[18] it has been shown that seizure detection can poten-
tially require only a few EEG channels, since seizures
typically originate in a particular region of the brain.
For illustration, we select the channels by incrementally
adding one channel at a time that results in the largest
performance improvement, until performance similar

http://www.physionet.org
http://www.physionet.org
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Table 3 Performance of
seizure detection.
Performance for each patient
is reported with the average
performance at the bottom.

The performance of the RBF
kernel is also shown in
brackets for comparison.
Poly4 (4th-order polynomial
kernel) is used for two
patients. Poly4 uses a
inner-product computation
similar to poly2, but it
requires creating a
four-dimensional matrix
rather than the
two-dimensional matrix of
Eq. 3 to enable the
precomputation.

Patient # Kernel Sensitivity Latency Rate of false alarms
(#detected/#total) (sec) (# per day)

1 Linear 7/7 [7/7] 4.29 [2.00] 0.00 [1.19]
2 Poly2 3/3 [3/3] 5.67 [5.67] 1.36 [0.00]
3 Poly4 7/7 [7/7] 1.86 [1.86] 0.63 [0.63]
4 Linear 5/5 [4/5] 3.80 [3.00] 0.62 [0.00]
5 RBF 10/10 [10/10] 3.40 [3.40] 2.52 [2.52]
6 RBF 2/2 [2/2] 12.5 [12.5] 0.38 [0.38]
7 Poly2 5/5 [5/5] 4.20 [4.20] 2.40 [1.20]
8 RBF 4/4 [4/4] 5.50 [5.50] 0.00 [0.00]
9 Poly4 7/7 [7/7] 4.29 [1.58] 0.48 [0.96]
10 Poly2 3/3 [3/3] 1.67 [2.00] 0.69 [2.07]
11 Poly2 27/27 [27/27] 6.37 [4.82] 11.19 [10.17]
12 Linear 11/12 [11/12] 9.19 [9.55] 7.29 [8.02]
13 Linear 8/8 [8/8] 3.63 [3.13] 0.00 [0.93]
14 Poly2 20/20 [20/20] 8.95 [8.60] 9.02 [9.62]
15 Linear 9/10 [9/10] 2.67 [2.23] 5.05 [5.05]
16 Poly2 2/3 [2/3] 6.50 [5.50] 4.59 [4.59]
17 Poly2 5/6 [6/6] 6.80 [11.34] 2.70 [2.03]
18 Poly2 3/3 [3/3] 4.57 [6.34] 0.00 [0.00]
19 RBF 8/8 [8/8] 1.50 [1.50] 0.87 [0.87]
20 Poly2 4/4 [4/4] 1.75 [2.50] 2.94 [2.20]
21 RBF 3/3 [3/3] 9.67 [9.67] 1.55 [1.55]
22 Poly2 7/7 [7/7] 1.58 [2.29] 8.15 [7.25]

Overall average 97.6% [97.6%] 5.26 [4.95] 2.53 [2.53]

to the full 18-channel case is achieved. Figure 8 shows
the results of such a process for one patient (Patient
7). In this case, only 2 EEG channels are required to
achieve the full-channel performance. A similar process
is applied for other patients, and the results are shown
in Table 4.

Feature reduction via principal component analysis
We apply another powerful yet generic technique for
feature reduction, principal component analysis (PCA),
to reduce the feature-vector dimensionality even fur-
ther. PCA is a procedure that extracts uncorrelated

Figure 8 Channel selection in a seizure detector (for patient 7).
With only two EEG channels, performance comparable to the
full 18 EEG channel case is achieved.

components in the data and projects the data onto
the uncorrelated basis. Figure 9 illustrates the concept
using seizure data, where two-dimensional vectors are

Table 4 Channel selection and PCA of for feature reduction in
the seizure detection algorithm.

F.V.Dim. Sensitivity Latency False positive
(# EEG Ch)

Patient 7
432 (18) 100% 4.20 sec 2.4/day
48 (2) 100% 4.40 sec 2.4/day
20 (4) 100% 4.60 sec 3.6/day

Patient 11
432 (18) 100% 6.37 sec 11.2/day
96 (4) 96.3% 7.77 sec 12.2/day
20 (4) 92.6% 7.80 sec 11.2/day

Patient 14
432 (18) 100% 8.95 sec 9.02/day
72 (3) 90.0% 9.50 sec 10.23/day
20 (3) 90.0% 7.39 sec 8.42/day

Patient 20
432 (18) 100% 1.75 sec 2.94/day
96 (4) 100% 2.50 sec 2.94/day
70 (4) 100% 2.50 sec 4.40/day

The number of channels are significantly reduced while the per-
formance degradation is minimal, and further feature vector re-
duction is achieved using PCA. The feature vector dimensionality
(F.V.Dim) and the corresponding number of EEG channels is
shown in parenthesis. In each patient, the first line is the baseline
performance with the full 18 channels, the second line is the
performance after channel selection, and the third line is the
performance after also applying PCA.
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Figure 9 Illustration of principal component analysis (PCA)
using two features from EEG data (feature A and B). PCA finds
a principal component that data show the most variance and
projects the data on the principal component. PCA, thus, returns
n principal components from n-dimensional features in the order
of decreasing signal variances.

projected onto a single dimension. The feature-vector
dimensionality can thus be reduced with minimal per-
formance degradation by selecting m principal compo-
nents that exhibit the strongest correlations.

We applied PCA to the patient data after channel
selection. The resulting detector performance is shown
in Table 4. Most patients show comparable perfor-
mance even with substantial feature reduction. Patient
14 shows improved performance after PCA, implying

Figure 10 Energy savings for Patient 7 in the seizure detection
application. Directly applying computational reformulation on
the full 18-EEG channel detector does not save energy; after
channel selection and PCA for feature reduction, going from the
RBF kernel to the polynomial kernel and applying computational
reformulation saves energy by a factor of over 198× (Corre-
sponding energy saving results are shown in Table 5; channel
selection yields 7.9× energy savings in addition to the approaches
listed in Table 5).

some noise rejection through the process. Patient 20,
on the other hand, benefits from only modest feature
reduction, implying that most of the original features
contain important information for seizure detection.

Energy analysis Having substantially reduced the
feature-vector dimensionality, the formulation of Eq. 3
becomes extremely advantageous. For example, the
energy savings for Patient 7 (based on instruction-set
simulation of the MSP430 microprocessor) are shown
in Fig. 10. Going from an RBF kernel to the polynomial
kernel saves energy by 11.2×. The formulation of Eq. 3
is not viable at this point due to the large number of
features. After channel reduction, however, the for-
mulation saves an additional 3.2× in energy (giving
energy savings of 36.3× by combining the use of the
polynomial kernel with the ability to precompute the
support-vector decision matrix). By applying PCA to
the computation-reformulated classifier, the computa-
tional energy is reduced by a further 5.5×, giving total
energy savings of 198.5×. The energy savings for the
other patients are shown in Table 5; after applying the
feature reduction techniques, computational reformu-
lation yields 9.3–198.5× energy savings.

Table 5 Energy saving in seizure detection.

Kernel Energy/FV Energy savings

Patient 7
RBF Ch. Sel. 2.62 mJ –
Poly2 Ch. Sel. 234.4 μJ 11.2×
Comp. Reform. 72.1 μJ 3.3×
PCA 13.2 μJ 5.5×

Total saving 198.5×
Patient 11

RBF Ch. Sel. 1.66 mJ –
Poly2 Ch. Sel. 620.7 μJ 2.7×
Comp. Reform. 282.7 μJ 2.2×
PCA 13.2 μJ 21.4×

Total saving 125.8×
Patient 14

RBF Ch. Sel. 2.20 mJ –
Poly2 Ch. Sel. 760.0 μJ 2.9×
Comp. Reform. 160.0 μJ 4.8×
PCA 13.2 μJ 12.1×

Total saving 166.7×
Patient 20

RBF Ch. Sel. 1.41 mJ –
Poly2 Ch. Sel. 323.0 μJ 4.4×
Comp. Reform. 282.0 μJ 1.2×
PCA 151.4 μJ 1.9×

Total saving 9.3×
Corresponding channel reduction and PCA are shown in Table 4.
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5 Conclusions

Data-driven techniques based on an SVM provide a
powerful framework for analyzing physiological sig-
nals in biomedical sensors. Particularly through the use
of non-linear transformation functions, the SVM can
enable detectors capable of accurately modeling the
signals to derive clinically-meaningful outputs. Such
non-linearity, however, introduces severe energy chal-
lenges when high-order models are involved, since
it causes the computational energy of classification
to scale with the model complexity. In this paper,
we present how the polynomial kernel-transformation
function yields an opportunity to overcome this scal-
ing while still retaining non-linearity. As a result, the
energy in practical clinical application is reduced by or-
ders of magnitude. We show that the performance that
results is comparable to that achieved using a radial-
basis function kernel. The formulation presented for
polynomial kernels thus offers substantial advantages
in small-scale sensors where accurate yet low-energy
signal analysis is required.
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