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Abstract—Advances in sampling and coding theory have contributed significantly towards lowering power consumption of
resource-constrained devices, e.g. battery-operated sensor nodes,
enabling them to operate for extended periods of time. In this
paper, rate and energy efficiency of a recently proposed adaptive
nonuniform sampling framework by Feizi et al., called Time-Stampless Adaptive Nonuniform Sampling (TANS), is examined and
compared against state-of-the-art methods. TANS addresses one
of the main limitations of nonuniform sampling schemes: sampling
times do not need to be stored/transmitted since they can be computed using a function of previously taken samples. The sampling
rate is adapted continuously with the aim of reducing the rate and
therefore the energy consumption of the sampling process when
the signal is varying slowly. Three TANS methods are proposed for
different signal models and sampling requirements: i) TANS by
polynomial extrapolation, which only assumes the third derivative
of the signal is bounded but requires no other specific knowledge of
the signal; ii) TANS by incremental variation, where the sampling
time intervals are chosen from a lattice; and iii) TANS constrained
to a finite set of sampling rates. Practical implementation details of
TANS are discussed, and its rate and energy performance are compared with uniform sampling followed by a transformation-based
compression, nonuniform sampling, and compressed sensing. Our
results demonstrate that TANS provides significant improvements
in terms of both the rate-distortion performance and the energy
consumption compared against the other approaches.
Index Terms—Nonuniform sampling, energy efficient acquisition schemes, compressed sensing, adaptive sampling for biomedical applications.

I. INTRODUCTION

F

OR bandlimited signals, the Nyquist sampling theorem
provides an appropriate uniform sampling setup which
leads to a signal reconstruction with zero error [1]. Although
the Nyquist sampling theorem defines a sufficient condition on
the sampling rate for bandlimited signals, it does not necessarily provide an efficient representation because a signal may
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seem to have a lower bandwidth locally and thus sampling at the
Nyquist rate seems to be a waste [2]. These extra samples not
only increase the energy consumption of the sampling process,
they also create some processing and transmission overheads.
To avoid these energy and rate inefficiencies, sample redundancies can be removed using a compression method at the expense
of increased computational costs.
An alternative to uniform sampling would be to take samples only when they are innovative for the relevant application.
This leads to an adaptive nonuniform sampling scheme. For instance, a nonuniform sampling scheme based on level-crossings
with iterative decoding is considered in [3], while [4] presents
an approach based on level crossings with a filtering technique,
which adapts the sampling rate and filter order by analyzing the
input signal variations online. Two adaptive sampling schemes
for bandlimited deterministic signals are also proposed in [2].
These schemes use definitions of local bandwidth, based on
linear time-varying low pass filters [5] and time-warping of bandlimited signals [6]. Two main issues about these nonuniform
sampling schemes make them difficult to be applied in practical
applications: first, they are designed for specific signal models
(i.e., they are not generic), and second, sampling times are required to be kept or transmitted in addition to sample values, in
order to be used in the reconstruction process.
A relatively recent technique, called compressed sensing
(CS) [7], has been used as a signal-agnostic acquisition method
for highly sparse signals. In CS-based schemes, sampling is
performed approximately at the information rate, rather than
the Nyquist rate. Since CS has low encoding complexity, it has
been adopted in several low power systems with the goal of
reducing the power consumption [8], [9].
Here, we use a framework proposed in [10], [11] to address
main limitations of previous sampling approaches. This new
adaptive nonuniform sampling framework has two key characteristics: first, it continuously adapts the sampling rate according to the local bandwidth of the signal and consequently
reduces the number of captured samples; second, unlike traditional nonuniform sampling procedures, sampling times do
not need to be transmitted, since the receiver can recover them
from the sample values themselves, thus avoiding the overhead
of transmitting the sampling times which is required for traditional nonuniform sampling schemes. This sampling framework is called time-stampless adaptive nonuniform sampling
(TANS).
Three TANS schemes are presented in this work for different signal models and sampling requirements. First, we use
Taylor’s theorem to derive a suitable sampling function for
deterministic signals. We term this approach TANS by polynomial extrapolation (TPE). Next, for the same signal family,
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III. TANS FOR SIGNALS WITH BOUNDED DERIVATIVES

Fig. 1. TANS setup.

we present a TANS scheme by incremental variation (TIV),
where the sampling time intervals are chosen from a lattice.
Finally, we propose a TANS scheme which is constrained to
a finite set of sampling rates (TFR) and illustrate its energy
efficiency in the context of transmitting an electrocardiography
(ECG) signal model from the MIT-BIH database [12]. By using
detailed Verilog modeling of an ECG processor and transmitter,
we show that TANS provides significant improvements in
terms of energy consumption compared to uniform sampling
followed by a transformation-based compression, a nonuniform
sampling scheme and compressed sensing.
II. TIME-STAMPLESS ADAPTIVE NONUNIFORM SAMPLING
In this section, we review the TANS framework, proposed
in [10], [11]. Consider a continuous-time signal
. Suppose
the -th sample is taken at time . Define
and
, as shown in Fig. 1. We take the
st
sample after a time increment of

where is called the sampling function, that allows us to reconstruct the time samples from the sample values themselves.
Since the next sampling time step is a function of
most recently taken samples, we say the order of the sampling function
is . The sampling function has to be known at both the
sampling and reconstruction sides.
This sampling structure is nonuniform except in trivial cases,
when the sampling function is a constant-valued function. The
key characteristic of our approach is that, unlike traditional
nonuniform sampling procedures, keeping sampling times
(time-stamps) is not necessary in our framework because these
times can be recovered by using the sampling function and
previously taken samples. In the above example, we have
. Note that the first sampling times should be kept to initialize the process. However,
the effect of those initial samples is negligible, on average,
when the number of samples increases.
In the above case, TANS is causal because the next sampling time depends on samples taken before that time. In general, it can be designed to be non-causal. TANS is an adaptive
process which learns from the signal through the taken samples, because the sampling function depends on local characteristics of the signal. Finding an appropriate sampling function depends on different applications with various requirements such
as the sampling rate, the distortion requirement, the computational complexity, etc. Here, to maintain focus on sampling rate
and adaptation of sampling increments, we do not explicitly include quantization effects.

In this section, we propose two TANS schemes for signals
with bounded third derivative, by characterizing local variations of the signal by using taken samples. First, we propose a
TANS scheme by polynomial extrapolation (TPE), which only
assumes the third derivative of the signal is bounded, but requires no other specific knowledge of the signal. Then, we propose a TANS method by incremental variation (TIV), where the
sampling time intervals are chosen from a lattice. Finally, we
compare the performance of these two schemes with uniform
sampling in terms of rate-distortion.
is a continuous signal. We consider the folSuppose
lowing assumptions:
The order of the sampling function is two. In
other words, the sampling function is a function of three previously taken samples
.
The reconstruction method is connecting two adjacent samples by a line. Note that, until the receiver
receives the sample
, it only has an estimate of
the signal on
.
A. TANS by Polynomial Extrapolation
Various instantiations of TANS can be derived by using
Taylor’s theorem, depending on the signals, the desired
complexity of the sampling function , and the distortion
requirement. In this section, as an example, we explain how
a sampling function can be computed for a specific setup.
Taylor’s theorem is used to extrapolate the signal by a polynomial. However, since we do not actually have the first and
second derivatives of the signal, we use the assumption of
having bounded third derivative to bound the error incurred by
using an approximation of the first and second derivatives.
Theorem 1: In TPE, if
is uniformly bounded by a
constant , under assumptions - , the following sampling
function satisfies the sampling requirement
for all :
(1)
where
is the reconstructed signal, and
stants defined as follows,

and

are con-

We present the proof of Theorem 1 in Section VIII-A. Note
that the function
is increasing for positive , and
one can use intermediate value theorem to compute the solution
of the optimization (1). In practice,
can be obtained by interpolating from a stored table. It is insightful to investigate the
behavior of , with respect to the parameters in (1).
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• Increasing
leads to an increase in . Intuitively, the
higher the allowed distortion, the lower the sampling rate,
and the larger the sampling time intervals.
• The first term of (part I) can be viewed as an approximation of
at time . Since the reconstruction method
is a first-order linear filter, the higher the second derivative,
the faster changes of the signal. Therefore, by increasing
this term,
should decrease.
Define the reconstruction error signal
.
If over the time interval
, the normalized
norm
of the error signal is considered as a distortion measure (i.e.,
), the following sampling function can
be derived:
Corollary 2: In TPE, if
is bounded by a constant ,
under assumptions - , the following sampling function satisfies the normalized
norm of the error signal over
to be less than :

Fig. 2. An underlying hidden Markov chain used for the signal creation.

(2)
where

and

are constants, defined as follows,

Proof of this corollary is presented in Section VIII.B.
A counterpart of this method can be derived for discrete signals. For example, suppose
is a discrete signal, where is
a non-negative integer. The th sample is taken at time . Let
us define
and
. Then,
the
th sample is taken after
samples. Let us define
and
. Suppose
is uniformly bounded
by a constant . Also, consider the following assumptions as
counterparts for assumptions
and :
The sampling function is a function of three previously taken samples (i.e.,
.
The reconstruction method is a linear interpolation
among taken samples.
Theorem 3: In the polynomial extrapolation method of TANS
for discrete signals, if
is bounded by a constant ,
under assumptions - , the following sampling function satisfies the sampling requirement
:
(3)
where
is the reconstructed signal, and
stants, defined as follows,

and

are con-

Fig. 3. (a) A sample signal and its MC state transitions used in Section III.A.
(b) Sampling rate versus time for this signal with TPE method.

While our proof has considered deterministic signals, since
the proposed sampling method is blind, it renders this method a
well-suited choice for uncertain signals. Hence, we empirically
evaluate the performance of our scheme when the signal is deterministic over stochastically varying time intervals. To do this,
consider an underlying hidden Markov chain (MC) with a transition probability , depicted in Fig. 2. At each state, the signal
is drawn by a third order spline, up-sampled by a factor of ,
where represents the state of MC. Thus, if the state of MC is
at time
and
are drawn from a uniform
distribution over
. Signal values at other times are determined by a third order spline interpolation. Fig. 3(a) shows a
sample of this signal family, where
and
.
Note that spline interpolation is performed over the entire
signal, rather than individual states, so that the signal has continuous derivatives everywhere. The sampling function used is
given by (2). Since our sampling scheme is blind, in our simulations, the signal model is unknown and we are only allowed
to use the sampling function of (2). To do this, we need , an
upper bound for the third derivative of the signal. From taken
samples, we approximate the third derivative as follows. First,
we define,
(4)

Proof of this theorem is similar to Theorem 1.

is used as an apIn addition,
proximation of the third derivative of the signal by Taylor’s
theorem. At each time,
is chosen as the maximum of
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. In our simulations, we pick
.
Fig. 3(b) shows the number of samples
versus time
when
. At each time , the slope of the tangent line on
the curve represents the sampling rate at that time. We draw state
transitions of the underlying hidden Markov chain in Fig. 3(a)
to clarify the rate adaptation in different states. In state 0, in
which the signal model is an up-sampled third-order spline by
a factor
, the sampling rate is greater than the one of
state 1, where
. The overall sampling rate is 0.6 with
the normalized
distortion 0.001 for this signal sample. Note
that, although the sampling rate is fairly stable within each state,
it has some fluctuations.
B. TANS by Incremental Variation
In this section, we introduce a family of TANS where sampling time intervals are discrete values. In this method, the sampling rate is being adapted based on an estimation of local variations of the signal. This method can be applied to both continuous and discrete signals. In this section, we consider its continuous time version; however, its discrete time version can be
derived similarly to Theorem 3.
If
is uniformly bounded by a constant , under assumptions
and
mentioned in Section III.A, an estimate
of local variation of the signal at time , by using previously
taken samples, is given by (4).
By a similar argument as the (30), the error of this estimation
can be bounded as follows,
(5)
Consider the following heuristic sampling function,
(6)
where
and
.
and
are a priori selected time bounds. Thresholds
and
depend on signal characteristics and sampling requirements. If
is smaller than a threshold, the signal’s slope variations are
small and we can decrease the sampling rate in this case, since
. An analogous argument can be expressed
when
is greater than a threshold.
An example of a sampling function (6) with linear increase
or decrease of can be expressed as follows,
(7)
and are positive constants. Note that, given
,
where
there are only three possibilities for , so the sampling time
intervals are discrete.
C. Comparison With Synthetic Signals
In this subsection, the performance of proposed TANS
schemes is compared against uniform sampling using a synthetic signal. In a uniform sampling scheme with a given
sampling rate
, where
is not necessarily an integer

Fig. 4. A rate-distortion comparison among TPE, TIV and uniform sampling.

number, the th sample is taken at time
from the
underlying continuous spline signal. This enables us to capture
all possible sampling rates for a full performance assessment.
We use the signal model described in Section III.A. For the
TPE method, we use a setup explained in Section III.A. For the
TIV method, we set
and
.
The reconstruction method used for all methods is the first order
linear filter. The distortion measure is the
norm of the error.
Fig. 4 shows the average sampling rate versus distortion for
different methods. As illustrated in this figure, TPE method outperforms both TIV and uniform methods, where TIV method
outperforms uniform as well. For instance, at distortion 0.01,
both TPE and TIV methods outperform uniform sampling with
a rate factor of approximately 2.8 and 1.7, respectively (e.g.,
TPE requires 2.8 times less samples to have the same distortion,
compared to uniform sampling). For fixed average sampling rate
of 0.5, TPE and TIV outperform uniform sampling by a distortion factor of approximately 8.7 and 1.8, respectively. Note that,
non-smoothness of the curves is due to experimental artifacts.
IV. TANS WITH FINITE SAMPLING RATES
In this section, we introduce a TANS scheme where sampling
rates cannot be arbitrary as in the ones of TPE, but should be
chosen from a finite set
, created according to
a specific signal model. In other words:
(8)
.
where is the sampling index which belongs to
This scheme is called TANS with finite sampling rates (TFR).
Similarly to a general TANS framework, the sampling index at
time
should only depend on previously taken samples so
that storing/transmitting sampling time-stamps would be unnecessary. Computing this sampling index function depends on the
signal model and sampling characteristics. For instance, consider a signal
with states which are repeated periodically
with a known order. The expected length of state is denoted
by . We use TFR with rates
to take measurements from this signal. Suppose
is the number of taken samples until time from the current period of the signal. Then,
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Fig. 5. An ECG signal modeled as a P-QRS-T complex.

the following is a TFR sampling scheme based on a mean-field
approximation:

(9)
This sampling function uses
to estimate the state of the signal
at time , and then takes samples with the corresponding rate of
that state. There are some points to be noted about this sampling
function:
• The TFR sampling function of (9) assumes that the beginning of each signal period is known or can be detected
using the taken samples. This assumption can be satisfied
for some signal models. For example, ECG signals have a
distinguished peak in each of their periods that can be used
to detect the index of the signal period. We will discuss
about it later in this section.
• Several parameters of this sampling function should be
learned from the signal during a training period. Specifically, the number of states of the signal, their expected
lengths and rates should be learned if they are not given.
• Suppose
is the expected distortion of the state of
the signal given the sampling rate is . If
for all , then
. In other words, a higher sampling
rate is used if the signal is more variable in a state.
One practical example of such a signal model is an ECG signal
model depicted in Fig. 5. We call the peak region around the
point R, state 1, while state 2 covers the area close to the peak
between points Q and S, and state 3 covers the rest of the ECG
signal period. We learn TFR sampling parameters of (9) using
a training dataset once, where
, and
samples/sec and
and
, on
average. Note that, state 2 has the highest sampling rate among
others since detecting a transition from state 2 to 1 at the end of
each signal period is crucial. Specifically, if
(in our
example,
), we say a transition occurs from state 2 to 1
and a new signal cycle has been started. State 3 is assigned to
the lowest sampling rate since there is not much information in
this region of the signal.
V. PERFORMANCE EVALUATION OF TANS SCHEMES
REAL DATASETS

ON

In this section, we examine the performance of the three
TANS schemes presented earlier against state-of-the-art sampling schemes in a real application. Although the comparison

is performed in the context of a health monitoring application,
the proposed approach and results are generally applicable to
a wide range of signals and applications. Fig. 6(a) shows an
ECG signal from the MIT-BIH database1 [12], which has been
sampled with a frequency of 360 Hz and quantized to 10 bits.
Using this signal, the performance of different sampling and
compression schemes will be examined and compared based
on their rate-distortion curves generated through simulations.
The best scheme would have the lowest rate (i.e., highest compression ratio) for the same distortion level, or equivalently, the
lowest distortion for the same rate.
Since the energy consumption of the sampling process is approximately proportional to its sampling frequency, it is desirable from an energy perspective to take as few samples as possible. However, the limit on the sampling rate imposed by the
Nyquist theorem guarantees that distortion will be introduced if
a signal is sampled below that limit. Fig. 6(b) shows the ECG
signal after having been downsampled by a factor of 6 and reconstructed with linear interpolation. As it can be seen in this
figure, many of the features of the initial signal are missing.
Thus, although this simplistic technique lowers the energy consumption of sampling and transmission processes by approximately a factor of 6, it does not provide satisfactory results in
terms of the distortion.
Other techniques have been proposed in the literature which
have better rate-distortion performance at the expense of higher
complexity. In our analysis, we compare the performance of a
few widely used schemes against the proposed TANS schemes.
Fig. 6(c)–(h) show the reconstructed signals of the original ECG
signal after having been compressed by a factor of 6 using different schemes. In more details, the compared approaches are:
i) Uniform sampling and compression: One widely used
technique to minimize the amount of captured data
sampled uniformly at Nyquist rate is to use compression
algorithms, either lossless or lossy, where data is mapped
to a more efficient representation before transmission.
Majority of lossy compression algorithms proposed in
the literature are transformation-based methods, such
as wavelet- and DCT-based algorithms. These methods
project signals to a certain domain with a more compact
representation and, exploiting signal energy concentration, discard smallest coefficients through thresholding.
Depending on the application, different transformations may be preferable. In our comparisons, we use
a DCT-based compression algorithm where DCT coefficients with magnitude smaller than a threshold are
discarded. We choose this method mainly because it
exhibits a better rate-distortion trade-off than using a
wavelet transformation [13] and has practical implementation benefits as well [14]. Fig. 6(c) shows the
reconstructed ECG signal after having been compressed
with a DCT based algorithm with block size of 2048
samples, resulting in a compression ratio of 6. Adjusting
the threshold of the encoding process balances between
the required number of transmitted signal samples and
the reconstruction distortion.
1The

DC component of the signal has been removed.
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Fig. 6. (a) A 6-sec ECG signal from MIT-BIH database, with the DC component removed. (b–h) Reconstructed ECG signals with an effective compression ratio of
6, using different sampling-compression schemes: (b) Uniform Downsampling, (c) Uniform Sampling followed by a DCT-based compression scheme. (d) Levelcrossing Nonuniform Sampling. (e) Compressed sensing. (f) TANS by polynomial extrapolation (TPE). (g) TANS by incremental variations (TIV). (h) TANS
with finite sampling rates (TFR). (a) Original signal. (b) Uniform Downsampling. (c) Uniform Sampling and Compression. (d) Level Crossing. (e) Compressed
Sensing. (f) TPE. (g) TIV. (h) TFR.

The main energy inefficiency of this approach is that,
samples are taken at the acquisition stage at a relatively
high frequency and then, some of these samples are discarded during the compression stage, resulting in extra
energy consumption. For this reason, several nonuniform
schemes have been proposed in the literature, in which

the sampling moments are triggered only when the signal
crosses some predefined thresholds and consecutive samples close to the same value are not taken.
ii) Level crossing sampling: A common nonuniform sampling technique is the level-crossing sampling, where the
signal is compared with its previously taken value con-
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tinuously and a new sample is taken when the difference
exceeds a threshold [15]. However, apart from the samples themselves, time-stamps have to be transmitted since
they are required in the reconstruction process. The reconstructed ECG signal using level-crossing sampling is
shown in Fig. 6(d).
iii) Compressed Sensing (CS): CS is an efficient signal-agnostic acquisition method for sparse signals [7]. The encoding process of a signal
, being -sparse in
some domain, is:

Although subjective distortion metrics have been proposed in
the literature specifically designed for ECG signals, here we use
two distortion metrics, MSE and PRD, defined as follows:

(10)

Different distortion levels for uniform sampling and DCTbased compression is performed by adjusting the threshold of
the encoding process, resulting in a variable number of DCT
coefficients, while for the nonuniform scheme, the rate distortion curve is derived by using different number of quantization
levels. For TFR, the curve is derived by modifying the rates of
each sampling region while for TPE and TIV, and
parameters are tuned respectively. For the rate-distortion comparison of these schemes, several ECG signals were used, each
of approximately an hour long duration. As illustrated in Figs. 7
and 8, TFR consistently outperforms the other techniques in
terms of distortion across all rate regimes. For instance, at a PRD
of 10%, the approximate rate improvement of TFR is a factor
of 1.2, 2.5, 2.5 and 3 compared to a uniform downsampling, a
DCT-based compression scheme, a level-crossing nonuniform
sampling scheme and compressed sensing, respectively.

where
and is called measurement matrix.
If
measurements are taken from a
signal , CS exactly recovers the initial signal with high
probability [16] if satisfies the RIP condition:
(11)
for all
sparse signals , where is a constant
.
Signal reconstruction may be performed through an optimization problem which can be formulated as:
(12)
is a matrix representing the synthesis
where
operator of an orthonormal basis where the signal has
a sparse representation. The initial signal is recovered by
multiplying the solution of the optimization problem with
the inverse basis matrix:
(13)
Alternatives to this basis pursuit (BP) formulation [17]
include lasso [18], the Dantzig selector [19], greedy
methods [20], [21] and iterative methods related to
belief propagation [22]. Exact asymptotic performance
under Bayesian formulations can be computed using
the methods of [23]. In our simulations, a BP reconstruction algorithm is used, implemented with the CVX
optimization package [24]. A Gaussian matrix is used as
the measurement matrix with entries from
,
and a wavelet basis (coiflet 4) is used as the sparsifying
domain. The result of the reconstruction process is shown
in Fig. 6(e) for a compression ratio of 6.
iv) TPE, TIV and TFR: These TANS schemes are adaptive
sampling schemes and their sampling moments are calculated based only on previously taken samples through
their sampling functions, without the need for tracking the
current value of the signal continuously and for transmitting time-stamps. The sampling function of TFR used in
the experiments is described in Section IV. Fig. 6(f)–(h)
shows the reconstructed signals using these three adaptive schemes where most of the original signal features
are preserved.

%

%

VI. ENERGY ANALYSIS OF TANS
A. Implementation Considerations of TANS
A high-level block diagram of a system implementing TANS
is shown in Fig. 9. It is composed of a nonuniform ADC and a
block implementing the sampling function, called timing control logic (TCL). The nonuniform ADC shown in the block diagram is a standard ADC with the only difference that the sample
spacing is not even but rather is dynamically adapted. Thus, triggering the ADC to capture a sample is not performed by an oscillating clock, as in a uniform ADC, but by the TCL block.
This means that at the acquisition stage, TANS does not need
extra circuitry, such as input voltage comparators, integrators
and time-to-voltage converters which are used in nonuniform
sampling schemes such as level crossing. Thus, no additional
energy dissipation is consumed at the acquisition stage.
Depending on the memory
of the sampling function,
the TCL block stores the
most recently taken samples and
determines the next sampling time. The block diagram of Fig. 9
represents the general case of implementing the proposed
adaptive sampling framework where different variations of the
TCL block are used for different TANS schemes. For instance,
the TCL block in the case of TANS with incremental variations
(TIV) calculates
using an adder and a divider, compares
with two predefined thresholds and adjusts its value accordingly, as in (8). In the case of TANS with constrained finite
rates (TFR), the TCL block implements a finite state machine
using
registers, indicating the current sampling rate
. Three accumulators and two comparators are used to
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Fig. 10. (a) A system using uniform sampling followed by transformationbased compression. (b) A level-crossing nonuniform sampling system. (c) A
compressed sensing system.
Fig. 7. PRD in terms of the transmitted number of samples for each technique.

Fig. 8. MSE in terms of transmitted number of samples for each technique.

Fig. 9. High-level block diagram of a system implementing TANS framework.
A nonuniform ADC is controlled by a timing control logic, implementing the
sampling function depending on the signal and sampling model.

calculate/store the current values of the length of each state
and to trigger a state transition, respectively.
B. Energy Comparison and Evaluation
In this part, we use a detailed system-level analysis in order
to examine and compare the energy efficiency of different sampling and compression schemes. In our comparisons, state-ofthe-art published results are used for each individual component of these schemes, such as ADC, compression algorithms,
etc. Although our analysis is not an exhaustive comparison of

all sampling schemes that have been proposed so far in the literature, it illustrates the advantages of TANS in terms of its energy
efficiency.
In this section, TANS with finite rates (TFR) is compared
against the following methods:
• Uniform sampling and DCT-based compression: A
high-level block diagram of this scheme is shown in
Fig. 10(a), where uniformly sampled data at fixed sampling frequency
are compressed by a DSP block
implementing the DCT transform and the thresholding
process, described in Section IV-A.
• Level-crossing nonuniform sampling: Fig. 10(b) shows
the block diagram of a level-crossing sampling system
using a nonuniform ADC, which can be viewed as a joint
sampling and compression stage. When the local bandwidth or activity of the signal is low, automatically less
samples are taken. To achieve this, the voltage difference
of the input signal with the previously taken sample is
compared continuously by an analog-front-end (AFE)
circuit. When the difference exceeds a threshold value, the
ADC is triggered and a sample
is taken, along with
its time-stamp
. This extra circuitry which tracks the
input signal continuously, needs to be powered on all the
time which consumes power constantly. Implementation
challenges as well as simulation results are described in
detail in [25], where a low power, low sampling frequency
level crossing ADC is designed and optimized.
• Compressed Sensing (CS): Two main approaches exist
for the implementation of the CS block shown in Fig. 10(c).
According to the first, a signal is sampled with a rate above
the Nyquist limit by a standard uniform ADC and then
multiplied by the CS measurement matrix, as explained
in Section V, resulting in the transmission of a number of
samples
corresponding to sub-Nyquist sampling. This approach uses CS as a signal-agnostic compression technique and, because of its low complexity requirements, has been used in the design of low power systems
[9], [26].
The second approach targets directly capturing signals at
sub-Nyquist rates. Examples of this approach include the
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analog-to-information converters (AIC) and random modulators [27], [28]. As explained in [29], for low sampling
frequency applications, similar to the one considered in our
case, these schemes consume higher power mainly because
of their implementation requirements of multiple parallel
branches with mixers and amplifiers, which makes them
more suitable for high-speed applications. Demonstration
of a low power implementation of these schemes, competitive to the original CS approaches, is still an ongoing effort. Thus, relying on the arguments of [26] and [29], although the sampling rate is lower compared to the previously described CS method, the overall energy consumption tends to be higher and therefore it is not included in
our comparisons.
In our analysis, we assume that all schemes sample the same
ECG signal, use a compression ration (CR) which results in a
target PRD value of 10%, and use the same transmission block2
The total energy consumption for each scheme is:
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TABLE I
A ENERGY COMPARISON OF 3 DIFFERENT SCHEMES FOR SAMPLING,
COMPRESSING AND TRANSMITTING A 6-SEC ECG SIGNAL

The data compression blocks of the considered schemes have
different computational requirements and, therefore, different
energy consumptions
. Based on [32], a low-power implementation of a DCT-based compression algorithm consumes
approximately 166
, while in [8] the power consumption of
CS block is reported to be around 1.9
. Thus, their energy
consumption for our ECG signal comparison would be:
(19)

(14)
where
and
are the energy consumption
of the sampling, compression and transmission stages, respectively. In addition, we assume that the energy consumption at
the acquisition stage is approximately proportional to the sampling frequency, ignoring any leakage component. So,
can be written as:

Compression in TANS schemes is performed by the sampling function which calculates the next sampling time. We use
a hardware description language (HDL) to model the sampling
function described in Section V-A and, using the standard hardware design flow3, we measure the energy consumption of the
TCL block of TFR to be:
(20)

(15)
where is the sampling rate and
is a reference
energy/power consumption. Based on an ultra low power ADC
optimized for low sampling rate applications [31], we assume
that a reference ADC power consumption is 1.6 uW for 1 kHz
sampling frequency. For the purpose of this comparison, we assume that the time period
equals 6 seconds, which corresponds to the signal duration of Fig. 6.
The uniform sampling followed by DCT-based compression
and CS schemes sample the signal at 360 samples/sec, thus their
energy consumption is:
(16)
Using reported results from [25], the power consumed at the
acquisition stage of a low-power level-crossing nonuniform
scheme is approximately
, therefore its consumed energy
at the acquisition stage is:
(17)
TFR achieves the same PRD by taking fewer samples. According to Fig. 7, its sampling rate for the target PRD is
approximately 50 samples/sec, since a compression ratio (CR)
of approximately 7 is achieved, thus its consumed sampling
energy is:
(18)
2As

a reference, we assume that transmitting a bit of information consumes:
pJ/bit in the transmission block [30] and each transmitted sample is
bits.
quantized using:

Finally, the transmission energy is given by:
(21)
is the energy per bit,
is the number of quantiwhere
zation bits and is the overhead information in bits used in the
DCT thresholding process indicating the indexes of non-zero
coefficients, and in the level-crossing scheme representing the
time-stamps required for the reconstruction process. For the CS
and TFR schemes, equals zero.
Table I shows the energy components for each sampling
scheme as well as their total energy consumption. It can be
seen that, TFR outperforms all approaches considered in the
analysis. Specifically, TFR provides a benefit of at least an
order of 3 in terms of the total energy consumption compared to state-of-the-art sampling approaches. This energy
efficiency benefit is achieved by adapting the sampling rate
without requiring extra circuitry at the acquisition stage and by
avoiding the transmission of the time-stamps. In addition, the
energy overhead of the TCL block, which controls the ADC,
is significantly lower when compared to standard block-based
compression algorithms.
VII. CONCLUSION
In this paper, we analyzed rate and energy efficiencies of
a recently proposed sampling framework, TANS, for different
3We model the sampling function using Verilog and then we proceed with
synthesis, place-and-route, extraction and post-layout simulation. CAD tools
from Cadence and Synopsys are used, as well as libraries from a 65 nm TSMC
process.
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signal models. This framework reduces sampling rate and therefore energy consumption of the sampling process. In this framework, time intervals between samples can be computed by using
a function of previously taken samples, called sampling function. We proposed three schemes of TANS for different signal
models. The first two are designed for signals with bounded
derivatives, TANS by polynomial extrapolation and TANS by
incremental variation methods. Then, we introduced a scheme
of TANS with constrained finite rates. We compared the performance in terms of MSE and PRD of TANS with uniform
sampling, level-crossing nonuniform sampling and compressed
sensing. We showed that our approach outperforms all the compared approaches we considered, both in terms of rate and energy consumed.

Then,

Equality (a) follows from (22) and (24). Equality (b) follows
from (25). Then, by using the bounded third derivative assumption, for
, we have,

APPENDIX A
A. Proof of Theorem 1
in

By Taylor’s theorem, for each
such that,

(26)
in

, there exists

The right-hand side of (26) is an increasing function of for
. Hence, its supremum is achieved at
.
Thus, we have,
(27)

(22)
Since
where,

By using Taylor’s theorem at times
and
centered at
, there exist and such that
and
, and,

for all , we have

,

(28)

(23)
For the reconstruction, according to assumption
adjacent samples by a line. Hence, for

, we connect
, we have,

(29)
Hence,

(24)
By Taylor’s theorem, there exists

such that,

(30)

Hence,
(25)

Combining (27) and (30) completes the proof.
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B. Proof of Theorem 2
By using (26), we can write,

(31)
Combining (31) and (30) completes the proof.
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