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Abstract—This paper presents a fully analog, signal-to-noise-
ratio-based voice-activity detection circuit. The circuit is based on
an energy-efficient analog implementation with continuous-time
non-linear operation and fully-passive switched-capacitor signal
processing. The overall chain is composed by a programmable-
gain amplifier, a squarer, an integrator, a SC-based signal averag-
ing circuit, and a periodic threshold update circuit for adaptabil-
ity. This implementation allows the minimization of both power
consumption and chip area. The VAD circuit prototype has been
fabricated in a 180 nm CMOS technology and occupies an area
of 0.14mm>. The device achieves 99.5 % classification accuracy
in domestic environment in the presence of loud ambient noise,
consuming 760 nW from a 1.2V supply.

Index Terms—Voice Activity Detection, low power analog cir-
cuit, audio signal processing, signal energy calculation, switched
capacitor circuit.

I. INTRODUCTION

Voice Activity Detection (VAD), also known as “speech
activity detection” or “speech detection”, is the function
identifying the presence or absence of human speech in an
audio signal. There are several applications where VAD can
be applied as: speech recognition, speaker verification, speech
enhancement, voice operation switch, and voice over internet
protocol.

In the high-performance audio signal processing chain of
Fig. 1, committed to process incoming voice, the VAD func-
tion is implemented in the DSP block at the end of the chain.
Therefore, the full chain is always operating, independently
of the presence of a voice signal, with consequently a large
amount of power consumption, which is wasted during periods
with no voice presence. In the system of Fig. 2, the VAD
function is implemented in an additional low-power block,
connected in parallel to the main signal processing chain. This
architecture strongly reduces the power consumption. In fact,
when no voice is present, only the low-power VAD block is
active, saving a large amount of power. On the other hand,
when the VAD block detects the presence of voice, it turns-
on the high-performance signal processing chain. In this way
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the high-performance chain power is consumed only when
necessary (i. e. when voice is present), while, otherwise, only
the VAD block is active with very low power consumption.
Based on the above VAD function description, such a VAD
block has to be implemented with the following features:

e low power consumption: as an always-on and real-time
application, the VAD circuit power consumption must be
extremely low;

e accurate decision rule: a physical property of the incom-
ing audio signal frame is used to detect the presence
or absence of speech, providing consistent and accurate
classification;

e adaptability: the ability to handle non-stationary back-
ground noise variations improves robustness.

In the literature there are many techniques for detecting
human voice, implemented either in the digital or in the analog
domain. Most of them focus the analysis on one or more
audio signal features, to get a robust indication on speech
presence or absence, exploiting classification algorithms. Com-
monly used approaches for these algorithms are time-based or
frequency-based, typically exploiting non-overlapping audio
signal frames with duration between 10ms and 20ms [1].
These different techniques have to be compared in terms of the
trade-off between detection accuracy and complexity/power
consumption.

The Zero-Crossing (ZC) method [2] exploits signal fre-
quency features to build up a VAD decision rule, assuming
that voice components are located at low frequencies, whereas
noise components at high frequencies. This method is based on
the detection of the number of sign changes in the audio signal
amplitude during the analyzed frame. If the number of zero
crossings is low, the segment analyzed is classified as voice,
whereas if it is high it is classified as noise. This algorithm is
easy to implement, but features low detection accuracy with
non-stationary noise.

The most popular and widely used techniques in speech de-
tection are energy-based [3]-[6], since they require relatively
low computational complexity. They exploit the comparison
of the energy carried by the incoming signal with a threshold
value. This method is based on the hypothesis that the energy
of voiced speech segments is higher compared to unvoiced
segments and voiced speech segments have most of their
energy at low frequencies. The use of a fixed threshold is
the main limitation of this technique.



The Single-Frequency Filtering (SFF) method [7], [8] is
based on the assumption that noise energy is equally dis-
tributed over frequency, while speech energy has a non-
uniform distribution. Therefore, the Signal-to-Noise Ratio
(SNR) of the speech signal is higher in certain frequency
bands. SNR variations due to non-stationary noise can be
compensated by weighting the signal. The main drawback of
this method is the increase of the computational complexity
and, hence, of the power consumption.

Neural Networks (NN) in general can be defined as struc-
tures built to emulate human brain activity. The input signal
fed to the network goes through different layers that emulate
neural connections. After an input layer, there are a certain
number of hidden layers, depending on the required com-
plexity and precision of the prediction, and an output layer,
which provides the desired result. An important and desirable
characteristic of NN for VAD applications [9]-[12] is the
ability to classify unstructured data based on their features in
the frequency or time domain. Such sophisticated predictive
models require a relatively high complexity and significant
area.

Most of the above mentioned VAD algorithms are im-
plemented in the digital domain, exploiting the main A/D
Audio Signal Processing Chain (ASPC), whose block diagram
is shown in Fig. 1, with full performance and large power
consumption [13], [14]. Alternatively, a dedicated low-power
ASPC with reduced performance in parallel to the main one
can be used [15], turning on the main ASPC only upon audio
signal detection. Since the main ASPC is operating only in
the presence of voice, in this case, the power consumption
is reduced but still significant. The proposed fully-analog
implementation of the VAD algorithm (without any ADC)
operates in parallel to the main ASPC, activating the main
ASPC only when required, as shown in Fig. 2, thus further
reducing the power consumption.

This paper presents the implementation of a fully-analog
VAD circuit. The algorithm exploits the time-variant energy
of the incoming audio signal as physical property for the
decision rule, under the assumption that speech is more non-
stationary than ambient noise [16]. The signal processing
includes a Programmable-Gain Amplifier (PGA), a squarer,
an integrator, a SC-based signal averaging circuit, and a
periodic threshold update circuit for adaptability. The device
is fabricated in a 180nm CMOS technology and occupies
an area of 0.14mm?. A classification accuracy in domestic
environment in presence of loud ambient noise as large as
99.5 % is achieved, consuming 760nW from a 1.2V supply.

The paper is organized as follows. Section II presents the
adopted VAD algorithm, Section III deals with the circuit im-
plementation, and Section IV reports the experimental results.
Section V concludes the paper.

II. VAD ALGORITHM

A commonly used feature to detect voice activity, is based
on the extraction of the energy E(i) of the input signal y(¢) in
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Fig. 2. Block diagram of the proposed VAD system in the absence of voice
(a) and after voice is detected (b)

a certain time frame with duration 7T7y7 (nominally Ty =
16 ms), according to:

1 TNt
= |
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Considering a long period of time, it can be assumed that
most of the input signal stream is composed by frames without
voice, containing only background noise. The energy evaluated
for each frame can then be considered as an estimation of the
environment background noise, that in the following is defined
as Noise Level (NL). The value of NL(¢) is updated in every
frame (¢) with a fraction of the total signal energy of the frame
E(3): for E(i) > NL(i — 1), NL(7) is updated as

E(i ly(t)|? dt. (1)

NL(G) = BNLG - 1) + (1 - B) EG), @)
while for F(i) < NL(i — 1), NL(3) is updated as
NLG) = BNLG— 1)+ (1 - B) EG). ()

Parameters 3; and [, range from 0.95 to 0.995 to optimize
VAD operation. Therefore, NL(i) is slowly following the
instantaneous values of FE(i), to avoid sharp variations due
to sudden audio signal changes. Furthermore, by tuning [,
and (3, the estimated noise level NL(7) can be biased towards
tracking its short-term maximum, in order to account for noise
non-stationarity and produce less false detections.

Moreover, E(i) is used at the end of each time frame for
detecting voice presence, by evaluating SNR(%) that is defined

. E(i) — NL(i)
NL(i) @

When SNR(i) > TH gp, (with TH gp ranging from 0.1 to 5),
voice is assumed to be present in the frame and the VAD signal

SNR(i) =



Fig. 3. Detailed block diagram of the proposed analog VAD circuit
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Fig. 4. PGA opne loop gain and phase of the proposed analog VAD circuit.

is generated. With this solution, the voice signal F (i) — NL(i),
if present, is detected even when the background noise NL(4)
is quite large (e. g. with air conditioning fan noise, road noise,
etc.). Instead of evaluating SNR(i) > TH gp, a simpler circuit
implementation can be achieved by computing
E(i) — NL(3)
NL(7)
E(i) > NL(i) (1 + THgsp) 5)
E()
14+ THgp
and, hence, the scaled energy Fgc(¢) is defined as:

Esc(i) = - B(i) > NL(i), ©)

> THgp

> NL(3)

with the scaling factor
B 1
1+ THgp'

allowing the implementation of a simple averaging circuit,
since the quantity ~ is always lower than 1, as shown in detail
in Section III.

In the proposed analog VAD implementation, whose block
diagram is shown in Fig. 3, the microphone signal is band-pass
filtered and amplified by the PGA, squared, and integrated for
the desired time frame to obtain the signal energy F(i), used
to update the noise level NL(¢) (NL block) and to produce the

Y @)

TABLE I
PGA GAIN CONFIGURATIONS

A Cr | Cr Ry Rr | Rpsw
[dB] | [pF] | [pFI | [MQ] | [MQ] MQ]
12 16 4 1.46 2.18 133.8
6 6 | 8 | 146 | 1.09 66.9
0 8 8 2.93 1.09 66.9
-6 8 16 2.93 0.55 33.4
-12 4 16 5.85 0.55 334

scaled energy value Eg¢ (7). The achieved values of NL(i) and
Egc (i) are compared to eventually generate the VAD signal.

III. VAD CIRCUIT IMPLEMENTATION

The energy-efficient circuit implementation of the proposed
VAD algorithm, whose circuit schematic is shown in Fig. 5,
combines continuous-time non-linear operation and fully-
passive switched-capacitor processing to minimize the power
consumption.

A. Programmable Gain Amplifier

The first block of the VAD system is a PGA, whose pro-
grammable gain accommodates different microphone signal
levels. The PGA is implemented with an Active-RC topology
embedding a two-stage fully-differential Miller-compensated
operational amplifier, whose schematic is shown in Fig. 7. A
common-mode feedback circuit is used to set the common-
mode output voltage V} ., to the value required for properly
biasing the following stage, with the aid of two 10MS}
resistors implemented with long channel NMOS transistors
connected between the amplifier outputs (V;, , and V;, ,) and
Vb,em (six series-connected NMOS transistors with W =
0.4 um, L = 40 um and the gate connected to the power supply
voltage). The amplifier, with an open-loop dc gain of 58 dB,
a unity gain bandwidth of 100kHz (Fig. 4), and an input-
referred noise of 128 uV.,s, has been designed with a total
current consumption of 350nA, including the common-mode
feedback circuit.

In a preliminary study [17] the possibility of integrating a
low-frequency ac coupling capacitor was investigated, to deal
with the possible common-mode voltage differences between
microphone and amplifier. To achieve a flat frequency response
at 20 Hz a large integrated resistance in the G{2 range is then
required, even with an integrated capacitance as large as 80 pF.
Two solutions were compared for implementing such a large
resistance. The first one uses a feedback transistor with gate,
source, and bulk connected together, the second one adopts a
feedback switched resistor [18]. The frequency band of interest
for the proposed VAD system is between 0.3 kHz and 6.8 kHz
( [19]), in order to capture most of the speech power, while
minimizing high-frequency noise. This relaxes the impedance
requirement for the resistor from G2 to hundreds of M.
Still, with the aim of reducing area consumption, the switched
resistor topology is preferred, since the equivalent impedance
variation over process, voltage and temperature (PVT) of
the transistor-based implementation would be extremely wide
[17]. The different gain configurations available in the PGA are
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Fig. 6. PGA transfer function of the proposed analog VAD circuit

summarized in Table I. The maximum gain of 12 dB has been
selected considering that in the VAD system the integrator is
also amplifying the signal. Therefore, considering that the min-
imum integrator gain is constraint by the maximum allowed
feedback capacitance value (limited by area), the overall gain
has been optimized to achieve the maximum output range at
the output of the integrator (constraint by power supply). The
PGA gain is set by the ratio A = C;/Cr, while the high-
pass pole frequency is given by f, =1/ (2nCrRF,gw) and
the low-pass pole frequency by f;, = 1/ (2nCR;), as can be
observed in Fig. 6. The total capacitance and resistance values
per-branch are 32 pF and 6.4 M(2, respectively. The equivalent
resistance value Rr sy provided by the switching resistor is
given by

Sc + So

5o ®)

Rrsw = Rr

where Sc and Sp are the clock phases in which the switch
SW is closed and open, respectively, as shown in Fig. 8.
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Fig. 9. Basic principle of the circuit for implementing the square operation
[20]



Fig. 10. Schematic and transfer characteristic of the circuit performing the
square of the audio signal

B. Energy Evaluation

The PGA differential output signal is connected to the
second block of the VAD chain, which is devoted to compute
the energy of the audio signal. First the square of the signal
is evaluated, exploiting the quadratic relation between voltage
and current in a MOS transistor

Ip = k(|[Va| = [Vs| — Vi), )

where Ip is the drain current, k represents a constant related
to mobility, oxide capacitance and transistor dimensions, V¢,
Vs and Vy, are the gate, source and threshold voltages,
respectively. The signal to be squared can be applied to the
source or to the gate terminal, keeping the gate or the source
terminal at a constant voltage which provides the correct
biasing.

The basic principle of this circuit, originally proposed in
[20], is illustrated in Fig. 9. The gate voltage of the input
transistors is fixed at voltage V., while the input signal V;,, is
applied to the source terminals of M; and M. If Vi, > Vip
M,y provides the square of V;, to M;y through the current
mirrors, while, if Vi, < Vi, the square of V;,, is computed by
M and the resulting current is mirrored to the output transistor
Ms.

The solution adopted in the proposed VAD circuit, whose
schematic is shown in Fig. 10, is based on the same principle.
The input signals V;;, and V;,, are biased by the PGA at the
proper common-mode voltage to guarantee the desired quies-
cent current value for Ip; and Ips (20nA), thus achieving the
desired transfer characteristic, also shown in Fig. 10. Fig. 11
illustrates the response of the circuit to a sinusoidal input
signal. In order to achieve low power consumption the input
transistors M7 and M, have been designed with large L and
small W.

The squared signal has then to be integrated to compute
the energy. To this end, the output current of the squarer
circuit, I,,+ = Ip1 + Ipo, is fed to a resettable integrator
with feedback capacitance Cjyp (Fig. 5), thus achieving

b Iout

Vinr = dt, (10)

+; CInT
where Viyr is the integrator output voltage, which represents
the signal energy F(i) in the time frame Tinr = tf — t;.
Both the integrator capacitance C';yr and time frame Ty are
programmable. The possible values of C'jyr are 10 pF, 20 pF
and 40 pF, while Ty can be 8 ms, 16 ms and 32 ms. When a

Time ‘

Fig. 11.
signal

Time response of the circuit performing the square of the audio

sinusoidal input signal at 1 kHz is applied to the squarer input,
an output current [,,; is obtained, always flowing out of the
integrator virtual ground, of 1 nA, which, with C;yr = 20pF
and Tjyr = 16ms, leads to V;yr = 400mV. To accommo-
date this voltage swing at the output of the integrator, also
considering PVT variations, the input common-mode voltage
of the integrator, Vygr, is fixed to 0.3 V. Simulations across
corners and temperature have highlighted a variation of Vygr
from 0.203V to 0.313V and a squarer current consumption
variation from 15.76 nA to 20nA, with negligible effects on
the overall performance.

C. Energy Averaging

The signal energy F(i) obtained at the integrator output
has to be processed to generate the VAD signal. To this end,
the energy signal is processed by two parallel paths: one
devoted to the evaluation of the noise level (NL) and the other
dedicated to compute the scaled energy signal Fgc (7). The
quantities involved in the adopted VAD algorithm are:

o E(7) is the output of the integrator V;yr and represents
the signal energy in the current integration period 7 with
duration Tin7;

o NL(i) represents the noise level in the current integration
period <.

Fig. 12(a) and Fig. 13 show the circuit used to update the NL
value and the corresponding clock phases, respectively. During
the integration time, the switches driven by ®;y7 are closed,
storing the energy value E(i) on capacitances Cg; and Cpga,
while the switches driven by ®5; and ® 5 are open and, hence,
Cny, holds the noise level value from the previous integration
period, NL(i — 1). In this configuration the charge stored on
the capacitors is

Qnp(i—1) = NL(i — 1)Cny

Qp1,2(1) = E(i)Cpr,2 ’

where Cpg; and Cgy are programmable from 50fF to 500 fF
with steps of 50 fF, while C'y;, has a fixed value of 10 pF.

At the end of the integration period, the switches driven

by ®;n7 are opened and either ®g; and Py, is activated
(®g1,2), based on the values of NL(: — 1) and E(%), closing

(1)
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Fig. 12. Schematic of the circuits performing noise level update (a) and
energy scaling (b)

Fig. 13. Timing diagram of the clock phases

the corresponding switch. If E(i) > NL(i — 1), phase g4
is activated, connecting Cyz, in parallel to Cg;, while, if
E(i) < NL(i— 1), phase ® g, is activated, connecting C'yy, in
parallel to Cgy. The charge stored on the capacitors, therefore,
becomes

Qnr(i) = NL(i) (Cni + Cpa2) -

Combining (11) and (12) the expression of the NL(i) is
obtained as

12)

Cni ; Cpi,2
Cni 4+ Cgi2 Cnr 4+ Cgi2

Coefficients 3, and Sy from (2) and (3) are obtained through
the capacitive divider Cny/ (Cnr + Cp1,2), with the pro-
grammability range and step required by the VAD algorithm.

The updated noise level value is then compared with the
scaled energy Fsc (i), given by (6), to determine the presence
or absence of speech in the processed frame. Fig. 12(b) and
Fig. 13 show the circuit used to compute Egsc(i) and the
corresponding clock phases, respectively. Phase ®; represents
the clock signal of the comparator, while ®, is the phase in
which the VAD decision is sampled, as highlighted in Fig. 5.
During the integration time, the switches driven by ® ;7 and
®, n are closed, while the switch driven by ®., is open. The
charge stored on the capacitors is, therefore,

Qen (i) = E(i)CeN
Q~ (i) = VrerC,

where the value of C'gy is fixed to 5 pF, while the value of C.,
is programmable from 0.5 pF to 24.4 pF. The present value of

NL(i) = NL(i — 1) . (13)

; (14)

TABLE II

POSSIBLE VALUES OF C»y AND CORRESPONDING VALUES OF 7y

CypF1 v [%] [ Cy [pFI v [%] [ Cy [pF1  ~ [%]
0.50 91 2.54 66 7.00 2
0.69 38 2901 63 7.96 39
0.89 35 331 60 9.08 35
1.12 32 3776 57 104 32
1.36 79 426 54 2.1 29
1.62 76 132 51 4.1 26
1.90 72 545 a3 16.6 23
220 69 6.17 a5 19.9 20
244 17

Fig. 14. Comparator schematic

E(i) is compared with NL(i—1) on the falling edge of ® ;1.
After the comparison, the switch driven by ®, x is opened
and the switch driven by @, is closed. The charge stored on
the capacitors, therefore, becomes

Qsc(i) = Esc(i) (Cen + Cy). (15)
Combining (14) and (15), we obtain
~  Cin Cy
Esc =E(l)) =————— + Vrygr———. 16
sC (i) Con +Co + VRrEF Con +Co (16)

Considering that E(i) = Viyy = Vggr + Egrr(i), where
Egpr(i) is the actual energy value, (16) can be rewritten as

Cen

ESC = Egrr (Z) m
y

+ Vrer, 17
where the capacitive divider Cgn/ (Cen + C) implements
the coefficient -y of the VAD algorithm and Fs¢c = YEgpr(i)
represents the scaled energy used to detect the presence
of voice activity in the incoming signal. Capacitor C is
programmable with the values reported in Table II.

The comparator, whose schematic is shown in Fig. 14,
is implemented with a dynamic latch topology to reduce
the power consumption, since it is activated only for two
comparisons per integration period. The comparator inputs V;,
and V;, are connected directly to Cgy and Cng, while its
outputs are reset to the supply voltage during the integration
time and between the two comparisons. Considering an in-
tegration period of 16ms, the average current consumption
of the comparator is almost 0.2nA. Over 100 Montecralo
simulations, the comparator features an offset with mean value
of 361 uV and standard deviation of 1 mV.



TABLE III
FEATURE AND PERFORMANCE SUMMARY OF THE PROPOSED VAD CIRCUIT AND COMPARISON WITH THE STATE OF THE ART

Yang, ISSCC 2018

Parameter This Work

Price, ISSCC 2017

Badami, ISSCC 2015  Raychowdhury, JSSC 2013

[21] [13] [15] [14]
Technology [nm] 180 180 65 90 32
Input Device Passive Mic Passive Mic Digital Sound Passive Mic Digital Sound
Feature Analog Analog Digital Analog Digital
Bandwidth [kHz] 0.3-6.8 0.1-5 N/A 0.075-5 11-62000
Analog Digital Binarized Digital Fixed-Point Mixed-Signal Digital
Classifier SNR-Based Deep Neural Deep Neural Decision Energy-Based
Decision Rule Network Network Tree Decision Rule
Power [uW] 0.76 1 8.5 6 300
Area [mm?] 0.14 2.52 2.08 3 N/A
Rate [1/s] 31.25 100 100 N/A 32600

Intec
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Fig. 15. Chip micrograph of the proposed VAD circuit

D. Clock Phases

All control signals (Fig. 13) are generated internally starting
from a 3 MHz master clock. The master clock frequency is
initially divided by a factor of 30 to obtain the 100kHz
signal required, together with the 3 MHz clock, to drive the
switched resistor in the PGA (S¢ 4+ So = 10us, while the
minimum value of S is 333 ns), then it is divided down
to 31.25Hz to implement the 8 ms, 16 ms and 32 ms values
of the integration period. During the integration period the
switches driven by ®;yr are closed to store E(i) on Cay 2
and C'gy. During the evaluation phase, carried out after each
integration period, two comparison are performed (phase ®).
After the first comparison and before the second comparison,
control signals ®., and ®g; or ®gy are activated, to compute
NL(i) and Eg¢ (i), determining, with the second comparison,
the presence or absence of voice in the evaluated frame. The
result of the second comparison is sampled on the rising edge
of phase @, and held until the next evaluation is performed.

IV. EXPERIMENTAL RESULTS

The proposed VAD circuit has been implemented in a
180nm CMOS technology with a die size of 0.14 mm?, that
is, thanks to the adopted choices, more than 10x smaller than
any competitor. A micrograph of the chip is shown in Fig. 15.

Fig. 16 illustrates the VAD circuit operation for a 1s input
stimulus with a voice frame repeated 4 times and overlapped
with noise.
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Fig. 17. Signal used for measurement

The circuit has been fully characterized by applying at the
input of the PGA the 18 min recorded audio signal shown
in Fig. 17 (64 625 frames), containing different types of noise
(microwave oven noise, air conditioning noise, office noise and
steady background noise) and voice sources, for a total of 580
voice activity events with different SNR values. The scope of
this circuit is to wake-up the main ASPC and the subsequent



DSP processing blocks in the full system, which will stay
awake for a sufficient amount of time, e. g. 3s to 5s. Thus, the
rate of correct detections when a new word is spoken is much
more important that the frame-by-frame VAD performance for
an entire utterance. As consequence, the VAD accuracy is
evaluated only considering the initial on-set of speech rather
than the full utterance (e.g. by considering approximately the
first 100 ms). Performing significant tests of the proposed VAD
circuit with a standard dataset would require having in place
also the main ASPC, which is not available yet. A typical
Detection Error Tradeoff (DET) operating curve for different
values of the configuration parameters is shown in Fig. 18.
With this input signal, the proposed VAD circuit achieves
a classification accuracy of 99.5% (0.5 % total errors) with
0.2 % of false positive (FP) errors and 0.3 % of false negative
(FN) errors. The parameters used for the measurement are:
A = lde, TINT = 161118, CINT = 40pF, 51 = 095,
B2 =0.98 and v = 0.77.

The total errors, as well as the FP and FN percentages
obtained from measurements and simulations for different
values of parameters 31, 82, A and Cyyr are summarized
in Table IV, while the total error percentage as a function of
parameter 7y is shown in Fig. 19. The achieved classification
accuracy values demonstrate that the proposed VAD circuit is
robust and insensitive to parameter variations. In the presence
of supply noise (50mV, sinewave at 1kHz and 150mV,
squarewave at 217Hz) the VAD classification accuracy is
basically unaffected.

The proposed VAD circuit consumes an average current of
633 nA from a 1.2V power supply (760 nW). The breakdown
of the current consumption contributions of the different
blocks of the VAD circuit is reported in Table V. Table III
summarizes and compares features and performances of the
proposed analog VAD circuit with the state-of-the-art.

V. CONCLUSIONS

In this paper a fully analog voice-activity detection circuit is
presented. The device achieves 99.5 % classification accuracy
in a domestic environment in the presence of loud ambient
noise. The circuit, exploiting an energy-efficient analog im-
plementation with continuous-time non-linear operation and
fully-passive switched-capacitor processing, consumes only
760nW from a 1.2V. The VAD circuit prototype, fabricated
in a 180nm CMOS technology, occupies 0.14 mm?.
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