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Abstract—This article presents a simplified simultaneous sense-
transmit sensor architecture featuring an impulse radio ultra-
wideband (IR-UWB) temperature sensor that embeds the sensed
temperature directly in the time intervals of an on-off keying
(OOK) IR-UWB identifier (ID). Both voltage and temperature
(VT) are intrinsically encoded in the intra- and inter-time
intervals of the transmitted IR-UWB ID using the inherent
dependencies of the core oscillator on these parameters. This
eliminates the need for explicit data conversion and minimizes
data transmission, simplifying the sensor architecture and signif-
icantly reducing power consumption. By designing the sensor to
operate with a wide supply voltage range, its energy efficiency is
further improved by eliminating the need for voltage regulation.
To address the resulting supply-voltage variation, a machine
learning (ML) algorithm is applied at the receiver to the time
intervals that form a multi-dimensional delay feature space to
predict the sensed temperature while cancelling the effects of
supply-voltage variation, enabling voltage-insensitive tempera-
ture sensing. The proposed sensor is fabricated in TSMC’s
130 nm CMOS process and experimentally validated over a
temperature range of 10°C to 110°C and a supply voltage range
of 1 V to 3 V across six sensors. The IR-UWB temperature sensor
achieves an inaccuracy of ±0.22°C (σ) and a mean absolute
error (MAE) of 0.16°C, across all temperatures, voltages, and
sensors, with a power consumption of 16.7 nW. A fixed systematic
polynomial correction reduces the inaccuracy to ±0.19°C (σ) and
0.13°C (MAE).

Index Terms—Impulse radio ultra-wideband (IR-UWB), tem-
perature sensor, machine learning (ML), wireless sensor, delay-
encoding, voltage-cancellation, energy harvesting (EH), unregu-
lated supply.

I. INTRODUCTION

THE projected scale of the Internet of Things (IoT) poses
significant challenges with powering the vast number of

devices over their lifetime. The majority of wireless IoT de-
vices are powered by batteries, necessitating periodic replace-
ment or recharging, a significant barrier to their widespread
adoption. This issue can be mitigated by powering devices
using energy harvested from external sources such as solar,
kinetic, thermal, and radio-frequency (RF) energy. RF energy
harvesting (RFEH), in particular, provides a continuously
available and easily integrable power source compared to
other energy sources. A primary limitation of RFEH IoT
devices is their operating range, which is dictated by the
trade-off between harvested power and the power consumption
of the IoT device. Techniques such as adaptive threshold
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compensation [1]–[3], maximum power point tracking [4],
[5] can increase the harvested energy, however, improvements
aimed at reducing the minimum input power level result in
low power conversion efficiency (PCE) and are restricted by
the transistor’s threshold voltage and leakage. At input power
levels below -25 dBm, power conversion efficiency (PCE) is
typically lower than 10%, yielding an output power on the
order of nanowatts [6], [7]. Moreover, the stochastic nature
of the received power of RFEH due to varying environmental
conditions [8], combined with the severe path loss imposed
by the inverse-square law, significantly reduces the available
harvested power with distance, forcing a practical compromise
between device functionality and operating lifetime. These
limitations highlight the need for IoT devices, such as sensors,
to operate with extremely low active power to achieve greater
energy autonomy.

The total power of a wireless sensor node is divided
between sensing and transmission, and treating these two
subsystems independently introduces inherent inefficiencies.
In conventional architectures, the sensing element and its
readout circuitry first convert the environmental quantity into
an electrical parameter such as capacitance, resistance, or
voltage, which is then digitized by an analog-to-digital con-
verter (ADC) [9]–[11]. Achieving high sensing accuracy typ-
ically requires high ADC resolution, resulting in high power
consumption [9], [11], [12]. For low-power sensors, time-to-
digital converters (TDCs) and frequency-to-digital converters
(FDCs) have been investigated, utilizing counter-based archi-
tectures that are more energy efficient [13], [14]. Nevertheless,
explicit data conversion is still used, and the TDC or FDC
can account for a significant fraction of the total sensor
power [15]–[17]. Moreover, these approaches often assume the
availability of a stable reference clock in IoT nodes, and this
can increase power consumption significantly [14], [16], [17].
When integrated into a wireless node, this power overhead
is compounded by the additional power requirements for RF
modulation and transmission. Sensor data is typically transmit-
ted by digitally modulating a continuous-wave (CW) carrier
[18]. Consequently, multiple conversion stages from the sensed
environmental quantity to RF modulation are required before
the information is transmitted. In widely adopted wireless
standards, CW transmitters operate with continuously running
oscillators and RF front-ends, making them inherently power-
intensive. Although power can be reduced through sleep cy-
cles, the fundamental architecture of CW transmitters renders
them unsuitable for very low-power applications. Alternative
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transmission methods like backscattering can reduce power
consumption by modulating the antenna’s impedance to reflect
incident signals instead of relying on an active transmitter [19].
However, backscattering communication requires the receiver
to transmit first to receive sensor information. Consequently,
the range is limited by the initial transmit power to the sensor,
the limited reflected power from the sensor and two-way path
loss. Impulse-radio ultra-wideband (IR-UWB) is a promising
alternative [20], [21]. Although it uses an active transmitter,
IR-UWB emits nanosecond pulses with a very low duty cycle,
enabling long idle periods and substantially lower average
power. The pulse transmission also allows for significantly
lower design complexity. Developing a wireless sensor that
consumes nanowatts of power will necessitate a fundamental
shift in architecture and technique.

This article proposes a simplified simultaneous sense-
transmit IR-UWB sensor architecture that reduces overall
power consumption by integrating sensing and transmission
functions to eliminate explicit data conversion and on-sensor
voltage regulation, while minimizing transmitted data through
the direct encoding of sensed information in the transmission.
The sensor transmits a delay-encoded on-off keying (OOK)
IR-UWB identifier (ID) using a core oscillator that simul-
taneously drives the IR-UWB transmitter while intrinsically
encoding voltage and sensed data into the intra- and inter-
time intervals of the IR-UWB ID. The encoding of sensed
data within these time intervals eliminates the transmission
of all data bits and the need for on-sensor data conversion.
Based on this architecture, a temperature sensor is developed
in which the sensed temperature is embedded directly within
the transmission, leveraging the inherent dependency of the
ring oscillator frequency on temperature. In contrast, prior
time-domain sensors encode sensor information within the
time interval of a pulse-position modulation (PPM) or pulse-
width modulation (PWM) signal to remove quantization at the
sensor, but still retain significant portions of a single-slope
ADC to perform explicit voltage-to-time conversion using a
continuous-time comparator, which significantly reduces sen-
sor power efficiency [22], [23]. The proposed sensor operates
directly from a variable supply voltage, without on-sensor
voltage regulation, to eliminate the conversion loss associated
with converting harvested energy to a regulated supply. Instead
of compensating for supply voltage fluctuations locally, these
variations are inherently encoded in the timing characteristics
of the transmitted IR-UWB signal and are de-embedded at
the receiver through machine learning (ML). Specifically, the
ML model exploits a multi-dimensional feature space formed
by the intra- and inter-time intervals of the IR-UWB ID
to accurately predict temperature while remaining robust to
supply voltage variations. Consequently, the sense-transmit
architecture can produce significant power reduction, resulting
in a sub-20-nW wireless temperature sensor.

II. PROPOSED ML-ASSISTED IR-UWB TEMPERATURE
SENSOR

To address the power constraints and variable output voltage
of energy harvesters, the proposed sensor is designed to
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Fig. 1. Core operation of the proposed delay-encoded IR-UWB temperature
sensor. Temperature is encoded within all time intervals of the transmission.

minimize power consumption while operating with a variable
supply voltage. Utilizing the sense-transmit architecture, the
key objectives are to transmit sensor information without re-
quiring explicit data conversion at the sensor and to minimize
the amount of transmitted information while operating with
an unregulated voltage supply that would otherwise reduce
the power efficiency of the sensor.

A. Principle of Operation

The proposed sensor leverages the inherent temperature de-
pendence of oscillation-based sensors by encoding temperature
directly into the delays. The core operation is based on a single
oscillator comprised of two temperature-dependent delay lines:
one defines the sensor’s ID period, S, and the other defines the
delay between the bits that form the sensor ID, Bi, generating
the delay-encoded signal as illustrated in Fig. 1. The resulting
delay-encoded signal is then converted into an IR-UWB signal
by transforming each signal edge into a UWB pulse.

Prior work has demonstrated the advantages of encoding
sensor information in the time domain to reduce data trans-
mission overhead and the high power consumption associated
with ADCs. The architecture in [22] reduces transmitted data
by converting a sensed voltage to the time interval between two
UWB pulses in a PPM signal using a single-slope voltage-to-
time converter (VTC). Although digital conversion is removed,
the single-slope VTC still retain significant power overhead
due to the continuous-time comparator, high-impedance cur-
rent sources, references, and switching circuitry, which re-
duce the sensor’s power efficiency [22], [23]. Moreover, the
transmission reliability is compromised because the system
lacks a method to uniquely distinguish between the two
UWB pulses and detect missing pulses. [23] adapts this by
replacing the single starting and ending pulses with distinct
starting and ending pulse sequences to improve transmission
integrity. However, the added robustness reduces or perhaps
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removes the data-reduction advantage of the PPM signal in
[22]. Encoding a single sensed value with two pulse sequences
can increase the number of transmitted pulses when the digital
representation of the sensor data requires fewer bits than the
pulse sequences, which is significant when power consumption
is correlated with the number of transmitted bits. The proposed
design removes the distinction between a starting and ending
pulse or pulse sequence, reducing the transmitted data by up
to 50% compared to [23]. A single pulse sequence conveys
temperature information, identification, error detection, and
synchronization without transmitting any data bits, thereby
achieving the reduced transmission in [22] with the improved
transmission integrity in [23].

Instead of deriving temperature from the oscillator fre-
quency, the proposed sensor extracts temperature from the
individual delay cells that set Bi. The delay-temperature char-
acteristic arises primarily from variations in carrier mobility
(µ) and threshold voltage (Vth) with temperature, modelled
respectively as

µ(T ) = µ0

(︃
T

T0

)︃−m

, (1)

Vth(T ) = Vth(T0)− κ(T − T0), (2)

where µ0 is the reference mobility, T0 is the reference tem-
perature, m is the scattering parameter, T is the absolute
temperature, Vth(T0) is the threshold voltage at the reference
temperature T0 and κ is the threshold voltage temperature
coefficient. These variations change the propagation delay of
the delay cell, allowing temperature to be directly embedded in
the transmission delays between each bit, Bi, without explicit
data conversion. This sensitivity is further augmented by S,
which can be designed to exhibit an exponential temperature
dependence to increase the temperature-to-delay conversion
gain and improve the overall temperature resolution.

While the delay lines exhibit a temperature dependence
that allows temperature to be encoded in the delays, their
intrinsic variability also makes them susceptible to changes
in the supply voltage. As a result, Bi and S become functions
of voltage and temperature (VT), making accurate temperature
predictions difficult in the presence of supply variations. This
is especially true when powered by an RFEH. The RFEH pro-
duces a variable supply voltage due to changing environmental
conditions. These variations are typically regulated by a power
management unit (PMU) that produces a constant supply
voltage regardless of changes in environmental conditions.
PMUs can also provide multiple voltage domains to optimize
power consumption across different subsystems, or dynam-
ically adjust their output depending on the available power
[19]. However, the integration of power management circuits
incurs significant power overhead when providing microwatt-
or nanowatt-level power, and their quiescent current reduces
the output load on the energy harvester, further reducing the
available power [22].

B. ML-Assisted Voltage Cancellation

Alternative solutions to mitigate supply voltage variations
are needed due to the power constraints imposed by the

inefficient PMU voltage regulation for RFEH-powered de-
vices. The proposed design addresses this by shifting supply-
variation mitigation from the transmitter to the receiver. The
proposed design applies an ML algorithm that computationally
cancels the effect of supply voltage variations on the VT-
dependent transmission at the receiver rather than actively
regulating the supply voltage at the transmitter. This technique
allows the sensor to operate across a wide, unregulated supply
voltage range, thereby eliminating the need for a PMU and
significantly reducing overall circuit complexity and power
overhead.

Accurate temperature prediction over a wide voltage range
is difficult because a single delay measurement can correspond
to a wide range of temperatures due to supply voltage varia-
tions. By introducing multiple unique delay responses under
the same voltage and temperature conditions, the range of
temperatures that would produce the unique combinations of
delay outputs is significantly reduced. Increasing the number
of distinct delay responses increases the uniqueness of the
set of delays, thereby reducing the range of temperatures
that would result in the combination of the multiple delays,
and increasing the confidence and accuracy of temperature
prediction. The proposed system extracts multiple distinct
delay measurements from the transmitted signal to create a
multi-dimensional delay feature space that can be used to
uniquely identify the operating conditions of the sensor.

The distinct delays are due to differences in the underlying
delay elements. Within the bit delay line, the odd and even Bi

correspond to rising and falling propagation delays, respec-
tively. These exhibit different VT dependencies because µ and
Vth differ between NMOS- and PMOS-dominated transitions.
In addition, intra-die mismatch between delay cells introduces
small variations in the VT response among the individual
Bi, further increasing the dimensionality of the delay feature
space. S, generated by the ID delay line, can be designed to
exhibit an exponential temperature dependence as mentioned,
which also increases the dimensionality and uniqueness of the
delay feature space.

The transmitted IR-UWB ID therefore encodes multiple
delays, each with its own distinct VT dependencies. Since
each delay responds differently to temperature and voltage,
every VT combination can produce a distinct set of delays,
therefore, these delays can be used to predict temperature even
though the supply voltage is unknown. ML can map the unique
delay feature space and learn the relationship between the
delays and temperature to distinguish temperature-dependent
changes from voltage-dependent changes. A Gaussian process
regression (GPR) ML model is used here to jointly interpret
these delays to cancel the influence of supply-voltage variation
and predict a precise temperature measurement that remains
accurate over a wide range of supply voltages. GPR is a
non-parametric Bayesian regression method that predicts an
unknown output without assuming a fixed functional relation-
ship between the inputs and outputs [24]. It assumes that
similar inputs (delays) produce similar outputs (temperatures),
with this similarity defined by the kernel function. Given the
training delays, the kernel function is evaluated between all
training delays to ultimately derive an observation precision
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matrix. This matrix describes the direct conditional dependen-
cies among the training delays. Measurement uncertainties are
incorporated by modifying the observation precision matrix
through a noise variance. For a new test IR-UWB ID, the
kernel computes the similarity between the test delays and
each training delays in a cross-covariance vector. The model
combines these similarities with the training temperatures to
produce a predicted temperature as shown:

µT = k⊤∗ (K+ σ2
nI)

−1Ttr, (3)

where k⊤∗ is the cross-covariance vector between the test
delays and training delays, (K + σ2

nI)
−1 is the observation

precision matrix with the included noise variance, σ2
n, multi-

plied by the identity matrix, I, and Ttr and µT are the training
temperature vector and predicted temperature, respectively. In
effect, the prediction is obtained as a weighted combination
of the training temperatures, where the weights are defined
by the similarity between the new delays and training delays
and the conditional dependencies among training delays in
the presence of noise. The effects of voltage variation are em-
bedded in the training data and incorporated into the precision
matrix through the kernel function, allowing temperature to be
inferred from the delays without explicit knowledge of voltage.

From another perspective, the predicted temperature is the
expected value of the distribution of the test temperature (T∗)
given the training delay data (X), training temperatures and
test input (x∗):

µT =

∫︂
T∗

[︃ ∫︂∫︂
p(T∗ | X, V, Ttr, x∗, V∗)

p(V, V∗ | X, Ttr, x∗) dV dV∗

]︃
dT∗,

=

∫︂
T∗

[︃ ∫︂∫︂
p(T∗, V, V∗ | X, Ttr, x∗) dV dV∗

]︃
dT∗,

=

∫︂
T∗ p(T∗ | X, Ttr, x∗) dT∗,

(4)

where V and V∗ are the voltage vectors of the training
data and test data, respectively. Taking the integral of the
joint probability p(T∗, V, V∗ | X, Ttr, x∗) gives the marginal
probability p(T∗ | X, Ttr, x∗). As shown, the marginalization
removes the need for voltage as an input, therefore, GPR
evaluates this marginal probability directly from the delays
and training temperatures, without the supply voltage or a
physical model that separates the contributions of temperature
and voltage. Since this distribution is a weighted average over
possible voltages, the smaller the range of possible voltages
for a given set of delays, the narrower the distribution and the
more certain the prediction. As noted, the transmitted IR-UWB
ID narrows the range of possible voltages through multiple
delays with distinct VT dependencies to enable an accurate
prediction of temperature.

The GPR models are constructed using the process outlined
in Fig. 2. To construct a GPR model for temperature pre-
diction, the sensor first undergoes calibration to remove the
effects of process variations for a VT mapping of the wireless
temperature sensor. To determine the number of calibration
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Fig. 2. Construction of the GPR 1 and 2 temperature prediction models with
data pre-processing using Bi and S.

temperatures, the general delay responses of Bi and S are
evaluated. The delays Bi and S can be derived from the I-
V differential equation for a capacitor, I = CdV/dt. Under a
sharp input step response, Bi can be calculated by recognizing
that the PMOS and NMOS spend most of their transition time
in the saturation and linear regions. The delay-temperature
dependence can therefore be determined by using the I-V
equations of the MOSFET in these regions, with µ and Vth be-
ing the dominant temperature-dependent parameters. Including
these temperature dependencies and integrating the differential
equation of the capacitor over the linear and saturation regions,
the delay of the bit delay cell is given by:

Bi = K1T
m

[︃
2Vth(T )

(VDD − Vth(T ))2

+
1

(VDD − Vth(T ))
ln

(︃
3− 4Vth(T )

VDD

)︃]︃
,

ln(Bi) = ln(K1) +mln(T ) + ln

[︃
2Vth(T )

(VDD − Vth(T ))2

+
1

(VDD − Vth(T ))
ln

(︃
3− 4Vth(T )

VDD

)︃]︃
,

(5)

where K1 represents the temperature-independent terms. At
low voltages, Bi depends strongly on both VDD − Vth(T )
and Tm. While Bi increase with Tm, with m typically equal
to 1.5, it decreases with VDD − Vth(T ). Depending on the
value of the overdrive voltage, VDD − Vth(T ), the temper-
ature dependence of Vth may cancel out with µ, creating a
temperature-insensitive delay. However, for sufficiently large
overdrive voltages, the sensitivity to the overdrive voltage
decreases, allowing mobility temperature effects to dominate.
This causes an increasing Bi with temperature as mobility
decreases with T−m, with a slight curvature as the current
increases slightly with a decreasing Vth. The difference in
mobility and threshold voltage between the PMOS and NMOS
transistors results in slightly different rising and falling edge



IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS—I: REGULAR PAPERS 5

VDDVDD

ID VCDL

VrefVref

VDD

ID VCDL

Vref

BIT DELAY LINE
VDDVDD

BIT DELAY LINE
VDD

     En

R
E

F
E

R
E

N
C

E
R

E
F

E
R

E
N

C
E

IDENTIFIERIDENTIFIER

D
R

IV
E

R
D

R
IV

E
R

U
V

LO
U

V
LO

EDGE 

DETECTOR 

EDGE 

DETECTOR 

Variable VDD

Vin

Vref

PARALLEL–SERIAL ID OOK 

MODULATOR

PARALLEL–SERIAL ID OOK 

MODULATOR
Vout

16-bit

16-bit IR-UWB 

TRANSMITTER

S

R

Q

Q’

CORE OSCILLATOR

Fig. 3. Circuit implementation of the proposed delay-encoded IR-UWB temperature sensor.

delays.
S can be implemented with an exponential temperature

dependence by controlling the delay with the subthreshold cur-
rent of a footer transistor for higher sensitivity to temperature,
as will be discussed in Section II-C:

S = K2VDDTm−2exp

(︃
−Vref − Vth

nVT

)︃
,

ln(S) = ln(K2) + ln(VDD) + (m− 2)ln(T )

−
(︃
Vref − Vth

nVT

)︃
,

= ln(K2) + ln(VDD) + (m− 2)ln(T )

−
(︃
q(Vref − Vth(T0)− κT0)

nkT

)︃
,

(6)

where K2 represent the temperature-independent terms of S,
VT (kT/q) is the thermal voltage and n is the subthreshold
slope factor. The inherent non-linearities in the delay responses
of Bi and S in the form of the power, inverse power and
exponential terms can be reduced through log transformation
and Taylor series approximation. Taking the logarithm of Bi

in (5) turns the multiplicative terms into additive terms. This
transformation dampens the effects of higher-order terms and
reduces the curvature of the Bi. Within a bounded temperature
range, the log-transformed Bi can be approximated by a
second-order Taylor polynomial derived from (5), with the
form f(T0) + f ′(T0)(T − T0) + f ′′(T0)(T − T0)

2/2, while
preserving the delay variations caused by the difference in
temperature effects between µ and Vth. While the polynomial
approximation is not exact, its adaptability allows for non-
idealities such as mobility degradation, velocity saturation and
drain-induced barrier lowering (DIBL) to be accounted for
in the curve fit. Similarly, applying a log transformation to
(6) linearizes the exponential and transforms (6) to a multiple

linear regression model that can likewise be approximated by a
second-order Taylor polynomial. Since the transformed delay
responses can be characterized by a second-order polynomial
or multiple regression model with two independent variables,
a three-temperature calibration evaluating the delay response
over voltage can model both Bi and S. The difference between
two consecutive Bi (Di = Bi-Bi+1) is calculated to exploit
differences in rising and falling edge delays, to further increase
the dimensionality of the delay feature space. The three-
temperature calibration data is then augmented over voltage
and temperature to provide more data. Using the delay feature
space, two GPR models are trained to predict temperature:
one utilizing Bi and Di, and another utilizing Bi, Di and S
to improve prediction.

An alternative joint-sensor approach for measuring tem-
perature over a 0.4 V range was proposed in [25]. This
design utilizes a separate voltage sensor to compensate for
the temperature sensor’s slight voltage dependency using a
least-squares method. However, this approach requires two
separate sub-sensors and two separate two-step least-squares
models for each sub-sensor. The initial models require a high-
VT resolution multi-sensor calibration followed by individual
sensor calibrations, resulting in a total of four calibrations per
temperature sensor. Furthermore, the voltage sensor is created
by the mutual compensation between mobility and threshold
voltage [26], which limits voltage scalability.

C. Circuit Implementation
The sensor’s circuit implementation is shown in Fig. 3. The

bit delay line produces a 16-bit parallel output that feeds the
transmitter and sets Bi using high-threshold-voltage transistors
to reduce leakage in inverter-based delay cells for transmission
at a nominal pulse repetition rate (PRF) of approximately 10
MHz. The sensor nominally transmits an IR-UWB ID every
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50 ms as set by the ID delay line. Since ambient temperature
changes slowly, higher sampling rates are unnecessary for
detecting environmental temperature changes. The ID period
displays an exponential temperature response by current starv-
ing the falling transition of the delay cells through footer
transistors and Vref to operate under subthreshold conditions
in a voltage-controlled delay line (VCDL). Current starving
the inverter creates a low-power, high-temperature-sensitivity
delay. The delay of the falling transition is significantly greater
than that of the rising transition, making the rising transition’s
delay negligible. This also reduces the circuit required to
implement a current-starved rising transition and accompa-
nying reference voltage for the header transistor. The core
oscillator, which contains the ID VCDL and bit delay line,
enables the encoding of temperature within the transmission
intervals and simultaneously drives the transmitter, eliminating
the dedicated comparators, high-impedance current sources,
references and control circuitry required for the VTC in prior
works. While sensitive to jitter, noise and variations in PVT
conditions, the free-running ring oscillator consumes the least
power compared to relaxation or LC oscillators. The bit delay
line produces a pulse train modulated by on-off keying (OOK)
using the system’s binary ID, via a parallel-serial ID OOK
modulator composed of NAND, NOR, and XNOR gates with
thick-oxide transistors. The relatively fast switching speed of
the parallel-serial ID OOK modulator has a limited effect on
Bi, thereby maintaining the temperature encoding of the bit
delay line.

The ID uniquely identifies the sensor. The proposed design
implements an impulse-based UWB transmitter that consists of
a driver, a digital switch-mode power amplifier and a pulse-
shaping filter, as shown in Fig. 3. IR-UWB transmits ultra-
short-duration wideband pulses, in contrast to a modulated
continuous carrier signal, which drastically reduces power
consumption by eliminating the need for continuous transmis-
sion. The short-duration pulse-based transmission is inherently
resilient to multipath propagation and interference. As a result,
IR-UWB pulse transmission reduces power consumption, im-
proves power efficiency, and enhances transmission reliability.
The OOK-modulated ID signal is passed through a driver that
is increasingly sized towards the output to optimize the rise
and fall times, and through an edge-based switch-mode power
amplifier that shapes the signal into positive and negative
Gaussian monocycle pulses, using a T-network pulse-shaping
filter centered around 6 GHz. Power to the transmitter is
gated through the core oscillator and edge detector to limit
the leakage. By representing the ID as a series of pulses,
only a digital input bit sequence is required for transmission.
This enables direct integration of the digital ID VCDL and bit
delay line with the transmitter without requiring explicit data
conversion, removing the need for ADCs and DACs in the
sense-transmit architecture. Aside from the voltage reference
and pulse-shaping filter, the entire system is implemented
digitally, which significantly reduces power consumption.

Fig. 4 demonstrates the modulation of the pulse train from
the delay line to produce a 16-bit OOK-modulated IR-UWB
ID. The shown pulse sequence contains 3 synchronous bits
at the beginning, which also serve as a start marker for the
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Fig. 4. (a) Simulated operation of the proposed IR-UWB temperature sensor,
including start-up and shut-down and output of the sensor. (b) Detailed view
of the OOK-modulated bit stream and transmission output of the IR-UWB
ID in Table I.

TABLE I
IR-UWB ID EXAMPLE FOR SYNCHRONIZATION, IDENTIFICATION AND

ERROR DETECTION FOR THE IR-UWB TEMPERATURE SENSOR.

Start Sync. 8-bit Unique Identifier 5-bit CRC
1 1 1 1 0 1 0 1 0 1 1 0 1 1 0 0

transmitted sequence. Between the synchronous bits are the 8
identifier bits, unique to the sensor. While the IR-UWB pulse
sequence intrinsically provides a parity error check through
its alternating sequence of positive and negative Gaussian
monopulses, the pulse sequence can include a 5-bit cyclic
redundancy check (CRC) for improved error detection. An
example of the IR-UWB ID is shown in Table I, with the
5-bit CRC produced using the polynomial x5+x3+1, which
creates the digital sequence from the OOK-modulator in Fig.
4(b). A rising or falling transition represents a binary one,
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Fig. 5. Schematic of the (a) PMOS-only voltage reference and (b) digital
UVLO.

while an unchanged state/constant state represents a binary
zero. This is transformed into a UWB pulse sequence through
the edge-based switch-mode power amplifier. This ensures the
robustness of the transmission.

The sensor is enabled by an undervoltage lockout (UVLO)
circuit that utilizes a voltage reference, shown in Fig. 5(a),
based on [27], which also provides Vref for the ID VCDL. The
native NMOS transistor that serves as a current source in [27]
is replaced with a PMOS transistor, and the output reference
voltage is determined by the threshold voltage of the four
high-threshold-voltage PMOS transistors that act as the load.
The exclusive use of PMOS transistors in the design reduces
the process variations of the voltage reference. This turns
on the sensor when sufficient energy is stored in the energy
harvester to transmit multiple temperature readings. Without
sufficient power, the sensor is disabled to minimize power
consumption and allow energy to be accumulated through
an energy harvester. Conventional comparator-based UVLOs
draw a constant static current, increasing the sensor’s power
consumption. We present a digital UVLO circuit that elimi-
nates the continuous current draw associated with comparator-
based UVLOs. The structure of the proposed digital UVLO
circuit is shown in Fig. 5(b) and features only two skewed in-
verters connected to an SR-latch. The top and bottom inverters
are skewed for high- and low-voltage transitions, respectively,
to introduce hysteresis through the SR-latch to enable the
sensor at 1.2 V and disable it below 1 V. This prevents the
system from repeatedly toggling between enable and standby
states during start-up, which could occur due to slight voltage
drops caused by the system’s instantaneous current draw. The
start-up SR-latch allows the system to complete transmitting
the last ID, ensuring the sensor operates reliably. The operation
of the UVLO circuit and voltage reference is demonstrated in
Fig. 4(a).

III. RESULTS AND EVALUATION

The proposed IR-UWB temperature sensor was imple-
mented and fabricated in TSMC’s 130 nm CMOS process
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Fig. 6. Image of fabricated IR-UWB temperature sensor.
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Bit	Delay	Line	(4.1%)

Digital	UVLO	(11.2%)

Voltage	Reference	(0.733%)

ID	VCDL	(19.1%)

Fig. 7. Power consumption breakdown across major subsystems of the
proposed IR-UWB temperature sensor.

and occupies an active area of 0.16 mm2, including the pulse-
shaping filter. Fig. 6 shows the fabricated sensor with the major
subsystems highlighted. The sensor’s power consumption was
found to be 16.7 nW at 1 V VDD and 30°C while transmitting
all 16 pulses in the IR-UWB ID. High-voltage 3 V transistors
were used throughout the design to minimize power leakage.
Fig. 7 presents a power breakdown of the major subsystems
of the sensor. The core of the sensor accounts for 23% of the
total power. With explicit data conversion, voltage regulation,
and typical clock generation removed, and temperature and
voltage encoded directly within the transmission intervals,
the IR-UWB transmitter accounts for the majority of the
system’s power consumption, resulting in higher transmission
efficiency.

Fig. 8 shows the experimental setup used to evaluate the
sensor. The sensor is mounted on a PCB to provide power
and is probed using a Z40-X-GSG-100 probe on a Cascade
Microtech probe station connected to a Keysight UXR11102B
oscilloscope sampling at up to 256 GS/s. While the sensor was
simulated to operate at sub-zero temperatures, its performance
was experimentally characterized from 10°C to 110°C due to
vertical space constraints on the probe station. The sensor’s
temperature was varied using a thin-film polyimide heater
above room temperature, while a thin thermoelectric cooler
was used to cool the sensor for measurements at 10°C. The
sensor was measured at five temperatures, with the supply
voltage varied from 1 V to 3 V at each temperature. Two
PT1000 Class A reference temperature sensors were placed in
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Fig. 8. Experimental setup for evaluating the proposed IR-UWB temperature
sensor on an RF probe station showing the polyimide heater attached to the
test PCB.
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Fig. 9. (a) Measured transient response of the 16-bit IR-UWB output, (b)
peak-to-peak voltage and shape of the rising-edge IR-UWB pulses and (c) the
PSD of the IR-UWB transmission under different operating conditions.

close proximity to the proposed sensor to provide a reference
temperature reading. A total of six sensors on separate dies
were characterized.

The IR-UWB output of the sensor was captured by the
oscilloscope for time- and frequency-domain analysis and
characterization of the sensor’s performance. Fig. 9(a) shows
an example of the transient response of the measured 16-pulse
IR-UWB ID. The pulse shape and peak-to-peak voltages (Vpp)
across different operating conditions of the sensor are shown

in Fig. 9, along with their power spectral density. The Vpp

ranges from a minimum of 0.34 V to 1.14 V. The potentially
high peak-to-peak pulse amplitude improves the transmission
range. Despite this, the signal’s PSD remains below the FCC
UWB spectral mask of –41.3 dBm/MHz across all operating
conditions, as the low pulse-repetition rate and the reduced
transmission from delay encoding limit the average radiated
power.

Peak detection is applied to the sampled IR-UWB signal
to determine the time intervals between and within the trans-
mission. Bi and S were determined from the IR-UWB signal
across hundreds of IR-UWB IDs at each measured voltage
and temperature. Using all the measured data, Bi and S
were further interpolated to provide data at 5°C and 0.05 V
increments. The ML construction process, depicted in Fig. 2,
is applied to this high-resolution dataset. The sensors were
calibrated at 20°C, 60°C and 105°C for the GPR 1 model,
and 15°C, 60°C and 105°C for the GPR 2 model across
the operating voltage range. The calibration can account for
variations in Vref as well as potential supply voltage droop
during operation due to instantaneous current draw. Process
variation in Vref is absorbed into the sensor’s VT mapping
during calibration, since the mapping is extracted from each
sensor’s measured response. Supply voltage droop that occurs
without a sufficiently sized supply capacitor is deterministic
and appears as a decrease in delay within the IR-UWB ID that
can also be captured in the VT mapping. From the calibration
datasets, the first two Bi values and S values were extracted
for the GPR 1 model, while the first and last five Bi delays
were extracted for the GPR 2 model. The parameters Bi and
S are log-linearized, and Di is computed from Bi. Bi, S and
Di are augmented a resolution of 5°C and 0.05 V using the
polynomial curve fits. GPR models are trained and tested on
the augmented measurement data to assess model accuracy.

Fig. 10 illustrates the resulting temperature accuracy of the
two temperature prediction models. It shows the simulated
residual errors across the five process corners overlaid on top
of the measured residual errors of the proposed temperature
sensor across six sensors on six distinct dies, evaluated over
all temperature and voltages. Using only Bi, the GPR 2 model
achieves a measured inaccuracy of ±0.69°C (σ) and a mean
absolute error (MAE) of 0.39°C across the full operating
range, as shown in Fig. 10(b). A performance deviation be-
tween measurement and simulation is observed with the GPR
2 model. This is due to differences observed between the simu-
lated and measured Bi values, where the measured Bi exhibits
much lower linearity, much higher mobility degradation and
more significant velocity saturation than found in simulation.
Additionally, temperature prediction using the GPR 2 model
degrades at lower voltages. At 1 V, Bi becomes temperature-
insensitive due to the mutual compensation between mobil-
ity and threshold voltage [26], creating a zero-temperature-
coefficient (ZTC) point. Compounded with slight measurement
inaccuracies and variations, this ZTC point exhibits the largest
residual errors.

The accuracy of the sensor using the GPR 2 model can
be improved by increasing the minimum operating voltage to
avoid the ZTC point in Bi. Operating within a reduced voltage
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Fig. 10. Performance of the temperature sensor measured across six sensors
and simulated across the five process corners over its full voltage range of 1
V to 3 V, evaluated over temperature and voltage using the (a) GPR 1 Model
with S, Bi and Di, and (b) GPR 2 Model with Bi and Di.

range of 1.2 V to 3 V significantly reduces the inaccuracy to
±0.40°C (σ) and 0.27°C (MAE), as shown in Fig. 11. Further
increasing the minimum operating voltage to 1.4 V reduces
the σ and MAE to ±0.32°C and 0.23°C, respectively.

To achieve high temperature accuracy while operating at
low supply voltages, the GPR 1 model can be used. Because
S maintains an exponential temperature dependency across
all voltages, it avoids the ZTC point found in Bi. As shown
in Fig. 10(a), the measured σ and MAE are slightly higher
for the GPR 1 model than the simulated errors, which is
attributed to measurement errors that affect the smoothness
of the experimental delay VT response, arising from slight
deviations between the reference and actual temperatures in
the unenclosed testing environment. Despite this, the proposed
temperature sensor displays the best performance with the
inclusion of S using the GPR 1 model, achieving a measured
σ and MAE of ±0.22°C and 0.16°C across all temperatures,
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Fig. 11. Measured performance of the temperature sensor across six sensors,
evaluated over temperature and voltage using the GPR 2 Model with Bi and
Di over a reduced voltage range: (a) 1.2 V to 3 V and (b) 1.4 V to 3 V.

voltages, and sensors.
The performance of the GPR 1 model can be further

improved by applying a systematic error correction [17].
Residual errors in calibration primarily stem from higher-
order temperature variations, which, while subject to process
variations, are deterministic. This can be mitigated by applying
a fixed systematic polynomial correction to Bi and S. The
fixed polynomial is derived from a one-time characterization,
using high-resolution measurements averaged across a sample
of sensors. Applying this systematic correction to a three-
temperature calibration reduces the σ and MAE of the GPR
1 model down to ±0.19°C and 0.13°C. Alternatively, this
correction can be applied to reduce the calibration effort.
Three-temperature calibrations require significant effort due to
the time needed to achieve thermal equilibrium for testing at
each calibration temperature. By performing a linear calibra-
tion and applying the fixed systematic polynomial correction,
obtained by a one-time characterization of the average residual



IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS—I: REGULAR PAPERS 10

Temperature	(°C)
0 50 100

GP
R	
1	M

od
el	
Re

sid
ua

l	E
rro

r	1
	V
	to

	3	
V	
(T

Ac
tu
al
-T

Pr
ed

ict
ed
)	(
°C

)

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

<	=	'0.19°C
MAE	=	0.13°C

Voltage	(V)
1 1.5 2 2.5 3

GP
R	
1	M

od
el	
Re

sid
ua

l	E
rro

r	1
	V
	to

	3	
V	
(T

Ac
tu
al
-T

Pr
ed

ict
ed
)	(
°C

)

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

<	=	'0.19°C
MAE	=	0.13°C

Temperature	(°C)
0 50 100

GP
R	
1	M

od
el	
Re

sid
ua

l	E
rro

r	1
	V
	to

	3	
V	
(T

Ac
tu
al
-T

Pr
ed

ict
ed
)	(
°C

)

-1

-0.5

0

0.5

1

1.5

2

<	=	'0.27°C
MAE	=	0.20°C

Voltage	(V)
1 1.5 2 2.5 3

GP
R	
1	M

od
el	
Re

sid
ua

l	E
rro

r	1
	V
	to

	3	
V	
(T

Ac
tu
al
-T

Pr
ed

ict
ed
)	(
°C

)

-1

-0.5

0

0.5

1

1.5

2

<	=	'0.27°C
MAE	=	0.20°C

Fig. 12. Measured performance of the temperature sensor across six sensors
over its full voltage range of 1 V to 3 V, evaluated over temperature and
voltage using the GPR 1 Model with a fixed systematic polynomial correction
for (a) three-temperature and (b) two-temperature calibration.

error of several sensors, the temperature prediction model
can be created with a two-temperature calibration with the
performance shown in Fig. 12. This achieves performance
close to a three-temperature calibration without the systematic
error correction, with a σ and MAE of ±0.27°C and 0.20°C.

While the delay-line-based sensing implemented in the de-
sign contributes to the sensor’s low overall power consumption
by enabling a direct digital implementation with the IR-UWB
transmitter that simultaneously senses and transmits with no
explicit data conversion, ring oscillators are more sensitive
to noise and jitter than their relaxation and LC oscillator
counterparts. The GPR models are trained on delay inputs
that are assumed to be operating on a supply that is stable or
predictable for the duration of the transmission of a single set
of delays. However, both low- and high-frequency supply and
device noise can result in jitter that affects the delays within
a single transmission. Each delay within the delay set may
therefore correspond to a slightly different VT combination.
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Fig. 13. Effects of measured noise and jitter on (a) S and B1, and (b)
predicted temperature.

Equation (3) can account for some of these variations through
the added noise variance. When supply and device noise are
high and beyond what is captured in training, averaging can
reduce the effects of noise and jitter. The impact of noise
and jitter on S and Bi, as represented with B1, is shown
in Fig. 13(a), and its effects on the predicted temperature
are also shown in Fig. 13(b) across the measurement of 300
IR-UWB IDs. While noise and jitter can affect the sensor’s
predicted temperature, resulting in spikes in the predicted
temperature, the σ between the nominal predicted temperature
and the instantaneous predicted temperature is only ±0.264°C.
Averaging can significantly reduce the spikes in the predicted
temperature, and σ can be reduced by more than half to
±0.112°C by applying a moving average across 10 IDs and
even further with larger moving averages. Therefore, the
effects of noise and jitter can be mitigated. This averaging
can mitigate delay variations in S and Bi induced by low-
and high-frequency supply noise, in conjunction with its
attenuation by on-chip and off-chip decoupling capacitors.

The temperature sensor’s precision is otherwise limited by
the receiver’s time resolution. To maximize the temperature
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Fig. 14. (a) Example of a receiver for the proposed sensor. (b) Effects of
sampling rate on the measured temperature resolution.

resolution, the receiver should distinguish variations in Bi.
Reducing the receiver’s time resolution may reduce the tem-
perature resolution if Bi cannot be uniquely identified. The
effects of the receiver’s time resolution on the error of the
temperature sensor are analyzed by reducing the sampling rate
of the receiver from 256 GS/s down to 8 GS/s, as shown in
Fig. 14(b). The reduction in sampling rate shows a minimal
change in the achievable temperature resolution. At 4 GS/s, the
receiver becomes unable to detect the UWB pulses reliably.
Therefore, the minimum time resolution required is determined
by the detection of UWB pulses, not by the sensor’s tem-
perature resolution. For practical deployment, the oscilloscope
used to characterize the performance of the proposed sensor
can be replaced by a direct RF-sampling IR-UWB receiver,
as illustrated in Fig. 14(a), consisting of a passband filter,
low-noise amplifier (LNA), high-speed ADC and digital signal
processor (DSP). The high-speed ADC with sampling rates
higher than or equal to 8 GS/s directly digitizes the IR-UWB

signal. Peak detection can be applied to the digitized RF
signal by implementing an energy detection, cross-correlation
or auto-correlation receiver in the DSP that transforms the
IR-UWB signal to rectangular pulses and extracts the time-of-
arrival (ToA) via zero-crossing detection. These ToAs can be
converted into delays as inputs to the deployed temperature
prediction model at the receiver for inference to predict the
sensed temperature at the wireless sensor node.

The communication range between this sensor node and the
receiver is determined by the transmitted power of the pulse.
At nominal conditions, the 16-bit IR-UWB pulse sequence has
a maximum average PSD of -75.66 dBm/MHz as shown in Fig.
9(c). The IR-UWB pulse PSD is calculated by accounting for
the duty cycle, which is the product of the pulse width (400 ps)
and the PRF (7.5 MHz). This yields a maximum pulse PSD
of -50.43 dBm/MHz (−75.66dBm/MHz − 10 log10(400 ps ∗
7.5 MHz)). With a -10 dB bandwidth that spans the entire
UWB frequency range, the maximum transmitted power is
approximately -11.68 dBm [22], which corresponds to a wire-
less transmission range above 30 m given a typical receiver
sensitivity of -90 dBm in free space.

The long-term reliability of the proposed sensor is an-
other consideration. Since the temperature prediction model is
trained with an initial calibration, circuit degradation from hot-
carrier injection (HCI) and bias-temperature instability (BTI)
can reduce sensor accuracy over time. However, due to the low
switching activity and low power consumption of the circuit,
the sensor is less susceptible to HCI aging effects than its
conventional high-power alternatives. Although aging effects
were not experimentally evaluated, these mechanisms are de-
terministic. Consequently, delay drifts may be compensated for
within the temperature prediction model by incorporating the
operating lifetime as an additional input parameter alongside
the delay features. If necessary, periodic recalibrations can also
maintain sensor accuracy over time.

Table II summarizes the performance of the proposed IR-

TABLE II
PERFORMANCE SUMMARY AND COMPARISON TO TIME-MODULATED IR-UWB SENSORS.

Ref. Tech.
(nm)

VDD
(V)

Area
(mm2) Cal. UWB-

Vpp

Pulses
/ Con-
version

ID
length
(Bits)

Conv.
Time

ENOB
(Bits)

Samp.
Rate Power

FoM
(pJ/

Conv.
Step)

[22] 180 1.2/1.8 2.5a

Offline
Cal +
Online
2 Point

Cal

350
mV 2 0 3.3 µs 6.7

(7.3b) 300 kS/s 41.5
µW

1.3
(0.9b)

[23] 130 1.2 1.35 3 Point 160
mV 32 6 1 ms 11.3 1 kS/s 70 µW 0.87c

This
Work 130

1.4 to 3

0.16d
3 Temp

400
mV

16 4 2 µs 7.9
20 S/s 16.7 nW

3.5

1-3 32 (16e) 13 50 ms
8.4

2.4
5.4 kS/sf 928 nWf 0.5

3 Tempg 8.7
20 S/s 16.7 nW 2

5.4 kS/sf 928 nWf 0.4
a Active area only b Integration window reduced from 10 ns to 2 ns c Divided by 32 channels d Active area and pulse-shaping filter included
e Pulses required for conversion converge to 16 as the number of transmitted IR-UWB IDs approaches infinity f Calculated with reduced ID VCDL
g With the fixed systematic polynomial correction
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TABLE III
PERFORMANCE SUMMARY AND COMPARISON TO STATE-OF-THE-ART WIRELESS SENSORS DESIGNED FOR ENERGY-HARVESTER-POWERED OPERATION.

Reference This work [22] [28] [29] [30] [31] [32] [33]
Technology

(nm) 130 180 55 180 65 LP 65 180 130

Operating
Voltage (V) 1 to 3 1.15 to 1.3 1.8 0.6 0.35 1 2-3.8 0.7-1.2

Area (mm2) 0.16a 2.5b 0.56 1.3 0.151b 1 2.25 0.23b

Sensing
Technology

Delay
Encoding PPM Analog to

Digital
Analog to

Digital
Analog to

Digital
Pulse

Encoding
Analog to

Digital
Frequency
Encoding

Wireless
Technology IR-UWB IR-UWB Backscatter Backscatter CW Backscatter CW +

Backscatter Backscatter

Sampling
Rate 20 S/s 300 kS/s 20 S/s - 20 S/s - 0.03 S/s 40 S/s

Power 16.7 nW 41.5 µW 25 µW 982 nWd 127.5 nW 7.32 µW 143 nW 1.05 µW
a Active area and pulse-shaping filter included b Active area only c Peak power

UWB sensor and compares it with other time-modulated IR-
UWB sensors. The proposed IR-UWB sensor achieves an
ENOB of 8.4 and 7.9 bits with the GPR 1 and 2 models,
respectively, as defined in [22] across a temperature range of
100°C. This increases to 8.7 bits while using the GPR 1 model
with a fixed polynomial correction. The nominal sampling rate
is intentionally reduced to account for the slow change of
ambient temperature, where high sampling rates are unnec-
essary. Under this condition, the total power consumption is
16.7 nW with a nominal Vpp of 400 mV. However, at this
low sampling rate, the design becomes leakage-dominant, and
power does not scale linearly with sampling rate. By reducing
the ID VCDL to a single stage, the sampling rate is calculated
to increase to 5.4 kS/s while the power consumption increases
to 928 nW. At this operating point, leakage is no longer
dominant, and the IR-UWB transmitter accounts for more than
80% of the total power consumption. With the GPR 1 model,
this condition yields the highest FoM, as defined in [22] and
[23], with and without the fixed polynomial correction, among
the compared time-modulated IR-UWB sensors. The strong
FoM reported in [22] stems from transmitting only two pulses
to represent sensor data using PPM, since active transmission
power scales with the number of transmitted pulses. While
reducing the number of transmitted pulses improves efficiency,
transmitting only two pulses provides no means of sensor
identification or error detection and cannot be used in practice.
This limitation is addressed in [23] through transmission of
two 16-bit pulse sequences, and in this work by transmitting
a 16-bit IR-UWB ID. It should be noted that the FoM of [23]
is evaluated per channel, allowing auxiliary and conversion
power to be distributed across 32 channels that reduces the
impact of architectural power inefficiencies. This reduces the
apparent power overhead and is only achievable in multi-
channel architectures. [23] also has a much lower peak trans-
mit power with a 150 mVpp output. Compared with the other
works, this work achieves reliability in operation and sensing
while reducing power inefficiencies through the transmitted
VT delay-encoded OOK IR-UWB ID and ML-applied voltage
cancellation to eliminate data conversion, digitization, and
voltage regulation for the lowest power consumption while

having the highest peak output power.
Table. III presents a general comparison with other wireless

sensors designed for energy-harvester-powered operation. The
proposed sensor achieves the lowest power consumption and
the widest operating voltage range of the reported works.

IV. CONCLUSION

This work presents an IR-UWB temperature sensor featur-
ing a simultaneous sense-transmit architecture that eliminates
the need for explicit on-sensor data conversion and data bit
transmission by transmitting a VT delay-encoded IR-UWB
ID. An ML algorithm applied at the receiver can predict
temperature in the presence of voltage variations to eliminate
the need for voltage regulation at the sensor. This sensor
architecture significantly reduces power consumption. As a
result, the proposed IR-UWB temperature sensor operates
with the lowest power and the widest operating voltage range
of the reported works. Experimental results demonstrate a
temperature prediction inaccuracy of ±0.22°C (σ) and 0.16°C
(MAE) across a supply range of 1 V to 3 V, respectively.
Applying a fixed systematic polynomial correction reduces the
σ and MAE to ±0.19°C and 0.13°C, respectively. With sub-
20-nW power consumption and the capability to operate on
a wide variable supply voltage, the sensor operates reliably
despite the limited and variable output of energy harvesters,
making it highly suitable for energy-harvested IoT sensing.
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