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Abstract—In this article, a new deep learning enhanced mi-
crowave photonic (MWP) sensor based on optical sideband pro-
cessing with linear frequency modulated (LFM) pulse to enable
fast and accurate sensing in the presence of noise and interference,
is proposed and demonstrated. The LFM pulse produces a fast
sweep of the optical sideband across the resonance, causing an
envelope dip in the transmitted LFM pulse which enables fast
interrogation. By optimizing the optical modulator bias point, the
depth of this envelope dip can be increased, thus enhancing the in-
terrogation resolution and facilitating higher accuracy. To enhance
the noise resistance for practical uses and avoid adding unnecessary
system complexity, we adopt a deep neural network (DNN) to
process the raw interrogation output of this time-domain MWP
sensor. The DNN can compress input data into a lower-dimensional
representation and be trained to accurately estimate the target
measurand despite noise and interference. Beside presenting a
detailed theoretical model, as a proof-of-concept, we demonstrate
the proposed scheme with a convolutional neural network (CNN)
in measuring the glycerol solution concentration amidst thermal
interference and system noise. The interrogation speed reached 2.5
MHz. Compared to the conventional MWP interrogation without
bias control, using optimized bias voltages improves the accuracy
of the estimation model based on the linear fitting of the manually
extracted envelope dip by 2-fold. The CNN based prediction model
achieves a root-mean-square error of 0.05%, which demonstrates
an overall 4-fold higher accuracy than that of the reference model
using traditional interrogation and filtering methods.

Index Terms—Deep learning, deep neural networks, machine
learning, microresonators, microwave photonics, photonic signal
processing, sensors.

I. INTRODUCTION

O PTICAL microresonators (OMRs), such as microrings,
microdisks, and microspheres, are widely recognized as

an ideal platform for demanding sensing applications thanks
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to their ability to strongly enhance light-matter interaction.
Compared to traditional sensors, OMR sensors offer many ad-
vantages, including superior environmental sensitivity, a com-
pact footprint, label-free detection capability, and compatibility
with diverse functional materials and integration techniques,
and hence have found applications in numeral fields ranging
from detecting various physical fields, such as temperature,
humidity, magnetic field, and pressures, to measuring vari-
ous physical matters, including gases, solutions, biochemical
molecules, and nanoparticles [1], [2], [3]. To improve the in-
terrogation speed and resolution, different microwave photonic
(MWP) technique based new interrogation schemes for OMRs
have recently been demonstrated. According to the operation
domain, these schemes to date can be categorized into two
types. One transforms the spectral measurement from the optical
domain to the radio frequency (RF) domain where a higher
frequency resolution is readily available with the RF instrument.
By adopting the OMR sensor in building up a MWP filter, the
shift of the optical resonance can be transformed into the shift of
an ultra-sharp RF spectral notch [4], [5] or an ultra-narrow RF
signal [6], which further improves the interrogation resolution
but has no benefit to the interrogation speed. The other acquires
the interrogation output in the time domain to achieve a fast
interrogation speed. By applying a linear frequency modulated
(LFM) pulse for generating the interrogation light in a phase
modulator, the optical resonance shift is interrogated as the shift
of the envelope profile of the transmitted LFM pulse [7], so
that the interrogation speed can be increased to be as fast as
the pulse repetition rate. However, the sensing resolution of this
approach requires a high extinction ratio and narrow linewidth
of the OMR, which consequently leads to an increase in the
design and fabrication complexity. Recently, we proposed a
sensing scheme for OMRs by combining LFM pulse with MWP
sideband processing [8]. Despite its potential to achieve high
performance with reduced dependence on OMR parameters,
this scheme has only been briefly analyzed in a simple model
and implemented in controlled experimental conditions to sense
temperatures, using a single specific pulse feature that was
manually extracted. In fact, noise and interference that can affect
the sensor are inevitable and can vary in different real-world
applications. The ability to automatically and effectively distin-
guish the target measurand (TGT) from various interferences
in a noisy environment is vital for achieving fast, accurate, and
reliable sensing. It is, therefore, necessary and imperative to
develop new techniques which can take full advantage of the
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Fig. 1. (a) Schematic diagram of the proposed DL assisted noise resistant MWP sensing scheme; (b) evanescent waves of the simulated optical resonant mode
field penetrating into the top cladding of microresonator; (c) changes of the optical resonance in response to the TGT and unwanted interferences (INT); (d) input
LFM pulse (voltage (V) vs. time (t) plot) which works as the interrogation signals and provides fast interrogation speed; (e) output LFM pulse, i.e., the interrogation
output, which is contaminated by system noise and contains a resonance-dependent deep envelope dip created by optimized DDMZM bias voltages. DDMZM:
Dual-drive Mach-Zehnder modulator; HC: Hybrid coupler; PS: Power supply; PD: Photodetector; ADC: Analog-to-digital converter; DL: Deep learning.

time-domain sensing output to enhance the noise resistance of
MWP sensors for practical uses.

Traditional denoising methods, such as Wiener filtering, ex-
hibit limitations in adaptability and may result in the loss of
crucial raw signal details [9]. Besides, these methods often fail
to effectively remove interference that are highly correlated with
the target signal. In recent years, deep learning (DL), as a subset
of machine learning that involves training deep neural networks
(DNNs), has emerged as an effective tool for enhancing the
capabilities of sensors. Compared to the traditional data process-
ing that relies on handcrafted features, DNNs, particularly the
convolutional neural networks (CNNs), can effectively capture
important patterns and relationships that are robust to noise
and interference in the input data, and learn complex relation-
ships between inputs and outputs to make accurate predictions
simultaneously [10], [11]. Despite the fact that DNNs have
gained prominence in speech recognition and general filtering
compared to traditional methods such as Kalman and Wiener
filters [12], [13], the utilization of DNN for time-domain MWP
sensing applications has yet to be explored.

In this work, by integrating the DNNs into the time-domain
MWP sensor based on optical sideband processing with the LFM
pulse, we achieve a fast MWP sensing scheme that can operate
effectively in the presence of noise and interference. A detailed
theoretical model is presented to analyze the operational prin-
ciple of the time-domain MWP interrogation scheme. By con-
trolling the DC bias voltage of the optical modulator to optimize
the power and phase of the optical sidebands that rapidly sweep
through the optical resonance, the spectral profile of the optical
resonance can be continuously transformed into a deep notch in
the LFM pulse envelope in every short period. This enables fast
and high-resolution interrogation of the microresonator sensor.
To enable the MWP sensor to operate in the presence of noise and
interference without increasing unnecessary system complexity,
a DNN is adopted to process the raw interrogation output. The
DNN can map the input to a compressed representation that con-
sists of underlying structures and relationships that are invariant
to the noise and interference, and subsequently makes accurate
predictions of the TGT through training. As a proof-of-concept,

the proposed scheme was implemented with a CNN based model
for measuring glycerol solution concentration amid thermal in-
terference and system noise. The utilization of short LFM pulses
and optimized optical modulator bias voltages enables efficient
interrogation of the resonance at a rapid rate of 2.5 MHz. The lin-
ear fitting prediction model established by using the envelope dip
locations obtained by using the optimized bias voltages demon-
strates a 2-fold increase in accuracy compared to that without
bias control. By using the raw interrogation output to train a
CNN, the established CNN-based prediction model achieves 4
times improvement in accuracy, as indicated by its root-mean-
square error (RMSE) of around 0.05% in comparison with the
RMSE of 0.19% of the linear model that uses the envelope dip
locations under fixed bias conditions. This outcome underscores
the power and potential of DL techniques in MWP sensing.

II. PRINCIPLE AND METHODS

Fig. 1(a) shows the schematic diagram of the proposed DNN-
enhanced MWP sensing scheme based on optical sideband pro-
cessing with the LFM pulse. Before being injected into the on-
chip microresonator sensor, the output of the laser is first modu-
lated by a broadband LFM pulse in a dual-drive Mach-Zehnder
modulator (DDMZM), creating two optical sidebands sweeping
outward from the carrier at a fast rate, with the LFM pulse
duration as the period. When an optical sideband sweeps through
an optical resonance, its optical power and phase vary according
to the optical power and phase transmissions of the resonance.
This causes a resonance-dependent amplitude drop in the trans-
mitted LFM pulse after photodetection. By optimizing the bias
point of the DDMZM, the amplitude drop can be deepened to
nearly zero, resulting in a more evident envelope dip carrying the
response of the microresonator sensor. However, this response is
often contaminated with external interference and system noise,
making it difficult to accurately measure the TGT. To enhance the
noise immunity of the MWP sensor without increasing hardware
complexity, a DNN is proposed to process the raw interrogation
output. The DNN filters out unwanted noise and interference
and generates an accurate estimation of the TGT.
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A. Principle of Operation

For a single optical resonant mode in an all-pass optical
microresonator, which has a self-coupling coefficient of r and a
single-pass amplitude transmission of a that reflects the trans-
mission loss in the cavity, its optical transmission, H(λ), with
respect to the wavelength, λ, around the resonance wavelength,
λres, can be expressed as [14]

H (λ) =
r − aei2πb

1− raei2πb
(1)

where b = λres

λ
. At the resonance wavelength, λres, which is

determined by

λres =
2π

N
neffL (2)

where N is a positive integer, L is the physical transmission
length of the resonant mode in the cavity, andneff is the effective
index, the optical transmission exhibits a notch shape which has
the depth or extinction ratio (ER) defined as

ER =
(a+ r)2(1− ar)2

(a− r)2(1 + ar)2
(3)

and the width or full width at half maximum (FWHM) given by

FWHM =
(1− ra) λ2

res

πngL
√
ra

(4)

where ng is the group index. At the wavelengths away from the
resonance wavelengths, H(λ) is equal to 1. As Fig. 1(b) shows,
the optical field of the resonant mode not only distributes within
the cavity but also extends beyond its surface as evanescent
waves, allowing for intense light-matter interactions between
the optical resonant mode and the claddings. Therefore, any
environmental factors that can cause a variation in the refractive
index of the cladding or cavity will perturb the optical field
distribution and lead to an effective index change, Δneff , re-
gardless of the TGT or unwanted interference. Based on (1)–(4),
as illustrated in Fig. 1(c), the effective index change then leads to
a variation of the spectral profile of the resonance transmission
notch, which includes a resonance wavelength shift as well as
the changes in the notch depth and width. The sensing operation
is based on the interrogation and analysis of those resonance
responses via DNNs.

The proposed sensing scheme conducts optical sideband pro-
cessing with the LFM pulse to achieve fast and high-resolution
interrogation of the resonant mode. Fig. 1(d) shows the temporal
waveforms of an ideal LFM pulse. The LFM pulse has a constant
amplitude and a repetition rate, v. In each repetition period, the
frequency of the LFM pulse linearly varies over time, rising
from zero to a maximum frequency at a constant rate of β.
When the optical carrier wavelength, λC , is set close to the
selected resonant mode of the microresonator sensor on the
longer wavelength side and is modulated by the LFM pulse in
the DDMZM, the optical sidebands will be created around the
carrier and sweep outward from the carrier at the same speed
of β with a period of 1/v, and only the lower sideband (LSB)
will travel across the selected resonance. Concerning only the

Fig. 2. (a) The phase transmission profile of over-coupled and under-coupled
resonant mode of microresonators, where the red dot shows the resonant wave-
length. (b) The power and phase relationship of the optical sidebands at different
bias points of the DDMZM.

optical carrier, LSB, and upper sideband (USB), the instanta-
neous intensity, I(t), of the transmitted LFM pulse signals at
the output of the photodetector (PD) in Fig. 1(a) at the time t can
be approximated as [8]

I (t) = 0.5�2PC

{
PUSB

∣∣∣∣H
(

cλC

c+ λCβt

) ∣∣∣∣
2

+ PLSB

+ 2

√
PLSBPUSB

∣∣∣∣H
(

cλC

c+ λCβt

)∣∣∣∣
2

× cos

(
Δϕ+ �H

(
cλC

c+ λCβt

)}
(5)

where � is the PD responsivity, c is the speed of light, PC ,
PUSB , and PLSB are the optical power of the carrier, USB, and
LSB, respectively, Δϕ is the phase difference between the RF
components generated by the optical carrier beating with the
USB and LSB, respectively. The resonance transmission is thus
transformed to the envelope of the transmitted LFM pulse, where
λres corresponds to the temporal location, td, which is equal to

td =
c (λC − λres)

λCλresβ
(6)

Assuming that the DDMZM is biased close to the quadrature
point, where cosΔϕ = 1, and the LFM pulse has an ideal
transmission, the normalized intensity of the transmitted LFM
pulse at td, I ′(td), can be calculated as

I ′ (td) =
(1 +K)2

4
(7)

whereK is equal to−|H(λres)| and |H(λres)|when the selected
resonant mode is over-coupled and under-coupled, respectively.
The resonance transmission notch shape is thus mapped to the
transmitted LFM pulse envelope dip, while the intensity dip
depth can only be around 6 dB. Fig. 2 depicts the phase trans-
missions of over-coupled and under-coupled resonant modes of
optical microresonators and the DDMZM modulation charac-
teristics. In the case of an over-coupled resonance, the phase
transmission undergoes a sudden shift of 2π rad within the reso-
nance region, and consistently changes by π rad at the resonance
wavelength. In contrast, an under-coupled resonance also shows
an abrupt phase change around the resonance wavelength, but
the phase transmission at this point is always 0 rad. Besides, by
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Fig. 3. The diagram of the CNN network structure used in this work.

tuning the bias voltage, the power ratio of USB and LSB can
be adjusted over a wide range, while the phase difference Δϕ
only changes in integer multiples of π radians. Therefore, there
always exists an optimal bias point that can satisfy the following
conditions

cos (Δϕ+ �H (λres)) = −1 (8− 1)

PUSB |H (λres) |2 = PLSB (8− 2)

which lead to I ′ (td) = 0 and an ER dependent maximum of
I(t). By adopting the optimal bias voltage during the MWP inter-
rogation, the response of the resonant mode, which can be at ar-
bitrary coupling states, can be interrogated with highly improved
resolution as the changes of the transmitted LFM pulse envelope
profile, which always contains a marked dip and conveys the
complete information. In practical situations, system noise can
be a common problem in MWP systems, as with any electronic
system. The MWP systems are susceptible to noise that can
arise from a range of sources, such as electronic components,
amplifiers, fibers, and lasers. This noise can have a detrimental
impact on sensing performance by introducing unwanted signals
or degrading the quality of the MWP interrogation output. It is
thus essential to mitigate the noise impact to ensure optimal
sensing performance. Various techniques, including component
selection, filtering, and signal processing algorithms, can be
employed to reduce noise in MWP systems [7], [15], [16],
[17]. However, implementing these techniques may lead to an
increase in system complexity. To address this challenge, this
work proposes the adoption of the DNN to directly learn from
the raw interrogation output and perform estimation of the TGT.

B. Deep Learning Model

As a proof-of-concept of the proposed sensing scheme, we
use the classic CNN to process the raw MWP interrogation
outputs and develop a DL-assisted noise-resistant estimation
model. CNN can be replaced with other neural networks as
per specific practical applications. For example, recurrent neural
networks can be employed when the sensors are deployed for
monitoring a time-corrected process [18]. While CNNs are
typically used for image recognition and computer vision tasks,
their ability to automatically learn complex patterns without
explicit feature engineering also makes them well-suited for pro-
cessing one-dimensional time series data [19]. Fig. 3 illustrates
the network structure of CNN and its training process. Each
MWP interrogation process produces a LFM pulse that contains

the resonance response and unwanted noise and interference,
which is directly fed to the CNN, serving as one data point for
deep learning processing. CNNs first use convolutional layers
to extract features from the input data and pooling layers to
reduce the dimensionality of the feature maps [20]. This allows
the network to identify input patterns that are invariant to local
variations, such as noise or small distortions [10], while further
minimizing the influence of noise on the feature representations
by summarizing local information across neighboring pixels
or signal samples. Next, one or more fully connected layers
learn to map those noise-invariant features extracted from the
input data to the output neuron, which represents the estimated
change in the TGT in this work. During supervised training,
CNN computes the difference between its output prediction
and the ground truth, resulting in a loss value to adjust the
weights of the network through backpropagation. This process is
repeated over many iterations until the loss is minimized and the
network achieves satisfactory performance on a validation set.
Additionally, the nonlinear activation functions enable CNNs to
model complex nonlinear relationships, which can help remove
ambiguity caused by highly correlated interference superim-
posed on the target resonance response.

The CNN model used in this work consists of four convolu-
tional layers. The first convolutional layer has 64 filters of size
7 × 1, followed by two convolutional layers with 32 filters of
size 5 × 1 and 3 × 1, respectively. The last convolutional layer
uses 1 filter of size 1 × 1. Each of the first three convolutional
layers incorporates a max-pooling layer with a kernel size of 2.
The larger kernel sizes (7 × 1) are effective in capturing
larger-scale patterns in the input spectrum and encourage the
network to learn more generalized features, which can result in
more efficient training, superior generalization performance, and
less sensitivity to isolated noise. The two middle convolutional
layers are used to extract detailed information and merge the
lower-level features into higher-level representations. The final
convolutional layer is used to reduce the number of channels as
well as the network parameters, which helps to prevent overfit-
ting. Following the convolutional layers, three fully connected
layers with sizes of (2500, 512), (512, 256), and (256, 1) are used
to facilitate regression. To further prevent overfitting, a dropout
layer is added after the first fully connected layer. In practical ap-
plications, this one-dimension CNN model can be implemented
on Field Programmable Gate Arrays with sub-nanosecond clock
cycle times, enabling high-speed real-time data processing [21].

III. EXPERIMENTAL SECTION

The proposed DNN enhanced MWP sensing scheme is im-
plemented as a proof-of-concept to measure the concentration of
glycerol in distilled water in the presence of thermal interference
and system noise, by using an on-chip air-cladded silicon-on-
insulator (SOI) microdisk resonator. To record the temperature
variation in the experiment, a reference microdisk coated with a
thick layer of silicon dioxide on the same chip is utilized [22].
The proposed scheme can be employed for sensing other factors
that can affect the effective index of the resonant mode, such
as humidity, gases, biochemical molecules, and magnetic fields,
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Fig. 4. (a) The SEM of the top view of the air-cladded microdisk used for
the glycerol solution sensing and the SiO2-coated microdisk used to monitor
the thermal interference. (b) The optical power and phase transmission of the
selected optical resonance of the air-cladded microdisk.

simply by adopting appropriate microresonator devices [1], [2],
[3].

Fig. 4(a) shows the top view of the scanning electron mi-
croscopy of the microdisk resonators fabricated using the stan-
dard electron-beam lithography technology on the SOI wafer.
The silicon devices are 220 nm thick and sit on top of a 2 μm
thick buried oxide layer above a 725 μm thick silicon substrate.
Both the sensor microdisk and the reference microdisk have
a radius of 20 μm and are positioned 220 nm away from the
bus waveguide, which has a width of 450 nm. By performing
the plasma enhanced chemical vapor deposition, the reference
microdisk is further coated with a layer of silicon dioxide that
is nearly 700 nm thick to ensure that the resonant modes are not
affected by glycerol concentration changes but are still sensitive
to thermal interference. Vertical grating couplers (VGCs) are
used for light coupling. Prior to measuring the glycerol solu-
tion, the temperature sensitivity of the reference microdisk was
evaluated to be 82.66 pm/°C at approximately 1550 nm, using a
Peltier unit and a temperature controller (Newport, model 325).
Fig. 4(b) displays the optical power and phase transmissions
of the selected optical resonant mode of the sensor microdisk
under the air cladding condition, which were measured at a
temperature of about 22 °C using an optical vector analyzer
(Luna, OVA5000). The selected resonant mode is over-coupled
and has a resonance wavelength of around 1554.77 nm. The
measured ER and quality factor are approximately 5.1 dB and
43800, respectively.

The experimental setup of the glycerol concentration mea-
surement against thermal interference and system noise is il-
lustrated in Fig. 5(a). A tunable laser (Keysight, 81950A) was
used as the laser source. The laser output was first directed to
a polarization controller to ensure optimal transmission in the
transverse electric (TE) mode. Before being injected into the
microdisk sensor chip, the light was modulated in the DDMZM,
which was configured with an electrical hybrid coupler and has a
half-wave voltage of about 6.25 V, and was driven using a broad-
band (30 GHz) LFM pulse generated from an arbitrary waveform
generator (AWG) (Keysight, M8195A). The DDMZM bias point
was adjustable via a programmable power supply (Keysight,
E3632A). A 90◦ fiber array with a gold coating was used to
enable and maintain the light coupling between the fibers and
the VGCs of the microdisk devices. The microdisk sensor chip,
along with the glued fiber array, was placed in a homemade

Fig. 5. (a) Experimental setup for the measurement of glycerol solution
concentrations. (b) The experimental LFM pulse measured by the oscilloscope
at the output of the AWG (top) and the PA (bottom) when the laser wavelength
was set away from the resonance wavelength and the DDMZM was biased near
the quadrature point. PS: Power supply; DDMZM: Dual-drive Mach-Zehnder
modulator; HC: Hybrid coupler; AWG: Arbitrary waveform generator; Osc:
Oscilloscope; PolC: Polarization controller; PA: Power amplifier; PD: Pho-
todetector; EDFA: Erbium-doped fiber amplifier; PC: Personal computer; OSA:
Optical spectrum analyzer.

solution container and left in the room condition without tem-
perature control. To compensate for the optical coupling loss, an
Erbium-doped fiber amplifier (EDFA) was inserted between the
sensor microdisk output and a 40 GHz photodetector (Finisar). A
high-speed oscilloscope (Tektronix, DPO77002SX), which has
a sampling rate of 100 GS/s and a vertical resolution of 8 bits, was
used to capture the transmitted LFM pulse signals, which were
first amplified by an RF power amplifier after photodetection.
The collected raw interrogation output data was processed on a
computer using DNNs. To monitor the temperature variation of
the chip immersed in the solution, the reference microdisk was
connected to an optical spectrum analyzer unit.

The LFM pulse measured by the oscilloscope at the output
of the AWG is shown at the top of Fig. 5(b). The experimental
LFM pulse has a pulse width of 200 ns and consists of 20000
sampling points. The pulse repetition period was 400 ns, which
hence allowed for an interrogation speed as fast as 2.5 MHz.
Prior to the transmission through the MWP sensor system, the
LFM pulse exhibited a clear sinusoidal waveform with an almost
constant amplitude of approximately 0.5 V. The bottom portion
of the figure displays the transmitted LFM pulse, which was
measured at the MWP interrogation output while the DDMZM
was biased close to the quadrature point and the laser wavelength
was positioned away from the selected resonant mode. Due to the
noise and nonlinearity introduced by the optical and electrical
power amplifiers, as well as the imperfect response of the system
components in practice, the transmitted LFM pulse shows a
noisy envelope profile with a downward baseline and heavily
distorted waveform shapes.
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Fig. 6. Raw interrogation output against the upper root-mean-square envelope
profiles (in black) collected at the glycerol concentration of 3.49%, 2.33%, and
2.05%, when the (a) fixed and (b) optimized DDMZM bias voltage was used,
respectively.

IV. RESULTS AND DISCUSSIONS

During the experiment, the sensor chip within the container
was initially submerged in a glycerol solution with a concentra-
tion of 3.49%, while the laser wavelength was fixed at 1554.66
nm, which was on the longer wavelength side of the selected
resonant mode. The glycerol solution was then successively
diluted with distilled water to achieve concentrations of 3.04%,
2.69%, 2.41%, 2.33%, 2.25%, 2.18%, 2.12%, and 2.05%. At
each of these nine different glycerol concentrations, 20 MWP
interrogations were performed using the optimized bias volt-
ages, and another 20 MWP interrogations were conducted with
the DDMZM bias voltage fixed near the quadrature point. This
results in a total of 180 raw transmitted LFM pulse waveforms
collected for each case. At each MWP interrogation, the op-
tical spectrum of the reference microdisk was simultaneously
measured to determine the concurrent chip temperature.

First, the two groups of interrogation output were com-
pared and analyzed using conventional methods. Fig. 6 shows
the transmitted LFM pulse waveforms collected at three dif-
ferent glycerol concentrations using the fixed and optimized
DDMZM bias voltages. To determine the temporal location
of the resonance-dependent dip in the noisy pulse waveforms,
the upper RMS envelope of each pulse waveform was ex-
tracted and processed with a moving average filter using a
window size of 400, which is plotted in black against the
original waveforms. Without the bias control, the envelope
dip is wide and shallow at the initial concentration of 3.49%.
However, it becomes increasingly challenging and eventually
impossible to recognize the dip at the concentrations of 2.33%
and 2.05%, respectively. In comparison, by using the opti-
mized DDMZM bias voltage, an evident envelope dip was
created and maintained throughout the measurement of different
concentrations.

To illustrate the thermal interference during the experiment,
the calculated chip temperature at each MWP interrogation is
shown in Fig. 7(a). The chip temperature generally shows a con-
tinuous downward variation trend from 21.7 °C to 20.6 °C. This
can be attributed to the addition of distilled water for dilution,
while the temperature interference is arbitrary or subjected to
the actual deployment environment of the sensor in practical
applications. Five transmitted LFM pulse waveforms collected
at the staring glycerol concentration by using the optimized bias

Fig. 7. (a) The chip temperature at each MWP interrogation using the fixed
(blue dots) and optimized (red dots) DDMZM bias voltage, respectively; (b) The
five out of twenty transmitted LFM pulse waveforms (the upper mean-square-
error envelope profiles are in black) measured at the same glycerol concentration
of 3.49%.

Fig. 8. The extracted envelope dip locations and the linear fitting results of
the interrogation output at (a) fixed and (b) optimized DDMZM bias conditions.

voltages are presented in Fig. 7(b). From the first to the last
MWP interrogation, the temporal location of the envelope dip
shows an evident shift to larger time values, which indicates the
effect of thermal interference on the interrogation output.

As a reference for comparison, by selecting the lowest point
in the RMS envelope profile, the envelop dip locations for both
the interrogations using fixed and optimized DDMZM bias volt-
ages were extracted and processed with the conventional linear
fitting. The results are shown in Fig. 8. Due to the presence of
thermal interference and system noise, the envelope dip locations
extracted under both bias conditions are not constant at each
fixed glycerol concentration. The dip locations obtained from
the MWP interrogation without bias control exhibit a more
significant fluctuation, particularly at low experimental glycerol
concentrations. In contrast, the change in the dip locations
obtained under the optimized bias condition is more consistent
with the thermal interference shown in Fig. 7(a). Without the
bias control, the RMSE of the linear fitting model of the envelope
dip locations is 0.19%, which is around 1.5-fold larger than that
based on the interrogation using optimized bias voltages. These
results highlight the advantage of the proposed time-domain
MWP interrogation technique that uses optimized bias voltages.
By creating a more distinct dip, it enables a higher interrogation
resolution and accuracy against noise and interference.

Next, the DNN-assisted MWP sensing was implemented by
training and testing a CNN using the raw interrogation output
data obtained from MWP interrogation that utilizes optimized
bias voltages. The experimental CNN uses the same structure
shown in Fig. 3. The Adam optimizer [23] was employed to
adjust the learning rate during the training. The LeakyReLU was
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Fig. 9. (a) Boxplots of the estimated concentrations during the 5-fold cross
validation; (b) The RMSE comparison of prediction models based on CNN
and linear fitting (LF) of interrogation outputs using optimized and fixed bias
conditions.

used as the activation function to address the vanishing gradient
problem [24]. A batch size of 24 was selected to smooth the
learning curve and improve the stability of the results. The 180
LFM pulse data were divided into training and testing datasets,
with 80% used for training and 20% for testing. The noisy LFM
pulse waveform, which consists of 20000 sample points, was
used directly as the input of the CNN and compressed into a
set of 2500 high-level features after passing through the four
convolutional layers. 5-fold cross-validation was conducted to
assess the model performance on different subsets of the dataset
and ensure that it was not overfitting to a particular subset [13].
Fig. 9(a) shows the boxplots of the estimation results of the
established CNN-based model during the 5-fold cross valida-
tion. The box in the middle represents the interquartile range of
the distribution of the estimated values for each experimental
glycerol concentration, which is the distance between the first
(25th percentile) and third (75th percentile) quartiles. The line
inside the box represents the median value. Compared with
the distribution of the prediction results of the linear model
shown in Fig. 8, except for a few outliers, the distribution
of the predicted values of the CNN-based model for each
experimental concentration is significantly more concentrated
around the ground truth. Furthermore, the RMSE performance
of the CNN-based model is compared with the linear models
based on the envelope dip locations as handcrafted features in
Fig. 9(b). The linear model using fixed bias conditions has a
significantly larger RMSE at nearly all test concentrations. The
linear model using optimized bias conditions shows a signifi-
cantly improved accuracy but still has a high RMSE at the first
four highest test concentrations. In comparison, the CNN-based
model demonstrates a consistently low RMSE at each concen-
tration. The CNN-based model achieved an overall RMSE of
0.05%, surpassing the performance of linear models based on
handcrafted features by 2.6 and 3.8 times under optimized and
fixed bias conditions, respectively. Furthermore, this achieved
RMSE value is a 78-fold improvement compared to the utiliza-
tion of metamaterial-based terahertz spectroscopy [25] and out-
performs a commercially available Abbe refractometer-based
glycerin concentration sensor (Misco, PA2022X) by a factor of
2. These results demonstrate the effectiveness of the proposed
scheme and highlight the great potential of DNN in enhancing
the MWP sensor performance. Additionally, for comparison

purposes, the estimation model was built and tested through the
same training, testing, and cross-validation processes by using a
CNN with the same structure but a consistent filter size of 7×1
in each of its four convolutional layers, and a four-layer fully
connected neural network with layer sizes of (2500, 512), (512,
256), and (256, 1). The achieved RMSEs for these two estimation
models were approximately 0.07% and 0.17%, respectively.
These findings further underscore the advantage of CNN in
extracting informative features and highlight the importance of
small kernel sizes in convolution to effectively detect and utilize
intricate local features.

V. CONCLUSION

In summary, we have proposed a new MWP sensor which
operates in the time domain and can achieve fast and accurate
sensing in the presence of unwanted noise and interference, by
adopting the DNN in processing the raw interrogation output
without adding unnecessary system complexity. By using the
LFM pulse and optimized modulator bias voltages in the optical
sideband processing-based interrogation, the MWP sensor can
achieve high speed and resolution. A detailed theoretical system
model has been presented. As a proof-of-concept, the proposed
scheme has been experimentally demonstrated for measuring the
glycerol concentration in the presence of thermal interference
and system noise by using a CNN to build the prediction model.
The CNN-based model achieves a constant high estimation
accuracy at all the experimental concentrations, which is 14
times better than the traditional estimation model established
by linear fitting of the interrogation output without bias control.
Those results prove the effectiveness of the proposed scheme
and demonstrate its potential for high-end sensing applications.

ACKNOWLEDGMENT

The integrated devices were fabricated at Research Prototype
Foundry at the University of Sydney. The authors would like
to thank Mitchell Austin from the University of Sydney for his
help with glycerol solution.

REFERENCES

[1] X. Jiang, A. J. Qavi, S. H. Huang, and L. Yang, “Whispering-gallery
sensors,” Matter, vol. 3, no. 2, pp. 371–392, 2020.

[2] Y. Wang, S. Zeng, G. Humbert, and H. P. Ho, “Microfluidic whispering
gallery mode optical sensors for biological applications,” Laser Photon.
Rev., vol. 14, no. 12, 2020, Art. no. 2000135.

[3] Y. Zhi, X. C. Yu, Q. Gong, L. Yang, and Y. F. Xiao, “Single nanoparticle
detection using optical microcavities,” Adv. Mater., vol. 29, no. 12, 2017,
Art. no. 1604920.

[4] X. Tian et al., “High-resolution optical microresonator-based sensor en-
abled by microwave photonic sidebands processing,” J. Lightw. Technol.,
vol. 38, no. 19, pp. 5440–5449, Oct. 2020.

[5] X. Tian, L. Li, S. X. Chew, L. Nguyen, and X. Yi, “Cascaded optical micror-
ing resonator based auto-correction assisted high resolution microwave
photonic sensor,” J. Lightw. Technol., vol. 39, no. 24, pp. 7646–7655,
Dec. 2021.

[6] S. X. Chew et al., “Optoelectronic oscillator based sensor using an on-chip
sensing probe,” IEEE Photon. J., vol. 9, no. 2, Apr. 2017, Art. no. 5500809.

[7] H. Deng, W. Zhang, and J. Yao, “High-speed and high-resolution interroga-
tion of a silicon microdisk sensor based on microwave photonic filtering,”
J. Lightw. Technol., vol. 36, no. 19, pp. 4243–4249, Oct. 2018.



7082 JOURNAL OF LIGHTWAVE TECHNOLOGY, VOL. 41, NO. 23, DECEMBER 1, 2023

[8] X. Tian, L. Li, L. Nguyen, R. A. Minasian, and X. Yi, “Microwave pho-
tonic sensor based on optical sideband processing with linear frequency-
modulated pulse,” in Proc. IEEE Int. Topical Meeting Microw. Photon.,
2022, pp. 1–4.

[9] A. Buades, B. Coll, and J. M. Morel, “A review of image denoising
algorithms, with a new one,” Multiscale Model. Simul., vol. 4, no. 2,
pp. 490–530, 2005.

[10] Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learn-
ing applied to document recognition,” Proc. IEEE, vol. 86, no. 11,
pp. 2278–2324, Nov. 1998.

[11] S. Mohan, Z. Kadkhodaie, E. P. Simoncelli, and C. Fernandez-Granda,
“Robust and interpretable blind image denoising via bias-free convolu-
tional neural networks,” in Proc. Int. Conf. Learn. Representations, 2020,
pp. 1–22.

[12] D. Hepsiba and J. Justin, “Enhancement of single channel speech quality
and intelligibility in multiple noise conditions using wiener filter and deep
CNN,” Soft Comput., vol. 26, pp. 13037–13047, 2021.

[13] B. Xie and Q. Zhang, “Deep filtering with DNN, CNN and RNN,” 2021,
arXiv:2112.12616v2.

[14] W. Bogaerts et al., “Silicon microring resonators,” Laser Photon. Rev.,
vol. 6, no. 1, pp. 47–73, 2012.

[15] T. E. Darcie, A. Moye, P. F. Driessen, J. D. Bull, H. Kato, and N. A. F.
Jaeger, “Noise reduction in class-AB microwave-photonic links,” in Proc.
IEEE Int. Topical Meeting Microw. Photon., 2005, pp. 329–332.

[16] O. Daulay et al., “Ultrahigh dynamic range and low noise figure pro-
grammable integrated microwave photonic filter,” Nature Commun.,
vol. 13, no. 1, 2022, Art. no. 7798.

[17] P. Li, Z. Dai, L. Yan, and J. Yao, “A microwave photonic link with
quadrupled capacity based on coherent detection and digital phase
noise cancellation,” J. Lightw. Technol., vol. 40, no. 20, pp. 6845–6851,
Oct. 2022.

[18] Y. Zhuang et al., “A hybrid data-driven and mechanistic model soft
sensor for estimating CO2 concentrations for a carbon capture pilot plant,”
Comput. Ind., vol. 143, 2022, Art. no. 103747.

[19] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521,
no. 7553, pp. 436–444, 2015.

[20] K. O’Shea and R. Nash, “An introduction to convolutional neural net-
works,” 2015, arXiv:1511.08458v2.

[21] R. Wu, X. Guo, J. Du, and J. Li, “Accelerating neural network inference
on FPGA-based platforms—a survey,” Electronics, vol. 10, no. 9, 2021,
Art. no. 1025.

[22] M. K. Park et al., “Label-free aptamer sensor based on silicon mi-
croring resonators,” Sensors Actuators B Chem., vol. 176, pp. 552–559,
2013.

[23] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
in Proc. 3rd Int. Conf. Learn. Representations, 2015, pp. 1–15.

[24] A. Bochkovskiy, C.-Y. Wang, and H.-Y. Mark Liao, “Yolov4: Optimal
speed and accuracy of object detection,” 2020, arXiv:2004.10934.

[25] W. Liang, J. Zuo, Q. Zhou, and C. Zhang, “Quantitative determination
of glycerol concentration in aqueous glycerol solutions by metamaterial-
based terahertz spectroscopy,” Spectrochimica Acta Part A: Mol. Biomol.
Spectrosc., vol. 270, 2022, Art. no. 120812.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


