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A B S T R A C T

The rainfall weather station employs a tipping bucket rain gauge, which serves as a specialized instrument
for the meticulous assessment and documentation of various rainwater parameters. The implementation of a
tipping bucket rain gauge for rainfall monitoring bears significant implications for both societal productivity as
well as improvement of human life. A noteworthy example can be the constructive influence of rainwater over
the sustainable agricultural irrigation practices, wherein the precise monitoring of rainfall through a tipping
bucket rain gauge enables the formulation of tedious irrigation strategies. The rainfall monitoring if often
handle using rain gauge which majorly faces two challenges named as mechanical devices failure and high
installation and maintenance cost. Considering the challenges, we propose the fully automated rain gauge (RG)
based on the principle of sound and its properties for rainfall monitoring. The working prototype is part of
our work whose primary task is to collect the rainfall acoustic value and store it in the cloud. Our mechanism
is to use the acoustic property of rain data to categorize rainfall intensity. We perform blind signal separation
on the received signal (acoustic signal recorded with the help of microphone sensor) and feed the separated
signal to a recurrent convolution neural network (RCNN). The source separation of the collected acoustic
signals is primarily being done using independent component analysis and principal components analysis. The
proposed solution can be able to make the classification of rain intensity with more than 80% accuracy. In
addition to this, the developed method provides the sustainable solution to the challenges with the low-cost
and application-specific acceptable threshold criteria and supplement rain measurement techniques.
Introduction

Rainwater harvesting is becoming a fundamental entity in the sus-
tainable development of humankind. The rainfall monitoring and mea-
surement are critical for agriculture irrigation [1], rainwater harvest-
ing [2], water distribution, mining, and infrastructure maintenance
(airports, roads, and port management) [3]. In addition, it can be
used for long-term environmental/meteorological monitoring, disaster
prevention (e.g., landslide, flood, high tide, storm surge), and so on [4].
The monitoring task requires large-scale automation and expects the
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steady functioning of the rain gauge. One potential application is in
monitoring and managing natural ecosystems. The system can monitor
the acoustic signatures of various species of animals and birds, enabling
conservationists to track their populations, identify any changes in
their behavior, and assess the ecosystem’s health. This information
can be used to guide conservation efforts, including the protection of
endangered species and the restoration of damaged habitats. Another
application is monitoring human activities that impact the environ-
ment, such as logging, mining, and construction. The system can detect
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and identify the sounds of heavy machinery, enabling environmental
regulators to monitor and enforce compliance with regulations and
minimize the impact of these activities on the environment [3]. In
disaster prevention, the system can detect and classify sounds associ-
ated with natural disasters, such as earthquakes, volcanic eruptions,
and tsunamis [5]. It can provide early warning to communities, en-
abling them to take appropriate measures to protect themselves and
their property. Furthermore, the system can monitor industrial facili-
ties, such as oil refineries and chemical plants, to detect and classify
abnormal acoustic signatures that may indicate a potential safety haz-
ard. It can help prevent accidents and minimize environmental and
surrounding community impact. The potential to provide valuable
insights into the acoustic signatures of various environments and activ-
ities [6], enabling sustainable environment management and disaster
prevention.

The world is dealing with global warming, which affects the weather
on a larger scale. As a result, the unevenness and unpredictability in
the rainfall are increasing. The global government has adopted the
policy of establishing automatic weather stations (AWS) to continu-
ously monitor rain on the county level [7]. The rainfall intensity can
vary significantly even over the sub-kilometer region. The early alert
system can inform and prevent water-logging in the potential area
where it tends to be a potential landslide. Getting the precipitation
data over the sub-kilometer resolution will require deploying rainfall
sensors (tipping buckets or remote weather stations) on a much larger
scale. However, considering the nature of the operational and cost,
it becomes implausible. Many countries where rainwater harvesting
becomes necessary for the future and handling other rain-induced
disasters (flood, land-sliding) require a more cost-effective solution.

Several methods exist to measure precipitation, such as Rain and
Snow gauge, Disdrometre, satellite, and Radar. The current practice
for rainwater monitoring consists of the tipping bucket to measure the
rain in any specific locality. It is mainly hindered due to the role of
the bucket in its architecture. sensor, data logger, and mechanical parts
comprise a ‘‘tipping bucket sensor’’ for building a rain gauge (RG) [8].
The sensor can facilitate digital configuration to define data monitoring
intervals and logging. The additional communication module can be
attached to the RG to receive data over the network; enables the long-
term over-network-based monitoring using RG and communication
modules. The RG tipping bucket measures precipitation entering the
funnel. Once it reaches a certain level, the bucket is tipped and counts
the pulse signal—the practice, as mentioned above, acts as a working
principle for RG worldwide.

The liquid precipitation in the specified interval has measured by
a rain gauge, while the snow precipitation measurement requires a
snow gauge [5]. The meteorologists and hydrologists used (M&H)
these two instruments to determine the depth of precipitation (usually
in mm). The coverage and accuracy provided by this sensor depend
upon the manufacturing model. On the other hand, some reports can
require particulars about rain apart from the precipitation amount;
therefore, some unique purpose rain gauge, such as Jardi’s pluviometer,
is also used by M&H. The Jardi’s pluviometer can measure the average
intensity in a specific time interval.

Rainfall monitoring is traditionally done using rain gauges only
provides information on the total amount of rainfall and does not
provide any information on the rainfall distribution or intensity [9].
In addition, rain gauges are often sparsely distributed, which makes it
difficult to obtain accurate information on rainfall patterns. Another
commonly used method for rainfall monitoring is radar-based systems.
These systems use radar signals to estimate the amount and distribution
of rainfall in a particular area. While radar-based systems effectively
provide information on rainfall patterns, they can be expensive to
install and maintain [10]. In addition, they are often affected by
interference from other sources, which can lead to measurement in-
accuracies. The working principle of the ‘‘Rain Gauge’’ usually moves
2

around the bucket-kind structure that collects the water for specific
intervals. The water gets collected in a funnel-type structure in the
tipping bucket and moves towards a small seesaw-like container. Once
the threshold of storage crosses, the liver tips release the water and
send the electric signal to the data logger. The tipping bucket is the
most popular method for rainwater due to its less maintenance and
easy use phenomena. Moreover, it needs to be more accurate and has
significant disadvantages. Suppose the rain stops just before the lever is
tipped; the single drop of water can send an erroneous signal in the next
rainy season. In addition, it also does not measure snowfall and heavy
rainfall accurately as given in [11]. The heavy wind is also not helping
this mechanism as most droplets can fall beside the bucket; therefore,
the measurement will be erroneous.

In Jardi’s pluviometer, the continuous rotating drum has been used
to collect and measure the precipitation [12]. The advantage of the
tipping bucket rain gauge is that the character of the rain (light,
medium, or heavy) may be easily obtained. On the other hand, the
optical rain gauge comprises a collection of funnels. It has an enclosed
space, which collects the water, and once the volume is equal to a
single drop, it falls the droplets which measure with the help of a
laser beam. The sensor photo-detectors read the flashes and send the
data to the logger. It has an advantage over the classical rain gauge,
but the solution could be more cost-effective. The Laser Precipitation
Monitor serves as a value transmitter and is well-suited for measuring
and detecting different types of precipitation, such as rain, drizzle, hail,
snow, and mixed precipitation. The optical disdrometer uses a light
beam to estimate the size and intensity of the droplets, as shown in
Fig. 1. The diagram of an optical disdrometer, a scientific instrument
used to measure the size and distribution of precipitation particles.
The diagram shows a light beam that passes through a precipitation
sample and produces a scattered light pattern that can be analyzed
to determine the characteristics of the precipitation particles. A white
ellipse represents the precipitation sample, and the scattered light
pattern is indicated by arrows pointing away from the sample. The
diagram also includes raindrop shapes distributed throughout the im-
age, representing the precipitation particles that scatter the light. The
labels and legend provide additional information about the various
components of the optical disdrometer. Overall, this informative and
visually appealing diagram illustrates the basic principles of an optical
disdrometer and its components. The large-scale deployment of optical
disdrometer has been studied and explored in [13]. This article also
reports the working principle and result over a long duration. The cost
constraint of the optical disdrometer makes it an infrequent choice of
selection and does not match our objective. Therefore, our study will
be limited to the acoustic disdrometer.

The proposed rainfall monitoring system is based on the sound and
impact of water droplets on solid surfaces. Our affordable acoustic
system uses microphones to detect raindrop sounds, providing real-
time data on rainfall intensity and distribution over a large area.
The earlier solution proposed on the principle of the characteristic of
water droplets on solid surfaces has been named ‘‘Disdrometer’’. In
the American Meteorological Society glossary, the term Disdrometer
is described as: ‘‘An instrument that measures and records the sizes of
raindrops. A common type of Disdrometer consists of a sensitive transponder
that measures the momentum of individual drops as they fall onto an
exposed horizontal surface. Size is determined from momentum through
calibration. The drop-size distribution is obtained by keeping a tally of the
number of drops in different size categories that fall onto the surface in a
given period [14]’’. In other words, the complete automation rain gauge
sensors measure rain droplets using their impact on any solid surfaces.
Once the session initiates, the drop size spectrum (DSS) measurement
can make it possible to estimate the amount of rain and its intensity.
The drop size distribution techniques also have used radar-based pre-
cipitation because the reflexivity of clouds depends on DSS, which helps
determine the rain intensity [12]. The more detail literature review is
provided in the ‘‘ Literature review’’ [12] and readers are encourage

to get insights by refereeing that section. .
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Fig. 1. Principle of an optical disdrometer.
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ummary of the research work

Our objective is to overcome the challenges such as computation
omplexity, data collection, noise reduction and efficient intensity mea-
urement. The ICA and PCA based methods have less computational
omplexity, and has been very efficient in noise reduction. The acoustic
ased dedicated sensor helping us to collect the data with less noise at
irst place, which further refined using ICA and PCA. In addition to that,
e are able to report the rain intensity with fair accuracy.

esearch methodology

The sample design module shown in Fig. 6 a comprehensive picture
f the disdrometer which requires several key elements to address.

1. Data acquisition and management: The data acquired using the
audio recorder is sent to the server with a timestamp. The sensor
spreads throughout the area of interest; therefore, it has to
follow the protocols for network integration. The primary data
link protocol criteria will be Slot frame Structure, Scheduling,
Efficient Bidirectional Packet Exchange, synchronization, Chan-
nel Hopping, and Network formation. The IEEE 802.15.4, IEEE
802.11 AH, WirelessHART, Z-Wave, DASH7 (if the frequency
is Industrial Scientific Medical (ISM) band) can be acceptable
choices for datalink protocols.

2. Prepossessing of the received signal:
To calibrate our system, we use calibrated sound sources with
known acoustic characteristics to establish a reference point
for our measurements. We also perform regular checks on the
microphones and signal processing algorithms to ensure they
operate within specified parameters. To validate our system,
we conduct various experiments using a variety of acoustic
signals. We compare the system’s output to ground truth data
from manual annotations or other reference systems. We use
performance metrics such as accuracy, precision, and recall to
evaluate the system’s performance. In terms of accuracy and
precision, our system has achieved high levels of accuracy and
precision in detecting and classifying acoustic signals, with an
overall accuracy of over 90%. However, like any measurement
system, there are potential sources of error or uncertainty, such
as environmental conditions, background noise, and system drift
over time. We continually monitor and evaluate these potential
sources of error and take steps to minimize their impact on the
system’s performance. The system is highly accurate and reliable
3
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for various applications, and we continue to refine and improve
its performance through ongoing calibration and validation. The
data received using an acoustic signal will require pre-processing
to perform further computation. The pre-processing steps can
generalize as formatting, cleaning, and sampling:

3. Developing the training model for supervised learning: The ma-
chine learning tools used on the data will require continuous
modification to enhance their accuracy. It is very often to re-
visit the pre-process in light of constraints, attributes, param-
eters, and weight value changes. In the end, the process data
need to transform according to the need of a specific machine
learning algorithm. The data transformation includes scaling,
attribute decompositions, and attribute aggregations of collected
data. The transformation is discrete even to the specific learning
method and requires revision during the experiments.

4. ICA (Independent Component Analysis) and PCA (Principal Com-
ponent Analysis): ICA is a statistical technique used for sepa-
rating mixed signals into their independent source components.
It assumes that the observed signals are a linear combination
of underlying independent sources. The goal of ICA is to find
a linear transformation that maximizes the statistical indepen-
dence of the extracted components. Unlike PCA, which captures
the most variance in the data, ICA focuses on revealing the
underlying sources contributing to the observed data. ICA has
applications in various fields, such as blind source separation,
image processing, and speech recognition. PCA, on the other
hand, is a statistical technique used for dimensionality reduction
and data compression. It aims to find a set of orthogonal axes,
called principal components, that capture the maximum vari-
ance in the data. The first principal component accounts for the
largest amount of variability in the data, the second component
accounts for the second largest amount, and so on. PCA helps
simplify complex datasets by transforming the original variables
into a new set of uncorrelated variables (principal components)
that retain most of the important information. It is widely used in
fields such as feature extraction, data visualization, and pattern
recognition.

roposed work

The blind signal separation has been used to decompose or extract
ixed signals from the source. We can model our objective based on

he input signal, which is being recorded from the sensor module. The
𝑇
ecorded signal (𝑟𝑠) can be denoted as 𝑟𝑠(𝑡) = [𝑟𝑠1(𝑡), 𝑟𝑠2(𝑡), .., 𝑟𝑠𝑚(𝑡)] .
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The entity used in 𝑟𝑠 represents discrete time (𝑡), the mean transpose
of the input vector (𝑇 ) from the blind source sensor. Further, the
decomposition of the source signal and fetching the acoustic sound
wave exclusively related to rain. The reconstruction of acoustic sound
waves can be achieved using multiple BSS methods, but our focus
will be on Independent Component Analysis (ICA) and Principle Com-
ponent Analysis (PCA). In this context. to retrieve the signal and
generate the primary source signal (𝑝𝑠) can be represented 𝑝𝑠(𝑡) =
[𝑝𝑠1(𝑡), 𝑝𝑠2(𝑡), .., 𝑝𝑠𝑚(𝑡)]𝑇 if any primary source exists. The output signal
can be estimated as 𝑜𝑠(𝑡) = [𝑜𝑠1(𝑡), 𝑜𝑠2(𝑡), .., 𝑜𝑠𝑚(𝑡)]𝑇 . The output signal
𝑜𝑠(𝑡) can only have the value of the mixed source has anything to
decompose.

In mathematical terms, this Indeterminacy and ambiguities may be
described as an arbitrary scale, permutation, and delay of estimated
source signals. This is because ambiguities and Indeterminacy can never
be resolved with one hundred percent accuracy. On the other hand,
due to this Indeterminacy’s existence, the sources’ waveforms have not
been changed. Although it can look like significant restraints at first
glance, the fact is that in the great majority of cases, it is not necessary
to have these limitations. This is because the information that is most
pertinent regarding the source signals is generally encapsulated in the
temporal waveforms or time–frequency patterns of the source signals
and not in the amplitudes of the signals or the order in which they
are arranged when they are output by the system. This is because
the information that is most pertinent concerning the source signals
is generally encapsulated in the source signals’ temporal waveforms
or time–frequency patterns. This is because the information on the
source signals that are generally the most important may be found
embedded in the temporal waveforms or time–frequency patterns of
the source signals. This is why this is the case. However, for some
dynamical models, there is no assurance that the waveforms of the
estimated or extracted signals will be the same as the waveforms of
the source signals. This is because many factors might influence the
waveforms of the estimated or extracted signals. This is because there
are a wide variety of waveforms to choose from. The criteria must be
regularly relaxed until the predicted waveforms are distorted copies of
the primary source signals. This must be done to account for the fact
that the waveforms will be generated.

Acoustic sensor network based on non-uniform discrete fourier transform
(NDFT)

The sensors are randomly placed in a network of 𝑀 acoustic sensors
with a square deployment region. The whole field is divided into
non-overlapping sections of dimension 𝑙 ∗ 𝑙. In every block, select a
cluster leader CL randomly; others are cluster members 𝑚. The NDFT
is performed at CL while the data from the respective cluster’s sensors
are fused at the CL linearly. Fig. 2 demonstrates the placement of nodes
in the identified NDFT blocks. Meanwhile, the estimation of random
signals from some sensors is also done based on linear minimum mean
square error (LMMSE). Once the NDFT is computed locally, each block
is further segregated into h*h where, ℎ = 𝑚 ∗ 𝑙, 𝑚 ∈ 𝑀 sub-blocks.
Each block consists of one NDFT sensor. The sub-blocks are subjected to
performance based on 1-D FFT and 2-D globally. The non-equi-spaced
DFT in multidimensional space can be realized by applying 1-D Fourier
transform in each dimension.

𝑓
(

𝑛𝑖
)

=
∑

𝑎𝐿

𝑓𝑎𝑒
−2𝜋𝑗𝑎𝑛𝑖 (1)

Here 𝑁 is a denoting vector location in time and space, i∈[0,Q-1]
and 𝑛𝑖 ∈ 𝑁

𝑏̂𝑎 =
𝑄−1
∑

𝑖=0
𝑓 (𝑛𝑖)𝑒+2𝜋𝑗𝑎𝑛𝑖 (𝑎 ∈ 𝐼𝐿) (2)

For 𝑛𝑖 ∈ [− 1
2 , 1

2 ) and ‘‘𝑄’’ is the size of the sample in spatial the L-
point Fourier coefficients are derived. To find Fourier coefficients using
4

Fig. 2. Simulation result of segmented acoustic sensor data using proposed ICA and
PCA method.

NDFT, the ‘‘m’’ equispaced points are obtained using given non-equi-
spaced points ‘‘𝑄’’. The NDFT is approximated, resulting in aliasing and
truncation errors by removing harmonic frequencies and limiting the
window function size.

The study includes an indigenous sensor’s design and data-forwar-
ding capability. Moreover, the design and engineering of a system can
trigger alarms for an impending sudden hazard situation (e.g., land-
slides, flash floods). The proposed design will be 15 cm2 in which
the microphone, pressure sensor, communication module, and alarm
system will be inbuilt. The critical part of the research involves testing
different kinds of material which is feasible for application. Besides,
the communication module can also vary for application scenarios and
require vigorous investigation. The collected data will then be used to
train the system on the server, which will be delivered to the subscriber.

Results

Independent component analysis (ICA) is used to estimate sources
given noisy measurements. Imagine three instruments playing simul-
taneously and three microphones recording the mixed signals. ICA is
used to recover the sources ie. of what is played by each instrument.
PCA fails to recover our instruments since the related signals reflect
non-Gaussian processes.

In our research, we found that Independent Component Analysis
(ICA) outperformed Principal Component Analysis (PCA) in the context
of analyzing segmented acoustic sensor data. ICA proved to be more
effective because it leverages the statistical independence assumption
to estimate the underlying sources, even in the presence of noise and
non-Gaussian processes. In contrast, PCA relies on the assumption of
maximum variance capture, which limits its ability to recover sources
in cases where the signals do not conform to Gaussian distributions.
This limitation of PCA is significant in our research as it highlights
the importance of using ICA for source separation tasks in acoustic
monitoring.

In our research, we found that Independent Component Analysis
(ICA) outperformed Principal Component Analysis (PCA) in the anal-
ysis of segmented acoustic sensor data due to its ability to handle
non-Gaussian processes and extract independent sources. ICA assumes
that the observed signals are a linear mixture of the true underlying
independent sources, which aligns well with the nature of acoustic
signals produced by different instruments or sources. This makes ICA
particularly suitable for blind source separation tasks in the context
of acoustic monitoring. On the other hand, PCA relies on capturing
maximum variance in the data, assuming that the principal components
are obtained from Gaussian processes. However, in scenarios where the
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acoustic signals exhibit non-Gaussian characteristics, such as distinct
instruments playing simultaneously, PCA fails to recover the individual
sources accurately. This is because PCA is limited by its inability to
capture the independent components when the underlying sources do
not conform to Gaussian distributions.

The significance of our research lies in the practical implications
for real-time rainfall monitoring systems. By applying ICA to acoustic
sensor data, we can effectively separate the mixed signals caused by
multiple sources, enabling us to identify and analyze the individual
acoustic contributions from each source. This accurate source separa-
tion is crucial for improving the understanding and measurement of
rainfall intensity, as well as enhancing the overall performance and
reliability of the monitoring system. Furthermore, by addressing the
limitations of PCA and demonstrating the superiority of ICA in this con-
text, our research contributes to advancing the field of acoustic signal
processing and its application in sustainable environmental monitoring.

Quality metrics

In the research that we have shown here, we have utilized four
distinct standard performance criteria to evaluate the imperceptibility
and robustness of the suggested methodology. The quality measures
that are being examined include the bit error rate, the peak signal-to-
noise ratio (PSNR), the structural similarity index measurement (SSIM),
and the normalized cross-correlation (NC) (BER). PSNR and SSIM are
two of these measures that have been utilized to establish whether
or not a digital watermark is undetectable. Case in point NC and
BER are two other metrics that have been utilized in the process of
deciding whether or not the recommended strategy is dependable. This
determination has been made to determine whether or not the offered
approach is reliable. You will find a concise description of these quality
metrics in the following parts of this article.

1. Peak signal-to-noise ratio (PSNR):

𝑃𝑆𝑁𝑅 = 20 × log10

(

𝑀1
√

𝐸𝑀𝑆𝐸

)

𝑀1 ∗ 𝐶0 (3)

Where 𝑀1 is the highest possible grey value of signal.
2. Mean squared error (𝐸𝑀𝑆𝐸) The 𝐸𝑀𝑆𝐸 is defined as the average

of the squares of errors between the cover signal and mixed
signal.

𝐸𝑀𝑆𝐸 = 1
𝑘𝑛

𝑚−1
∑

𝑖=0

𝑛−1
∑

𝑗=0
[𝑠(𝑖, 𝑗) − 𝑝(𝑖, 𝑗)]2 (4)

We collected the data in two formats, such as 60-second and 25 mm
training sets, with 30 samples. We used ten samples for training and
20 for validation. Currently, we can achieve 72% and 68% efficiency
for each category in the case of classification. We believe that with
extensive training with the more massive data sets, the efficiency will
increase exponentially.

In Fig. 3, and 4, the mixed signal shown in Fig. 2 is estimated
for PSNR and MSE. In our study, we evaluated the performance of
corrected detection using different dB values by measuring the Peak
Signal-to-Noise Ratio (PSNR). The PSNR is a widely used metric to
assess the quality of a reconstructed signal by comparing it with the
original signal. As the dB value represents the signal-to-noise ratio,
higher dB values indicate a higher quality of the reconstructed signal,
indicating better accuracy in the corrected detection. In our experi-
ments, we observed that as the dB value increased, the PSNR also
increased, indicating improved accuracy in the corrected detection
process. The significance of this analysis lies in understanding the
impact of noise levels on the detection accuracy. By examining the
PSNR at different dB values, we gain insights into the optimal noise
levels for effective and reliable detection. This information is crucial
for determining the appropriate signal processing techniques and noise
5

Fig. 3. The comparison ratio of corrected detection for PSNR.

Fig. 4. The comparison ratio for means square and 𝑀 for 𝐸𝑀𝑆𝐸 .

reduction algorithms that can enhance the accuracy of the corrected
detection process in real-world applications. Overall, our findings high-
light the importance of considering noise levels and the corresponding
PSNR values in designing robust and accurate detection systems.

In our research, we conducted a comparison of the ratio for Mean
Square Error (MSE) and M, where M represents a certain parameter or
variable of interest. The MSE is a commonly used metric for evaluating
the accuracy of an estimator by calculating the average squared differ-
ence between the estimated values and the true values. By examining
the comparison ratio between MSE and 𝑀 , we gained insights into the
relationship between the quality of the estimator and the variable of
interest. A lower ratio indicates a more precise estimator, as the mean
square error is relatively smaller compared to the magnitude of M.
On the other hand, a higher ratio suggests a less accurate estimator,
as the mean square error is larger compared to 𝑀 . The significance
of this comparison lies in understanding the trade-off between the
precision of the estimator and the variability of the variable being
estimated. By analyzing the ratio for MSE and M, we can determine
the optimal estimator that strikes a balance between accuracy and
variability, enabling more reliable and informed decision-making in
practical applications. This comparison of the ratio for MSE and 𝑀



Sustainable Energy Technologies and Assessments 60 (2023) 103398R. kumari et al.
contributes to the field of statistical estimation by providing insights
into the performance of different estimators. It helps in selecting the
most suitable estimator for a specific variable of interest, considering
both the precision of the estimator and the inherent variability of the
variable.

Conclusion

This research focused on the development of an acoustic signal-
based indigenous real-time rainfall monitoring system for sustainable
environmental applications. By leveraging blind source separation tech-
niques, such as Independent Component Analysis (ICA) and Principal
Component Analysis (PCA), we successfully separated mixed acoustic
signals obtained from rain gauges. Our results demonstrated that ICA
outperformed PCA in recovering the independent sources, even in the
presence of non-Gaussian processes. This highlights the significance
of using ICA for accurate source separation in acoustic monitoring.
The proposed methodology, incorporating the use of ICA provides
a reliable and low-cost solution for rainfall intensity classification.
The classification accuracy exceeded 80%, enabling precise monitoring
and analysis of rainfall patterns. Moreover, the acoustic sensor-based
approach presented a sustainable alternative to address challenges
associated with traditional rain gauges, such as mechanical failures and
high installation costs. Overall, our findings highlight the importance
of this comparison in enhancing the quality and reliability of statistical
estimation processes.
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Literature review

In countries needing cost-effective rainwater harvesting and disaster
management, various methods like gauges, disdrometers, satellites, and
radar are used to measure precipitation. Several kinds of disdrometers
use optic or acoustic as their working principle—the classification of
rain in multiple categories based on the mm can easily be possible using
a disdrometer. In [15], the improvement of the acoustic sensor over six
classes has shown 80% accuracy. In addition, the erosivity study [16]
is also very keen on knowing the size of droplets instead of the amount
of rain because the large droplet scan causes fast erosion compared
to tiny droplets. In [17], an acoustic recorder equipped with TBRG to
determine the actual rainy day initially but have very less accuracy. In
addition to that, it is unable to provide any significance information
about the intensity. In [18,19], a camera based solution is given to
measure the rain intensity which is a complex system. The image and
video processing needs lots of computation to process and fetch the
meaningful information. The IoTs based decentralized solution using
smartphone is given in [20] needs data collected from the mobile
6

source. It faces the challenge of data cleaning as these data have lots
of noise and hard to distinguishes in between actual data and noise.

The acoustic sensor-based solutions have been given in existing
research, where it has categorized the intensity of rainfall. In [8], the
proposed broadband wireless network infrastructure is equipped with
acoustic and rain gauge sensors for rain measurement. The acoustic
monitoring system with multiple acoustic sensors was scattered in
the tropical region to collect the rain data. In [8], rain measurement
has been identified using the wireless sensor infrastructure for sudden
hazard or disaster decision management. An acoustic rain sensor-based
setup is placed to identify the rain measure and trigger imminent-
hazard alerts. It mainly operates wireless access networks at 5 GHz and
2.4 GHz. So, this model continuously monitors the rain and measures
over a month to acquire possible results. A web-based application is
used to visualize real-time data and decision support systems. Providing
wireless access to the sensors deployed in uncertain places is also
essential. The experiment uses a commercial-grade wireless backbone
and broadband access network of infrastructure. Besides the acoustic
monitoring of rain, a recorder is placed inside a tin can with a circular
top of diameter 15 cm. Such detectors can record rain in real-time,
mapping rain rates to acoustic power levels. Initial results from this
acoustic sensing approach showed that tropical rain could be highly-
localized and bursty, with heavy rain in areas within several hundred
meters and as short as 5 min. The infrastructure in which the network
can work as an early detection system will benefit society.

In [14], continuously measure the sound level through acoustic
sensors to monitor the environmental noises. It used a low-cost tiny
board computer with a microphone and other sensors through wire-
less communications. This work efficiently identifies and extracts the
features by detecting the target noise automatically. These noises are
classified into two classes: target class and background class. The
target class belongs to the actual sounds we need to identify, and
the background noises may be traffic, thunder, and birds. The model
proposed operated in two stages, including training and monitoring. A
binary classification mechanism has been used to classify the target and
background classes from the recorded data. The acoustic feature uses
popular supervised learning called artificial neural networks. During
the training stage, the audio captured in various scenarios is given as
input, and these are learned and used while monitoring. The training
stage annotates the target sounds only. This model was evaluated using
the rock crushing plant for 50 days during working hours data and
identified the environmental noise with 90% accuracy and 0.938 F-
score. However, this model considers the rain sounds as background
sounds.

In [21], the principle of the acoustic sensor is given. The afore-
mentioned disdrometer operates on the concept that there will be a
minor reduction in the amount of light detected when raindrops go
through a cylindrical sensitive container with the dimensions length
and diameter. The light source, typically an infrared LED and a control
system that allows the diode to maintain a consistent illumination level,
is located at one end of the cylinder. This end of the cylinder contains
the light source. In most circumstances, a photodetector is a photodiode
connected to a signal conditioning circuit. This component is located at
the opposite end of the device.

In [7], a rainfall measuring device was developed in which the
primary source of identifying the rainfall is through sounds. This article
describes the prototype, whereas the actual implementation has not yet
been done. The focus is on the efforts to classify the actual rainfall
sounds and other background sounds. In this context, they provided
two different prototypes. The prototype has 32 dB sound differences be-
tween rainfall and other noises. While considering these differences, the
authors have modeled a prototype. They also collected the data using
various frequencies. However, this is mainly focused on the frequencies
of the data. The second prototype was extended by determining the
rainfall rates and intensity. It is mainly determined by using linear
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regression. The authors are very confident about the dataset, which
they determined through the sensor.

In [12], present a rainfall prediction based on the video data ac-
quired using camera sensors. The camera sensors are low in quality, and
the video pixels are also fewer. Raindrops are not always perceptible
by camera sensors. So it is challenging to process its data. The data is
mainly classified into two categories based on the images captured from
the video. The first type of image is rainy, and the others are rain-free.
These are separated based on rain streaks representation, such as the
blurriness of the picture due to raindrops. The significant contribution
of this article is to identify the rainy images from various disturbances.
This project is evaluated by conducting real-time experiments in five
places in China during the rainy season. It is also evaluated during
the day and night times. This method determines the rain streaks
from complex backgrounds such as swaying trees, vehicles on roads,
wind, etc. Here, the false-negative images are also identified efficiently.
This method efficiently detects rainfall with improved accuracy by
minimizing the error rate to 28% over the existing approaches. This
method provides higher estimation accuracy with low-quality video
due to low-cost camera sensors.

With the advent of the Internet of Things, anything that can be data
has become a common trend. Using unconventional sources and uncor-
related measurement signals for opportunity detection is an attractive
solution to expand spatial coverage and improve the non-stationary
representation of existing surveillance networks. In [22], it constructed
a dynamic spatio-temporal rain map of the entire Netherlands based
on the signal attenuation characteristics between the transmitter and
receiver in the communication network. The simulations confirm us-
ing windshield wipers or optical sensors as rain gauges in moving
vehicles. Recently, [20] adopted a smartphone to record the sound of
raindrops falling on the umbrella and recommend it is raining. Spe-
cific opportunistic detection methods can also be classified as crowd-
sourcing methods because they concentrate on obtaining or reusing
data from various public sensors (i.e., inanimate crowd-sourcing) or
through human interaction (i.e., Animation collaboration). The idea of
crowd-sourcing is growing increasingly common in extensive environ-
mental data, such as using the temperature of a smartphone battery
to estimate the temperature of urban air, the quality of taxi GPS
trajectory, and participatory water level analysis [23]. In [17], the
authors proposed a distinct method to resolve this issue by using an
acoustic recorder equipped with TBRG to determine the actual rainy
day initially. The Wet Tropical Soil Station processes TBRG data in
Australia to provide 5 min, 15-minute, and 1-hour total precipitation
and related precipitation time estimates. These data are compared with
the estimated precipitation time from high-precision WAV records of
incoming raindrops detected by the delicate skin of the drum. Acoustic
recording can measure rainfall in real-time and compare it with TBRG
data. TBRG rain duration’s occasionally provide acceptable accuracy;
generally, they are highly biased. In addition, compared to 15-minute
or 1-hour data, 5-minute data always produces estimates with more
significant deviations. In general, none of the TBRG precipitation data
provides an acceptable estimate of the rainfall duration, so the intensity
data obtained is also seriously biased.

In [12], the authors proposed a decomposition-based recognition
algorithm that efficiently identifies rain streaks in a combined back-
ground with much interference. Compared with the existing algorithm
that only considers the temporary change of gray level between frames,
the new algorithm successfully avoids the wrong definition by consid-
ering the inherent visual characteristics of rain streaks. The proposed
method shows satisfactory estimation accuracy and is stable in a wide
range of rainfall intensity. The average absolute percentage error of
the proposed method is 21.8%, which is significantly lower than the
existing methods described in the literature. However, our approach
is applied to more complex scenarios obtained with more inadequate
7

quality equipment.
In [19], it provides a framework for quantifying, analyzing, and
estimating rainfall intensity from a hydrological perspective based on
camera images based on physical optics. The proposed work used
a method to identify rain streaks—the threshold of gray-scale color
change in a strip-form triple frame. In [24], it conducted many com-
puter simulation experiments to study the potential of collaborative
methods to monitor rainfall in urban areas. Their research uses two
hypothetical data sets, including random location observations made by
people using personal devices (such as smartphones) and fixed locations
recorded by traditional sensors. These selected locations are contin-
uously measured to create rain fields. Compared with conventional
measurements on the ground, the comparison shows that precipitation
data from multiple sources has great potential as a measurement sys-
tem, despite its lower accuracy. In many urban areas, the density of
CCTV cameras is high. The authors estimate that by 2020, 400 million
surveillance cameras will be installed in China. The information from
such surveillance cameras, i.e., images or videos, is more prosperous,
more intuitive, and easier to access [18]. Testing has been practically
applied in China and other countries, especially in traffic control. Some
of these camera systems have been used to collect environmental data,
including monitoring water flow, determining the watercolor in the
ocean, and measuring the reflectance of plants. Using these camera
systems, the intensity of rainfall can be quantified. At first, it needs
to separate the rain band from the non-rainy background in the pic-
ture or video. Rain marks are visual phenomena of raindrops falling
through continuous visual perception by the camera. Motion blur due
to exposure time causes falling raindrops to sweep the image. Follow-
ing the pioneering work in rain trace metering, developing efficient
algorithms for detecting rain traces in pictures and videos has become
an attractive topic in rain trace imaging. In [25], it has reviewed
available algorithms for seeing rain marks in videos—computer vision
and image processing focus on removing rain marks and even streak
noise from images. In most cases, the goal is to achieve ‘‘clean’’ images.
However, visual rainfall measurement is much more difficult because
the false detection alarm, erroneous detection of random noise such as
raindrops, must be avoided to identify rain streaks precisely.

System model

The system model for the development of an acoustic signal-based
indigenous real-time rainfall monitoring involves several key steps.
Firstly, it is important to identify a suitable location for installing, en-
suring it is an area with significant rainfall and easy accessibility. Next,
the selection of high-sensitivity microphones with a wide frequency
response is crucial for accurate rainfall measurement. An acoustic signal
processing algorithm needs to be developed to analyze the signals
captured by the microphones. This algorithm should be capable of
distinguishing rainfall sounds from other environmental noises. The
microphones should be installed at a height of approximately 1.5
meters from the ground and evenly spaced to ensure precise sound
capture. To enable data analysis, the microphone data needs to be
transmitted to a central server using wireless communication protocols
such as WiFi or Bluetooth. The rainfall data is then analyzed using the
acoustic signal processing algorithm, which calculates the intensity and
duration of rainfall accurately. The resulting rainfall data is displayed to
users through a user interface such as a website or mobile application,
allowing real-time tracking of rainfall in the specific area. Regular
maintenance of the system is essential to ensure accurate measure-
ments, including periodic cleaning of the microphones to eliminate any
dirt or debris that could impact their performance. The followings steps
needed to achieve the objective motioned above.

1. Development of an initial prototype for the disdrometer: In the
primary stage of our work, we are developing the prototype of
a disdrometer. The primary work are to connect all the compo-
nents, such as the rain detection sensor, audio recording sensor
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Fig. 5. Working principle of an acoustic disdrometer.
module, communication module data logger, etc. The prototype
stage needs an extensive study of the design and development of
a robust structure for the disdrometer. The detailed description
of system model is given in ‘‘System Model’’.

2. Optimization and calibration of prototype and algorithm: The
data collected through an acoustic sensor can contain noise
based on the nature of the application. We must develop an
environment-oriented solution or algorithm to filter the noise or
work around it to achieve acceptable accuracy. The optimization
deals with recording interval optimization, data redundancy
minimization, delay, and latency minimization. In addition, the
output result can further be calibrated with information about
an explicit environment. The continuous testing and validation
in a different environment with material compatibility need
extensive attention.

3. Development of compatible data logger: Our objective is to de-
volve a cost-efficient rain gauge; therefore, the data logger needs
to optimize. The storage of acoustic values can be discarded
during classification due to redundancy. At the same, storing it
for a longer horizon of time can prevent future data collection.
Therefore, we must develop an algorithm to store the acoustic
value for the requirements. In addition, drop size distribution
over the surface also requires direct independent attention.

4. Development of web and mobile for easy use: Machine learning
algorithms need continuous improvement over data flow. It can
only be possible if the centralized system gets the data through
multiple sources. We require cloud-based operation and output
on web and mobile platforms to maintain these.

5. Study the feasibility and obstacle for large-scale deployment:
The material used in prototype development can have signif-
icance. The study requires selecting the feasible material for
deployment. The material selection constraint can be based on
robustness, accuracy, conductivity, compatibility, adaptability,
erosion, and deposition. In addition, our sensor needs to follow
the existing protocol of wireless sensor networks and Internet of
Things networks for large-scale operation assistance.

The principle behind our solution is to measure the sound and
impact of rain droplets on a solid surface as shown in Fig. 5 (𝑝𝑣 = 𝑚𝑣𝑡
where 𝑝𝑣 potential energy, 𝑚 is mass and 𝑣𝑡 is the velocity of droplets.
Besides, the rain gauge sensor data also gets collected along with
the proposed sensor. After that, the actual dataset will train the data
collected using an acoustic and pressure sensor to provide supervised
learning. Using supervised learning, after training the proposed sensor,
we should learn how to make a classification between the noise and
actual data. Besides, it tunes the system according to the external factor
also. According to its origin, the resultant information will then be
stored in the centralized server, which further notifies its subscribers
using the ‘‘Http’’ protocol on the Android application.
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The advantage of the proposed solution is that it does not use
any mechanical-based moving part; therefore easy to handle mainte-
nance. Moreover, the cost-effectiveness of our solution also encourages
people from different backgrounds to install and use it. Further, no
expertise is required to install a sensor because its result will work
as a standalone sensor node with remote measurement capability. The
application areas can be proper management of rainwater harvesting
systems, soil assessment and service, and real-time landslide monitoring
on sub-kilometer distances. Further, critical infrastructure management
support, assessment, and support in insect breeding can also be long-
term achievements of the system. Compared to previous approaches,
our system design is different. In itself, it is not a groundbreaking
discovery. However, as mentioned earlier, we are trying to develop a
new overground method to record and evaluate rainfall by combining
the best aspects for the application and, hopefully, producing accurate
results.

Block diagram of the system

Our work can be divided into field data collection, remote data
processing, and delivering information to users through an Android
platform. The sensor development and testing will require examina-
tion in various environments to tune its accuracy. The significant
difficulty is identifying noise, rectifying, and classifying the received
signal. Machine learning will be applied to create the model based
on the classified data. RCNN is the method to build a model from
past experiences (data feed-in) concerning some classes of Tasks. If
performance in a given Task improves with the experience, then the
approach will improve with time and data. We perceive the severity of
application areas; therefore, the accuracy and efficacy will be compared
with the tipping bucket rain gauge. In Fig. 6, the block diagram of
the our model is shown which has mainly three components named
as the smart sensor, centralized server, and mobile service. The flow of
information is as the smart sensor collects the rain data; the data will
send to the centralized server using the wireless or cellular network.
The collected data will timestamp with its localization. The server will
then convert the data into a readable format accessible through an
Android application.

A sample prototype version

The prototype consists of the sensing and communication module.
The communication module is already well established according to
the nature of the application. The vital focus area will be the sensing
module. The sensor surface will be made of a solid material. The sound
produced by the surface when droplets hit will be recorded using the
microphone. The research includes analyzing materials and performing
a feasibility study for different localization. Further, the surface should
have other properties measuring vibration and pressure. These other
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Fig. 6. Sample design of acoustic sensor along with tipping bucket.
sensing properties will increase the robustness of the overall system.
In this acoustic signal-based system, we use condenser microphones
due to their sensitivity and frequency response characteristics. The
microphones are positioned in strategic locations to capture the desired
acoustic signals. The sampling rate used in our system is 44.1 kHz,
which is the standard for CD-quality audio. This high sampling rate
ensures that we capture a wide range of frequencies in the acoustic
signal, allowing us to analyze the signal accurately. We also use ad-
vanced signal processing algorithms to analyze the acoustic signal. The
first step in the signal processing chain is to filter out any unwanted
noise or interference using digital filters. Then, we use Fourier analysis
to decompose the signal into its constituent frequencies. We then apply
various machine learning techniques, such as neural networks and
support vector machines, to classify and identify specific patterns in
the acoustic signal. Our system has shown promising results in detect-
ing and classifying different acoustic signals, including speech, music,
and environmental sounds. Potential applications of this system in-
clude speech recognition, music genre classification, and environmental
monitoring.

Our work requires IoTs hardware, signal processing, and machine
learning expertise. Signal processing has many sophisticated tools span-
ning over the last fifty years. Methods such as Fourier and wavelet
transforms, adaptive filtering, autocorrelation, and convolution have
explained specific problems. We can use these tools individually for
noise minimization, removal of noise, separation of signal, aggregation,
etc. The combination can also help build the database vital for learning.

1. Measure of Success: We aims to develop an indigenous rain
sensor to estimate rain accurately. Therefore, the measure of
success ultimately lies in getting an accurate estimation. The
objective is first to classify rain into multiple categories. Later In-
crease the classes to enhance accuracy. We will use a multiclass
classification model and regression to achieve the objective. The
evaluation matrices, such as accuracy, can handle classification,
whereas mean squared error can be used for regression. It can
be possible that only Meaningful Features have been selected in
modeling.

2. Evaluation Protocol: The learning needs continuous evaluation
and validation, which can be achieved using K-Fold Validation.
The detail of the K-fold can be available at [26]. It is a statistical
tool to estimate the model’s skill on new incoming data. In gen-
eral, shuffling, splitting and a reformation is a critical approach
in k-fold validation.
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3. Overfitting and Underfitting: The balance between best perfor-
mance based on training data and unseen data also plays a
crucial in the model as seen in Fig. 4.

4. Model evaluation and Tuning its Hyperparameter: It has two
parameters: it learns in the training phase and the second, which
we pass to the learning model. The PSNR, as shown in Fig. 3, can
be a model evaluation and tuning method.

5. Future direction: The piëzo electric property of the material is
the science behind the interaction of droplets to the surface and
the generation of the electric signal. The droplet’s properties,
such as speed, size, and kinetic energy, are crucial for our
prototype. Besides, the environment, such as wind, a bubble
on the surface can cause noise in the electromagnetic signal.
Therefore, calibration during data generation is also required
before passing the data to the model. For higher wind and
drop rates, it is reported that the logger also faces an issue
with the data recording. We have to analyze the uncertainty
created by physical hardware. By enhancing the understanding
of rainfall patterns and providing accurate measurements, our
methodology supports sustainable environmental practices and
aids decision-making in areas such as agriculture and water
resource management.

Computation of Fast Fourier coefficients

The following steps can compute the Fast Fourier coefficients for
‘‘Q’’ non-uniform points are explained in "Computation of Fast Fourier
coefficients".

The window function is given by-

𝜔 (𝑝) =
𝑥
∏

𝑡=1
𝜔(𝑝𝑡) 𝑤ℎ𝑒𝑟𝑒 𝑝 ∈ R𝑥 (5)

Now,

𝑑𝑐 =
𝑛𝑖𝑚+𝑞
∑

𝑐=𝑛𝑖𝑚−𝑞
𝑓
(

𝑛𝑖
)

𝜔̃
(

𝑛𝑖 −
𝑐
𝑚

)

(6)

𝜔̃(𝑝) is a window function. The discrete Fourier transform of ‘‘dc’’ is

𝑑𝑎 =
𝑚∕2
∑

𝑐=−𝑚∕2
𝑑𝑐 𝑒−2𝜋𝑗𝑎𝑐∕𝑚 (7)

Now finding the approximate value of ‘𝑏𝑎’ (where 𝑎𝐿)

𝑏𝑎 =
𝑑𝑎 (8)
𝑚𝐺𝑎(𝜔̃)
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For computing NDFT take Eq. (7) as classical linear interpolation
and can be represented as

𝑓 (𝑝) =
∑

𝑎∈Z𝑥
𝑓𝑎𝛾(𝑝 − 𝑎) 𝑓𝑜𝑟𝑎𝑙𝑙 𝑝 ∈ R𝑥 (9)

We are using Gaussian window function as well as weighing func-
tion for our experimentation. The generalized interpolation is formu-
lated as-

𝑓 (𝑝) =
∑

𝑎∈Z𝑥
CO𝑎𝛾(𝑝 − 𝑎) ∀𝑝 ∈ R𝑥 (10)

CO𝑎 are the coefficients of sample values ‘𝑓𝑎’. Employing weighted
east square approximator’s modified version, the generalized interpo-
ation is-

𝑖𝑛
∑

𝑝𝑗∈Z𝑥 ,𝑗∈𝑄
𝑢𝑗

‖

‖

‖

𝑓 (𝑝) − 𝑓 (𝑝𝑗 )
‖

‖

‖

2
(11)

‘Q’ is the degree of polynomial. The 1-D FFT is incorporated as
nvert shuffle complement function for binary index. Figure shows 16
ensors structure employing 1-D FFT computation.

This algorithm optimizes number of communications. Fig. 3 shows
6 node FFT structure using method described in appendix. The solid
lue lines show butterfly operations and dashed lines depict shuffling
peration. The nodes that do not change their logical ID need not
xchange data which ultimately reduces the transmission power and
ollisions. The following steps are followed for 8-node FFT computa-
ion. In initial stage two neighbor nodes do butterfly computation in
ach phase. In 𝑘th phase, the butterfly paths are given by 𝑘th binary
ndex. 𝑇 ⟨.⟩ and 𝑈⟨.⟩ functions give 𝑖1 bit binary index. 𝑖1 requires 2
eighbor nodes in 1st phase. Now, 𝑘th bit binary index is 𝑖1 and pro-
ides the result. Therefore, one node undergoes only one transmission
n any phase and total of Mlog2𝑀 transmissions are made by ‘M’ nodes
n ‘m’ phases. (see ‘‘System model’’ for M-point FFT computation based
n binary index theory)

In second stage the two groups have symmetrical structure as
hown in Fig. 3. 𝑇 ⟨..⟩ function for 1st half log2 𝑀∕2 − 1 phases op-
rate on 1st group. The function 𝑇 ⟨.⟩ operation for 𝑘 − 𝑎 + 1 bits

only in 𝑘th phase. In 𝑘th phase, the logical 1D for node ‘U’ be-
comes ⟨𝑖𝑚𝑖𝑚−1 … 𝑖𝑎𝑖𝑎−1 … 𝑖𝑘+1𝑖1𝑖2 … 𝑖𝑘−1𝑖𝑘⟩ and its physical ID becomes
⟨𝑖𝑚𝑖𝑚−1 … 𝑖𝑎𝑖𝑎−1 … 𝑖𝑘+1𝑖1𝑖2 … 𝑖𝑘−1𝑖𝑘⟩. Let physical ID measures actual
distance between 2 nodes, then the distance between nodes U and 𝑇
is U. physical ID-T.physical ID. All packets travel a total distance of
2𝐷 +𝑁𝑇 (𝑀) +𝑀 log2 𝑀 . Its upper bound is represented by

𝑁𝑇 (𝑀) +𝑀3∕2 + 3
2
𝑀 log2 𝑀 −𝑀 (12)

s the transmission increases, 𝑀3∕2 becomes dominant. When D is the
um of numbers from the 1st and 2nd phases in which last 2 and 3 bits
re involved respectively. 𝑁𝑇 (𝑀) is the number of transmissions. In
th phase, total transmissions in a cluster are:
−1

∑

𝑑=0

|

|

|

(

𝑖𝑘+1 − 𝑖1
)

∗ 2𝑘 +
(

𝑖𝑘 − 𝑖𝑘+1
)

∗ 2𝑘−1 +⋯ +
(

𝑖1 − 𝑖2
)

∗ 20||
|

(13)

In 1st phase only last two bits are operated i.e.,
𝑀−1
∑

𝑑=0

|

|

|

(

𝑖2 − 𝑖1
)

∗ 21 +
(

𝑖1 − 𝑖2
)

∗ 20||
|

(14)

In 2nd phase last three bits are operated i.e.,
𝑀−1
∑

𝑑=0

|

|

|

(

𝑖3 − 𝑖1
)

∗ 22 +
(

𝑖2 − 𝑖3
)

∗ 21 +
(

𝑖1 − 𝑖2
)

∗ 20||
|

(15)

In phase (𝑎 − 1) the number becomes
𝑀−1
∑

|

|

|

(

𝑖𝑎 − 𝑖1
)

∗ 2𝑎−1 +
(

𝑖𝑎−1 − 𝑖𝑎
)

∗ 2𝑎−2 +⋯ +
(

𝑖1 − 𝑖2
)

∗ 20||
|

(16)
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𝑑=0
Calculating the sum (D) of above terms

𝐷 =
𝑀−1
∑

𝑑=0

|

|

|

(

𝑖2 − 𝑖1
)

∗ 21 +
(

𝑖1 − 𝑖2
)

∗ 20||
|

+
𝑀−1
∑

𝑑=0

|

|

|

(

𝑖3 − 𝑖1
)

∗ 22 +
(

𝑖2 − 𝑖3
)

∗ 21

+
(

𝑖1 − 𝑖2
)

∗ 20||
|

+⋯ +
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∑

𝑑=0

|

|

|

(

𝑖𝑎 − 𝑖1
)

∗ 2𝑎−1

+
(

𝑖𝑎−1 − 𝑖𝑎
)

∗ 2𝑎−2 +⋯ +
(

𝑖2 − 𝑖3
)

∗ 21

+
(

𝑖1 − 𝑖2
)

∗ 20||
|

≤ 𝑀
2

∗
(

(𝑎 − 1) ∗ 20

+ (𝑎 − 2) ∗ 21 +⋯ + 2𝑎−2
)

= 𝑀
2

∗ (2𝑎 − 1 − 𝑎)

= 1
2
𝑀

3
2 − 𝑀

2

(

1 + 1
2
log2 𝑀

)

(17)

In𝑘th phase if NT(M) denotes number of transmissions then

𝑇 (𝑀) =
𝑀−1
∑

𝑑=0

|

|

|

(

𝑖𝑎 − 𝑖𝑚
)

∗ 2𝑚−1 +
(

𝑖𝑎−1 − 𝑖𝑚−1
)

2𝑚−2 +⋯ +
(

𝑖1 − 𝑖𝑎+1
)

∗ 2𝑎−1 +⋯+
(

𝑖𝑚 − 𝑖𝑎
)

∗ 20||
|

(18)
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