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Summary

SOnic Detection And Ranging (SODAR) is a well-known and widely accepted
meteorological tool for supplying continuous real-time and critical Atmospheric Boundary
Layer (ABL) data. Data is critical for evaluating environmental impact assessments and city-
specific carrying capacity for pollutants. Existing SODAR technology was improved, which
included, acoustic antenna advancements, virtual instrumentation, and improved data
processing approaches. This advancement will affect the observed data, and data will be more
accurate as a result of calibration and testing of equipment and materials. An acoustic
antenna was designed using moving-coil transducers, parabolic dish, and acoustic baffle.
Several types of Aluminium Composite Panel (ACP) for acoustic baffle were tested to their
characteristics like Sound Transmission Coefficient (STC) and Noise Reduction Coefficient
(NRC) in the reverberation chamber. A comparison investigation was carried out on
transmission loss and absorption. It was concluded that baffle (ACP with foam) is the suitable
material with STC (34) and NRC (0.98) for an acoustic antenna.

The SODAR echogram for the ABL structure was derived and successfully applied in a
highly accurate and reliable machine-learning method. In terms of performance, five
functional selection procedures and eight classification methods were examined. From 1698
SODAR echograms, 133 statistic features were calculated. Machine-learning methods were
used to ensure the unbiased estimation of different structures. Ten cross-validations were
used to determine accuracy. The boosted tree classifier was given the strongest prognostic
presentation with 133 features (total prediction rating of 52.02%). After applying the
Laplacian method for feature selection, the classifier (overall prediction performance
62.19%) showed the highest prognostic presentation with 20 features. The large variability
analysis indicates the choice of a classification method for performance variation. The
development of optimal machine-learning methods for SODAR echogram applications was a
critical step toward the ABL structure identification, which provides an automatic structure
classification method for atmospheric and pollutants studies.

A deep learning new model was then employed in temporary/seasonal and annual prediction
of ABL height. It presents the outcomes of the Long-Short Term Memory (LSTM) models,
based on SODAR observations from December 2018 to February 2020. The LSTM model

Vi



was used to predict the ABL height and analyse the model's performance. The analysis shows
when the number of neurons was 32 it was possible to achieve optimal results in a short
period of training when the epoch was 500. To achieve an acceptable prediction accuracy,
various types of errors for the measured time-series data were calculated. The relative Root
Mean Square Error (rRMSE) and Mean Absolute Percentage Error (MAPE) values for the
update network state with predicted values were 7.33 % and 17.3 %, respectively, and for the
update network state with observed values, rRMSE and MAPE are 5.95 % and 10.62 %,
respectively. This model was also used to compare annual and seasonal predictions of ABL
height, as the rRMSE values (7.49 % and 5.59 %) were lowest during post-monsoon
prediction and highest (10.29 % and 5.86 %) during annual prediction.

Then, during the fireworks (Diwali festival), it deals with the impact on ABL height of
pollutants and meteorological parameters. In 2014-2017, ABL height and Ventilation
Coefficients (VC) were debated on the effect of firecrackers on air quality. The Forward
Section (FS) technique was employing the major parameters affected by the ABL height. The
main purpose of this study was to identify the highly effecting parameter for the ABL height
regarding air pollution. On the day of Diwali festival, the average ABL height was
approximately 25%, 15%, and 6% lower in 2014, 2016, and 2017, respectively, as compared
to Pre-Diwali day, but 15% higher in 2015 due to high wind speed associated with elevated
pollution levels. The burning of firecrackers during the Diwali festival is a very strong source
of air pollution, according to mean comparisons and correlations, contributing significantly to

the number of particulate matter and gaseous pollutants in the environment.
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NOMENCLATURE

The main symbols and notations used in this study are listed below. Sometimes a symbol may
have an alternate meaning but in such a case; the context is sufficient to avoid confusion.

SODAR SOnic Detection and Ranging
ABL Atmospheric Boundary Layer
VC Ventilation Coefficient

FS Forward Selection

LSTM Long-Short Term Memory
ACP Aluminium Composite Panel
STC Sound Transmission Coefficient
NRC Noise Reduction Coefficient
KNN K-Nearest Neighbours

SVM Support Vector Machine
NAR Non-linear Auto-Regressive
(o3 Wind Structure

C? Temperature Structure
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Chapter 1
Introduction to Atmospheric Boundary Layer and SODAR

1.1. Atmospheric Boundary Layer

The troposphere is the lowest portion of the atmosphere shown in Fig. 1.1. It is the domain of
weather, cyclones, and anticyclones [1]. It stretches from the earth's surface to a height of
roughly 15 x 10% m, with the highest limit varied depending on the region (i.e., from pole to
the equator). The Earth's current environment is most likely not its only atmosphere. The
current atmosphere is classified as an oxidative environment by chemists, whereas the
previous atmosphere is classified as a reducing atmosphere. It is unlikely to carry oxygen.
Plants have produced almost all the oxygen that makes up our atmosphere (cyanobacteria or,
more colloquially, blue-green algae). As a result, the earth's atmosphere now contains 79%,

nitrogen, 20% oxygen, and 1% other gases.
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The Atmospheric Boundary Layer (ABL) is the lowest part of the troposphere where the
direct effect of surface heating and cooling has been seen [2]. It is in this layer all biological
and human activities take place [3]. Under the conditions of strong upward heat flux i.e.,
during daytime unstable conditions, the ABL extends to a height of convective mixing of
buoyant parcels of air or the base of an elevated inversion layer and during night-time i.e.,
stable conditions, the level of surface-based inversions decides the height of the ABL.
Moreover, turbulence is one of the essential ingredients of ABL [1]. It facilitates the transfer
of water vapour, heat, momentum, diffusion of pollutants, and other tracer elements from
place to place. In the ABL, the wind speed normally increases with height while pressure
decreases regularly with height, temperature decreases less regularly and humidity very
irregularly [1, 4]., Derived parameter refractivity, normally decreases exponentially although,
sharp gradients also occur sometimes depending on weather conditions.

The ABL is in a convective equilibrium with the sun-warmed surface of the earth [5]. The
sun acts as a primary source of energy for the Earth’s atmospheric system. The exact amount
of this energy depends upon the time of the year, time of the day, latitude, topography, and
weather conditions. The amount of energy reflected, absorbed, or transmitted from the earth's
surface is determined by the nature of the soil and the type of surface [1]. The absorbed
energy is converted into heat energy either directly through a rise in temperature of the
Earth’s surface or indirectly through evaporation or conversion to mechanical, electrical, or
chemical energy. The direct heating of the surface of the earth sets up convective motions in
the atmosphere while the indirect heat energy gets stored in the earth for long periods in the

form of chemical energy (say as fossil fuels) before being converted back into heat energy.

1.1.1. Need for ABL studies

Air quality management and environment protection are global issues of concern and inviting
attention and action jointly at the international level, individual, national level and even going
up to the grass-root level of domestic human activities. In different ways, the troposphere,
particularly the bottom 2 x 103 m, plays a critical role in important human endeavours such as
communication, aviation, and air pollution [6]. These situations require complete information
of wind velocity, humidity, and thermal structure at a place to monitor the hazardous
situations. Therefore, it is essential to have complete knowledge of its microscale details and

their distribution in real-time and space.



1.1.2. Monitoring techniques for ABL

Various types of monitoring techniques have been developed from time to time to monitor
atmospheric parameters such as temperature, pressure, humidity, wind speed and direction,
and their distribution in space, which provide information about atmospheric structures and
various dynamical processes active at a local scale [1, 5]. The schematic arrangement to use
the various techniques for obtaining information about a particular atmospheric volume is

shown in Table 1.1 [6]. All the techniques have their relevance to monitoring any parameter.

Table 1.1. Different techniques for measurement of ABL or atmospheric volume

Continuous Range Covered well Determination
Data Output | 10— 100 m 100—-500m | 05—3km | of Turbulence
(Low SBL) (SBL/CBL) | (CBL) Parameters
In-Situ Techniques
Aircraft - - X \ \
Radiosonde - - N N .
Mast N N - - N
Tethered Balloon . N \ - X
Remote Sensing Techniques
SODAR \ - \ \ \
RASS X - X X X
RADAR \ - X \ \
Mini-SODAR \ \ - - \
LIDAR \ - X \ \
Numerical Models X X - \ \

Note: - \ means fulfilled, X partially fulfilled, and - not fulfilled

These techniques are broadly classified according to their mode of operation as in-situ
techniques and remote sensing techniques. In-situ techniques require the measuring sensors
or instruments to carry aloft to the height range of interest. In-situ techniques like the
radiosonde and the microwave refractometer have the advantage of providing detailed height
and space profiles but they are not continuous as required for some of the applied purposes
[4]. Furthermore, the radiosonde's sensitivity and reaction time are frequently insufficient for
communication, aviation, and air pollution research, where comprehensive information from
lower heights, often up to 1000 or 2000 m, is required. Measurements have been made with
these techniques to make the inversion/ducts look wider than they are. The measurements are
over a limited geometry using point sensors giving poor reliability and discontinuity of data.
Besides instruments like the microwave refractometer are expensive and difficult to build
although they can provide dependable information on ducts, turbulence, and occurrence of

the layer structure in the lower atmosphere.



In addition, a recent report of national needs for improved communication networks, aviation,
and air pollution monitoring has highlighted the need for improved ABL parameters [1]. The
needs are mostly in the field of short-term local weather forecasting, such as predicting for a
limited area ranging from 1 to 100 x 10% m in size for short time intervals. These better short-
term local weather forecasts will demand a far greater set of meteorological data than the
standard radiosonde can supply [6]. It has been anticipated that the required increase in time
and spatial density of relevant observations will be tremendous. According to cost estimates,
the only way to achieve the necessary increase in observing density will be to expand existing
radiosonde networks.
As a result, the need for sensors can provide data on meteorological variables remotely and
consistently in both space and time has been identified. Aside from providing continuous data
in time and/or space, remote sensing techniques have several other advantages [1, 4, 6], like
a. The observations are taken without carrying the in-situ instrumentation to the region
of interest
b. Remote sensing allows measurements of important atmospheric characteristics in all
spatial dimensions as a function of time
c. Excellent resolution of data in time and space is attainable
d. An increasingly broad range of atmospheric parameters like temperature, humidity,
wind, cloud particles, precipitation, gaseous pollutants, turbulence spectrum, and
momentum flux can be measured
e. The medium being measured is not altered by the measurement system
f. In contrast to other methods, remote sensing measurements provide a line, area, or
volume integration instead of only a single point sensor
g. The remote sensing measurements can be made automatic
h. The human eye and weather RADAR receive no information when the sky is clear,
but these new remote sensing techniques allow the interior structure of the ABL to be
monitored continually even when the sky is clear
It is essential to recall, rather than duplicating the kind of quantitative data to which
meteorologists are familiar, the value of remote sensing techniques resides in its ability to
deliver and display whole new forms of information in real-time. The strength of certain
parameters, such as thermal plumes, breaking waves, gravity waves, and Kelvin-Helmholtz
instabilities, has been displayed as maps or two-dimensional representations. The utilisation

of these two-dimensional displays will rely mostly on pattern recognition rather than



complete quantitative analysis. Their application is expected to substantially change the
nature and scope of atmospheric and meteorological services.

Different types of remote sensing techniques have been developed in recent years using
acoustic and optical and radio waves are, SOnic Detection And Ranging (SODAR), Light
Detection And Ranging (LiDAR), and RAdio Detection And Ranging (RADAR) respectively
[6]. Also using radio and acoustic wave Radio And Sounding System (RASS) has been

developed. This thesis only focused on acoustics wave and SODAR.

1.2. SODAR as a Monitoring Technique

SODAR is based on the principle of active echo sounding utilizing acoustic waves for
probing the lower atmosphere. The propagation of these waves through the medium is a
function of meteorological parameters like temperature, relative humidity, and wind. These
parameters show their degree of variability through fluctuations in the refractive index of the
medium and thus as a result causes acoustic waves to be refractive, scattering, and attenuated.
The fluctuations in phase and amplitude of sound waves have been evaluated in terms of
spatial and temporal fluctuations of atmospheric temperature, wind velocity, and humidity in
a way very much like that of electromagnetic waves. Table 1.2 shows that acoustic waves are
considerably more sensitive to atmospheric fluctuations than are electromagnetic waves and
further that wind and temperature fluctuations dominate for sound waves [3, 7-9]. The strong
interaction of acoustic waves with fluctuations in temperature and wind velocity compared to
electromagnetic and optical waves makes it possible to monitor the presence and behaviour

of various atmospheric structures more effectively using sound waves.

Table. 1.2. The sensitivity of remote-sensing equipment to atmospheric parameters

Parameter Magnitude changes of the Corresponding change in refractive index
parameter Acoustic Radio Optical
Temperature 1°K 1700 1 1
Humidity 1mb 140 4 0.04
Wind 1mst 3000 2x10° 2x10°

SODAR has been one of the best remote sensing techniques for providing continuous real-
time data of air quality, meteorological variables such as mixing height/inversion height,
ABL stability, and wind profile [1-2]. It is recognized internationally and proven cost-
effective. For air quality dispersion modeling in Environment Impact Assessment (EIA), it is
recognized internationally and recommended by the EPA. This technique is used in a variety



of practical and ABL research applications all over the world. SODAR records can easily
identify the occurrence of thermal convection, inversion, elevated inversion, advection,
subsiding air mass, sudden gust, waves, and so on. SODAR provides valuable information on
the evolution of coastal boundary layer occurrences (Sea/Land breeze) [10]. Information has
been used to assess/understand the real-time signal performance of communication links. In
sunny weather, the air warms considerably higher than air in the atmosphere close to the
surface of the earth. This makes it lighter and rising. This vertical movement has been
observed on SODAR in the form of thermal plumes (dense inverted cones). SODAR is one of

the most effective ABL approaches in real-time and space up to a height of 3000 m [6].

1.3. Objectives and Outline of the Chapter

Delhi is experiencing environmental stress on several fronts due to exponentially growing
population coupled with rapid urbanization, increasing vehicular density, increasing
municipal wastage coupled with lack of dumping sites, overflowing wastage dumping
ground, dumping of untreated sewage into the city river (Yamuna), illegal settlements
residential colonies, etc [4]. All these factors are putting tremendous pressure on
environmental stress and posing challenges of management for environment protection. Due
to the interdependence of population growth, pollution-related activities, environmental stress
presents management challenges on air, water, and soil pollution fronts. The troposphere,
particularly lower than 1000 m, is a significant parameter in the characterization of air
pollution because it limits the vertical space for rapid mixing of near-surface contaminants
[1]. In the last decade, the determination and modeling of ABL, especially in urban
meteorology, have been of great interest. The use of ground-based remote sensing equipment
to monitor the structure of the ABL revealed that the ABL has various layering on occasion
(e.g., internal boundary layers, near-surface inversions, and residual layers at night-time and
in the morning hours). The use of site-specific SODAR data on inversion/mixing height is
recommended for environment protection agencies for EIA and planning strategies for

disaster management under the accidental release of pollutants.

SODAR has faced several challenges in recent years, including:
a. greater accuracy of ABL height and structure in pollution studies
b. operation in metropolitan areas without disturbing the public
c. increased need for better data availability

d. Non-experts may install and operate it more easily.



e. The desire for a more "turn-key" autonomous operation that eliminates the

requirement for filters to filter out rain and spurious echoes from SODARs.

The study exploits the potential applicability of SODAR to tackle ABL and its structures in
Delhi's, National Capital Region (NCR). The objectives are listed below:

a. To collect the data of Atmospheric Boundary Layer (ABL) height and meteorological

parameters
b. Enhancement in signal to noise ratio
Extraction of useful information from SODAR echograms

d. Prediction of models considering different meteorological conditions

The work addresses four aspects to achieve the goal: development of SODAR system with
new acoustics antenna design, analysis of the ABL height, atmospheric pollutants and
meteorological data during Diwali period, development of a new model of identification ABL
structure using feature selection and classifier method and LSTM model for prediction of
ABL height using SODAR data.

The subject matter is covered under eight chapters, besides chapter 1, there are seven more
chapter

Chapter 1. Introduction to Atmospheric Boundary Layer and SODAR

The first chapter is an introduction to the subject, the troposphere, ABL, and its need for
studies, monitoring techniques, and a comparison of various technologies. In this context, the
current chapter highlights the use of the SODAR system in ABL studies, as well as the
thesis's objective.

Chapter 2. Literature Review

The literature review gives a clear picture of the underlying concept that drives technological
advancement and various future environmental applications for SODAR. SODAR has been
shown to be very effective at controlling air pollutants at a low cost for site-specific
dispersions. During these efforts, SODAR and other methods were developed. Year after
year, new advancements were reported, demonstrating device and appliance technical
versatility. With a new R&D concept and application potential, more companies have
improved SODAR models.



Chapter 3. Methodology and SODAR System

This chapter highlights the methodology of SODAR operation, mechanism of SODAR
echoes, nature of SODAR echoes, interpretation and information from SODAR data,
parameters of importance in the development of SODAR. The preliminary studies were
conducted for a monostatic SODAR system. Then Discuss the Study of Location and its
Meteorological Condition and Method of Determining ABL Height using SODAR
Echogram.

Chapter 4. Design of Acoustic Antenna

This chapter describes the design of the acoustic antenna. The first section describes the
acoustic parabolic dish in detail; the second section describes the aluminium composite plate
and its acoustic properties; and the third section describes how to build acoustic baffles.
Chapter 5. Computational Techniques based SODAR Structure Classification

In this chapter, the first part introduces the SODAR image classification model, which is
based on machine learning, and the second part discusses the results and model. The structure
classification model's data collection, statistical feature extraction, feature selection methods,
and classifiers are also described.

Chapter 6. Temporal ABL Height Prediction using Deep Learning Model

This chapter deals with the LSTM prediction model for the future use of new SODAR data
(December 2018 to February 2020) to calculate the ABL height value. The seasonal and
annual variations in ABL height are investigated in this work. The presented work then
proposed the ABL height data neural network prediction model. The model was evaluated for
the ABL data height using the Delhi SODAR system. A time-series comparison of annual
and seasonal changes in ABL height was also shown to evaluate model performance.
Chapter 7. ABL Height Estimation During Fireworks Emission

This chapter is divided into five sections: first, data were collected during the fireworks
emission, i.e. Diwali festival, then ventilation coefficient was determined, ABL variation with
meteorological parameters, ABL variation with pollutants, and finally, forward selection
method was used to estimate the most dominant parameter to ABL height. Data analysis in
this part gives an account of the occurrence characteristics of air pollution concerned
meteorological aspects in terms of evolution characteristics of ABL height. Comparative
analysis of occurrence characteristics was drawn for Pre-Diwali, Diwali and Post-Diwali

conditions.



Chapter 8. Conclusion and Future Scope

This chapter summarizes the concluding remarks cum recommendation for future work.
Conclusively, it is remarked that SODAR information on air pollution meteorological aspects
contains useful guiding indicators (of ABL carrying capability) for planning strategies of
emission control. To monitor air contamination levels, a unique combination of a motion-
coil, a parabolic dish and an acoustic ACP sheet was developed. The system was used for a
long time to collect data with a low probability of an electronic failure. The outcome of
discussions recommends that the SODAR information be coupled with a prediction model for
the future value of ABL height.



Chapter 2
Literature Survey

This chapter provides an exhaustive summary of the research work on sound and
SODAR. It begins by providing an overview of the environmental sound origins,
followed by a discussion of the application of the SODAR system to air pollution,
identifying different types of ABL structures, and predicting ABL height.

2.1. Sound Effect on Atmosphere

Tyndall [11] was the first person to examine sound waves' dispersion under a variety of
atmospheric circumstances. He traced the flocculent character of the atmosphere to the
long-lasting echo of a siren heard on foggy days. While researching anomalous
microwave transmission within the atmosphere, Gilman et al. [12] were the first to
describe the observation of acoustic echoes of unexpectedly high strength from the lower
atmosphere in 1946. To find proof for this unusual behaviour, they looked at the effects
of dispersion, absorption, temperature, and humidity on travelling waves and concluded
that the temperature changes in the earth's atmosphere governed the reflection
mechanism of such high-intensity echoes. These experiments were designed for the aim
of correlating observed atmospheric structure with microwave propagation
characteristics. Cox [13] determined the temperature profiles of the upper atmosphere by
using ground-based explosions while Crary [14] measured the stratospheric wind and
temperature structure over Bermuda and Alaska. Rothwell [15] used an anti-aircraft gun
to project explosive shells to controlled altitudes and measured both the range and angle
of arrival of sound to derive the profiles of temperature and wind.

Thomas [16] realized the potential of acoustic sounding for remote detection of
atmospheric thermal inversion layers. He used an 18 m diameter parabolic dish with a
transducer at its focus and worked at a frequency of 190 Hz. The echoes from an altitude
of 600 m were received under low ground noise conditions. The received echoes were
attributed to a temperature inversion, random atmospheric inhomogeneities, cloud layer
boundaries, and temporary wind shear conditions. However, the echosounder / SODAR
technique for remote sensing was used to study the index of refraction fluctuations
within the atmosphere [17-19]. McAllister [17] developed an array of loudspeakers and
parabolic dish with a horn-loaded transducer mounted at its focus to be used as an

acoustic antenna. The frequency used was 950 Hz and therefore the echoes from an

10



altitude of 1000 m were detected. The increase in detection range compared to Thomas
[16] could be ascribed to McAllister [19]'s use of a higher frequency, which increased
the signal-to-noise ratio. The introduction of a facsimile recorder, which provided a 3-D
display in terms of height, time, and intensity, improved the richness of the observations
of atmospheric structure acquired by McAllister et al. [18]. The event of basic physical
concepts of the influence of turbulent inhomogeneities on sound wave propagation and
scattering within the atmosphere was surveyed by Kallistratova [20]. However, the most
theoretical and experimental results were obtained and summarized the analysis of
fundamental problems, requiring an answer for practical applications of sound waves
within the atmospheric research was given.

Little [21] examined the possibility and limits of an acoustic radar and addressed several
acoustic approaches for distant probing of the atmosphere. Fukushima et al. [22] used a
concrete paraboloid dish having an aperture of 16 m and this antenna was used as the
acoustic sounder for studying the lower atmosphere. The interrogating waves had a
frequency of 850 Hz within the sort of pulses of 60 x 10 s duration repeated every 3.6
or 12 s depending upon the detection range. They had recorded the meteorological
structures of the lower troposphere and realized their usefulness within the effective
monitoring of the troposphere. Hall [23] described an acoustic sonar for detecting the
temperature and velocity structure of the Earth's physical phenomena. The specifics of
the SODAR development and experiment work were documented by several experts [24-
30]. Several studies [1-3, 31-35] provided outlines of the theory of SODAR research.

In late 1960s and early 1970s, scientists at the National Oceanic and Atmospheric
Administration (NOAA) in the United States of America (USA) established the practical
viability of using acoustic sounders to detect winds in the atmosphere and monitor the
structure of temperature inversions by measuring Doppler shift in the received signal
[17-19, 21]. Thereafter, numerous groups of researchers in the USA focused on the
engineering design of SODAR in the 1970s, while the academic community began work
on wind profiling utilising the Doppler shift in the signal return from a slightly titled
SODAR.

Simultaneously, commercial SODAR interest arose in response to increased academic
interest, technology development initiatives, and anticipated application potential.
Bucket antennas were used in the commercial systems. The several commercial SODAR

systems and their companies had below since 1970 [3, 36-50].
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Table 2.1. Commercial SODAR and their company name with a country

S. No. Country Model and Company/ Remarks
institute
2. USA Model 300 One of the first commercial devices,
AeroVironment Inc. designed to measure turbulent structures up
to a height of several 100 m.
3. USA Mark VII The acoustic echo sounder is a portable
NOAA system that provides an analogue record of
backscatter data.

4. Germany Scientific Engineering By adding a microcomputer to the device,

System Inc. (SES) the first digital-based acoustic sounder was
created.

5. Germany and | SES and NOAA A three-axis digital-based acoustic sounder

USA is being developed. This device can
calculate vertical and horizontal wind speed
and direction by detecting both the Doppler
shift and backscatter intensities in real-time.

6. USA Radian Corporation SODAR system with three axes based on a
microcomputer

7. USA, Xonder SODAR system Wind profile and turbulence measurements

Xonics Inc. are possible.
8. USA Invisible Tower (AVIT) Three neighboring parabolic dishes are
Aero Vironment Inc. operated consecutively with a three-axis

arrangement.

9. France REMTECH Up to 1000 m, a phased array SODAR
system capable of sensing Doppler shifts
and turbulence parameters, as well as being
the first to use multiple-frequency coding.

10. Germany Doppler SODAR Mobile stand-alone profiling at off-the-

PCS.2000, beaten-path locations
Metek
11. Germany Flat Array Sodar SFAS The Scintec SFAS is a small acoustic
Scintec profiler that can monitor wind and
turbulence up to 500 m above ground level.
12. Japan Kaijo Corporation The Doppler SODAR s developed.
13. Australia Atmospheric Research The Doppler SODAR is developed.
Pty Ltd
14. USA Model VT-1 The Model VT-1 is a monostatic phased-

Atmospheric Research &
Technology

array Doppler SODAR system with a
monostatic antenna

These companies and their SODAR were mostly based on monostatic antenna setups and

were primarily used for remote wind profile measurement. Signals from temperature

fluctuations were captured by the monostatic configuration. As a result, determining

wind speed (through Doppler shift measurement) was solely dependent on backscatter

induced by linked temperature changes. During gloomy and strong wind circumstances,

however, the atmosphere was primarily neutrally stratified, and signal intensity

12




frequently drops below essential levels for accurate wind speed detection. As a result,
Mikkelsen et al. [51] created a new CW SODAR that was based on a Bi-static antenna
design. A Bistatic SODAR configuration received and sound scatters from wind
turbulence (C2). Therefore, it continues to receive adequate backscatter signals even
during high wind speed induced neutrally stratified conditions.

The integrated product of SODAR and RADAR termed RASS for measuring both wind
and temperature profiles resulted from continuing R& D advances in technology as well
as signal processing approaches [3]. The RASS operated at frequencies about 1 GHz,
was rapidly becoming a common profiling tool for monitoring both temperature and
wind profiles in the ABL [52]. SODAR technology had progressed quickly, and a variety
of commercial versions are now available.

Singal and Pancholy [53] also experimented with sound waves to investigate the
atmosphere in India. The classic monostatic SODAR was created at the Council of
Scientific and Industrial Research - National Physical Laboratory (CSIR-NPL), New
Delhi, which was one of India's top research institutions under the Department of
Scientific and Industrial Research (DSIR) [54]. In addition, in 1997, a three-axis Doppler
SODAR facility was developed [55]. The SODAR equipment and software were
upgraded using the virtual LabVIEW platform as technological development tools
improved [56-58]. In India, the SODAR system was used for ABL monitoring over the
past five decades, with ongoing research and development efforts in SODAR technology
application. During my Master of Engineering (M.E.) several tools and models were
developed to analyse ABL height, structure, and stability class [58]. The technology and
software were deployed in industrial and institutional areas to determine the carrying
capacity of air pollution, as well as the stability class for dispersion modeling, as
prescribed by the Central Pollution Control Board (CPCB) in New Delhi, for existing
and new industries.

Aside from the summaries, there were many summaries of developments in acoustic
remote sensing methods available, which represented both early ground-breaking efforts
[21, 24] and later work [59-61]. SODAR is currently a globally recommended

technology for a range of environmental and EIA applications [56].

2.2. SODAR Validation, Structure, and Application
SODAR is an important piece of equipment that measures ABL height in near real-time

which has been used as a diagnostics tool in air quality management for environmental
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monitoring in various hazardous conditions such as communication, aviation, wind
energy sourcing evolution, meso-meteorology, and as a contemporary technique to other
techniques. To achieve these aspirations and predictions, the most specialised ground-
based distant sensing of the mean wind, temperature, and humidity within the
troposphere is used to monitor and predict the weather. During that time, SODAR has
been the favoured choice because of its integrated capacity to provide data on the
dynamics of ABL thermal structures, the capacity to disperse the atmosphere, and wind
profile measurements in real-time in a wide array of applications. However, the primary
interest of researchers has been in data validation to make sure the standard of
knowledge and gain confidence before its direct use as an alternative to standard data
availability from existing conventional direct measurement technologies like an
instrumented tower, radiosonde, etc.

Marshall et al. [62] conducted a theoretical examination of horizontal and vertical wind
profiles using SODAR, while Beran et al. [63] and McAllister [19] conducted practical
evaluations. Little [21], Beran et al. [65], and Wesely [66] investigated the viability of
employing SODAR data to compute the vertical humidity profile. The ABL was
precisely measured using a SODAR, a parameter used by Greenfield et al. [67] in the
theoretical computation of temperature profiles inside the lower atmosphere under
changing climatic conditions. Mahoney [68] conducted an experiment at Haswell
including the use of 3-axis SODAR placed 240 m apart at the corners of a triangle within
which is a 150 m instrumented tower capable of delivering information about
temperature and wind at a rapid rate to correlate the information collected by the
SODAR with meteorological factors. Although some of the SODAR data was understood
in terms of the recorded turbulent heat flux and momentum, it was determined that the
system required to be evolved into an independent quantitative instrument to unravel a
large number of details seen. To ascertain the validity of SODAR records, dissimilar
researchers had compared the SODAR observations with vertical temperature profiles
obtained from radiosonde techniques, captive balloons, LIDAR, RADAR [69-80]. They
showed that echoes on the SODAR echograms correspond to regions of enhanced
temperature discontinuities.

The height of ABL during the inversion period was computed using the bulk-Richardson-
number approach, diagnostic equations for the equilibrium ABL height, and a relaxation-type
prognostic equation, and was explained in terms of their physical foundation and applicability

of experimental data [81-83]. They concluded that the critical bulk Richardson number (Rigc)
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of the ABL throughout the inversion period was not constant. They also stated that the
Richardson number-based computation methodologies should only be used for rough ABL
calculations.

Fukushima et al. [84] had deduced temperature fluctuation profiles from SODAR data
obtained for two years. They had calculated monthly values of C2? in different layers and
brought out a profile of CZ. Also, the average profile of the refractive index structure constant
C?2 were deduced. However, the profile C2 in the clear night as summarized by Hafnagel [85]
showed many small values than this. This discrepancy in the profiles of C2 observed by
Fukushima et al. [84] and Hafnagel [85] had been recognised as due to the difference of two
techniques used.

Neff [86] had compared SODAR results with observations made on a 92 m instrumented
tower. SODAR derived values of temperature structure parameter CZ were compared with
values of C2 obtained from the tower. An excellent agreement was seen between the two sets
of CZ values under statically unstable conditions. However, under stable settings, the values
occasionally differed by a factor of 2-5. This was hypothesised to be attributable to sampling
and averaging problems in in-situ sensors compared to finite volume echosounder readings
due to quasi-horizontal spatial ordering of small-scale turbulence structures. Asimakopoulos
et al. [87] had been also concluded from the SODAR test conducted under both stable and
unstable conditions that the device was provided reliable estimates of C2 but the apparent
errors increased with increasing turbulence. Haugen and Kaimal [88] had also evaluated C?2
using SODAR and concluded that Excess attenuation owing to turbulence and beam bending
had been factored into the RADAR equation. Emeis et al. [2] has done a comparative study
of SODAR, RASS, and ceilometer for measurement of ABL structures. The RASS gave
an instant measurement of the vertical temperature distribution within the ABL based on
ceilometer data with the aerosol content of the air. The RASS and ceilometer provided
further information on the moisture structure of the ABL that the SODAR had missed.
On the other hand, this comparison supported the use of well-known approaches for
mixing ABL height from SODAR data. The mixing layer had an important role in the
transportation of air pollution since it was a crucial meteorological component. Between
July 2009 and December 2012, Tang et al. [89] were also stated and their findings were
compared. Between the above intervals, the ABL height (mixing layer height) was measured
with a ceilometer and radiosonde. It was revealed that the ceilometer underestimates the ABL

height when neutral stratification was caused by strong winds but overestimates it when sand-
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dust was presented. They also identified a correlation coefficient of greater than 0.9 between
ceilometer and radiosonde observations. They stated that ABL heights were low in the winter
in Beijing, but high in the spring and summer. According to this study, when using visibility
as an index for measuring the degree of air pollution, changes in the sensible heat and
buoyancy term in turbulent Kinetic energy were minor on somewhat cloudy days compared to
clear days, but a reduction in the shear term was significant.

Internal fronts and atmospheric waves were investigated [90-96]. The formation of shear
caused energy imbalances under steady settings was revealed to be one of the key drivers of
wave formation in these studies. These waves were caused by pressure changes on the ground
and interfere with microwave transmission by increasing fading. To investigate the phase
speed and direction of propagation of these waves, a network of SODAR systems was
necessary.

The structure and behaviour of maritime boundary layers had been investigated [97-103].
Under favourable weather circumstances, Ottersten et al. [97] found that a ship-borne
SODAR system monitored temperature inversions up to 800 m and thermal plumes up to
300-400 m. Mandics and Hall [99] found that echograms displayed a mixed layer typified by
thermal plumes under suppressed weather circumstances, whereas disturbed weather events
resulted in significant ABL alteration. The ABL height might be as low as 100 m at those
times. At Miyakojima Island, Fukushima et al. [84, 104] conducted SODAR studies for the
lower atmosphere. The occurrence of thermal plumes in the maritime ABL had been
documented even at night. The SODAR technology was also used to examine the maritime
boundary layer in San Diego [100-101]. They've demonstrated how this methodology might
be used to track the dynamics of the marine layer. The presence of nocturnal convective
plumes had also been documented in the San Francisco Bay area.

In the southern pole, SODAR was used by Neff and Hall [105] for the ABL. The climatology
of the stable boundary layer covering the Antarctic ice dome was thoroughly investigated.
Records from SODAR were correctly interpreted using in-site data.

SODAR echograms for unprecedented precision in research into ABL structure [106].
SODAR echogram is a new and exciting science that theorises the ABL structure can reveal
vital information about the atmosphere, allowing for more accurate pollution research.
Diverse ABL structure aspects were explored in terms of their prediction powers and
reliability across various meteorological conditions in some research [107-110]. For the
atmosphere and pollution investigations, some researches have shown a link between

atmospheric structure and atmospheric stability [111]. Manual identification of various types
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of atmospheric structures was a time-consuming process that requires skilled individuals. To
automatically extract knowledge and discern patterns from these data, data mining and
machine learning algorithms were developed. Machine learning was a type of computation
that uses training data (experience data) to enhance performance or create a precise forecast
[112-113]. These technologies could learn data and automating the prediction process to
increase accuracy [114-115]. However, machine learning was used to identify SODAR
echogram structures, and this was explored separately in Chapter 5.

Lobocki [116] looked at the variation of the logarithm of the Monin-Obukhov-scaled
structural parameters (log C) of temperature and humidity. According to their observations,
the difference in log C between upward (larger C) and downward (smaller C) motions
increase as instability develops. As the average window size grows, the variances in log C
become less. Due to discontinuity in the structure and a lack of data, the difference in
variances between temperature and humidity profiles at different heights remained
unexplained since they were explored. They only learned about the variability of temperature
and humidity structural characteristics in the atmospheric surface layer at different stability
conditions.

A three-axis monostatic Doppler SODAR was developed that measures the Doppler shift
using a minicomputer-controlled processor FFT, and measurements utilising this SODAR
were reported [117-121]. The wind speed and direction data from this system were compared
to data collected from pilot balloons at heights of 30-500 m, and the two values show a strong
correlation [120].

Strauch and Sweezy [122] reported on the development of a Bistatic Doppler SODAR
system, dubbed the "Simple Wind Shear Detector.” For data analysis, they also used a
microcomputer-controlled processor.

The development of a digital microprocessor-controlled Doppler SODAR for wind
measurements was described [117, 123-124]. It was proven that a real covariance technique
to spectral moment estimation was incredibly simple to implement out of all of the digital
SODAR. The findings of Doppler estimates were demonstrated to agree well with FFT and
adaptive filter techniques. The ability of the echosounder to measure the turbulent velocity
structure functions D(r) and CZ using the Doppler technique was demonstrated [125-126].
They compared time-averaged, acoustically derived C2 values with acoustic facsimile records
in both stable and unstable conditions. It was observed that temporal and spatial variations of

CZ were large and correlated well with SODAR detected structure.
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In light of the growing range of SODAR applications, current standards, such as the ASTM
standard on SODAR operation, the ISO standard, and several recent publications addressed
difficulties affecting the concept of SODAR operation [127-136]. SODAR functioning was
not subject to any international standards. The only standard was to verify the measurement's
accuracy by comparing it to measurements taken using widely established standard
methodologies. Several studies (described above) demonstrated the reliability of SODAR and
established a solid foundation for using it as a standard instrument for air pollution
meteorological data. Bradley et al. [137] published a paper on the calibration of SODAR
systems for wind energy applications, with various proposals for increasing SODAR's use in
such applications, including the creation of a self-calibration method.

Measurements of convection layer or mixing layer height, thickness and height of inversion
layer and wind velocity, etc. were the important parameters in air pollution studies [78, 138-
145]. SODAR might be utilised as a diagnostic tool in air quality management for air quality
monitoring in a variety of hazardous circumstances that were directly linked to human health
issues. SODAR had made Environmental Impact Assessment (EIA) mandatory, with
suggestions for site-specific assessments of ABL dynamics (CPCB, 1992). SODAR was the
only device that measures the ventilation coefficient to determine the region's pollutant
loading capability. Wind speed and direction, turbulence temperature, lapse rate, and ABL
height were all factors that influence the dilution, rise, and spread of pollutants [146-149].
Researchers need to know the ABL height and the different forms of ABL structure to
comprehend local pollutants transfer and dispersion across a large area. SODAR's ability to
map diverse forms of ABL structures were improved in recent years. The understanding of
these structures was extremely useful in air pollution research [148].

SODAR is a low-cost, real-time remote sensing tool to use and assess any level of air
pollution. Air quality measurements were directly related to the ABL [1, 146, 150-152] and
showed significant correlations between air pollutant concentrations and continuously
monitored ABL height [153-155]. The SODAR method contributed much to the
meteorological studies of air pollution and the results were employed in prediction models of
pollutant dispersion [146, 156]. It was gradually employed to provide quantitative and
qualitative data on the temperature characteristic of the atmosphere. At the time a linkage
between various atmospheric quantities and air quality patterns has been investigated and
established particularly in metropolitan contexts [156]. The results showed that the pollutant
concentration (Oz, NOx, COy) is well correlated with ABL height and that the rate of height
growth for ABL is highly dependent on the pollutant concentrations, especially during the
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early morning-hours degrading period, and the ABL collapses in the afternoon. The
concentration of PM2s, PMy, and PM1o was negatively correlated with ABL Height [154].
The dissipation of atmospheric particles was mainly dependent on the ABL Height.
Mahalakshmi et al. [153] calculated the VVC using ABL and wind speed in different seasons
and found that VVC played an important role in the dispersion of the pollutants.

During the late evening in Delhi, Singal et al. [111] analysed the case of serious saturation of
air pollution and found the reported air pollution to be at a low ABL level. Singal et al. [151]
have also investigated the association in SODAR-derived diurnal variance in carbon
monoxide measured concentrations present near the earth's surface and the prevalent SODAR
atmospheric stability class of Pasquill.

Gera et al. [157] studied diurnal, monthly, and seasonal variations in the ground/elevated
inversion, thermally driven convection ABL, and fumigation characteristics, finding that poor
atmospheric ventilation was associated with stable inversion conditions for about 10 hours
(1800-0600 IST) while good ventilation was associated with convectively driven unstable
ABL for about 8 hours (during 1000-1700 IST). The duration of the fumigation varies from a
few hours in the summer to more than 6-8 hours in the winter. This data was useful for
planning and implementing environmental management initiatives.

Radioactive fog generation, according to Garratt [158] was a complicated phenomenon
involving local physical and microphysical processes that occur when specific meteorological
conditions occur. The regional weather model was built to anticipate fog, and it was found to
detect 74 % of the climatic circumstances leading to observed radiative fog and 48 % two
days ahead of time. The radiative fog was difficult to model and forecast, according to their
research.

Murthy et al. [159] investigated the characteristics of ABL response during winter season
about air pollution meteorological aspects and discovered that thermal structure
characteristics relevant to air pollution, such as inversion/mixing height, fumigation, and
lower-level raised inversion, experience significant deviations that were caused for concern
for air quality and risk management strategy planning. The researchers established a link
between ABL height and visibility, which was crucial for verifying ABL models and
improving their performance in foggy settings.

Many authors considered soft computing and Al-based models to examine the impact of ABL
on the climate and humans at the same time [160-162]. These models have used a variety of
methodologies, including neural networks, fuzzy logic, deep learning, and the Adaptive

Neuro-Fuzzy Inference System (ANFIS). To tackle real-world challenges, these strategies
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were utilised to research, model, and analyse complicated situations and occurrences. The
pollution control board, meteorological department, and atmospheric scientists all rely on
accurate modeling of ABL height and the use of forecast tools to investigate the climatic
conditions in local and remote places [163-164]. For example, ABL height was important in
assessing a given area's pollutant bearing capacity, air quality assessments at the local or
regional scale, emission control, air quality forecasts, and laws implementation. The
meteorological data required for computing the transport, dispersion, and removal of
pollutants was a major input to this model. The ABL height controls the volume available for
pollutant dispersion and an important component in atmospheric flow models, such as the
Wind Profile [165]. Using time-series prediction models, the instrument data was used to
forecast ABL height. Linear and non-linear time series models were two types of time series
models. Linear models include Auto-Regressive (AR), Auto-Regressive Moving-Average
(ARMA), Auto-Regressive Integrated Moving-Average (ARIMA), and their variants. To fit a
mathematical model to a univariate time series were used predetermined equations [166].
These models were unable to account for the data's latent dynamics. Artificial Neural
Networks (ANN), Adaptive Network-based Fuzzy Inference (ANFIS), Genetic Algorithm,
and Fuzzy Inference System were non-linear models that has been effectively applied to
model of many factors such as ABL Height, pollution, temperature, and so on [167-170]. On
the other hand, these models were less capable of detecting hidden patterns and underlying
data dynamics. Through a self-learning process, deep learning algorithms were capable of
finding hidden patterns and underlying dynamics in data [166, 171]. The data generated in the
case of ABL height was massive and very non-linear [170]. Deep learning models, unlike
other algorithms, successfully produced good predictions by analysing the relationships and
hidden patterns within the data. A Recurrent Neural Network (RNN) with Long Short-Term
Memory (LSTM) was a specific sort of RNN [172-173]. LSTM was a deep learning
algorithm that operates on a gradient-based learning technique and is aimed to reduce error
backflow.

Different input factors have been employed for predicting weather data in the area of
meteorological parameters time series analysis utilising neural network models and deep
learning algorithms. For heterogeneous weather information, time-series data were employed.
In Colombia, Vivas et al. [170] used deep learning to detect ABL height from atmospheric
LiDAR signals. Artificial neural networks were employed for the prediction of global solar
radiation with air temperature and relative humidity for Saudi Arabia from 1998 to 2002,
according to Rehman and Mohandes [169]. Zhao et al. [174] used the LSTM approach to
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forecast RADAR sea clutter, and the results were shown to be superior to neural networks.
However, the model's performance for long-term forecasting was not as good as it was for

short-term forecasting.

2.3. Impact of Fireworks on Atmospheric Boundary Layer Height

Diwali is the most important and big festival, celebrated all over India. During the festival,
fireworks create a lot of pollution in the environment resulting decrease in ABL height and
cause negative effects on human health [154, 175]. Diwali is celebrated in the post-Monsoon
season of October / November with the bursting of firecrackers, it was created a health hazard
for human beings [176]. Uses of bulk firecrackers emit many pollutants into the atmosphere.
The concentrations of SO2 and NO2, as well as particulate matter such as PM1o and PM>s,
were found about 2-6 times higher during Diwali day and next to Diwali day, when compared
with the respective concentration of normal day [177-178]. The firecrackers were consisting
of different types of chemicals (lead, magnesium, sodium, cadmium, zinc, nitrate, and
nitrite), which was a harmful effect on the atmosphere and human beings. This high
concentration of pollutants remained in the atmosphere for about 5-10 days after the festival,
having 8 - 9 times more than that regulatory standard level [179]. Over Delhi, air pollution
was reduced the life expectancy of people by six years and increased the number of cases of
respiratory diseases, as well as pollution-related morbidity and mortality [180] due to an
increase in vehicles, industries, and firecrackers pollutants [181]. Maji et al. [182] reported
that in Delhi the mortality due to particulate matter increased to 2.25 % in the year 2015
compared with the year 1995.

The pollutants' concentrations didn’t remain constant throughout the year, indicating that they
were influenced not only by local sources but also by distant sources from other places [183-
185]. Numerous studies [178, 186-189] confirmed that the burning of fireworks emits organic
compounds, metals, sulphur dioxide, Ozone, and Nitrogen Oxides. Even when Ozone
precursors and sunshine are missing, Attri et al. [186] found the synthesis of Os at the ground
level at night. Short-term variations in air quality were documented with fireworks activities
above Hisar city in Delhi-NCR, according to Ravindra et al. [190]. The effect of firecrackers
on ambient air quality over Delhi was investigated by Singh et al. [191], who found that
fireworks during the Diwali celebration harmed ambient air quality due to the emission and
build-up of TSP, PMz1o, SOz, and NO2. Mandal et al. [192] found a significant drop in
particulate matter and sulphur dioxide concentrations in the air over the same city of Delhi on

Diwali day. Yerramsetti et al. [177] investigated the impact of Diwali fireworks emissions on
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air quality in a tropical site in Hyderabad over three years, observing air quality degradation
due to firecrackers burning and validating their findings using the Cloud-Aerosol LiDAR and
the Infrared Pathfinder Satellite Observation-derived aerosol sub-typing map. In the Valley
city of North China, Song et al. [193] discovered a link between firecrackers and air
pollution. Ghei and Sane [194] analysed long-term data from 2013 to 2017 to evaluate the
Diwali influence on air quality, found that the festival results in a tiny but statistically
significant increase in pollution. Zhang et al. [195] observed an unexpected and strong rise in
air quality because of the use of firecrackers. Arora et al. [196] looked examined particle
matter and chemical compounds before and after Diwali and discovered that fireworks had a
substantial impact on air quality.

Apart from the burning of firecrackers, the activities of neighbouring states such as Haryana
and Punjab, as well as meteorological circumstances in Delhi such as low temperature, low
wind speed, and low relative humidity, were an impact on the air quality of the city. During
the winter season, just after Diwali, dense fog, haze, and smog rose in Delhi, and these
suitable conditions were also the cause of extremely high air pollution levels [185, 197]. It
was discovered that the concentration and content of pollutants had altered over time because
of Diwali fireworks. During the Diwali festival in Delhi and North Capital Region (NCR),
firecracker activity was more prominent, to understand the variation of air quality and ABL

height during the festival in-depth study and analysis in need.

The literary review provided a good understanding of the underlying idea that
drives technological progress and various future applications for SODAR in the
environment. SODAR has proven to be extremely useful in controlling air
pollutants at a low cost for site-specific dispersions. In these efforts, SODAR
and other approaches were now being developed. Year after year, new advances
in devices and applications were reported, demonstrating technical versatility.
More business enterprises have developed improvements of SODAR models
with a new R&D concept and application potential.
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Chapter 3
Methodology and SODAR System

SODAR is an important equipment that detected ABL height in real-time. It is
used as a diagnostic tool in air quality management for air quality monitoring in a
variety of hazardous circumstances, which are directly linked to human health
issues. The objective scenario of the present work involved considerations of
methods to understand ABL and SODAR system. The data generation,
processing, and interpretation information was gathered to provide a better
knowledge of the SODAR system to obtain the necessary data. This chapter began
on the acoustic echo mechanism, various types of echoes received by the SODAR
system, and how meaningful information can be interpreted. The next part is
followed by a discussion on the design and preliminary measurements of SODAR
hardware and software monostatic system.

3.1. Methodological Considerations
The present objective of SODAR studies of ABL and environmental applications call for 4-

fold major steps of methodological considerations

1. Upgradation of SODAR system for different climate area

2. Understanding the role of ABL Height in air pollution applications
3. Study the ABL structure using SODAR echograms

4. Prediction of ABL height using SODAR data

Literature reviews have provided a solid grasp of ABL height, structure, usage of SODAR
system in study of ABL, basic of SODAR system technology, data collecting and processing
methodologies, which influenced air quality, and put forward the necessity for SODAR
derived site-specific characterization for air quality management as a result of the above
processes. The knowledge on air pollution, meteorological characteristics of the inversion or
convection layer, stability, and the transitional phase of the ABL was abundant. In the interest
of application, these data were analysed and used as specific information. New research and
development findings support the identification of the scope of improvements in technology
and data processing to detect new potential fields of use.

The purpose of the environmental application in the current work scenario was to investigate
air pollution meteorological elements over Delhi. Thus, air pollution, meteorological

parameters, and the ABL prediction for the height of the system development approach and
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data processing technology. Fig. 3.1 depicted the essential technique for the study and

development of SODAR systems, as well as their application in ABL research.

Objective

l

Study the existing SODAR system and
their meteorological conditions

|
Step T Step III
[ Methodology } =P
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Figure 3.1. Flow chart of the methodology

The old monostatic SODAR system was in operation for the past two decades. The new
monostatic SODAR system was developed for monitoring of ABL and their structure. The

available old data, as well as new data, was used in this study, i.e., years 2014-2020.

3.2. Mechanism of SODAR and Generation of Echogram

According to the literature, small-scale refractive index variations occur continuously in any
volume of atmospheric air [1-3]. These variations provided tracers for the scattering of the
acoustic beam. The fluctuations usually arise when turbulence occurred within a region of
refractive index gradient associated either with temperature inversion or with convective
activity. The energy was scattered from turbulent temperature fluctuations of half the acoustic
wavelength. When wavelength was the lowest, the dispersion was highest. Temperature
inversions alone (without turbulence) probably didn’t have sufficiently strong temperature
gradients to provide significant echoes directly. Turbulence fluctuations of proper scale
accompanied with atmospheric stratification other than neutral were generally necessary to
produce the scattering [1-3].

The mechanism of generation of turbulence due to temperature lapse rate other than dry
adiabatic was discussed [20, 198-199]. Tatarski [198] obtained an expression for scattering

cross-section do as
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Kallistratova [20] and Monin [199] used a different approach to effects of wind speed and

temperature to obtain the expression for do
1

do(0) = 2wk*v cos?8 [% E,(k)cos? g +

0 (k)| da (3.2)

This expression didn’t consider the Doppler frequency shifts and scattering due to humidity
fluctuations. However, such effects were normally quite small for sound waves. Furthermore,
in the development of the expression for scattering cross-section, they assumed that the field
of fluctuations within the scattering volume didn’t vary significantly during the passage of
sound waves. The refractive effects on the scattering volume, scattering angle, and Doppler
bordering of frequency were investigated in detail [200-204]. They found that these effects
were small for sounding up to a height of 2000 m. The amplitude of the dispersed signal was
proportional to the degree of turbulence, and the acoustic wave scattering occurred in all
directions.

The estimation of received acoustic power in the case of a SODAR depends on the amount of
atmospheric attenuation along its path in addition to various other parameters. In the case of
hemispherical spreading of sound, the intensity | at a distance R from the source was
expressed as

[ =-—L_¢aR (3.3)

~ 2nR2

Harris [205-206] was published detailed results for sound absorption in the air as a function

of humidity and temperature. However, this work was of significance for see-level
investigations and was somewhat limited for use in the free atmosphere because it didn’t
include the less well-defined effects and results from scattering and refraction in the free
atmosphere.

After the development of the SODAR system, receiving power was determined to be a finite
value. The receiving power was depending on the number of parameters. These parameters

were used to develop the system and affect the measuring of the ABL component.

Receiving Power,P. = P, .U.CZ—T ‘:—'ZL (3.4

2 _ 0180T2
O = sk (3:5)

where ¢ = scattering cross-section; ¢ = speed of sound; T = pulse width; R = range; A =

antenna area; L = factor containing the equipment efficiencies, antenna gain, and the
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atmospheric absorption; Pt = the transmitting power; Ct = temperature structure constant; k =
angular wavenumber; T = temperature.

The monostatic SODAR power equation (3.4) and temperature structure equation (3.5)
showed that backscattering was only due to temperature inhomogeneities. The monostatic
SODAR system looked at these backscattered sound signals. So, the curvature area of dish,
antenna gain, and atmospheric absorption were essential to transmitting and receiving the
acoustic wave. Wind and humidity fluctuations cause temperature fluctuations and thus
contribute by changing the temperature structure parameter. The received signal was
processed to derive information on amplitude about the degree of prevalent turbulence while

information about the current wind speed was contained in the frequency.

3.3. SODAR System Parameters
The preliminary review showed a highly directional acoustic antenna, recording system,
background noise, and choice of frequency affected the operational efficiency of a SODAR

system [3]. Fig. 3.2. shows the essential parameters used in the monostatic SODAR system.
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Figure 3.2. Preliminary experiment parameter
3.3.1. Amplifier

Most of the SODAR System hardware was scientific standard as shown in Figure 3.2. Every
instrument specially designed or selected for the SODAR system was calibrated or tested. A
power amplifier (Model- BR 250M, Ahuja Radios, New Delhi, India) was used in this system
with a maximum output of 300 W. The output regulation was less than or equal to 3 dB from
no load to full load at 1000 Hz. This amplifier was used to boost the output power of the
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sound wave to transmit the signal into the atmosphere. The transmitting sound pressure at the
transducer was above 138 dB SPL, as per requirement.

The preamplifiers were developed to provide the receiving signal with a gain of 70 dB at
2250 Hz with a 50 Hz bandwidth and isolate the components for data acquisition of the
transmitted pulse. Fig. 3.3. displayed a three-stage preamplifier block diagram. Additionally,
the preamplifier provided the system with a security and switching mechanism. By physically
incorporating it into the device, low noise characteristics of an OPA37 operational amp were
evaluated and their acoustic and acoustic properties analysed with the standard secondary
spectrum analyzer. The complete circuit of the preamplifier was calibrated in the Electrical
and Electronics Metrology (PMM Division, CSIR-NPL), to calculate the standard uncertainty
of the gain provided by the circuit at + 2 dB.

=
- M
2
g
=
. Third Stage
o This siagf:i:p?itti:egde with coi Second Stage This stage filters the amplified signal with
circuit and safety and —{ This stage amplified | | Universal Active Filter (UAF42) and some
I , with OPA37 op-amp amplified as per requirement
SWlfchll]'g mechanism . Bandwidth: 50 Hz; Filter Frequency: 2250;
Gain: 15dB Gain: 45dB .
Gain: 15dB
Power
Amplifier

Figure 3.3. Block diagram of the preamplifier circuit

3.3.2. Acoustic antenna

It was essential to have a highly directional acoustic antenna. The directivity of the acoustic
antenna determines the energy of a transducer projected into the scattered area as well as the
amount of clutter and background noise received by its antenna in receiving mode. At a
narrow angle, the antenna can transmit and received energy with the lowest possible sideload.
The antenna's radiation pattern is shown in Fig. 3.4 [207]. The directional antennas were
thought to be a parabolic dish in the centre, which was used to produce a monostatic
configuration with a horn transducer. Details of the acoustic antenna have been described in
Chapter 4.
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3.3.3. Software

A suitable recording system was required for the complete analysis of ABL. It featured a real-
time display of the phenomena and was simple to operate. On the recorder, the noise was also
easily distinguished. The LabVIEW software and computer were used for controlling and
monitoring every operation of the hardware components. There are two parts to this software
development. The first one is online software, which provided real-time data for observing
the ABL and collecting data, and the second one is offline software, which was used to view
previous data and the atmospheric stability class. Each software was developed in LabVIEW
2017 platform. Online or real-time software was provided with the turbulence intensity in
pattern plots or picture forms in repetitive or sequential signals with a wealth of details and
information content. This intensity plot was directly proportional to the received signal
strength. The online and offline software quickly broke down into several blocks and
subroutines which perform specific operations. Fig. 3.5. shows the overview of the developed
software, each block is straightforward in its purpose, and the program design to be as helpful
to the user interface. Fig. 3.6. represents the offline software, the time axis was represented in
the horizontal axis and vertically found that ABL height in an upper block and subsequently
below wind direction, wind speed, relative humidity, and temperature. This software showed
the 24-hour data, this was helpful for diurnal and temporal analysis. This software also
plotted the atmospheric stability class with ABL height. After the development of new
software, the monostatic SODAR system was found more user-friendly than the last system.
This software provided the FFT of the received signal, increased the resolution of echograms
which provided up to 1-hour to 24-hours data in a single graph. Due to the increase in
resolution, the microstructure of ABL like elevated layer, multi-layer, stratified layer, Kelvin-

Helmholtz, etc. was studied easily.
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3.3.4. Frequency analysis

The SODAR system is an excellent tool to study ABL and ABL structures. It has a limited
range that depends on the acoustic frequency used and atmospheric attenuation [208]. The
SODAR estimated atmospheric structure and height by measuring the total acoustic energy
scattered by the atmosphere. The transducer transmitting and receiving efficiencies measured
the return power, which were an essential role in operating the SODAR system [18]. Apart
from all other factors, the known ambient noise was a part of functioning the SODAR. The
background noise at the antenna site was a major factor in the operation of SODAR and
measures were taken to reduce the acoustics noise. Enclosing the antenna with an acoustic
baffle was reduced the effective noise considerably. The choice of a narrow bandwidth
receiver was further curtailing the noise and improved the signal to noise ratio.

The ratio of received signal power to received acoustic noise power (SNR) [3] was written as

1/3 —2xz

1
SNR = AfoeT = Af" /3g-2bff2 (3.6)
T
So
dsNR _ , [a+l/z a,-2bf2z
T A [ - 4bsz] fre <ot (3.7)

and the optimal fr for a fixed range z is

fo= |k (38)

4bz

where, A is amplitude, b is proportionality between absorption coefficient and f?, fr is
transmitting frequency, q is atmospheric constant, and z is estimated height.

Bradley [3] calculated, the slope of the background noise spectrum for the daytime city is
about g = 2.8 (taken from ISO standard) so for a range of z = 1000 m, given b =
0.003/10logpe = 7x 107t m™, the optimum fr = 1 kHz. In practice this is a little
pessimistic, since good signal processing can extend the optimum frequency by about a factor
of 2.

The other parameter determining the successful operation of the SODAR was the choice of
the operating frequency. The fraction of the incident power was scattered or reflected a strong
function of frequency, scattering angle, and type of scattering targets. The increase in
frequency was given to increase backscatter power, low noise level, and improve antenna
gain but increased attenuation also [124-136]. Background noise depended on the power of fr
and absorption depending on the exponential of frequency-dependent absorption times range,

a compromise was made while selecting the optimum frequency. So, the measurement of the
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ambient sound pressure level was essential before installation of the SODAR system and was
lower than 40 dBA. The primary data of sound pressure level at octave frequencies were
collected at the upper roof of the building. This site was chosen simply for convenience and
available standard protocol. The operating frequency of the SODAR system was selected
based on frequency response. Table 3.1 shows that a frequency range of 2000 - 2500 Hz with
a noise level of less than 40 dBA were chosen. SODAR has selected a working frequency of

2250 Hz, which yields good results.

Table 3.1. Frequency response of measured site

Frequency Response
(dB)
100 54.2
125 52
160 52.4
200 48.9
250 47.3
315 45.8
400 48.1
500 47.3
630 47.3
800 46.7
1000 44.9
1250 45.8
1600 39.4
2000 38.2
< 2500 37.9 >
3150 40.8
4000 40.6
5000 33.8

There were no obstacles in the vicinity of the SODAR system for transmitting and reflecting
sound waves (buildings, reflecting surfaces, etc.). Fixed echoes or passive noise must be
avoided when was installed SODAR.

3.4. Design Consideration of Monostatic SODAR System

Based on the foregoing considerations, the backscattering monostatic SODAR system was
conceived and developed [56, 58, 151, 209]. Fig. 3.7. shows a schematic block diagram for
the monostatic SODAR. The technique was used by transmitting a pulsed narrow sound beam
into the atmosphere, where air inhomogeneity was contacted and partially reflected. It
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received dispensed signals from the same transducer. With each echo scan, the time of delay

and intensity were measured as intensity module on the PC, with visually displayed in either

operational mode the height range (ordinate) versus the time (abscissa). The two main kinds

of acoustic echoes seen in echograms were inversion echoes and thermal echoes. Thermal

echoes appeared as vertical intermitted spikes, whereas inversion echoes were horizontal and

continuous in time. An acoustic wave propagating through a turbulent medium getting

scattered, refracted, and attenuated. The basic data was acquired through the monostatic

SODAR system. The operation parameters are shown in Table 3.2.

Table 3.2 Specifications of monostatic SODAR system

Transmitted power (electrical) 90 Watts
Transmitted power (acoustical) 15 Watts

Pulse width 100 ms

Pulse repetition period 4 sec
Operational range 700 m
Receiver bandwidth 100 Hz
Frequency of operation 2250 Hz
Acoustic velocity 340 m/s (average)
Receiver Gain 66 dB
transmit-receive antenna Parabolic reflector dish
Receiver area 2.5s50. m
Preamplifier sensitivity 60 uV (theoretical Calculation)

Atmospheric In-Homogenities

—A_’,

Transmits pure sinusoid signal and
Receive echoes in microvolts from
'Y atmosphericin-homogenites using

same antenna

Acoustic Shields

Transducer

Reflected Dish transmitter and receiver path

Transmits-Receiving Switch isolate the  preamplifier amplify the low amplitude signals

SODAR Antenna

Transmit-Receiving
Switch

PC with NI Labview
* Sends the tone-burst signal to
Power Amplifier
* Receive signal from preamplifier and
generate echogram after digital filtering

and cancels out the noise using band pass filter

Pre-Amplifier

Power Amplifier

~
—

Circuit

Figure 3.7. Block diagram of SODAR system



3.5. Study Location and its Meteorological Condition

The Capital Region of India, i.e., Delhi (28.70° N, 77.10° E) in the homogeneous urban area
is placed near the bank of the river Yamuna at 715 feet above sea level [210]. It occupies a
special position in the form of a gateway between the Thar desert to its southwest, Aravalli
range in Northeast - Southwest Direction, and the Himalayas which lie to its north. Fig. 3.8
shows the climate of Delhi is mainly influenced by its remote inland position and prevalence
air of continental character. Extreme dryness with intense summer and cold winter is the
usual features of the climate of Delhi. This is modified by the air from the easterly or south-
easterly direction and is responsible for the decrease in temperature, increase in humidity,
cloudiness, and precipitation for some time of the year. The wind is an important climate
feature for Delhi. The wind is moderate for most of the year. In June it is strongest and in
November it is the lightest. During the summer months, hot and dust-living winds can lead to
storms and storms. During the year, from September to May the prevailing wind direction to
the north-west was dominated by the easterly monsoon component. In summer, the
temperature increases gradually to 46° C, and in winter, to 2° C [211]. The meteorological
and concentrations of pollutants data were taken from the Central Pollution Control Board
(CPCB) www.cpcb.nic.in.
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Figure 3.8. Monsoon map of India and installed SODAR system at Delhi
(Courtesy: www.mapindia.com)
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3.6. Method of Determining ABL Height using SODAR Echogram

The SODAR is a cost-effective remote sensing system that uses sound waves. It allows 24x7
monitoring. This is a simple working principle. A SODAR emits sound pulses at various
heights of the atmosphere and receives back dispersed pulse in temperature inhomogeneities.
SODAR echograms provide lower climate turbulence pictures as well as contaminant
distribution responsibilities. Based on the vertical profile of the acoustic refractive index
shown in Fig. 3.9, the echogram, atmospheric conditions can be divided into two categories:
convective period and non-convective(stable) period (output of SODAR). Bradley [3],
Beyrich [27], and Singal et al. [111] have compiled methods and algorithms for calculating
the ABL height using SODAR data. Being based on sonic principles, the range of SODARs
is limited to a few hundred meters extending a maximum up to 1000 m based on the power
and frequency of the emitted pulse. The observer needs to broadly classify the data into two
categories namely: inversion-time and convection-time. The other classifications of ABL
structure are fog-layer, rising-layer, multi-layer, etc. and each classified structure demands a
different approach for the ABL height estimation. The details of structures are mentioned in
chapter 5. The ABL height has been directly picked up from the echogram by using
visualization, apart from the convection period. During the convection period, when thermal
plumes can be seen on the echogram, which gave an underestimated value unless. They were
covered by a low-level elevated shear echo layer [2-3, 212]. So, the actual ABL height can be

determined by using an empirical formula [212].
y = 4.24x + 95 (3.9)

where y is the calculated ABL height and x is the observed thermal plumes height in the
echogram. This formula was determined by comparing Sodar data with Radiosonde data
[228].

Fig. 3.9. shows the stable and unstable conditions for the atmosphere on the echogram. These
conditions were the manifestation of thermal inhomogeneities within the lower atmosphere

caused by diverse meteorological phenomena.
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Monostatic SODAR has operated in Delhi for a few months, during the day and at night,
under different atmospheric conditions. It is seen that stable and unstable conditions can be
easily determined and classified on the echograms, together with various types of
perturbations and Kelvin-Helmholtz blows. The echograms have studied details with the
application of software resolution. These structures are caused by various meteorological
phenomena and are the appearance of thermal inhomogeneities within the low atmosphere.
The diurnal variation and varied architectures of the ABL with variations in wind direction,
wind speed, relative humidity, and temperature are shown in Fig. 3.10. SODAR echogram for
the 17" October 2019, from 0000 - 2359 IST. The principal regime is a “classical” twenty-
four-hour pattern with two transition phases of around 0700 — 1000 IST and 1600 — 1800 IST,
alternating between stable (inversion in the evening and night, 1900 — 0900 IST) and unstable
(convection in the daytime, 0900 — 1700 IST) stratification. Local circulation is unclear in this
case; the wind pattern is described as a land breeze with a direction of 150 - 250 degrees.
Temperature and relative humidity diurnal patterns are typical of fair-weather circumstances.
Wind speed increases monotonously with elevation in the inversion layer, reaching an
extreme at the top of the inversion layer. Due to the disintegration of the stratified echo layer,
the wind speed and direction change between 0430 - 0630 IST. The ABL varied constantly

throughout the day, as evidenced by these structures.

SODAR is a remote acoustic sensor system for ABL research. SODAR system is
provided the result in real-time and spatial echograms and this echogram
pictorial view of ABL dynamics. These are used to infer the weather conditions of
ABL by visually examining and analysing Delhi's particular air pollution
characteristics. The systematic development and improvement of the monostatic
SODAR system with vertical points have been described. This development affects
the data that have been observed and data will be more accurate with calibration
and testing of equipment and material. The most important needs in any SODAR
system are a transmission system to illuminate the highly directed signal in the
turbulent area and a sensitive receiving signal to detect an air-scattered signal
from the air.
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Chapter 4
Design of Acoustic Antenna

This chapter details the acoustic antenna's design. The first section describes the
details of the acoustic parabolic dish; the second section describes the aluminium
composite plate and its acoustic features and the third section describes the
construction of acoustic blasts. Parabolic acoustic dish, the calibration, and testing
used for the monostatic SODAR were described in section 4.1. Sections 4.2 and
4.3 of the design and development of acoustic distortions were presented in the
following section of the chapter.

4.1. Parabolic Acoustics Dish

A method using a theoretical antenna directivity pattern, together with measurements of
transduction characteristics of the acoustic transducer was used for SODAR Antenna
calibration. Theoretically (eq. 4.1) and experimentally determined directivities of the
acoustic transducer, one from Russian Academy of Science, Moscow (LATAN-1) and
other from CSIR- NPL, New Delhi have been compared. The output efficiency, the input
efficiency and the directivity distribution for the transducer-horn assembly belonging to
the LATAN-1 and CSIR - NPL SODAR were measured at working frequencies of 2.0
KHz and 2:2 KHz respectively in the anechoic chambers of the respective laboratories.
The theoretical behaviour of directivity distribution was also computed and the two
directivity behaviours were plotted. It may be seen from Fig. 4.1. that the two theoretical
and experimental curves coincide rather satisfactorily within 20 % of their values within
the angles at which the paraboloids of the two SODARSs are seen from their respective
foci. With a view to illustrating the values of correction, the measured and corrected data
were represented for the CSIR-NPL SODAR transducer in Table 4.1 [136].

Table 4.1. Measured and corrected data for directivity determination of the NPL SODAR
source

Measured angle On Q° 10° | 20° | 30° | 40° | 50° | 60° | 70Q°
Distance d from horn aperture | 0.80 | 0.80 | 0.81 | 0.83 | 0.86 | 0.88 | 0.92 | 0.95
to microphone (m)

Distance variation correction 0 0 01 /032|065 | 0.87 | 1.30 | 1.65

2010g(d/0.8)
Real angle 6h 0° [125°| 25° | 37° | 48° | 60° | 70° | 78°
Measured level, dB 0 -03 1-18|-40]| -6.5 | -105| -125 | -16.0
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1+cos(60p)

Dn(6r) = KRy, sin(6p)

J1(kRy, sin(6y)) (4.1)

where J is the Bessel function, and Ry is horn aperture

(1) NPL Scodar, measured and corrected
(2) NPL Sodar, theoretical
.LATAN—I .theoreticat

Figure 4.1. The comparison of the theoretical and the real directivity diagrams of loudspeaker
units with horns [136]

Danilov et al. [136] computed the directivity behaviour, for the sodar LATAN-1 an
exponential horn was used with Ry = 0.085 m which at a working frequency of 2 kHz gives
kRn = 3.14. The horn used for the NPL sodar is also exponential and has Ry = 0.075 m, which
at a working frequency of 2.2 kHz gives kRn = 3.04. The angles at which the apertures of the
reflecting paraboloids are seen from their respective foci are 61° for LATAN-1 and 67.5° for
the NPL SODAR.
It may be noted that the output efficiencies and the parameters, kRn and b, for the two sodars
are more or less the same. It may also be noted that the numerical coefficient in eq. 4.2.:

K = 25mb*(kR)?(kR,)™* (4.2)
is constant for a given device. For LATAN-I it has been computed and found to be K = 10.7.
The acoustic dish was designed and fabricated to study the lower atmosphere. The fibre
parabolic dish was designed with an aperture diameter of 1.2 m, depth of dish 0.22 m for the
acoustic antenna. A commercial driver unit (60 watts RMS/90 watts maximum) was fitted
with a fibre exponential horn on a tripod stand at the focus of the dish with a height of 0.60 m
from its apex. Fig. 4.2 shows the whole combined dish, horn, and driver unit. The directional
response of this antenna system at frequencies of 1000 Hz, 2000 Hz, and 2500 Hz was
provided in Fig. 4.3 It represented that the ninety-degree side lobe suppression is around 15
dB, 20 dB, and 25 dB at 1000 Hz, 2000 Hz, and 2500 Hz respectively. The main lobe was a

width of + 12° at 1000 Hz. The maximum impulse output was measured without the dish 110
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dB for an input of 60 W, and with the dish, it increased to 136 dB at 1000 Hz using a standard
sound source. The receiving sensitivity of the system was 12.5 mv/pbar under free field
conditions.

The characteristics of the parabolic dish shown in a receiving transducer with a B&K pre-
polarized free-field % microphone type 4189 of open-circuit sensitivity -26.9 dB (1V/Pa)
with 0.2 dB uncertainty (95 % confidence level) fixed at its focus. It was observed that the
gain in the received signal due to the paraboloid reflecting surface is of the order of 25 dB
(approximate). The received signal was reduced by 10 dB in case the sounding source moves
by an angle of + 20° on either side of the axial line of the paraboloid surface and 25 dB side-
lobe rejections at 90°. Calculations were made [3] to determine the receiving and transmitting
power efficiencies of the antenna transducer. It was found that receiving and transmitting

efficiencies were determined as 21.3% and 29%, respectively.

I Hernisphere
/ STUCTTe
Transducer

Figure 4.2. Transducer testing in anechoic chamber
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Figure 4.3. Transducer response in transmitting mode

4.2. Aluminium Composite Panel and their Acoustical Characteristics

The Aluminium Composite Panel (ACP) was a sandwich panel made up of two aluminium
sheets connected to a core [213]. A low-density core was put between two rather thin skin
layers of aluminium in Fig. 4.4. To display fire-retardant qualities, the core was generally
made of polyethene (PE) or polyurethane (PU), or a combination of low-density polyethene
and mineral material [214]. With this sandwich configuration, high mechanical performance
was achieved while reducing weight. For all this type of panel, external cladding or facades,
isolation, and board markings were common. It offers flexibility, low weight, and easy to
form and manufacture qualities, which make new designs more rigid and durable. It also

offered low cost, long life, and efficiency.

Laver 1 Aluminium Sheet

Laver 2 Core

Laver 3 Aluminium Sheet

Figure 4.4. Aluminium composite panel
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Two types of testing were performed for the selection of acoustic antenna baffles material,
i.e., sound transmission loss and sound absorption. During its first phase of the study, several
types of ACP sheets in the reverberation chamber for the frequency range between 100 and
4000 Hz were examined for their sound transmission loss properties. Sound transmission loss
(eq. 4.3) was calculated for several ACP sheets by the Sound Transmission Coefficient
(STC). STC [127] was a way for evaluating different wall, ceiling, floor, door, and window
assemblies. It was calculated using transmission loss values measured at 16 standard
frequencies ranging from 125 to 4000 Hz. The sound transmission loss of sound-insulating
material was determined in the laboratory by measuring the one-third octave band levels Ls

and L, at the source and receiver chambers, as well as the reverberation time T of the latter.

T+A
0.161xV

L=L,—L,+10In (4.3)

where, L is sound transmission loss (dB), A is the area of the sample (m?), V is a volume of
the receiver chamber (m?).

Figure 4.5. Testing in a reverberation chamber (a) NRC testing of ACP sheet, (b) NRC
testing of combined ACP sheet and acoustic foam, (c) STC testing of ACP
Sheet, and (d) STC testing of acoustic foam
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To calculate STC (Fig.4.5), the sample size is 0.63 x 0.93 x 0.002 m?, with a working
standard microphone (associated uncertainty + 0.2 dB, traceable to national standards). As
per requirement [127-133], the acoustical material was tested for its airborne sound insulation
by using two reverberation chambers under existing environmental conditions. The sample
was fixed in the standard opening window between the two chambers. The volume of the
source room was 257 m®, and that of the receiving room was 271 m®. Adequate diffusion was
excited in both chambers. The airborne sound insulation index was calculated by measuring
the average sound pressure levels created in the source and receiver rooms using filtered
noise in the 1/3 — octave band, as shown in Table 4.2. The measured uncertainty was 1.0 dB,
which translates to a coverage probability of about 95% for a normal distribution with a

coverage factor of 2.

Table 4.2. Transmission loss (Frequency response) of ACP sheet

Frequency Ls Lr STL

100 99.3 73.5 13

125 104.4 78.1 15

160 107.2 74.6 19

200 107.4 74.2 20

250 105.3 70.9 20

315 103.6 65.7 24

400 104.4 63.6 28 S
500 103.4 57.8 33 1
630 102.2 53.9 35 l‘;’
800 101.3 49.3 39 n
1000 99.7 46.9 40

1250 100.8 44.5 43

1600 101.3 42.5 45

2000 99.2 37.5 47

2500 100.1 35.6 50

3150 96.6 30.3 51
4000 94.2 28.6 50

The sound absorption properties of the panel and acoustic foam were tested according to
requirements in the second step. Noise Reduction Coefficient (NRC) was computed for the
sound-absorbent medium (acoustic foam) using a specified ACP sheet for sound absorption
(eq. 4.4). The NRC was a scalar representation of how much sound energy was absorbed
when it hits a specific surface. Perfect reflection was indicated by an NRC of 0; great
absorption was indicated by an NRC of 1. The absorption coefficients for a certain material
and mounting situation were computed (eq. 4.5) for the one-octave band centre frequencies of

250, 500, 1000, and 2000 Hz using the arithmetic average. In the reverberation rooms of
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competent acoustical laboratory test facilities, absorption coefficients were employed to
calculate NRC. The sound absorption of sound-absorbing materials was tested in the

laboratory using one-octave band levels.

55.3*V [1 1]

s+(33140.6+t) LT, T, (4.4)

Sound Absorption,a = —
T, Te

where V is the volume of the room (m?®), s is test sample area (m?), t is Temperature of Room
(°C), Ts is Reverberation time with Sample (s), Te is Reverberation Time without Sample i.e.,
Empty Room (s),

a +a +a +a
NRC — 250 500 ? 1000 2000 (45)

To test the NRC (Fig. 4.5), acoustical material was tested in the reverberation chamber under
existing environmental conditions [127-133]. The sample was fixed on the surface of the
chamber with a rigid backing to get an exposed sample area of 12 m? and the chamber’s
volume was 257 m®. A loudspeaker with uniform spherical radiation was used as the source
of sound suspended at a height of 2.5 m above the floor in one corner and the microphone
was kept at different locations near the other corners of the chamber at least 1 m away from
any surface. The measurements were made by using 1/3-octave bands of random noise and
several decay rates were measured. The sound absorption coefficient was calculated as shown
in Table 4.3. The estimated measurement uncertainty was 5%, which corresponds to a

coverage probability of about 95% for a normal distribution with a coverage factor of 2.

Table 4.3: Absorption of ACP sheet with acoustic foam

Frequency Te Ts Absorption
100 7.2 4.47 0.32
125 7.52 4.75 0.29
160 7.78 3.41 0.63
200 7.21 2.74 0.86
250 6.17 2.48 0.92
315 5.77 217 1.09
400 5.88 2.2 1.08 &
500 6.00 2.27 1.04 <
630 6.04 2.24 1.07 3)
800 5.52 2.28 0.98 x
1000 5.37 2.26 0.97
1250 4.7 212 0.98
1600 4.4 2.04 1.00
2000 3.96 1.93 1.01
2500 3.54 1.81 1.02
3150 3.05 1.63 1.08
4000 2.6 1.51 1.05
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The NRC was used to grade acoustic ceilings for their overall acoustic qualities, banners,
screens, and acoustic wall panels. Normally higher STC and NRC were preferable, although
this was not always the case with a low-frequency problem. The material was used mostly at
a higher frequency and the use of high STC and NRC values was necessary.

Table 4.4 shows STC and NRC of four different company’s ACP sheets vary from 31- 34 and
0.04-0.07, respectively. When the combination of ACP sheet and acoustic foam was tested
for STC (34) and NRC (0.98), it was found that by adding acoustic foam STC of the ACP
sheet didn’t change but NRC was improving. This combination was suitable for the SODAR
antenna baffle.

Table 4.4, Different ACP sheet STC and NRC

Sample No. STC NRC

ACP 1 31 0.04

ACP 2 34 0.04

ACP 3 31 0.07

ACP 4 32 0.05

ACP 2 + Acoustic Foam 34 0.98

4.3. Design of Acoustic Baffles

The SODAR system was classified into three categories based on antenna design: monostatic,
bistatic, and tri-axis [1-2]. For the reduction of atmospheric noise, all types of antennas
required acoustic baffles or shields around the antenna [3-4]. Reflections of the sound pulse
from non-atmospheric substances (“fixed echoes” or “clutter”’) and environmental noise from
vehicles, birds, construction, animals, and other sources that reach the SODAR antenna were
principal non-random noise sources for a SODAR. The noise sources were greatly reduced by
installing an acoustic baffle to the SODAR dish and transducer. It is fascinating to consider
how low the sound intensity should reflect a perfect mirror to ensure that the turbulence
signal does not interfere. It did not prove useful, even though commercial SODARS were
provided with no acoustic baffle. The baffle should be designed to absorb noise (at a
minimum absorption/transmission of 30dB) rather than soften it [26, 28]. The optimal baffle
material should provide a non-reflective, absorbing, and non-transmitting shield [3]. The
most frequent materials were fibreglass or marine plywood with acoustic foam on the
interior. Some acoustic barriers were a thin lead sheet bonded to the fibreglass or wood base.
This type of construction was usually enough to keep any major sound energy out of the
acoustic baffle walls.

The SODAR dish's acoustic baffle was a hexagonal or cylindrical frustum [3]. Maximum

baffles were straight edges, unlike some previous SODARSs that featured horn-shaped baffles

44



with the highest softened away from the SODAR perpendicular axis. The employment of
horns to send a few small speaker drivers into the environment was most likely the basis for
this design. The application varied from speaker horns in that the scales were much greater
than a wavelength and there was no acoustic impedance matching [7]. In monostatic
SODAR, the acoustic baffle must have a larger range of departure to accommodate slanted
beams that do not cross the baffle borders excessively. The topmost rim of the baffle was the
nearby field of the SODAR beam. On the other hand, complete estimations were proven that
far-field predictions were typically enough to improve a design [29]. The real issue with
recording appropriate data at a lower altitude was the antenna and baffle shielding which can
"ring" for a long period after the transmit pulse. It's not just the time it took for the sound to
travel along with the baffle and back to the speakers, e.g, a typical speed in a complex
wooden baffle might be around 103 m.s, but for a length of 2 m, this would only give an
arrival time of 4 x 103 s [2], which was the best configuration's attempt to dampen any
reverberations. It was achieved with "soft" substances for the acoustic baffle. Furthermore,
reverberation issues were likely to cause data from the previous 6 - 10 x 107 s to be skewed
[15].

A hexagonal frustum shape baffle with 1.98 m high walls and a 2.13 m diameter was erected
around the horn reflector antenna. Each plank of the hexagon used a plain ACP sheet (1.21 x
2.13 m?) on the outer side and the inner side fixed with acoustic foam (density 40 kg m;
thickness 0.10 m). A hexagonal-shaped structure with its wall sloping slightly outwards
(angle of the slope 9° with the vertical) was constructed to work as a baffle. The horn
reflector antenna was placed at the centre of this baffle. It was an inside base diameter of 1.53
m to fit the antenna and a 2.13 m diameter at the top. The height of assembly was determined
by the size of panels and the slope by diameter on the parabolic dish, which was 1.28 m.
However, it was found that this baffle was very useful and hardly raised any ringing effects.
Fig. 4.6. shows the testing of acoustic baffles with a dish in the reverberation chamber. The
whole combined system was tested in the reverberation chamber, and the noise level was
found to be reduced by 32+2 dB. The baffle was tested in an open atmosphere. In comparison

to the measuring inside the baffle, an ambient noise level of 27+2 dB was reduced.
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Figure 4.6. SODAR baffle testing in a reverberation chamber

In the last 4 decades, monostatic SODAR was operating under varying atmospheric
conditions for 24 hours [212-213], now a new SODAR system was developed using new
acoustical baffles (with ACP sheet). Previously, it was found that SODAR operated on
acoustic waves in the presence of high ambient noise from cars, birds, and other sources. This
noise combined with poor SODAR signals created a major data processing issue. To insulate
the antenna from ambient noise, effective acoustical fibre-based baffles (STC - 35 with 13
mm thickness) were traditionally utilised. Fibre-based baffles were bulky, less precise,
heavier, more expensive, and so on. Nowadays, the SODAR antenna was installed on the
building floor, therefore a lightweight acoustic baffle with high precision and cheaper were
required. The ACP sheet-based baffles were more suited for the SODAR system. Its
operation was carried out continuously for monitoring of ABL height with the new acoustical

antenna.

The new design offered economic development of SODAR and a high-precision,
lightweight acoustic baffle. In the reverberation chamber, acoustic
characteristics (STC = 34 and NRC = 0.98) were calculated. The ACP foam sheet
was the most appropriate acoustic baffles to design the acoustic antenna.
Acoustic pressures of up to 138 dB can be radiated to a narrow atmospheric
beam. The new acoustic disturbances remove the noise of 27+2 dB from open
spaces. The merits of the new antenna are ideal for the mobile use of SODAR at
various sites and field tests.
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Chapter 5
Computational Techniques Based SODAR Structure Classification

The first part presents the SODAR image classification model using machine

learning; the second part presents the results and model discussions. Section 5.1

describes the data collection, statistical extraction of features, selection methods

of features, and classifiers for the structure classification model. Section 5.2

presents the results along with a discussion on the performance of the models.
5.1. SODAR Echograms Image Classification Model using Machine Learning
In Chapter 3, the presence of various structures, such as thermal plumes, inversion layers,
gravity waves, fronts, etc., could be detected through a monostatic SODAR. These structures
have been shown to have certain periodic variations with a particular phenomenon with each
structure. Echogram obtained for 1 year to examine the various types of structure and
associated phenomena from December 2013 to November 2014. It was systematically
analysed in terms of their structural detail’s diurnal and seasonal variations. The purpose of
this section was to compare the different ABL structure recognition machine learning models
using SODAR echograms and to remove noisy SODAR echograms data. The work involved
algorithms that were based on fractal features, image processing, and pattern recognition
techniques [214-215], or neural network-based real-time system classification was employed
to classify SODAR structures [106]. Moreover, a wide range of machine-learning techniques
was explored during the current work, based on their existence prediction for their predictive
performance for the classification of the SODAR structure to define the various types of
structures. This word helped to identify the appropriate machine learning algorithms for
structural prediction studies based on SODAR echograms to enhance the cost and time

efficiency of ABL studies.

5.1.1. Data collection and SODAR echogram
Five thousand eight hundred fifty (one-year dataset, the year 2014) SODAR echograms were

observed for various seasons and classified into different structures. Only clear structure
echograms were considered for investigation (1698 echograms). They were divided into two
classes, i.e., convective boundary layer (basically present in the daytime) and stable boundary
layer (mostly in the nighttime). Further, structures were divided into a different category (12
Classes) according to their structure and characteristics as shown in Table 5.1 [4, 35, 58, 106-
110, 151, 214-216]. Fig. 5.1. shows a pie chart for different ABL structures under SODAR

echograms.
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Table 5.1. Description of SODAR structure and class numbers

Class | Description of SODAR Structure
1 | Inversion with force convection
2 | Inversion with a tall spike
3 | Inversion with a single elevated layer
4 | Inversion with two elevated layers
5 | Inversion with wave motion
6 | Inversion with one or two elevated

layers in motion

7 | Inversion with a small spike
8 | Stratified layer
9 | Diffuse thermal plumes
10 | Thermal plumes with normal days
11| Thermal plumes with a foggy layer
12 | Transition structure

205 4% 3% gop = Class 1

= Class 2

0% Class 3

27% 5% Class 4
5% = Class 5

= Class 6

m Class 7
= Class 8
= Class 9
= Class 10
= Class 11
37% = Class 12

1%

Figure 5.1. Percentage distribution of SODAR echograms into 12 classes

To study the relative occurrence for their distribution observations is provided in Fig. 5.1. It
shows that in many ways these structures existed. Structures of investment seem to dominate
other structures. 66% of the total time followed by convective feathers occurred 34% of the
time. Further analysis of the structure of the layer shows that the structure is stable most of
the time (55 %).

A unique convection layer structure or thermal plumes emphasised the unstable daytime
conditions that change their form after the evening begins. [1, 158]. The plumes started
forming early in the morning when the surface inversion dissipated. With more and more heat
input to the ground, the intensity of the phenomena increased and was reflected on the

SODAR echograms in the form of taller plumes. The height of plumes and the amount of
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dispersion depended on the different weather conditions. The nature of the inversion layer in
the night depends on the daytime rising layer and convection height [217].

The thermal plumes with the high spikes shown during the day are shown in Fig. 5.2 (a), The
high temperatures (or solar radiation) in May were more common as high solar radiation
revealed the height of thermal plumes in these structures (470-625 m). In this period, ABL
height was increased because dispersion areas of pollutants were more [111, 146]. As a
result, this condition was more favourable for the industry and human beings due to the high
dispersion of pollutants [151]. Fig. 5.2. (b-d) displayed the thermal plume with spikes (less
than 400 m) which was observed during the daytime of the winter season and these types of

structures were observed in December and January.

Figure 5.2. Different structure of ABL (a) Thermal plume long; (b) Thermal plume during
Rainy Day; (c) Thermal plume during Before Rainy Day; (d) Thermal plume
during winter; () Thermal plume with Foggy; (f) Rising layer during Winter
Season; (g) Inversion with long Spikes; (h) Winter Inversion; (i) Inversion with
one or two elevated layers in motion; (j) Inversion with wave motion; (k)
Inversion with Fog; (1) Multilayer

A characteristic feature in the night-time stable conditions was the inversion layer structure.

The morning after sunrise, it disintegrated due to the solar heating of the soil, and the
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temperature profile was altered. After sunrise, the time needs to be split from day to day and
season, depending on the cloud cover, the strength of the night-time inversion, the flow of the
sun, and the high structure and fog layers. Fig. 5.2. (e-l) displayed the multilayer and
inversion structures observed during the nighttime. Fig. 5.2. (g, 1) commonly observed in
May, due to more variation in temperature, wind speed, wind direction, and relative humidity
[158]. This was a stable class and unfavourable condition for the industry and human beings
[151]. The height of the inversion layer was generally in the range of 100-500 m.

Fig. 5.2. (j) shows another wave structure of ABL, which was found and grouped specifically
on the SODAR echograms. They were observed in the April, May, and June months, i.e., in
the pre-monsoon season. This kind of structure was essential to move waves and shapes
because of the high wind speed and the change in direction [1].

The structure of the inversion layer was characterised by nighttime conditions stable, which
spread after sunrise in the morning, and the temperature profile changes shape. The
dispersion and formation of the rising layer depend on inversion height and structure. The
night-time inversion showed its essence as the rising layer ranged to the most extreme height,
which subsequently disappeared. The structure of this type was not seen daily in the morning,
and the inversion layer changes to the structure of the feather. Also, during rainy spells and
cloudy days, the inversion layer didn’t change the rising layer, resulting in less rising layer
formation in the monsoon season.

The image classification model of SODAR echograms was used for removing suitable
features from different ABL structure types to extract the selected characteristics. For
echograms in the current work image classification, the following measures were taken (Fig.
5.3)

5.1.2. Statistical features extraction

In the investigation of different structures of ABL, a total of 133 SODAR structural
properties were calculated. These features were divided into three groups: vertical direction,
vertical transition calculation, and horizontal direction calculation [110]. The mean,
maximum, and standard deviation from the SODAR echograms are included in those feature
sets. Echogram’s intensity-based features estimated the statistics of the intensity graph,
whereas shape features (Table 5.2.) described the structure of the ABL [107, 109].
Considering a SODAR echograms image segment of size 640 x 560, MATLAB 2017a was

used for image analysis. SODAR structure features were automatically extracted by
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developing structure image analysis software and MATLAB for the pre-processing of ABL

images [108-109].

Collection and Selection of Data from
SODAR system

|

Image Generation

l Feature

Feature Calculation
Pattern Identification and Interpretation

I Computation along the
vertical direction

2 Vertical transition
computation

3 Computation along the
horizontal direction

Machine Learning Analysis

!

4< Feature Vector >7

Training Testing

Feature Selection Classifier
Method
| Bagged Tree
| Laplacian Feature Classification 2 Boosted Tree
3 Relief Selection Techniques 3 Cubic KNN
3 Mutinffs 4 cubic SVM
4 Fisher 5 Weighted KNN
5 Unsupervised ! 6 Quadratic SVM
Discriminative et Rt B Lo 7 Subspace KNN
Laplacian feature selection method 8 Medium Tree

with Boosted Tree classifier
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Figure 5.3. General flow chart of SODAR echogram-based classification model

Table 5.2. Statistical feature formula

Feature Formula
. 1
The average of the i" row, y; = o o4 a;;
i=12,........550
550
1
mean, Ymean = ﬁz Vi
—

: : — My 550
Vertical maximum, Ypyq, = Max;2{{y;}

Feature computation along a vertical
direction 640

1
Oper = ﬁZ(Yi — Ymean)*
l=

. _ 1 50k
ke vertical average, ygyg, = 521=1+50(k+1) Vi

fork=1,2, .......... 11
10 2
= Y0 (1-H2) + Y KO (1K)
Vertical transition computation of r i=1 i=11
(in percentage) r
hl(r) — {1' Yavg = 100 * Ymax}
0, otherwise
The average of the j column, x; = %Z?i({ ajj
j=12, . ......640
640

1
mean, Xpmean = mZ X
i=1
640

. Horizontal maximum, x = Max;>7{x;
Feature = computation along a max i=1 (%1

horizontal direction L 550
Ohor = %Z(xi — Xmean)?
i=1
1 50k

ki horizontal average, x4, = 50 2i=1+50(k+1) Xi

5.1.3. Feature selection methods

The analysis was carried out using five feature selection approaches, i.e., Laplacian, Relief,
Mutinffs, Fisher, and Unsupervised Discriminative feature selection (UDFS) [218-219].
These methods score the features using a scoring criterion, were chosen because of their

prevalence in the literature, simplicity, and computing efficiency [220-221].
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5.1.4. Classifiers

The classification was viewed as a supervised learning challenge of inferring a function from
labelled training data in machine learning [218]. The classification algorithm (classifier)
examined the training data and derives a hypothesis (function) that was used to predict the
labels of yet-to-be-observed observations [222]. Machine learning classifiers utilised in this
study include Bagged Tree, Boosted Tree, Cubic KNN (K-Nearest Neighbours), Cubic SVM
(Support Vector Machine), Weighted KNN, Quadratic SVM, Subspace KNN, and Medium
Tree [222-224]. The classification learner app in MATLAB 2017 was used to implement all
of the classifiers, as it provided a great interface for accessing several machine-learning
methods [224-225]. The repeated 10 folds cross-validation methodology was used to train,
test, and validate classifiers. Percentage recognition scores were compared and evaluated to

study and evaluate alternative feature selection and categorization approaches.

5.2. Results and Discussions

SODAR was utilised successfully for microclimate research and a comprehensive approach
to the weather classification of contaminants concentration in the main metropolis.
Convection and inversion heights were significant indicators for controlling and predicting
air pollution [4]. The code for the SODAR echogram provides a wonderful possibility of
gaining climate data and an image of the geographical distribution of ABL characteristics in
real-time. Many research has been undertaken to predict ABL and categorization of structure
[107, 109]. It was critical to assess and compare alternative feature selection approaches for
classification analysis to successfully implement ABL prediction analysis based on the
SODAR echogram. Five feature selection and eight classification methods were used. To
minimise over-fitting, these strategies were chosen based on prior studies [109-110, 214-215,
218, 220-221, 224, 226-231].

For identifying the different forms of SODAR echograms, Chandara et al. [109] used a neural
network design that combined multilayer perceptron and graph matching techniques.
Choudhury and Mitra [106, 108] described a multilayer perceptron-based model for
classifying various SODAR signals. This reduced the dependence on human professionals in
the identifiable proof procedure. A new classifier was presented to compare classifiers from
the same family while other classifier families were missing [222]. The proposed classifier
will be favoured if the new classifier is used to compare different families and developed
using simple tools for a limited parameter with a reference classifier. All (eight) of the

classification were classified with the classification application (MATLAB 2018 Classifier

53



Learner App). The classifier parameter has been selected from the literature. Furthermore, the
parameters of this study have only been changed by ten cross-validations of training data.
The work has been developed to test several classifications and selections of features for the
SODAR echogram.

To examine machine learning methodologies for SODAR echogram and to find out the
distinct structures existing in the ABL, a total of 133 statistical features were derived from a
distinct structure of the pre-treatment SODAR echogram images of the Delhi region. SODAR
echogram pictures were used for feature selection, classification training, and testing (10 -
cross-validation). The classification accuracies were used to evaluate the predicted

performance of various feature selection and classification approaches.

Table 5.3. Classifier accuracy (in Percentage %)

Bagged | Boosted | Cubic | Cubic | Weighted | Quadratic | Subspace | Medium
Tree Tree KNN SVM KNN SVM KNN Tree
» 1 47.82 54.34 33.3 21 22.22 33.33 26.67 44.44
é 2 49.35 66.02 36.53 46 33.97 67.3 39.74 37.17
E 3 46.83 44.3 40.5 31 27.84 40.5 34.17 50.63
2 5 43.75 51.25 23.75 38 28.75 30 28.75 425
O 6 25 38.95 35.59 35 35.59 42.37 20.33 35.59
< 7 32.91 84 45.61 68.96 77.27 76.33 61.28 77.42
g 8 42.64 44,11 44.77 26.87 32.83 34.32 32.83 46.26
n 9 50 25 25 25 35 25 40 40
% 10 67.54 80.57 57.39 46.13 56.29 64.01 42.16 76.37
§ 11 40.62 375 25 21.87 21.87 375 34.37 40.62
12 41.79 46.26 32.83 29.98 38.8 44.77 17.91 46.26
OverAll | 4438 | 5202 | 3638 | 3543 | 3731 45.03 34.38 48.84

Table 5.3 showed the accuracy of the grading for the eight classifiers. In the overall boosted
tree classification, the higher detection percentage (accuracy) was 52,02%. However, the
accuracy of each classification ranged from 20% to 85%. In the increased tree classification,
the results showed the highest prediction performance. Improved tree classification methods
have been assessed for the prediction performance of several feature selection strategies.

The performance of feature selection and the boosted tree classification approach utilised 5,
10, 20, 30, and 50 features, which were the top-ranked features as a consequence of feature
selection, is shown in Tables 5.4, 5.5, 5.6, and 5.7. Because the Mutinffs and Fisher
procedures produced identical results, only the Fisher method was displayed above. With 30
(thirty) features, the Laplacian feature selection approach was the best predictive performance
(61.15 %), while the UDFS approach was the least predictive performance (46.04 %).
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Table 5.4. Classifier accuracy with Fisher selection method (In %)

Number of features
5 10 | 20 | 30 | 50
1 62.22 | 66.66 | 51.11 | 44.44 | 42.64
2 58.33 | 58.33 | 60.89 | 58.97 | 54.82
2 3 [49.36 | 4556 | 481 | 44.3 | 431
© 5 38.75 | 43.75 | 38.75 | 425 | 365
§§ 6 3559 | 38.98 | 50.84 | 44.06 | 40.1
EE 7 83.07 | 83.38 | 91.69 | 83.07 | 80.45
v Z 8 4328 | 3432 | 47.76 | 38.8 | 36.67
< 9 45 | 50 | 50 | 50 | 50
Q 10 | 78.14 | 83.88 | 84.54 | 84.32 | 81.78
11 | 56.25 | 625 |53.12 | 625 | 60.32
12 | 44.77 | 55.22 | 44.77 | 49.25 | 452
Over all 54.06 | 56.59 | 56.50 | 54.74 | 54.74

Table 5.5. Classifier accuracy with Laplacian selection method (in %o)

Number of features

5 10 20 30 50
66.67 | 48.87 | 64.44 | 66.67 | 55.55
57.68 | 64.1 | 60.89 | 60.89 | 62.17
48.1 | 53.16 | 45.56 | 50.63 | 54.43
375 | 48.75 | 51.25 | 48.75 | 43.75
38.98 | 50.84 | 50.84 | 59.32 | 50.84
88.08 | 88.08 | 89.96 | 87.46 | 85.1
4478 | 59.7 | 49.25 | 59.7 | 44.78

50 50 50 50 50
86.31 | 86.75 | 87.19 | 87.19 | 80.13
31.25 | 59.37 | 59.37 | 46.87 | 34.37
12 4478 | 52.23 | 52.23 | 55.22 | 49.25
Overall 54.01 | 60.16 | 60.08 | 61.15 | 55.48

Table 5.6. Classifier accuracy with relief selection method (in %)

SODAR Structure Class
Numbers
RIB|lo|o(~N|o|o|w |-

Number of features

5 10 20 30 50
1 43.47 | 55.55 | 48.89 | 54.34 | 43.47
- 2 58.33 | 58.97 | 63.46 | 62.82 | 58.97
g 3 48.1 | 44.3 | 4556 | 46.83 | 45.56
® 5 50 45 | 4875 | 45 | 46.25
2 é 6 50.84 | 49.15 | 52.54 | 42.37 | 35.59
== 7 85.57 | 88.08 | 88.75 | 82.75 | 80.4
o > 8 52.23 | 56.71 | 47.76 | 40.29 | 31.34

< 9 40 45 50 50 40
o) 10 83.44 | 84.98 | 86.31 | 83.88 | 76.37

@ 11 62.5 | 62.5 | 59.37 | 46.87 | 50
12 52.23 | 41.79 | 56.71 | 52.23 | 40.29
Overall 56.97 | 57.45 | 58.91 | 55.21 | 49.84
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Table 5.7. Classifier accuracy with UDFS selection method (in %0)

Number of features

5 10 20 30 50
43.47 | 54.34 | 47.82 | 43.47 | 36.95
53.84 | 57.65 | 52.56 | 54.48 | 53.2
50.63 | 37.97 | 50.63 | 44.3 | 48.1
325 | 3125 | 375 | 38.75 | 38.75
3559 | 322 | 305 | 32.2 | 37.28
81.97 | 82.13 | 815 | 78.36 | 78.52
31.34 | 44,77 | 43.28 | 46.26 | 44.77

35 35 40 35 35
75.93 | 76.82 | 79.24 | 74.39 | 77.48
40.62 | 43.75 | 34.37 25 34.37
12 35.82 | 37.31 | 37.31 | 34.32 | 35.82
Overall 46.97 | 48.47 | 48.61 | 46.04 | 47.29

SODAR Structure Class
Numbers
RIB|lo|o|~N|o|uo|w|(N |-

The primary objective of experimenting with different approaches to select and classify
features was to select the best method for selecting features and classifying them for the
given data set. Based on the precision of each function selection method, the top 50 features
were chosen. These functions are used for the preparation and prediction of classes with test
data, as shown in Table 5.4, 5.5, 5.6, and 5.7. Accuracy was measured to assess the
performance of the classifiers. The classifier performance was generalised with a 10-fold
cross-validation methodology. Detailed feature selection comparisons and analysis (number
of features five, ten, twenty, thirty, and fifty) revealed that the number of features increases
above twenty, and therefore the model has taken a long time, giving less precision. This time
was exponentially growing, which meant that the iteration had to be completed and a full
model was executed. Accuracy and iteration time was critical metrics in the performance

evaluation of each classification.
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Table 5.8. Monthly predictive performance

Months
January | February | March | April May June July | August | September | October | November | December
1 62.5 33.33 NA 25 0 23 66.67 25 25 NA 33.33 0
2 45.45 0 12.5 33.33 | 21.05 | 10.25 0 0 58.33 NA 40 51.72
c_%é 3 66.67 NA 50 NA 0 28.57 40 33.33 50 50 38.89 58.82
% 5 50 38.46 NA 25 40.74 40 33.3 | 11.11 0 NA 33.33 33.33
% é 6 66.67 0 0 46.67 | 375 | 46.15 0 50 33.3 NA 33.33 57.14
% E 7 76.62 71.42 80.95 | 48.78 | 42.85 | 48.07 | 81.18 | 57.3 65.38 88.63 63.63 59.03
x Z 8 40 40 50 375 | 33.33 50 40 40 33.33 NA 100 0
5‘ 9 33.33 50 50 NA 100 33.33 NA 0 0 NA NA NA
3 10 45.16 39.02 20 7297 | 7125 | 53.12 | 73.43 | 66.19 50 78.26 55.55 66.67
11 52.38 NA NA 40 0 NA NA NA 0 NA NA 55.55
12 25.92 27.27 NA NA 100 40 0 33.33 33.33 NA 0 33.33
Overall 51.34 33.28 37.64 | 41.16 | 40.61 | 37.25 | 37.17 | 31.63 31.7 72.3 44.23 41.559
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Monthly predictive performance was calculated using 20 selected features, which are 20 top-
ranked features after the best classifier and feature selection method was chosen. Table 5.8
represents monthly predictive performance. The month of October had the highest overall
accuracy (72.29 %), while August had the lowest (31.62 %). The ability to identify and
observed air structures formed by a SODAR system was entirely dependent on the system's
knowledge, experience, and competence. The data collected by SODAR technology were
useful to a selected group of individuals with previous field experience. Consequently, a
computer-based SODAR identification system that includes human know-how and expertise
requires the development of a suitable SODAR information utility and potential SODAR
monitoring. An analysis and comparison of various classification approaches for effective
implementation of functional classification analysis was a major goal of the analysis. The
highest prediction presentation was obtained using the Laplacian approach for feature
selection and a boosted tree classification with an overall performance of 61.15 % with 20

ABL structure classification features.

In this chapter, the techniques adopted provided an automated tool with machine
learning techniques to access the various ABL structures. The boosted tree
classifier method was the highest predictive performance in SODAR echogram /
ABL structure identification, which is 52 percent of eight classifications (totaling
133 features) and the highest predictive exactness along with the Laplacian
function selection method. The monthly prediction was used as the best predictive
accuracy in October (72% with a total of 20 functions) and the lowest predictive
accuracy in August (overall preformation 31 percent with 20 features).
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Chapter 6
Temporal ABL Height Prediction using Deep Learning Model

This chapter discussed the LSTM prediction model for the future use of new
SODAR data to reach the ABL height value. This work explores the seasonal and
annual variations in the ABL height. The presented work then proposed the ABL
height data neural network prediction model. For the ABL data height, the model
was evaluated using the Delhi SODAR system. A time-series comparison of
annual and seasonal changes in ABL height was also shown to measure model
performance.

6.1. Data Collection and Deep Learning Model using SODAR Data

A New SODAR system was developed and installed in CSIR-NPL, New Delhi to study the
ABL height. Based on the methodologies (section 3.6) to determine ABL height of stable and
unstable conditions and collected hourly averaged SODAR data from 1% Dec 2018 — 29 Feb
2020. In this study, the data set has a temporal value (1 hour = one value).

A Long Short-Term Memory (LSTM) network predicted the next moment state based on data
from the previous moment state [174]. Fig. 6.1 shows, the hidden unit was the most
significant difference between regular RNN and LSTM. Self-loops, which can be thought of
as several copies of the same neural network, were the hidden layer of an LSTM network,
and each neural network module transferred information to the next level. It also
compensated for RNN's inability to predict long-distance collaborations [172]. It was used to
tackle the time-series prediction problem because it was a well-known component of current
deep learning research. One input layer, one output layer, and many intermediate layers,
together known as the hidden layer, made a neural network [232]. The input of each
subsequent hidden layer was made up of the output of the input layer appearances, the input
of the first hidden layer, and the output of each hidden layer [213]. LSTM was a form of
RNN in which the normally concealed layers were replaced by LSTM cells, which were
made up of different gates that govern the input flow [166, 174]. An LSTM cell consisted of
an input gate, a cell state (which flows across the entire network and can add or remove
information using gates), a forget gate (which controls the level of cell state reset/forget), and
an output gate (control level of cell state added to hidden state). Hochreiter and Schmidhuber
[172] and Kawakami [173] had explained the architecture of the LSTM network in detail.
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Figure 6.1. Network architecture

Figure 6.2 shows a block diagram of the ABL height LSTM network prediction model's
development for training and testing. The LSTM prediction network could pass the ABL
height characteristics indefinitely, i.e., from one step to the next, and forecast the future point
from the previous point. As a result, it was able to predict the height of the ABL over time. A
series of temporal ABL heights recorded by the SODAR system served as the input data for
the LSTM prediction model.

A set of ABL height temporal series was used as the input data for the ABL height prediction
problem. As the series progresses, the hidden layer of the previous point will influence the
hidden layer of the next point. This was particularly useful for the ABL height, which had a
nonlinear link between the previous and following data. As a result, the LSTM network was
trained using Back Propagation Through Time (BPTT) and configured as a sequence-to-
sequence regression. The values changed with a particular time interval as time passed, and
there was some periodic volatility. The LSTM neural network model was found to be suitable

for the nonlinear parameter based on the preceding.
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Figure 6.2. Block diagram of the LSTM ABL height model

The first 90% of the input data was chosen as the training set, and the last 10% was chosen as
the test set, based on checking the pattern of convection and inversion period of ABL on a
temporal basis, and the following functions were chosen as performance measures of the

prediction model:

Root Mean Square Error, RMSE = \/% 2 (Predicated; — Measured;)? (6.1)
. L i 2
Relative Root Mean Square Error,rRMSE = lZﬂz (Predwated‘ Measuredl) (6.2)
n<i=1 Measured;
Mean Absolute Error, MAE = % *.|Predicated; — Measured;| (6.3)
Mean Absolute Percentage Error, MAPE = ‘2 yn  |fredicatedi-Measured; (6.4)
n Measured;
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In this research work, deep learning training was carried out using the pre-defined Deep
Learning Models included in the MATLAB R2019a software's Deep Learning toolbox. These
pre-defined networks were retrained and fine-tuned using expanded training and validation
sets with SODAR ABL height data. For a better fit and to prevent training and testing from
diverging, the data were standardised with zero mean and unit variance [233]. The "adam”
function [234] was used to optimise the networks. The architectural parameters of the LSTM

network are listed in Table 6.1.

Table 6.1. LSTM architecture parameters

Network Parameters Value
Gradient Decay Factor 0.9
Squared Gradient Decay Factor 0.9990
Initial Learn Rate 0.005
Learn rate schedule Piecewise
Learn rate drop factor 0.20
Learn rate drop period 125
Gradient Threshold Method 12norm
Gradient Threshold 1
Verbose Frequency 50
Validation Frequency 50
Shuffle once
Sequence Length Longest
State Activation Function tanh
Gate Activation Function sigmoid
Input weight initializer glorot
Recurrent weight learn initializer orthogonal
Bias Initializer Unit-forget-gate
Bias learns rate factor 1

* drop the learning rate after 125 epochs by a factor of 0.2

The performance of the prediction model was measured for the test set and used to calculate
the RMSE, rRMSE, MAE, and MAPE. The calculated error was lower than what was needed
to improve the accuracy of the prediction model [235].

The data set included approximately one year of data value. It cannot adjust the gradient and
when the whole set of data was used at every training run the network cannot converge to
optimum globally. The mini-batch sizes were chosen carefully to ensure that every training
season the entire dataset was fed through the network without losing data. The experiment for
ABL height prediction models was carried out using 3 months of data (1 April 2019 to 30
June 2019). The data available at the time was more dynamic and continuous. In addition, the
greatest change in ABL height occurred in May. This work included two types of forecasts.
Prediction-1 was used to update the network using previously predicted values as input to the

function, and Prediction-2 was used to update the network using observed values rather than
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anticipated values. When the LSTM network completed one loop, i.e. when the input ABL
height data set travelled through the network once and returned once, the process was called

an epoch.

6.2. Results

Performance evaluation of the experiment for the ABL height LSTM model was obtained for
the optimal parameters. The testing was done for two parameters, i.e., hidden neurons and
epochs with constant data set (2160 data points). To avoid overfitting, the networks were
trained using different hidden layers varying in the range (2, 5, 10, 20, 30, 50, 100, 35, 28, 32,
respectively) with different epochs (250, 500, 750). The network (32 hidden layer and 500
epoches) training progress is shown in Fig. 6.3., which provided the best result among the

combinations tried.
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Figure 6.3. Training progress with hidden layer 32 and epoch 500

The test results are shown in Tables 6.2 and 6.4. The error value in the test set and training set
decreases both with the number of ages and the hidden (neuron) layer increasing. Table 6.2.
shows the number of hidden layers and the error value increased as time passed, which

indicated that the accuracy of prediction improved.
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Figure 6.4. Prediction result LSTM network update with observed values (Prediction-2),
hidden layer 32 and maximum epochs 500

To check the uncertainties in the LSTM model, different parameters were calculated and
represented in Table 6.3. and Fig. 6.5. It was observed that the testing values and predicted
values had followed the same pattern. Fig. 6.4 and 6.5 show the line plot of the temporal
average of testing ABL height data and predicted ABL height data. In the LSTM maodel,
Prediction-1 represented the updated network with predicted value (1650 m maximum) and
Prediction-2 represented the updated network with observed values (1700 m maximum), for
the highest value of ABL height from SODAR 1775 m.

In addition, using the preconfigured model of MATLAB 2019a, the Non-linear Auto-
Regressive (NAR) model was employed to forecast the ABL height. Table 6.4. shows the
highest value of errors obtained for each model. The Prediction-2 model values were more
accurate than the NAR model. However, the NAR model was used to anticipate future
instances using data from earlier lags. For the day-to-day atmosphere, the ABL height was
very dynamic. This generated a learning problem in the NAR design, which failed to

accurately record dynamical changes.
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Table 6.2. Comparison of accuracy of LSTM model

Hidden Prediction-1 Prediction-2
Layer| RMSE1 | rRMSE1 MAE1 MAPE1 RMSE2 | rRMSE2 [ MAE2 |MAPE2
Max epochs — 500
2 790.3 24.69 617.5 72.37 315.69 9.86 19741 | 17.11
5 317.83 9.93 199.61 20.22 212.48 6.64 133.99 | 12.74
10 270.58 8.45 181 20.1 214.71 6.7 130.24 | 12.29
20 250.93 7.84 175.36 18.27 202.13 6.31 121.86 | 11.43
25 289.34 9.04 197.85 20.47 204.76 6.39 120.59 | 11.43
28 290.05 9.06 198.89 22.33 205.31 6.41 118.31 | 11.25
30 2354 7.35 166.91 17.31 192.01 114.01 | 10.96
32 220.31 7.33 167.12 17.3 193.85 5.95 113.72 | 10.62
35 27251 8.51 194.47 19.56 197.15 6.16 117.52 | 10.87
50 264.61 8.26 186.84 19.27 192.48 6.01 112.21 | 10.54
100 291.14 9.09 205.52 21.92 198.86 6.21 116.06 | 11.11
Max epochs — 250
32 373.89 11.68 250.20 24.37 193.66 6.05 115.99 | 10.90
Max epochs — 750
32 271.66 8.48 189.62 20.68 193.35 6.04 112.08 | 10.77

*Red colour row shows best prediction result

Training Prediction- | Prediction-

Parameter Data Test Data 1 Data 2 Data
Mean 737 837 849 852
Median 430 551 547 400
Kurtosis -1.22 -1.67 -1.66 -1.71
Skewness 0.56 0.35 0.32 0.26
Coefficient of

Variation 0.80 0.68 0.72 0.78
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Figure 6.5. Comparison of observed ABL height and predicated ABL height

Table 6.4. Comparison between NAR and LSTM model

NAR Prediction-1 Prediction-2
RMSE 259.65 220.31 193.85
MAE 164.97 167.12 113.72

6.2.1. Analysis and prediction of annual ABL height

The ABL is a zone with an almost constant potential temperature and a particular relative
high humidity. ABL height determines the volume available and describes the structure of
the lower atmosphere for the dispersion of the pollutants. The higher the mixing value, the
higher the dispersion rate. The ABL height changes constantly based on the observation of
the SODAR echograms. So, the box plot was used to interpret the data [236-237] The box
plot used the median, the approximate quartiles, and the lowest and highest data points to
convey the level, spread, and symmetry of a distribution of data values. Every box was a
central mark, which indicated median value and whereas the bottom-line represented the
25th percentiles, and the top-line indicates 75th percentiles of the data. The whiskers covered
the most extreme data points and the outliers were plotted individually using the '+' symbol.
Fig. 6.6. represents the annual variation of temporal ABL height and Month average. The
vertical bars denoted the + ¢ standard deviation from the temporal average. Fig. 6.6 and

Table 6.5., present the temporal average SODAR data for about one year.
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Annual Monthly Variation
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Fig. 6.6. Annual ABL height temporal and monthly variation
Table 6.5. Monthly ABL height variation during different hours
Month Maximum | Corresponding Average ABL Height (m) during
ABL Hour of Day Time Remaining Diurnal
Height (m) MaZlerrIl_um (09:00-18:00 Hours Average (m)
Height (hour) hour) (19:00 - 08:00
hour)
December 1255 13:00 795 170 435
January 1120 13:00 710 200 415
February 1565 13:00 1125 265 620
March 1360 12:00 1035 185 545
April 1435 13:00 1145 225 615
May 1745 12:00 1480 350 810
June 1635 13:00 1475 325 795
July 1520 12:00 1380 325 760
August 1410 12:00 1305 260 690
September 1485 14:00 1280 190 645
October 1445 12:00 995 225 550
November 1405 11:00 850 230 490

The annual ABL height data was used to retained the LSTM model to predict the annual
temporal ABL height. The Prediction-2 model was the smallest RMSE, according to the
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results (187.71 m). Figure 6.7 shows that the Prediction-1 model produced a good result for
30 days with an RSME value of 0. (329.55 m). During the convention period, the predicted
ABL height was lower than observed, which increased the error. In addition, the annual data
set was used in the NAR model, which yielded a higher RSME value (261.80 m) than the

Prediction-2 model.
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Figure 6.7. Prediction result LSTM network update with predicted values (Prediction-1), hidden
layer 32, and maximum epochs 500

6.2.2. Comparison and prediction of seasonal ABL height

For the analysis of seasonal ABL height, the total data set was divided into four seasons
based on meteorology over northern India, namely winter (December - January - February),
pre-monsoon (March - April - May), monsoon (June - July - August - September), and post-
monsoon (October - November) [58, 210, 238]. Fig. 6.8 depicts the temporal seasonal
variation of mixing height over the entire year of observation. The convection period was
found to be the longest during the monsoon and the shortest during the post-monsoon. The
maximum mixing height (approximately 1510 m) was observed during the pre-monsoon
season, while the minimum mixing height (approximately 1315 m) was discovered during the
winter season. Table 6.5 shows the monthly average ABL Height hours. It was discovered
that ABL height was highest in May (pre-monsoon season) and lowest in January (winter

season).
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Figure 6.8. Temporal variation of seasonal ABL height

ABL height was a positive correlation with temperature and wind speed, whereas a negative
relationship with relative humidity [58]. Temperature and wind speed influenced positively to
the ABL, while relative humidity influences negatively to the ABL heights, during all the
seasons due to an increase or decrease in solar heating. The convective boundary layer height
increased and decreased during the daytime due to the change in surface temperature. The
variation in surface temperature controlled the existence of atmospheric convection.
Therefore, it strongly affected the height. It was high between 1100 to 1400 IST during all
seasons. ABL height started decreasing due to the decrease in solar heat during the evening.
The ABL height during the convection period was found at 1510 m, 1485 m, 1395 m, and

1315 m in pre-monsoon, monsoon, post-monsoon, and winter seasons, respectively.
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Figure 6.9. Seasonal ABL height prediction result from the update network state
with predicted values (Prediction-1)

The prediction of seasonal ABL height was based on all of the season data. Both LSTM
models were retrained and tested with seasonal data to get a result for seasonal ABL height

prediction. The seasonal ABL height prediction result from the Prediction-1 model was
represented in Figure 6.9. The Prediction-1 model's accuracy decreased as the prediction days
grew longer. To retrain and test the NAR model, we used seasonal data. The NAR model was

found to have a higher RMSE value than the other two models (Table 6.6.).
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6.3. Discussion

The LSTM model was trained using data from four seasons of ABL height in various
atmospheric conditions. Then, to compare with the annual prediction, the trained prediction
model was used to predict the ABL height for each season (Fig. 6.7. & 6.9.). The ABL height
predictions shows a comparable result with the SODAR data, especially over the transition
period (from inversion to convection or vice versa). Table 6.6. shows the error of ABL height
prediction using the LSTM network, which was relatively lower in the winter season and
higher in annual data. Whereas error in all conditions of Prediction-2 was lower as compared
to Prediction-1 and NAR model. But the related error generated by Prediction-1 was not
much higher compared to Prediction-2. The LSTM network model provided high accuracy
compared to the NAR model. The LSTM models simulated the seasonal ABL height
reasonably well, i.e., inferred from the periodicity in the ABL height time series. It also
provided reliable ABL height simulations and predictions at any sites where the yearly ABL
height pattern remains somewhat similar. The highest ABL height was observed during the
convection period (daytime), which did not follow any periodicity and had the highest errors.
These LSTM models were useful to the pollution regulatory body to control atmospheric

pollution.
Table 6.6. Comparison of seasonal prediction of ABL height
Hidden Layers — 32; Max Epochs — 500 NAR
Data Prediction-1 Prediction-2 Models
Point

RMSE1| rRMSE1 [MAE1| MAPE1 | RMSE2 |[rRMSE2| MAE2 [MAPE2| RMSE

Annual | 6984 |329.55| 10.29 |200.13| 23.35 | 187.71| 5.86 | 118.78 | 17.04 | 261.80

Winter | 1776 |247.25| 7.72 |181.83| 1959 | 187.77 | 5.86 | 125.81 | 13.19 | 307.33

Pre- 1 o016 | 266.30| 832 [182.99| 2002 | 18118 | 566 | 11624 | 11.04 | 245.01
Monsoon
Monsoon| 2088 |300.47| 938 |187.14| 1562 | 25545 | 7.98 | 151.71 | 12.74 | 281.25
POSt- | 1104 |230.70| 7.49 |163.73| 2515 | 178.92 | 550 | 11857 | 1517 | 250.94
Monsoon

The LSTM neural network architecture was found to capture the dynamics of
temporal ABL height and also for seasonal and annual ABL height prediction.
In short training periods, the number of neurons and epochs were 32 and 500
respectively, which provided a precise result to achieve a long-term prediction.
This work presented a neural network-based temporal ABL prediction.
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Chapter 7
ABL Height Estimation During Fireworks Emission

This chapter is divided into five sections: first, data was collected during the
fireworks, i.e., Diwali period, then ventilation coefficient was determined, ABL
variation with meteorological parameters, ABL variation with pollutants, and
finally, forward selection method was used to estimate the most dominant
parameter to ABL height during the Diwali periods.

7.1. Data Collection during the Fireworks Emission

Based on the methodologies (section 3.6) for determining ABL height of stable and unstable
conditions, and collected hourly averaged SODAR data, meteorological parameters (i.e.,
temperature, wind speed, and relative humidity), and pollutants (i.e, SO2, CO, NO2, PM25s)
during the Diwali periods (2014-2017).

7.2. Determination of Ventilation Coefficient

The Ventilation Coefficient (VC) is an atmospheric dispersion parameter that indicates air
quality and pollution potential, i.e., the atmosphere's ability to dilute and distribute pollutants
across a certain area [239]. The product of the ABL height (mixing height) and the average
wind speed was used to calculate it. The VC was greater, the better the atmospheric qualities,
i.e., the more pollutants were removed from the atmosphere. On the other hand, lower VC,
resulted in poor pollutant dispersal, stagnation, and poor air quality, which could lead to
pollution-related health problems. A change in the VC was caused by changes in the ABL
height and average wind speed [113]. The VC was less than 6000 m?.s? indicates high
pollution potential in the afternoon hours, but ABL height was less than 500 m in the morning
hours, indicating the conditions for the occurrence of high pollution potential. The VC was
used to calculate the assimilative capacity of the atmosphere. The pollutant loading capacity
of the region was measured.

Fig. 7.1. represents the temporal variation of VC during Diwali days for the years from 2014
to 2017. However, the overall average value of VC was much lower than the 6000 m2.s-1 for
all four years, i.e., the occurrence of high pollution potential over the region [240-241]. Due
to strong prevailing winds and rain in 2015, the highest VC value was found for the years. In
2017, the lowest VC value was recorded. Sujatha et al. [239] stated that the dispersion of
pollutants is dependent on several meteorological parameters, the wind, and ABL height

being the most important to define air mixing. A higher value of VC was therefore observed
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during the day and decreases at night, i.e. the atmospheric loading capacity was good during

daytime and in the nighttime poor.
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Figure 7.1. Ventilation coefficient during Diwali day

7.3.Variation of ABL with Meteorological Parameters

The ABL was influenced positively by temperature and wind speed [58]. During the day, the
height of the convective boundary layer raised and failed in response to changes in surface
temperature caused by solar heating of the ground. The presence of atmospheric convection
was controlled by surface temperature variations that had an important effect on the ABL
height. Relative humidity adversely affected the ABL height. During the Diwali period, Table
7.1 shows the average daily weather with ABL records. ABL values were lowest during post-
Diwali in 2017 (191 m on 20-Oct-17) and higher mean ABL values during Post-Diwali in
2015 (663 m on 12-Nov-15). The purpose of the day before, after and Diwali day comparison
was to identify the contribution of fireworks burning on air quality.

Table 7.1 depicts the wind speed years from 2014 to 2017; it was highest in the year 2015
while the lowest in the year 2017. The low wind speed was associated with elevated pollution
levels [1]. If the wind direction remained constant throughout the year, the area will be
exposed to high pollution levels. Pollutants are disseminated across a vast area as the wind
direction changes. Humidity played a significant role in determining the ABL height [58,
151]. In 2016, the humidity was at its greatest, and in 2015, it was at its lowest.
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Table 7.1. The daily average of meteorological parameters

Year Day ABL (m) Temperature (°C) Wind Speed (m/s) Relative Humidity (%)
< 22-Oct-14 300 27.79 0.9 61.78
§ 23-Oct-14 297 28.09 0.74 61.37

24-Oct-14 327 27.99 0.76 61.7
o 10-Nov-15 495 25.14 0.89 61.06
= 11-Nov-15 660 24.98 1.06 43.49
12-Nov-15 663 24.52 0.92 46.03
© 29-Oct-16 286 26.0 0.58 48.04
§ 30-Oct-16 307 25.45 0.68 62.56
31-Oct-16 310 24.57 0.63 71.79
g 18-Oct-17 258 0.75 42.42
§ 19-Oct-17 263 16.06 0.53 46.36
20-Oct-17 191 0.54 50.07

7.4 Variation of ABL with Pollutants

To analyse the variation of ABL with a concentration of air pollutants during the Diwali

festival period, the SODAR data for ABL and concentration of pollutants data were collected
for the years 2014 (18 October to 28 October), 2015 (6 November to 16 November), 2016 (25
October to 04 November) and 2017 (14 October to 24 October). Round-the-year SODAR
measurements were carried out in New Delhi. An hourly average of ABL during Diwali day

is shown in Fig. 7.2.
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During the Diwali process, a variety of other materials that are found in the fireworks
polluted air with sulphur nitrates, magnesium, aluminium, and paper. The complete structure
and relative concentrations of the various gaseous vapours and released particulate pollutants
remain unknown. The cause of particular concern, however, were sulphur oxide, nitrogen
oxide, and particulate matter, as they are linked to respiratory and other health problems
[242]. In addition, existing industries, control plant utilization of vast scale vehicular
exercises, and habitually tidy tempest essentially contributed to high air contamination [176,
181, 243]. Air contamination has caused eye irritation, cough, headache, and respiratory
problem [182-183]. The daily average of ABL height, concentrations of PM2s, SOz, CO, and
NO. were calculated for Pre-Diwali Episodes (before five days of Diwali), Diwali day, and
Post-Diwali Episodes (After five days of Diwali) during the year 2014, 2015, 2016 and 2017.
The maximum variation of ABL was observed during the year 2015 and the minimum
variation was observed during the year 2017. On Diwali 2017, a daily average value of CO,
NO2, and SOz recorded 1330 ug.m?, 58.24 ug.m™and 66 ug.m™ respectively, which were also
compared to other years and observed that CO was nearly 1.05, 1.94, and 0.73; NO2 nearly
1.09, 1.13 and 0.52; and SOz nearly 1.43, 3.16 and 1.13 times higher in 2014, 2015 and 2016
respectively. The concentration of PM2s was noted 260 ug.m™ in 2017, nearly above 2.55
from 2015 and 0.45 times below from 2016 respectively. Also, the same trend was observed
in the case of Pre-Diwali and Post-Diwali. Variety of pollutant concentration was not
consistent during Diwali periods, its segment varieties demonstrated that these
contaminations were influenced by the nearby source, as well as remote sources in different
areas. It established a link between ABL height and air pollution concentration, laying the
groundwork for studies to monitor and forecast the urban environment. Pollution levels were
found to be higher at night when ABL levels were low and lower during the day when ABL
levels were higher. The ABL was affected by temperature, sensible and latent heat fluxes,
wind speed and direction, cloud cover, and relative humidity [1, 3].

Wagner and Schafer et al. [244] proposed that the influence of ABL height on pollutants was
analysed by grouping ABL height data into periods and correlating classified ABL with
concentrations of pollutants. The 8-hourly average (00:00 - 08:00, 08:00 - 16:00, 16:00 -
24:00) value of ABL and concentration of pollutants (SO2, NO2, CO, PM25) are presented in
Table 7.2 to further analyse their relation. It was found that ABL height and concentrations of
pollutants were inversely correlation between them. Concentrations of pollutants (SO2, CO,
and PMas) were increased, whereas concentrations of NO> were decreased from the Pre-

Diwali period to the Post-Diwali period, and reached maximum value during next to Diwali
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day. Variation of ABL was an opposite correlation with the concentrations of pollutants
which decrease gradually from Pre-Diwali to Post-Diwali. Table 7.2. (a, b and c), showed
that the pollutants were dispersed in the atmosphere during the daytime (08:00 — 16:00),
whereas accumulated during mid-night time and early morning time (00:00 — 08:00). The
maximum value (1375 m) of ABL height was found during daytime in the year 2015,
whereas the minimum value (54 m) during night-time in the year 2017. The minimum value
of pollutants SO (ug.m™3), NO2 (ug.m™), CO (ug.m™), and PMzs (ug.m™®) were observed 2.67,
1.24, 250, and 73 during daytime and a maximum value 171, 145, 3090 and 980.25 during

midnight time respectively.

Table 7.2. 8-hourly average of ABL and pollutants concentrations

00 AM-8 AM
Year Period ABL SO, NO; CcO PMys
(m) (ug.m?) (ug.m?) (ug.m?) (ug.m?)

. 22-Oct-14 114 47.79 120 656 -

= 23-Oct-14 101 67.46 25.39 486 -

~ 24-Oct-14 98 181.89 5.95 158 -

. 10-Nov-15 88 8.62 81 560 134

= 11-Nov-15 304 5.9 54 590 102

~ 12-Nov-15 343 17.89 42 1190 151

. 29-Oct-16 115 25.73 88.85 3090 466

= 30-Oct-16 117 20.85 91.92 2440 581

~ 31-Oct-16 70 146.43 65 1530 731
18-Oct-17 86 50.94 34.27 1390 180.1

= 19-Oct-17 54 99.45 41.65 1320 270.19

N 20-Oct-17 58 171 75.65 2510 980.25

8 AM- 4 PM
Year Period ABL SO, NO; CO PMys
(m) (ug.m?) (ug.m?) (ug.m?) (ug.m?)

. 22-Oct-14 691 46 .47 70.3 530 -

= 23-Oct-14 718 41.91 4.81 461 ;

~ 24-Oct-14 785 57.17 11.05 219 -

. 10-Nov-15 1117 11 77 280 128

= 11-Nov-15 1279 3.35 31 740 73

~ 12-Nov-15 1375 2.67 31 250 110

. 29-Oct-16 611 11.75 1505 1520 398

= 30-Oct-16 690 10.45 113.86 1170 378

~ 31-Oct-16 757 50.48 93.75 1110 232
18-Oct-17 617 9.1 34.39 560 140.36

= 19-Oct-17 668 21.75 64.23 550 139.58

‘“ 20-Oct-17 444 24.78 64.64 250 3115
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4PM-12 AM
Year Period ABL SO, NO; CO PMas
(m) (ug.m?) (ug.m?) (ug.m?) (ug.m?)

- 22-Oct-14 94 52.63 29.94 790 ;

= 23-Oct-14 73 187.24 3.46 907 ;

~ 24-Oct-14 100 46.75 18.46 642 ;

. 10-Nov-15 279 9 111 1010 172

= 11-Nov-15 397 53.31 68 720 137

~ 12-Nov-15 272 773 94.74 880 143

. 29-Oct-16 133 39.22 165.99 2730 568

= 30-Oct-16 115 137.61 123.97 1810 441

~ 31-Oct-16 104 35.59 1237 750 160
18-Oct-17 73 100.35 38.7 2460 233.73

= 19-Oct-17 66 76.84 68.86 2100 368.73

~ 20-Oct-17 70 98.91 45.66 1380 281.88

7.5. Forward Selection Method

Section 7.3 and 7.4 concluded that the ABL height was dependent on different parameters.
Many authors [3, 58, 151, 244] also mentioned the correlation between ABL height,
meteorological parameters, and pollutants concentration. Stull [1] said that the diurnal cycle
of changes in temperature, humidity, pollutants concentrations, and winds are governed by
ABL height physics and dynamics. In this section, the most dominant correlation between
ABL height, meteorological parameters, and pollutants concentration was determined using a
Forward Selection (FS) method/technique.

FS method was successfully used to develop various accurate prediction models [245-247]. It
was based on a linear regression model. For a small number of sample covariates (N), a
prediction model was selected by which certain measure such as CVE (Cross Validation
Error), RMSE (Root Mean Square Error) was computed for given subgroups of predictors
[248]. For a large sample size, the computational content was increased very rapidly.
Therefore, to overcome this problem, one method was the FS method, which was a well-
defined step-by-step algorithm [249-251]. The following algorithm was used to find the best
subsets for the relationship between ABL height and seven input parameters in this study
(meteorological and pollutants data).
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Step 1. Choose independent and dependent variables and make a correlation with the

independent variable and dependent variable

_ n(2xy) -2 () (7.1)
JInEx)-C 02V InE y)-C»)? '

Step 2: Find the independent variable with the highest squared correlation with the dependent

variable and arrange it in decreasing order
Step 3: Fit k-1 different regressions using each of the remaining variables separately

Step 4: Record the incremental changes in R? and select the variable with the highest R?

meeting this criterion (R? increment is less than 5 %)
Step 5: Stop when no variable satisfies this criterion

Table 7.3. Result of forward selection method

2017 Sub-Table — 7.3. (a)

Temp. 0.472
Temp. RH 0.494
Temp. RH CO 0.529
Temp. RH CO SO 0.534
Temp. RH CO SO WS 0.561*
Temp. RH CO SO WS  PMgzs 0.561
Temp. RH CcO SO, WS PM;s NO; 0.591

2016 Sub-Table — 7.3.(b)

Temp. 0.384
Temp. CO 0.448
Temp. CO RH 0.486
Temp. CO RH WS 0.517
Temp. CO RH WS SO; 0.561
Temp. CO RH WS SO, NO» 0.576*
Temp. CO RH WS SO, NO; PM; s 0.574

2015 Sub-Table — 7.3. (¢)

Temp 0.522
Temp RH 0.528
Temp RH NO; 0.653*
Temp RH NO; PMgzs 0.654
Temp RH N02 PM2,5 CcO 0.652
Temp RH NO, PMzs CO WS 0.653
Temp RH NO, PM;s CO WS SO2 0.653
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2014 Sub-Table — 7.3. (d)
Temp 0.349
Temp RH 0.35
Temp RH CO 0.427
Temp RH CO NO: 0.403
Temp RH CO NO, WS 0.464*
Temp RH CO NO; WS SO 0.466

*and _ denotes After this value, a variation of R2 is negligible change (less than 5 %) and thus, inputs
related to this value are selected

The best-correlated subset of inputs was used to create a linear model. According to the
algorithm, the input candidates were implemented one by one into the technique. The
correlation coefficient (R?) was used to assess the modeling quality. Finally, the input
variables with the greatest impact on output were chosen, and other variables were
eliminated. Table 7.3. shows the results of the FS technique, with 5, 6, 3 and 5 input variables
chosen according to their importance in the years 2017, 2016, 2015, and 2014, respectively. It
increased the forecast capability of models by taking into account the importance of daily
ABL height in the Delhi atmosphere. Because there were fewer input variables, it minimised
output error and calculation time. According to Noori et al. [247], FS method-based models
were more accurate than gamma test-based models. During the Diwali period, the significant
increase in pollutants (CO, NO2, SO, and PM5) indicated that the burning of fireworks was
the main source of pollutants, whereas Table 7.3 observed the pollutants concentration and
meteorological parameters were correlated with ABL height. It was also observed that
temperature was one of the most dominant parameters for the ABL height as in every year FS
technique result, the temperature was present.

It was obvious from Table 7.3. (a to d) that during the year 2017 highly dominating subset
was (Temp, RH, CO, SO2, and WS), in the year 2016 (Temp, CO, RH, WS, SOz and NOy), in
the year 2015 (Temp, RH and NOy), and in the year 2014 was (Temp, RH, CO, NO2, and
WS).

Findings show firecracker emissions and deposition of particulates harm
ambient air quality during the burning of fireworks, i.e, Diwali Festival.
Concentrations in air pollutants were 1,14, 2,52 and 1,16 times higher in 2017
compared to the years 2014, 2015 and 2016. The importance of a thorough
assessment of ABL for air contaminants in the Indian cities and the need for a
denser monitoring station network was emphasised. The FS technique was
successfully used to select the highly influential ABL height parameter. The
excessive loading of ABL pollutants with this methodology was also determined
by this parameter.
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Chapter 8
Conclusion and Future Scope

8.1. Conclusion

SODAR is a well-known and widely accepted meteorological tool for supplying continuous
real-time and critical ABL data. SODAR assists in city planning, industrial zoning, and other
methods planned for air quality control. Data is critical for evaluating environmental impact
assessments and city-specific carrying capacity for pollutants. In light of Delhi's air quality
concerns, air pollution meteorological features in terms of ABL characterizations were
investigated from 2014 to 2020.

Existing SODAR technology was improved, which included, acoustic antenna advancements,
virtual instrumentation, and improved data processing approaches. It has previously been
difficult for these instruments to work well in densely populated metropolitan areas due to
echoes from buildings and repercussions on people, but this is improving as the instruments'
acoustic design improves. A vertically pointed monostatic SODAR system was developed
through a deliberate development and improvement process. This advancement will affect the
observed data, and data will be more accurate as a result of calibration and testing of
equipment and materials. To achieve the goal, the work focuses mainly on four areas, i.e.,
developing a SODAR system with a new acoustics antenna design, developing a new model
of ABL structure identification using feature selection and classifier method, developing an
LSTM model for ABL height prediction using SODAR data, and analysing ABL height,
atmospheric pollutants, and meteorological data during fireworks (Diwali).

A new SODAR system for monitoring has been built using a unique combination of a
moving-coil transducer, parabolic dish, and acoustic ACP sheet baffle. It is the first time
in history that an acoustical parabolic antenna has been used to transmit acoustics into
the turbulent zone.

The novel design enables the development of a low-cost SODAR system as well as a
lightweight, high-precision acoustic baffle. The acoustical parameters of baffles were
calculated in the reverberation chamber (STC = 34 and NRC = 0.98). An ACP sheet with
foam was the suitable acoustic baffle for an acoustic antenna design. It can generate up to 138
dB of acoustic pressure in a narrow beam in the atmosphere. The new open-air acoustical
barriers reduce environmental noise by 272 decibels. The benefits of a novel antenna make it
ideal for transportable SODAR applications and field tests in a variety of locations. The

system can be used for long-term continuous collection of data with a low probability of an
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electronic failure. Data on ABL height and structure in the current study were successfully
collected using the created technique.

The methodologies for machine learning were used for the identification of various ABL
structures in the SODAR echogram. The ABL structures were identified by feature selection
and classification of functions. The Boosting Tree classification method was the highest
predicated accuracy in SODAR echograms / ABL structure recognition, combined with the
selecting of the Laplacian feature (overall performance 61% with 30 features) from 8
classification devices (overall preformation 52 percent with a total 133 feature). These
models were used as a monthly predictive model with the highest predictive precision in
October and with the lowest prediction in August (72 % with 20 features in total) (overall
preformation 31 % with 20 features).

The neural architecture of the LSTM network was used to capture the hidden dynamics and
provide predictions of temporal ABL. A fundamental component of this technique was the
division of time into seasonal and annual ABL predictions from December 2018 to March
2020. With LSTM the accuracy of the seasonal forecasts, and consequently of aggregating
the year data, in place of a standard neural network was improved to test the recommended
model. The investigation showed that in a short training time the best results were obtained if
the numbers of neurons were equal to 32 and the epoch 500. Therefore, the prediction results
are precise even for long-term forecasts. The innovative method provides the basis for a
reliable ABL prediction for the next step. The LSTM network provides the information to
determine the atmospheric condition using a separate environmental parameter. The LSTM
neural network model for the nonlinear parameter was found appropriate.

During pre-Diwali, Diwali, and post-Diwali, between 2014 and 2017, the fluctuation of ABL,
meteorological conditions, and pollutant concentrations were studied. To compare the days
before, after, and on Diwali day, the impact of cracker burn on air quality was determined.
During the period of Post-Diwali in 2017 (191 m) the lowest ABL values were found; in
2015 (663 m), the highest ABL values in Post-Diwali were found. The concentrations of
pollutants in the atmosphere were 1,14, 2,52, and 1,16 times greater for 2017 from 2014,
2015, and 2016, respectively. The pollution levels were found higher at night when the ABL
height was low, and lower during the day when the ABL height was higher. Due to the
emission and deposition of particulate matter and gas pollutants, firecrackers had a significant
influence on ambient air quality during the Diwali festival. The most dominant relationship

between ABL height and weather parameters, as well as pollutants concentration, was
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determined using the forward selection technique. The highly influencing parameter for ABL
height was successfully selected.

In a nutshell, a new SODAR system for monitoring was built using a unique combination of a
moving-coil transducer, parabolic dish, and acoustic ACP sheet baffle. An acoustical
parabolic antenna was used to transmit acoustics into the turbulent zone. The system was
used for the long-term continuous collection of data with a low probability of an electronic
failure. Machine learning was used for the identification of various ABL structures in the
SODAR echogram. The LSTM network was used to capture the hidden dynamics and
provide predictions of temporal ABL from December 2018 to March 2020. During foreworks
(pre-Diwali, Diwali, and post-Diwali) between 2014 and 2017, the fluctuation of ABL,
meteorological conditions, and pollutant concentrations were studied and analysed. Air
pollution levels were found higher at night when the ABL height was low, and lower during

the day when it was higher.

8.2. Future Scope

The following suggestions for improving the performance and use of the SODAR system are
made in future work:

A high acoustics material and high-density foam combination antenna baffle may provide
better atmospheric noise cancellation for low-strength backscatter signals from crucial
atmospheric structure information in the spatial domain. The hardware-based machine
learning system composed of an electronic representation of the output of the pre-amplifier in
real-time mode can be designed for better ABL structure identification and atmospheric noise
reduction. The acoustic antenna structure can be fabricated using a 3D printing technique

using low-weight fibre material.

A unique combination of a moving-coil transducer, parabolic dish, and an
acoustic ACP sheet was developed for monitoring the levels of contamination in
the air. The system was used to collect data for a long time with a low likelihood
of an electronic failure. Machine learning was used in the SODAR echogram to
identify different ABL systems. The LSTM network captured hidden dynamics
and temporal ABL predictions from December 2018 to March 2020. During
fireworks between 2014 and 2017, the fluctuation of ABL, meteorological
conditions, and pollutant concentrations were studied and analysed.
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ABSTRACT ARTICLE HISTORY
The variability of the atmospheric boundary layer together with Received 14 July 2015
meteorological parameters has been investigated over the semi- Accepted 30 January 2017

arid region Delhi. Two sources of the dataset have been used:
sound detection and ranging (SODAR) and automatic weather sta-
tion during the period from December 2013 to November 2014. A
Laboratory Virtual Instrument Engineering Workbench (LabVIEW)-
based programme has been developed to plot the stability class
from A to F directly from the mixing height dataset. Based on the
SODAR echograms and mixing height, temporal and seasonal varia-
bility of stability classes has been estimated. It is observed that the
convective boundary layer height advances and decreases during
the daytime depending on the increase and decrease of surface
temperature due to solar heating of the ground. From seasonal
classification of the stability class, it is observed that the class A and
class E are dominated in convection and nocturnal periods in all
seasons, whereas class F is not found during the winter and pre-
monsoon seasons. Impact of meteorological parameters, that is,
wind speed, temperature, and relative humidity on mixing height
during different seasons has also been studied.

1. Introduction

The lower atmospheric boundary layer (ABL) is the part of the troposphere where
human beings live. In this layer, air pollutants are transported and dispersed and
therefore atmospheric stability plays the important role. The extent of stability near
the ground is dependent mainly upon the net radiation and wind speed. Instability
usually occurs with high positive net radiation and high wind speed; stability usually
occurs with high negative net radiation and low winds; and neutral conditions are
produced by cloudy skies and/or high wind speeds. The stability conditions can
occur only during the night and unstable conditions during the day, night being
taken as the period from 1 h before sunset to 1 h after sunrise (Zoras, Triantafyllou,
and Deligiorgi 2006; Ashrafi and Hoshyaripour 2008). ABL height totally depends on
meteorological parameters. The degree of stability of the atmosphere should be
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known to estimate the ability of it to disperse air pollutants (Wark, Warner, and Davis
1998; Ashrafi and Hoshyaripour 2008). To estimate the atmospheric stability and
mixing height different methods are used, for example, Pasquill-Gifford stability
classification, Pasquill-Turner stability classification, among others and for the calcu-
lation of the mixing height radiosonde, sound detection and ranging (SODAR), lidar,
radio acoustic sounding systems (RASS), among others are used (Singal 1989). These
methods define different ways to estimate atmospheric stability and mixing height
when convection and mechanical turbulence are considered. The information on the
‘open’ structure (associated with unstable mixing height) of the ABL is of great
importance since it has an impact on future weather prediction methods. In addition
to this, the knowledge of the ‘close’ structure (associated with the stable mixing
height) case assists in predicting the strength and the duration of air pollution
events. SODAR and its capabilities provide a direct pictorial view of the prevailing
meteorological processes such as onset/dissipation of free convection, inversion,
fumigation (the phase of breaking inversion, Gera et al. 2013a), and is considered a
useful aid for air quality assessment studies. Consequently, the continuous monitor-
ing of ABL is essential for the air pollution loading study and it is possible only using
the SODAR remote-sensing technique (Singal, Gera, and Aggarwal 1984; Singal, Gera,
and Saxena 1997; Singal 1988, 1989).

At any given location or region the value of the mixing height may be greatly
affected by the meteorological parameters and their variation during different seasons
(Singal, Gera, and Pahwa 1994; Singal 1988; Roy et al. 2011; Roy, Gupta, and Singh 2012).
Delhi is a highly polluted metropolitan city; most of the air-pollutants are either locally
produced by extensive urbanization, industrialization, construction activities, increased
vehicular pollution and biomass burning, or transported from northeastern India.

On the basis of previous research (Singal and Aggarwal 1979; Singal 1988; Singal,
Gera, and Saxena 1997), SODAR echograms register a characteristic repeatable structure
in a cyclic order on daily scale, which is in accordance with solar heating and nocturnal
cooling of the ground. The height and structural details of ABL keep on changing
depending upon the progress and meteorological conditions of the day. An unstable
convective boundary layer is developed during daytime whereas a stable boundary layer
appear during night-time. The nocturnal stable boundary layer on a clear day begins to
establish soon after sunset, continues to grow till early morning and dissipates after
sunrise when a thermally convective atmosphere starts developing on the ground. The
unstable state is an indicator of good ventilation and stable states are indicators of poor
ventilation. Due to low winds speed and temperature the pollutants are not dispersed
and they get trapped below the stability layer which acts as capping to mixed layer,
which leads to higher ground level concentration of pollutants. In the morning, the
stable state is converted into the unstable state with rising temperature, this means
shifting from poor ventilation to good ventilation of pollutants (Singal, Gera, and Pahwa
1994; Singal, Gera, and Saxena 1997; Singal 1988; Gera et al. 2013a, 2013b).

The mixing height and the associated stability class have been estimated and
plotted from SODAR echograms at Delhi for December 2013 to November 2014.
Thereafter, the relationship between mixing height and atmospheric parameters
(temperature, wind speed, and relative humidity) have been studied. The behaviour
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of the stability classes during different weather conditions (clear, cloudy, and foggy)
have also been discussed.

2. Data and meteorology

The meteorological parameters data such as wind speed, temperature, and relative
humidity were measured at the observation site (New Delhi) using an automated
weather station. The whole system has been installed by Campbell Scientific, Canada,
USA. The meteorological tower is a combination of atmospheric pressure sensor, tem-
perature sensor, wind profile sensor, humidity sensor, solar radiation, etc. This tower is
used for continuous monitoring of meteorology condition. The total data set has been
classified into four seasons, namely winter (December-January-February), pre-monsoon
(March-April-May), monsoon (June-July—-August-September) and post-monsoon
(October-November) on the basis of meteorology over northern India (Ramachandran,
Kedia, and Srivastava 2012).

SODAR is a well-recognized acoustic remote-sensing technique (Singal, Gera, and
Aggarwal 1984; Singal, Gera, and Pahwa 1994; Singal, Gera, and Saxena 1997;
Operational Manual 2008) that continuously monitors ABL thermal structures up to
heights in the range of 340-3400 m. Mixing height has been measured using mono-
static SODAR system, which was designed, developed and fabricated at Council of
Scientific and Industrial Research (CSIR)-National Physical Laboratory (NPL) and oper-
ated in various frequencies according to its specific requirements. The SODAR was
operated at a frequency of 2.25 kHz with 50-350 ms (selectable) pulse duration, a cycle
time of 2-20 s (selectable) and electrical transmitting power of 50 W and an acoustic
power 10 W. The SODAR antenna is a parabolic dish 1.22 m in diameter and the beam
width is 15°. The antenna is enclosed in an acoustic shield so as to attenuate the
outside noise and has been characterized at anechoic chambers at CSIR-NPL for the
transmitting and receiving efficiency and directional characteristics(Garg and Maji
2013). The transducer output efficiency is measured to be 1.32 Pa V™" in the anechoic
chamber using a sound level analyser and is thus traceable to the national standards of
sound pressure realized at CSIR-NPL, India (Garg and Sharma 2012). Highly directional
short bursts of sound energy are radiated into the atmosphere, which after scattering
from atmospheric fluctuations of eddy sizes within the inertial sub range of 0.1-10 m
are being received back by the receiving antenna, conditioned through a premplifier
and fed as analogue input signal at the microphone input terminal of the computer.
Each acquired data is read with an 8 bit resolution and stored in the data file with a
pre-assigned file name depending upon the date and time at the beginning of the
data acquisition. The data points are allocated different colour codes depending upon
the signal intensity. The dynamic range of the acquired signal 0-5 V is divided into
eight steps and each step is pre-assigned a special colour code. Depending upon the
time lapsed t after transmission of tone burst and digitalization of individual data
points, the acquired data point is assigned a height value of



INTERNATIONAL JOURNAL OF REMOTE SENSING . 3469

where c is the speed of sound in the air and t is time lapsed measured in seconds. Each
data point with assigned colour is displayed as a two-dimensional image in time versus
height graphics, on the computer monitor in real time. Depending on the chosen data
sampling rate and the repetition rate of tone burst, the number of data points acquired
per scan are displayed as marking one horizontal line of coloured dots on the monitor.
Line by line integration of different scans produces a pictorial view of the SODAR
echograms. A narrow band filter is used in the hardware, electronics, so as to suppress
the noise at unwanted frequencies and improve the signal to noise ratio (Gera et al.
2011). The signals are processed to produce an online facsimile display of the dynamics
of ABL thermal structures. The SODAR system has been calibrated using a simple
methodology reported by Danilov et al. (1992) in anechoic chambers at CSIR-NPL.

SODAR echograms are reflex images of the turbulence in the lower atmosphere.
This turbulence is accountable for the dispersion of pollutants. Thus, a measure of the
height of thermals plumes in daytime and of shear echoes for the duration of night-
time can be used to give a measure of the mixing height for pollutants. Though
SODAR sensitivity becomes poor in daytime compared to the night-time, due to
prevailing ambient noise, which decreases its probing range, the height of the thermal
plumes by SODAR during daytime will always give an underestimated value unless
they are capped by a low-level elevated shear echo layer. A technique to determine
mixing height during the daytime, when the plumes are not capped by a stable layer,
has been established on the basis of a Holzworth model using radiosonde data for
Delhi (Singal, Gera, and Aggarwal 1984; Singal, Gera, and Pahwa 1994; Singal, Gera,
and Saxena 1997; Operational Manual 2008; Roy et al. 2011; Gera et al. 2013a, 2013b).
The following empirical relation has been found:

y = 4.24 x + 95, )

where y is the mixing height (m) for unstable ABL, x is the depth of the SODAR measured
thermal plumes (m)

Equation (2) has been found to be valid in the plains of India and have also been used
to determine the daytime mixing height at Tarapur, Nagothane, and Bombay
(Maharashtra), at Chittorgarh and Jodhpur (Rajasthan), and Jamshedpur (Bihar).
Walczewski (1989) has also reported this relation to estimate the mixing height under
free convective conditions while comparing it with lidar measured dust layer depths. In
consequence, the earlier empirical relation is true only in the plains of India. Somewhat
different values of the constants may occur in places which have complex terrain, or in
different geographical locations.

In several previous observations, the SODAR mixing height, has been found to be
equal to the height measured using radiosonde, tethered balloon sensors, and instru-
mented tower and aircraft (Goroch 1976; Hicks et al. 1977; Wyckoff, Beran, and Hall 1973;
Singal and Aggarwal 1979; Evers, Neiseer, and Weiss 1987; Gogh, Von, and Zib 1978;
Fitzharris, Turner, and McKinley 1983; Walczewski 1989; Russell and Uthe 1978).

Atmospheric stability is a measure of the prevailing turbulence strength, which
ranges over a broad spectrum. It ranges from vigorous turbulence (highly unstable
ABL) to nearly no turbulence (highly stable ABL) conditions. Pasquill (1962) divided the
ABL into six categories of stability from A to F, which can be classified on the basis of
data of surface wind speed, wind direction, daytime insulation, night-time sky
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conditions, and temperature lapse rate. Singal, Gera, and Aggarwal (1983, 1984, 1985)
and Singal (1989) developed a method based on SODAR echo patterns to classify
Pasquill stability categories. Singal (1989) classified stability into six classes based on
the Pasquill (1962) classification.

The stability classes can be determined based on mixing height and SODAR echo-
grams (Gera and Saxena 1996; Singal, Gera, and Saxena 1997). SODAR-based stability
classification information given in Table 1. In this article, the following algorithm based
on Laboratory Virtual Instrument Engineering Workbench (LabVIEW) has been devel-

oped to plot the stability class from A to F directly from the mixing height data.

Step 1: The acquired data of whole month is converted into array (column represents
day and row represents hour (‘00:00-23:00")

Step 2: Average temporal data is calculated

For t ("00:00-23:00")

dmax
b _ X ha(t)

at — )
dmax

3)

where D, is the average temporal data, dmax is the maximum number of days in

particular month,

hy (t) is the ABL height at particular day (d = 1: dmay) at time hour.
Step 3: Check weather temporal height is according to Table 2 or not

(i) If not generate an error signal and end programme

Table 1. Sound detection and ranging (SODAR)-based stability classifica-

tion scheme.

Local time

Sodar structure

Stability class

05:00-10:00

10:00-18:00

18:00-21:00

21:00-05:00

Stable layer (>150 m)

Stable layer (<150 m)

Rising layer

Elevated layer/or multi-layer/or waves
(200 m) = convection plumes > (125 m)
Convection plumes (<125 m)

No structure

Rising layer

Convection plumes > (200 m)

(200 m) > convection plumes > (125 m)
Convection plumes (<125 m)

No structure

Stable layer(>150 m)

Stable layer (<150 m) with elevated layer/waves
Elevated layer with plumes below

No structure

Stable layer (>150 m) with flat top/short spikes
Stable layer with tall spikes (=300 m)
Stable layer with wavy top

Elevated layer/waves

No structure

Stable layer (<125 m) with flat top
Stable layer (=125 m) with flat top
Stable layer with spikes (=300 m)
Stable layer with wavy top

Elevated layer

MTMOMmMOTTMOmMONTMON@>NON®@TANTm
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Table 2. Average values of mixing height and meteorological parameters during different seasons.

Parameters Winter Pre-monsoon Monsoon Post-monsoon
Mixing height (m) 555 + 115 650 + 145 535 + 145 365 + 50
Temperature (°C) 15 + 3.0 27 £ 35 31+20 24 + 3.0
Wind speed (ms™") 152 + 0.44 1.77 £ 0.41 1.67 + 0.48 1.18 + 0.34
Humidity (%RH) 71+ 13 39+ 10 60 + 8.0 45+ 12

(i) If yes then store the value temporal height in an array

Step 4: Repeat step no. 3 till total no. of elements in the array reaches maximum
Step 5: Display the data and plot the graph

Six thousand five hundred twenty-two SODAR echograms have been observed at the
study location for different seasons and were analysed and classified into different
categories. Figure 1(a—e) show the multilayer, rising layer, thermal plume, waves and
perturbations, and stratified layer echograms

Figure 1(a) exhibits the multilayer types of echograms, which were observed during
night-time. They are more frequent in the month of May i.e. pre-monsoon months
(Singal and Gera 1982) and not common in the post-monsoon months, that is,
October and November. Figure 1(a) reveals that the height of multilayer is 318 m and
can goes up to 600 m.

The inversion layer structure, that is, characteristic feature of the night-time stable
conditions, dissipates in the morning after sunrise due to solar heating of the ground
and the temperature profile changes its shape. The time taken for an inversion layer to
dissipate after sunrise varies from day to day and season to season depending upon the
presence of cloud cover, the strength of the inversion layer formed during the night,
influx of solar heat, and the presence of elevated layer or fog layer. In rising layer
(Figure 1(b)), rising rate is faster in the pre-monsoon season than in the winter and
post-monsoon season due to the change in the temperature profile.

The nocturnal inversion while dissipation shows its presence in the form of a rising
layer, which reaches to a certain maximum height and then disappears. This type of
structure is not seen daily in the morning time. However, sometimes a direct transition
of the inversion layer changes to the plume structure. During rainy spell and cloud cover
days, the inversion layer does not show a rising layer (Singal 1989). As a result of which,
less rising layer is formed during the monsoon season.

Thermal plume structure (Figure 1(c)) is a daytime structure and is associated with
solar heating of the ground. The plume starts forming early in the morning after
dissipation of the surface inversion. The height of thermal plumes increase with increase
in temperature. The duration of thermal plumes is maximum in the pre-monsoon or
summer and minimum in the winter and post-monsoon seasons.

Waves and perturbations (Figure 1(d)) are another class of thermal plume structures,
which have been observed and classified directly on the SODAR echograms. The wave
structure mostly observed in the April, May and June months, that is, in the pre-
monsoon season. This type of structure is important in the study of wave motion
(Singal 1988).
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Figure 1. Different layers in sound detection and ranging (SODAR) echograms. (a) Multilayer ‘4 June
2014, (b) rising layer 23 April 2014’, (c) thermal plume ‘3 May 2014’, (d) wave structure ‘13 August
2014, (e) stratified layer ‘19 October 2014'.

Figure 1(e) represents the stratified layers in the lower atmosphere under statically
stable conditions on the land. Stratification represents turbulent interface between two
layers of stable layer and the variations in the structure with time give information on
the thermally induced changes occurring in the nocturnal ABL.

Atmospheric stability is one of the essential parameter for air quality studies. Pasquill
categorized atmospheric stability from A to F in terms of increasing stability order from
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Figure 1. Continued.

very unstable (A), moderately unstable (B), slightly unstable (C), neutral (D), slightly
stable (E) to moderately stable (F) conditions, respectively. Figure 2(a-c) and Table 3
represent stability class in different weather conditions (i.e. clear day, cloudy day, and
foggy day). Figure 2(a) represents stability class for clear day. All stability classes are
observed in Figure 2(a). Unstable category (A, B, C) exists during the daytime when
SODAR records thermal plumes and showing variation in height in accordance with solar
heating of the ground and related lapse rate profile. During the whole day the class A is
dominant. The stable categories (E and F) of the ABL exist mostly during night-time
when SODAR maps a ground based layer with flat/spiky top. Figure 2(b) represents
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stability class of cloudy days, stability A is seen to occur mainly during ‘08:00-12:00" h
and stability B and C has mainly occurred during morning transitional phase (‘07:00-
08:00" h) or prior to evening transitional phase around ‘17:00" h. In this figure during
midday the class B is dominant and during night-time class E is dominant due to cloud.
Similarly, Figure 2(c) represents stability class of foggy days. Stability F occurs relatively
more during the evening to midnight (‘16:00-23:00" h). It indicates that night of foggy
days are relatively more critical stable periods for dispersion of pollutants. Further, sub-
divisional hourly stability distribution analysis for the clear, cloudy, and foggy days
shows that on a clear day the stability A has occurred in 29.16%, B and C for 4.17%, D
for 18.75%, E for 35.42%, and F for 8.33% of the total observational hours. Similarly for
cloudy day stability A and B has found in 20.83%, C for 4.17%, E for 45.83%, and F for
8.33%. For foggy day the stability A has occurred in 16.67%, B for 4.17%, C and D for
12.5%, E for 29.17%, and F for 25% of the total observational period.

3. Results and discussion

Daily average SODAR data of a particular year throughout the months have been
analysed to derive the mixing height. The daily average seasonal variation of mixing
height during the whole year of observation shown in Figure 3(a-d). Figure 3(a-d) show
the variation of mixing height during different seasons. The daily average values of
mixing height during the four seasons, winter, pre-monsoon, monsoon, and post-mon-
soon have been found to be 555 + 115, 650 + 145, 535 + 145, 365 + 50 m, respectively.
The vertical bars denote the +o standard deviations from the daily mean values. The
minimum values of mixing (365 £ 50 m) during post-monsoon were caused by high
concentration of pollutants, due to low winds speed and temperature the pollutants are
not dispersed and they get trapped below the stability layer which acts as a capping to
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Table 3. Stability class during different weather conditions at New

Delhi.
Sodar structure
Hours Clear day (7 June 2014) Class
00:00-05:00 Tall spiky stable layer D
05:00-08:00 Stable layer E
08:00-09:00 Rising layer C
09:00-16:00 200 m > thermal plumes A
16:00-17:00 200 m < thermal plume B
17:00-19:00 Unstable to stable state condition F
19:00-23:59 Stable layer E
Cloudy day (15 August 2014)
00:00-07:00 Small spiky stable layer E
07:00-08:00 Breaking of inversion B
08:00-13:00 Wave thermal plumes A
13:00-17:00 Cloud thermal plumes B
17:00-18:00 During sunset C
18:00-20:00 Extreme stable condition F
20:00-00:00 Stable layer E
Foggy day (18 December 2014)
00:00-02:00 Stable layer E
02:00-05:00 Neutral condition D
05:00-08:00 Stable and foggy layer E
08:00-11:00 Fog and unstable layer C
11:00-15:00 Thermal Plumes A
15:00-16:00 Moderate unstable B
16:00-20:00 Stable layer F
20:00-00:00 Stable layer E

mixed layer, leads to higher ground level concentration of pollutants (Soni et al. 2010,
2011; Bano et al. 2011; lyer and Raj, 2013). On the other hand, the mixing height in the
pre monsoon were much higher than the other seasons. This was due to the higher
ambient air temperature and wind speed.

The temporal variation of mixing height and meteorological parameters during
different seasons is shown in Figure 4(a-d). The daily average values of mixing height,
temperature, wind speed and relative humidity were found to be 530 + 155 m, 25 + 7°C,
1.53 = 0.70 ms™", 53 + 18% RH, respectively. Maximum value (about 1700 m) of mixing
height was observed in pre-monsoon months, while the minimum value of mixing
height (around 950 m) found in post-monsoon months. Generally, mixing height is
high in between ‘11:00° A.M. to ‘14:00' P.M. in all seasons. The variation in surface
temperature controls the existence of atmospheric convection, which strongly affects
the mixing height (Singal 1997).

The temporal average values of the mixing height during the different seasons and
the corresponding value of meteorological parameters are given in Table 3. The highest
mixing height during convection period was approximately 1550, 1495, 1280, and
1050 m during pre-monsoon, winter, monsoon, and post-monsoon seasons, respec-
tively. The results observed from this present study agree with those reported by Roy
et al. (2011), Singal, Gera, and Saxena (1997), and Zhou et al. (2009).

Based on the observation of SODAR echograms, the mixing height of ABL is changing
continuously. Figure 5(a-d) represent the time series of daily average values of mixing
height and meteorological parameters (temperature, relative humidity, and wind speed).
The vertical bars denote the +o standard deviation from the daily mean. The positive
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Figure 3. Daily average seasonal variation of mixing height from December 2013 to November 2014
during different seasons. (a) Winter, (b) pre-monsoon, (c) monsoon, (d) post-monsoon.
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Figure 5. Daily average variation of mixing height and meteorological parameters from December
2013 to November 2014. (a) Mixing height, (b) humidity, (c) temperature, (d) wind speed.

correlation has been observed between mixing height with temperature and wind
speed during all seasons, whereas negative correlation has been observed between
mixing height and relative humidity. The positive correlation between mixing height
and wind speed during four seasons, winter, post-monsoon, monsoon and pre-monsoon
were found to be 0.41, 0.24, 0.21, and 0.31, respectively. Statistically significant correla-
tion is observed only for winter and pre-monsoon season.

Higher correlation (0.41) has been observed during the winters between mixing
height and wind speed. Similarly, positive correlation between mixing height and
temperature were also found to be 0.08, 0.3, 0.31, and 0.14 during different seasons
namely winter, post-monsoon, monsoon, and pre-monsoon, respectively, without being
statistically significant. In contrast, negative correlation between mixing height and
humidity during different seasons winter, post-monsoon, monsoon, and pre-monsoon
were found to be —0.18, —0.17, —0.16, and —0.06, respectively. AlImost equal negative and
statistically insignificant correlation has been observed between mixing height and
humidity during all seasons, indicates that as the relative humidity increases mixing
height decreases. The results are in agreement with those reported by Roy et al. (2011)
and Myrick et al. (1994).

Figure 6(a-d) show the temporal variation of stability class in different seasons and
SODAR based stability classification information given in Table 1. From Figure 6(a-d), it is
observed that, class A was predominant in pre-monsoon (33.33%) months, followed by
monsoon (29.17%), winter (20.83%), and post-monsoon(12.5%) months during the con-
vection period. In the winter months the stability class E (66.67%) occurs relatively more
during “17:00-09:00" h from evening to early morning. It indicates that nights of the
winter months are relatively more critical stable periods for dispersion of pollutants.
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Figure 6. Stability class and its seasonal and temporal variability. (a) Winter, (b) pre-monsoon, (c)
monsoon, (d) post-monsoon.

The stability class A persists in general up to “16:00" h and is seen to quickly recede to
stability class B and turning through a transitional phase to stability class E within an
hour. During pre-monsoon months class A was predominant from ‘09:00-17:00". These
periods fall under strong convection period of the day while class E (50.7%) was
predominant during 18:00-08:00 h. The wind was highest in pre-monsoon and monsoon
months while the lowest in the post-monsoon and winter months. The low wind speeds
are associated with elevated pollution levels (Papanastasiou, Melas, and Kioutsioukis
2007). If the wind direction is constant the area remains exposed to high pollutant levels
during winter and post-monsoon. As the wind direction changes, pollutants disperse
over a large area. Humidity also plays an important role in affecting the mixing height
(Beyrich 1997; Zhou et al. 2009). The humidity was highest in monsoon and the lowest in
pre-monsoon months. Higher temperature during pre-monsoon period might be due to
the lower humidity. Similarly rainfall might be the reason for higher humidity in
monsoon period.

The stability class predominance during different seasons observed at Delhi is differ-
ent from the study reported by Roy et al. (2011); Roy, Gupta, and Singh (2012) over coal
mine and the gold mine may be due to the difference in synoptic-dynamic meteorology
and regional topography along with local emissions, boundary layer dynamics, dust
transport, monsoon and rainfall, over the observation sites. Gera et al. (2013a) also
reported ABL stability distribution for a decade from 2001 to 2010 over the same site
but for a foggy ABL. The lower latitudes receive more solar energy because of higher
solar zenith angle as compared to higher altitude. The high latitude (28° 38’, 77° 10') at
Delhi might be the reasons for the lower mixing height as compared to Kolar Gold Field
(12° 56, 17° 93') in the different seasons.
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4. Conclusion

The variability of the ABL along with meteorological parameters have been studied in
Delhi area. A LabVIEW-based programme has been successfully developed to plot the
stability class from A to F directly from the mixing height dataset. The LabVIEW-based
programme for stability class analysis has the advantage of increased efficiency and
time management as compared with the existing manual analysis method. From the
seasonal classification of stability class it is observed that, the stability class A has
occurred predominantly for 33.33%, 29.17%, 20.83%, and 12.5% in pre-monsoon,
monsoon, winter, and post-monsoon months, respectively, during the convection
period, whereas class E has found predominantly in winter (66.67%) months followed
by pre-monsoon (58.33%), monsoon (45.83%), and post-monsoon (50.7%) months
during night-time. The wind speed was highest in pre-monsoon and monsoon
months whereas lowest in the post-monsoon and winter months. The low wind
speeds are associated with elevated pollution levels. Stability class along with air
pollutants and meteorological data can be used for the air pollution prediction model
using artificial intelligence techniques such as neural networks, Adaptive Neuro-Fuzzy
Inference System (ANFIS), and fuzzy logic, etc.
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ABSTRACT
Nowadays, the city’s rapid growth of industrialisation, population, human activities, vehicular traffic density,
unplanned urbanisation with poor ventilation contributes to increasing large amount of pollutants
concentration. Atmospheric Boundary Layer (ABL) height is a basic parameter to define the pollution
carrying capacity of any area in a big city. In the time series analysis and prediction of ABL height, the
existing models use linear (AR, ARMA, ARIMA etc.) and non-linear (ANN, ANFIS etc) algorithms, but
these models less capable of identifying the hidden pattern and underlying dynamics of ABL patterns. This
paper presents a Long Short-Term Memory (LSTM) model using deep learning-based algorithms for
temporal/seasonal and annual ABL height prediction and identified the latent dynamics of the ABL height
pattern. The results of the model have been compared with the measurements made by SOnic Detection And
Ranging (SODAR) system. LSTM model is used for prediction and to analyse their performance affected by
the model. The observed ABL height data and model data are used to predict the ABL height by applying
the neural network of LSTM. It is observed from the analysis that the optimal results can be achieved when
the number of neurons is equal to 32, an epoch is equal to 500. To obtain the acceptable accuracy of
prediction, various error-based performance indices have been calculated. Mean Absolute Percentage Error
(MAPE) and relative Root Mean Square Error (rRMSE) have been calculated for the updated network with
predicted values 17.3% and 7.33%, and, for the updated network with observed values 10.62% and 5.95%,
respectively. Also, the performance of the proposed model has been estimated for the annual and seasonal
prediction of ABL height. The results depict rRMSE values (7.49% and 5.59%) as lowest during post-

monsoon for seasonal prediction and (10.29% and 5.86%) highest for annual prediction.

Keywords: atmospheric boundary layer height, LSTM network, SODAR, deep learning

1. Introduction

Atmospheric Boundary Layer (ABL) is a base of life on
the Earth. The ABL includes a fair-weather cloud related
to thermals and a stratocumulus cloud that fills the upper
portion of the well-mixed moist boundary layer (Garratt,
1994). Fog is a form of stratocumulus cloud that touches
the ground, also reported as a special feature of ABL
(Stull, 2012). Continuously increasing atmospheric pollu-
tion and its long-term exposure pose many challenges for
global public health which includes cardiovascular and
cardio-respiratory diseases. It has become a latent need to
accurately monitor the atmospheric variables that allow
for the prediction of air pollution behaviour, to issue
early alarms for the protection of the population. One of
the variables of greatest interest is the dynamical height

*Corresponding author. e-mail: 2006.kirti@gmail.com

of the ABL, the lowest layer of the troposphere is directly
influenced by the Earth surface by means of both natural
and anthropogenic emissions (Koffi et al., 2016).

Many authors discussed soft computing and artificial
intelligence-based model to study the effect of ABL on
the atmosphere and human beings simultaneously
(Terradellas et al., 2005). These models utilised different
techniques i.e. Neural Network, Fuzzy Logic Technique,
Deep Learning, Adaptive Neuro-Fuzzy Inference System
(ANFIS), etc. (Niska et al., 2004; Freeman et al., 2018).
These techniques are used to investigate, simulate, and
analyse complex issues and phenomena in an attempt to
solve real-world problems. The accurate modelling of
ABL height and the realisation of prediction techniques
are of great significance to the pollution control board,
meteorological department, atmospheric scientists to
study the climatic condition for local or remote areas
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(Caughey, 1984; Singal et al., 1994; Levi et al., 2020; Liu
et al., 2020). For example, ABL height is significant in
calculating the pollution carrying capacity in a specific
area. Air quality assessments at the local or regional scale
require for a variety of purposes such as emission control,
air quality forecasts, and implementation of legislation. A
key input to this model is the meteorological data that
require computing the transport, dispersion, and removal
of pollutants. ABL height determines the volume avail-
able for the diffusion of contaminants and also an essen-
tial parameter, i.e. Wind Profile in atmospheric flow
models (Koffi et al., 2016). Besides, ABL height is vital
to air-space study, wind structure of the area, atmos-
pheric stability class, etc. To calculate/measure the ABL
height, there are two methods, viz. in-situ or direct
method (such as tethered balloons, masts, rawinsonde
etc.) and remote sensing method (such as LIDAR,
SODAR, wind profilers) (Bradley, 2007; Lee and Pal,
2017). SOnic Detection And Ranging (SODAR) is one of
the remote sensing instruments (Beyrich, 1997; Emeis
et al., 2008). This instrument works with the acoustic
wave, where the acoustic wave is transmitted into the
atmosphere and gets reflected on to the antenna due to
the inhomogeneous structure in the atmosphere (Gilman
et al., 1946). The output of the SODAR data is plotted in
the form of an echogram, which represents the reflection
of the signal from the atmosphere. This data has been
used for the prediction of ABL height using time series
prediction models. The time series models can be classi-
fied as Linear and Non-linear models. Auto Regressive
(AR), Auto Regressive Moving-Average (ARMA), Auto
Regressive Integrated Moving-Average (ARIMA) and its
variation are linear models. They work on predefined
equations to fit a mathematical model to a univariate
time series (Selvin et al., 2017). These models fail to cope
up with latent dynamics in the data. The advanced soft
computing techniques such as Artificial Neural Network
(ANN), Adaptive Network-based Fuzzy Inference
(ANFIS) system, Genetic Algorithm, and Fuzzy Inference
System, are non-linear models and being successfully
applied for modelling of different parameters such as
ABL Height, pollutant, temperature, etc. (Chelani, 2005;
Rehman and Mohandes, 2008; Ettouney et al., 2009;
Paoli et al., 2010; Kumar and Jha, 2013; Vivas et al.,
2020). However, these models are less capable of identify-
ing the hidden pattern and underlying dynamics of data.
Deep learning algorithms are capable of identifying the
hidden patterns and underlying dynamics in the data
through a self-learning process (Selvin et al., 2017; Zaidi
et al., 2020). In the case of ABL height, the data gener-
ated is enormous and is highly non-linear (Vivas et al.,
2020). Unlike other algorithms, deep learning models can
provide effectively good predictions by analysing the

interactions and hidden patterns within the data. Long
Short-Term Memory (LSTM) is the special type of a
Recurrent Neural Network (RNN) (Hochreiter and
Schmidhuber, 1997; Kawakami, 2008). LSTM is used in
the deep learning methods, that works on the gradient-
based learning algorithm and designed to minimise the
backflow of the error.

In the area of meteorological parameters, time series
analysis using neural network models and deep learning
algorithms have used different input variables for predict-
ing the weather data. The data for time series has been
used for heterogeneous weather information. Vivas et al.
(2020) has applied deep learning for the detection of ABL
height from atmospheric LiDAR signals in Colombia.
Rehman and Mohandes (2008) reported that an Artificial
neural network has used for the prediction of global solar
radiation with air temperature and relative humidity for
Saudi Arabia from 1998 to 2002. Zhao et al. (2019) has
applied the LSTM method to predict RADAR sea clutter
and the performance of a particular method has found
superior over neural network. However, for long term
prediction, the performance of model is not as good as
short-term prediction.

In the present work, the LSTM model has been imple-
mented to obtain the future value of ABL height using
SODAR data. The seasonal and annual variability have
been studied for significant difference in ABL height.
This model incorporates the factor and principle, which
affect performance. Also, the performance of the model
has been quantified for the data of ABL height using the
SODAR system. Further, to estimate the performance of
the model in picture, a time-series comparison of annual
and seasonal ABL height variations is presented. This
work will help to air quality study, seasonal variability
for the Delhi region. Section 2 briefly describes the Delhi
region, SODAR ABL height data. This section also
describes the ABL height LSTM model and architecture.
Section 3 begins with the general result of LSTM network
then describes the annual and seasonal ABL height ana-
lysis and prediction. Section 4 and 5 discuss and conclu-
sions of annual and seasonal ABL height prediction.

2. Data and methodology

Delhi is a site in the northern region of India at 715 feet
above sea level, where it has a semi-arid or steppe cli-
mate, with scorching summers, heavy rainfalls in the
monsoon months, and cold winter (Ramachandran et al.,
2012; Kumar et al.,, 2017b). There are dust storms in
summer and foggy mornings in winter. The temperature
gradually rises to 46°C in the summer and falls to 2°C in
winter (Roy et al., 2011). In the winter months, tempera-
ture inversion and low wind speed are the leading causes
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Table 1. Designing specifications of CSIR-NPL monostatic SODAR.

Transmitted power (electrcical)
Transmitted power (acoustical)
Pulse width

Pulse repetition period
Operational range

Receiver bandwidth

Frequency of operation
Acoustic velocity

Receiver Gain
Transmit-receive antenna
Receiver area

Preamplifier sensitivity

90 Watts

15 Watts

100 ms

4sec

1000 m

50Hz

2250 Hz

340 m/s (average)

80dB

Parabolic reflector dish surrounded by conical acoustic cuff
2.5sq. m

The fraction of a micro-Volt
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Fig. 1.

of the accumulation of airborne pollutants in Delhi.
Delhi, being the capital of India has been chosen as the
site for the installation of the SODAR as it faces exten-
sive change in the atmosphere (Figure 1).

SODAR system was developed at CSIR-NPL in 1973
and modified from time to time. The system is installed
on the roof of the main building, CSIR-NPL, New Delhi.
Table 1 shown the design specifications of SODAR sys-
tem which are used for measurement of ABL height
(Gera et al., 2011; Kumar et al., 2019). The data of ABL
height is obtained in the echogram, which is shown in

Monsoon Map of India and SODAR system installed at Delhi (Courtesy: www.mapindia.com).

Fig. 2 and measured by visualisation (Kumar et al.,
2017a, 2017b). In this study, the data set has a temporal
value (1hour=one value) for one year (I Dec 2018-30
Nov 2019).

2.1. Basic of LSTM network

LSTM network predicts the next moment state based on
the data at the previous moment state (Zhao et al., 2019).
From Fig. 3, it has been observed that the most
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Fig. 2. 24hours echogram of SODAR system.
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significant difference between ordinary RNN and LSTM
is the hidden unit. In LSTM network, the hidden layer
does self-looping, which can be seen as multiple copies of
the same neural network, and each neural network mod-
ule passes the information to the next level. It is also rec-
ompensed for the incapability of RNN to predict long-
distance relationships (Hochreiter and Schmidhuber,
1997). It is used due to the famous part of the current
deep learning field to solve the time-series prediction
problem. A neural network contains one input layer, one
output layer, and many intermediate layers, which are
called the hidden layer (Soni and Parmar, 2020). The out-
put of the input layer appearances, the input of the first
hidden layer, and the output of each hidden layer consti-
tutes the input of each subsequent hidden layer (Kumar
et al., 2015). LSTM is a type of RNN but the usually

hidden layers are replaced with LSTM cells and these
cells are composed of various gates that control the input
flow (Selvin et al., 2017; Zhao et al., 2019). An LSTM
cell consists of input gate (consist of input), cell state
(runs through the entire network and has the ability to
add or remove information with help of gates), forget
gate (control level of cell state reset/forget), and output
gate (control level of cell state added to hidden state).
The details of architecture of LSTM network have been
described in Hochreiter and Schmidhuber (1997) and
Kawakami (2008).

2.2. Sodar ABL height prediction model

Figure 4 represents the block diagram of development of
the ABL height LSTM network prediction model for the
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!
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Fig. 4. Block diagram of the LSTM ABL height model.

training and testing of the network. Block diagram
depicts that the LSTM prediction network could uninter-
ruptedly pass the ABL height characteristics, i.e. from the
current step to the next step, and predicate the next point
from the previous point. Thus, it predicts the temporal
ABL height. While creating the LSTM prediction model,
the input data are a set of temporal ABL height, that is
measured by the SODAR system.

For the solving of ABL height prediction problematic,
the input data are a set of ABL height temporal series.
As the series progresses, the hidden layer of the previous
point will affect the hidden layer of the next point. This
feature is of great help to the ABL height that has a spe-
cific nonlinear relationship between the previous data and
the last data. Therefore, the configuration of LSTM net-
work was a sequence-to-sequence regression and trained
from Back Propagation Through Time (BPTT). It is
observed that as time increases, the values are also chang-
ing with a specific time, and there is some periodic
change. From the above observation, LSTM neural net-
work model is good for nonlinear parameter.

To check the generalised capacity and accuracy of
model, first 90% of the input data are selected as the
training set, and the last 10% as the test set, due to
checking the pattern of convection and inversion period

_ — Prediction 2

Compare Prediction 1 and
D —* Prediction 2 Data with
testing data

of ABL on temporal basis and below functions are
selected as performance measures of prediction model:

Root Mean Square Error, RMSE

= \/ % Z:;l (Predicated; — Measured;)*

Relative Root Mean Square Error, rRMSE

_ lzn Predicated;— Measured; 2
T\ ni= Measured;

Mean Absolute Error, MAE

1 n
= ;Z|Predicatedi — Measured,|
=1

Mean Absolute Percentage Error, MAPE

100y
n

Predicated;— Measured,;
Measured,;

i=1

In this paper, the pre-defined Deep Learning Models
available in the Deep Learning toolbox of MATLAB
R2019a software is used for deep learning training. These
pre-defined networks are retrained and fine-tuned on aug-
mented training and validation sets with SODAR ABL
height data. For the better fit, to prevent the training and
testing from diverging, the data are standardised with



6 N. KUMAR ET AL.

zero mean and unit variance (Unal et al., 2003). The net-
works are trained using ‘adam’ function as an optimiser
(Kingma and Ba, 2014). LSTM network architecture

parameters are defined in Table 2.

Table 2. LSTM architecture parameters.

Network parameters Value
Gradient decay factor 0.9
Squared gradient decay factor 0.9990
Initial learn rate 0.005
Learn rate schedule Piecewise
Learn rate drop factor 0.20

Learn rate drop period 125%
Gradient threshold method 12 norm
Gradient threshold 1

Verbose frequency 50
Validation frequency 50

Shuffle once
Sequence length Longest
State activation function tanh

Gate activation function sigmoid
Input weight initializer glorot
Recurrent weight learn initializer orthogonal
Bias initializer Unit-forget-gate
Bias learns rate factor 1

“Drop the learning rate after 125 epochs by a factor of 0.2.

RMSE

The performance of the prediction model is quantified
for the test set and used for estimating the RMSE,
rRMSE, MAE, and MAPE. The calculated error is lower
than to gets a higher accuracy of the prediction model
(Adnan et al., 2020; Kumar et al., 2021).

The input data set has a nearly one-year data point.
When the complete data set is used in each training pro-
cess, the gradient cannot be corrected, and the network
cannot converge to the global optimum. The size of the
mini-batch is selected with care such that the whole data-
set is to be passed through the network every epoch dur-
ing training and no data is discarded. The experiment is
done for ABL height prediction models using the
3months data (1 April 2019 to 30 June 2019). During
this period, available data is continuous and more
dynamic in nature. Also, the change in ABL height is
maximum during May month. In this paper, two types of
predictions are presented. Firstly, the network is updated
with previously predicted values as input to the function,
which is called Prediction-1 and secondly, the network is
updated with observed values instead of the predicted val-
ues, this is called Prediction-2. When the LSTM network
completes the one loop, i.e. the input ABL height data
set passes through the network once and returns once,
the process is called an epoch.

0.2
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Fig. 5. Training progress with hidden layer 32 and Epoch 500.
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Table 3. Comparison of accuracy of LSTM model.
Prediction-1 Prediction-2
Hidden layer RMSEI1 rRMSEI1 MAEI1 MAPEI RMSE2 rRMSE2 MAE2 MAPE2
Max epochs — 500
2 790.3 24.69 617.5 72.37 315.69 9.86 197.41 17.11
5 317.83 9.93 199.61 20.22 212.48 6.64 133.99 12.74
10 270.58 8.45 181 20.1 214.71 6.7 130.24 12.29
20 250.93 7.84 175.36 18.27 202.13 6.31 121.86 11.43
25 289.34 9.04 197.85 20.47 204.76 6.39 120.59 11.43
28 290.05 9.06 198.89 22.33 205.31 6.41 118.31 11.25
30 2354 7.35 166.91 17.31 192.01 6 114.01 10.96
35 272.51 8.51 194.47 19.56 197.15 6.16 117.52 10.87
50 264.61 8.26 186.84 19.27 192.48 6.01 112.21 10.54
100 291.14 9.09 205.52 21.92 198.86 6.21 116.06 11.11
Max epochs — 250
32 373.89 11.68 250.20 24.37 193.66 6.05 115.99 10.90
Max epochs — 750
32 271.66 8.48 189.62 20.68 193.35 6.04 112.08 10.77
“Red colour row shows best prediction result.
Forecast with Updates
. rw ﬁ . Observed |
= A ' " ' Predi
E 1500 N fa [ 4 ﬂ I f y [ Predicted
£ |V"“\‘ | ‘ t
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s | | T ]
: 1] ‘ ¢
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5 (e
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RMSE = 193.8578
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Fig. 6.

Time (hours)

Table 4. Statistical analysis of LSTM model with hidden layer 32 and epoch 500.

Prediction result LSTM Network update with observed values (Prediction-2), hidden layer 32 and maximum epochs 500.

Parameter Training data Test data Prediction-1 data Prediction-2 data
Mean 737 837 849 852
Median 430 551 547 400
Kurtosis -1.22 -1.67 -1.66 -1.71
Skewness 0.56 0.35 0.32 0.26
Coefticient of variation 0.80 0.68 0.72 0.78




Performance evaluation of the experiment for ABL
height LSTM model has been obtained for the optimal
parameters. The testing is done for two parameters, i.e.
hidden neuron and epochs with constant data set (2160
data point). To avoid overfitting, the networks are
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Fig. 7. Comparison of Line Plot of Observed ABL Height and Predication ABL Height.
Table 5. Comparison between NAR and LSTM Model.
NAR Prediction-1 Prediction-2
RMSE 259.65 220.31 193.85
MAE 164.97 167.12 113.72
Annual Monthly Variation
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Fig. 8. Annual ABL height Temporal and Monthly variation.
3. Results

trained using different hidden layer varying in the range
(2, 5, 10, 20, 30, 50, 100, 35, 28, 32, respectively) with
different epochs (250, 500, 750). The network (32 hidden
layer and 500 epochs) training progress is shown in Fig.
5, which provide the best result from among other
combination.
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Table 6. Monthly ABL height variation during different hours.

Average ABL height (m) during

Corresponding hour

Maximum ABL of maximum ABL

Day Remaining
time hours

Month height (m) height (hrs) (09:00-18:00 hr) (19:00-08:00 hr) Diurnal average (m)
December 1255 13:00 795 170 435
January 1120 13:00 710 200 415
February 1565 13:00 1125 265 620
March 1360 12:00 1035 185 545
April 1435 13:00 1145 225 615
May 1745 12:00 1480 350 810
June 1635 13:00 1475 325 795
July 1520 12:00 1380 325 760
August 1410 12:00 1305 260 690
September 1485 14:00 1280 190 645
October 1445 12:00 995 225 550
November 1405 11:00 850 230 490
a. Annual Forcast
2000 T T T T T
E 1500 |
=
3 1000 |
=
—
2 s00 [
0
0
1000 [
500 ¢
s &
L o
-500
-1000 " " . " N
100 200 300 400 500 600 700
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Fig. 9. Prediction result LSTM Network update with predicted values (Prediction-1), hidden layer 32 and maximum epochs 500.

Results obtained after testing is shown in Table 3 and
Fig. 6. It has been observed that as the epochs and hid-
den layer (neuron) increases, the error value on the test
set and training set both decreases. Table 3 shows that
after certain epochs and the number of hidden layers and
the error value increases, i.e. the prediction accuracy
is improving.

To check the uncertainties in the LSTM model, differ-
ent parameters have been calculated and represented in
Table 4 and Fig. 7. It has been observed that the testing
values and predicted values have followed the same

pattern. Figure 7 shows the line plot of temporal average
of testing ABL height data and prediction ABL height
data. In the LSTM model, Prediction-1 represents the
updated network with predicted value (1650 m maximum)
and Prediction-2 represents the updated network with
observed values (1700 m maximum), with respect to the
highest value of ABL height from SODAR 1775m.

Also, Non-linear Auto Regressive (NAR) model is
used to predict the ABL height using the predefined
model of MATLAB 2019a. The maximum value of errors
is obtained for each model is shown in Table 5. It has
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Fig. 10.  Box plot of temporal seasonal ABL height.

been observed that Prediction-2 model values are more
accurate than the NAR model. However, NAR model is
used for the information from previous lags to predict
future instances. The ABL height is highly dynamical in
nature for day-to-day atmosphere. This causes a learning
problem to NAR architecture and fails to capture the
dynamical changes accurately.

3.1. Analysis and prediction of annual ABL height

The ABL is a zone having nearly constant potential tem-
perature and specific relative humidity with height. ABL
height determines the volume available for dispersion of
pollutants and characterises the structure of the lower
atmosphere. Higher the value of mixing height, the
greater is dispersion rate and vice versa. Based on the
observation of SODAR echograms, the ABL height is
changing continuously. So, the box plot is used to inter-
pret the data (Frigge et al., 1989; Williamson et al.,
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1989). The box plot uses the median, the approximate
quartiles, and the lowest and highest data points to con-
vey the level, spread, and symmetry of a distribution of
data values. Every box has a central mark, which indi-
cates median value and whereas the bottom-line repre-
sents the 25th percentiles, and top-line indicates 75th
percentiles of the data. The whiskers cover the most
extreme data points and the outliers have plotted indi-
vidually using the '+’ symbol. Figure 8 represents the
annual variation of temporal ABL height and Month
average. The vertical bars denote the = o standard devi-
ation from the temporal average. Figure 8 and Table 6,
presents the temporal average SODAR data for about
one year (December 2018 to November 2019).

The annual ABL height data have been used to
retained LSTM model to predict the annual temporal
ABL height. The result obtained shows the Prediction-2
model has the lowest RSME (187.71m). Figure 9,
Prediction-1 model provides a good result for 30days
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Fig 11.

with RSME value (329.55m). During convention period,
the predicted ABL height is lower than observed, which
increases the error. Also, the annual data set has been
applied on NAR model and obtained a higher RSME
value (261.80 m) compared to Prediction-2 model.

3.2. Comparison and prediction of seasonal
ABL height

Total data set has been classified into four seasons based
on meteorology over northern India (Soni et al., 2011;
Ramachandran et al., 2012; Kumar et al., 2017b) namely,
winter  (December-January-February),  Pre-monsoon
(March-April-May), Monsoon (June-July-August-
September) and Post-monsoon (October-November) for
the analysis of seasonal ABL height. The temporal sea-
sonal variation of mixing height during the whole year of
observation is shown in Fig. 10. It is observed that the
convection period is most extended during monsoon and
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Seasonal ABL height Prediction result from the update network state with predicted values (Prediction-1).

lowest during the post-monsoon. The maximum value
(about 1510 m) of mixing height has been observed in the
pre-monsoon season, while the minimum value of mixing
height (around 1315m) is found during the winter season.
The monthly average ABL Height during different hours
has been represented in Table 6 and found that in May
month (Pre-Monsoon season), ABL height is the highest
and lowest in January (winter season).

ABL height has a positive correlation with temperature
and wind speed, whereas a negative relationship with
relative humidity (Kumar et al., 2017b). Temperature and
wind speed influences positively to the ABL, while rela-
tive humidity influences negatively to the ABL heights,
during all the seasons due to an increase or decrease in
solar heating. The convective boundary layer height
increases and decreases during the day time due to the
change in surface temperature. The variation in surface
temperature carbon monoxide mixing ratio the existence
of atmospheric convection; therefore, it strongly affects
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Table 7. Comparison of seasonal prediction of ABL height.

Hidden layers — 32; Max Epochs — 500

Prediction-1

Prediction-2

NAR models
Data point RMSEl rRMSEl MAElI MAPEl RMSE2 rRMSE2 MAE2 MAPE2 RMSE
Annual 6984 329.55 10.29 200.13 23.35 187.71 5.86 118.78 17.04 261.80
Winter 1776 247.25 7.72 181.83 19.59 187.77 5.86 125.81 13.19 307.33
Pre-Monsoon 2016 266.30 8.32 182.99 20.02 181.18 5.66 116.24 11.04 24591
Monsoon 2088 300.47 9.38 187.14 15.62 255.45 7.98 151.71 12.74 281.25
Post-Monsoon 1104 239.70 7.49 163.73 25.15 178.92 5.59 118.57 15.17 250.94

the height. Generally, it is high between 11:00 to 14:00
during all seasons. Mixing height starts decreasing due to
the decrease in solar heat during the evening. The ABL
height during the convection period is found 1510m,
1485m, 1395m, and 1315m in pre-monsoon, monsoon,
post-monsoon, and winter seasons, respectively.

All the season data is used for the prediction of sea-
sonal ABL height. Both LSTM models are retrained and
tested with seasonal data and to obtain the result for the
prediction of seasonal ABL height. Figure 11 represents
the seasonal ABL height prediction result from the
Prediction-1 model. It is observed that when the predic-
tion days increases the accuracy of Prediction-1 model
decrease. Seasonal data is used to retrain and test the
NAR model. It has been observed that the NAR model
gives a higher RSME value.

4. Discussion

The four season’s data sets of the ABL height in different
atmospheric conditions are selected to train the LSTM
model. Then, the trained prediction model is used to pre-
dict the ABL height of each season to compare with the
annual prediction (Figures 9 and 11). The predictions
ABL height shows a comparable result with the SODAR
data, especially over transition period (from inversion to
convection or vice versa). Table 7 shows the error of
ABL height prediction using the LSTM network, which
is lower in winter season and higher in annual data.
Whereas error in all conditions of Prediction-2 is lower as
compare to Prediction-1 and NAR model. But the related
error generated by Prediction-1 is not much higher as
compared to Prediction-2. The LSTM network model is
providing high prediction accuracy as compared to NAR
model. The LSTM models simulate the seasonal ABL
height reasonably well, i.e. inferred from the periodicity
in the ABL height time series. It also provides reliable
ABL height simulations and predictions at any sites
where the yearly ABL height pattern remains somewhat
similar. It is observed that ABL height is highest in the
convection period (daytime), do not follow any

periodicity and somewhat errors are highest during this
period. These LSTM models are useful to the pollution
regulatory body to control atmospheric pollution.

5. Conclusion

A neural network based temporal ABL height prediction
is presented in this paper. It has been observed that
LSTM neural network architecture is capable of captur-
ing the hidden dynamics of temporal ABL and able to
make predictions. The critical point of this approach is
the decomposition of the temporal data into seasonal and
the annual prediction of ABL height. Application of
LSTM instead of classical neural network has enabled to
obtain better accuracy of the seasonal prediction and,
aggregate annual data. The proposed model is applied to
ABL height data measurement using the SODAR system
situated at CSIR-NPL, Delhi. The obtained results of
prediction are in good agreement with the actual meas-
urements. It is found that the optimal results achieved in
short training time, when the number of neurons is equal
to 32 and epoch are equal to 500, which provide accurate
prediction result to obtain a long-term prediction. The
LSTM model has foundation for the next step of accur-
ate prediction of ABL height. Two types of prediction
LSTM model have been applied for prediction of annual
and seasonal ABL height. Both the models have provided
good accuracy as compared to NAR model. These
LSTM networks will apply to a different environmental
parameter to find out the atmospheric condition
in future.
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Abstract: The performance improvements of SOnic Detection And Ranging (SODAR) necessitate designing efficient
acoustic antennas for the Atmospheric Boundary Layer (ABL) measurements to enhance the data availability of weak
echoes. An efficient acoustic antenna needs to optimize electrical to acoustic and acoustic to electrical conversion effi-
ciency measured at the antenna axis. It also needs to provide a good directional response and to handle atmospheric noise.
Acoustic antennas designed using moving-coil transducers, parabolic dish and acoustic baffle should provide better
characteristics. In the present research work, several types of Acoustic Composite Material (ACP) for acoustic baffle have
been tested to their characteristics Sound Transmission Coefficient (STC) and Noise Reduction Coefficient (NRC). Based
on these characteristics, the whole testing is performed in the reverberation chamber and a comparative study of trans-
mission loss and absorption is elaborated. It is concluded that baffle (ACP sample 2 with foam) is the suitable material with
STC (34) and NRC (0.98). Also, an acoustic antenna has been designed using ACP sheets with foam and tested all the
components i.e. transducer, disc and baffles in the acoustic anechoic chamber and reverberation chamber, to analyse the

axial transmit and receive conversion efficiencies and directional response.

Keywords: Atmospheric boundary layer; SODAR; Acoustical antenna; Acoustical baffle

1. Introduction

The Acoustic Sounder or SOnic Detection And Ranging
(SODAR) system is an excellent tool for the study of the
lower troposphere layer (i.e. Atmospheric Boundary Layer
or ABL) [1]. This instrument is providing the wind profile,
turbulence intensity and ABL structure or stability class
[2]. It is a remote sensing device, based on the sound wave
[3]. This instrument has advantages like lower cost,
robustness over another instrument, which is used for ABL
study. It has a limited range that depends on the acoustic
frequency being used and on atmospheric attenuation
[4, 5]. The SODAR estimates atmospheric structure and
height by measuring the total acoustic energy scattered by
the atmosphere. So, a basic component of the SODAR
system is a transmitting system to illuminate the turbulent
region with acoustic flux and a sensitive receiving system
to detect the scattered flux [6]. In both cases, the SODAR
antenna (acoustic antenna) is an important component. This
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antenna assists in transmitting the signal in the narrow
beam and highly directive microphone in receiving mode
[7]. The transmit and receive conversion efficiencies of the
transducer have been measured in the return power. In
addition to this, the atmospheric noise is one of the known
components which degrade the functioning of SODAR [8].
For the operation of SODAR in a specific site, the atmo-
spheric noise should be less than 35-40 dB. Further, the
spatial resolution temperature structure increases at higher
operating frequencies; however, the transmitting sound
attenuation also increases [9, 10].

Based on antenna design, the SODAR system is divided
into three types, namely Mono-static, Bi-static and Tri-axis
[11]. These all types of Antenna need acoustic baffles or
shield around the antenna for the removal of atmospheric
noise [8, 12, 13]. The two primary non-random noise
sources for a SODAR are reflections of the sound pulse
from non-atmospheric substances (“fixed echoes” or
“clutter”) and environmental noise from vehicles, birds,
construction, animals, etc., reaching the SODAR antenna.

The noise sources have been considerably reduced by
using an acoustic baffle to shield the SODAR antenna. It is
worth considering how small the sound intensity needs to
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be if reflected off a perfectly reflecting object, so as not to
compete with the turbulence signal. Although commercial
SODARs have marketed without covering acoustic baffle,
SODAR systems have not been efficacious. The baffle
must be designed to primarily absorb the noise (at least
30-dB absorption/transmission) and not to reduce the main
beam [14]. The perfect baffle material should make a non-
reflecting, absorbing and non-transmitting shield [2].
Commonly, fibreglass or marine plywood treated on the
inside with acoustic foam is used [4]. Some of the acoustic
baffles have a slim lead sheet joined to the fibreglass or
wood substrate. This type of creation is generally adequate
to stop any important sound energy from penetrating
through the acoustic baffle walls.

With the SODAR dish, the acoustic baffle is a hexagonal
or cylindrical frustum [10]. Maximum baffles have straight
edges, though some past SODARs used horn-shaped baf-
fles in which the uppermost rounded away from the
SODAR perpendicular axis. Such type of configuration is
probably based on the use of horns to a couple of small
speaker drivers to the atmosphere. Though, the application
is much changed from speaker horns, as the scales are
much higher than a wavelength and acoustic impedance
matching is not related [2]. In the case of mono-static
SODAR, the acoustic baffle requirements to have a more
wide-range departure to the slanted beams, which do not
cross the baffle edges excessively. The topmost rim of the
baffle is the adjacent field of the SODAR beam. Though,
complete estimations have revealed that far-field estimates
are usually adequate to improve a design [2, 4, 7].

The actual problem with recording appropriate data at a
lower height is the antenna and the baffle shielding are
possible to “ring” for some time afterwards the transmit
pulse. It is not merely the time taken for sound to travel
along with the baffle and back to the speakers, as a typical
speed in a complex wooden baffle might be around
103 m s~', and for a length of 2 m, this would only give an
arrival time of 4 ms [2], which is the best configurations
effort to damp any reverberations. It has been achieved
using “soft” ingredients for the acoustic baffle. Moreover,
the difficulties with reverberations are likely to disturb data
of the last 6-10 ms timespan [15].

Council of Scientific and Industrial Research-National
Physical Laboratory (CSIR-NPL), being the National
Measurement Institute (NMI) of India, has the statutory
responsibility to create, continue and advance the national
standards of calibration and testing facilities for different
parameters [16, 17]. It has a strong base in the research and
development of Acoustics and Vibration (A&V) metrol-
ogy. A conventional mono-static SODAR or acoustic
RADAR developed in India in 1975 then advanced to a
computer-controlled SODAR system in 1981 [18]. It has
been successfully operating at CSIR-NPL, New Delhi and
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Central Pollution Control Board (CPCB), New Delhi since
its development [11, 19]. Now, CSIR-NPL has developed a
LabVIEW-based software for a new design of mono-static
SODAR, data acquisition and control system with mini-
mized hardware elements. It is a user-friendly system that
runs without problems like less sensitivity to ambient
noise, noise from the rain hitting antenna, ground clutter
and strong spurious signals from nearby objects and pro-
vides continuous real-time data on the dynamics of ABL
thermal structures. The improved SODAR system has been
integrated with a new acoustic antenna.

The preliminary study shows that a highly directional
acoustic antenna, recording system, background noise and
choice of frequency affect the operational efficiency of a
SODAR system [2]. The directivity of the acoustic antenna
determines the amount of energy from a transducer to
project the scattering region for determining the amount of
clutter and background noise in receiving mode. The pre-
sent work aims to study the Aluminium Composite Panel
(ACP) for antenna baffles. The samples have been assem-
bled with different configurations of ACP sheet-mounted
and acoustic foam. Acoustic baffles have been designed
and fabricated using a suitable ACP sheet. Also, the design
and construction details of the complete SODAR antenna
have been described with salient features of a result
obtained.

2. Mechanism of SODAR Echoes

For any volume of atmospheric air, it undergoes continuous
small-scale refractive index variations [1]. These variations
provide tracers for the scattering of the acoustic beam. The
fluctuations usually arise when turbulence occurs within a
region of refractive index gradient associated either with
temperature inversion or with convective activity [9].
Energy has scattered from turbulent temperature fluctuations
of half the acoustic wavelength. The scattering is most sig-
nificant when the wavelength is minimum. Temperature
inversions alone (without turbulence) probably do not have
sufficiently strong temperature gradients to provide signifi-
cant echoes directly [10]. Turbulence fluctuations proper
scale accompanied with atmospheric stratification other than
neutral is generally necessary to produce the scattering. It has
been found that small-scale temperature variations produced
by turbulence in a region of atmosphere having a vertical
temperature gradient other than dry adiabatic are responsible
for causing an acoustic echo [5]. The refractive index
structure parameter represented by the temperature structure
parameter Cr (“K m™") and Richardson number R; (a
measure of turbulence and unitless number) are related as
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cr=(%) (&) (1)
where R; = % (2)

(&)
d:
g = acceleration due to gravity, § = mean temperature

o mean potential temperature gradient
z

(;—: = mean wind speed gradient

where z = height, f(R;) = function of Richardson number.
This relationship indicates that the variations of Crinvolve
the gradients of temperature and wind speed.

The received powers represent the echoes from random
fluctuations of temperature at a scale size of half the
wavelength of the interrogating waves and thereby provide
information about the thermal in-homogeneities in the
lower atmosphere [20]. If the signal is lost due to sound
attenuation throughout the trip, then scattering volume and
beam spreading has taken into account. The received power
has given a measure of Cr which in turn provides a mea-
sure of the intensity of temperature fluctuations [1-5]. The
backscattered acoustic energy in pascal is given by

cTtA.L
P,=P.oc.—— 3
4 2 R? (3)

where o is the scattering cross-section (m?), ¢ is the speed
of sound (m s~ '), T is the pulse width (s), R is the range
(m), A is the antenna area (m?), L is a factor containing the
equipment efficiencies, antenna gain (dB) and the atmo-
spheric absorption (dB), P, is receiving power (Pa), P, is
the transmitting power (Pa). According to Eq. 3, the
antenna is capable of transmitting or receiving energy in a
narrow-angle with side lobes as low as possible [2, 7]. For
this purpose, a parabolic dish with a horn-loaded transducer
at its focus is used in the directional antennas [4]. The

Fig. 1 Acoustic Antenna
a Acoustic Transducer
b Acoustic Baffle

acoustic antenna has been divided into two parts, i.e.
acoustic transducer and acoustic baffle, as shown in Fig. 1.

3. Aluminium Composite Panel and Their Acoustical
Characteristics

The ACP sheet is a sandwich panel, constructed from two
sheets of aluminium bonded to a core [21]. Figure 2 shows
that a low-density core inserted between two relatively thin
skin layers of aluminium. The core is commonly poly-
ethene (PE) or polyurethane (PU) or mixes low-density
polyethene and mineral material to exhibit fire-retardant
properties [22]. This sandwich setup allows us to achieve
excellent mechanical performance at minimal weight. This
type of panel is frequently used for external cladding or
facades of buildings, insulation and signage board. ACP
sheets have been used owing to low cost, durability and
efficiency. Also, it has the properties of flexibility, low
weight and easy forming and processing allow for inno-
vative design with increased rigidity and duration.

For the selection of acoustic antenna baffle material, two
types of tests have been performed: sound transmission loss
and sound absorption. In the first phase of the work, dif-
ferent kinds of ACP sheet are examined for their sound
transmission loss properties in the reverberation chamber
for the frequency range of 1004000 Hz. From the sound
transmission loss, Sound Transmission Coefficient (STC)
has been calculated for different ACP sheets. STC has been
introduced as the method for comparing different wall,
ceiling, floor, door and window assemblies [23]. STC has
been calculated by taking the transmission loss values
tested at 16 standard frequencies over the range of 125 Hz—
4000 Hz. The sound transmission loss of sound-insulating
material has been measured in the laboratory through the
measurement of the one-third octave band levels L, and L,
at the source and receiver chambers, respectively, and
reverberation time 7 of the latter.

$2F 3
SODAR
ANTENNA

-
-
-
o
-
.
-
-
-
-
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Layer 1 Aluminium Sheet

Layer 2 Core

Laver 3 Aluminium Sheet

Fig. 2 Aluminium Composite Panel (ACP)

L:LS—L,JrIOIn% ()
where L = Sound Transmission Loss, dB. A = area of the
sample, m>. V = volume of the receiver chamber, m>.

In the second stage, the sound absorption property of
panel and acoustic foam has been tested as per standards.
For the sound absorption, Noise Reduction Coefficient
(NRC) has been calculated for the sound-absorbent mate-
rial (acoustic foam) with a selected ACP sheet. The NRC is
a scalar representation of the amount of sound energy
absorbed upon striking a particular surface. An NRC of 0
indicates perfect reflection; an NRC of 1 indicates excellent
absorption. It is the arithmetic average, the absorption
coefficients for a specific material and mounting condition
are determined at the one-octave band centre frequencies of
250, 500, 1000 and 2000 Hz. Absorption coefficients have
been used to calculate NRC to determine in the reverber-
ation rooms of qualified acoustical laboratory test facilities.
The sound absorption of sound-absorbing material has
measured in the laboratory through the measurement of the
one-octave band levels,

553%V 1 1
Sound Absorption, o = * {

s% (331 +0.6 1) Ts_i] )
where V = Volume of Room, m>.
s = test sample area, m?>.
t = Temperature of Room, oc.,
T, = Reverberation time with Sample, sec.
T, - Reverberation Time without Sample (Empty Room),
sec

050 + 0500 + %1000 + %2000

NRC
4

(6)

NRC is most widely used to rate general acoustical
properties of acoustic ceiling tiles, baffles, banners, office
screens and acoustic wall panels. Higher STC and NRC are
generally better, though not always due to low-frequency
problem. Here, the material has been mainly used for a

@ Springer

higher frequency; therefore, the high value of STC and
NRC is needed.

4. Results and Discussion

The antenna is designed and fabricated to study the lower
atmosphere. The fibre parabolic dish designs with an
aperture diameter of 1.2 m, depth of dish 0.22 m for the
antenna. A commercial driver unit (60 watts RMS/90 watts
maximum) is fitted with a fibre exponential horn on a tri-
pod stand at the focus of the dish with a height of 0.60 m
from its apex. Figure 3 shows the whole combined dish,
horn and driver unit. The directional response of this
antenna system at frequencies of 1000 Hz, 2000 Hz and
2500 Hz is provided in Fig. 4. It shows that the ninety-
degree side lobe suppression is around 15 dB, 20 dB and
25 dB at 1000 Hz, 2000 Hz and 2500 Hz, respectively.
The main lobe has a width of 4 12° at 1000 Hz. The
maximum impulse output has been measured without the
dish 110 dB for an input of 60 watts, and with the dish, it
increases to 136 dB at 1000 Hz using a standard sound
source. The receiving sensitivity of the system is 12.5 mv/
pbar under free field conditions.

The characteristics of the parabolic dish show in a
receiving transducer with a B&K pre-polarized free-field %2
inch microphone type 4189 of open-circuit sensitivity -
26.9 dB (1 V/Pa) with 0.2 dB uncertainty (95% confidence
level) fixed at its focus. It has been observed that the gain
in the received signal due to the paraboloid reflecting
surface is of the order of 25 dB (approximate). The
received signal has been reduced by 10 dB in case the
sounding source moves by an angle of £ 20° on either side
of the axial line of the paraboloid surface or 25 dB side-
lobe rejections at 90°. Calculations have been made [2] to
determine the receiving and transmitting power efficiencies
of the antenna transducer. It has been found that receiving
and transmitting efficiencies are determined as 21.3% and
29%, respectively. To make the acoustic baffle, an ACP
sheet has been used after calculating the acoustical char-
acteristics (STC and NRC) of the ACP sheet.

For the calculation of STC (Fig. 5), the sample size is
0.63 m * 093 m * 0.002 m; with a working standard
microphone (associated uncertainty £ 0.2 dB, traceable to
national standards). As per requirement [24-30], the
acoustical material has been tested for its airborne sound
insulation by using two reverberation chambers under
existing environmental conditions. The sample has fixed in
the standard opening window between the two chambers.
The volume of the source room was 257 m3, and that of the
receiving room was 271 m>. Adequate diffusion has been
excited in both chambers. Using filtered noise in 1/3 —
octave band, the airborne sound insulation index has been
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Fig. 3 Transducer testing in Anechoic chamber
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Fig. 4 Transducer response in transmitting mode

evaluated by measuring the average sound pressure levels
generated in the source room and the receiver room, as
shown in Table 1. The evaluated uncertainty in measure-
ment is £ 1.0 dB which is at a coverage factor k = 2 and it
corresponds to a coverage probability of approximately
95% for normal distribution.

To test the NRC (Fig. 5), acoustical material has been
tested in one reverberation chamber under existing envi-
ronmental conditions [24-30]. The sample has been fixed
on the surface of the chamber with a rigid backing to get an
exposed sample area of 12 m? and the chamber’s volume
has 257 m>. A loudspeaker with uniform spherical radia-
tion has been used as the source of sound suspended at a
height of 2.5 m above the floor in one corner and the
microphone has been kept at different locations near the
other corners of the chamber at least 1 m away from any
surface. The measurement has made by using 1/3-octave
bands of random noise and several decay rates have been
determined. The sound absorption coefficient has been
calculated [Annexure I] as shown in Table 2. The evaluated

Table 1 Transmission loss (Frequency response) of ACP sheet

STC = 34

Frequency Ly L, STL
100 99.3 73.5 13
125 104.4 78.1 15
160 107.2 74.6 19
200 107.4 74.2 20
250 105.3 70.9 20
315 103.6 65.7 24
400 104.4 63.6 28
500 103.4 57.8 33
630 102.2 539 35
800 101.3 49.3 39
1000 99.7 46.9 40
1250 100.8 445 43
1600 101.3 425 45
2000 99.2 375 47
2500 100.1 35.6 50
3150 96.6 30.3 51
4000 94.2 28.6 50

uncertainty in measurement is £ 5% which is at a cover-
age factor k =2 and which corresponds to a coverage
probability of approximately 95% for normal distribution.

Table 3 shows that STC and NRC of four different
company’s ACP sheet vary from 31- 34 and 0.04-0.07,
respectively. Four samples of ACP sheet have been anal-
ysed for STC value and selected one of the best samples
which has the highest STC (= 34) value and then made a
combination of that sample with foam and got the most
NRC’s (= 0.98) value. When four combination of different
STC samples with foam have been made, and it was found
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Fig. 5 Testing in a
reverberation chamber a NRC
testing of ACP sheet, b NRC
testing of combined ACP sheet
and Acoustic Foam, ¢ STC
testing of ACP Sheet, and

d STC testing of Acoustic Foam

Table 2 Absorption of ACP sheet with acoustic foam

NRC = 0.98

Frequency T, T, Absorption
100 72 447 0.32
125 7.52 4.75 0.29
160 7.78 341 0.63
200 7.21 2.74 0.86
250 6.17 2.48 0.92
315 5.71 2.17 1.09
400 5.88 22 1.08
500 6.00 227 1.04
630 6.04 2.24 1.07
800 5.52 2.28 0.98
1000 5.37 2.26 0.97
1250 4.7 2.12 0.98
1600 44 2.04 1.00
2000 3.96 1.93 1.01
2500 3.54 1.81 1.02
3150 3.05 1.63 1.08
4000 2.6 1.51 1.05

that the value of the STC is the same, just the value of the
NRC is changing. The combination ACP 2 plus Acoustic
Foam is found suitable for the SODAR antenna baffie.

A hexagonal-shaped baffle with 1.98 m high walls and a
2.13 m diameter has been erected around the horn reflector

@ Springer

Table 3 Different ACP sheet STC and NRC

Sample No STC NRC
ACP 1 31 0.04
ACP 2 34 0.04
ACP 3 31 0.07
ACP 4 32 0.05
ACP 2 + Acoustic Foam 34 0.98

antenna. Each plank of the hexagon used a plain ACP sheet
(1.21 m * 2.13 m) on the outer side and the inner side fixed
with acoustic foam (density 40 kg m™~; 0.10 m thickness).
A hexagonal-shaped structure with its wall sloping slightly
outwards (angle of the slope 9 degrees with the vertical)
has been constructed to work as a baffle. The horn reflector
antenna has been placed at the centre of this baffle. It has
an inside base diameter of 1.53 m to fit the antenna and a
2.13 m diameter at the top. The height of assembly is
determined by the size of panels and the slope by diameter
on the parabolic dish, which is 1.28 m. However, it has
been found that this baffle is very useful and hardly raised
any ringing effects. Figure 6 shows that the testing of
acoustic baffles with a dish in the reverberation chamber.
The whole combined system has been tested in the rever-
beration chamber, and the noise level is found to be
reduced by 32 dB. The baffle is tested in an open atmo-
sphere and it has been observed that an ambient noise level
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Fig. 6 SODAR baffle testing in a reverberation chamber

is reduced by 25-30 dB as compared to the measurement
made inside the baffle.

In the last four decades, Monostatic SODAR has been
operating under varying atmospheric conditions for 24 h
[31-34], now a new SODAR system has been developed

using new acoustical baffles (with ACP sheet). Previously
it was observed that SODAR works on acoustic waves
under-heavy ambient noise due to traffic, birds, etc. This
noise merged with weak SODAR signals and pose a serious
problem in the data processing. Conventionally, effective
acoustical fibre-based baffles are used to surround the
antenna to protect it from ambient noise. The fibre-based
baffles are heavy in construction, less precise, more weight,
costly, etc. Nowadays, the SODAR antenna is installed on
the building floor; therefore, a lightweight acoustic baffle
with high precision and cheaper are required. The ACP
sheet-based baffles are more suited for the SODAR system.
It has been tested to remove the 25-30 dB environmental
noise in the open area. Its operation is carried out contin-
uously for monitoring of ABL height with the new
acoustical antenna. Figure 7 shows the stable and unsta-
ble conditions for the atmosphere on the echogram. These
conditions are the manifestation of thermal in-homo-
geneities within the lower atmosphere caused by diverse
meteorological phenomena.

5. Conclusion

A transmitting system to illuminate the highly directed
signal into the turbulent region and a sensitive receiving
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signal to detect the return scattered signal from the atmo-
sphere are the basic needs of any SODAR system. In the
SODAR system, this feature is provided via a precise
acoustical antenna. For the optimal performance of the
antenna, two factors must be considered: the antenna’s
structure for signal directivity, and the metal sheet of the
antenna frame and the quality of the attached absorbent
material for ambient noise cancellation. Using one moving-
coil transducer, parabolic dish and acoustic ACP sheet
baffle for a unique SODAR system for monitoring the
lower atmosphere, the optimal combination of a new
acoustical parabolic antenna has been devised. The new
design offers economical SODAR system development and
a lightweight acoustic baffle with high precision. The
acoustical characteristics of baffles are calculated (STC =
34 and NRC = 0.98) in the reverberation chamber. ACP
sheet with foam is the most suitable acoustic baffle for an
acoustic antenna design. It is capable of radiating acoustic
pressure as high as 135 dB into a narrow beam in the
atmosphere. It has been observed that the newly designed
antenna slightly improves receiving (21.3%) and trans-
mitting (29%) efficiencies of the signal concerning earlier
antenna. The new acoustical baffles remove the 25-30 dB
environmental noise in the open area. The merits of a new
antenna are very suitable for transportable SODAR appli-
cation for different sites and field experiments.
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Abstract

Sonic detection and ranging (SODAR) echogram provides atmospheric boundary layer (ABL) structure and its height. In the
present research, highly accurate and reliable machine-learning methods have been derived and successfully applied on the
SODAR echogram for the ABL structure. Five feature selection methods and eight classification methods have been studied
in terms of their performance. 133 statistical features have been calculated from 1698 SODAR echogram images. To ensure
the unbiased estimation of different structures, machine-learning methods have been used. Furthermore, ten cross-validations
have been used to find accuracy. It is found that the boosted tree classifier (overall prediction performance 52.02%) has the
highest prognostic presentation with 133 features. After application of the Laplacian method for feature selection, the clas-
sifier (overall prediction performance 62.19%) has the highest prognostic presentation with 20 features. The large variability
analysis indicates the choice of a classification method for performance variation. Identification of optimal machine-learning
methods for SODAR echogram applications is a crucial step towards the ABL structure application, providing an automatic

structure classification method for atmospheric and pollutants studies.

Keywords MATLAB - Boosted tree classifier - Laplacian feature selection - SODAR

Introduction

Amongst several methods such as SODAR, RASS, radio-
sonde, LIDAR, tethered ballon, instrumented tower, etc.,
it has been observed that acoustic remote sensing (i.e.,
SODAR) system of the lower atmosphere can be used to
determine and forecast the atmospheric boundary layer
(ABL) climatological parameters. Hazardous conditions in
air pollution can various times be evaded in case short-term
local weather-predicting of the boundary layer meteorology
becomes available. In studies related to air pollution mete-
orology, information related to atmospheric stability and
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turbulence is essential. In this context, Council of Scien-
tific and Industrial Research—National Physical Laboratory
(CSIR-NPL), New Delhi, designed and developed mono-
static SODAR (SOnic Detection And Ranging) system,
which has been operating from last four decades to study
the thermal stratification, ventilation coefficient, disper-
sion, mixing height, low-level disturbances, stability clas-
sification, depth of the planetary boundary layer, turbulence
parameters, and diffusion characteristics, etc. (Singal et al.
1997; Stull 2012).

SODAR is an important equipment that measures the
real-time ABL height and can be used as a diagnostics tool
in the air quality management for air quality monitoring in
different hazardous conditions which are directly related
to human health problems. Environment impact assess-
ment (EIA) has been made SODAR mandatory wherein
the recommendations have been made (Central Pollution
Control Board, 1992) to site-specific measurements of the
ABL dynamics. SODAR is the only equipment that gives
the pollution loading capacity of the region by measur-
ing the ventilation coefficient. After the occurrence of the
Bhopal Gas Tragedy, SODAR monitoring is necessary for
improving and protecting the environment (Beyrich 1997;
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Stull 2012). Factors that govern the dilution, rise, and spread
of pollutants include wind speed and direction, turbulence
temperature, lapse rate, and ABL height (Little 1969; Singal
et al. 1994, Soni et al. 2017; Makkhan et al. 2020). Thus, to
understand local pollutants transfer and dispersion over an
area, researchers should know the ABL height and the differ-
ent types of ABL structure. During recent years the capacity
of SODAR to map the different types of ABL structure has
increased. The knowledge of these structures is of great use
in air pollutant studies (Kumar et al. 2017b). SODAR is a
comparatively cost-effective and real-time remote sensing
technique employed to deal with all status of air pollution.
SODAR echograms provide unprecedented opportunities
for precision ABL structure studies (Choudhury and Mitra
2004). SODAR echogram is an emerging and promising
field, hypothesizes that the ABL structure provides crucial
information regarding the atmosphere to enhance pollution
studies. In some studies, various ABL structure features in
terms of their predictive abilities and reliability across dif-
ferent atmospheric conditions have been investigated (De
et al. 1998; Choudhury and Mitra 2006; Narayan et al. 2010;
Chandra et al. 2011). Some studies have reported the asso-
ciation between atmospheric structure and atmospheric sta-
bility for the atmosphere and pollution studies (Singal et al.
1997). The manual identification of various kinds of atmos-
pheric structures is a tedious job and made by experienced
personnel. Data mining and machine-learning techniques
were developed to automatically discover knowledge and
recognize patterns from these data.

Machine learning is a computation method, which pro-
vides training data (experience data) to improve perfor-
mance or to make an accurate prediction (Mokarram et al.
2015; Parmar et al. 2015; Dezfooli et al. 2018; Nair et al.
2018; Verma et al. 2020; Zahraei et al. 2020). These meth-
ods are capable of learning data and automate to improve the
prediction process (Martins et al. 2016; Zylshal et al. 2016;
Dutta and Das 2019). In the present paper, an attempt has
been made to compare the different machine-learning mod-
els for ABL structure identification based on the SODAR
echograms and to remove noisy data from the SODAR echo-
grams. Few studies suggest over SODAR structure classi-
fication has used such as algorithm using image processing
and pattern recognition techniques or using fractal features
(Kalogiros et al. 1995; Mukherjee et al. 2002) or neural net-
work-based real-time system classification (De et al. 1998).
Also, in the present work, a large panel of machine-learning
approaches based on existence prediction for their predictive
performance have been investigated for SODAR structure
classification to describe the different types of structure in
the ABL. This work helps in the identification of optimal
machine-learning approaches for SODAR echograms struc-
ture-based predictive studies to enhance the applications of
cost and time effectiveness for ABL studies.
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Theory and data
Acoustic wave in the atmosphere and reflection

When a flexible diaphragm of a speaker moves, it cre-
ates small pressure fluctuations traveling outward from
the speaker resulting in pressure fluctuations in the sound
waves (Bass and Shields 1977). The speed (c), at which
these waves travel is expected to depend on the mechani-
cal properties atmospheric pressure and air density (Evans
et al. 1972; Sutherland and Bass 2004).

When a sound wave meets an interface where the sound
speed changes, some energy from it is reflected, and
remaining energy proceeds over the interface yet with an
adjustment in the direction (Gilman et al. 1946). Accord-
ing to the Huygens principle, each point on a wave front
goes about a point wellspring of spherical wavelets and
taking an unrelated bend to the wavelet before long to
position the propagated wave front. There is no distinct
interface when sound traveling through the air and there is
a continuous change in sound speed due to a temperature
gradient or wind shear (Ford and Meecham 1960).

On account of acoustic travel-time tomography
where the engendering way is a couple of meters on the
ground and reflections may be a major concern. In this
case, reflection from the ground may combine with the
direct line-of-sight signal, causing a much-reduced sig-
nal amplitude (Evans et al. 1972; Bass and Shields 1977).
For this reason, continuous encoded-signal systems may
experience difficulties and short pulses, and sound speed
increases by 0.17% for every degree increment in air tem-
perature (Knudsen 1946).

SODAR

SODAR is an all-around perceived acoustic remote-detect-
ing method (Singal et al. 1985; Stull 2012) that continu-
ously screens ABL thermal structures up to 340-3400 m
heights (Garratt 1994). For this study, ABL height was
been measured by using mono-static SODAR designed
at CSIR-NPL at different frequencies (Singal et al. 1985;
Gera et al. 2011; Kumar et al. 2017b). The technical speci-
fications of CSIR-NPL mono-static SODAR are described
below in Table 1 (Gera et al. 2011; Kumar et al. 2017a):
The SODAR framework was adjusted utilizing a cali-
bration procedure in anechoic chambers at CSIR-NPL
(Danilov et al. 1992). SODAR echogram reflexes pictures
of the turbulence in the lower climate and accountability
for the dispersion of pollutants. The height of the ther-
mal plumes of SODAR during daytime gives an under-
estimated value unless they are covered by a low-level



Modeling Earth Systems and Environment

Table 1 Characteristics of CSIR-NPL (New Delhi) mono-static
SODAR

Parameters Value
Transmitted power (electrical) 90 W
Transmitted power (acoustical) 15W

Pulse width 100 ms

Pulse repetition period 6s

Operational range 1000 m

Receiver bandwidth 50 Hz

Frequency of operation 2250 Hz
Acoustic velocity 330 m/s (average)
Receiver gain 80 dB

Parabolic reflector dish sur-
rounded by conical acoustic
cuff

2.5sq. m

Transmit-receive antenna

Receiver area

Pre-amplifier sensitivity The fraction of a micro-volt

elevated shear echo layer (Singal and Aggarwal 1979;
Singal 2006; Bradley 2007). The below empirical relation
gives the mixing height during the daytime (Singal and
Aggarwal 1979; Gera et al. 2011; Kumar et al. 2017a):

y =4.24x+95, (1)

where y is the ABL height (m) and x is the SODAR-meas-
ured thermal plume (m). An attempt was made to evaluate
the feasibility of the ABL structure with the help of SODAR
echogram and machine-learning techniques. The basic idea
was to establish a standardized procedure for the ABL struc-
ture along with convention manual methods. Figure 1 shows
the basic step followed for the development of the SODAR
echogram-based classification model.

Data collection

Five thousand eight hundred and fifty (1-year dataset)
SODAR echograms have been observed (CSIR-NPL, New
Delhi) for various seasons and classified into different struc-
tures. Only clear structure echograms have been considered
for investigation (1698 echograms). Mainly the ABL struc-
tures are divided into two classes: convective boundary layer
(basically present in the daytime) and stable boundary layer
(mostly in nighttime). Further, ABL structures are divided
into a different category (12 classes) according to their
structure and characteristics as shown in Table 2. Figure 2
shows a pie chart for different ABL structure under SODAR
echograms (Singal and Gera 1982; Chaudhuri et al. 1990;
Kalogiros et al. 1995; De et al. 1998; Choudhury and Mitra
2004, 2006; Singal 2006; Narayan et al. 2010; Chandra et al.
2011; Kallistratova et al. 2016; Kumar et al. 2017a).

The convection layer structure characteristic highlights
the daytime unstable conditions, which disseminates
after the beginning of the sunset and temperature profile
changes its shape (Garratt 1994; Stull 2012). The height of
the convection layer and the amount of dispersion depends
on the different weather conditions. The nature of the
inversion layer in the night depends on the daytime rising
layer and convection height (Kallistratova et al. 2016).

Figure 3a, b, ¢ displays the thermal plume with tall
spikes which has observed during the daytime. These
structures are more common in May due to the high tem-
perature (or solar radiation), because high solar radiations
uncover the height of thermal plumes (generally, 470 m
and can go up to 625 m). In this period, ABL height is
increased because dispersion areas of pollutants are
more (Singal et al. 1994, 1997; Kumar et al. 2017b). As
a result, this condition is more favorable for the indus-
try and humans due to the high dispersion of pollutants
(Singal et al. 1985). Figure 3d displays the thermal plume
with spikes which has been observed during the daytime of
winter season and these types of structure were observed
in December and January (generally ABL height is less
than 400 m).

Figure 3e-1 displays the multilayer structure observed
during the night-time. Figure 3g, 1 is commonly observed
in May, due to more variation in temperature, wind speed,
wind direction, and relative humidity (Garratt 1994). This
is a stable class and unfavorable condition for the industry
and humans (Singal et al. 1985). The height of the inver-
sion layer is generally in the range of 100—600 m.

Waves structure (Fig. 3j) is another class of ABL struc-
tures, which have been found and grouped specifically on
the SODAR echograms. The wave structures are observed
in the April, May and June months, i.e., in the pre-mon-
soon season. This type of structure is essential in the area
of wave movement (Stull 2012) and forms due to high
wind speed and change of direction over time.

The inversion layer structure is the characteristic high-
light of the night-time stable conditions, which dissemi-
nates in the morning after sunrise, and the temperature
profile changes its shape. As mentioned earlier the daytime
dispersion and formation of the rising layer also depend on
the inversion height and types. During scattering, night-
time inversion demonstrates its essence as a rising layer
ranges to specific most extreme tallness, and thereafter it
disappears. This kind of structure is not seen every day in
the morning time and immediate progress of the inversion
layer changes to the plume structure. Also, during rainy
spell and cloudy days, the inversion layer does not convert
into the rising layer, resulting in less rising layer formation
during the monsoon season.
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Collection and Selection of Data from
SODAR system

|

Image Generation

|

Feature

Feature Calculation
Pattern Identification and Interpretation

|

Machine Learning Analysis

Computation along the
vertical direction
Vertical transition
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Computation along the
horizontal direction

‘< Feature Vector >7
v
{ Testing )

/

Training
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1 Laplacian Feature Classification
2 Relief Selection Techniques
3 Mutinffs
4 Fisher

5 Unsupervised
Discriminative

classifier gives highest performance for ABL Structure Prediction

After testing result, Laplacian feature selection method with Boosted Tree

Classifier

Bagged Tree
Boosted Tree
Cubic KNN
cubic SVM
Weighted KNN
Quadratic SVM
Subspace KNN
Medium Tree
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Fig. 1 General flowchart of SODAR echogram-based classification model

SODAR echograms image classification
model

Statistical features extraction

SODAR echograms image classification model was used
to extract suitable features from the different types of
ABL structure, so that chosen features can be extracted.
Sub-steps for echograms image classification in the cur-
rent research work are as follows (Fig. 1).
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Overall, 133 SODAR structure features have been used in
the analysis of different structures of ABL. These features
have been categorized into three feature groups namely
computation along the vertical direction, vertical transition
computation, and computation along the horizontal direction
(Narayan et al. 2010). These feature sets include the mean,
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Table 2 Description of SODAR structure and class numbers

Class Description of SODAR structure

Inversion with force convection
Inversion with a tall spike

Inversion with a single elevated layer
Inversion with two elevated layers

Inversion with wave motion

AN N R WD =

Inversion with one or two elevated
layers in motion

Inversion with a small spike

[c BN |

Stratified layer

Diffuse thermal plumes

10 Thermal plumes with normal days
11 Thermal plumes with a foggy layer
12 Transition structure

3%
2% 4%~ 9% 59 mClass1l = Class2
0% Class 3 Class 4
27%
5%
3% uClass5 = Class6
/ mClass7 = Class 8
1%
0 = Class9 = Class 10
4%
37% = Class 11 = Class 12

Fig.2 Percentage distribution of SODAR echograms into 12 classes

maximum, and standard deviation of SODAR echograms
(formula of feature calculation is given in detail—Annexure
D).

Echogram intensity-based features estimate the statistics
of the intensity graph, whereas shape features describe the
structure of the ABL (De et al. 1998; Chandra et al. 2011).
MATLAB 2017a software was used for SODAR echograms
(size 640 x 560) image analysis. SODAR structure features
have been automatically extracted by developing structure
image analysis software and MATLAB for the pre-process-
ing of ABL images (Chaudhuri et al. 1990; Chandra et al.
2011).

Feature selection methods

Five feature selection methods have been used for analysis
(Laplacian, Relief, Mutinffs, Fisher, Unsupervised Discrimi-
native feature selection (UDFS)) (Tang et al. 2014; Zaffalon
and Hutter 2002). These methods have been chosen because
of their popularity in literature, simplicity and computational

efficiency, which rank the features using a scoring criterion
(Biesiada et al. 2005; Tang et al. 2014; Wang et al. 2017).

Classifiers

In machine learning, the classification has been considered
as a supervised learning task of inferring a function from
labeled training data (Tang et al. 2014). The classification
algorithm (classifier) analyzes the training data and infers a
hypothesis (function), which can be used for predicting the
labels of unseen observations (Parmar et al. 2015). In this
study, Bagged Tree, Boosted Tree, Cubic KNN (K-Near-
est Neighbors), cubic SVM (Support Vector Machine),
Weighted KNN, Quadratic SVM, Subspace KNN, Medium
Tree have used for machine-learning classifiers (Kriti and
Virmani 2015; Kriti et al. 2017a, b; Parmar et al. 2015;
Samant and Agarwal 2018). All the classifiers have been
implemented using the classification learner app in MAT-
LAB 2017, which provides a nice interface to access many
machine-learning algorithms (Samant and Agarwal 2018;
CLA 2018). Classifiers have been trained, tested, and vali-
dated using the repeated tenfold cross-validation technique.
To investigate and compare different feature selection and
classification methods, percentage recognition scores have
been compared and analyzed.

Results and discussion

SODARSs have been successfully used to study the micro-
climates and to provide an integrated approach to the mete-
orological classification of pollutant concentrations in major
cities (McAllister et al. 1969; Little 1970; Asimakopoulos
et al. 1976; Aggarwal et al. 1980; Gera and Singal 1993).
The inversion or convection heights are a very important
parameter for air pollution control and forecasting (Singal
et al. 1994; Kumar et al. 2017b). The code developed for
SODAR information has a good possibility of obtaining cli-
matological information as well as a real-time picture of the
spatial distribution of the ABL features (Little 1969; Beyrich
1997; Choudhury and Mitra 2004; Stull 2012; Kumar et al.
2017a). There are many studies on the prediction of ABL
height and structure classification (De et al. 1998; Chandra
et al. 2011). For the successful realization of ABL prediction
analysis based on the SODAR echogram, it is important to
evaluate and compare different feature selection methods
for classification analysis. In the present study, five fea-
ture selection and eight classification methods have been
employed. These methods have been selected based on pre-
vious studies (Bonacich 1987; Kalogiros et al. 1995; Guyon
et al. 2002; Mukherjee et al. 2002; Biesiada et al. 2005; He
et al. 2006; Narayan et al. 2010; Gu et al. 2012; Borah et al.
2014; Tang et al. 2014; Roffo et al. 2015; Gupta and Bhavsar
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Fig. 3 Different structures of ABL: a thermal plume long; b thermal
plume during rainy day; ¢ thermal plume during before rainy day;
d thermal plume during winter; e thermal plume with foggy; f ris-

2017; Roffo and Melzi 2017; Samant and Agarwal 2018;
Wang et al. 2017) to avoid over-fitting.

Chandra et al. (2011) applied neural network architecture
that combines multilayer perceptron and graph-matching
technique for classifying the different types of SODAR echo-
grams and Choudhury and Mitra (2004, 2006) reported the
multilayer perceptron-based model to classify the different
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ing layer during winter season; g inversion with long spikes; h win-
ter inversion; i inversion with one or two elevated layers in motion; j
inversion with wave motion; k inversion with fog; 1 multilayer

SODAR patterns. This decreased dependence on human spe-
cialists for the recognizable proof process. A new classifier
is proposed to compare with reference classifiers of the same
family excluding the other classifier families (Parmar et al.
2015). New classifier gives best results for different families
in comparison to the existing classifier. For the classifica-
tion, the classifier app is used (MATLAB 2018 Classifier
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Fig.3 (continued)
Learner App) for all (eight) the classifiers. For the classi-
fier, the parameter configuration has been selected from the
literature. Furthermore, in this study, the parameters have
been tuned using the repeated ten cross-validations of train-
ing data only. Hence the work has been designed to evaluate
different classification and different feature selection for the
SODAR echograms.

A total of 133 statistical features have been calculated
from a different structure of the pre-treatment SODAR

echogram images of the Delhi region to investigate the
machine-learning approaches for SODAR echogram and to
find out the different structures present in the ABL. Feature
selection, classification training, and testing have been done
using SODAR echogram images (10—cross-validation). The
predictive performance of different feature selection and
classification methods has been assessed using the classi-
fication accuracies.
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Table 3 Classifier accuracy (in percentage %)

Bagged tree  Boosted tree  Cubic KNN  Cubic SVM  Weighted KNN  Quadratic SVM  Subspace KNN  Medium tree

1 47.82 54.34 333 21 2222 33.33 26.67 44.44
2 49.35 66.02 36.53 46 33.97 67.3 39.74 37.17
3 46.83 443 40.5 31 27.84 40.5 34.17 50.63
5 43.75 51.25 23.75 38 28.75 30 28.75 425
6 25 38.95 35.59 35 35.59 42.37 20.33 35.59
7 3291 84 45.61 68.96 71.27 76.33 61.28 77.42
8 42.64 44.11 44.77 26.87 32.83 34.32 32.83 46.26
9 50 25 25 25 35 25 40 40

10 67.54 80.57 57.39 46.13 56.29 64.01 42.16 76.37
11 40.62 375 25 21.87 21.87 37.5 34.37 40.62
12 41.79 46.26 32.83 29.98 38.8 44.77 17.91 46.26
Overall 44.38 52.02 36.38 35.43 37.31 45.03 34.38 48.84

Table 3 shows the classification accuracies for all eight
classifiers. Boosted tree classifier has been found over-
all highest percentage recognition score (accuracy) with
52.02%. But individual accuracy of the classifier varies
from 20% to 85%. From the results, the boosted tree clas-
sifier displayed the highest predictive performance. There-
fore, boosted tree classification methods have been assessed
for prediction performance of different feature selection
methods.

Tables 4, 5, 6, 7 and Fig. 3 depict the performance of fea-
ture selection and boosted tree classification method using
5, 10, 20, 30, and 50 features, which are the top-ranked
features resulted in feature selection. The results observed
from Mutinffs and Fisher methods are the same, therefore
only the Fisher method is shown above. The Laplacian fea-
ture selection method shows the highest predictive perfor-
mance (61.15%) with 30 (thirty) features, whereas the UDFS
method shows the lowest predictive performance (46.04%)
with 30 features.

The prime motive for using different feature selection
and classification methods was to investigate and compute
suitable feature selection method and classifier according to
the present data set. Depending upon the accuracy of each
feature selection method, top 50 features were selected.
Classifiers were trained using these features and applied on
the testing data to predict the classes (Tables 4, 5, 6 and 7).
Thereafter, accuracy was calculated to evaluate the perfor-
mance of the classifiers. To generalize the classifier perfor-
mance tenfold cross-validation technique was applied. From
the detailed comparisons and analysis of feature selection
(number of features 5, 10, 20, 30 and 50), it is observed
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Table 4 Classifier accuracy with Fisher selection method (in %)

Number of features

5 10 20 30 50
1 62.22 66.66 51.11 44.44 42.64
2 58.33 58.33 60.89 58.97 54.82
3 49.36 45.56 48.1 44.3 43.1
5 38.75 43.75 38.75 42.5 36.5
6 35.59 38.98 50.84 44.06 40.1
7 83.07 83.38 91.69 83.07 80.45
8 43.28 34.32 47.76 38.8 36.67
9 45 50 50 50 50
10 78.14 83.88 84.54 84.32 81.78
11 56.25 62.5 53.12 62.5 60.32
12 44.77 55.22 44.77 49.25 45.2
Overall 54.06 56.59 56.50 54.74 54.74

that when the number of features is increased, then after 20
features, the classification model takes more time and its
accuracy decreases. Then more time is required to complete
the iteration and model process. Accuracy and iteration time
are very important parameters for performance evaluation
of any classifier.

After the selection of the best classifier and feature selec-
tion method, monthly predictive performance was calculated
using 20 selected features, which are 20 top-ranked features.
Table 8 represents monthly predictive performance. The
highest overall accuracy is shown for the October month
(72.29%), whereas August month (31.62%) shows the low-
est. Identification of atmospheric structures generated by a
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Table 5 Classifier accuracy with Laplacian selection method (in %)

Number of features

5 10 20 30 50
1 66.67 48.87 64.44 66.67 55.55
2 57.68 64.1 60.89 60.89 62.17
3 48.1 53.16 45.56 50.63 54.43
5 37.5 48.75 51.25 48.75 43.75
6 38.98 50.84 50.84 59.32 50.84
7 88.08 88.08 89.96 87.46 85.1
8 44.78 59.7 49.25 59.7 44.78
9 50 50 50 50 50
10 86.31 86.75 87.19 87.19 80.13
11 31.25 59.37 59.37 46.87 34.37
12 44.78 52.23 52.23 55.22 49.25
Overall 54.01 60.16 60.08 61.15 55.48

Table 6 Classifier accuracy with relief selection method (in %)

Number of features

5 10 20 30 50
1 43.47 55.55 48.89 54.34 43.47
2 58.33 58.97 63.46 62.82 58.97
3 48.1 443 45.56 46.83 45.56
5 50 45 48.75 45 46.25
6 50.84 49.15 52.54 42.37 35.59
7 85.57 88.08 88.75 82.75 80.4
8 52.23 56.71 47.76 40.29 31.34
9 40 45 50 50 40
10 83.44 84.98 86.31 83.88 76.37
11 62.5 62.5 59.37 46.87 50
12 52.23 41.79 56.71 52.23 40.29
Overall 56.97 57.45 5891 55.21 49.84

Table 7 Classifier accuracy with UDFS selection method (in %)

Number of features

5 10 20 30 50
1 43.47 54.34 47.82 43.47 36.95
2 53.84 57.65 52.56 54.48 532
3 50.63 37.97 50.63 44.3 48.1
5 32.5 31.25 37.5 38.75 38.75
6 35.59 322 30.5 322 37.28
7 81.97 82.13 81.5 78.36 78.52
8 31.34 44.77 43.28 46.26 44.77
9 35 35 40 35 35
10 75.93 76.82 79.24 74.39 77.48
11 40.62 43.75 34.37 25 34.37
12 35.82 37.31 37.31 34.32 35.82
Overall 46.97 48.47 48.61 46.04 47.29

SODAR system and its observation completely depends on
the knowledge, experience, and expertise in the system. The
utility of information captured by the SODAR system has
been restricted to a variety of persons having experience
within the field. Therefore, correct utilization of SODAR
information and potential use of SODAR observation
demand for a computer-based SODAR structure recognition
system which may be developed by incorporating human
skilled information and experiences. For the effective reali-
zation of feature-based classification analysis, it is essential
to evaluate and compare various classification methods,
which is one of the key points of the analysis. Using the
Laplacian method for feature selection and boosted tree
classifier (overall prediction performance 62.19%), the high-
est prognostic presentation with 20 features for the ABL
structure (using the SODAR echograms) classification is
observed.

Conclusion

In the present paper an automated tool is developed using
the machine-learning techniques to identify the different
structures of ABL. The methodology presented here can be
established as a powerful investigative tool along with the
mainstream analysis methods. It has been observed that the
Boosted Tree classifier method shows the highest predic-
tion performance (overall preformation 52% with total 133
feature) among eight classifiers and along with the Laplacian
feature selection method has the highest predictive accu-
racy (overall preformation 61% with 30 feature) in SODAR
echograms/ABL structure identification. Also, it has been
observed that with different feature selection methods and
different parameter configurations, the performance of clas-
sifier can be improved further. Besides, these models can be
applied as a monthly prediction model as October month has
the highest predictive accuracy (overall preformation 72%
with 20 feature), and August month has the lowest predic-
tive performance (overall preformation 31% with 20 feature).
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Table 8 Monthly predictive performance

Months
January February March April May June July
1 62.5 33.33 NA 25 0 23 66.67
2 45.45 0 12.5 33.33 21.05 10.25 0
3 66.67 NA 50 NA 0 28.57 40
5 50 38.46 NA 25 40.74 40 333
6 66.67 0 0 46.67 37.5 46.15 0
7 76.62 71.42 80.95 48.78 42.85 48.07 81.18
8 40 40 50 37.5 33.33 50 40
9 33.33 50 50 NA 100 33.33 NA
10 45.16 39.02 20 72.97 71.25 53.12 73.43
11 52.38 NA NA 40 0 NA NA
12 25.92 27.27 NA NA 100 40 0
Overall 51.34 33.28 37.64 41.16 40.61 37.25 37.17
Months
August September October November December
1 25 25 NA 33.33 0
2 0 58.33 NA 40 51.72
3 33.33 50 50 38.89 58.82
5 11.11 0 NA 33.33 33.33
6 50 333 NA 33.33 57.14
7 57.3 65.38 88.63 63.63 59.03
8 40 33.33 NA 100 0
9 0 0 NA NA NA
10 66.19 50 78.26 55.55 66.67
11 NA 0 NA NA 55.55
12 33.33 33.33 NA 0 33.33
Overall 31.63 31.7 72.3 44.23 41.559
Annexure l: Statistical feature formula Feature Formula
Vertical transition L (r) o (r)
Feature Formula computation. Ver- Vr = ; h; ( ) 2 h; ( )
tical transition of r
Fejclture computa- The average of the ith row, (in percentage) W { L Yo > l'm X Ymax }
tion along vertical 640 i i 0 otherwise
direction Yi = 640 Zav i=12,..,50 ’
w0 Feaall:)L;r; Egﬁlzp(:l;:ﬁon The average of the jth column,
mean, yyea, = ﬁ [; Vi direction X = SEE)LI,I j=1,2,...,640
Vertical maximum, yyax = Max2>0{y, } 640
, 640 ) mean, Xy = 6411_0 ;xi
Over = | 535 2 (% = Ymean) l
=l Horizontal maximum, xpax = Max®%{x,}
kth vertical average, 550
50k 1 2
Yave, = 35 y, for k=1,2,...,11 Ohor = TE( Fnean)
i=1450(k+1)
kth horizontal average,
50k
Xpe == Y x j=1,2,..,640
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