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Assessing Drought Vulnerability in Pakistan (2001-2022) Using 
EVI-Based Standardized Vegetation Index in Google Earth Engine
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2College of Mechanical and Electronical Engineering, Northwest A&F University,
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Abstract: This study examines vegetation dynamics and drought risk in Pakistan from 2001 to 2022 using MODIS 
Enhanced Vegetation Index (EVI) and Standardized Vegetation Index (SVI) processed in Google Earth Engine. EVI 
highlights high greenness in the irrigated plains of Punjab and Sindh, while SVI exposes widespread stress in these 
same areas, revealing a “greening paradox” where apparent productivity masks underlying vulnerability. Monthly 
SVI patterns follow strong seasonal cycles, with positive anomalies peaking during the monsoon driven kharif season 
(June-October) and persistent deficits occurring in the rabi season (December–May). Spatially, high EVI values (>0.4) 
were concentrated along the Indus River corridor, while arid zones such as Balochistan and the Thar Desert exhibited 
low EVI (<0.2). Mean SVI maps contradicted these patterns, showing negative anomalies in high EVI regions. Long 
term analysis indicated stable EVI until 2018, followed by a modest upward trend, while SVI shifted from chronic 
negative anomalies in the early 2000s (mean = –0.21) to sustained positive values after 2020 (mean = +0.58). At the 
provincial scale, Punjab showed a post 2015 decline, Sindh demonstrated recovery after drought episodes in 2010-
2012 and 2017-2018, Khyber Pakhtunkhwa displayed high variability without a clear trend, and Balochistan recorded 
the strongest improvement since 2005. Overall, EVI captured absolute greenness, while SVI provided anomaly based 
insights into drought conditions, detecting hidden stress in intensively irrigated areas and identifying genuine recovery 
in marginal regions. By integrating EVI and SVI, this study offers a robust framework for spatiotemporal drought 
monitoring in Pakistan. The results provide a scientific basis for climate smart agriculture, early warning systems, and 
sustainable land and water management strategies aimed at safeguarding food security in the face of rising drought 
frequency.  

Keywords: Standardized Vegetation Index (SVI), Drought Vulnerability, Vegetation Stress, Remote Sensing, Google 
Earth Engine (GEE), Drought in Pakistan.

1.    INTRODUCTION 

Agriculture serves as the foundation for numerous 
businesses and provides millions of people with a 
means of subsistence [1]. However, unpredictable 
weather brought on by climate change has 
drastically decreased agricultural output. Drought 
disaster is one of the most frequent, severe natural 
disasters widespread on a year to year basis. As 
a result, climate smart agribusiness is now more 
important than ever. With this approach, agricultural 
productivity is intended to increase while mitigating 

and adjusting to the impacts of climate change [2-
4]. Climate smart agriculture now requires the use 
of remote sensing and machine learning methods on 
cloud data [5]. In remote sensing, sensors are used 
to collect data on the earth’s surface and atmosphere  
[6]. This technique makes it possible to get 
information on crucial agricultural characteristics 
including crop health and soil moisture. As a result, 
choices may be made about crop management, 
such as when to schedule irrigation, fertilize, and 
apply pesticides [7]. In addition, crop monitoring 
and forecasting are aided by remote sensing [8].



Unlike sudden onset disasters such as floods or 
earthquakes, drought is a slow onset hazard that 
is often difficult to define precisely due to its 
creeping nature, spatial variability, and delayed 
socio economic impacts. Drought occurrences are 
classified into four major categories based on the 
sectors they impact: meteorological, agricultural, 
hydrological, and socio economic drought. This 
study focuses primarily on agricultural drought  
defined as a period during which soil moisture falls 
below the level required for normal crop growth and 
development  as it directly affects food production 
and rural livelihoods in Pakistan.

For agriculture, drought is characterized 
by a period of soil moisture being less than 
the amount required for normal plant growth 
and development [9]. Numerous methods for 
monitoring and quantitatively describing drought 
have been developed during the last few decades, 
including the development of drought indices 
used in meteorology, hydrology, and agriculture. 
Traditional drought monitoring techniques rely on 
indices derived from meteorological station data 
such as precipitation. A number of the most broadly 
utilized meteorological drought indexes based only 
on this parameter is the World Meteorological 
Organization’s (WMO) proposed Standardized 
Precipitation Index (SPI). 

However, other climatic factors, including 
as evapotranspiration and temperature, impact the 
occurrence and severity of droughts. Beguera et 
al. [10] introduced the Standardized Precipitation 
Evapotranspiration Index (SPEI), which is based on 
both precipitation and potential evapotranspiration 
(PET). SPEI, like SPI, may be calculated at time 
intervals ranging from one to forty eight months. 
According to several researches, a 3 month SPI 
and SPEI are preferable for monitoring the impacts 
of drought on plants [11]. Since traditional station 
based drought monitoring systems required 
continuous historical information, satellite based 
methods give rapid and realistic findings for close 
to real time acquisition, drought analysis, and 
extensive and continuous geographic coverage 
[12]. 

Tucker and Choudhury [13] applied the 
Normalized Vegetation Index (NDVI) as a satellite 
based drought monitoring tool. The greatest and 
widely used satellite based vegetation indicator 

‘NDVI’ offers a useful indication of vegetation 
moisture conditions. In addition to NDVI, Land 
Surface Temperature (LST) derived from thermal 
satellite bands are used to improve drought 
measurements as temperature rises and soil 
moisture reduces. 

Subsequently, numerous vegetation indices 
(VIs) like the Vegetation Condition Index (VCI) 
were developed to better the research of vegetation 
states without weathering, particularly in non 
homogeneous areas. Because of its amplified 
sensitivity to water stress, temperature was also 
employed to develop drought indices such as the 
Temperature Condition Index (TCI) [14]. Drought 
indices including VCI and TCI can efficiently 
identify drought conditions since the combination 
of NDVI and LST provides statistics on both 
vegetation and moisture. Finally, scientists created 
the Vegetation Health Index (VHI) based on a 
numerical combination of VCI and TCI [15]. Using 
machine learning on cloud data, like Google Earth 
Engine (GEE), makes it possible to examine remote 
sensing information, more quickly and affordably 
[16]. Machine learning algorithms can be trained 
on large datasets in order to find trends and forecast 
future crop yields or other crucial agricultural 
parameters. These forecasts can be used to improve 
crop management techniques, lower input costs, 
and boost total productivity [17].

The standardized vegetation index (SVI) is 
one of the most important instruments for climate 
smart agriculture [18]. SVI, a measurement of plant 
development and cover, is created using satellite 
data. Since drought conditions may significantly 
affect agricultural productivity, the indicator is 
especially helpful for keeping track of them. The 
Enhanced Vegetation Index (EVI), a gauge of 
vegetation greenness, may be used to determine 
the SVI. The EVI is then normalized to produce an 
index that may be utilized to contrast various places 
and periods [19]. SVI may be used as a drought 
mitigation tool and to detect water stress early on 
by tracking plant growth and cover [20].

This study operationalizes the SVI via Google 
Earth Engine (GEE) to deliver scalable, near real 
time drought intelligence for Pakistan.  As country 
is a climate vulnerable region increasingly beset by 
intensifying water scarcity, prolonged dry spells, and 
more frequent and severe extreme weather events, 
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thus enabling proactive, data driven responses 
to agricultural stress. With employing SVI to 
enhance climate smart farming decision making 
is especially critical during periods of drought as 
early detection allows farmers and government 
agencies to implement timely interventions for 
adjusting irrigation schedules, shifting planting 
dates, or selecting drought resilient crop varieties. 
This can significantly mitigate yield losses and 
reduce systemic vulnerability to water shortages, 
ultimately supporting food security and rural 
livelihoods [21, 22].

The utility of SVI extends beyond mere drought 
assessment, as it provides a robust, spatially explicit 
indicator that can inform adaptive land management 
strategies, optimize resource allocation, improve 
crop yield forecasts, and help buffer agricultural 
systems against the escalating impacts of climate 
change, including rising temperatures, erratic 
rainfall patterns, and accelerated soil degradation. 
This study is good to leverage the power of 
cloud based remote sensing and Google Earth 
Engine to compute, monitor, and map SVI across 
Pakistan’s diverse agro ecological zones, where 
recurrent droughts, declining groundwater tables, 
and extreme climatic variability have rendered 
traditional monitoring approaches inadequate. 
Pakistan needs an integrated, high resolution, 
and operationally feasible drought early warning 
system to safeguard national agricultural resilience 
in an era of accelerating environmental uncertainty.

This study aims to establish a satellite based, 
cloud computing framework for agricultural drought 
monitoring in Pakistan using the Standardized 
Vegetation Index (SVI). Specifically, it seeks to: 

(1) To generate multi decadal (2001-2022) SVI 
and EVI time series for Pakistani provinces using 
MODIS data within Google Earth Engine; 
(2) To characterize mean, monthly, and inter annual 
patterns of vegetation stress to identify regional 
drought vulnerabilities and seasonal dynamics; 
(3) To evaluate SVI’s performance in capturing 
agriculturally relevant drought signals compared to 
traditional metrics; and 
(4) To make the foundation for integrating SVI 
analytics into national early warning systems and 
climate smart agricultural policies for supporting 
targeted interventions in irrigation, crop selection.

2.    MATERIALS AND METHODS 

2.1. Study Area

Pakistan is a South Asian nation bordered to the 
east by India, to the northwest by Afghanistan, to 
the west by Iran, and to the northeast by China 
(Figure 1). It has a total land size of approximately 
881,913 km² and a diverse topography of 
mountains, plateaus, and plains. Agriculture 
industry contributes significantly to the country’s 
economy and employing approximately 42% of the 
labour force and accounts for more than one fifth 
of GDP share. The farming is heavily dependent 
on irrigation, as around 90% of its agricultural 
land needs irrigation water. The main crops are 
wheat, rice, cotton, sugarcane, and maize, these are 
among Pakistan’s for food and export items,also 
significant production of fruits and vegetables 
such as mangoes, citrus, apples, and potatoes. The 
agriculture industry in Pakistan is confronted with 
a number of issues, including water scarcity, soil 
degradation, and climate change [23]. Pakistan has 
experienced severe droughts in recent years and 
affecting its agriculture. The agriculture sector is 
also vulnerable to floods that can cause extensive 
damage to crops and infrastructure [24, 25]. The 
Pakistani government has launched a number of 
initiatives in response to these challenges, including 
irrigation techniques and new methods, to support 
climate smart agriculture practices. These initiatives 
aim to increase agricultural productivity while 
mitigating the negative impacts of climate change 
[23]. The government is also investing in the study 
and creation of new technologies and practices 
to improve the efficiency and sustainability of 

Fig. 1. Study area Pakistan.
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agriculture, as country geography and topography 
make it ideal for agriculture which is a significant 
contributor to the country’s economy [26]. Though, 
country still faces a number of challenges, such as 
water scarcity, soil degradation, and climate change, 
necessitating the creation of novel solutions and 
practices [27].
 
2.2. MODIS Data Product (MOD13Q1)

The MOD13Q1 is a product of the Moderate 
Resolution Imaging Spectroradiometer (MODIS) 
sensor aboard NASA’s Terra and Aqua satellites. 
It is a vegetation index dataset, global data is 
available that provides information on vegetation 
health and productivity at a spatial resolution of 
250 meters. This MOD13Q1 data is using in many 
applications such as crop monitoring, land cover 
classification, and climate change studies [28, 
29]. MOD13Q1 provides both the Normalized 
Difference Vegetation Index (NDVI) and Enhanced 
Vegetation Index (EVI) data products. However, in 
this study only MODIS derived EVI product has 
been used.

2.3. Enhanced Vegetation Index (EVI)

MODIS is an excellent sensor system, this is one 
of NASA’s most extensively used in scientific 
studies.  MODIS product/vegetation datasets is 
the MOD13Q1, this global level product provides 
reliable and high quality measures of vegetation 
health and productivity. This has a spatial 
resolution of 250 meters with biweekly temporal 
coverage, and is widely used in the scientific and 
operational areas. The MOD13Q1 data is useful for 
applications such as crop monitoring, land cover 
categorization, drought assessment, phenological 
analysis, and long term climate change studies. Its 
uniform processing, substantial archive since 2000 
and multi sensor continuity make it a must have 
resource for understanding terrestrial ecosystem 
processes at regional and global scales [28-31].

The EVI equation includes blue and red bands, as 
well as the near infrared band. The equation is:

     (1)

Where, NIR is the reflectance in the near infrared 
band, Red is the reflectance in the red band, and 
Blue is the reflectance in the blue band. 

In an attempt to provide a more accurate 
measurement of vegetation canopy, the factors in 
the equation are employed to lessen the impact of 
the aerosol component of the atmosphere on the 
vegetation signal. Higher numbers denote more 
plant density and good growth, and the resulting 
EVI values range from -1 to +1.

2.4. Standardized Vegetation Index (SVI)

The SVI is a standardised measure that may be used 
to assess the productivity and health of vegetation 
in various places and throughout various time 
periods, particularly during extreme weather. This 
index offers information on the length and severity 
of droughts as well as how they affect vegetation 
[32]. SVI is derived from EVI by standardizing the 
EVI values across time and space:

                     (2)

Where, mean(EVI) is the average EVI value across 
a specified time period and area, and standard 
deviation (EVI) is the standard deviation of EVI 
across the same time period and area.

SVI evaluation applying MODIS EVI data in 
Google Earth Engine (GEE) involves a number of 
processes. The accuracy of the study is increased 
by first filtering the data from MODIS EVI by date 
and area of interest (AOI). The EVI range is then 
scaled to -1 to +1 after the filters have been applied 
to the data. Each image has statistics computed 
for it, such as mean values and standard deviation 
[33]. The rescaled EVI data, mean, and standard 
deviation numbers are then factored into a formula 
to determine the SVI. The mean EVI, and SVI 
image are used for visualization. The rescaled EVI 
data, mean, and standard deviation numbers are 
then factored into a formula to determine the SVI. 
The mean EVI, most recent EVI and SVI image are 
all included in the data display process using GEE. 
This method offers a quick and precise means to 
evaluate SVI using MODIS EVI data using GEE 
[34]. Provincial wise time series data were retrieved 
on monthly SVI data from 2001 to 2022, finally, 
mean SVI for whole Pakistan was calculated.

3.    RESULTS AND DISCUSSION

The EVI was calculated for the entire Pakistan 
region. The mean EVI map shows high vegetation 
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productivity (>0.4) along the Indus River corridor 
in Punjab and Sindh, driven by irrigation and 
agriculture. Lower values (<0.2) dominate arid 
regions like Balochistan and the Thar Desert, 
reflecting limited biomass. Negative values in 
mountainous and urban areas suggest bare soil 
(Figure 2). Monthly SVI datasets were used to 
obtain the mean SVI index for Pakistan indicating 
significant deviations from long term climatological 
norms. Negative SVI values (yellow to red) 
dominate central and southern regions, reflecting 
persistent drought conditions in irrigated and rainfed 
agricultural zones. In contrast, positive SVI values 
(green) are localized in northern mountainous areas 
and in many parts of Balochistan, suggesting above 
average vegetation health during the study period 
(Figure 3). 

3.1. Mean Monthly EVI and SVI Dynamics in 
Pakistan (2001 2022) 

Figure 4 shows mean monthly EVI and SVI 
dynamics in Pakistan during the study period. This 
monthly averaged EVI and SVI reveal distinct 
seasonal patterns that closely align with the region’s 
dual cropping agricultural system. EVI, which 
serves as a robust proxy for vegetation density 
and photosynthetic activity, exhibits a bimodal 
distribution with two pronounced peaks: one in 
February (0.153) and another in August (0.164). 
These peaks correspond to the growth phases of 
the rabi (winter) and kharif (monsoon) cropping 
seasons, respectively. The February peak reflects 
the vigorous development of rabi crops such as 
wheat and mustard, which benefit from winter 
precipitation and irrigation. The August peak, the 

highest of the year, coincides with the monsoon 
season, during which kharif crops like rice and 
maize achieve full canopy closure under favorable 
moisture conditions. The subsequent decline in 
EVI during September and October indicates crop 
maturation and harvest, leading to reduced green 
vegetation cover. 

In contrast, the SVI remains largely neutral 
(≈0.00) across most months, suggesting relatively 
stable. Notably, SVI registers a slight negative 
value in October (-0.01), likely reflecting post 
monsoon soil drying following the kharif harvest. 
However, a modest but meaningful positive shift 
occurs in November (0.01) and peaks in December 
(0.02), indicating improved soil moisture conditions 
coinciding with the sowing and early establishment 
of rabi crops. This late year rise in SVI may be Fig. 2.  Mean EVI index values in Pakistan.

Fig. 3.  Mean SVI index values in Pakistan.

Fig. 4. Mean monthly EVI and SVI dynamics in Pakistan 
(2001-2022).
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attributed to winter rainfall, residual soil moisture 
retention, or supplemental irrigation, all critical for 
supporting the rabi cropping cycle in this semi-arid 
agro climatic zone. 

The near zero SVI values observed during the 
peak EVI months (February and August) suggest 
that while vegetation is thriving, the soil moisture 
signal is either masked by dense canopy cover 
or remains within a balanced range that does not 
trigger strong positive or negative SVI responses. 
This underscores the complementary nature of EVI 
and SVI: while EVI effectively captures vegetation 
phenology, SVI provides nuanced insights into 
underlying conditions that support or constrain 
vegetation growth. Together, these indices confirm 
the resilience and productivity of Pakistan’s 
agricultural system, which leverages both monsoon 
rains and winter moisture (natural or managed) 
to sustain year-round cultivation. The 2001-2022 
data thus encapsulate a typical, well-functioning 
agricultural calendar in Pakistan, characterized by 
timely transitions between cropping seasons and 
effective moisture management. 

3.2. Temporal Dynamics of Vegetation and Soil 
Conditions in Pakistan (2001–2022): Insights 
from EVI and SVI Time Series 

The SVI and EVI derived long term monthly time 
series for Pakistan from 2001 to 2022 provide 
crucial data on vegetation phenology and soil 
vegetation interactions (Figure 5). This reflects the 
region’s dominant double cropping system, the EVI 
time series shows consistent seasonal trends with 
recurring peaks during the kharif (monsoon) season, 
particularly in August, and secondary peaks during 

the rabi (winter) season, primarily in February and 
March. The primary forces behind these bimodal 
cycles are monsoon rains (June-September), which 
support kharif crops like rice and maize, and winter 
irrigation and rainfall, which support rabi crops 
like wheat and mustard. It’s interesting to note 
that while EVI values fluctuate from year to year, 
noteworthy increases have been observed recently 
(e.g., 2019-2022), suggesting higher vegetation 
production possibly linked to improved irrigation 
practices, crop management, or favorable climatic 
conditions. 

In contrast, the SVI time series displays 
more dynamic and variable behavior, indicating 
significant fluctuations over time (Figure 6). The 
early years (2001-2005) show predominantly 
negative SVI values (down to –1.18), suggesting 
dry soil conditions or sparse vegetation cover, a 
marked shift occurs post 2007, with increasing 
frequency and magnitude of positive SVI 
anomalies. The most notable surge occurs around 
2020-2022, where SVI reaches values exceeding 
1.0, indicating exceptionally favorable soil moisture 
and vegetation conditions. This upward trend may 
reflect changes in land use, increased groundwater 
utilization, climate variability (e.g., higher winter 
precipitation), or improvements in agricultural 
infrastructure. However, the high volatility in SVI 
suggests sensitivity to short term weather events, 
such as droughts or heavy rainfall, which can 
rapidly alter soil moisture dynamics and impact 
crop health. 

The mean monthly SVI index values were 
estimated for Pakistan (Figure 7), This shows 

Fig. 5. Monthly time series of EVI. Fig. 6. Monthly time series of SVI.
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the monthly variation in vegetation stress 
across Pakistan from January to December. The 
highest SVI values occur during June–October, 
corresponding with the monsoon season and peak 
crop growth, particularly in Punjab and Sindh. In 
contrast, negative SVI values dominate during the 
dry winter months (December-February), indicating 
below average vegetation conditions. This seasonal 
pattern reflects strong dependence on monsoon 
rains and agricultural phenology, with central and 
southern regions showing greater variability due to 
irrigation and rainfall fluctuations. 

Inter annual SVI conditions were observed 
using time series SVI in Punjab, Sindh, Khyber 
Pakhtunkhwa, and Balochistan provinces 
respectively in Figures 8(a to d). The SVI for 
Punjab shows strong seasonal fluctuations 
with distinct peaks during the summer months, 
indicating healthy vegetation growth driven by 
monsoon rains and agricultural activity (Figures 
8(a)). However, the index displays no significant 
long-term trend and even suggests a slight decline 
after 2015, potentially reflecting increasing water 
stress, overuse of resources, or environmental 
degradation despite high agricultural productivity. 
In Sindh, the SVI exhibits moderate seasonality 
and a notable upward trend starting around 2015, 
signaling improved vegetation conditions over 
time (Figures 8(b)). This positive shift may be 
attributed to better irrigation infrastructure, climate 
variability, or agricultural development, suggesting 
a recovery from earlier periods of drought and 

land degradation, particularly observed during 
2010-2012 and 2017-2018. Khyber Pakhtunkhwa 
experiences high variability in SVI, with sharp 
peaks and frequent negative values, reflecting its 
mountainous terrain and dependence on seasonal 
rainfall (Figures 8(c)). The lack of a consistent long-
term trend indicates ongoing ecological instability, 
with vegetation remaining vulnerable to climate 
extremes and land degradation, highlighting the 
need for sustainable land and water management 
practices.  Balochistan stands out with a remarkable 
upward trend in SVI beginning around 2005, 
transitioning from very low vegetation levels to 
near normal conditions by 2015 (Figures 8(d)). 
This significant improvement suggests successful 
rangeland restoration, afforestation efforts, or 
increased rainfall, marking one of the most positive 
environmental developments across Pakistan’s 
provinces in the past two decades. 

The SVI provides a powerful metric for 
assessing vegetation stress and productivity by 
quantifying deviations of current vegetation 
conditions from long term climatological norms. 
Low or negative SVI values typically indicate 
below average vegetation performance, often 
linked to water stress, drought, or poor soil 

Fig. 7.  Mean monthly SVI index values in Pakistan.

Fig. 8. Time series SVI in provinces of Pakistan: (a) 
Punjab, (b) Sindh, (c) Khyber Pakhtunkhwa, and (d) 
Balochistan.
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moisture availability, while positive values signify 
above average vigor, suggesting favorable growing 
conditions. The magnitude of these anomalies offers 
insight into the severity of stress or the degree of 
productivity enhancement. However, interpretation 
must be contextualized: a negative SVI may reflect 
natural aridity in rangelands but signal critical stress 
in irrigated croplands, where even minor moisture 
deficits can compromise yield. Thus, SVI should 
not be interpreted in isolation but integrated with 
land use, crop type, and hydrological data to avoid 
misclassification of ecological states. 

Drought is a pervasive and escalating 
global phenomenon, characterized by prolonged 
deficiencies in atmospheric, surface, or subsurface 
water supplies that persist for months or years [35]. 
Driven by climate change, population growth, and 
intensified land use, droughts have become more 
frequent, severe, and widespread particularly in 
tropical and subtropical regions such as South 
Asia. Their impacts include soil retrogression, 
desertification, reduced agricultural output, 
ecosystem degradation, increased frequency of 
wildfires and sandstorms, and heightened socio-
economic vulnerabilities [36-38]. As one of the 
most dangerous climate related hazards, drought 
directly threatens food security, economic 
stability, and rural livelihoods [39], making timely 
monitoring and assessment essential for proactive 
adaptation and resource allocation [40].  In this 
context, remote sensing-based drought monitoring 
has emerged as a scalable and cost-effective tool for 
tracking spatiotemporal dynamics across vast, data 
scarce regions like Pakistan. 

This study leverages MODIS derived 
Enhanced Vegetation Index (EVI) and Standardized 
Vegetation Index (SVI), processed via Google 
Earth Engine (GEE), to investigate the evolution 
of vegetation stress and resilience over a 22-year 
period (2001-2022). GEE enables efficient access 
to decades of satellite data, facilitates large scale 
analysis, and supports visualization of spatial 
trends through maps and time series critical for 
collaboration among researchers and decision 
makers [41-43]. Drought assessment is critically 
important in Pakistan, where arid and semi-arid 
climates heighten vulnerability to water scarcity, 
threatening agricultural productivity, economic 
stability, and social wellbeing [44, 45]. Timely 
monitoring enables proactive interventions such as 

deploying drought resistant crops [46], optimizing 
irrigation, and activating early warning systems 
to mitigate impacts on vulnerable communities. 
Integrating remote sensing and machine learning 
enhances the accuracy and scalability of drought 
detection, supporting data driven policy and 
resource allocation [47]. Ultimately, robust 
drought assessment strengthens climate resilience, 
safeguards food security, and contributes to poverty 
reduction and sustainable development across 
Pakistan’s agricultural landscapes. By analyzing 
EVI and SVI jointly, we move beyond passive 
observation toward diagnostic assessment: EVI 
captures absolute biomass and canopy greenness, 
while SVI reveals whether current vegetation 
performance deviates significantly positively or 
negatively from historical baselines [48, 49]. 

Pakistan’s agro ecosystem, dominated by 
the Indus Basin irrigation network, is particularly 
vulnerable due to its arid and semi-arid climate, 
heavy reliance on groundwater, and exposure 
to monsoon variability. The consistent bimodal 
pattern in EVI peaking in February-March (rabi 
season) and August (kharif season) confirms the 
enduring stability of Pakistan’s dual cropping 
system, sustained by canal irrigation and extensive 
groundwater extraction [50]. The modest upward 
trend in EVI since 2018 aligns with documented 
increases in cropping intensity, adoption of high 
yielding varieties, and expansion of double 
cropping into marginal lands, driven by government 
subsidies, mechanization, and improved seed 
distribution [51, 52]. 

However, EVI alone cannot distinguish 
between sustainable intensification and ecologically 
unsustainable practices. Here, SVI provides critical 
diagnostic clarity. The emergence of sustained 
positive SVI anomalies (> +1.0) after 2007, and 
their culmination in record high values during 
2020-2022 indicates that vegetation performance 
has consistently exceeded historical expectations 
over the past 15 years. This shift is not merely 
recovery from earlier droughts (evident in persistent 
negative SVI during 2000-2006) [53]. It reflects a 
systemic transformation in the drivers of vegetation 
productivity. Three interrelated factors underpin 
this transition: First, intensified water management 
driven by proliferation of subsidized tubewells 
post 2005 has enabled farmers in Punjab (where 
>90% of irrigation is groundwater dependent) to 
advance rabi sowing and extend kharif seasons 
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beyond natural rainfall limits [54, 55]. Yet this 
intensification comes at the cost of severe aquifer 
depletion, with the Indus Basin now recognized as 
one of the world’s most overstressed groundwater 
systems, where extraction exceeds recharge by 
100-120% in key districts [56].

Second, improved agronomic practices 
including zero till drilling, residue retention, and 
precision fertilizer application have gained traction 
since 2010 under Climate Smart Agriculture 
initiatives, enhancing soil moisture retention and 
reducing evaporation, thereby boosting SVI even 
under suboptimal rainfall [57]. Third, climatic 
amelioration has contributed: recent analyses 
confirm an increase in winter precipitation events 
linked to shifting mid latitude cyclones and 
enhanced moisture transport from the Mediterranean 
and Caspian Sea [58]. Though episodic, their 
heightened frequency since 2007 has provided 
critical supplemental recharge during key sowing 
windows, synergizing with managed irrigation and 
conservation practices.

Provincial level analysis (Figures 8(a-d)) 
reveals stark regional contrasts. In Punjab, rising 
EVI and increasingly positive SVI since 2015 mask 
alarming groundwater decline and a temporary 
boost in productivity fueled by non-renewable 
aquifer drawdown [59]. In Sindh, moderate EVI 
gains coupled with a clear, accelerating SVI rise 
since 2015 suggest improved resilience through 
infrastructure investments canal lining, floodwater 
harvesting, and distributary rehabilitation reducing 
conveyance losses without excessive groundwater 
dependence [60]. Khyber Pakhtunkhwa exhibits 
high SVI volatility with no long-term trend, reflecting 
its rain fed, mountainous terrain and vulnerability 
to erratic precipitation; however, the province’s 
Billion Tree Tsunami afforestation project (2014-
2017) the world’s largest single region reforestation 
initiative has significantly restored upland 
ecosystems, indirectly supporting microclimatic 
stability and groundwater recharge, though its 
impact on lowland cropland SVI remains limited 
[61, 62]. Most notably, Balochistan demonstrates 
the most dramatic transformation: transitioning 
from among the lowest SVI values nationally (pre-
2005) to consistently positive anomalies by 2015. 
This recovery correlates strongly with community-
based rangeland restoration programs led by 
the Balochistan Forest and Range Department, 

supported by FAO, UNDP, and ICARDA, which 
promoted native species (Prosopis cineraria, Acacia 
nilotica, Ziziphus mauritiana), contour bunding, 
water harvesting, and regulated grazing resulting 
in improved soil moisture, reduced erosion, and 
increased biomass all achieved without significant 
groundwater extraction [63]. Balochistan thus 
offers a replicable model of ecological resilience 
grounded in ecosystem-based adaptation rather 
than resource exploitation.

The central insight of this study is that a 
positive SVI does not equate to sustainability. This 
reflects relative performance against historical 
norms, not absolute ecological health. In Pakistan 
the rising SVI may signal genuine improvement 
through better water delivery, conservation 
agriculture, or restoration but it may also mask 
dangerous tradeoffs as unsustainable groundwater 
mining, land degradation, chemical overuse, and 
biodiversity loss. 

Punjab and parts of Sindh also experience a 
more severe self-reinforcing feedback loop: higher 
SVI → increased farmer confidence → increased 
tubewell pumping → rapid aquifer depletion → 
eventual system collapse. Similar patterns have 
been observed in other areas where satellite derived 
greening concealed a disastrous groundwater 
decrease until wells dried up and farming ceased to 
be profitable [64].

Pakistan now stands at a point, where short 
term productivity gains are being purchased at 
the expense of long-term hydrological capital. 
Relying on SVI alone as a success indicator risks 
incentivizing practices that maximize yield today at 
the cost of ruin tomorrow. A farmer achieving an SVI 
of +1.5 through 50% more groundwater abstraction 
may reap bumper harvests now but face poverty 
when the aquifer collapses. Therefore, policy 
must evolve beyond measuring “performance” to 
evaluating true resilience: the capacity of the agro 
ecosystem to maintain productivity under future 
stress without depleting its natural capital.

While our analysis leverages robust MODIS 
derived EVI and SVI data processed via Google 
Earth Engine, several methodological limitations 
must be acknowledged. First, the 500 m spatial 
resolution of MODIS aggregates heterogeneous 
land covers including irrigated fields, fallow land, 
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urban patches, and degraded rangelands potentially 
smoothing local anomalies and obscuring field scale 
dynamics; future studies should integrate higher 
resolution sensors such as Sentinel 2 or Landsat 8/9 
to resolve fine grained heterogeneity [65].

Second, SVI is sensitive to atmospheric 
aerosols, cloud contamination, and sensor 
calibration drift, particularly during the monsoon 
months (July-September), introducing noise and 
data gaps in peak season estimates; rigorous quality 
control and temporal gap filling techniques (e.g., 
harmonic regression) are essential [66]. Third, the 
absence of a nationwide network of in situ validation 
sites measuring soil moisture, groundwater levels, 
and crop yields severely limits causal inference; 
urgent collaboration between remote sensing 
teams, universities (e.g., University of Agriculture 
Faisalabad, National Defence University), and 
institutions like FAO is needed to establish ground 
truth stations across agro climatic zones. Fourth, 
SVI captures vegetation response to moisture with 
lags of weeks to months, especially for deep rooted 
crops such as sugarcane or cotton; integrating 
thermal indices (e.g., Land Surface Temperature, 
LST; Thermal Condition Index, TCI) could improve 
detection of immediate soil moisture stress. Fifth, 
SVI cannot distinguish between cultivated crops, 
weeds, invasive species, or fallow land a high SVI 
value in non-agricultural areas may falsely suggest 
“improvement”; coupling SVI with high resolution 
land cover classifications (e.g., GlobeLand30) 
would enhance interpretability. Finally, while we 
correlate SVI trends with policy interventions (e.g., 
canal lining, afforestation), we cannot quantify 
their individual contributions without econometric 
modeling or farm level surveys; future research 
must combine remote sensing with participatory 
rural appraisals and household level water use data 
to disentangle climate, management, and policy 
drivers.

This study provides actionable intelligence for 
designing climate resilient agricultural policies in 
Pakistan, proposing five evidence-based priorities. 
First, energy and fertilizer subsidies must be 
reoriented away from water intensive crops such 
as rice and sugarcane toward drought tolerant 
alternatives including millets, sorghum, and 
chickpeas and scaled up investments in precision 
irrigation technologies like drip and sprinkler 
systems, as well as solar powered tubewells to 

reduce fossil fuel dependence. Evidence from 
pilot programs in Punjab demonstrates that drip 
irrigation on wheat can achieve 30-40% water 
savings without yield loss, yet adoption remains 
below 5% due to upfront cost barriers [67].

Second, ecosystem-based adaptation (EbA) 
strategies proven successful in Balochistan such 
as community managed afforestation using native, 
drought tolerant species (Prosopis cineraria, 
Acacia nilotica), contour bunding, check dams, 
and micro watershed restoration must be replicated 
nationwide, particularly in Khyber Pakhtunkhwa 
and southern Punjab. These approaches have 
demonstrably improved soil organic matter by 
22%, reduced runoff by 40%, and increased forage 
biomass by 60% over five years in Balochistan, 
offering a low input, high resilience model distinct 
from groundwater dependent intensification. Third, 
Pakistan must establish a National Vegetation 
Anomaly Monitoring System (PVAMS), 
operationalized through the National Disaster 
Management Authority (NDMA) and the Ministry 
of Climate Change, featuring real time dashboards 
displaying monthly SVI anomalies at the district 
level, automated alerts triggered when SVI falls 
below -1.0 for three consecutive months, and 
linkage to parametric drought insurance schemes 
that disburse payouts based on index thresholds 
rather than costly and delayed yield assessments 
models successfully deployed in India’s Agromet 
Advisory System and Kenya’s index based livestock 
insurance [68].

Fourth, groundwater governance must be 
modernized using remote sensing as an enforcement 
tool: areas exhibiting high EVI coupled with 
rapidly increasing SVI and declining groundwater 
tables should be designated “critical overdraft 
zones”, where mandatory metering of tubewells 
and progressive pricing for excessive extraction 
are enforced mirroring the 35% reduction in 
groundwater use achieved in Gujarat, India, through 
satellite guided zoning [69, 70].

Fifth, national investment in data infrastructure 
and human capacity is critical: training for number 
of experts, agricultural extension officers to interpret 
EVI/SVI maps, launching mobile applications 
delivering localized SVI advisories in Urdu, 
Pashto, and Balochi, and establishing a centralized, 
open access national repository of in situ soil 
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moisture, yield, and groundwater data all integrated 
with Google Earth Engine would empower farmers 
and policymakers alike with timely, actionable 
intelligence. Pakistan’s agricultural system is not 
failing it is adapting, innovating, and, in many 
places, thriving. The sustained rise in EVI and the 
dramatic surge in SVI since 2007 stand as testament 
to the ingenuity of millions of smallholder farmers 
and decades of public investment in irrigation 
infrastructure and extension services. But we must 
ask: at what cost? The most alarming finding of 
this study is not the absence of progress, but the 
dangerous illusion of progress. Rising SVI values 
in Punjab and Sindh may reflect short term gains 
achieved through the liquidation of Pakistan’s 
most vital natural asset: its groundwater. The same 
SVI signal that tells us “vegetation is doing better 
than ever” may also be screaming: “the aquifer is 
dying”. True resilience is not measured by how 
well crops grow in a good year it is measured 
by how well the system survives in a bad one. 
Balochistan teaches us that ecological restoration 
can build resilience without exploitation. Sindh 
shows that infrastructure efficiency can decouple 
productivity from groundwater dependence. Punjab 
demonstrates the peril of intensification without 
regulation.

We urge policymakers to shift from reactive 
crisis response to proactive, data driven governance. 
The tools exist: MODIS, Google Earth Engine, 
SVI, and emerging ground networks. The future 
of Pakistan’s food security does not lie in pumping 
more water it lies in managing less, smarter, and 
fairer. Continued monitoring of EVI and SVI is 
not optional, it is foundational. This can be good in 
management.

4.    CONCLUSIONS

This study presents the first long term (2001-
2022), province scale assessment of agricultural 
drought across Pakistan using the Standardized 
Vegetation Index (SVI) derived from MODIS EVI 
data processed in Google Earth Engine (GEE). 
Our analysis reveals distinct regional trajectories: 
Punjab shows a concerning post 2015 decline in 
SVI, indicative of mounting water stress despite 
intensive irrigation; Sindh and Balochistan exhibit 
significant recovery, likely attributable to improved 
water infrastructure and large scale afforestation 
efforts; while Khyber Pakhtunkhwa remains highly 

volatile, reflecting its rainfall dependent ecosystems. 
This work advances drought monitoring in semi 
arid, data scarce regions by introducing an open 
source, reproducible GEE workflow for operational 
SVI computation and statistically robust drought 
classification, the spatiotemporal behavior of SVI 
corresponds closely with documented drought 
events and regional patterns of agricultural water 
stress across Pakistan particularly in major 
cropping zones such as Punjab and Sindh. This 
alignment suggests that SVI, derived from satellite 
based vegetation dynamics, captures signals 
relevant to agricultural drought conditions beyond 
purely meteorological indicators like precipitation 
based indices. The SVI outputs offer practical 
utility for operational drought monitoring and can 
inform climate smart agriculture (CSA) decision 
making including strategic crop planning, irrigation 
prioritization, and early warning dissemination 
empowering provincial and national agencies to 
target interventions, allocate resources efficiently, 
and strengthen resilience in Pakistan’s increasingly 
climate vulnerable farming systems.
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Abstract: In this research, heavy metals such as lead (Pb), cadmium (Cd), and chromium (Cr) were determined 
in two types of drug samples, namely syrups and injections that were administered to newborns in Iraqi hospitals, 
during 2024. 30 samples of drugs were collected to investigate heavy metals using a Shimadzu AA-7000 atomic 
absorption spectrometer (AAS). The current study used the US Environmental Protection Agency model to calculate 
the carcinogen and non-carcinogen risk criteria for heavy metals in all medical samples. The average values of Pb, 
Cd, and Cr in syrup drug samples were 1.65 ± 0.47 mg/L, 0.34 ± 0.06 mg/L, and 1.17 ± 0.09 mg/L, respectively. For 
injection drug samples, the corresponding average concentrations were  1.71 ± 0.45 mg/L, 0.45 ± 0.04 mg/L, and 1.26 
± 0.04 mg/L, respectively. All measured values of the concentrations of Pb, Cd, and Cr in syrup drug and injection drug 
were within international permissible limits; though, some injection samples showed elevated Pb levels. However, 
the TNCR and TCCR results for all samples were within the globally recommended limits by the US Environmental 
Protection Agency. Although measured concentrations of Pb, Cd, and Cr were within international permissible limits, 
carcinogenic and non-carcinogenic risk assessments indicate the need for continued monitoring of neonatal drugs, 
particularly those with elevated Pb levels.

Keywords: Heavy Metals, Medical Drugs, Health Risks, New-born, Carcinogen.

1.    INTRODUCTION

Heavy metals are defined as elements with a density 
greater than 5 g/cm³ [1]. Heavy metals can be found 
ubiquitously in the natural realm. Nevertheless, their 
existence in the environment can be augmented due 
to human-induced actions. The global community 
is deeply concerned about the environmental 
contamination caused by heavy metals [2]. Their 
toxicity increases, even at low concentrations, due 
to various activities that pollute the environment, 
water, and soil, and then living organisms through 
the food chain, causing the formation of stable and 
non-degradable toxic compounds in bodies, which 
leads to the destruction of their vital functions [3].  
Heavy metals are essential minerals for human, 
but in small proportions, depending on the type 
of metal and the body’s need for it, which may 
be a few milligrams per day, and their increase 
causes health problems. Among the most important 
minerals necessary for humans are calcium (Ca), 
phosphorus (P), iron (Fe), magnesium (Mg), copper 

(Cu), zinc (Zn), manganese (Mn), iodine (I), sodium 
(Na), potassium (K), and chlorine (Cl) [4].  On the 
other hand, there are toxic heavy metals whose 
presence in the human body poses a risk. These 
include chromium (Cr), cadmium (Cd), lead (Pb), 
mercury (Hg), etc. [1]. Numerous independent 
investigations have raised concerns about the 
presence of pollutants, including heavy metals, in 
various drug products specifically formulated for 
children, especially newborns. The susceptibility 
to both carcinogenic and non-carcinogenic impacts 
of excessive exposure to heavy metals is a concern 
for all individuals; however, infants, toddlers, 
and children are particularly at risk due to their 
underdeveloped physiological systems [5, 6].

Although environmental exposure to heavy 
metals is widely documented, their presence in 
pharmaceutical products used for newborns is 
of greater concern. In particular, oral syrups and 
injectable medications may be direct pathways for 
heavy metal consumption during treatment [7, 8]. 



Heavy metals are harmful because the body does 
not metabolize them. They accumulate in soft 
tissues, which may enter newborns through food, 
water, air, or absorption through the skin [9]. Heavy 
metal concentrations in drug samples were studied 
by many scientists worldwide using different 
technical [10-12]. 30 types of medications used 
to treat newborns from the most common diseases 
affecting this category of children in Iraq.

Since no previous studies have assessed 
heavy metal levels in drugs used by newborns 
and available in Iraqi hospitals, the current work 
provides the first baseline data. Therefore, this 
work aims to determine Pb, Cd, and Cr levels 
using atomic absorption spectrometry (AA-
7000, Shimadzu, Japan) in medical medications 
available in Iraq. Carcinogen and non-carcinogen 
risk parameters such as chronic daily intake (CDI), 
hazard ratio (HQ), chronic risk index (HI), cancer 
risk (CR), and total cumulative cancer risk (TCCR) 
were also calculated in all samples of the current 
study. This study not only addresses a critical public 
health issue but also provides valuable insights for 
policymakers and healthcare providers to ensure 
safer pharmacy practices.

2.    MATERIALS AND METHODS 

2.1. Drugs Samples

Drug samples in the present work included syrups 
and injectable drugs that are commonly used 
and administered to neonates in Iraqi hospitals. 
Selection criteria were based on their frequency 
of prescription and availability in neonatal wards, 
ensuring representativeness of routine clinical 
practice. Initial quality control properties, such as 
labeling, packaging, and expiry, were performed. 
All drug samples were securely packaged to 
prevent moisture absorption and reduce microbial 
contamination. To maintain sample integrity, all 
medications were stored in their original sealed 
containers under recommended storage conditions 
(at room temperature and away from direct sunlight) 
until analysis. These samples were collected from 
November 01, 2024, to December 01, 2024. The 
sources of these samples (30 samples) were chosen 
from various countries and obtained from the 
Iraqi hospitals. The medical drug samples were 
divided into 8 syrups and 22 injections at different 
manufacturing facilities (Table 1).

2.2. Drugs Preparation and Digestion

In the present study, 5-10 ml of the drug samples 
were taken and put in the digestion vessel, and 
5-8 ml of nitric acid (HNO3 65%) and 1-2 ml of 
hydrogen peroxide (H2O2 30%) were added to 
speed up the reaction. Then the digestion vessel 
is placed in the heating device at 180-220 °C for 
20-45 minutes. After the reaction is complete, we 
transfered the resulting solution to a volumetric 
flask, added distilled water (50 - 100 ml), then 
employed an atomic absorption device (AAS) [13-
16]. 

To ensure analytical accuracy and precision, 
three other vials were taken to digest the blank 
sample, using the same mixture of acids used in 
the samples, but without adding them to it. These 
were used to compare the changes between acids in 
the absence and presence of the sample. The blank 
sample was used to calibrate the zero to set the 
spectrophotometer [duha drugs]. Recovery rates 
ranged within the acceptable limits (80-120%), 
confirming the reliability of the digestion and 
measurement procedures.  

2.3. Atomic Absorption Spectrometer

Heavy metals (lead, cadmium, and chromium) 
were analyzed using a flame atomic absorption 
spectrometer (AA-7000, Japan) model 
SHIMADZU. Concentrations of lead, cadmium, 
and chromium are determined using heating. 
Atomic spectrometers measured at wavelengths of 
283.3 nm, 228.8 nm, and 357.9 nm, respectively, 
and lamp currents of 10 mA, 8 mA, and 10 mA, 
respectively. The calibration standards of solutions 
for Pb and Cr were 0.2, 0.5, and 1 ppm, while for 
Cd were 0.1, 0.5, and 1 ppm.  It was calculated that 
the background level of the blank was 0.01 ppm. 
Also, the limits of detection for the three heavy 
metals of the present study were for Pb <0.01, for 
Cd <0.01, and for Cr 0.09 ppm.

To ensure quality control (QA/QC), the 
certified reference materials (CRM) of plant origin 
for metal analysis are also used, and the recovery 
test is conducted with the best digestion method for 
each metal. QA/QC procedures included analysis 
of blanks, duplicates, and spiked samples, and 
all measurements were performed in triplicate to 
ensure precision and accuracy.
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2.4. Calculation of Healthy Risk Assessments 

The health risk parameters were calculated due to 
Pb, Cd, and Cr concentrations in drug samples in 
the present study, which can be classified into two 
parts (non-carcinogen and carcinogen parameters), 
as follows:

2.4.1. Non - carcinogen parameters

Three health risk parameters for non-carcinogens 

were assessed as follows:

a.	 Chronic daily intake for non-carcinogens 
(CDI nca) [17]:

               (1)

b.	  Hazard quotient (HQ) [17]:

                                                                       (2)

S. No. Type of drugs Sample name Sample code Origin
1 Syrups Baby Gas drops 30 ml SD1 Iraq
2 Paracetamol Syrup SD2 Iraq
3 Brufemol Syrup SD3 Iraq
4 Spasmo - drop SD4 Iraq
5 Butadin Syrup SD5 Iraq
6 Safaprim Syrup SD6 Iraq
7 Piodol drop 30 ml SD7 Iraq
8 Nystatin drops 30 ml SD8 Iraq
9 Injections Glucose/ Dextrose 5% ID1 Iraq
10 Glucose/ Dextrose 10% ID2 Iraq
11 Difen 10 mg/ml ID3 Iraq
12 Piodol 10 mg/ml ID4 Iraq
13 Ciprofloxacin 200 mg/100 ml ID5 Iraq
14 Ceftriaxone 1mg ID6 Iraq
15 Meropenem 1000 mg ID7 Germany
16 Ondansetron 2 mg/ml ID8 Iraq
17 Piopenem 1000 mg ID9 Iraq
18 Omnip Aque 350mg/ml ID10 Ireland
19 TZD Ceftazidime 1000 mg/vail ID11 India
20 Vancotech 1mg/vial ID12 India
21 Glucose 50% W/V ID13 Iraq
22 Flagyl 100 ml ID14 Iraq
23 Amoxicillin ID15 Iraq
24 Vanconeer IV ID16 Iraq
25 Glueose 50% W/V 20 ml ID17 Germany
26 Tavoctamo piperacillin ID18 Iraq
27 Potassium chloride 15% ID19 Iraq
28 Calcium Cluconate 10 ml ID20 Germany
29 Aminophyline 250 mg/10 ml ID21 Cyprus
30 Ampicillin 500 ml ID22 India

Table 1. Drug sample information in the present work.
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c.	 Hazard index (HHI) or total non-
carcinogens risk (TNCR) [18, 19]:  

                                                                                 (3)

where Cs is concentrations of Pb, Cd, and Cr 
concentrations (mg/L), IR is ingestion rate 
consumption of drugs (1.25 ml/day) for injection 
[20] and (5.250 ml/day) for syrups [21], EF is 
exposure frequency (350 day/year) [22], ED is 
exposure duration (30 years), CF is conversion 
factor 10-6 kg/mg) [17], BW is the average of body 
weight of newborn (5.7 kg) [23], AT (nca) is the 
average time for non-carcinogens (365 × 30 days) 
[22], and RFD0 is “chronic reference dose of the 
toxicant” (Pb = 0.004 mg/kg/day, Cd = 0.001 mg/
kg/day, and Cr = 0.003 mg/kg/day) [24].

2.4.2. Carcinogen parameters
 
There are three health risk parameters for 
carcinogens assessed as follows:

a.	 Chronic daily intake for carcinogens 
(CDIca) [17]:

                        (4)

b.	 Cancer risk (CR) [25]:

                                                    (5)

c.	 Total cumulative cancer risk (TCCR) [18]:  

                                                              (6)                                      

where, AT (ca) is average time for carcinogens 
(365×70 days) [22], and SF is “slope factor” (Pb= 
0.0085 mg/kg/day, Cd= 6.7 mg/kg/day, and Cr = 
0.5 for Pb, Cd, and Cr mg/kg/day) [26].

It should be noted that the selected criteria 
(IR, EF, ED, and BW) are primarily derived from 
neonatal studies and EPA guidelines. However, 
because the EPA equations were originally 
developed for the general population, their direct 
application to neonates may raise some concerns; 
therefore, in this work, we relied on neonatal-
specific references whenever possible.

3.    RESULTS AND DISCUSSION

Table 2 presents the results of drug samples showing 
concentrations of Pb, Cd, and Cr. The range value 
of Pb, Cd, and Cr concentrations (mg/L or ppm) 
in syrup drug samples were 0.01-3.43, 0.01-0.57, 
and 0.69-1.62, respectively, with average values of 
1.65 ± 0.47, 0.34 ± 0.06, and 1.17 ± 0.09. Whereas, 
the range values of Pb, Cd, and Cr concentrations 
(mg/L or ppm) in injection drug samples were 
0.001-10.1, 0.13-0.8, and 0.76-1.69, respectively, 
with average values of 1.71 ± 0.45, 0.45 ± 0.04, 
and 1.26 ± 0.04. All samples’ average Pb, Cd, and 
Cr concentrations were 1.7 ± 0.35, 0.42 ± 0.03, 
and 1.23 ± 0.04, respectively. Figure 1 shows the 
Comparison of the Concentration (mg/L) of Pb, 
Cd, and Cr in drug samples between the syrups and 
injections with the safe limit. 

Figure 2 shows the percentage values of 
Pb concentrations in drug samples (syrups and 

Fig. 1. Comparison of the Concentration (mg/L) of Pb, Cd, and Cr in drugs samples between the syrups and injections 
with safe limit.
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injections) in the present work. While, Figure 3 
shows the percentage values of Cd concentrations 
in the present samples. Whereas, Figure 4 shows 
the percentage values of Cr concentrations in 
the present samples. Figures 2 illustrates that the 
maximum percentage of Pb concentrations was 

17% in ID22 (Ampicillin 500ml, made in India). 
Figure 5 shows the difference in the average 
heavy metals in drug samples between syrups and 
injections. The average of all heavy metals (Pb, Cd, 
and Cr) in injection samples is higher than in syrup 
samples. Because when the medicine (needles) is 

S. No. Type of drugs Sample code Concentration (mg/L)
Pb Cd Cr

1 Syrups SD1 2.69 0.01 1.12
2 SD2 0.09 0.38 1.26
3 SD3 2.32 0.49 1.19
4 SD4 0.01 0.57 0.98
5 SD5 1.58 0.33 1.40
6 SD6 3.06 0.38 0.69
7 SD7 0.03 0.51 1.62
8 SD8 3.43 0.08 1.12
9 Injections ID1 0.03 0.80 1.40
10 ID2 0.09 0.60 1.40
11 ID3 0.02 0.69 1.05
12 ID4 2.69 0.28 1.26
13 ID5 1.95 0.60 1.40
14 ID6 0.84 0.26 0.76
15 ID7 0.09 0.40 0.98
16 ID8 0.47 0.24 1.12
17 ID9 2.69 0.76 1.33
18 ID10 1.58 0.64 1.48
19 ID11 3.43 0.44 0.90
20 ID12 3.06 0.48 1.69
21 ID13 0.07 0.48 1.26
22 ID14 0.09 0.44 1.33
23 ID15 1.95 0.22 1.40
24 ID16 3.06 0.44 1.26
25 ID17 1.95 0.40 1.40
26 ID18 0.84 0.37 1.40
27 ID19 1.58 0.76 1.40
28 ID20 0.001 0.13 1.19
29 ID21 1.21 0.01 1.12
30 ID22 10.10 0.55 1.26
Avearge±S.D.(Syrups) 1.65 ± 0.47 0.34 ± 0.06 1.17 ± 0.09
Avearge±S.D.(Injections) 1.71 ± 0.45 0.45 ± 0.04 1.26 ± 0.04
Avearge±S.D.(All) 1.7 ± 0.35 0.42 ± 0.03 1.23 ± 0.04

Table 2. Results of heavy metals in drugs sample in the present work.
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given intravenously, it immediately reaches the 
bloodstream, while the medicines (drinks) that are 
given orally are convenient, safe, and less expensive, 
as absorption begins from the mouth, stomach, 
then the small intestine, and the liver proceeds 
before transporting it through the bloodstream 
to its location. The injection medicine shows 
its effectiveness within 5-10 minutes, while the 
swallowing medicine shows its effectiveness within 
45-60 minutes. The study showed that the average 
lead, cadmium, and chromium for drug samples 
were within the global limit (Pb = 10 ml/L, Cd = 
3 ml/L, and Cr = 5 ml/L) [27]. The Pb detection in 
injection ID22 at 10.1 mg/L from Table 2 indicates 
a possible risk from outlier samples. Leaching 

from packing or equipment, contamination during 
manufacturing, or inadequate quality control might 
all be the cause of this abnormally high Pb level. 
These outliers highlight the necessity of rigorous 
monitoring, even while the majority of samples 
fall within safe bounds. To avoid these kinds of 
incidents, it is crucial to maintain appropriate 
production and storage conditions. Even while 
the average Pb levels in each injection are within 
acceptable bounds, large amounts in specific 
batches may still be harmful to a newborn’s health. 
To avoid exposure to harmful heavy metals, this 
emphasises the significance of strict quality control, 
frequent drug batch monitoring, and adherence to 
safety protocols.

Fig. 2. The percentage value of Lead in drugs samples in 
the present study.

Fig. 3. The percentage value of cadmium in drugs 
samples in the present study.

Fig. 4. The percentage value of chromium in drugs 
samples in the present study.

Fig. 5. Comparison of the average of Pb, Cd, and Cr in 
drugs samples between the syrups and injections.
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Table 3 displays the results of non-carcinogen 
parameters, Chronic Daily Intake (CDInca), 
Hazard Quotient (HQ), and Hazard Index (HI) for 
the Pb, Cd, and Cr concentrations in the present 
study. The average values of CDInca (unit μg/L/
day) for Pb, Cd, and Cr concentrations were 
0.653 ± 0.159, 0.151 ± 0.024, and 0.470 ± 0.066, 
respectively. The average values of HQ of Pb, Cd, 
and Cr concentrations were 0.163 ± 0.039, 0.151 ± 

0.024, and 0.156 ± 0.022, respectively. At the same 
time, as presented in Table 3, the results of HI vary 
from 0.111 in sample ID20 (Calcium Cluconate 10 
ml, Germany) to 1.298 in sample SD3 (Brufemol 
Syrup, Iraq), with an average of 0.471± 0.065.

The carcinogen parameters, chronic daily 
intake (CDIca), Carcinogenic Risk (CR), and 
Total Carcinogenic Risk (TCR) of newborns from 

S. No. Sample code
CDInca (ng/L/day) HQ×10-3 HI×10-3

Pb Cd Cr Pb Cd Cr

1 SD1 2.374 0.008 0.988 0.594 0.008 0.329 0.931
2 SD2 0.083 0.340 1.114 0.021 0.340 0.371 0.732
3 SD3 2.047 0.436 1.051 0.512 0.436 0.350 1.298
4 SD4 0.011 0.500 0.862 0.003 0.500 0.287 0.790
5 SD5 1.392 0.292 1.240 0.348 0.292 0.413 1.053
6 SD6 2.701 0.340 0.610 0.675 0.340 0.203 1.218
7 SD7 0.025 0.452 1.429 0.006 0.452 0.476 0.934
8 SD8 3.029 0.068 0.988 0.757 0.068 0.329 1.154
9 ID1 0.005 0.168 0.295 0.001 0.168 0.098 0.268
10 ID2 0.020 0.127 0.295 0.005 0.127 0.098 0.230
11 ID3 0.004 0.146 0.220 0.001 0.146 0.073 0.220
12 ID4 0.565 0.058 0.265 0.141 0.058 0.088 0.288
13 ID5 0.409 0.127 0.295 0.102 0.127 0.098 0.327
14 ID6 0.176 0.054 0.160 0.044 0.054 0.053 0.152
15 ID7 0.020 0.085 0.205 0.005 0.085 0.068 0.158
16 ID8 0.098 0.050 0.235 0.024 0.050 0.078 0.153
17 ID9 0.565 0.161 0.280 0.141 0.161 0.093 0.396
18 ID10 0.332 0.134 0.310 0.083 0.134 0.103 0.320
19 ID11 0.721 0.092 0.190 0.180 0.092 0.063 0.336
20 ID12 0.643 0.100 0.355 0.161 0.100 0.118 0.379
21 ID13 0.015 0.100 0.265 0.004 0.100 0.088 0.192
22 ID14 0.020 0.092 0.280 0.005 0.092 0.093 0.191
23 ID15 0.409 0.047 0.295 0.102 0.047 0.098 0.247
24 ID16 0.643 0.092 0.265 0.161 0.092 0.088 0.341
25 ID17 0.409 0.085 0.295 0.102 0.085 0.098 0.285
26 ID18 0.176 0.077 0.295 0.044 0.077 0.098 0.219
27 ID19 0.332 0.161 0.295 0.083 0.161 0.098 0.342
28 ID20 0.001 0.028 0.250 0.000 0.028 0.083 0.111
29 ID21 0.254 0.003 0.235 0.063 0.003 0.078 0.145
30 ID22 2.124 0.115 0.265 0.531 0.115 0.088 0.734
Avearge±S.D. 0.653 ±0.159 0.151 ±0.024 0.470 ±0.066 0.163 ±0.039 0.151 ±0.024 0.156 ±0.022 0.471 ±0.065

Table 3. Results of non-carcinogen parameters for drug samples in the current study.
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drug samples are given in Table 4. It is observed 
that the average values of CDIca due to Pb, Cd, 
and Cr concentrations in unit (μg/L/day) were 
0.28 ± 0.068, 0.064 ± 0.010, and 0.201 ± 0.028, 
respectively. While, the average value of CR 
was 2.379 ± 0.58 for Pb concentrations, 434.029 
± 69.047 for Cd concentrations, and 100.930 ± 
14.162 for Cr concentrations. Also, the results of 

TCR, as presented in Table 4 ranged from 59.60 
in the sample DI21 (Aminophyline 250 mg/10 ml, 
Cyprus) to 1619.38 in the sample SD4 (Spasmo-
drop, Iraq), with an average value of 537.34 ± 
79.63.  
                                                                                                                                    

The safe limits of Chronic Daily Intake (CDI) 
for non-carcinogenic risk (CDIₙ𝚌ₐ) are as follows: 

S. No. Sample code
CDIca (ng/L/day) CR×10-9 TCR×10-9

Pb Cd Cr Pb Cd Cr
1 SD1 1.017 0.004 0.423 8.65 24.35 211.68 244.68
2 SD2 0.036 0.146 0.477 0.30 975.11 238.67 1214.09
3 SD3 0.877 0.187 0.450 7.46 1250.78 225.18 1483.41
4 SD4 0.005 0.214 0.369 0.04 1434.64 184.70 1619.38
5 SD5 0.597 0.125 0.531 5.07 837.40 265.68 1108.16
6 SD6 1.158 0.146 0.261 9.84 975.11 130.70 1115.65
7 SD7 0.011 0.194 0.612 0.09 1296.68 306.16 1602.93
8 SD8 1.298 0.029 0.423 11.03 194.26 211.68 416.98
9 ID1 0.002 0.072 0.127 0.02 483.72 63.26 547.00
10 ID2 0.009 0.054 0.127 0.07 363.44 63.26 426.77
11 ID3 0.002 0.062 0.094 0.01 418.15 47.19 465.35
12 ID4 0.242 0.025 0.114 2.06 166.59 56.83 225.48
13 ID5 0.175 0.054 0.127 1.49 363.44 63.26 428.19
14 ID6 0.075 0.023 0.069 0.64 155.60 34.33 190.58
15 ID7 0.009 0.036 0.088 0.07 243.10 43.98 287.15
16 ID8 0.042 0.022 0.101 0.36 144.68 50.40 195.43
17 ID9 0.242 0.069 0.120 2.06 461.86 60.04 523.96
18 ID10 0.142 0.058 0.133 1.21 385.30 66.47 452.98
19 ID11 0.309 0.040 0.082 2.63 265.02 40.76 308.40
20 ID12 0.276 0.043 0.152 2.34 286.88 76.11 365.33
21 ID13 0.006 0.043 0.114 0.05 286.88 56.83 343.76
22 ID14 0.009 0.040 0.120 0.07 265.02 60.04 325.13
23 ID15 0.175 0.020 0.127 1.49 133.75 63.26 198.49
24 ID16 0.276 0.040 0.114 2.34 265.02 56.83 324.19
25 ID17 0.175 0.036 0.127 1.49 243.10 63.26 307.85
26 ID18 0.075 0.033 0.127 0.64 221.24 63.26 285.14
27 ID19 0.142 0.069 0.127 1.21 461.86 63.26 526.33
28 ID20 0.000 0.012 0.107 0.00 79.04 53.61 132.66
29 ID21 0.109 0.001 0.101 0.92 8.27 50.40 59.60
30 ID22 0.910 0.049 0.114 7.74 330.59 56.83 395.15

Avearge±S.D. 0.28 ±0.068 0.064 ±0.010 0.201 ±0.028 2.379 ±0.58 434.029 ±69.047 100.930 ±14.162 537.34 ±79.63

Table 4. Results of carcinogen parameters for drug samples in the current study.
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Pb = 0.004 mg/kg/day, Cd = 0.001 mg/kg/day, and 
Cr = 0.003 mg/kg/day [24]. Figure 6 compares the 
CDIₙ𝚌ₐ values for Pb, Cd, and Cr concentrations in 
all drug samples (syrups and injections) with their 
respective safe limits. The results indicate that all 
values are within the safe limits [24]. Similarly, 
Figure 7 compares the CDI values for carcinogenic 
risk (CDI𝚌ₐ) in all drug samples under study with 
the established safe limits, showing that they also 
fall within acceptable ranges [24].

Also, the values of HQ and HI in the present 
study samples were smaller than the safe limit of 1, 
as established globally by the EPA [28]. Figure 8 
compares the results of HI with the safe limit. While 
Figures 9 compare the results of TCR with the safe 
limit. On the other hand, the range of safe limits 
of cancer risk (CR) and total cancer risk (TCR) for 
heavy metals, according to US EPA reports, was 
from 10-6 to 10-4 [29, 30]. From Table 4 it is found 
that some, such as CR and TCR of risk values, 
were numerically higher than1000, but they remain 
within the EPA acceptable range (10⁻⁶ to 10⁻⁴). 
This indicates that, despite the high values in some 
samples, the overall carcinogenic risk for newborns 
from these drugs is considered acceptable.

Statistically, a Pearson Correlation calculates 
the correlation and p-value between three heavy 
metals (Pb, Cd, and Cr), these results are given in 
Table 5, it is noted that the value is not significant. 
Pearson correlation of Pb, Cd, and Cr, together with 
the Positive Pearson correlation analysis of Pb with 
Cd and Cr, drugs can be seen as ores of which one 
mineral is the host of several elements, including 
the metals. Positive correlations may imply a 
similar source of contamination and/or a common 
absorption and/or accumulation pattern in the 
newborns, while low or negative correlations may 
imply independent sources, or differences regarding 
the absorption, distribution, and metabolism of each 
of the metals. Familiarity with these trends would 
facilitate the discernment of possible toxicological 
implications and quality control.

The results presented in Table 6 show the 
comparison of the concentrations of Pb, Cd, and 
Cr in drug samples that were used by children 
from Iraq and other countries. It is found that Pb 
concentration was lower than in Turkey and higher 
than Iran and Bangladesh. While Cd concentration 
was higher than Bangladesh and lower than Iran and 
Turkey. Whereas, Cr concentration was higher than 
Nigeria and Bangladesh, but lower than Turkey.

Fig. 6. Comparison of CDI (nca and ca) the samples 
syrups drugs of the present study and safe limit.

Fig. 7. Comparison of CDI (nca and ca) the samples 
injections drugs of the present study and safe limit.

Fig. 8. Comparison of HI in drugs samples between the 
samples of the present study and safe limit.

Fig. 9. Comparison of TCR in drugs samples between 
the samples of the present study and safe limit.
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4.    CONCLUSIONS 

The present work estimated the concentrations of 
Pb, Cd, and Cr, and their health risk parameters 
(non-carcinogenic and carcinogenic) in two types 
of drugs: syrups and injections used by newborns 
in Al-Najaf Governorate, Iraq. The concentrations 
of Pb, Cd, and Cr in all drug samples in the present 
study were lower than the drug standards set by the 
U.S. Food and Drug Administration. Also, the results 
showed that the non-carcinogenic and carcinogenic 
results were low risk. It can be concluded that most 
samples of drugs in Al-Najaf Governorate were 
within the safe limits, but elevated Pb levels in 
certain injections samples highlight the need for 
strict quality control and ongoing monitoring.
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Abstract: We present a satellite-driven, four-year assessment of formaldehyde (HCHO) over Ahvaz that quantifies 
its spatiotemporal variability, meteorological controls, and health risk. Using Sentinel-5P/TROPOMI (2019–2022) 
together with MERRA-2/GLDAS/AIRS fields, we relate HCHO to co-pollutants (CO, NO₂, SO₂) and meteorology 
(precipitation, temperature, wind speed, relative humidity, dew point) and map hotspots via IDW; health risks are 
evaluated with RAIS. HCHO correlates positively with temperature (r = 0.92) and negatively with relative humidity (r 
= -0.84) and precipitation (r = -0.65); the wind-speed link is moderately positive (r = 0.46), with primary co-pollutants 
are weak (CO: r ≈ 0.08; NO₂: r ≈ -0.02). Interannually, 2020 shows the highest HCHO and 2021 the lowest (annual 
mean ≈8% lower in 2021), with persistent hotspots along the southeastern industrial corridor. IUR-based lifetime 
inhalation cancer risk peaks in 2020 at ~506 expected excess cases citywide and is lowest in 2021 at ~468. These 
quantitative results highlight temperature-driven photochemistry and moisture-related removal as key controls on 
HCHO and motivate strengthened air-quality management to mitigate exposure and protect public health in Ahvaz.

Keywords: Formaldehyde (HCHO), Air Pollutants, Meteorological Conditions, Sentinel-5P, Spatiotemporal, Health 
Risk Assessment.

1.    INTRODUCTION

Ahvaz has been identified as a critical area for air 
quality research due to its high levels of various 
pollutants, including Formaldehyde (HCHO), ozone 
(O3), nitrogen dioxide (NO₂), and sulfur dioxide 
(SO₂), and carbon monoxide (CO). The city’s 
geographical and climatic conditions exacerbate 
pollution levels, leading to severe health impacts 
among residents. Notably, studies have shown 
that exposure to these pollutants correlates with 
increased hospital admissions for cardiovascular 
diseases and respiratory issues [1-3]. Statistical 
data indicate that, following Tehran and Isfahan, 
Ahvaz ranks third in terms of air pollution levels in 

Iran, and this condition is on a continuous upward 
trajectory. Consequently, it is essential to examine 
the trends of air pollutants in Ahvaz city. HCHO 
represents a significant member of the aldehyde 
family, prevalent in both indoor and outdoor 
atmospheric environments. This compound is 
critical for assessing atmospheric oxidation capacity 
due to its toxic, irritating, and flammable properties 
[4, 5]. Epidemiological studies investigating the 
health impacts of HCHO have led the U.S. National 
Toxicology Program and the International Agency 
for Research on Cancer to classify this gas as a 
potential contributor to leukemia [6]. HCHO is 
primarily emitted from anthropogenic activities 
such as vehicular emissions, industrial processes, 



and the use of certain household products. In urban 
environments like Ahvaz, traffic-related emissions 
are significant contributors to ambient HCHO 
levels. Furthermore, photochemical reactions can 
lead to secondary formation of HCHO from other 
pollutants, complicating efforts to manage air 
quality.

Existing research indicates that meteorological 
parameters and precursor pollutants substantially 
influence variations in atmospheric pollutant 
concentrations, as well as the assessment of 
associated health risks across different months 
and seasons [7-9]. Borhani et al. [10] conducted 
a pivotal study investigating the effects of fine 
particulate matter (PM2.5) on air quality and public 
health in Tehran, Iran, over a ten-year period 
from 2011 to 2020. The research analyzed PM2.5 
concentrations, the Air Quality Index (AQI), 
and hospital admissions associated with chronic 
obstructive pulmonary disease (COPD) linked to 
PM2.5 exposure. The results revealed that reductions 
in PM2.5 levels can yield significant health benefits. 
Another study examined both indoor and outdoor 
concentrations of BTEX compounds in Tehran, 
emphasizing how building characteristics can 
influence exposure levels. This research suggests 
that urban planning and building design could 
mitigate exposure risks to these toxic pollutants 
[11]. Dehghani et al. [12] conducted an evaluation 
of HCHO concentrations in the ambient air of 
Tehran, revealing significant levels that may pose 
health risks. The results underscore the necessity for 
immediate interventions to regulate emissions from 
both industrial and vehicular sources to safeguard 
public health. Hedayatzadeh and Hassanzadeh 
[13] examined benzene, toluene, ethylbenzene, 
and xylene (BTEX) compounds in Ahvaz’s urban 
atmosphere, assessing their prevalence, sources, 
and health risks. Their study underscored the health 
threats posed by these VOCs, which contribute to 
air pollution. The findings emphasizes the need for 
effective air quality management in urban areas like 
Ahvaz, highlighting the importance of monitoring 
BTEX levels to mitigate health risks and guide 
policy on emissions and traffic. 

While the relationship between HCHO and 
various atmospheric variables has been explored, 
fewer studies have undertaken a comprehensive 
assessment that simultaneously considers precursor 
pollutants and a full suite of meteorological 

conditions . This is particularly true for specific, 
under-examined urban hotspots, where such detailed 
analyses are crucial for developing effective, 
localized mitigation strategies. Ahvaz, despite its 
status as one of Iran’s most critical air pollution 
centers, has been notably overlooked in existing 
research. This study addresses this significant gap 
by conducting a multi-faceted analysis of HCHO’s 
spatiotemporal behavior in Ahvaz from 2019 to 
2022 and systematically correlating it with key 
atmospheric variables. Building upon this essential 
groundwork, the paper’s primary contribution is the 
quantification of direct public health consequences 
using the RAIS framework. This approach not only 
characterizes the pollutant’s dynamics in a high-
risk environment but also translates these findings 
into tangible human health impacts, with results 
presented at both urban and district scales.

2.    MATERIALS AND METHODS 

2.1. Study Area

Ahvaz (  and ) serves as the 
capital of Khuzestan province in southwestern 
Iran, is divided into eight districts (Figure 1 and 
Table 1). The city is situated on both banks of the 
Karun River and is characterized by a low range 
of sandstone hills. Covering an area of 318 square 
kilometers, Ahvaz ranks among the largest cities 
in Iran, holding the third position in terms of size, 
following Tehran and Mashhad. Positioned within 
the Khuzestan plains, the city is approximately 
12 meters above sea level. The average annual 
precipitation in Ahvaz ranges from 220 to 250 
mm, with minimum temperatures recorded at 5 

Fig. 1. The location of the study area, (a) Iran, (b) 
Khuzestan province, (c) Ahvaz city.
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C and maximum temperatures exceeding 40 °C. 
The average relative humidity typically fluctuates 
between 14% and 58%, while the average annual 
wind speed is approximately 38 kilometers per hour. 
Given its geographical and industrial significance, 
Ahvaz plays a crucial role in the economic and 
industrial landscape of the country.

2.2. Datasets and Preparation

2.2.1. Sentinel-5P (TROPOMI) data retrieval and 
preparation

Spatio-temporal maps of HCHO concentrations 
and other air pollutants (CO, NO2, O3, SO2) are 
instrumental in identifying emission hotspots and 
assessing the effectiveness of pollution mitigation 
strategies over time. (The units for HCHO, CO, 
NO₂, and SO₂ are given as vertical column density 
(VCD) in mol m⁻², while O₃ is measured as total 
column density in Dobson Units (DU). This study 
analyses the average daily total air pollutants column 
density obtained from the Sentinel-5P satellite, 
specifically utilizing the TROPOMI (Tropospheric 
Monitoring Instrument Sentinel-5 Precursor) 
HCHO monitoring instrument, accessible through 
the Google Earth Engine (GEE) cloud platform 
[14]. We used Level-2 OFFL products and 
retained only pixels with (qa_value ≥ 0.5.) The 
data spans from January 1, 2019, to December 
31, 2022, covering a four-year period. TROPOMI 
operates with a spectral resolution ranging from 
0.25 to 0.55 nanometre (nm) and provides global 
daily coverage with a spatial resolution of 5.5 × 
3.5 km, (commonly reported as ~3.5 × 5.5 km at 
nadir). Following the acquisition and importation 

of the data into Quantum GIS (QGIS), the Inverse 
Distance Weighting (IDW) method was employed 
to generate monthly HCHO (total column) maps 
[15].

In addition, for subsequent health risk assessment 
(RAIS), HCHO needs to be expressed as volumetric 
concentration (µg m⁻³). Therefore, the satellite-
retrieved VCD of HCHO (VCD, mol m⁻²) was 
converted to volumetric concentration using the 
following relation:

(1)

Where, C denotes the HCHO (mol.m-2) and the 
molar mass of HCHO is 30.026 g.mol-1. In general, 
the denominator H represents the planetary 
boundary layer height (PBLH). In this study, for 
simplicity, we assume H = 1000 (m), which is a 
reasonable approximation.

2.2.2. Data collection of meteorological parameters 
using the NASA Giovanni

Meteorological parameter (i.e., total precipitation 
rate (PR), surface air temperature (T), relative 
humidity (RH), surface wind speed (WS), dew 
point temperature (DWP)) data were sourced 
from the MERRA-2, GLDAS, and AIRS satellite 
models through the Giovanni platform (Table 
2). The Giovanni platform functions as an online 
interactive geographic visualization tool, facilitated 
by NASA’s Goddard Earth Science Data and 
Information Service (GES DISC) [16, 17]. 

Municipal 
districts Land use Area

(Hectare)
Population
(People)

Population 
density

1 Including the central and historical parts of the city 1103 139427 126
2 Residential and commercial areas with access to urban facilities 2913 107274 36
3 Including industrial and economic areas 3181 176167 55
4 Residential areas with a focus on infrastructure development 2527 153313 61
5 Includes new neighborhoods and housing projects 2155 105477 49
6 Cultural and recreational areas 2111 165110 78
7 Marginal and less developed regions 1719 146218 85
8 Including special areas and large urban projects 3098 191802 62
Total 19494 1184788

Table 1. Population and area of ​​Ahvaz city by Municipal districts.
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2.2.3. Health risk assessment

The RAIS is a comprehensive tool developed 
under the supervision of the U.S. Department of 
Energy (DOE) since 1996. It serves as a resource 
for assessing environmental risks, particularly 
concerning pollutants like HCHO. The system 
focuses on various dimensions of exposure, 
including contact duration, application duration, and 
contact frequency, which are critical for evaluating 
how individuals interact with hazardous substances 
[18]. In RAIS terminology, CDI (Chronic Daily 
Intake) denotes a dose normalized by body weight 
and time (typically  ·kg⁻¹·day⁻¹).

To assess CDI of a pollutant, RAIS utilizes 
specific formulas based on the type of exposure. 
The CDI can be calculated in two primary ways:
Contact CDI: This is expressed in  and 
considers the duration and frequency of exposure 
(Equation 2). In practice, Eq. (2) provides a time-
averaged ambient concentration used later as the 
concentration term in the IUR-based risk (Eq. 4).

Inhalation CDI: For inhalation exposure, the 
pollutant concentration in the air is measured in 
µg/m³. This approach specifically addresses the 
risks associated with airborne pollutants (Equation 
3). In Eq. (3), CDI is a dose-based quantity 
(mg·kg⁻¹·day⁻¹) that uses breathing rate and body 
weight.

(2)

(3)

Where, C and ED are the concentration and 
exposure duration, AT is the average human lifespan 
(typically considered to be 70 years for cancer risk 
assessments), BR is the breathing rate, and BW is 
the average body weight (often considered to be 
around 70 kg (approximately 154 lbs) for adults).

2.2.3.1. Cancer risk assessment

Cancer risk assessment involves evaluating the 
likelihood of developing cancer based on various 
factors, including exposure to carcinogens. The 

methodology typically incorporates concepts such 
as cancer slope factors and respiratory risk units, 
which are often linear and suggest that there is 
no safe threshold for exposure-meaning even the 
lowest concentration of a carcinogen can increase 
cancer risk.

The following equation is used to calculate the 
cancer risk associated with exposure to a specific 
carcinogen.

(4)

(5)

The Inhalation Unit Risk (IUR) is a measure 
of the potency of the carcinogen. It represents the 
upper-bound probability of an individual developing 
cancer as a result of continuous exposure to the 
carcinogen at a concentration of 1 in air over a 
lifetime. The IUR is expressed as the inverse of the 
concentration . Also, Cancer Slope Factor 
(CSF) is a toxicological measure that quantifies 
the risk of cancer associated with exposure to a 
carcinogen. It is expressed in units of risk per unit of 
exposure . The CSF indicates the increase 
in cancer risk per unit of CDI and is specific to each 
carcinogen [19, 20]. 

2.2.4. Matrix heatmap of data

Heatmaps function as a highly effective visualization 
instrument that is particularly useful for representing 
data organized in a matrix format. This technique 
employs variations in color to illustrate different 
values within the dataset. In the context of this study, 
this visualization method was specifically applied 
to clarify the relationship between concentrations 
of HCHO, other air pollutants (CO, NO2, O3, SO2) 
and various meteorological parameters observed 
from the years 2019 to 2022. The heatmaps 
utilized in this research were created through the 
use of the seaborn heatmap functionality available 
in Python, which relies on the capabilities of the 
NumPy library to facilitate the data processing and 
visualization [21].

3.    RESULTS AND DISCUSSION

The monthly average of air pollutants concentrations 
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and meteorological variables from 2019 to 2022 in 
Ahvaz city is presented in Appendix, Table A.

3.1. Temporal and Spatial Variation of the 
HCHO and other Air Pollutants (CO, NO2, O3, 
SO2)

This study examines the atmospheric pollutants 
concentrations in Ahvaz city. The measured HCHO 
concentrations throughout the four-year study 
period consistently fall below the standard parts per 
billion (ppb) threshold and remain within acceptable 
limits across all months (Table 3). Figure 2 shows 
the spatial distribution of the average annual 
values of the Sentinel-5P total column density of 
HCHO ( ) in Ahvaz city from January 1, 2019 to 
December 31, 2022. 

The maximum and minimum monthly average 
values of total HCHO were recorded in August at 
0.000249583 and in January at 0.000084235 
respectively (Table 3). Overall, HCHO emissions 
exhibit seasonal variability, with concentrations 
generally higher in summer than in winter [22]. In 
unpolluted outdoor air, HCHO concentrations are 

typically below 1 ppb, whereas urban environments 
have reported concentrations ranging from 1 to 25 
ppb [23, 24]. This study has indicated that regions 3, 
6, 7, and 8 experience the highest levels of HCHO 
emissions. This situation raises significant public 
health concerns, necessitating targeted interventions 
to improve air quality in these areas. The high 
emissions can be attributed to factors such as 
urbanization, industrial activities, and traffic density, 
which are prevalent in these regions (Table 1).

The total CO concentration reached its peak 
in region 8 during the period from 2019 to 2021, 
while region 1 exhibited the highest level in 2022 
(Figure 3(a-c)). In Ahvaz, the maximum average 
CO concentration was recorded in August, whereas 
the minimum was noted in November (Figure 
3(d)). The highest average concentration of NO2 in 
Ahvaz was recorded in January, while the lowest 
concentration occurred in April. These findings 
underscore the significance of seasonal changes on 
air quality in Ahvaz. The data indicates that both CO 
and NO2 levels are influenced by meteorological 
conditions, traffic patterns, and seasonal activities. 
The total O3 concentration is greatest in regions 2, 

Fig. 2. The spatial distribution of the average annual 
concentrations of HCHO in Ahvaz, Iran from 2019 to 
2022.

Fig. 3. The spatial distribution of the average annual 
concentrations of CO and NO2 in Ahvaz, Iran from 2019 
to 2022.
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5, and 6, while the highest concentration of SO₂ is 
observed in region 8 (Figure 4). Figure 4 shows 
persistent spatial gradients: O₃ remains higher over 
the northwest–central districts and lower toward 
the southeast in all four years, with a slight citywide 
increase from 2019 to 2022. In contrast, SO₂ 
displays stronger spatial contrasts with recurrent 
hotspots in the eastern/southeastern industrial 
corridor (notably region 8) and comparatively lower 
values in the northwest. Year-to-year variability is 
larger for SO₂ than for O₃, consistent with episodic 
emission/stack operations. These patterns suggest 
regionally driven photochemistry and NOₓ titration 
for O₃, versus more local combustion/industrial 
sources for SO₂.

3.2. Statistical Associations between HCHO, 
Meteorology, and Co-Pollutants

Figure 5 summarizes the co-variation between 
meteorology and pollutants. The HCHO-
temperature linkage is very strong (r = 0.92; see also 
Figure. 6(a)), consistent with temperature-driven 
VOC emissions, faster photochemistry, and a deeper 
daytime boundary layer that sustains secondary 
carbonyl formation; this pattern matches earlier 

satellite evidence for warm-season enhancement 
[25, 26]. In contrast, relative humidity shows a 
pronounced negative association with HCHO (r = 
-0.84; Figure 6(b)): higher RH generally promotes 
wet removal/aqueous uptake and reduces actinic 
flux, both of which diminish HCHO [27]. A similar 
damping appears for precipitation (PP) (r = -0.65), 
reflecting washout and cloud shielding [27]. 

Wind acts in two ways. The HCHO-WS 
correlation is moderately positive (r = 0.46), 
implying that stronger winds can deepen/mix the 
boundary layer and transport VOC-NOₓ precursors 
that maintain secondary HCHO. At the same time, 
WS-NO₂/SO₂ correlations are negative (-0.35 and 
-0.70), evidencing efficient dispersion of primary 
combustion pollutants [28]. The modest/negative 
HCHO-O₃ correlation (≈ -0.23) is compatible with 
local NOₓ titration of O3 in traffic-influenced areas, 
which can decouple O₃ from HCHO despite shared 
photochemical drivers.

Finally, the small HCHO correlations with 
CO (0.08) and NO₂ (-0.02) indicate that satellite 
columns of primary pollutants do not always track 
a secondary product at monthly scales, owing 
to differences in sources, chemistry, and mixing 
height. Overall, temperature favor higher HCHO, 
whereas humidity and precipitation suppress it, 
yielding the coherent pattern evident in Figure 5.
For completeness, Figure 6 makes these links 
explicit in the time domain: Figure 6(a) shows 
monthly HCHO and surface-air temperature (2019-
2022) evolving in phase, with co-located summer 
maxima (typically July-August) and winter minima 

Fig. 4. The spatial distribution of the average annual 
concentrations of O3 and SO2 in Ahvaz, Iran from 2019 
to 2022.

Fig. 5. Heatmap and summary of Spearman’s rank 
coefficient for correlations between monthly average 
HCHO, other air pollutants (CO, NO2, O3, SO2) and 
Meteorological parameters (T, WS, RH, DWP, PP) in 
Ahvaz, Iran, from 2019 to 2022.

228	 Borhani et al



(November-January). Figure 6(b) displays the 
anti-phase behavior with RH, where cool-season 
humidity peaks and summer troughs mirror 
the negative correlation noted above. Together, 
Figures 5 and 6 reinforce that temperature-driven 
photochemistry and VOC emissions elevate 
HCHO, while humidity/precipitation primarily act 
via removal and reduced photolysis.

3.3. Result of Health Risk Assessment

According to the 2015 census data from the Iran 
Statistics Center, the population of Ahvaz city was 
1,184,788 individuals [29]. The values for contact 
risk and respiratory risk from 2019 to 2022 are 
presented in Table 4; for context, population-scaled 
counts (risk × city population) are also reported.

The findings indicate that respiratory risk is 
consistently ~462 times higher than contact risk 

across all years, reflecting inhalation as the dominant 
exposure pathway. Citywide expected cases vary 
from ~468 (2021) to ~506 (2020), closely tracking 
the annual mean HCHO (highest in 2020, lowest in 
2021). These interannual differences are consistent 
with the concentration patterns reported in Section 
3.2. The reported risks are unitless lifetime cancer 
probabilities per individual (IUR applied to the 
annual-mean EC under the assumption of chronic 
exposure). The accompanying counts represent 
the expected number of excess cases obtained by 
scaling the risk by the city population.

4.    CONCLUSIONS 

This study quantified 2019-2022 spatiotemporal 
variability of  HCHO over Ahvaz using Sentinel-
5P/TROPOMI, examined its associations with 
meteorological drivers (PP, WS, T, RH, DWP) and 
co-pollutants (CO, NO₂, O₃, SO₂), and evaluated 
health risks via RAIS.
•	 We find marked seasonal and spatial variability 
in HCHO, SO₂, NO₂, O₃, and CO. Temperature 
shows a strong positive link with HCHO, 
while relative humidity and precipitation are 
negatively associated, consistent with enhanced 
photochemistry at higher T and wet removal/cloud 
shielding at higher RH/PP; these patterns agree 
with prior studies [30, 31].
•	 Spatial contrasts persist across years: O₃ 
concentrations/columns are generally higher in 
the western–northwestern districts, whereas SO₂ 
exhibits recurrent hotspots in Region 8, reflecting 
localized industrial/combustion influences versus 
regionally driven photochemistry for O₃.
•	 Health risk: inhalation (respiratory) lifetime 
cancer risk clearly exceeds contact risk in all years. 
The highest respiratory risk occurs in 2020 and the 
lowest in 2021, mirroring the corresponding annual 
mean HCHO.

Year Total annual 
concentration

Average annual
concentration

Annual 
contact risk

Annual 
respiratory risk

Risk person per year
(population of Ahvaz 1,184,788)

Annual contact 
risk/population

Annual 
respiratory 
risk/population

2019 0.001935 0.00016125 8.861E-07 0.00040897 1.05 484.5
2020 0.0020209 0.00016841 9.254E-07 0.00042711 1.10 506.03
2021 0.0018699 0.00015583 8.5628E-07 0.0003952 1.01 468.23
2022 0.0019073 0.00015894 8.734E-07 0.00040311 1.03 477.6

Table 4. Annual risk assessment of HCHO in Ahvaz city from 2019 to 2022.

Fig. 6. Comparison of monthly average of HCHO 
concentrations and (a) Surface air temperature and (b) 
Relative Humidity, from 2019 to 2022.
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It is worth noting, these results carry uncertainties 
arising from satellite retrieval and processing 
(QA/cloud screening and spatial resolution), the 
conversion from VCD to volumetric concentration 
(dependence on boundary-layer height), and 
toxicity parameters/assumptions in RAIS (IUR/
CSF ranges and chronic-exposure assumptions). 
Accordingly, risk values should be interpreted as 
indicative magnitudes rather than exact counts. The 
findings underscore the necessity for effective air 
quality management and monitoring systems in 
Ahvaz city. Addressing these pollution challenges 
is crucial for improving living conditions and 
safeguarding public health against the backdrop of 
industrialization and environmental factors.

5.    Appendix 

Table A presents monthly average of HCHO, other 
air pollutants (CO, NO2, O3, SO2) and meteorological 
parameters recorded from 2019 to 2022 in Ahvaz, Iran.
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Synthesis, Characterization, and Adsorptive Performance of
Ag-Doped ZnO Nanoparticles for Melanoidin Removal

Mehwish Qaseem¹, Saeed Ahmad², Muhammad Yasir Khan¹*, Muhammad Wasim Akhtar³, 
Muhammad Furqan Ali¹, Muhammad Saquib Ali¹, Shakeel Ahmed¹, Shahid Bhutto⁴,

and Mehwish Altaf¹

¹Department of Chemical Engineering, University of Karachi, Karachi, Pakistan
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Abstract: Melanoidin, a complex polymer compound formed through Maillard reactions during fermentation, 
constitutes a significant fraction of distillery wastewater and cannot be treated using standard treatment methods. 
Silver doped zinc oxide nanoparticles (AgZnONPs) were synthesized, characterized, and used in this work as potential 
adsorbent to remediate melanoidin from aqueous solutions. The as-synthesized nanoparticles were evaluated using 
X-ray diffraction (XRD), UV-visible spectroscopy, field-emission scanning electron microscopy (FE-SEM) with 
energy-dispersive X-ray spectroscopy (EDX), and Fourier-transform infrared spectroscopy (FTIR). Adsorption 
experiments were performed under varying operational parameters, including solution pH, mass of adsorbent, initial 
melanoidin concentration, and time of contact. Under optimal conditions, pH 7, 0.5 g/L adsorbent, 200 mg/L of 
adsorbate concentration, and 90 min contact duration, a maximum removal efficiency of 92% was achieved. The 
enhanced adsorption performance aligns with the Langmuir isotherm approach, demonstrating monolayer adsorption 
with a 50 mg/g maximum adsorption capacity.  It adheres to pseudo-second-order kinetics, providing strong evidence 
of chemisorption with a rate-limiting mechanism and predominant process. These results illustrate the potential of 
AgZnONPs as a robust and efficient adsorbent material for the treatment of melanoidin-rich distillery effluents.

Keywords: Melanoidin, Silver-doped Zinc Oxide, Adsorption, Nanoparticles, Wastewater Treatment, Kinetic 
Modelling.

1.    INTRODUCTION

Melanoidin molecules pose a challenge to the 
distillery industry because of their color and 
complex nature. In addition to its high biological 
oxygen demand (BOD) and chemical oxygen 
demand (COD), the alcohol industry faces several 
challenges, as previously described by Lin et al. 
[1]. Melanoidin molecules produce this color by 
reacting with sugar polymers and amino acids via 
the Maillard reaction [2]. The dark brown color 

of wastewater creates serious problems for carrier 
water bodies because it reduces the concentration 
of dissolved oxygen in water [3]. These compounds 
may also accumulate in aquatic species, potentially 
affecting their general health, growth, metabolism, 
and reproduction [4]. When melanoidin-rich 
wastewater is disposed off on land, it can disturb the 
nutritional balance and microbial activity, which are 
essential for plant and soil health, hindering seed 
germination due to chemical toxicity and decreased 
soil alkalinity [5]. 



Conventional treatment techniques, such as 
biological and chemical methods, are generally 
ineffective for melanoidin degradation because 
of their complex molecular structures and high 
stability [6-7]. Advanced oxidation processes, such 
as photocatalytic degradation, have demonstrated 
up to a 90% removal efficiency [8]. However, their 
large-scale industrial application is hampered by 
catalyst deactivation, limited activity under visible 
light, high energy demand, and challenges in catalyst 
recovery and reuse [9]. Advanced technologies 
can significantly enhance the physical, chemical, 
and biological properties of distillery wastewater, 
including melanoidin degradation [10]. Among the 
advanced technologies explored, adsorption has 
emerged as a highly effective and economically 
viable approach owing to its ease of use, low 
energy requirements, and capacity to eliminate a 
variety of organic contaminants, including color-
imparting molecules [11]. The use of nanomaterial-
based adsorbents has further enhanced the efficacy 
of the adsorption process because of their variable 
surface chemical composition, large area of surface 
and reactivity [12]. Zinc oxide (ZnO) is amongst 
the mostly utilized metal oxides (MOs) owing to 
its high surface area, convenient synthesis, cost-
effectiveness, and environmental compatibility. 
Thus, it has been widely considered by researchers 
seeking exceptional optical, chemical, physical, 
and electrical properties to enhance manufacturing 
and technical applications [13]. Abdelfattah and El-
Shamy showed that ZnO has superior adsorption, 
photocatalytic activity under ultraviolet light, 
and structural stability compared to other MOs, 
including titanium dioxide (TiO2) and iron oxide 
(Fe2O3) [14]. Nevertheless, the broad bandgap of 

ZnO (3.2 eV) hinders its activity under visible light, 
limiting its practical application in wastewater 
treatment. To get through these restrictions, 
doping ZnO with metal ions, especially silver, is 
a commonly investigated methodology to enhance 
its optical, electrical, and adsorption qualities [15]. 
It has been demonstrated that adding Ag increases 
the surface reactivity and electron mobility, while 
also tuning the bandgap, both of which are essential 
for enhancing the photocatalytic and adsorption 
performances [16]. Prior research has shown that 
Ag-doped ZnO nanostructures are exceptionally 
effective in adsorbing and degrading a range 
of organic contaminants, including pigments, 
phenolic compounds, and pharmaceutical residues 
[17-19]. Despite these promising outcomes, few 
investigations have been conducted on the adsorptive 
elimination of melanoidin using Ag-doped ZnO 
nanostructures. Furthermore, published reports lack 
a thorough examination of crucial parameters like 
impact of solution pH, and comprehensive kinetic 
and equilibrium evaluations. These discrepancies 
highlight the need for systematic research to 
elucidate the adsorption behavior of AgZnONPs 
toward melanoidin and to provide a mechanistic 
understanding that can inform the development of 
effective treatment plans.  

In this study, AgZnONPs were synthesized 
using a co-precipitation technique, and their 
adsorption performance was examined in 
melanoidin solution (MS). Moreover, to gain more 
insight into the fundamental adsorption principle 
and processes, adsorption data were simulated and 
validated using kinetic and isothermal models, as 
depicted in Figure 1.

Fig. 1. Overall schematic representation of the synthesis of AgZnONPs and treatment of MS using the adsorption 
method.
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2.    MATERIALS AND METHODS 

The reagents and chemicals used were extremely 
pure and of analytical quality. Zinc acetate (Zn 
(CH₃CO₂)₂), methanol (CH3OH), sodium hydroxide 
(NaOH), Silver chloride (AgCl), glucose (C6H12O6), 
glycine (C₂H₅NO₂), and sodium bicarbonate 
(NaHCO3) were bought from Sigma-Aldrich and 
utilized in their pure states. In this study, various 
analytical techniques were used to characterize 
the synthesized AgZnONPs. Crystallinity and 
phase composition were assessed using a Malvern 
Panalytical X’Pert3 spectrometer. TESCAN VEGA 
4th generation instruments equipped with tungsten 
filament electron sources and  EDS systems were 
used to examine the morphology and particle size 
of the AgZnONPs. To study the functional groups 
and characteristic bonds fourier-transform infrared 
spectroscopy (FTIR) analysis was executed using 
IR Prestige 21 (Shimadzu spectrophotometer). 
UV-visible spectroscopy was performed using a 
Shimadzu UV-1800 spectrometer.

2.1. Synthesis of Melanoidin Solution

The procedure discussed by Watcharenwong et al. 
[20] was executed to produce synthetic melanoidins. 
One hundred milliliters of distilled water were used 
to dissolve the reaction mixture containing 4500 
mg of glucose, 1880 mg of glycine, and 420 mg 
of sodium carbonate. The prepared solution was 
oven dried for 7 h at 95 °C to promote melanoidin 
production. The substance was then cooled and 
freeze-dried for further examination. The molecular 
weight of the resulting melanoidin was calculated 
to be between 10,000 and 15,000 Da [21].

2.2. Synthesis of AgZnONPs

AgZnONPs were made via the co-precipitation 
technique. Zinc acetate was dissolved in 200 mL 
methanol (0.02 mol/L) and vigorously stirred at 500 
rpm for 60 minutes at 55-60 °C. To add silver as a 
dopant, 17.48 mg of AgCl (1 atomic %) was added 
to the above solution. The separate solutions were 
made by mixing (3 g) NaOH.H2O then added to 50 
mL of methanol, and the mixture was stirred for 
60 min. Subsequently, 30 mL of NaOH/methanol 
solution was incorporated dropwise to the zinc 
acetate/methanol solution and agitated for 40 min. 
Subsequently, 200 mL of DI water was added to the 
solution and heated at 85 °C for 1 h with continuous 

mixing. The synthesized precipitate of AgZnONPs 
was centrifuged to obtain a colloid and repeatedly 
washed with methanol at least three times to remove 
residual oxidants. After centrifugation, the products 
were oven-dried and crushed in a mortar to obtain 
the AgZnONP powder. The reaction scheme for 
AgZnONP synthesis is shown in Figure 2.

2.3. Adsorption Experiments

The melanoidin removal from distillery wastewater 
was assessed through column adsorption 
experiments and the efficacy of AgZnONPs as an 
adsorbent. A column filled with AgZnONPs was 
used to pass MS at concentrations ranging from 50 
to 500 mg/L, with an adsorbent dose from 0.1 to 1 
g/L. Controlled flow conditions were employed in 
the column, and an effluent sample was collected 
at the outlet. Melanoidin concentrations in both the 
influent and effluent were measured using UV-UV-
visible spectroscopy at a maximum wavelength of 
291 nm. The removal percentage of melanoidin 
was calculated using the standard formula [22].

		
Where,
Co is the initial concentration of MS (mg/L) at t = 0 
Ct is the concentration of MS (mg/L) at time t (min).

2.4. Isotherms and Kinetics Studies

Kinetic experiments employing pseudo first-order 
and pseudo second-order models were conducted 
to elucidate the adsorption behavior of melanoidin 
on the produced nanoparticles [23]. These two 
models facilitate the assessment of adsorption rate 

Fig. 2. Reaction scheme of synthesis of AgZnONPs.
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and illustrate whether the process is influenced by 
chemical or physical interactions. Of these two, the 
model displaying the highest correlation with the 
experimental data revealed the primary mechanism. 
Furthermore, the Langmuir and Freundlich models 
were used in isothermal investigations to assess the 
adsorption equilibrium [24]. The Freundlich model 
takes multilayer adsorption on heterogeneous 
surfaces into account, while the Langmuir model 
assumes monolayer adsorption on a homogeneous 
surface. The adsorption mechanism, surface 
characteristics of the adsorbent, and process 
efficiency could be better understood when the data 
were fitted to these models.

3.    RESULTS AND DISCUSSION

3.1. Structural Evaluation of AgZnONPs

The stimulated AgZnONPs were inspected using 
different analytical techniques. By using X-ray 
diffraction (XRD) analysis, the nanoparticles’ 
crystalline structure and phase integrating were 
verified. while the FTIR spectra revealed the 
characteristic vibrations of both doped and undoped 

Zn-O bonds. Additionally, the SEM images 
showed particle size dispersion and morphology. 
Optical studies were performed using a UV-Vis 
spectrophotometer.

3.1.1. SEM analysis of AgZnONPs

SEM analysis was carried out to examine the 
structural traits and morphological characteristics 
of the synthesized AgZnONPs. Figure 3(a) 
shows that the cylindrical structures were shaped, 
confirming the presence of nanoparticles. In 
Figure 3(b), a similar view of the AgZnONPs is 
presented at a magnification of 25 K, providing a 
more detailed structural view than that in Figure 
3(a) at a magnification of 5 k [25]. Both images 
demonstrated a compact structure and good grain 
size. Figure 3(c) shows a detailed elemental 
analysis of the AgZnONPs using energy-dispersive 
X-ray spectroscopy (EDX) analysis. The distinct 
peaks related to Ag, Zn, and O suggest that Ag was 
effectively integrated into the ZnO crystal structure 
[26]. The elemental maps of the AgZnONP samples 
were analyzed separately. The four highlighted 
elements, Zn, O, C, and Ag, are shown in Figure. 4.

Fig. 3. FESEM images of AgZnONPs: (a) with top view at 5 K magnification, (b) top view at 25 K magnification, 
and (c) EDX analysis of AgZnONPs.

Fig. 4. FESEM images with (a) overall elemental mapping of AgZnONPs, (b) zinc highlighted in green, (c) oxygen 
highlighted in red, (d) Ag highlighted in yellow, and (e) carbon highlighted in blue.
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 3.1.2. X-ray Diffraction analysis of AgZnOPs

The XRD spectra of AgZnONP powder was 
obtained to confirm its structural properties. The 
XRD images reveal pure ZnO and AgZnONP 
diffraction peaks, as shown in Figure 5. The peaks 
ideally align with the hexagonal/wurtzite structure 
characterized by the space group P63mc (JCPDS 
No. 00-036-1451) [27]. It is evident that the 2θ 
values at 31.6°, 34.3°, and 36.1°, which represent the 
crystal planes (100), (101), and (101), respectively, 
make up the pattern of pure ZnO. In contrast, the 
diffraction peaks for AgZnONPs exhibited at 2θ 
= 31.7°, 34.4°, and 36.2°, corresponding to the 
change compared to undoped ZnO nanoparticles 
(ZnONPs) [28]. A prominent shift and higher 
values of the diffraction peaks of AgZnONPs are 
clearly visible in the figure, verifying the structural 
alteration in AgZnONPs as Ag+ ions are integrated 
into the ZnO Crystal lattice.

3.1.3. UV-VIS Spectroscopy of undoped ZnONPs 
and AgZnOPs

Figure 6 displays the UV-visible absorption spectra 
of the undoped AgZnOPs (red line) and ZnONPs 
(black line). The absorption edge of the undoped 
ZnONPs appeared at 396 nm with a lower intensity 
than that of the AgZnONPs at 411 nm. In the visible 
spectrum, silver doping increases the absorption 
intensity, accompanied by a noticeable increase 
in surface plasmon resonance (SPR), which is 
explained by the surface plasmon resonance (SPR) 
effect produced by silver nanoparticles [29]. The 

electronic band structure is changed and a red shift 
is indicated by the bandgap energy decreasing 
from 3.12 eV for undoped ZnONPs to 3.07 eV 
for AgZnONPs [30]. The effective integration 
of Ag into the matrix of ZnO was confirmed by 
the increase in optical absorption and change in 
bandgap energy.

3.1.4. FTIR of undoped ZnONPs and AgZnONPs

The undoped ZnONPs and AgZnONPs’ FTIR 
spectra were captured in order to investigate the 
functional groups, vibrational modes, and bonding 
characteristics of the samples. Both materials 
exhibited distinctive absorption bands in the FTIR 
spectra, as shown in Figure 7, with significant 
variations observed upon silver doping. The 

Fig. 5. XRD analysis of AgZnONPs (inset: higher 
magnification results of the main peaks).

Fig. 6. UV-visible absorption spectrum of undoped 
ZnONPs and AgZnONPs.

Fig. 7. FTIR spectra of undoped ZnONPs and 
AgZnONPs.
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presence of surface-adsorbed moisture or hydroxyl 
groups is likely the cause of the broad absorption 
bands observed in both spectra at around 3000-3600 
cm⁻¹ and 1600 cm⁻¹, respectively. These bands were 
attributed to vibrations caused by O-H stretching 
and H-O-H bending. Additionally, both samples 
depict bands at about 1394 cm⁻¹ and 1045 cm⁻¹, 
which are tentatively attributed to C-O stretching 
vibrations that may be caused by adsorbed ambient 
CO₂ [31]. The distinctive stretching vibration of 
the Zn-O lattice in undoped ZnO was detected 
at 690.71 cm⁻¹. The metal-oxide bond (ZnO) is 
associated with a band between 400 and 750 cm−1 
[32-34]. The peaks in the Ag-doped ZnO spectrum 
are slightly moved to a lower wavenumber (688.69 
cm⁻¹), suggesting that the addition of Ag ions has 
caused a little expansion of the ZnO lattice or a 
change in the strength of the Zn-O bond [35, 36]. 
Most prominently, the FTIR spectrum of Ag-doped 
ZnO shows a novel absorption peak at 858.38 cm⁻¹ 
that is absent from the undoped ZnO spectrum. This 
new peak was ascribed to the stretching vibration of 
Ag inclusion [37].

3.2. Adsorption Studies

Adsorption performance tests are crucial for 
ensuring the efficacy of the adsorption method, 

selecting the most effective material, and optimizing 
the adsorption process for treating MS.

3.2.1. Effect of pH, contact time, adsorbate 
concentration, adsorbent dosage

The impact of pH on the AgZnONPs based MS 
degrading efficiency is depicted in Figure 8(a). 
The pH range of 3 - 10 was evaluated at a constant 
adsorbent concentration of 0.5 g/L. At pH 7, the 
removal efficiency reached a maximum of 92%, 
representing a considerable increase from 50% 
at pH 3, indicating that melanoidin adsorption 
improved under near-neutral conditions [38]. 
Figure 8(b) shows a diagram of the melanoidin 
removal efficiency as a function of contact time, 
with a constant adsorbent concentration of 0.5 
g/L. The contact time was varied from 10 min to 
120 min. The figure shows that when the contact 
duration was extended from 10 to 90 minutes, the 
melanoidin removal efficiency increased quickly 
from 40% to 92%. After 90 minutes, equilibrium 
was reached, and the highest color removal 
efficiency was 92% [39]. Similarly, Figure 9(a) 
shows how the concentration of melanoidin affects 
the AgZnONPs ability to absorb. The range of 
melanoidin values was 50 - 500 mg/L. The 45 mg/g 
of adsorption capacity at 50 mg/L was elevated to 

Fig. 8. Adsorption performance analysis: (a) effect of pH on melanoidin removal and (b) effect of contact time on 
melanoidin removal.

Fig. 9. Adsorption performance analysis: (a)  initial melanoidin concentration effect on adsorption capacity and (b) 
adsorbent dosage effect on melanoidin removal efficiency.
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120 mg/g at a concentration of 200 mg/L. When the 
concentration exceeded 200 mg/L, the adsorption 
capacity steadily increased to 130 mg/g at 500 mg/L 
[40]. Figure 9(b) demonstrates the dosage effect on 
the remediation of MS. The result indicates that the 
remediation efficacy increases from 50% to 92% 
if the dosage of AgZnONPs is increased from 0.1 
g/L to 0.5 g/L. The consequent pattern is ascribed 
to the expanded accessibility of active adsorption 
sites with a maximum adsorbent concentration, 
resulting in improved pollutant removal until the 
sites approach saturation [41]. After the dosage was 
raised over 0.5 g/L, only marginal changes were 
observed, ranging from 93% to 94% for dosages of 
0.8 g/L to 1 g/L.

3.3. Isothermal Analysis

The adsorption isotherms after treatment with MS 
were studied to evaluate the basic understanding 
and optimize the sorption process of AgZnONPs. 
The isothermal models, which were tested using 
the Langmuir isotherm and Freundlich isotherm 
are exhibited in Figure 10(a) and Figure 10(b), 

respectively. The values of the correlation 
coefficients were in the high range for the Langmuir 
model (R² = 0.995) and low range for the Freundlich 
model (R² = 0.982). There are no interactions 
between adsorbed molecules in the Langmuir 
model, which is a single-layer homogeneous 
adsorption model. In contrast, the Freundlich 
model describes multilayered and heterogeneous 
adsorption phenomena. An excellent fit is provided 
by the Langmuir model for melanoidin adsorption 
on the AgZnONPs  surface [42]. The specific 
constant values for both models are listed in Table 1. 

3.4. Kinetics Analysis

Adsorption kinetics were evaluated using practical 
data after treating MS with AgZnONPs to obtain 
basic information on the rate, mechanism, 
and efficiency of pollutant removal during the 
adsorption process. The pseudo-second-order and 
pseudo-first-order kinetic models are displayed in 
Figure 11(a) and 10(b), respectively. The kinetic 
results presented in Table 2 show that the pseudo-
second-order kinetic model had a better coefficient 

Isotherm models Linear form Plots Constants

Langmuir
qm = 50mg/g

R2= 0.995

Freundlich
n=1

R2=0.982

Fig. 10. Adsorption isotherm analysis: (a) Langmuir isotherm model and (b) Freundlich isotherm model.

Table 1. Linear equations of isotherm models and their constants.

Fig. 11. Adsorption kinetics analysis: (a) pseudo second-order kinetic model and (b) pseudo first-order kinetic model.
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value (R2 = 0.994) than the pseudo-first-order 
kinetic model (R2 = 0.988). Figure 11(a) shows 
that chemisorption is the speed-limiting step, and 
this adaptation suggests that chemical interactions 
between melanoidin and AgZnONPs dominate the 
adsorption process. The kinetic results indicated 
that the pseudo-second-order model was more 
favorable than the pseudo-first-order model for this 
process [43].

3.5. Melanoidin Removal by AgZnONPs

The AgZnONP-based removal of melanoidin was 
quantified by changes in the UV-Visible spectrum, 
as shown in Figure 12. The untreated MS exhibited 
a prominent absorbance peak at 291 nm, which can 
be ascribed to the presence of conjugated systems 
and aromatic moieties capable of absorbing light 
within the 200–400 nm range [44]. The absorbance 
at this π→π* wavelength is primarily associated 
with electronic transitions involving C=C and C=O 
bonds linked to the aromatic structures [45]. A clear 
decrease in absorbance intensity was observed after 
adsorption treatment, suggesting that melanoidin 
and the adsorbent material interacted well. The 

results indicate that AgZnONPs treatment of MS 
results in chromophoric groups in the solution, 
which leads surface complexation, hydrogen 
bonding, and electrostatic attraction to cause 
melanoidin to engage with the nanoparticles, 
resulting in the reduction of larger aggregates of 
melanoidin into smaller fragments with distinct UV 
absorption properties [46-48]. The changes can also 
be seen through a pictorial comparison of before 
and after treatment with MS. The inset of Figure 11 
clearly shows the color change from dark brown to 
light yellow for concentrated MS.

3.6. Comparison with other adsorbents

To approximate the interpretation of the as-
synthesized AgZnONPs with other reported 
adsorbents such as activated carbon, Fe-
impregnated activated carbon, and oxides of metals 
for the removal of MS, a comparative assessment 
is demonstrated in Table 3. These results clearly 
shows that nanomaterials such as graphene oxide 
nanosheets exhibited significantly increased 
theoretical adsorption capacities, with a value of 
18,310 mg/g. Although the values are promising, 
it is essential to note that this performance was 
accomplished under highly acidic conditions, with 
a pH of 2, which poses multiple challenges for 
practical applications. Activated carbon is highly 
effective, as demonstrated by the 85.6 percent 
removal efficacy of melanoidin; however, it has 
several drawbacks, including waste generation, 
limited reusability, high cost, and sustainability 
concerns. Similarly, the TiO2-ZnO composite 
showed an 86% removal rate; however, using metal 
oxides as composites makes them costly and limited 
for large-scale industrial applications. Unlike 
conventional adsorbents, AgZnONPs overcome 
these limitations through nanoscale dispersion 
and the presence of Ag+ ions, which increase the 
pollutant binding affinity and electron transmission. 
Finally, this study exhibits a tantalizing blend with 

Kinetic models Linear form Plots Constants

Pseudo-first order
k1 = 0.010
R2 = 0.988

Pseudo-second order
K2 = 0.00018

R2 = 0.994

Table 2. Linear form of Kinetic models and the values of their constants.

Fig. 12. UV-Visible analysis of untreated and treated MS 
using AgZnONPs.(Inset: Photographic comparison of 
MS before and after treatment with AgZnONPs).
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a high removal efficiency (92%) and a respectable 
adsorption capacity (130 mg/g) under a neutral 
pH of 7. This functional advantage distinguishes 
AgZnONPs from other conventional and advanced 
adsorbents, making them promising nano-material 
for distillery wastewater treatment.

4.   CONCLUSIONS 

In summary, AgZnONPs were successfully 
synthesized using a cost-effective solution process 
and efficiently used for the adsorption-based 
removal of MS. The synthesized AgZnONPs 
were examined using FESEM, XRD, UV-VIS 
spectroscopy, and FTIR spectroscopy. The 
structural properties of AgZnONPs were confirmed 
along with the confirmation of the doping of Ag 
in ZnO nanoparticles. In addition, MS was treated 
with AgZnONPs, which resulted in a clear light-
yellow solution. UV-Vis absorption spectroscopy 
confirmed the removal of melanoidin from the treated 
MS. The AgZnONP-based treatment resulted in an 
extraordinary adsorption capacity with a maximum 
removal efficiency of 92%, the best pH value of 
the treated solution was 7, the initial melanoidin 
concentration was 200 mg/L for maximum removal 
efficiency, and the adsorbent dosage of AgZnONPs 
was 0.5 g/L. In addition, the adsorption performance 
confirmed that the Langmuir isotherm and pseudo 
second-order kinetics were feasible and that single-
layered sorption and chemisorption mechanisms 
were feasible. These results highlight the potential 
of AgZnONPs for the treatment of MS in industrial-
scale operations. In order to increase the practical 
application of AgZnONPs and make it possible for 
their industrial use to treat distillery effluent, future 
research should concentrate on their regeneration 
and reusability. 
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Abstract: Wind energy is one of the green renewable energy sources that is available everywhere. The wind-generated 
electrical energy is much less than the available wind potential. No windmill can even harness 50% of the available 
wind energy. A lot of research investigations are still needed to explore and harness the maximum energy from wind 
potential. This work is one of such series of research, in which we modeled wind speed using the Weibull distribution 
through a Python program that uses the least square method based on Python built-in functions and evaluated the 
shape and scale parameters of the distribution. The program also compares parameters calculated by other existing 
methods. The Python program based on the least square method fits the Weibull distribution well compared to the 
existing methods. The maximum value of scale parameters was found in June (more than 6.2), the corresponding 
value is also close in May, where it is more than 6.1; the other two months that follow June and May (July and 
September) have scale parameters near 5.7. It shows that the wind potential is maximum in June, and reasonable wind 
energy is available in May, July, and September. The effect of wind direction on the modelling of wind speed is also 
investigated. Perhaps it is the first study that involves wind direction in wind speed modelling. Two different Artificial 
Neural Network Architectures were studied with and without wind directions in the input. It was found that the results 
improve if wind direction is also taken in the list of input parameters. The Root Mean Square Error is the least (RMSE 
= 0.7224) for the model which includes wind direction in the input layer, the performance indicator (0.5219) is also 
the best for this architecture as compared to the other three.

Keywords: Weibull Distribution, Wind Energy Modelling, Python Programming, Least Squares Method, Machine 
Learning, Artificial Neural Networks (ANN), Wind Direction.

1.    INTRODUCTION

Wind speed prediction through meteorological 
parameters is a critical area of research in renewable 
energy, particularly for assessing wind energy 
potential. The Weibull distribution has emerged as a 
widely adopted statistical model for characterizing 
wind speed data due to its flexibility in capturing the 
stochastic nature of wind patterns. Numerous studies 
have explored methods to estimate the Weibull 

parameters (shape k and scale c) and evaluate their 
accuracy, often leveraging computational tools and 
regional wind datasets. Elahi et al. [1] developed a 
Python library, windz, incorporating six methods, 
viz., Method of Moments (MoM), Empirical 
Method (EM), Energy Pattern Factor Method 
(EPFM), Maximum Likelihood Method (MLM), 
Modified Maximum Likelihood Method (MMLM), 
and Maximum Entropy Principle (MEP), to 
analyze wind speed data from three Pakistani cities 



(Harnai, Jacobabad, Talagang) [1]. Their findings 
highlighted the Modified Maximum Likelihood 
Method (MMLM) as the most efficient, while the 
graphical method was deemed the least effective. 
Similarly, Zahid et al. [2] introduced a computer 
package for wind speed modelling, emphasizing 
the utility of MMLM and MLM through statistical 
error tests (Mean square, Chi-square, R-square). 
Regional Studies in Pakistan provided information 
on the viability of site-specific wind energy. Khan 
et al. [3] compared the coastal wind profiles of 
Gwadar and Pasni, revealing greater stability in the 
Gwadar (parameter of form k = 4 - 6), but greater 
wind energy density in Pasni. Khan et al. [3] also 
compared four methods (MoM, EM, EPFM, MLM) 
using Jiwani’s wind data (1998 - 2007) and found 
that while all methods yielded nearly identical scale 
parameters (c), MLM provided the best agreement 
with measured mean wind speeds [4, 5]. However, 
in a separate study analyzing Ormara’s data, 
Khan et al. [4] concluded that MoM, EMP, and 
MLM outperformed MMLM in estimating shape 
parameters (k), with differences within 0.3. These 
discrepancies underscore the context-dependent 
efficacy of parameter estimation methods. 

Recent studies have proposed novel 
approaches to improve accuracy. Uddin and Sadiq 
[6] introduced the Method of Quartiles (MOQ), 
which calculates k and c using the first and third 
quartiles. This method has demonstrated lower 
values ​​of the Akaike Information Criterion (AIC) 
and reduced overestimation of wind density 
compared to traditional methods, positioning MOQ 
as superior to cities such as Karachi, Hyderabad, 
and Quetta. Rajput et al. [7], through advanced 
computational efficiency, suggested a simplified 
gamma function formula for estimating scale 
parameters, achieving an error <0.2% and validating 
MLM as the most accurate method for Hyderabad 
wind potential. They classified Hyderabad as 
the most promising wind power site in Pakistan, 
followed by Karachi, due to consistent wind speeds 
that exceed the turbine cutting thresholds. On the 
other hand, cities like Peshawar and Lahore showed 
insignificant potential except for specific months. 
The integration of programming tools significantly 
enhanced validation processes.

Rehman et al. [8] developed a Python-based 
Newton-Gauss technique, showing minimum 
RMSE and AIC values ​​for four cities, thus offering 

a robust alternative to established methods. 
These innovations highlight the growing role 
of computational tools in improving parameter 
estimation accuracy. They approved the Python 
programs to automate the estimation of parameters, 
emphasizing the importance of software in modern 
wind energy research.  

Uddin et al. [9] employed a least squares 
method (LSM) to evaluate Lagrange multipliers 
for MEP, reaching better adjustments than classic 
MEP through Python-based error metrics (RMSE, 
Chi-Square). While the Weibull distribution is 
widely used, Sadiq [10] demonstrated that extreme 
(generalized) value distributions have better 
modeled continuous and seasonal winds of Karachi 
with 95% confidence. This discovery emphasizes 
the need to select a specific context model, 
particularly in coastal urban environments.

The forecast of wind speed evolved 
significantly with the integration of machine 
learning techniques (ML) and deep learning 
(DL), particularly when combined with weather 
parameters. Although probabilistic models such 
as the Weibull distribution remain fundamental, 
recent studies emphasize the role of data-oriented 
approaches to improve accuracy and address the 
stochastic nature of wind patterns in Machine 
Learning and Hybrid Models for Wind Speed 
Prediction. Artificial Neural Networks (ANNs) and 
Genetic Expression Programming (GEP) emerged 
as robust tools for short-term wind speed forecast. 
Ghorbani et al. [11] compared ANN, GEP, multiple 
linear regression (MLR), and the persistence method 
using autocorrelation functions to determine input 
delays for wind speed data per hour from Kersey, 
Colorado. Their findings revealed that ANN and 
GEP performed comparably, with MLR surpassing 
MLR and persistence. Similarly, Demolli et al. [12] 
demonstrated the transferability of ML models (for 
example, random forest, increased gradient) for 
long-term wind energy forecasting in geographical 
places, highlighting their usefulness in the pre-
assessment of the feasibility of wind farms in 
undeveloped areas.   

Hybrid models increase predictive accuracy. 
Zhu et al. [13] suggest an amalgamation of 
convolutional neural networks and a Multilayer 
Perceptron for the wind farm data. Hur [14] 
proposed a two-stage method using an Extended 
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Kalman filter to estimate, and then a neural network 
for short-term forecasting of the wind speed. These 
hybrid approaches illustrate practical applications 
in wind power systems. Li and Jin [15] have also 
developed a hybrid model that combines resource 
selection, machine learning, and multi-objective 
optimization. Its application to the wind speed data 
from Penglai, China, generated unique objective 
models. Advanced uncertainty modelling related 
to convective wind was addressed by Ehsan et al. 
[16] by comparing Quantile Regression Forests 
and Bayesian Additive Regression Trees for the 
tempest. The QRF stood out in points and PIS 
estimates, reducing systematic errors and supporting 
emergency preparation during the extreme climate.  

Regional studies emphasize the adaptability of 
ML models to local weather conditions. Türkan et 
al. [17] predicted the wind speed to 30 m high using 
10 m data in Türkiye, identifying Support Vector 
Machines (SVM) as the most accurate method. 
In Malaysia, Hanoon et al. [18] evaluated the 
regression of the Gaussian process (GPR), increased 
the trees (BT), and SVR in 14 stations, with GPR 
reaching higher accuracy, despite the challenges in 
the correlation force. These studies emphasize the 
importance of adapting models to regional wind 
regimes and integrating pre-processing techniques 
to improve performance. 

While existing studies validate ML/DL 
models for wind speed forecasting, challenges 
persist in dealing with non-stationary data and 
incorporating various weather variables (e.g., 
temperature, humidity). Hanoon et al. [18] 
emphasized the need to integrate optimization 
algorithms to improve the correlation between the 
expected and observed values. These gaps present 
opportunities for new structures, such as the ANN-
Weibull hybrid proposed in this study, which takes 
advantage of the meteorological parameters for 
probabilistic forecasting. Han et al. [19] proposed a 
hybrid model that integrated research and weather 
forecast simulations (WRF), decomposition of the 
empirical mode of the complete set (Ceemdan), and 
a bidirectional CNN LSTM network optimized by 
attention mechanisms.

Cadenas and Rivera [20] employed 
Autoregressive Integrated Moving Average 
(ARIMA) models to predict wind speed in Oaxaca, 
Mexico, incorporating wind direction along with 

temperature and moisture, and reported greater 
accuracy in the capture of seasonal wind variability. 
Similarly, Foley et al. [21] used Support Vector 
Machines (SVM) to predict the production of wind 
energy in Ireland, emphasizing the direction of the 
wind as a critical factor to resolve the dynamics 
of the coastal wind. Their work has shown that 
directional data reduced RMSE by 18% compared 
to the models excluding this variable.

Lydia et al. [22] developed a wind speed forecast 
system using SVM and K-Nearest Neighbors (K-
NN) with inputs, including wind direction, but its 
structure lacked the nonlinear modelling capacity 
of the RNAs to deal with complex interactions 
between variables. Liu et al. [23] proposed a hybrid 
forecast model that combines transformations of 
Wavelets and Gradient reinforcement machines, 
but their approach did not explore ANS’ potential 
to autonomously learn hierarchical characteristics 
from directional and temporal data. The absence 
of an ANN-based framework in these studies 
represents a difference in the literature, as ANS 
specifically suits non-linear relationships and 
sequential dependence, adapted to the sequential 
dependence contained in meteorological datasets. 
The task addresses this difference by developing an 
ANN-based model that integrates the air direction 
with temperature, humidity, and the precursor 
air speed values, using Python libraries such as 
TensorFlow and causes for implementation. Our 
approach not only creates fundamental insights of 
pre-studies but also introduces a novel application 
of ANNs to increase prediction accuracy in air 
speed modelling.

2.    MATERIALS AND METHODS

Weibull Distribution is one of the most widely used 
distributions for modelling wind speed distributions. 
Shape ( ) and a scale parameter ( ) characterized 
this distribution through its cumulative distribution 
function (CDF) as: 

(1)

Where  is a function that provides the 
cumulative probability of observing a particular 
wind speed, and   is the wind speed. The shape 
parameter determines the shape of the distribution 
(e.g., spread or skewness) through any of the  
< 1 (high frequency of low wind speeds),   = 1 
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(represents exponential distribution; wind speeds 
are randomly and uniformly distributed over time), 
or  > 1 (high frequency of high wind speeds). The 
scale parameter ( ) represents the characteristic 
wind speed, indicating the range or magnitude of 
wind speeds. Higher values of   signify stronger 
average wind speeds in the region being analyzed. 
The Probability Density Function (PDF) can be 
presented as [24]:

(2)
 

Where  represents the likelihood of 
wind speed occurring at a specific value, showing 
how wind speeds are distributed over the random 
variable  (e.g., time, measurement). To estimate 
scale and shape parameters, different methods have 
been developed. The following methods are utilized 
in our study.

2.1. Method of Moments (MoM):

This method utilizes the mean and variance of the 
data to estimate the Weibull parameters [25]. The 
shape parameter  can be estimated by solving the 
following equation: 

(3)

Where  standard deviation of the wind speed data 
and  is the Gamma function. Once  is obtained, 
the scale parameter  is also calculated by using the
following equation: 

(4)

2.2. Empirical Method (EM)

This method relies on empirical relationships 
derived from the mean and standard deviation of 
the wind speed data [26]. To estimate the shape 
parameter ( ), the following empirical formula is 
used.

(5)

Where, σ /   = C, which is known as the coefficient 

of variation. Once  has been estimated, the scale 
parameter ( ), also calculated through the relation:

(6)
 

We used Python to calculate .

2.3. Maximum Likelihood Method (MLM)

The MLM estimates the parameters  and  by 
maximizing the likelihood function [27]. The 
optimization conditions can be used to find the 
values of  and .

(7)

(8)

Where  represents the frequency or number 
of observations (e.g., recorded wind speed 
occurrences) in the ith bin or interval.

2.4. Least Squares Method (LSM)

The least squares method is used by minimizing the 
square difference between recorded and fitted values 
[28]. It is an iterative method; the iteration stops 
once the termination criteria are reached. Python 
built-in library for least square fit was used to model 
the Weibull distribution. The program finds the new 
values of the probability distribution p (predicted) 
and compares them with the corresponding known 
values p (recorded). The sum of squares errors is 
calculated by the following formula.

(9)

The program determines the scale and shape 
parameters by minimizing SSE.

2.5. Neural Network Architecture

The Artificial Neural Network method is a machine 
learning technique that discovers the hidden 
relationship between an output variable and a set of 
input variables. It works on a pattern like the way our 
brain. It makes use of neurons that link output and 
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input variables through one or more hidden values 
in a hidden layer between the output and input 
variables [29]. In ANN methods, the data is divided 
into three parts; the main part consists of more than 
50% of the data is used to train the network. Once 
the network is trained, the second part of the data is 
used for testing the trained network. Finally, the last 
part of the data is used to validate the network. An 
overall check is also carried out on the complete set 
of data. The goodness of the network is measured 
by a couple of statistics: the correlation coefficient, 
the Root Mean Square Error, and the Performance 
of the network. If the correlation coefficient in 
training, testing, validation, and overall check is 
significant, the network is considered reliable; 
further reliability check is done with the lowest 
value of RMSE, and performance coefficient.

In general, there are three layers, known as input, 
hidden, and output layers. The data is fed into 
input layers having one or more input parameters, 
and the values in the hidden layer are generated 
using random weights and input values fed to an 
activation function. The hidden layer then generates 
output values using an activation function. A 
comparison is made between generated output and 
recorded output; if the difference is insignificant, 
the network is considered as trained; otherwise, a 
backward feedback error analysis generates new 
weights in the input layer for new values generated 
for the hidden layer. The process continues till the 
network is well-trained. The neurons in the hidden 
layer may be varied for optimized results.

In the present study, the input variables were 
Temperature and Humidity, whereas the output 
variable was wind speed. A hidden layer with 10 
neurons was used to train the network. To notice the 
influence of the wind direction on the wind speed. 
The wind direction is also incorporated in the input 
parameters. A precursor network is also trained in 
this study with the same parameters. One of the 
four ANN networks is shown in Figure 1.    

2.6. Wind Energy Potential

Wind energy potential mainly depends on the wind 
speed of the potential site; the other factors on 
which it depends are the area swept by the wings of 
the wind turbine and the air density of the location. 
The air density varies from site to site and depends 
on the altitude and air temperature. If A is the area 

swept by the rotors in (m2), ρ is the air density in (kg 
m-3), and v is the wind speed in (m s-1), the power in 
watts is given by the following formula [30]:

(10)

Here  is the average value of the cube of the wind 
speed. To make this power independent of the area 
of the rotors, we find fractional power or power 
density (average power per unit area in (watts m-2) 
and is given by:

(11)

Wind potential for Karachi City for each month 
from January to December was calculated using the 
above formula.

2.7. Statistical Errors for Validation of Designed 
Models

The validity of designed models has been checked 
by the Mean Absolute Error (MAE), Root Mean 
Square Error (RMSE), Chi-Square Test (χ²), and 
Kolmogorov-Smirnov (KS) Test are calculated by 
using Equations (12) to (15) [31].

(12)

Fig. 1. The ANN architecture with (a)Temperature 
and Relative Humidity, (b) Temperature and Relative 
Humidity, and Wind direction in the input layer.
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(13)

(14)

and

(15)

3.    RESULTS AND DISCUSSION

The demand for renewable energy has been 
increasing day by day. Different available 
Renewable potentials around the world have been 
exploited and harnessed to generate electricity. 
Wind is one of the renewable energies that has 
potential in almost every part of the world. Weibull 
distribution with two parameters is frequently used 
in modelling wind speed distributions. To estimate 
the parameters of the Weibull distribution, various 
techniques and methods have been developed. In 
this study, we used the method of least squares to 
calculate the parameters using a built-in Python 
function. A Python program was developed to carry 
out the calculations and to estimate the parameters. 
The built-in function works well if initial conditions 
are close to the real values of the distribution 
parameters, and the convergence becomes faster. 
To do so, we used the fact that most of the scale 
parameters are greater than 2, and the value of the 
shape parameter can be written as a function of 
the scale parameter. This formula was given as the 
input parameter.

The program also computes the parameters 
using the Method of Moments (MoM), the 
Empirical Method (EM), and the Maximum 
Likelihood Method (MLM) to compare the results. 
Table 1 gives the estimated values of the scale and 
shape parameters computed by these methods. Both 
the values of scale and shape parameters are higher 
for estimation by the least square method, except 
in one or two months. Hussain et al. [32] also 
studied the wind speed distribution of the coastal 
region of Karachi. They also used the maximum 
likelihood method for estimation of shape and 
scale parameters. The average value of the shape 
parameter for 10 m height wind data was 3.3; the 

corresponding average value in our study is 3.5. The 
PDF generated by the estimated values of the shape 
and scale parameters of the Weibull distribution is 
shown in Figures 2 and 3. The PDFs generated by 
the least square method are good representatives 
of wind speed distribution; these PDFs cover 
excellently the histograms generated by recorded 
wind speed data in almost all recorded data. In 
July, PDFs generated by all the methods coincide 
perfectly. Visually, it looks like the least method 
gives the best results. Now we have compared 
quantitatively the four different statistical errors 
that were computed to compare the performance of 
the methods used in this work for the calculations 
of the Weibull parameters and the generation of the 
PDF. Table 2 shows the values of errors (RMSE, 
MAE, Chi-Square, and Kolmogorov-Smirnov) 
from January to December. The least-square results 
give lower values of these statistical errors except 
for March, August, and October; however, the errors 
are not very far from each other. The Kolmogorov-
Smirnov errors for the least square methods are 
lower except for March, August, and October. 

Fig. 2. Comparison of PDFs generated (Jan-June) with 
the determined values of shape and scale parameters 
using four estimation methods and the recorded wind 
speed distribution histogram.
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Figure 4 shows the monthly wind potential for 
Karachi City. The wind potential was calculated 
using equation 11, for Karachi from January to 
December. The wind potential is maximum for 
June. From April to September, the wind speed is 
relatively high, so the wind potential is reasonably 
good for these months. In the months from October 
to March, wind speed is relatively low, so the wind 
potential compared to other months is low. 

Wind modelling was done by many 
researchers in different studies by considering 
different meteorological parameters as input, but 
the wind direction was not considered in wind 

Fig. 3. Comparison of PDFs generated (July-Dec) with 
the determined values of shape and scale parameters 
using four estimation methods and the recorded wind 
speed distribution histogram. Fig. 4. Monthly wind potential in KW for Karachi city.

  k c k c k c
  January May September
Least square 2.4245 2.9378 4.5632 6.0117 5.3670 5.7775
MoM 2.3514 2.9291 4.5586 6.1212 5.4234 5.8488
EM 2.3661 2.9288 4.5253 6.1238 5.3751 5.8518
MLM 2.3110 2.9688 4.4140 6.1210 5.2400 5.8533
  February June October
Least square 2.2954 3.2365 3.8950 6.5716 3.0384 4.2200
MoM 2.1081 3.3881 3.3063 6.2710 2.9189 4.0384
EM 2.1273 3.3882 3.3037 6.2712 2.9257 4.0380
MLM 2.1030 3.4152 3.2930 6.2634 2.9170 4.0502
  March July November
Least square 2.8366 4.7310 4.9434 5.8680 2.3856 2.9270
MoM 2.8108 4.5184 4.9640 5.8698 2.4324 2.8296
EM 2.8195 4.5178 4.9229 5.8726 2.4437 2.8293
MLM 2.8040 4.5309 4.9460 5.8717 2.3910 2.8750
  April August December
Least square 4.4608 5.1896 5.1021 5.2883 2.2782 2.8058
MoM 4.1712 5.2582 4.5405 5.2244 2.3243 2.7144
EM 4.1413 5.2604 4.5035 5.2269 2.3394 2.7141
MLM 3.8750 5.2578 4.5160 5.2252 2.3000 2.7599

Table 1. The shape and scale parameters of the Weibull distribution were calculated from four methods for January to 
December for Karachi city.
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speed modelling. However, some researchers have 
used wind direction for wind energy analysis. Carta 
et al. [31] developed a joint probability distribution 
based on wind speed and wind direction for wind 
energy analysis [33]. Wang and Liu [34] used a finite 
mixture statistical distribution to assess wind energy 
potential using wind speed and wind direction data. 
They used a von Mises mixture distribution with 
various parameters for wind direction. Narain et 
al. [35] used the wake effect of wind turbines to 
investigate the effect of wind direction on wind 
energy potential. Mata et al. [36] studied the effect 
of wind direction on wind power output; they used 
three models for wind potential exploitation based 
on wind speed and wind direction shear. Models 
were based on blade elements and actuator disc 
representations.

We used an Artificial Neural Network to 
comprehend the effect of wind direction. We 
proposed two methods, one with temperature 
and humidity as input, and the second one as a 
precursor method. In each of the two methods, we 
further assessed each method with and without 

wind direction. All together four different ANN 
architectures were investigated in this work. 
 

First, we consider the ANN architecture in 
which we modeled the wind speed distribution 
using temperature and moisture as input parameters. 
The results of the modelling are shown in the 
Figures. 5 and 6. Figure 5 depicts the regression 
analysis of the training, testing, validation, and 
overall performance of the model. Our results are 
not very promising as each R is less than 80%. 
Figure 6 portrays the comparison of the input wind 
speed distribution and the output generated by 
the ANN model. The conclusion made in Figure 
5 is also verified by Figure 6; the overlap is not 
favorable. Ghorbani et al. [37] also used ANN to 
model wind speed distribution for Tabriz, Iran. The 
input parameters in ANN were Air temperature, 
air pressure, relative humidity, and precipitation. 
They used three different models having n, 2n, and 
2n+1 neurons in the hidden layer. The coefficient 
of correlation for each of these models was above 
95%. The wind pattern in Karachi does not show 
such promising results.

Fig. 5. Regression analysis of Testing, training, validation, and overall wind speed output, the input parameters are 
daily average temperature and relative humidity.
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To investigate the impact of the wind direction 
in the ANN modelling, we added wind direction to 
the input parameters of the previous model. Figure 
7 furnishes the R (correlation) values ​​between the 
training (0.894), the test (0.839), and the validation 

phases (0.854). Figure 7 depicts a stronger 
correlation between the predicted and observed 
wind speeds compared to the previous model 
(R = 0.785-0.816). Figure 8 illustrates similar 
results as shown in Figure 4, i.e., the comparison 
of recorded and modeled values of wind speed. 
The overlapping of recorded and modeled values 
is relatively better in Figure 8 compared to that in 
Figure 6 and demonstrates optimized modelling 
results due to wind direction incorporation in the 
list of input parameters.

In the second ANN architecture, we employed 
precursor values of temperature and Humidity to 
predict wind speed.  The model’s performance shows 
a moderate correlation during training, testing, and 
validation phases, with an overall correlation of R 
= 0.798. However, the test and validation metrics 
reveal relatively weaker performance, with R = 
0.702 for testing and R = 0.670 for validation, as 
illustrated in Figure 9, indicating that this network 
underperforms compared to earlier models. Figure 
10 further authenticates the results shown in Figure 
9. Figure 10 shows the comparison of the input 

Fig. 6. Comparison of recorded and ANN modelled wind 
distributions by using daily temperature and relative 
humidity.

Fig. 7. Regression analysis of testing, training, validation, and overall wind speed output; the input parameters are 
daily average temperature, relative humidity, and wind direction.
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wind speed distribution and the output generated 
by the ANN model. Again, the results are not very 
promising as each R is less than 80%. The conclusion 
made in Figure 9 is also verified by Figure 10. Jamil 
and Zeeshan [38] studied wind speed modelling for 

wind speed data of Gujarat, India, using ANN. They 
also used precursor values of wind speed to predict 
current wind speed. The coefficient of correlation 
between predicted and recorded values of wind 
speed was found to be above 98%. Again, the wind 
speed pattern of Karachi does not show such high 
values for the correlation coefficient.

In the second case, the influence of wind 
direction in precursor modelling is depicted in 
Figures 11 and 10. We incorporated wind direction in 
the input list of the previous model. Figure 11 shows 
the R values for the training (R = 0.837), testing (R 
= 0.807), and validation (R = 0.803). This attests to 
a significant improvement in the correlation by the 
inception of wind direction in the input parameters. 
Figure 12 illustrates the comparison of recorded 
and modeled values of wind speed. By comparing 
Figures 10 and 12, it is obvious that the overlapping 
of recorded and modeled values is exceptionally 
better than in Figure 10. It further elucidates the 
improvement in the results due to the inclusion of 
wind direction in the list of input parameters.

Fig. 8. Comparison of recorded and ANN modelled 
wind distributions by using daily temperature, relative 
humidity, and wind direction.

Fig. 9. Regression analysis of Testing, training, validation, and overall wind speed output, the input parameters are 
precursor values of daily average temperature and relative humidity.
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The two cases scrutinized above for wind 
modelling with and without wind direction ascertain 
that wind direction is an important input parameter 
for wind speed forecasting. The addition of wind 
direction mitigates the Root Mean Square error and 
augments the performance of the modelling (see 

Table 2). Li and Shi [39] compared three different 
ANN models that are used to predict the wind 
speed of two sites in North Dakota. They used Back 
Propagation NN, Adaptive Linear Element NN, and 
Radial Basis Function NN. The RMSE values in the 
prediction of wind speed using three ANN models 

Fig. 10. Comparison of recorded and ANN modelled 
wind distributions by using precursor values of daily 
temperature and relative humidity.

Fig. 11. Regression analysis of Testing, training, validation, and overall wind speed output. The input parameters are 
precursor values of daily average temperature, relative humidity, and wind direction.

Fig. 12. Comparison of recorded and ANN modelled 
wind distributions, precursor values of daily temperature, 
relative humidity, and wind direction.
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were more than 1.25 in each case. However, the 
four different ANN architectures in this study show 
RMSE values between 0.72 and 0.96.

Table 3 quantifies the RMSE and performance 
values between different input configurations for 
wind speed prediction, reinforcing the critical role 
of wind direction in enhancing model accuracy. 
Notably, incorporating wind direction consistently 
reduces Mean Squared Error (MSE), a key indicator 

of prediction error, across both precursor-inclusive 
and precursor-exclusive models. For instance, 
without precursors, adding wind direction (T, H & 
D) lowers MSE by 21.5% (from 0.9204 to 0.7224).  
With precursors, including wind direction (T, H, D 
& Precursor), reduces MSE by 12.9% compared to 
the precursor-only model (from 0.9633 to 0.8388).  
Table 4 shows the statistical testing and respective 
significance level.

Least square MoM EM MLM Least square MoM EM MLM

Ja
nu

ar
y

RMSE 0.084 0.083 0.083 0.085

Ju
ly

RMSE 0.07 0.07 0.071 0.07
MABE 0.076 0.077 0.077 0.078 MABE 0.047 0.046 0.047 0.047

Chi 0.082 0.076 0.078 0.072 Chi 0.088 0.091 0.085 0.088
Kolmo-S 0.142 0.142 0.142 0.142 Kolmo-S 0.176 0.172 0.18 0.176

Fe
br

ua
ry

RMSE 0.073 0.095 0.093 0.096

A
ug

us
t

RMSE 0.072 0.049 0.052 0.051
MABE 0.05 0.054 0.053 0.054 MABE 0.058 0.041 0.042 0.041

Chi 0.05 0.047 0.046 0.047 Chi 1.251 0.511 0.479 0.49
Kolmo-S 0.15 0.27 0.261 0.277 Kolmo-S 0.13 0.091 0.106 0.101

M
ar

ch

RMSE 0.141 0.132 0.132 0.132

Se
pt

em
be

r RMSE 0.057 0.06 0.058 0.051
MABE 0.084 0.078 0.078 0.078 MABE 0.043 0.045 0.044 0.038

Chi 0.133 0.127 0.128 0.127 Chi 0.289 0.306 0.28 0.219
Kolmo-S 0.405 0.379 0.379 0.38 Kolmo-S 0.128 0.14 0.132 0.102

A
pr

il

RMSE 0.058 0.068 0.069 0.073
O

ct
ob

er
RMSE 0.108 0.102 0.102 0.103

MABE 0.039 0.04 0.04 0.041 MABE 0.072 0.065 0.065 0.065
Chi 0.075 0.049 0.047 0.036 Chi 0.151 0.145 0.146 0.143

Kolmo-S 0.129 0.207 0.212 0.225 Kolmo-S 0.282 0.278 0.277 0.279

M
ay

RMSE 0.076 0.078 0.082 0.096

N
ov

em
be

r RMSE 0.085 0.084 0.085 0.084
MABE 0.05 0.051 0.054 0.06 MABE 0.078 0.076 0.076 0.077

Chi 0.036 0.037 0.041 0.057 Chi 1.501 1.821 1.85 1.62
Kolmo-S 0.162 0.166 0.185 0.25 Kolmo-S 0.156 0.156 0.156 0.156

Ju
ne

RMSE 0.161 0.19 0.191 0.193

D
ec

em
be

r RMSE 0.079 0.078 0.078 0.078
MABE 0.092 0.121 0.121 0.122 MABE 0.073 0.072 0.072 0.072

Chi 0.217 0.573 0.578 0.596 Chi 0.143 0.168 0.171 0.155
Kolmo-S 0.497 0.508 0.51 0.521 Kolmo-S 0.142 0.142 0.142 0.142

Table 2. Four statistical errors were calculated in the PDFs generated by the shape and scale parameters of four 
estimation methods.

Wind forecasting by RMSE Performance
Temperature & humidity 0.9204 0.8471
Temperature, humidity & wind direction 0.7224 0.5218
Precursor values of (Temperature & humidity) 0.9633 0.9280
Precursor values of Temperature, humidity) & wind direction 0.8388 0.7035

Table 3. Comparison of various ANN architectures.
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4.    CONCLUSIONS

A systematic investigation has been carried out to 
observe the impact of wind direction on wind speed 
modelling. The ANN was employed in modelling 
wind speed with two input parameters (temperature 
and humidity). In the second case, the precursor 
values of the input parameters were employed to 
forecast the current value of the wind speed. In 
the next step, input parameters were appended by 
an additional parameter, i.e., wind direction. In 
both cases, it was found that the results of ANN 
for training, testing, validation, and overall are 
significantly improved by the addition of wind 
direction with parameters temperature and humidity. 
Figures 7 and 11 depict the improved values of 
the correlation coefficient for all the categories. 
The best network in the forecasting of wind speed 
with three parameters (temperature, humidity, and 
wind direction) yields all correlation coefficients 
above 80%. This network has the lowest RMSE 
and improved performance. Wind speed is also 
modeled using the Weibull distribution. To find 
the scale and shape parameters, the least squares 
method is used with Python’s built-in function. A 
Python program was developed to implement the 
algorithm, the program also computes both the 
parameters using three existing methods (method 
of moments, empirical method, and maximum 
likelihood method) to compare the result of the 
least square method. The modelling was carried out 
for each month of the year 2016, and in most of the 
months, the RMSE and Kolmogorov-Smirnov test 
values were optimized for the least square method. 
The PDFs drawn by the estimated values of shape 
and scale parameters for the four methods elucidate 
that the least square method’s PDF explains well the 

histogram generated by the recorded values of wind 
speed. We conclude that the least square method 
using Python’s built-in function gives reliable 
results for wind speed modelling. The addition of 
wind direction in the input parameters to forecast 
improves the ANN results.
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Abstract: In the present work, using suboridination techniques, we study certain subclasses of analytic univalent 
functions of complex order  associated with the sine function. The sharp coefficient bounds and the sharp Fekete-
Szegö inequality are obtained for these subclasses. Additionally, a sharp radius result is also derived for a certain 
subclass of Janowski starlike functions. These results generalize several known results as special cases and contribute 
to the broader theory of univalent functions. 
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1.    INTRODUCTION 

In Geometric function theory (GFT)  analytic 
functions and their geometric properties are 
regarded as core concepts. A key area of study 
within GFT is the class of univalent functions, 
which encompasses analytic functions. Many fields 
of mathematics and physics, including potential 
theory, fluid dynamics, and conformal mappings, 
rely heavily on these functions. where they are 
utilized to map the open unit disk onto domains 
with specific geometric structures [1]. Aleman and 
Constantin [2] proposed a significant connection 
between fluid dynamics and the theory of univalent 
functions. Specifically, the authors presented a 
straightforward technique that demonstrates how to 
explicitly solve the incompressible two-dimensional 
Euler equations using a univalent harmonic map. 
For the fundamental theory of univalent functions 
and a thorough understanding of the foundational 
concepts and key discoveries in the field, we direct 

the reader to previous studies [1, 3-5]. We will 
now review some fundamental definitions that are 
already familiar.

Let  represent the family of analytic 
functions  defined in the open unit disk

that satisfying  
 and admit the following power series 

expansion:

(1)

A function  is said to be univalent in  
if it maps distinct points in  to distinct points in 
its image, i.e.,  implies  
for  The class of all such univalent 
functions is denoted by  It is evident that an 
analytical function  for which   and 

 is called Schwartz function. Let  



and  be analytic in  Then  is subordinate to 
 written as , if there exists a Schwartz 

function , such that 

Several important subclasses of univalent 
functions have been introduced and studied, from 
which the classes  and , consisting of starlike 
and convex univalent functions respectively, are 
considered as the most extensively investigated 
subclasses of the class  of univalent functions in 
the open unit disk , and have 
been of major interest.  Ma and Minda [6] introduced 
a class of analytic and univalent functions  
and proposed the following subclasses of analytic 
functions.

(2)

and

(3)
     

Where  is a univalent function with 
,  and the region  is symmetric with 
respect to the real axis and star-shaped around the 
point .

An extension of equations  and  respectively, 
was provided by Ravichandran et al. [7], as follows:

and

where  Such functions are commonly 
referred to as Ma–Minda type functions of order 

.

A central focus in this area is the investigation 
of the coefficient bounds and related inequalities 
for various subclasses of , including results 
involving the Fekete-Szegö functional  
for   [8], and the radius problems. We 
now provide a brief review of these investigations.

Finding bounds for function coefficients is 
a central problem in GFT, as it governs growth 
and distortion properties. The second coefficient, 
for instance, controls growth and distortion. 

Reformulated as the task of estimating , the 
coefficient problem has been among the most 
challenging in the field. In 1916, Bieberbach [9] 
conjectured that for  and has the form, given 
in equation (1), then then  . The 
conjecture was finally settled in 1985 by Louis de 
Branges [10] confirming it for all  The Fekete-
Szegö problem is a classical coefficient problem 
that seeks sharp bounds for linear combinations of 
coefficients, typically ​, offering detailed 
information on the geometric characteristics of 
subclasses of univalent functions. Many studies 
have since focused on these problems; some recent 
contributions can be seen in previous studies [11-15].

Finally, attention is given to the radius 
problems, where the aim is to determine the 
maximal radius for which functions belonging to a 
particular subclass of  preserve specific geometric 
properties such as starlikeness or convexity. If 
we consider certain transformations or geometric 
conditions that fail to maintain univalence, such 
as those within the unit disk. It naturally leads to 
the question of whether such transformations or 
conditions may uphold univalence in a smaller 
subdisk 

Problems of this nature are commonly referred 
to as “radius problems”. The radius, , represents 
the largest subdisk,  within which specific 
transformations of a univalent function  or certain 
geometric conditions ensure univalence. The radius 
problems ensure the validity of certain geometric 
properties (such as starlikeness or convexity) within 
a disk of maximal size [16]. 

A key tool in such investigations is the well-
known Carathéodory class , consisting of analytic 
functions  in  and has the following form:

(4)

With . A significant portion 
on coefficient  problems involves expressing 
coefficients of functions in a given class in terms 
of those with positive real part, using known 
inequalities for  to analyze them. To unify and 
extend the study of these and related subclasses,  
Ma–Minda [6]  form of analytic functions are used, 
which offers a unified approach to several subclasses 
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of analytic functions through subordination 
techniques.

By following  unified approach presented by 
Ma and Minda [6], several authors in recent years 
have proposed new subclasses of the class  of 
univalent functions by selecting specific forms 
of the analytic function . Examples of such 
choices for  include: 
, is a widely studied the 
Janowski subclass of starlike functions [17], and 
the class of starlike function of order  deonted by  

 Similarly the 
class of Janowski convex functions and the class of 
convex function of order ∝,respectively expressed 
as  and 
In particular,   and  are the 
classical classes of starlike and convex functions, 
respectively. Cho et al. [18] introduced the class 

 of analytic functions, defined as follows:

In their work, authors conducted a 
comprehensive study on various radius problems 
associated with the class  of analytic functions. 
Their analysis includes determining sharp bounds 
for radii associated with geometric properties such 
as starlikeness and convexity. Further contributions 
to this class can be found in the work of Arif et al. 
[19], where the authors obtained sharp coefficient 
bounds, investigated the Fekete-Szegö inequality, 
and examined the Hankel determinant of order three. 
Additional geometric properties of functions in the 
class , along with recent related developments, 
are discussed  by Srivastava et al. [20] and Tang et 
al. [21]. Recently, Al-Shaikh et al. [22] introduced 
a class of starlike functions of complex order  
denoted by  where  

 and  This class comprises 
functions  that satisfy the subordination 
condition as follows: 

where  defines a cardioid domain, 
given by:

with , and . 

2.    PROPOSED WORK

Based on the earlier works of Cho et al. [18], 
Arif et al. [19], and Al-Shaikh et al. [22], the 
present investigation introduces a new subclass 

of analyic functions of complex 
order γ.

Definition 1. If a function  has the form given 
in (1), then it belongs to the subclass 
, provided the following conditions are satisfied:

for  and 

Equivalently,  if the image of

lies within the eight-shaped region  located 
in the right half-plane (see Figure 1 reported by 
Cho et al. [18]). Several known and newly defined 
subclasses emerge as special cases of Definition 1 
by choosing particular values of the parameters  
and  as illustrated below:

   A new subclass 
of starlike functions characterized by a complex 
parameter , related to the sine function.

 : A subclass of starlike 
functions associated with the sine function 
introduced by Cho et al. [18].

 : A new 
subclass of convex functions of complex  linked 
with the sine function.

    A subclass of 
convex functions associated with the sine function 
introduced by Arif et al. [19].

3.    SET OF LEMMAS

We begin by stating the following auxiliary results, 
that will be employed in deriving the main results.

Lemma 1. If  and has the form given in ,
then	   

and for any ,
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The relation in equation  can be found in 
previously reported literature [23]. The inequality 
stated in equation  was established by Keogh 
and Merkes [24] and related discussion is given by 
Ma and Minda [6].

Lemma 2.  [25] Let, . Then for  
we have

Lemma 3. [18] Let  and 
The following hold.

Where 

4.    MAIN RESULTS

In this section, we investigate the sharp bounds 
for the first two coefficients and obtain sharp 
estimates for the Fekete-Szegö inequality for 
functions belonging to the class 
. Additionally, a sharp radius result 
is also derived for a certain subclass of Janowski 
starlike functions. Known subclasses and their 
corresponding results are also discussed to 
emphasize the connection between the present 
work and previous studies.

4.1. Coefficint Problems

Theorem 1. If the function , 
and be given by equation (1). Then,

and 

These findings are sharp.

Proof.  If , then by defintion 
we have:

where  is a Schwarz function. Let,   be a 
function such that:

then . It follows that:

Using equation (7), we obtain:

(9)

By expanding  into its series form and 
applying elementary calculations, we obtain:

(10)

From equations (9), and (10), we obtain

and

Applying the relation (5) in (11), we obtain the 
required result. Furthermore, rearranging equation 
(12) gives:

Applying the triangle inequality together with 
equation (5) leads to the desired result. Sharpness 
of the bounds can be demonstrated by the following 
function, corresponding to particular values of the 
parameters  and 

Remark 1. For  in Theorem 1, we obtain the 
following new result for the subclass 
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Theorem 2.  Let and be given by 
 then

 and 
These bounds are sharp. 

Remark 2. For and   in Theorem 1, we 
obtain the following known result for the subclass 

, investigted by Cho et al. [18].

Theorem 3. Let  be given by equation 
Then,

 and 
Equality in these bounds is attained by the function 
(13).

Remark 3. Setting   in Theorem 1 yields a 
new result for the subclass  as stated 
below:

Theorem 4. Let  be given by 
Then,

 and  
The bounds are sharp for  and equality is 
attained by the function:

Remark 4. For  and  in Theorem 1, we 
obtain the following known result for the subclass 

, studied by Arif et al. [19].

Theorem 5. Let  and be given by equation 
. Then,

 and  

Equality in these bounds are attained by the function 
described in equation (14).

4.2. Fekete-Szegö Problem 

We now investigate the Fekete-Szegö functional for 
functions belonging to the subclass 

Theorem 6. If a function  of the form equation 
 belongs to  then

This result is sharp.

Proof.  If then from equations 
(11) and (12), we obtain:

Let,

Therefore:

from Lemma 1, equation , it follows that for 
we obtained the required result. for specific values 
of  and , equality is achieved by the function 
defined in equation (13).

Remark 5. A new result for the subclass  
is obtained by setting     in Theorem 6, as 
follow:

Theorem 7. Let  be given  Then

Equality is achieved for  by the function 
given in equation (13).

Remark 6. The choice   and  in 
Theorem 6 gives the result established earlier for 
the class  by Arif et al. [19].

Theorem 8.  Suppose  is be given . 
Then

The result attains the best possible bound.

Remark 7. A new result and its corresponding 
corollary for the subclass  are obtained 
by setting  and  in Theorem 6, 
respectively, as follows:

Theorem 9. Let  be given . Then

Corollary 1. If  with series form  
then
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The inequality becomes sharp for the specific case 

Remark 8. By setting   and  in 
Theorem 6, we obtain the following known result 
and corollary for the class , investigated Arif 
et al. [19].

Theorem 10. Let  be given  Then

Corollary 2. If  with series form  then

This inequality is sharp.

4.3. Radius Problem

In order discuss about the findings in this section, 
we first highlight a few known classes as follows:  
Let for ,

denoted by

For , if  , then 
 is represented by  and 

 For this class, Cho et 
al. [18], determined  the radii for the class 
of Janowski starlike functions and some other 
geometrically defined classes including the classes

 and 
 

these classes were considered by Ali et al. [26].

This section aims to determine the  
radius result for the subclass  of  Janowski 
starlike functions .

Theorem 11. The sharp radius for 
the subclass  is defined as:

Proof.  Let  define , so that 
 Then

Now, from the definition of the class 
, we consider the function:

From Lemma 2, since  it follows that:

Thus,

From Lemma 3, the image of the function 
 contains the open disk:

To ensure that , we require:

or equivalently,  
Thus, the sharp radius  corresponds to the smallest 
positive root of the equation: 

To show sharpness, consider the function:

then

This completes the proof.

Remark 9. When , Theorem 11 coincides 
with the known sharp radius result for the subclass 
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 examineded by Cho et al. [18].

Theorem 12. The sharp radius for the 
subclass  is given by:

5.    CONCLUSIONS 

In this study, we introduce some new subclasses of 
analytic functions of complex order , defined via 
subordination involving the sine function. Sharp 
coefficient estimates, Fekete-Szegö inequalities, and 
a radius result for a certain class are also obtained. 
These findings not only support applications in 
conformal mapping and applied analysis but also 
enhance the current theory of univalent functions. 
Furthermore, a well-known class and its associated 
results are highlighted to demonstrate the connection 
between earlier research and the present findings. 
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