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Abstract: Carbon storage estimates are essential for sustainable urban planning and development.
This study examines the spatio-temporal effects of land use and land cover changes on the provision
and monetary value of above- and below-ground carbon sequestration and storage during 2011, 2019,
and the simulated year 2027 in Noida. The Google Earth Engine-Random Forests (GEE-RF) classifier,
the Cellular Automata Artificial Neural Network (CA-ANN) model, and the InVEST-CCS model are
some of the software tools applied for the analysis. The findings demonstrate that the above- and
below-ground carbon storage for Noida is 23.95 t/ha. Carbon storage in the city increased between
2011 and 2019 by approximately 67%. For the predicted year 2027, a loss in carbon storage is recorded.
The simulated land cover for the year 2027 indicates that if the current pattern continues for the
next decade, the majority of the land will be transformed into either built-up or barren land. This
predicted decline in agriculture and vegetation would further lead to a slump in the potential for
terrestrial carbon sequestration. Urban carbon storage estimates provide past records to serve as a
baseline and a precursor to study future changes, and therefore more such city-scale analyses are
required for overall urban sustainability.

Keywords: Carbon Storage And Sequestration (CSS); Cellular Automata-Artificial Neural Network
(CA-ANN) model; Google Earth Engine (GEE); Noida

1. Introduction

Urban sustainability is directly connected to the Sustainable Development Goals
(SDGs), such as the goals concerning Sustainable Cities and Communities (Goal 11), Re-
sponsible Consumption and Production (Goal 12), and Climate Action (Goal 14) [1]. The
SDGs call for nationally owned and region-specific development plans or strategies [2].
Urban centres emanate three-fourths of the world’s total carbon dioxide (CO2) emissions
resulting from several anthropogenic activities [3]; therefore, it is imperative that cities
take the lead rather than just depending on national plans and strategies [4]. They can
achieve sustainability by reducing their CO2 emissions and aiming for carbon (C) neutrality
through carbon storage and sequestration (CSS) [5].

According to the IPCC [6], the major five carbon pools of a terrestrial ecosystem
involving biomass are above-ground biomass (AGB), below-ground biomass (BGB), dead
wood, litter, and soil organic matter (SOC). AGB includes all the visible and living biomass
above the soil-stem, branches, bark, seeds, and foliage and constitutes the major portion
of the terrestrial carbon pool. Changes in the land use system have a direct impact on
above-ground biomass. BGB includes all living roots excluding fine roots and plays a
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pivotal role by transferring and storing carbon in the soil. SOC is the carbon produced
from decomposing plants, bacterial and fungal growth, and metabolic activities of living
organisms, and is one of the major contributors to carbon stocks [7]. Given that they only
make up a small portion of the carbon stocks in forests, the dead mass of litter and woody
debris is not a significant carbon sink [8]. The aggregate amount of C stored in the terrestrial
C pools at any specified time is the carbon stock or store. The change in carbon stocks over
time due to natural or anthropogenic activities gives the amount of C sequestered in the C
pools. One of the essential prerequisites for cities to achieve C neutrality and sustainability
is to have an accurate evaluation of the C sequestration potential of the urban greens [9].
The ability of urban greens to lock in C and mitigate elevated CO2 levels has caught the
attention of the research community all over the world [10–13].

Understanding land use dynamics and their effect on C sequestration capacity is
vital for sustainable urban development. Land processes have a pivotal role in the global
and regional C cycle through photosynthesis, respiration, volcanoes, and anthropogenic
activities like afforestation and deforestation [14], altering both sources and sinks of carbon.
Fast-paced development across the world, especially in urban centres, is leading to rapid
transformation of the land cover and its use. Land cover and land use (LULC) changes
caused by both natural and anthropogenic activities lead to changes in the carbon stock
of urban centres, which further degrades ecosystem service functions [15]. Therefore,
understanding land use dynamics and their effect on carbon sequestration capacity is vital
for sustainable urban development [16].

Several methodologies have been employed to explore the relationship between land
use dynamics and their effect on carbon storage capacity, such as field investigations [13,17]
and remote sensing tools [18,19]. One of the earliest studies using a simulation model to
understand the interaction between the C pools in the biosphere, atmosphere, and the
ocean was done by Goudriaan J. [20]. Subsequently, various models have increasingly
been used to simulate, project, and evaluate the consequences of urban sprawl on local C
sequestration capacity at various spatial and temporal scales, such as DLEM (the Dynamic
Land Ecosystem Model) [21], the CESVA model (Carbon Exchange in the Vegetation-Soil-
Atmosphere System) [22], and the CASA (Carnegie Ames Stanford Application) produc-
tivity model [23], etc. In developed nations such as in Europe and North America, there
are several works wherein records of urban vegetation and C stock have been estimated
using other models like i-Tree Eco [24,25], CITYgreen [23,26], and the UFORE (Urban Forest
Effects) model [27,28]. These freely available tools aid in the inventorisation of local flora
and provide species-specific data. Such models make the estimation of the C storage of
urban greens simpler and efficient, and are therefore widely used in urban areas. How-
ever, the applicability of these tools is limited for other geographical locations because
of the considerable variation in the geography, climate, and vegetation types [29]. For
developing countries like India, such modelling and assessment tools are unavailable and
national forest inventories most often do not include urban trees [30]. Because of the lack
of such city-scale inventories, most of the vegetation studies and C stock estimations are
still dependent on field measurements and limited area inventory data [31–40].

Recently, the Integrated Valuation of Ecosystem Services and Tradeoffs-Carbon Storage
and Sequestration (InVEST-CSS) model, started under the Natural Capital Project [41], has
been used in several studies to ascertain the C storage capacity of urban areas based on land
use/cover changes [42–47]. This CSS module of the model calculates the present amount of
C stored and assesses the quantity of sequestered cover time for an area. This model offers a
simple and authentic method of estimating C storage with minimum input parameters [48].
Polasky et al. (2011) [49] examined the effects of real and different scenarios of LULC on
C-holding capacity in Minnesota, USA, from 1992 to 2001 using the InVEST model. They
also suggested different strategies to manage land to enhance C-storage capacity. Leh
et al. (2013) [50] also examined the effects of LULC on Ghana’s C stock from 2000 to 2009
at the national level using the same tool. Delphin et al. (2013) [51] assessed the effects
of hurricanes on the watersheds and forests of Florida and subsequent C loss. Liu et al.
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(2018) [52] employed InVEST to study the fluctuation in C stock in northern Shaanxi at
different scales. Abdo and Satyaprakash (2021) [53] analysed the consequences of LULC on
C storage in Addis Ababa city, Ethiopia, from 1988 to 2018 and simulated it for 2028–2038
using InVEST. InVEST was also used to evaluate the C stored in the Jiroft plain, Iran,
by Adelisardou et al. (2022) [54] and in Uva province in Sri Lanka by Piyathilake et al.
(2022) [55]. The model has also been applied in other areas like Guilin, China, by He
et al. (2023) [56], Nador, Morocco, by Rachid et al. (2024) [57] and Pakistan by Zafar et al.
(2024) [58].

In India, there has been limited applicability and use of InVEST for the analysis of C
storage capacity in natural landscapes and it has not been extended to urban areas. For
example, Gupta et al. (2017) [59] studied the C storage in the Bhidalna microwatershed,
Dehradun District of Uttarakhand state in India. The tool has also been used to analyse
the dynamic pattern of C sequestration in the Periyar Tiger Reserve [60], Sariska Tiger
Reserve [61], Sundarban Biosphere Reserve [62], and Askot Wildlife Sanctuary [63].

Therefore, the primary objectives of this study are to: (i) explore the spatio-temporal
dynamics of the above- and below-ground C storage of an incessantly expanding urban
centre in India-Noida from 2011 to 2019 using the InVEST-CSS model; (ii) forecast the
amount that will be stored in the future year 2027, through the analysis of alterations in the
land use over these years; and (iii) estimate the monetary cost of the observed variation in
the C stock over the years. Urban soils are highly heterogeneous because of the presence of
concrete, asphalt, metals, plastics, and many contaminants. Soil sealing with impermeable
surfaces, such as roads and pavements, leads to a reduction in SOC content in urban
areas [64–66]. Chien & Krumins (2022) [67] also reports that SOC in natural habitats is
significantly higher than that of urban green spaces and urban intensive habitats. Therefore,
this study is limited to the evaluation of above- and below-ground C only, despite SOC
being an important contributor to the terrestrial carbon pool.

Correct estimates of the C stored in cities are very important to highlight and under-
stand the function of UGS in the atmospheric C balance. To understand and better manage
the mitigation potential of green spaces, verifiable and reasonable estimates of the C se-
questered from cities are needed. The findings of this study will help urban planners and
managers to better comprehend the land use dynamics, their drivers, and the subsequent
effect on the C stocks of the city.

2. Study Location

This study is carried out in relation to Noida city, an abbreviation for the New Okhla
Industrial Development Authority. It is situated in the district of Gautam Buddha Nagar in
the state of Uttar Pradesh, in northern India (Figure 1).

Climate—Noida has a blisteringly hot and humid environment for a large portion
of the year. The climate stays hot during the summer, i.e., from March to June, and
the temperature ranges between 48 and 28 ◦C. Monsoon prevails from mid-June to mid-
September with normal precipitation of 93.2 cm. Temperatures tumble down to as low as
3–4 ◦C at the peak of the winter due to the cold waves from the Himalayan region, which
make the winters in Noida chilly and harsh. Noida additionally has haze and smog in
winter, decreasing the overall visibility in the city.

Soil—Much of the land in Noida is not fertile and the agricultural yield is low. It is in
the flood fields of the Yamuna River on one side and the Hindon River on the other and is
situated on the old stream bed. Pedogenic material is mostly formed by sandy and loamy
fluvisols [68] or fluverine alluvial soils [69] Wheat, rice, sugar cane, and millets are the
primary crops planted in the area.

Vegetation—The vegetation in the space falls under the classification of the sub-
tropical deciduous sort, although at present it does not have any extent of forest. Noida
Authority has built up various forms of green spaces within the city like green belts,
gardens, parks, avenue plantations, and vertical gardens. Every residential sector in the
city has a park/playground, adding to the overall verdancy of Noida and providing respite
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to the Noida citizens. Approximately 10–12% of the land is allocated to parks, playgrounds,
and other open spaces in each of the sector. The city authorities have also designed and
developed several big green spaces for the benefit of the residents.
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Geomorphology—The landscape of this region is for the most part plain with a gentle
incline fluctuating between 0.2 and 0.1 percent from north-east to south-west. The highest
and lowest height ranges between 204 m and 195 m above the mean sea level (MSL) close to
the villages Parthala Khanjarpur in the northeast and Garhi in the southwest, respectively.
Most of Noida territory is under 200 m mean ocean level.

As a satellite city around the national capital, New Delhi, it harbours several multi-
national companies (MNCs) and industries. The city is burgeoning rapidly with rampant
urbanisation and industrialisation. The presence of good infrastructure, educational facili-
ties, employment opportunities, and modern residential spaces surrounded with greenery
has attracted mass migration and unplanned growth in the city over the years. Extensive
urbanisation started around 2010-11 in Noida, such as the construction of the Yamuna
Expressway, the Indian motor racing circuit, the Rashtriya Dalit Prerna Sthal, the Green
Garden, and several residential spaces. The Noida Master Plan 2011 which was revised in
2006 for the perspective year of 2021, also proposed a total of 14964 hectares of land for the
development of urban activities.

An estimation of CSS at the local, regional, and landscape levels is crucial to assist
India’s nationally determined contributions (NDCs) to the United Nations Framework
Convention on Climate Change (UNFCCC) [70]. The ‘National Mission for a Green India’,
one of the sub-missions under the National Action Plan on Climate Change (NAPCC),
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has also identified priority research areas such as to study vegetation response to climate
change and benchmarking the C-capture potential of ecosystems, etc. Noida is one of
the largest planned cities in India; still, there are no accurate estimates of the C storage
of the city. There is a paucity of work highlighting the contribution of spatio-temporal
dynamics of land use and its carbon storage to mitigate urban CO2 emissions in such Indian
metropolitan cities. Therefore, Noida was taken as the study area for this study so that the
analysis could be replicated to other urban agglomerations within and outside India.

3. Materials and Methods

The overall methodology of this study is illustrated in Figure 2 and detailed further below.
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3.1. Satellite Dataset and Software Used

Multi-temporal satellite imagery was retrieved from USGS (the United States Geologi-
cal Survey) for two time periods—2011 and 2019. The details of the imagery employed for
this study are as follows (Table 1). The following software were used for analysing satellite
data—ERDAS Imagine 14, ArcGIS10.2, and Quantum GIS 2.18.

Table 1. Details of Satellite Imageries.

S. No. Dataset Retrieved on Spatial
Resolution Retrieved from

1. LANDSAT 5 22 April 2011 30 m United States Geological
Survey (USGS)2. LANDSAT 8 28 April 2019 30 m

3.2. Derivation of Landuse and Landcover and Accuracy Assessment

LULC maps were prepared using Landsat Satellite data for the years 2011 and 2019,
respectively. Google Earth Engine’s Random Forest classification method was applied to
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delineate five LULC categories, viz., Built-up land, Vegetation, Agricultural/fallow land,
Barren land, and Water bodies. Owing to its high accuracy and easy computation, RF has
proven to be the first choice for the classification of urban landscapes [71] and was therefore
used in preparing LULC in this study. The final step after the LULC classification is to
conduct an accuracy evaluation to quantify the success of the method in correctly allocating
pixels to the appropriate land cover classes.

The Google Earth Engine (GEE) is a cloud-based interface for the analysis of geospa-
tial data, addressing the major issues related to the storage, processing, and analysis of
immensely large datasets. The GEE library provides access to both types of classifica-
tion techniques. A few of the supervised classification techniques are the support vector
machine (SVM), random forest (RF), and the classifiers classification and regression tree
(CART) [72]. Random Forest is a popular supervised classification method featured in
GEE [73]. An RF model combines field measurements and remotely sensed data using mul-
tiple decision trees or ‘the forest’. Also called the ensemble classifier, RF is a non-parametric
classification algorithm. The most popular class is voted after each decision tree classifies
the data independently.

3.3. Prediction of LULC of Future Years

LULC for the future year 2027 was simulated using MOLUSCE plugin in the QGIS
software, which offers a user-friendly and intuitive plugin for users to perform modelling
and simulation. In ArcMap, a set of spatial variables with the same picture element size,
location, and fixed scale was created, including slope, aspect, and road. The whole set
of data was then imported into the MOLUSCE Plugin, to generate an LULC map and
determine the trend of change for the study. Annual percentage change in area was
computed by the plugin and a transition grid illustrating the number of picture elements
transforming to another LULC was displayed. It also created an area change map that
illustrates the changes in the land from 2011 to 2019 and from 2019 to 2027. The LULC
transition potential was modelled by MOLUSCE using Artificial Neural Network (ANN),
Multi-Criteria Evaluation (MCE), Weights of Evidence (WOE), and Logistic Regression
(LR) techniques. The ANN model was used in this study to simulate spatial LULC change
because it is very good at capturing the complicated non-linear behaviour of ecosystems [74].
The plugin utilised a Cellular-Automata Simulation to predict the change in LULC. The
input data used to model potential land use in 2027 was defined as the LULC maps from
2011 and 2019. This model was not based on any anthropogenic or natural processes, but
rather on the past change.

3.4. Estimation of Carbon Storage

In this analysis, the Integrated Valuation of Ecosystem Services and Tradeoffs
(InVEST)—Carbon Storage and Sequestration (CSS) model developed by the Natural
Capital Project [75] was employed to determine the carbon sequestration potential of Noida.
Though SOC is a significant contributor to terrestrial C, this study only used AGB and BGB
for the computation of C stored. Using the LULC maps generated in the previous steps and
C density as the input, the CCS module of the model can calculate the total amount of C
stored in the landscape. The carbon density of any vegetation is usually calculated by using
the biomass and total C content coefficient, while the carbon density of the soil is obtained
by considering the bulk density, organic matter content, and thickness of the soil [76].
Parameters like biomass, bulk density, organic matter content, and thickness of the soil are
determined through field surveys and chemical analysis. The C densities of various LULC
types in this study were determined using secondary data from FSI and IPCC [6,61,77,78].
The output consists of storage, sequestration, and aggregate totals, represented as Mg/pixel,
and maps C storage densities to LULC maps. The total C sequestered or lost over time
was also computed using the current and prospective LULC maps. The final step involved
assessing the monetary value of C sequestration/loss over time, rather than storage, for
each scenario. Three pieces of information were needed for this calculation: the annual
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discount rate, the monetary worth of each unit of C, and the evolution of the cost of C
sequestration. The monetary value of a metric tonne of C sequestered was taken to be $86
with a 3% of market rate of discount, and zero change in the cost of C in a year [79].

4. Results and Discussion
4.1. Spatio-Temporal Analysis of Land Use and Land Cover

Understanding the dynamics of the altering landscape and making future predictions
are made easier by the spatial and temporal analysis of the change in urban land cover.
Both the satellite datasets from 2011 and 2019 underwent supervised classification using
the appropriate training signatures for the major LU/LC classes, including built-up land,
barren land, vegetation, waterbodies, and agriculture/fallow land. The results of the land
use/land cover are given in Table 2 and the classified outputs are given in Figure 3.

Table 2. LULC Statistic—2011, 2019, and 2027.

LULC Classes
Year 2011 Year 2019 Year 2027 Change (2011–2019) Change (2019–2027)

Area
(km2) Area (%) Area

(km2) Area (%) Area
(km2) Area (%) Area

(km2) Area (%) Area
(km2) Area (%)

Agricultural/
Fallow land 86.74 41.00 27.68 13.09 24.10 11.39 −59.06 −27.91 −3.58 −1.70

Barren land 13.84 6.55 12.84 6.07 14.30 6.76 −1.00 −0.48 1.46 0.69

Waterbodies 8.34 3.93 4.64 2.18 4.30 2.03 −3.70 −1.75 −0.34 −0.15

Built-up land 74.70 35.30 106.77 50.46 120.32 56.88 32.07 15.16 13.55 6.42

Vegetation 27.92 13.22 59.61 28.20 48.52 22.94 31.69 14.98 −11.09 −5.26

Total 211.54 100 211.54 100 211.54 100

Figure 3. LULC of Noida City 2011, 2019 and 2027.

The classified map of 2011 shows a high concentration of built-up land in the north-
western part and moderate density in the central part of Noida City. It is evident from the
LULC of 2019 that the direction of the urban sprawl is extending further into the northeast
and south of the city. It is to be noted that the area under vegetation and the built-up
categories were 27.92 km2 and 74.7 km2, respectively, in 2011, which further increased to
59.61 km2 and 106.77 km2, respectively, in 2019. On the other hand, the agricultural/fallow
land area, which was 86.74 km2 in 2011, shrunk to 27.68 km2 in 2019. The area under barren
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land and water body showed a marginal decrease in 2019. Thus, most of the increment
in the built-up land came about because of the transformation of agricultural land into
other land use classes, in which cultivated lands and other barren terrains were replaced
by building, roads, pavements, and different infrastructures which likewise brought about
the increment in urban vegetation as well.

For the simulated LULC of the year 2027, it can be observed that there will be a large
increment in built-up land (6.42%) and a slight increase in barren land (0.69%). Such
increment in the barren and built-up area can be attributed to future construction activities
and the transformation of agricultural land, respectively. The prediction indicated that
an additional area of 32.07 km2 will be transformed into fallow land, whereas not much
change is expected in waterbodies. However, agricultural/fallow land and vegetation will
both decrease year after year, resulting in a potential loss by 2027. This method is based on
past changes in pixels according to the LULC of 2011 and 2019. If the present trend persists,
the majority of the other land cover classes will be replaced by built-up or barren land, as
indicated by the projected land cover for 2027. The capacity for terrestrial C sequestration
will further decrease because of the anticipated reduction in the area used for agriculture
and urban vegetation.

4.2. Accuracy Assessment

An accuracy assessment verifies the accuracy of the pixel distribution and the viability of
maximum likelihood in urban mapping. The final image had 92% overall accuracy in 2011 and
93% in 2019. The κ coefficient was 0.93 in 2011, followed by 0.89 in 2019 (Tables 3 and 4).

Table 3. Accuracy Assessment Error Matrix (2011).

Reference Classes
Agricultural/

Fallow
Land

Barren
Land

Built-Up
Land Vegetation Water

Bodies
Row
Total

Producer
Accu-

racy (%)

User Ac-
curacy

(%)

Overall
Accu-

racy (%)

κ Coeffi-
cient

C
la

ss
ifi

ed

Agricultural/
Fallow
land

20 1 2 1 0 24 100.00 83.33

91.6667 0.93

Barren
land 0 5 0 0 0 5 83.33 100.00

Built-up
land 0 0 20 0 0 20 90.91 100.00

Vegetation 0 0 0 8 0 8 88.89 100.00

Water
bodies 0 0 0 0 3 3 100.00 100.00

Column
Total 20 6 22 9 3 60

Table 4. Accuracy Assessment Error Matrix (2019).

Reference Classes
Agricultural/

Fallow
Land

Barren
Land

Built-Up
Land Vegetation Water

Bodies
Row
Total

Producer
Accu-

racy (%)

User Ac-
curacy

(%)

Overall
Accu-

racy (%)
κ Coeffi-

cient

C
la

ss
ifi

ed

Agriculture/
Fallow
land

7 0 0 1 0 8 87.50 87.50

93.33 0.89

Barren
land 0 8 1 0 0 9 88.89 88.89

Built-up
land 0 1 24 0 0 25 96.00 96.00

Vegetation 1 0 0 15 0 16 93.75 93.75

Water
bodies 0 0 0 0 2 2 100.00 100.00

Column
total 8 9 25 16 2 60
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The κ statistic was used to determine the validation of the simulated LULC. The
predicted LULC map’s accuracy rate was 94.88 percent, with an overall κ of 0.92 and a κ

histogram of 0.93 (Table 5).

Table 5. Validation of simulated LULC—2027.

Method Correctness % Overall κ κ (Histogram)

Artificial Neural
Network (ANN) 94.88 0.92 0.93

4.3. Impact of Land Use Change on C Storage

The C storage of the city was estimated using the InVEST (v. 3.11.0) software. The
amount of C stored in every grid is calculated using LULC maps and the C density of
every category of land use. As per Table 6, the C stored in vegetation is the maximum for
all the years, followed by agricultural land in 2011 and built-up land in 2019 and 2027,
respectively. For the year 2011, the C stored in vegetation is 234,499.39 metric tonnes
(77.27%) followed by agricultural land with 43,176.27 metric tonnes (14.23%) and built-up
land as 22,943.98 metric tonnes (7.56%), respectively. Subsequently in 2019, the overall C
storage of the city increased by approximately 67% to 506,558.32 metric tonnes, distributed
across built-up land, agricultural/fallow land, barren land, and vegetation. Though it is
seen that a higher quantity of C is stored in the vegetation and built-up class, a drastic
decrease in the C storage in agricultural classes is observed. A slight drop in C storage
is observed in barren land in 2019. For the predicted year 2027, an overall C storage of
454,591.85 metric tonnes is recorded, highlighting a loss in C storage in the future. It is
noteworthy that though the vegetation increased between 2011 and 2019, an increase in
built-up and barren land, attributed to urbanisation, will potentially cause C loss in the
city in the coming years. Li et al. (2002) [44] also reported a similar trend wherein the
conversion of cultivated land to construction land was the main reason for the C storage
loss in Changchun city in China.

Table 6. Carbon storage in each LULC year wise.

LULC
Carbon

Density (t/ha)
Total Carbon (t) C in Each LULC (%) Change in Carbon (t)

2011 2019 2027 2011 2019 2027 2011–2019 2019–2027

Agricultural/fallow
land 5 43,176.27 13,446.41 12,989.88 14.23 2.65 2.86 −29,729.87 −456.53

Barren land 2 2850.75 2269.44 3460.00 0.94 0.45 0.76 −581.32 1190.56

Waterbodies 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Built-up land 3 22,943.98 30,696.46 35,984.99 7.56 6.06 7.92 7752.48 5288.53

Vegetation 82.17 234,499.39 460,146.03 402,156.99 77.27 90.84 88.47 225,646.64 −57,989.04

Total 303,470.40 506,558.34 454,591.85 203,087.93 −51,966.48

4.4. Carbon Sequestration Map

The CCS module of the software condensed the findings into an output image that
represented the dispensation of C storage in Noida. In addition, the findings demonstrated
that the city of Noida, which encompasses an area of land measuring 21,154 hectares, is
currently storing 506,558.34 metric tonnes of C, distributed across all land classes. Therefore,
the C storage for Noida city is 23.95 t/ha. The results are compared with other cities all
over the world (Table 7). The C stored is less for Noida city in comparison to several other
cities across the world.
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Table 7. Carbon storage in urban vegetation in various cities/countries.

S. No. City/Country Carbon Storage (t/ha) References

1. Bolzano, Italy 0.75 [27]

2. Jersey City, US 5.02 ± 0.68 [28]

3. New Delhi, India 4.65 [80]

4. Cities in Middle Korea 4.70–7.20 [81]

5. Barcelona, Spain 11.20 [82]

6. Leipzig, Germany 11.81 ± 3.25 [83]

7. West Africa 14.00 [84]

8. Canada 20.83 [85]

9. Noida, India 3.95 Present work

10. Baltimore, US 25.28 ± 3.16 [28]

11. Hangzhou, China 30.25 [86]

12. Leicester, UK 31.60 [29]

13. Karlsruhe, Germany 32.30 [87]

14. Shenyang, China 33.22 ± 4.32 [88]

15. Atlanta, US 35.74 ± 2.69 [28]

16. Beijing, China 43.70 ± 6.65 [89]

17. Tripura, India 45.41 [90]

18. Sacramento, US 46.91 ± 22.64 [91]

19. Kumasi, Ghana 111.00 [92]

For both the years 2011 and 2019, the above-ground C stored ranged from 0 to 5.30 met-
ric tonnes per pixel while the below-ground C ranged from 0 to 2.08 metric tonnes per pixel
(Figures 4 and 5). The total C stored per pixel ranged from 0 to 7.39 metric tonnes for 2011,
2019 and the future year 2027 (Figure 6).

Figure 4. Above- and below-ground carbon per pixel (2011).
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Figure 5. Above- and below-ground carbon per pixel (2019).

Figure 6. Total carbon stored per pixel (2011, 2019 and 2027).

The C stock per pixel is the same for all the three years and ranged from 0 to 7.39 metric
tonnes. However, due to the transition in the LULC from one class to another class, the
total C in each class changed for each year. The total C sequestered per pixel between 2011
to 2019 ranged from −7.39 to 7.39 and between 2019 and 2027, it ranged from −7.21 to
7.39 (Figure 7). Positive values indicate that C is being sequestered, while negative values
indicate that C is being lost to the atmosphere. C sequestration is designated by positive
values, whereas C loss to the atmosphere is implied by negative values.

If proper future urban planning and a substantial increment in green spaces are
achieved, a higher C-storing capacity amidst built-up land, with a slightly lower percentage
of C stored in vegetation and agriculture, can be achieved by the year 2027. The results
obtained are corroborated by Jiang [93], who validated that reckless urbanisation in the
Changsha-Zhuzhou-Xiangtan urban area has led to C storage loss as several green spaces
and areas of agricultural land were transformed into built-up land. A study done for Addis
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Ababa, Ethiopia, by Abdo and Satyaprakash (2021) [53] also stated that the conversion of
most of the LULC classes into built-up land and transport will lead to a reduced area of
green space in the city, causing a subsequent drop in C storage for the future simulated
years 2028 and 2038.

Figure 7. Total carbon stored per pixel—2011–2019 and 2019–2027.

4.5. Economic Valuation of Carbon Gain/Loss

The monetary contribution of C sequestered in the observed (2011–2019) and projected
(2019–2027) time periods of Noida city are illustrated in Table 8. The findings reveal a
monetary gain of 17.53 million dollars at a 3% discount rate due to C sequestered by urban
green areas during the period 2011–2019 (Figure 8). Because of the augmentation in the C
stock in the city from 2011 to 2019, this economic gain was observed. For the simulated
period (2019–2027), a loss of 4.46 million dollars was recorded due to the predicted decline
in vegetation (Figure 8). If the UGS of the city are not sustained and augmented, there
will be a net loss of economic value derived from C stored. A similar study carried out in
Jiroft plain, Iran, reported US$ 36 million as the cost of damage due to the loss of C stored
between 2019 and 2045 [54].

Table 8. Total economic costs due to C sequestration.

Years NPV (Million Dollars)

2011–2019 17.53

2019–2027 −4.46

4.6. Future Scope of the Work

This study could be further expanded by incorporating additional carbon pools such
as Soil Organic Carbon (SOC) and dead organic matter, providing a more comprehensive
carbon budget. Enhancing the model validation through field data integration and high-
resolution remote sensing would improve the accuracy. Extending the temporal scope to
include long-term projections and climate change scenarios would offer insights into sus-
tainable urban planning. Integrating the findings with urban policies, developing decision
support systems, and evaluating the socio-economic benefits of carbon sequestration could
guide sustainable development. Additionally, using advanced machine learning models
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and real-time monitoring technologies would further refine the predictions and support
urban sustainability efforts.

Figure 8. Net Present Value–2011–2019 and 2019–2027.

5. Conclusions

Economic development and government policies are the two primary propelling
causes of the LULC changes observed in Noida. The overall direction of urban growth is
towards the northeast and south of the city, along which the density has also increased
in the northern part. Areas under built-up land and vegetation increased between 2011
and 2019, while agricultural areas decreased substantially. Over the past twenty years, the
city has undergone rapid conurbation. As per the development plan for city for the year
2021, 6055 hectares of area were recommended for urban development, with 61.61 percent
of the total land stated to have already been developed. The building of the Metro line,
the Buddha International Circuit, the FNG and Yamuna Expressway, the National Dalit
Memorial, as well as other residential and commercial buildings, are a few examples [94].

Since the InVEST model facilitated the simulation, forecast, and monetary evaluation
of the possible impacts of urbanisation on the city’s C-storage capacity at different levels,
such models are becoming more and more popular. To assess current and future climatic
consequences at the city scale, it is essential to comprehend the magnitude and spatio-
temporal distribution of carbon dioxide (CO2) equivalents. This study exemplifies a
bottom-up approach or regional analyses, which can be replicated for all other urban cities
experiencing significant landscape alterations. Estimates of the C storage of urban areas
provide past records to serve as a baseline and a precursor to study future changes, and
therefore, more such city-scale analyses are required rather than just depending on the
national estimates. The monetary valuation of ecosystem services like C sequestration
by urban green areas helps us to comprehend the social and environmental importance
of these functions of nature. The estimation and mapping of the changing pattern of the
C sequestration potential of urban green spaces is a crucial tool that can aid in devising
prudent management strategies of urban green spaces, augmenting cities’ capacities to
store C and manage climate change.

The findings of this study highlight a momentous transformation of the land cover in
the city, and if appropriate actions are not taken as soon as possible, this could result in the
elimination of all available space for vegetation. This would, as a result of a decrease in C
sequestration, further exacerbate a variety of environmental, socioeconomic, and public
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health issues, and would also prevent the city from growing in a sustainable way. As a result,
those responsible for formulating public policy and urban planning should collaborate to
determine how land should be utilised for future sustainable urban development. Such
key data about the amount and distribution of C stored within existing urban vegetation,
the portion of C sequestered or lost over time, and its relationship with the changing urban
landscape are vital for such decisions.
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