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Abstract
Our study uses regional-scale maps to quantify carbon storage and sequestration from different land use types to evaluate 
the effects of future land use scenarios. We developed an integrated modeling approach to assess the spatiotemporal impacts 
of land use/cover change (LUCC) on the provision and value of the carbon storage and sequestration during the historical 
period (2000–2019) and predicted scenarios (2019–2046) in the Jiroft plain, Iran. We integrated several analytic tools for 
our analysis, which was comprised of Google Earth Engine (GEE), Cellular Automata Markov Chain (CA-MC) model, 
Intensity Analysis (IAA), and the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model. Our results 
demonstrate that: (1) agriculture and urban expansion led to a considerable decrease in carbon storage, mainly due to rapid 
deforestation from 2000–2019; (2) if the historical trend continues under the business as usual (BAU) scenario, it will lead 
to considerable social costs due to the loss of stored carbon in the plain (2,624,113 Mg) with an annual average sequestration 
loss of −475,547 Mg; (3) the downward carbon sequestration trend could potentially be reversed by employing the envi-
ronmentally sound planning (ESP) scenario that is estimated to save 3,705,491 Mg in carbon storage, with annual average 
sequestration gain of + 605,830 Mg. The design scenarios provide a useful guide for policymakers and local governments to 
help understand the potential outcomes of the various development strategies, which will ultimately lead to more effective 
ecosystem management.

Keywords Carbon storage and sequestration · Google Earth Engine · InVEST · Spatial–temporal dynamics · Jiroft plain · 
Iran

Introduction

Ecosystem services (ESs) refer to ecological processes' 
benefits and their effectiveness for human well-being (Yua 
et al. 2019). Land use/cover change (LUCC) has a significant 
impact on the supply and value of multiple ESs, especially 
climate regulating services, due to fundamental changes that 
occur in the structure and function of forests, agriculture, 
and other ecosystems over time (Fu et al. 2017). Such spati-
otemporal LUCCs lead to an increase in some services' pro-
vision and value while concurrently decreasing others (Yuan 
et al. 2019), mainly in arid regions (Maestre et al. 2016). As 
vulnerable ecosystems to human disturbance, these regions 
cover approximately 40% of the Earth’s land surface (MA 
2005). According to White and Nackoney (2003), approxi-
mately 1.4 billion Asian people live and depend on drylands. 
These ecosystems often are regarded as unproductive, but 
they provide a variety of essential ESs to sustain well-being, 
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such as carbon sequestration (Egoh et al. 2016; Lü et al. 
2014).

Carbon sequestration describes the long-term carbon 
storage in soil, plant, and other forms to either mitigate or 
slow down climatic change (Canadell and Raupach 2008; 
Eggleston et al., 2006; Gallant et al., 2020). In this context, 
terrestrial ecosystems, including forest, orchard, and agricul-
tural ecosystems, play an essential role in carbon cycling (Sil 
et al. 2017). Among terrestrial ecosystems, agriculture often 
acts as a source of greenhouse gases (Kanime et al. 2013), 
while forests and orchards are usually involved in the seques-
tration of atmospheric carbon (Scandellari et al., 2016). 
Orchards can secure considerable quantities of atmospheric 
carbon due to their structure, long life cycle, and low or null 
soil tillage (Ceschia et al. 2010). Forests can also sequester 
large quantities of atmospheric carbon through photosyn-
thesis (IPCC 2005). The carbon is stored in plant tissues 
during the photosynthesis of orchards and forests, especially 
in the woody parts (Hauck et al. 2013). On the other hand, 
forest and orchard degradation can intensify climate change 
(Gibbs et al. 2007; Sil et al. 2017). The effect of escalating 
climate change directly relates to the supply and value of the 
climate regulating services. De Groot et al. (2012) argued 
that among the main types of terrestrial biomes (including 
forests, grasslands, and woodlands), approximately 50% of 
their total monetary value is dedicated to climate regulation 
services.

Various publications of the Intergovernmental Panel on 
Climate Change (IPCC 2000; 2005; 2006) and the United 
Nations (UNDP 2015) shed light on the connection between 
carbon storage and sequestration and LUCC. Recent liter-
ature has assessed the climate regulation service by con-
sidering their biophysical quantities and economic value, 
particularly in different arid regions (Bagstad et al. 2013; 
Crossman et al. 2013; Maes et al. 2016; Sil et al. 2017; 
Stringer et al. 2012). Many studies have also shown that Iran 
has experienced impacts of climate change, and this trend 
continues (Abbaspour et al. 2009; Mansouri Daneshvar et al. 
2019). Therefore, anthropogenic disturbance's cumulative 
effects simultaneously with climate change have significant 
negative consequences on the ESs, particularly on carbon 
storage and sequestration. These cumulative effects high-
light the importance of providing integrated environmental 
assessments.

However, in developing countries such as Iran, past mod-
eling and environmental assessments of ESs were limited 
by the lack of high-quality data (Adelisardou et al. 2021) 
and appropriate modeling tools. Besides, existing studies 
concentrate on a specific individual timepoint, ignoring a 
temporal trend of changes in natural ecosystems and their 
services (Yavari and Bahreini 2001). There is an urgent need 
to address the issues mentioned above by considering the 
dynamics of spatio-temporal impacts of LULC policies on 

the ESs, such as carbon sequestration and storage for the 
historical trends and future prediction scenarios.

Various international scientific groups advocated apply-
ing the Integrated Valuation of Ecosystem Services and 
Tradeoffs (InVEST) model as a new generation of ESs 
assessment model (Keller et al. 2015; Leh et al. 2013; Red-
head et al. 2016; Sánchez-Canales et al. 2012). On the other 
side, carbon storage and sequestration as one of the most 
common regulating services were quantified and mapped by 
researchers (Nackoney 2003; Stringer et al. 2012; Kanime 
et al. 2013; Jiang et al. 2017; Wang and Qie 2018; White, 
R.P.; Yang et al. 2020). Although various studies of link-
age the LUCC with carbon storage and sequestration have 
been internationally carried out, the target area of studies is 
mainly focused on cities and coastal ecoregions (Zhao et al. 
2016), mountainous regions (Zhao et al. 2018), and flood 
plains (Lininger et al. 2019). In comparison, InVEST has 
not been applied to quantify the ES value of carbon seques-
tration in arid agro-urban ecosystems (Favretto et al. 2016; 
Lu et al. 2018). Current research to estimate and predict 
the change level of carbon considered four carbon pools, 
including aboveground biomass, belowground biomass, 
soil organic carbon, and dead organic matter. Similar stud-
ies were limited in their scope to changes of carbon stor-
age in the soil organic carbon pool (Egoh et al. 2011) and 
the belowground biomass pool (Shangguan et al. 2014), 
throughout the past to present.

Our study overcame the aforementioned environmental 
assessment problems in developing countries by develop-
ing an integrated modeling approach. The InVEST carbon 
model, GEE coding, Cellular Automata Markov Chain 
(CA-MC) model, and the Intensity Analysis (IA) method 
were used to measure spatiotemporal impacts of LUCC on 
carbon storage and sequestration for historical (2000–2019) 
and future (2019 -2046) trends in a dryland ecosystem. The 
Jiroft plain, an arid agro-urban ecosystem, as one of the most 
suitable parts of the Iranian plateau for tropical crop culti-
vation, which has experienced severe LUCC (Agricultural 
Organization of Jiroft County 2013), was selected as the case 
study. The objectives of our integrated modeling were to:

1. Investigate the LUCC process in the Jiroft plain at the 
landscape scale through GEE coding, design a future 
scenario by applying the CA-MC model and the IA 
method;

2. Model carbon storage and sequestration and explore the 
mechanisms using InVEST;

3. Quantify provision and value in carbon storage and 
sequestration associated with LUCC;

4. Understand the spatial distribution and characteristics of 
carbon storage and sequestration over time based on the 
landscape scale to achieve comprehensive knowledge for 
decision-making processes of ecosystem management.
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Material and methods

Study area

The Jiroft plain is part of the Jazmourian Basin in Southern 
Kerman, Iran. The boundary was determined at the land-
scape scale, which was suitable to achieve a balance among 
multi-objectives, including production, conservation, and 
livelihood benefits over time and adapt to changing con-
ditions (Cordingley et al. 2016; Luo et al. 2019; Sandker 
et al. 2010; Sayer et al. 2017). Different criteria, including 
elevation of the plain, Halil Roud River existence as the 
mainstream, human settlements, farmland, and other land 
use, were considered to define the boundary of the pilot 
landscape unit (Agricultural Organization of Jiroft County 
2013). The plain is located in arid regions ranging from 
28°12'N to 29°13'N and 57°15'W to 57° 17’W (Fig. 1). The 
mean annual temperature and precipitation range from −4 
to + 45 °C and 140 to 170 mm, respectively. The altitude 
varies between 456 and 1318 m above sea level (masl), and 
the overall slope is from north to south (Jiroft Municipal 
Statistics Bureau 2017; Kerman Municipal Statistics Bureau 

2015). This plain is one of the most suitable parts of the Ira-
nian plateau for tropical crop cultivation, with an area of 36 
491  km2. It has a vital role in providing multiple ESs (e.g., 
agriculture), on which the local population depends on live-
lihood (Agricultural Organization of Jiroft County 2013).

Methods

In our study, an integrated model based on the impacts of 
two different LUCC scenarios on the spatial and temporal 
provision and value of carbon storage and sequestration was 
developed. The general workflow to achieve the integrated 
model is shown in Fig. 2. Our methodology consisted of 
four main stages: (1) determination of structural LUCC of 
the case study from 2000–2019 through the comparison 
and analysis of the basic land use/ land cover (LULC) using 
GEE coding and the IA method; (2) design of future LULC 
scenarios to 2046 applying CA-MC and (3) calculation of 
carbon stock from 2000–2019 and; (4) spatial change of the 
carbon sequestration value under the future scenarios using 
the InVEST model.

Fig. 1  Location of the study area—the Jiroft plain, Iran
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Data description of LULC prepared by GEE

We used GEE (Sidhu et al. 2018) to carry out simultane-
ous temporal and spatial LUCC analysis based on satellite 
imagery collection. The image classification in GEE was 
performed by using the support vector machine (SVM) algo-
rithm. The SVM is a nonparametric classifier based on sta-
tistical learning theory that was initially proposed by Kavzo-
glu and Colkesen (2009). Landsat and Sentinel images were 
used to separate the agriculture from the forest, orchard, and 
the other land-use categories. In selecting the appropriate 
image from a collection of Landsat images, surface reflec-
tance criteria including cloud-free or zero cloud cover and 
the summer season (July–September) were considered. Also, 
to include only relevant data that supports the purpose of the 
visualization, the filer on image collection was used (Google 
Earth Engine 2012).

Accuracy assessment

The accuracy of each classification in the GEE is defined 
as an error matrix called a confusion matrix (Congalton, 
1991), representing the validation accuracy. Therefore, to 
assess accuracy in the SVM classifier, the confusion matrix 
was applied (Stehman, 1997). The accuracy is estimated 
from training data compared to each class's actual data 
that obtained from Google Earth (2015). In the accuracy 

assessment step, 75 points were derived from each classified 
image and uploaded to Google Earth Pro. Also, these images 
were the basis for calculating the overall accuracy and also 
evaluating the classification accuracies.

Change detection of LULC through the Intensity 
Analysis (IA) method

Detection of LUCC is an effective way to determine the 
human effects on the ESs (Yirsaw et al. 2017). The intensity 
analysis (IA) of LUCC as a top-down hierarchical account-
ing framework (Sang et al. 2019) focuses on the absolute 
amount of LUCC (Zhou et al. 2014) and the intensity of 
transformation (Teixeira et al. 2016). This method consists 
of three levels, including interval, category, and transition 
(Pontius et al. 2013). In this study, the IA method at the 
category level was considered for the detection of LUCC. 
The intensity change of each category within a specific time 
interval was evaluated at this level. The IA method uses 
uniform intensity (U), annual loss intensity (Lti), and annual 
gain intensity of (Gtj) to explain LULC for a specific cat-
egory. If Lit or Gtj is higher than U, then that category is an 
active loser or gainer. Otherwise, the category is defined as 
a dormant loser or gainer (Sang et al. 2019).

Fig. 2  The general workflow 
of detecting spatial–temporal 
changes in carbon storage and 
sequestration

Cellular Automata 
Markov Chain 
(CA-MC) model 
implementation

Applied NDVI, LAI and 
EVI on the combined 
images of Landsat and 
Sentinel

Business as 
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Environmentally-
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Step 5: Environmental policy processes 

LULC maps of 2000, 
2010, and 2019
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Detection of
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Step 2: Scenario modeling to predict future LULC
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A
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Cellular Automata–Markov chain (CA‑MC) model 
implementation

The prediction of the future LULC dynamics is a complex 
process. This complexity involves various factors, such as 
economic and social conditions, ecological constraints, and 
different stakeholders' perspectives in managing future plans 
(Cassidy et al. 2010; Singh et al. 2015). Therefore, apply-
ing the proper prediction method that considers different 
future scenarios can help understand these complex pro-
cesses. In this study, the CA-MC model in TerrSet software 
(version18.31) was used to simulate two different future 
LULC scenarios, which we termed environmentally sound 
planning (ESP) and the business as usual (BAU) scenarios. 
The CA-MC is recognized as the most promising method 
among many LULC scenario modeling tools, which analy-
ses both spatial and temporal dynamics of complex systems 
(Regmi et al. 2017; Wu et al. 2019). The MC sub-model is a 
stochastic process that analyses the probability of a change 
from one state to another at the temporal dimension (Zhou 
et al. 2012). The CA sub-model conceptualizes the spatial 
dimension of LUCC (Hamad et al. 2018). This sub-model 
consists of a collection of cells organized in an arbitrary 
form of cells inside a grid-like structure (Ghosh et al. 2017). 
The temporal and spatial state of neighboring cells has an 
effect on each cell’s state (Reddy et al. 2017). In this study, 
to define neighborhoods of each cell of the category, 5 × 5 
pixels were applied as a standard contiguity filter (Hamad 
et al. 2018). The historical LULC layer from 2000 to 2010 
was used for the calibration phase of the CA-MC model. 
Also, the image of 2019 was considered for validating the 
predictions of CA-MC. Finally, the Kappa index of agree-
ment was used to evaluate the model’s performance during 
the calibration of the BAU and ESP scenarios.

The first scenario, BAU, is a reference case scenario based 
on the historical trajectories (2000–2019), which considers 
social, economic, and population growth (Samie et al. 2017). 
This scenario assumes that the historical trend will continue 
until 2046 based on the conditional probability images with-
out constraints based on the real conditions (Hamad et al. 
2018). In this scenario, the resultant LULC change patterns 
for the future occur based on their historical trajectories. It 
is noteworthy that the historical trend of urbanization in the 
Jiroft is changing. The lack of sufficient facilities for thecur-
rent and next generation (Jiroft Municipal Statistics Bureau, 
2017) and climate change impacts (the temperature in this-
area reaches about 60 degrees) have increased the migration 
rate from the Jiroft to the other cities(Kerman MunicipalSta-
tistics Bureau, 2018). That this increasing migration rate is 
reflected in future forecasts.

The second scenario, ESP, depicts the future LULC by 
considering some limitations in controlling the development 
and preventing deforestation through management programs. 

In this regard, conditional probability images were replaced 
with multi-criteria evaluation-derived (MCE-derived). 
Hence, it is possible to regulate the future trajectory of 
the change in LULC depending on various environmental 
influences, increasing migration rate, physical boundary 
conditions, economic and social conditions, ecological con-
straints, as well as stakeholders' perspectives and desires. 
These criteria effectiveness termed as Boolean operations 
or linear combinations can be evaluated regarding a specific 
objective (Malczewski 1999). As output, suitability map lay-
ers are generally constructed with respect to their objective 
(e.g., a LULC-category). The needed information for this 
scenario includes the rate of population growth and the mini-
mum necessary land area to meet each individual demand in 
the Jazmourian basin, which was obtained from the Kerman 
Province Land Use Planning Report (Kerman Province Land 
Use Planning Report 2014).

Modeling of carbon storage and sequestration 
through InVEST

The carbon module uses a simplified carbon cycle to esti-
mate the amount of static carbon storage and dynamic 
sequestration for each cell in a specific region (He et al. 
2016; Tallis et al. 2013). This module considers four carbon 
pools, including aboveground carbon density, belowground 
carbon density, soil organic carbon, and dead organic matter 
(Tallis et al. 2013). The calculation of the carbon storage C 
m, i, j in a given grid cell (i, j) with land use type “m” can be 
achieved by Eq. 1 (Aalde et al. 2006):

In this formula, A is the real area of each grid cell (ha). 
Also, Ca m, i, j, Cb m, i, j, Cs m, i, j, and Cd m, i, j are the above-
ground carbon density, belowground carbon density, soil 
organic carbon density, and dead organic matter carbon 
density (i, j), respectively. Finally, carbon storage “C” and 
carbon sequestration “S” can be calculated by Eqs. 2 and 3 
for the whole case study region (Aalde et al. 2006):

In Eq. 3,  CT2 and  CT1 demonstrate static carbon storage 
in years T2 and T1 (T2 > T1). The needed data for running 
the carbon storage model were the LULC map and the bio-
physical table containing columns of LULC, ‘C_ above,’ 
‘C_below,’ ‘C_soil,’ and ‘C_dead.’ The required biophysical 
data are presented in Table 1, which was obtained from sam-
pling and field experiments by Liang et al. (2017) and the 
InVEST user’s guide (Sharp et al. 2020). The data regarding 

(1)Cm,i,j = A ×

(

Cam,i,j + Cbm,i,j + Csm,i,j + Cdm,i,j
)

(2)C =

∑n

m=1
Cm,i,j

(3)S = CT2
− CT1
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the carbon sequestration model were a current and future 
LULC scenarios map for calculating the net change of car-
bon storage pixel by pixel over time.

The last part of carbon modeling is estimating the eco-
nomic value distribution of carbon sequestration/loss (not 
storage) under each scenario over time. This function, Eq. 4, 
requires three inputs, including I) “V,” the monetary value 
of each unit of carbon, II) “r,” a monetary discount rate, and 
III) “c,” the change in the value of carbon sequestration over 
time (Tallis et al. 2013):

Unfortunately, the long-term data related to the social cost 
of land-use change, especially the destruction of orchards 
and forests in Iran, could not be found. Therefore, the data 
from international studies of economic value related to the 
study area's conditions were considered (IPCC 2006).

The first input “V” is estimated based on the social 
cost of carbon (SCC) that is released Mg of carbon in the 
atmosphere in case of excess of the threshold. Some stud-
ies (Haight et al. 2020; Melaku Canu et al. 2015) estimated 
the total values of carbon sequestration as SCC based on 
the damages caused by releasing an additional ton of car-
bon in the atmosphere. There are some sufficient criteria 
to determine this value, including differences in landscape, 
applied discount rate, and carbon cost and benefit of carbon 
sequestration. Estimated values for each ton of carbon range 
widely from $32 US dollars (Nordhaus 2007) to $326 US 
dollars (Stern 2007). To estimate the cost of loss per ton 
of carbon or the benefit from storing per ton of carbon, an 
alternative method is to regard the equivalent cost of carbon 
sequestration per ton. This method considers the cost of stor-
ing carbon by public facilities such as power plants (Socolow 
2005; Socolow and Pacala 2006; Tol 2017). The mentioned 
studies estimated this price equal to be approximately $110 

(4)

value − seqx = V
sequestx

yr_fut−yr_cur

∑

yr=fut−yr−cur−1

t=0

1
(

1 +
r

100

)t(

1 +
c

100

)t

US dollars. In our study, the same cost per ton of carbon 
was considered.

The second input, “r,” is the discount rate that expresses 
the preference of the community over immediate benefits 
and future benefits. Based on the cost–benefit evaluation of 
an environmental assessment by the US government, this 
input is set to 7% in the carbon module of InVEST. This rate 
varies for different landscape conditions and local require-
ments. According to the Iranian studies economic valuation, 
the discount rate of 12% was considered in our research (Ira-
nian statistical Yearbook 2017).

The third data, “c,” reports the change of carbon price 
in the form of the annual rate. These data demonstrate the 
sequestered carbon value resulting from emissions impact 
on damages associated with expected climate change. The 
default value is set to zero. A number greater than zero 
means that the social value of carbon sequestration in the 
future is less than its value of the present time. In our study, 
due to attention the high probability of exacerbation of the 
impacts induced by climate change, the default value of zero 
was considered.

Results and discussion

Results

Detection of LUCC by IA method

Figure 3 and Table. 2 show the land use and land occupa-
tion patch classifications under different scenarios, includ-
ing historical trend, and the BAU and ESP scenarios using 
GEE. The overall accuracy of classification of 2000, 2010, 
and 2019 was 86.8, 84.6, and 87.5%, respectively. The major 
types of LULC in the Jiroft plain were unused-land, for-
est, urban, agriculture, and water. From 2000 to 2019, the 
urban category as the most dynamic land feature that fol-
lowed by agricultural land demonstrated stable increasing 
trends according to the historical directions of growth. We 
projected that the increasing trend in urban land cover would 
continue in both the BAU and ESP scenarios from 2019 
to 2036. Conversely, the future growth of agriculture was 
limited under the ESP scenario. However, the unused-land 
showed the largest decrease, followed by forest and water. 
The unused-land decreased sharply from 2000 to2019, and 
this reduction continued under the ESP scenario and then 
increased under the BAU scenario in 2046. The trend of 
forest decreased dramatically under historical and the BAU 
scenario and increased under the ESP scenario. Finally, 
the least dynamic category with the minimum areal extend 
in the Jiroft plain was water. The areal extent of the water 
decreased from in 2000 under the different scenarios.

Table 1  Carbon pools of different land-use types in the InVEST 
model (unit: Mg C  ha−1). Ca refers to the aboveground biomass; Cb 
to the belowground biomass; Cs to the soil organic carbon; and Cd to 
the dead organic matter, respectively

Land-use type Ca Cb Cs Cd

Agriculture 3 2 853.13 1.5
Forest 45.09 9.03 13.1 5.6
Unused land 0.1 1.9 0.8 0
Urban 0.4 0 1.73 0
Water 0 0 0 0
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The IA method was applied at the category level for 
three cross-tabulation attempts, including I) historical trend 
(2000–2019), II) BAU scenario (2019–2046); and III) ESP 
scenario (2019–2046). Compared to the historical profile 
(Fig. 4), the value of uniform change intensity was consider-
ably lower for the BAU (1.3%) and ESP (1.9%) scenarios.

Specifically, during the historical period (2000–2019), 
the unused-land, forest, and water were active losers and 
dormant gainers. In terms of the water body, because the 
water body in 2000 is of very low areal extent, it gradually 
decreased from 0.7 to 0.2% of the study area in 2019 due to 
agricultural activities. It means that although the water body 

represents a very low percentage of the study area in 2000, 
the intensity of its growth is significant relative to other 
land categories. In contrast, the urban and agricultural land 
covers were active gainers and dormant losers and depicted 
higher levels of gaining intensities as active gainers.

It is noteworthy that there were also important differences 
between the two predictive planning alternatives at the cat-
egory level. According to the BAU scenario (Fig. 4b), the 
urban and agricultural lands are dormant losers and active 
gainers. In contrast, the forest category is a dormant gainer 
and active loser. Also, in this scenario, the unused land class 
is dormant for both losing and gaining intensities. The water 

Fig. 3  LULC layers a 2000, b 2010, c 2019, d 2046 under business as usual scenario and, e 2046 under environmentally sound planning sce-
nario

Table 2  A comparison of the quantity of LULC changes from the baseline to the current situation and future scenarios

Land use class Area (Percent /Km2)

2000 2010 2019 2036-BAU 2036-ESP

Unused-land 81.3% (1297.01) 80.8% (1288.80) 74.73% (1191.94) 75.03% (1196.72) 71.3% (1137.7)
Forest 14.55% (232.20) 13.82% (220.57) 12.5%, (198.99) 7.5% (119.62) 14.85% (236.85)
Urban 0.33% (5.38) 0.95% (15.27) 6.6%, (105.55) 8.10% (129.19) 8.33% (132.86)
Agriculture 3.01% (48.10) 3.87% (61.80) 6.1% (97.42) 9.37% (149.45) 5.45% (86.92)
Water 0.77% (12.29) 0.53% (8.54) 0.1% (1.01) 0.02% (0.31) 0.01% (0.15)



5936 International Journal of Environmental Science and Technology (2022) 19:5929–5944

1 3

category shows a dormant loser. Under the ESP scenario 
(Fig. 4c), the urban category is the only active gainer among 
the different patterns of change. At the same time, the agri-
culture and unused-land became active in losing their inten-
sities. The urban class was an active gainer and a dormant 
loser during the historical trends and predictive scenarios, 
representing continuous growth from 2000 to 2046.

Measuring quantitative changes of carbon 
at the landscape

The InVEST carbon model's first outputs were the land-
scape's carbon storage maps under different scenarios, 
including historical growth trajectories, BAU, and ESP sce-
narios (Figs. 5a–e). Based on the historical growth trajecto-
ries, the urban and agriculture categories showed constant 
increasing trends from the north to the south of the region. 
Simultaneously, forests with a decreasing trend were dis-
tributed in the center of the plain. According to the modeled 
distribution, the carbon storage volumes increased within the 
center and reached a minimum in the northern and southern 
urban areas. The minimum amount of carbon was 0.8 Mg 
stored in the urban areas, and the maximum amount was 
19.4 Mg in forests. Also, the average carbon storage was 
9.7 ton/ha for the current landscape (2019). This value will 
change to 7.2 ton/ha and 11.3 ton/ha under the BAU and ESP 
scenarios in 2046, respectively.

A comparison of carbon storage and sequestration 
changes under different scenarios is shown in Fig. 6. The 
results of stored carbon showed a decrease from 4.6 mil-
lion Mg in 2000 to 3.1 million Mg in 2019. The BAU 
scenario results showed rapid land-use change caused by 
human activities from 2019 to 2046. The BAU scenario 
with rapid changes in land use caused by human activities 

in 2019–2046 was expected to decrease sequestered carbon 
by 2,624,113 Mg, with an average decrease in sequestra-
tion of −475,547 Mg. The carbon storage loss will occur 
mainly in the forest (Nonini and Fiala 2019). The ESP sce-
nario resulted in moderate protection of LUCC and led to a 
smaller disturbance by human activities. In this scenario, the 
carbon storage will decrease to 3,705,491 Mg from 2019 to 
2046, with an average sequestration of + 605,830 Mg. The 
obtained results from the carbon storage model showed that 
the ESP scenario, with a medium protective socioeconomic 
development, saved a large amount of stored carbon in com-
parison with the historical period and BAU scenario.

The second output of the carbon model (Fig. 7a, b) was 
carbon sequestration maps under BAU and ESP scenarios. 
Raster maps showed the difference in carbon stored between 
the current and future landscape. The values of this map 
included negative and positive ranges. The negative values 
indicate lost carbon, and positive values indicate sequestered 
carbon in Mg per pixel. Areas with the highest negative or 
positive values showed the most considerable LULC change. 
The result of the BAU scenario showed − 15.0 ton/ha as the 
maximum loss of carbon in the degraded forests. Also, 3.7 
ton/ha was measured as the maximum carbon sequestration 
capacity. Alternatively, in the destroyed landscape parts of 
the plain under the ESP scenario, the maximum carbon loss 
(2000–2019) will be − 11.2 ton/ha. The maximum seques-
tration in areas where the forest category will be restored is 
expected to reach + 15.0 ton/ha (Fig. 7b).

Carbon sequestration valuation

The carbon model's final output was the economic value 
distribution of carbon sequestration under different pre-
dictive scenarios, as shown in (Fig. 6c, d). Based on the 

Fig. 4  Intensity change of  category level in three time intervals: a historical time profile (2000–2019), b BAU scenario (2019–2046), and c ESP 
scenario (2019–2046)
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BAU scenario, a reduction of carbon sequestration of 
about − 475,547 tons will occur between 2019 and 2046. 
Considering US$ 110 as the cost per ton of carbon emis-
sion and 12% as the discount rate with this potential drop, 

the cost of damage in the next two decades will be about 
US$ 36 million. Additionally, in the case of implementa-
tion of the ESP scenario, the total potential of sequestra-
tion will increase to + 605,830 tons. Using the same cost 
per ton and discount rate, the net present value between 
2019 and 2046 will be about US$ 45 million. In the case of 
deforestation under the BAU scenario or forest rehabilita-
tion under the ESP scenario, the carbon loss's minimum cost 
showed − 470.4 and − 342.1 per ha, respectively. Also, the 
maximum carbon sequestration was estimated to be + 27.7 
per ha for the BAU scenario and + 470.7 for the ESP sce-
nario, respectively.

Discussion

Driving factors of LUCC and carbon dynamics

The integration of land use scenarios and the InVEST model 
can reduce the complexity of the issue of assessing the spa-
tial and temporal impact of LUCC on carbon storage and 
sequestration at the landscape scale, particularly in dryland 
ecosystems in developing countries that face high LUCC 

Fig. 5  Comparison of quantities of carbon storage from the baseline to the current situation and under the future scenarios of BAU and ESP

Fig. 6  Comparison of carbon storage and sequestration changes under 
different scenarios
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intensity. We detected LUCC patterns over time by compar-
ing the 2000, 2010, and 2019 LULC. We found that major 
LUCC trends (2000–2019) included the rapid expansion of 
agriculture and urban land cover; and sharp decreases in the 
forest and unused-land. Our findings regarding the LUCC 
pattern are similar to the results of other parts of the Jazmou-
rian basin (Mazaheri et al. 2013; Sanjari 2015). The main 
driving factors associated with the LUCC mentioned above 
in the Jiroft plain include several contributing factors, such 
as rapid population growth (Kanianska 2016) or the high rate 
of the population transfers from the rural areas to the cities 
(Jiroft Municipal Statistics Bureau 2017). Deforestation has 
led to an increase in agricultural and urban land use to meet 
the demand for rising food requirements and other funda-
mental needs of the society in the basin (Rahbarian and Sar-
doei 2014). It is noteworthy that the biophysical character-
istics of the basin (e.g., proper slope, elevation, fertile soil) 
have allowed for the cultivation of tropical crops. Another 
critical driving factor is the poor implementation of agricul-
tural development plans based on the background policies, 

which has led to moving the plain into a forbidden status in 
terms of agricultural activities in 2009 (Sanjari 2015).

If the historical trend (2000–2019) continues without any 
constraints (i.e., BAU scenario) over the next two decades, 
drastic degradation of natural covers such as forests will 
occur. Also, we anticipate a considerable reduction in carbon 
sequestration from converting the forests and unused-land to 
urban settlements and farmland. Various studies have shown 
that the growth of agricultural activities and human settle-
ments leads to the degradation of natural land use over time 
(Chuai et al. 2013; Fu. 2017; Sang et al. 2019). Grinand et al. 
(2017) estimated the average net loss of carbon storage for 
southeast Madagascar, where forest cover went from 10.7 
and 5.2% for the 30 and 100 cm layers, respectively. In other 
areas, Mahowald et al., (2017) found conversion from forest 
to cropland via deforestation led to carbon loss of 490 Pg C 
between 1850 and 2300, compared to a carbon loss of 230 
Pg C over the same time interval caused by climate change 
alone (230 Pg C).

If the land use policies for the conservation of the forests 
under the ESP scenario are adapted, the costly process of 

Fig. 7  a–b Comparison of 
quantities of carbon sequestra-
tion under the future scenarios 
of BAU and ESP; c–d economic 
value of carbon sequestration 
under the future scenarios of 
BAU and ESP
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the historical trend can potentially be halted or reversed. 
Ontl et al. (2020) has noted that the active restoration of 
the degraded tropical rainforests of the Western Ghats, 
India, could promote recovery of its carbon storage within 
7–15 years of rehabilitation.

Explanation of carbon at fine spatial and temporal 
scales

According to Fang et al. (2007) and Zhang et al. (2015), 
forests have the highest amount of carbon density at about 
19.4 Mg. The minimum amount of carbon was 0.8 Mg stored 
in urban land cover, which is in agreement with the literature 
(Chuai et al. 2013; Zhang et al. 2015). The amount of carbon 
storage decreased from 4.6 million Mg in 2000 to 3.1 million 
Mg in 2019, with average sequestration of -1.5 million Mg. 
This decreased amount of carbon storage was due to LULC 
converting from forest to agriculture and urban land cover. 
In terms of carbon loss storage and sequestration potential, 
Lü et al. (2014) showed that the expansion of agriculture and 
urban land cover led to a significant reduction in the social 
cost of carbon (SOC) over time. Also, the study by Wang 
et al. (2016) showed that the transition from agriculture to 
urban areas had considerable impacts on the SOC.

In the BAU scenario, as a result of human activities, we 
estimated a reduction of about 2.6 million Mg in carbon 
storage with average sequestration loss of -475,547 Mg from 
2019 to 2046. Lü et al. (2014) showed that the expansion of 
agricultural and urban land led to a significant reduction of 
SOC. Also, in terms of carbon stock loss and the possibility 
of atmospheric release, there could be costs up to US$ 36 
million at the landscape scale. This result is similar to find-
ings from Liang et al. (2017) regarding carbon loss storage 
and sequestration potential due to the conversion of forest 
to agriculture and the urban land cover.

Based on the results of carbon modeling under the ESP 
scenario, carbon storage will increase to 3.7 million Mg 
from 2019 to 2046, with average sequestration of + 605,830. 
According to this increase, a net present value of about US$ 
44,543,304 will be generated over the next two decades 
(2019–2046). The reason for this increase was the preserva-
tion of forests and restoration of agricultural land cover to 
forests, which will lead to the prevention of carbon emis-
sions. Cheng et al. (2013) demonstrated that transitioning 
from agriculture to forest led to a considerable increase in 
the SOC. Liang et al. (2017) showed that the most carbon 
storage could be saved with restrictive policies that strictly 
protect the forests. Also, results by Lü et al. (2014) sup-
port our findings that the transition from grassland to semi-
shrubby would bring significant carbon sequestration ben-
efits. Boix et al. (2009) and Poeplau and Don (2013) both 
demonstrated that the SOC would increase significantly by 
converting the agricultural land to forests.

The results of the carbon modeling showed that the aver-
age amount of carbon stored was different in the different 
regions. The estimated annual average amount of carbon in 
our study was 9.71 ton/ha in 2000, while Sil et al. (2017) 
estimated a value equivalent to 47.21 ton/ha, and Muñoz-
Rojas et al. (2011) reported a value of 15.84 ton/ha. Dif-
ferences in these values are likely due to the differences 
in land cover types for each area, climatic conditions, and 
geographical context (Li et al. 2020; Polasky et al. 2011). 
Our study also estimated the carbon sequestration rate to 
be − 0.95 ton/ha under the BAU scenario and 1.01 ton/ha 
under the ESP scenario. Sil et al. (2017) estimated the car-
bon sequestration rate to be about 1.4 ton/ha in the mountain 
region, while Ribeiro et al. (2011) estimated it to be about 
1.1 ton/ha in the coastal zone. The main contributing reason 
for this difference between carbon sequestration rates may be 
due to the intensified trend of LUCC within different areas 
(Brovkin et al. 2013). For instance, our results showed a 
severe decrease in forest and orchard protection that would 
likely extend under the BAU scenario. In contrast, the LUCC 
trend in Sil et al. (2017) showed a continuous increase in 
forest cover under the forest scenario. Our study's calculated 
sequestration rate under the ESP scenario was similar to 
those estimated by Sil et al. (2017).

Economic valuation

Our economic valuation of carbon sequestration resulted in 
a minimum of US$ -470.41  ha−1  yr−1 and a maximum of 
US$ 27.72  ha−1  yr−1 under the BAU scenario, and a min-
imum of US$ −342.09  ha−1  yr−1 to a maximum of US$ 
470.41  ha−1  yr−1 under the ESP scenario. Our results are 
in line with Sil et al. (2017), who found that the value of 
carbon sequestration with a different carbon price ranged 
from a minimum of US$ 13.5  ha−1  yr−1 when converting 
forest to grassland. The maximum was US$ 217  ha−1  yr−1 
when grassland was converted back to forest. Padilla et al. 
(2010) showed that in the case of intense human activities 
(conversion of forest to human settlement and farmland), 
the spatial distribution of carbon sequestration value varied 
from a minimum of US$ -1361.23  ha−1  yr−1 to a maximum 
of US$ + 230.43   ha−1   yr−1. In the landscape conserva-
tion scenario, this value ranged from a minimum of US$ 
-1349.24  ha−1  yr−1 to a maximum of US$ 1361.23  ha−1  yr−1. 
The different carbon price (US$ 67 per Mg carbon) used 
in their study was higher than the value used in our study. 
The differences between our results reflect the uncertainty 
of the economic valuation of carbon storage (Sil et al. 2017) 
and the preferences of future societies on climate mitigation 
(Fleurbaey et al. 2019), which are mainly derived from dif-
ferent prices of carbon and emission trajectories.
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Limitation and policy lesson

We recognized some limitations in our study. Firstly, we rec-
ognize the difficulties of directly sampling the carbon pools 
for precise measurements of carbon storage. Therefore, there 
remains a considerable level of uncertainty in the calculated 
values of carbon storage and sequestration, which could be 
an area of future research. Secondly, we carried out LULC 
classification considering five broad classes that lacked a 
detailed carbon storage and sequestration assessment. Future 
work may include a finer resolution of LULC categories to 
increase the accuracy of carbon storage values. However, 
the current land use categories were resolved high enough 
to meet our study objectives.

Nevertheless, our study highlights the integration of ESs 
in the context of spatial planning and land use management 
through the preparation of spatial ESs maps at the regional 
scale. The outputs of this integrated assessment demonstrate 
that there is potential monetary value associated with the 
carbon storage and sequestration. We have shown that ESs 
maps can be used to identify hot spots with high supply of 
multiple ESs. These results provide a useful guide to quan-
tify changes in carbon storage and sequestration that are 
driven by LUCC (Figs. 5, 6).

Additionally, we estimated the potential opportunity 
cost to farmers as a consequence of implementing the ESP 
scenario, as opposed to the BAU scenario. The difference 
in agricultural land use between BAU and ESP scenarios 
is 4.1%. Potential agricultural land forfeited between BAU 
and ESP scenario = catchment area × 4.1% = 36, 491  km2 × 
4.1% = 1,496  km2. Conversion from  km2  to acre: 1,496 
 km2 × 247 acre/km2 = 369,701 acres. The 2016 gross value 
of wheat production was US$ 206.35 per planted acre 
(Schaffer et al., 2018). Therefore, the maximum economic 
loss per year between BAU and ESP from not planting wheat 
is: 369,701 acres x US$ 206.35/acre = US$ 76.4 Million/
year. Projecting the BAU and ESP scenarios out over the 
next 25 years until 2046 and assuming that the agricultural 
land is fully utilized for all 25 years (i.e., agricultural expan-
sion is not gradual), the potential gross value of loss wheat 
protection between BAU and ESP scenario is: US$ 76.4 
Million/year × 25 years = US$ 1.91 billion. US $1.91 bil-
lion represents the potential loss in agricultural production 
between the BAU and ESP scenarios over the next 25 years. 
In comparison, the value of carbon sequestration over the 
next 25 years in the ESP scenario has been estimated to be 
worth US$ 44.5 million.

In fact, the environmental cost of LUCC for the short-
term economic benefit of the farmer has been associated 
with a reduction in the value and provision of carbon storage 
and sequestration ecosystem services over time. It is worth 
noting that the Jiroft plain is an arid ecosystem that depends 

mainly on groundwater for irrigation. Severe groundwa-
ter depletion has been observed in the region since 2000 
(Adelisardou et al. 2021), where groundwater levels have 
declined by up to 17 m (Agricultural Organization of Jiroft 
County 2017). Although it may appear that you can have 
all the agricultural land plus increase the forests, the cur-
rent rate of agricultural expansion is unsustainable in the 
Jiroft plain’s arid climate. As explained previously, the rate 
of groundwater extraction for irrigation is currently causing 
rapid depletion of groundwater storage. Furthermore, projec-
tions of climate change suggest that periods of low rainfall 
and drought will occur with greater frequency in the Jiroft 
plain, thus exacerbating the already dry conditions. Finding 
a sustainable trade-off between forests and agricultural land, 
given the variety of stakeholders, is a matter of optimizing 
land use in a dynamic and complex socio-ecological system.

Indeed, continued deforestation poses a serious threat to 
the residents' long-term well-being in the Jiroft plain. The 
BAU scenario is limited to only short-term economic ben-
efits for the local farmers and regional stakeholders through 
continued agricultural expansion. It is important to note that 
the BAU scenario is fundamentally unsustainable because 
over-expansion of agricultural land use has the potential to 
lead to local groundwater depletion and soil erosion issues 
that can eventually render the land agriculturally unproduc-
tive. Furthermore, our results show that the BAU scenario 
will dramatically reduce the overall carbon sequestration ser-
vices within the Jiroft plain, which may lead to intensified 
climate change (e.g., droughts) over the long-term.

As forest cover continues to decline, ESs management 
through effective land management policies should be car-
ried out (Bren d’Amour et al. 2017). The ESP scenario can 
be used as a guide to conserve the arid ecosystem at the 
landscape scale by applying local plans and training pro-
grams for the local communities. The development of pay-
ment schemes for ESs could be a way of protecting arid 
regions that tend to be overlooked locally. Implementing 
the land use scenario that emphasizes a reduction of carbon 
dioxide emissions (REDD + scenario) could offer a way for-
ward (UN-REDD Programme 2008). This scenario estimates 
the rate of excess carbon sequestration and then discusses 
the issue of paying for ESs. REDD + is a policy that finan-
cially rewards efforts to reduce deforestation and carbon 
emissions in developing countries. In this case, preventing 
deforestation and preserving excess carbon means reducing 
the economic damage associated with climate change.

From science to policy, this ensemble of results could 
be used to provide an essential basis for decision-making 
regarding planning and management in similar arid land-
scapes. Therefore, the planning frameworks at the regional 
and national scales should use LULC types that not only pre-
serve existing carbon stock level but also to promote higher 
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sequestration with different land cover. Future management 
policy should focus on continuous monitoring actions for 
both the LULC pattern and carbon pools dynamic to reduce 
the uncertainty of the predicted model and increase the capa-
bility of an ES-based approach to provide superior support 
in the policy process.

Conclusion

Our main object was to consider the spatiotemporal impacts 
of land use/cover change intensities on carbon storage 
and sequestration, as well as the associated cost of those 
changes. Such estimates in developing countries, such as 
Iran, have typically been associated with poor quality data 
concerns, weak technical knowledge to implement appro-
priate assessment methods, and centralization on a single 
timepoint. We overcame these limitations by integrating 
Google Earth Engine, Intensity Analysis, Cellular Automata 
Markov Chain, and the InVEST model, which we applied 
to the Jiroft plain in southeastern Iran. Dynamic analysis of 
carbon storage and sequestration provision and value at the 
landscape scale under different scenarios was performed. 
Our results indicated that land use/cover change can strongly 
influence the spatial pattern of carbon storage and sequestra-
tion in the Jiroft plain over time.

Furthermore, there was a substantial monetary value 
associated with carbon storage and sequestration in the 
Jiroft plain. The future landscape under different scenarios is 
likely to affect this value. Under the environmentally sound 
planning scenario, the potential of the plain for regulating 
ecosystem services such as carbon storage and sequestration 
was higher than the business as usual scenario. The down-
ward carbon sequestration trend could be reversed under the 
environmentally sound planning scenario estimated to save 
3,705,491 Mg in carbon storage, with an average seques-
tration gain of + 605,830 Mg. Under the business as usual 
scenario, loss of stored carbon could be (2,624,113 Mg) with 
an average sequestration loss of -475,547 Mg. Therefore, the 
areas with a high potential of losing carbon storage under the 
business as usual scenario (i.e., expanding agricultural and 
urban land cover) and gaining carbon sequestration under 
the environmentally sound planning scenario (i.e., forests) 
must exclusively be protected during the development of 
future land use/cover change policies. This ensemble of 
results could provide an integrated dynamic framework to 
the authorities for developing a systematic decision-making 
process by considering the spatiotemporal change on carbon 
storage and sequestration. This integrated process considers 
a combination of several criteria (e.g., environmental protec-
tion, sustainable agriculture, controlled development) and 
could be applied to similar dryland ecosystems regarding 
their planning and management.
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