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ABSTRACT
This study investigates potential measures to reduce CO2 emissions in Indonesia, focusing on ten provinces

in Sumatra. The high dependency on fossil fuels has led to signiϐicant environmental issues, particularly CO2 emis‑
sions. The research examines potential ways tomitigate these emissions and evaluateswhether they are inϐluenced
by economic activities across regions. Using panel data from 2017 to 2023, this quantitative descriptive study
includes ten provinces in Sumatra and six in Java, employing spatial regression analysis. The variables analyzed
are CO2 emissions, industrial agglomeration, GRDP of the manufacturing sector, GRDP of mining and quarrying,
GRDP of agriculture, ϐisheries, and plantations, as well as GRDP of wholesale and retail trade, including vehicle re‑
pair. The ϐindings reveal a positive Moran’s I value for CO2 emissions, indicating a clustered pattern among the
ten provinces in Sumatra over the study period. Industrial agglomeration, manufacturing GRDP, mining and quar‑
rying GRDP, and GRDP in agriculture, ϐisheries, and plantations are positively and spatially correlated with CO2
emissions. Conversely, GRDP from wholesale and retail trade has a signiϐicant negative impact on emissions. Pol‑
icy recommendations include reducing carbon emissions, promoting sustainable sectoral development, adopting
green technologies, and conducting regular evaluations to ensure environmental and economic sustainability.
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1. Introduction
Comprehending the progression of energy policies

and low‑emission plans in Indonesia necessitates an
analysis of signiϐicant changes over the last 20 to 30
years. This period signiϐied major transformations, in‑
cluding the change to an oil‑importing nation in 2004
and the implementation of Law No. 30/2007, which em‑
phasized renewable energy. These modiϐications em‑
phasize the necessity to diminish dependence on fossil
fuels and tackle greenhouse gas emissions. A historical
analysis demonstrates how policy modiϐications and in‑
stitutional frameworks inϐluence the contemporary en‑
ergy landscape, providing insights crucial for sustain‑
able development [1]. Indonesian energy infrastructure
relies on fossil fuels, with 96% of its energy mix com‑
ing from coal, oil and natural gas, while less than 4%
comes from renewable energy sources [2]. Below is a
representation of renewable and non‑renewable energy
consumption in Indonesia. Figure 1 depicts the trajec‑
tory of the Employment to Total Population Ratio (ETT)
and the Labor Force Participation Rate (KET) from 1990
to 2020. The ETT has consistently risen, signifying an
expanding percentage of the workforce employed. Con‑
versely, the KET has undergone variations, exhibiting a
minor decrease in recent years. This indicates a possible
decline in the labor force participation rate, potentially
attributable to factors such as demographic shifts, edu‑
cational levels, and economic circumstances. Additional
investigation is required to comprehend the fundamen‑
tal reasons of these changes and their ramiϐications for
the labor market and overall economic growth.

Figure 1. Conditions for the use of renewable energy and non‑
renewable energy in Indonesia.
Source: World Bank Indonesia Energy Data, 2023.

This reliance on fossil fuels has several implica‑
tions: economic and urbanization demands, regional

imbalance, energy security, environmental impact, and
supply uncertainty. The rapid economic growth and ur‑
banization in Indonesia have increased energy demand,
and fossil fuels are currently seen as the quickest and
cheapest solution to meet these needs [3]. Currently, the
uneven distribution of energy resources creates inequal‑
ity in energy access in each region and creates inequal‑
ity in development [4]. The domestic production of en‑
ergy is insufϐicient to meet the national demand, neces‑
sitating increased imports and creating a dependency
on foreign energy sources [5]. Issues such as fuel short‑
ages, distribution problems, and economic factors have
led to periodic energy supply disruptions, impacting key
sectors like industry, transportation, and public services.
These factors highlight the need for Indonesia to diver‑
sify its energy sources and invest in renewable energy in‑
frastructure to ensure sustainable and balanced energy
management in the future [6]. Kyriakopoulos, et al. [7]
also mentioned that climate mitigation and adaptation
efforts are prioritized based on environmental, socio‑
economic, and agro‑biological analyses.

Research from Kyriakopoulos and Sebos [8] stated
how the interplay between economic growth and re‑
duced carbon emissions is intricate yet crucial for sus‑
tainable development [8] followed up on the idea of how
both of their essays converge on the notion that com‑
bating climate change necessitates coordinated efforts
across all sectors, especially agriculture. They under‑
scored the signiϐicance of policy frameworks such as “Co‑
ordinated Climate Action” in enabling this shift, accen‑
tuating sustainability, ϐinancial assistance, and strategic
planning to attain low carbon emissions while promot‑
ing economic growth. This collaboration is essential
for developing robust agricultural systems that can en‑
dure climate effects while enhancing overall economic
stability. The ϐindings from these studies function as a
stimulus for additional investigation into cohesive strate‑
gies for climate change in agriculture. By focusing on
these areas, future study can substantially aid in formu‑
lating effective methods that enhance sustainability and
alleviate the effects of climate change on agricultural
systems [9]. This upcoming study further provides an
overview of the state of energy in Indonesia, focusing on
the dominance of fossil energy in the country’s energy
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infrastructure and the challenges faced in the develop‑
ment of renewable energy.

The essay emphasizes that coordinated mitigation
and adaptation activities, coupled with stakeholder in‑
volvement, can facilitate economic growth in accordance
with low carbon targets. This comprehensive strategy
not only tackles climate change but also strengthens re‑
silience in socio‑economic systems, facilitating a sustain‑
able future. The heavy reliance on fossil fuels in Indone‑
sia has several negative environmental consequences, in‑
cluding higher carbon emissions and other pollutants,
which affect public health and contribute to climate
change. Due to the high and increasing level of non‑
renewable energy use every year, the increase in non‑
renewable energy in Indonesia can’t be simply reduced.
The support to enhance the increase in non‑renewable
energy in Indonesia can be improved by focusing on the
infrastructure and facilities for energy access. The need
for funding for the natural resource infrastructure is pro‑
gressing [10]. Overview of the use of GDP per capita for
energy facilities in Sumatra is presented in Table 1.

Table1 illustrates a diverse allocationof GDP funds
for energy infrastructure among Sumatra’s provinces
from 2018 to 2020. There is a considerable focus on nat‑
ural resource infrastructure, indicating a prioritization
of resource extraction or energy generation initiatives.
This trend, along with variable funding annually, indi‑
cates a dynamic strategy for infrastructure development.
While certainprovinces, such asAceh,witnesseda reduc‑
tion in ϐinancing, others, like Riau Islands, demonstrated
steady development. The diverse allocations may affect
regional economic development, resource management,
and infrastructural connectivity, hence inϐluencing the
entire economic landscape of Sumatra.

Additionally, supply uncertainty is a signiϐicant is‑
sue, with factors such as fuel shortages, distribution
problems, and economic factors leading to periodic en‑
ergy supply disruptions. These disruptions impact key
sectors like industry, transportation, and public services,
negatively affecting economic growth and societal well‑
being [11].

The domestic production of energy in Indonesia is
insufϐicient to meet the national demand, necessitating
increased imports. This insufϐiciency is due to the rapid

economic growth and urbanization, which have signiϐi‑
cantly increased energy demand [12]. Therefore, the In‑
donesian government must take advantage of the great
potential of renewable energy. The estimated produc‑
tion and ratio of new and renewable energy (EBT) can
be seen in Figure 2 below. Figure 2 depicts the antici‑
pated expansion of renewable energy sources in Indone‑
sia from 2013 to 2050. It underscores the growing role
of diverse renewable energy sources in the overall en‑
ergy composition, particularly emphasizing geothermal
and solar power. The anticipated increase in renewable
energy usage is predicted to coincide with a decrease
in dependence on fossil fuels. This transition to renew‑
able energy sources corresponds with international ini‑
tiatives to alleviate climate change and foster sustain‑
able development. Nevertheless, obstacles such as ini‑
tial capital expenditures and grid integrationmust be re‑
solved to facilitate a seamless transition to a low‑carbon
energy future.

Figure 2. The estimated production and ratio of new and re‑
newable energy (EBT).
Source: Researchgate.net.

The energy problem in Indonesia is complex and
demands a comprehensive solution. One of the main
problems is the high dependence on fossil energy, such
as coal, petroleum, and natural gas. This dependence
not only impacts the environment and public health,
but also leaves the energy sector vulnerable to ϐluctua‑
tions in global energy prices. In addition, infrastructure
for renewable energy sources such as solar, wind, and
geothermal power also needs to be further developed to
optimize its potential. Apart from that, there are still ob‑
stacles in the use of energy that is not yet optimal [13].

Dependence on fossil energy causes environmental
problems, namely CO2 emissions. Studies are needed to
identify opportunities that can be utilized in efforts to
reduce carbon dioxide emissions. In addition, it is also
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Table 1. Conditions for the use of GDP for energy infrastructure in Sumatra (in million Rupiah).

Province in Sumatra Funding for Infrastructure

    Natural Resource Infrastructure Street
  Year 2018 2019 2020 2018 2019 2020

Aceh   0 602,370 599,200 1,184,210 411,369 525,000
North Sumatra   1,157,680 484,056 118,450 511,405 2,165,790 0
West Sumatra   520,704 699,750 57,500 965,000 1,182,000 1,199,000
Riau   83,000 1,396,660 6,250 342,515 480,500 314,600
Jambi   0 435,483 1,200 8,000 500,000 340,000
Bengkulu   81,234 443,272 84,397 453,341 100,000 0
South Sumatra   450,195 23,000 227,475 477,344 218,000 168,000
Lampung   200,000 1,124,052 31,000 598,903 275,923 199,223
Bangka Belitung Island   7,500 141,600 246,000 1,019,927 1,010,958 3,468,855
Riau Islands   841,306 344,030 295,298 69,676 46,423 522,241

Source: Public Affair Ministry Data, 2021.

important to investigate the possibility that the detected
carbon dioxide emissions are impacts originating from
other areas. Thus, this research is an important step in
maintaining Indonesia’s energy security and facing the
global challenge of climate change. Therefore, this re‑
search focuses on researching the potential components
of emission reduction in Indonesia.

2. Literatur Review
Research [14] using quantile panel regression tools

resulted in FDI having a positive but insigniϐicant effect
on carbon dioxide emissions, energy consumption hav‑
ing a signiϐicant positive effect, but economic growthhav‑
ing a signiϐicant negative effect on carbon dioxide emis‑
sions. Then research [15] using an innovative causal anal‑
ysis (IAA) accounting approach stated that energy con‑
sumption, ϐinancial development, and economic growth
were the main contributors to CO2 emissions. Re‑
search [16] obtained results that the causality of the panel
was unidirectional in the short and long term between
variables, where the four variables showed the impor‑
tance of the balance adjustment process. Research
from [7] stated that ϐindings underscore the need for a
comprehensive approach to climate action planning that
incorporates both adaptation and mitigation measures.

In terms of carbon, the spatial model, which is a
combination of MGWPR and HR, has the advantages of
both [17]. In contrast, the spatial variable coefϐicient auto‑

regression (SAR) and variable error coefϐicient (SEM)
models are some of the panel models of spatial variable
coefϐicients that can be adapted to various types of stud‑
ies. In contrast, these models simultaneously consider
spatial correlation and heterogeneity. This shows an im‑
provement over traditional regression models and spa‑
tial econometrics, in linewith the topic of this study. Sec‑
tion 5 ϐinds that theMGR‑HRmodel is used by the bench‑
mark model and the mediation effect model.

The level of energy consumption increases in direct
proportion to the GDP growth rate and other economic
indicators. Conversely, the great degree of energy use,
tends to affect both the deterioration of environmental
quality and air quality. These results suggest that, by
limiting and optimizing the level of non‑renewable en‑
ergy usage, energy laws should be based on social fair‑
ness and environmental sustainability [18].

3. Research Methodology
The nature of this research is quantitative descrip‑

tive, conducted by collecting, analyzing, and interpret‑
ing secondary data in panel form from 2017–2023. Data
were obtained from 10 provinces in Sumatra Island and
6 provinces in Java Island through the ofϐicial website
https://www.bps.go.id/id. The model options used are
the Spatial Error Model (SEM) or Spatial Autoregressive
Moving Average (SARMA) [19].
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3.1. Spatial Error Model (SEM)

The ϐirst model where spatial dependency appears
through errors, not systematic components. SEM as‑
sumes that errors at one location are correlated with
errors at other locations, where the locations are adja‑
cent. The spatial error regression model is generally ex‑
plained as follows [20].

yi = βiXi + λWijui + ε (1)
Where:
yi: response variable at location i
βi: parameter of regression coefϐicient
Xi: predictor variable at location i
Wij: element of the spatial weighting matrix W on

row i column to j
ε: Error at location i
uj: Error in location j
λ: parameter koeϐisien spatial error
If the SEMModel is selected, then the speciϐications

used in this study are as follows:
yi = ρWijyi + β1AGGit + β2PDRBIit + β3 PDRBPPit + β4

PDRBPit + β5 PDRSPit + λWijui + εi (2)
Where:
yi: CO2 Emissions
ρ: Parameter cophysin spatial lag
Wij: Element of spatial weighting matrix W on row

i column to j
β 0.2..5: Regression coefϐicient parameter
AGG: Agglomeration of Manufacturing/Processing

Industry
PDRBI: GRDP for theManufacturing/Processing In‑

dustry Sector
PDBRPP: GRDP for the Mining and Call Sector
PDBRP: GRDP for Agriculture, Fisheries and Planta‑

tion Sector
GRDP: GDP of Large Trade and Retail Sector; Car

and Motorcycle Reperation.
ε: error term
The hypotheses used in the spatial error regression

signiϐicant test are as follows:
H0: λ = 0 (Insigniϐicant parameter)
Ha: λ ≠ 0 (Signiϐicant parameter)
Decision making with the following criteria:

1. H0 is rejected which means Ha is accepted, if Z
counts> Z table or p‑value < α = 5 percent, that the

regression coefϐicient is signiϐicant so that it is fea‑
sible to use in the model.

2. H0 is accepted which means Ha is rejected, if Z
counts< Z table or p‑value > α = 5 percent, that the
regression coefϐicient is not signiϐicant, so it is not
suitable for use in the model.

3.2. Spatial AutoregressiveMovingAverage
(SARMA)

The general model of spatial regression or also
commonly called Spatial Autoregressive Moving Average
(SARMA) [20] as follows:

y = ρWy + Xβ + u (3)
u = λWu + ε (4)

Where:
y: vector variable dependent by sizes
X : matrix of independent variables
β: vector regression parameter coefϐicient with

size (K+0) x 0
ρ: parameter of the spatial coefϐicient of lag of the

dependent variable
λ: parameter of the spatial coefϐicient of lag on er‑

ror
in, ε: vector error
W: weighting matrix
If the SARMA Model is selected, then the speciϐica‑

tions used in this study are as follows:
yi = ρWijyi + β1AGGit + β2PDRBIit + β3 PDRBPPit + β4

PDRBPit + β5 PDRSPit + u = λWu + εi (5)
where:
yi: CO2 emission
ρ: Parameter cophysin spatial lag
Wij: Element of spatial weighting matrix W on row

i column to j
β 0.2..5: Regression coefϐicient parameter
AGG:: Agglomeration ofManufacturing/Processing

Industry
PDRBI: : GRDP for the Manufacturing/Processing

Industry Sector
PDBRPP:: GRDP for the Mining and Call Sector
PDBRP: GRDP for Agriculture, Fisheries and Planta‑

tion Sector
GRDP: GDP of Large Trade and Retail Sector; Car

and Motorcycle Repair
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ρ: Parameter of the spatial coefϐicient of lag of the
dependent variable

λ: Parameter of the spatial coefϐicient of lag in error
u, ε: Vector error
W:Weighting matrix

4. Results
The research discusses Indonesia’s energy infras‑

tructure, which is heavily reliant on fossil fuels, with
the largest energy consumption coming from electricity.
The country faces challenges such as oil shortages and
an addiction to fossil fuels. The purpose of this study
is to determine the consequences of economic growth,
fossil fuel consumption, renewable energy, technologi‑
cal innovation, agricultural productivity, and forest area
on CO2 emissions in Indonesia. It also aims to provide
policy recommendations to limit emissions andpromote
environmental sustainability. The research will be pre‑
sented at an international seminar and published in a
Scopus‑indexed journal, with the hope of offering new
insights and policy recommendations for energy and en‑
vironmental policymakers in Indonesia. Some of the re‑
sults are listed below.

4.1. Spatial Analysis of Moran’s I CO2 Emis‑
sion Result

The beneϐit of the local Moran’s I Index is to deter‑
mine the heterogeneity of local spatial elements, which
explains the relationship between attribute values of a
region and surrounding regions (Table 2 mostly dis‑
cusses The Moran I value from 2017 to 2023. The re‑
sults of Moran’s I for the variable CO2 emissions in the
entire research period from 2017–2023 can be seen in
Table 2. The Moran’s I statistic, a spatial autocorrela‑
tion metric, is shown in Table 2 for CO2 emissions in 10
Sumatra Island provinces between 2017 and 2023. Spa‑
tial clustering, in which comparable emission levels are
typically grouped spatially together, is indicated by posi‑
tiveMoran’s I values. The table indicates spatial autocor‑
relation, with the majority of years displaying positive
Moran’s I values. This suggests that underlying spatial
dynamics rather than chance determine Sumatra’s CO2
emission distribution. These geographical patterns’ rel‑

evance is further supported by the Z‑score values, which
show that the observed grouping is unlikely to be the
result of chance. Visualizing the data on a map and in‑
vestigatingpossible causes of the spatial autocorrelation,
such as topography, economic activity, or policy inter‑
ventions, would be helpful in order to better compre‑
hend these spatial patterns.

TheMoran I value from 2017 to 2023 shows a posi‑
tive autocorrelation with the clustering pattern in CO2
emissions. The Z test is conducted to assess the exis‑
tence of signiϐicant spatial relationships; if Z exceeds
Zα/2 or is less than –Zα/2, it means that there is a signif‑
icant relationship in the region at the α level. The critical
value of α is 5%, namely Z0.95 = 1.654. Overall, the value
of Z(I) > Z0.95 > 1.654 means that there is a statistically
signiϐicant spatial relationship in CO2 emissions. Figure
3 which describes Moran’s scatter diagram in the per‑
centage of poor population data for 2017–2023 shows
a distribution pattern into four categories: areas with
high, low‑high, low‑low, and high‑lowvalues. Spatial pat‑
tern analysis was conducted to detect local clustering of
CO2 emissions in ten provinces on Sumatra Island by ob‑
serving the distribution patterns of thematic maps pro‑
cessed using the Geoda Moran scatter plot:

Figure 3. Moran scatter diagram.
Source: processed, Open Geoda, 2024.

Table 3 shows the Moran’s Scatterplot visualizes
the spatial autocorrelation of CO₂ emissions among 10
provinces on Sumatra Island, demonstrating the geo‑
graphical relationship of each province’s CO₂ levels with
those of adjacent provinces. The scatterplot is seg‑
mented into four quadrants, each representing a unique
spatial pattern.

386



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

Table 2. Moran’s I CO2 emissions in 10 provinces on Sumatra Island in 2017–2023.

Year Moran’s I E(I) Z(I) Z0.95

2017 0.5811 –0.1111 1.8211 1.654
2018 0.3451 –0.1111 1.6327 1.654
2019 0.2908 –0.1111 1.7718 1.654
2020 0.1384 –0.1111 1.7865 1.654
2021 0.1376 –0.1111 1.8900 1.654
2022 0.3883 –0.1111 1.6775 1.654
2023 0.4123 –0.1111 1.6623 1.654

Source: processed, Open Geoda, 2020.

Table 3. Moran’s Scatterplot depicting patterns of CO2 in 10 provinces in Sumatra Island.

Moran’s I Quadrant Percentage of CO2 Emission

I , HH (High‑High) II, LH (Low‑High) III, LL (Low‑Low) IV, HL (High‑Low)

West Sumatra Aceh Riau Islands Bangka Belitung Islands
North Sumatra Bengkulu Jambi

Lampung Riau
South Sumatra

1. Quadrant I (High‑High): West Sumatra, North
Sumatra, Lampung, and South Sumatra are
provinces in this quadrant. The four provinces
are known as areas with high CO2 emissions and
are surrounded by zones with high observation
values or called the Hot Spot quadrant.

2. Quadrant II (Low‑High): Aceh and Bengkulu fall
into this quadrant, where both have low levels
of carbon dioxide (CO2) emissions, but are sur‑
rounded by areaswith high observed values. Both
provinces fall into the Spatial Outlier quadrant,
which describes areas with low CO2 emissions
surrounded by areas with high CO2 emissions.

3. Quadrant III (Low‑Low) includes the Riau Islands,
which has low CO2 emissions and is surrounded
by low‑observation areas. In this quadrant there
is one Cold Spot area, which is an area with low
emissions surrounded by neighbors with similar
emission values.

4. Quadrant IV (High‑Low) includes Bangka Beli‑
tung, Jambi, and Riau, characterized by high CO2
emissions surrounded by areas with low obser‑
vation values. This quadrant shows three areas
that are classiϐied as Spatial Overseas, where high‑
emission areas are surrounded by neighboring ar‑
eas with low emissions.

Figure 4 is the description of the Moran’s Scatter‑

plot in the year of study on the variable CO2 in 2017–
2023. It has the same pattern and throughout the year
of study, as well as it has a pattern that clusters and sig‑
niϐies that each region has the same characteristics. The
LISA Cluster map can be seen as follows:

Figure 4. LISA Cluster map of CO2 emissions in 10 provinces
in Pualau, Sumatra.
Source: Open Geoda, 2024.

LISA Cluster map depicts a grouping of CO2 emis‑
sions with an indication of a signiϐicant High‑high area
covering 1 region, namely North Sumatra. The LISA sig‑
niϔicance map at 0.001 signiϐicance has 1 North Sumatra
region. Unequal percentages of CO2 emissions across
provinces can affect the clustering or distribution of re‑
lationships between regions, which plays a role in how
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these regions inϐluence each other. In North Sumatra,
carbon dioxide (CO2) emissions show a clustering pat‑
tern and affect the surrounding areas. This phenomenon
illustrates the existence of a spatial effect, where there is
a two‑way interaction: North Sumatra suffers from the
consequences of carbon dioxide emissions from neigh‑
boring areas, while also inϐluencing the level of emis‑
sions in the surrounding areas. This reϐlects the ex‑
istence of a reciprocal relationship in the context of
the spatial effects of carbon dioxide emissions between
North Sumatra and the surrounding areas.

4.2. Selection of the Best Lagrange Multi‑
plier (LM)Modeling in Spatial Analysis

Lagrange Multiplier (LM)
Spatialmodels are selected using the LagrangeMul‑

tiplier (LM) for initial identiϐication, which detects spa‑
tial effects via lag, error, or both. Spatial linkage tests
were conducted using queen contiguity weighting. Ta‑
ble 4 shows the results of the LM test. It is summarized
in the table are as follows:

Table 4. Lagrange Multiplier (LM) Results.

Spatial Dependency Test Value P‑Value

Moran’s I (error) 3.9911 0.02165
Lagrange Multiplier (lag) 3.7542 0.00526
Lagrange Multiplier (error) 2.5854 0.10785
Lagrange Multiplier (SARMA) 5.9271 0.05163

Source: Geoda estimation results spatial regression data processed, 2024.

The LM test revealed spatial dependence in the
model, with a value of 3.7542 and LM Robust P‑value of
0.00526 < α = 0.05. This result indicates the need for a
Spatial Autoregressive Model (SAR) or Spatial Lag Model
(SLM). Then further testing was carried out comparing
the classical regression and spatial regression models;
the following are the results of the model comparison:

Table 5 presents a comparison that offers insights
into the model’s suitability, precision, and dependabil‑
ity in representing spatial phenomena. Table 5 indi‑
cates the AIC value for the SAR model is –47.9824, with
a Log Likelihood value of 30.9912 and an R² of 0.982725.
These ϐigures indicate that the SAR spatialmodel is supe‑
rior to other spatial models.

Table5. Comparison of classical regressionmodels and spatial
regression models.

Coefϐicient OLS SAR SEM

R2 0.974145 0.982725 0.991040
AIC –45.9569 –47.9824 –53.3188
Log Likelihood 28.9784 30.9912 32.659421

Source: Geoda estimation results spatial regression data processed, 2024.

The use of the SAR modal to analyze spatial bind‑
ing. Table6 is employed to examine geographical data in
which the dependent variable is affected not only by its
own predictors but also by the values of the dependent
variable in adjacent or proximate places. The following
are the estimation results of the Autoregressive Spatial
Model.

The estimated calculation yields an R² of 0.9827,
indicating that the model explains 98% of the variance
in the dependent variable, with the remaining 2% in‑
ϐluenced by external factors. The SAR Spatial Modeling
shows a signiϐicant spatial lag coefϐicient (ρ), highlight‑
ing inter‑regional dependency. The ρ value obtained is
0.0480, and the probability signiϐicance value is 0.0249
< α = 0.05, which means that the 10 provinces on Suma‑
tra Island have the same characteristics, namely 0.0480.
Below is a mathematical model of the Spatial Lag model:

ŷi = −0.6159
∑n

i=1,i ̸=j 0.0480wijyi + 0.8683AGGi

+0.2077PDRBIi
+ 0.5944PDRBPP i

+

0.9414PDRBPPP i
 −0.8983PDRBSP i

(6)
1. Industrial Agglomeration: The coefϐicient of large

and medium industrial agglomeration, which is
0.8683, shows a positive and signiϐicant effect on
carbon dioxide emissions. Every 1 percent in‑
crease in this variable will result in an increase in
carbon dioxide emissions of 0.8683 Ton CO2e. In
the context of provinces in Sumatra Island, if the
value of large and medium industrial agglomera‑
tion increases by 1 percent, assuming the spatial
weighting matrix (w) and residual (ґ) remain con‑
stant, there will be an increase in carbon dioxide
emissions of 0.8683 Ton CO2e.

2. GDP of the Manufacturing Industry: TheManufac‑
turing Industry GDP coefϐicient is 0.2077. The in‑
terpretation of this ϐigure is that every one mil‑
lion rupiah increase in Manufacturing Industry
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Table 6. Results of Spatial Autoregressive Model (SAR) regression estimation.

Variable Coefϐicient Std. Error Z‑Value P‑Value

ρ 0.0480 0.02144 2.2417 0.0249
C –0.6159 0.08618 –7.1462 0.0000
AGG 0.8683 0.09331 9.3051 0.0000
PDRBI 0.2077 0.06415 3.2384 0.0012
GRDPP 0.5944 0.08530 6.9689 0.0000
GRDPPPP 0.9414 0.1147 8.2020 0.0000
GRDP –0.8983 0.1212 –7.4089 0.0000
R2 = 0.982725
Log likelihood: = 30.9912
Akaike Info Criterion = –47.9824
Signiϐicance α = 0.05%

Source: Geoda estimation results Spatial regression data processed, 2024.

GDP will result in an increase in carbon dioxide
emissions of 0.2077 Tons of CO2e. This indicates
a direct relationship between the growth of the
manufacturing sector and the increase in carbon
footprint. In the context of provinces in Suma‑
tra Island, if the Manufacturing Industry GDP in a
province increases by 1 million rupiah, assuming
the spatial weighting matrix (w) and residual (ґ)
remain constant, there will be an increase in car‑
bon dioxide emissions of 0.2077 Ton CO2e.

3. Mining and Quarrying GDP: The coefϐicient of
GRDP Mining and Quarrying is 0.5944 and has a
positive and signiϐicant effect on carbon dioxide
emissions. Every 1 million rupiah increase in this
variable will result in an increase in carbon diox‑
ide emissions of 0.5944 Ton CO2e. In the context
of provinces in Sumatra Island, if the GRDP ofMin‑
ing andQuarrying in a province increases by 1mil‑
lion rupiah, assuming the spatialweightingmatrix
(w) and residual (ґ) remain constant, then there
will be an increase in carbon dioxide emissions of
0.5944 Ton CO2e.

4. GDP of Agriculture, Fisheries, and Plantations:
The GDP coefϐicient of Agriculture, Fisheries and
Plantations has a value of 0.9414 and shows a
positive and signiϐicant effect on carbon dioxide
emissions. An increase of 1 million rupiah in this
variable will cause an increase in carbon dioxide
emissions of 0.9414 Ton CO2e. In the context of
provinces in Sumatra Island, if the GDP of Agri‑
culture, Fisheries and Plantations in a province in‑

creases by 1 million rupiah, assuming the spatial
weighting matrix (w) and residual (ґ) remain con‑
stant, there will be an increase in carbon dioxide
emissions of 0.9414 Ton CO2e.

5. GDP of Large Trade and Retail: The GDP coefϐi‑
cient for Wholesale and Retail Trade of –0.8983
shows a negative and signiϐicant effect. If there
is an increase in the variable by 1 million rupiah,
CO2 emissionswill decrease by –0.8983TonCO2e.
This applies if the value of Wholesale and Retail
GDP in a province on Sumatra Island increases
by 1 million rupiah, assuming the spatial weight‑
ing matrix (w) and residual (ґ) remain constant,
then CO2 emissions will decrease by –0.8983 Ton
CO2e.

5. Discussion
Spatial autocorrelation with Moran’s index makes

it possible to trace the spatial relationship [21] between
carbon emissions in Sumatra and neighboring regions.
Thus, identifying howcarbon emission patterns in Suma‑
tra can affect the surrounding environment geographi‑
cally, including more distant areas, both in terms of air
pollution, climate change, and other impacts. The re‑
sults show that there is a positive spatial autocorrelation
of the variable Moran’s I that has been calculated, this
shows that the spatial dependence of carbon emission
activities can have an impact on spillovers of effects on
neighboring areas on the island of Sumatra. Moran’s dis‑
tribution of carbon emissions is mostly concentrated in
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quadrants and mostly cities of productive regions, and
the number of low‑carbon emission areas is increasing
and continues to be agglomerated.

North and South Sumatra serve as the main axes in
economic activity that contribute to carbon emissions in
the Sumatra region. Both have signiϐicant roles in indus‑
try, transportation, and natural resources, which are the
maindrivers of carbonemissionson the island. Thus, the
increase in carbon emissions in North and South Suma‑
tra has amajor impact not only on the local environment
but alsowidely affects other surrounding regions aswell
as on a wider scale globally; this is also due to various
sectoral economic activities [22]. A signiϐicant increase in
TFP promotes high‑quality economic growth.

Regional heterogeneity is crucial in achieving
carbon‑neutral growth, as it signiϐicantly impacts high‑
quality economic development. Policymakers should
consider geographical relationships to avoid negative

spillover effects and tailor policies that promote eco‑
nomic development while addressing regional differ‑
ences [23].

Carbon emissions show spatial correlation. The en‑
vironment directly and positively impacts carbon emis‑
sions. Environmental regulations indirectly affect car‑
bon emissions by inϐluencing economic spillover struc‑
tures. Figure 5 elucidates the importance of compar‑
ing interpolation methods in the analysis of CO₂ emis‑
sions across 10 provinces on Sumatra Island, since this
is essential for enhancing the spatial representation and
accuracy of emission data. This comparison is espe‑
cially pertinent for policymakers, academics, and stake‑
holders in economics and energy to facilitate effective
decision‑making and policy development. The following
is an analysis of the distribution and interpolation of car‑
bon distribution in 10 provinces on the island of Suma‑
tra:

Figure 5. Comparison of interpolation and CO2 emissions in 10 provinces in Pulau, Sumatra.
Source: Open ArcGIS, 2024.

The ϐigure above shows that South Sumatra, Riau,
Jambi andBangkaBelitunghave thehighest carbon emis‑
sions and North Sumatra has a signiϐicant distribution
pattern by spatial autocorrelation per metric ton, while
Bengkulu, West Sumatra, Aceh, Lampung, and Riau Is‑
lands have low carbon emissions per metric ton. The
highest carbon emissions (South Sumatra, Riau, Jambi
and Bangka Belitung) suggest that the region may have
large industrial activity, dense transportation, and may

also rely on fossil energy resources. This can be due
to the presence of large industrial sectors, such as min‑
ing or manufacturing, or high population mobility. On
the other hand, low‑carbon emission areas of Bengkulu,
West Sumatra, Aceh, Lampung and Riau Islands may
have smaller economic structures and fewer resources
used, resulting in relatively low carbon emissions. It is
important to note that carbon emissions are not limited
to the region in which they are generated. This means
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that even though one region may have low carbon emis‑
sions, the impact of high carbon emissions in other re‑
gions can still be felt. It emphasizes the importance of
cooperation between regions in reducing carbon emis‑
sions and tackling climate change globally.

In the overall spatial regression analysis, the anal‑
ysis shows that economic growth and activity on the
island of Sumatra have a signiϐicant inϐluence on car‑
bon emissions. Factors such as industrial agglomeration,
GDP growth of manufacturing, mining, agriculture, ϐish‑
ing, plantations, and wholesale and retail trade all con‑
tribute to the increase in carbon emissions. This demon‑
strates the importance of sustainable economic manage‑
ment and carbon emission mitigation policies to limit
negative consequences for the environment and human
health [24]. CO2, dust, and NOx emissions are the main
factors inϐluencing economic growth and urbanization.
This is a key issue in studying spatial relationships in the
future, where the economic activity of a region greatly in‑
ϐluences its impact on the surrounding environment.

The increase in industrial agglomeration sectoral in
10 provinces on the island of Sumatra has a spatially sig‑
niϐicant impact on the spread and formation of CO2 emis‑
sions [25]. Industry‑speciϐic agglomerations in special ar‑
eas have a positive impact on carbon emissions; there
is regional heterogeneity in the impact of industrial ag‑
glomeration on carbon emissions. There must be a role
for the government of each regional administration and
interregional communication in formulating governance
policies for different environments regionally to drive fu‑
ture reductions in carbon emissions [26]. The clustering
or concentration of manufacturing industries in a partic‑
ular area has a signiϐicant impact on the level of carbon
emissions in that area. Moreover, the effects of this in‑
dustrial concentration are not only limited to the local
location but also spread and affect the level of carbon
emissions in the surrounding areas. This phenomenon
shows that the environmental impact of the agglomera‑
tion of manufacturing industries has a wider reach than
its original location. Agglomeration of diversiϐied manu‑
facturing industries exerts an inϐluence on local carbon
emissions. Industrial agglomeration impacts the econ‑
omy of the region in groups, leading to a full concentra‑
tion of carbon problems.

The GRDP of theManufacturing Industry, the GRDP
of Mining and Quarrying, and the GRDP of Agriculture,
Fisheries, and Plantations spatially and signiϐicantly af‑
fect the distribution of carbon emissions between re‑
gions on the island of Sumatra. The balance of car‑
bon emissions based on regions that depend on natu‑
ral resources in the national emission volume has in‑
creased slightly, and emissions from cities are expected
to peak [27]. A fairly consistent spatial pattern charac‑
terizes carbon emissions in resource‑dependent cities,
indicating signiϐicant spatial autocorrelation. Natural
resources serve to increase carbon emissions in these
cities if the level of economic development and the pro‑
portion of industry depend on them, with variations in
the strength of these factors spatially. Huang, N. et al. [28]
stated the changes in the agricultural sector, industrial
development, and population migration to cities have
had signiϐicant impacts. Modernization in agriculture,
especially the excessive use of chemical fertilizers, has
resulted in a decline in soil quality and environmental
pollution, which ultimately disrupts the carbon balance
at the regional level. The effects of increasing carbon
emissions are very visible in several areas of the Com‑
prehensive Economic Zone, especially in its center. This
is due to the dominance of the manufacturing industry
and other economic sectors in the region that produce
high levels of carbon emissions [29].

6. Conclusions
CO2 emissions among 10 provinces on Sumatra ex‑

hibit a positive Moran’s I, indicating a spatial relation‑
ship characterized by positive autocorrelation. This sug‑
gests that CO2 emissions in these provinces show a clus‑
teredpattern from2017 to 2023. The analysis concludes
that the transition to low‑emission energy sources ben‑
eϐits environmental sustainability and promotes long‑
term economic prosperity. The results indicate a signiϐi‑
cant relationship between the adoption of renewable en‑
ergy and a decrease in carbon emissions, aiding sustain‑
able economic development. For a thorough comprehen‑
sion of these effects, additional validation through cross‑
referencingwith contemporary studies on low‑emission
development is advisable. Incorporating ϐindings from
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empirical studies on analogous economic environments
and technical inϐluences would improve the precision
of these conclusions and enrich the examination of re‑
newable technology’s contribution to energy transition
strategies and economic results. Referencing recent case
studies and meta‑analyses in peer‑reviewed literature
would offer a more comprehensive and nuanced per‑
spective, reϐlecting the latest developments and socio‑
economic impacts. This improved methodology would
augment the reliability of the ϐindings and raise the pa‑
per’s signiϐicance as a dependable resource for stake‑
holders in energy economics and sustainable develop‑
ment.

7. Suggestions
Provincial administrations, especially on Sumatra,

must implement proactive carbon emission reduction
strategies that comply with national and international
climate obligations. These measures must encompass
the establishment of quantiϐiable and time‑sensitive
emission reduction objectives, the shift to renewable
energy sources, the enhancement of energy efϐiciency,
and the incorporation of low‑carbon policies into re‑
gional development plans. To foster sustainable eco‑
nomic growth, policy must incentivize ecologically sus‑
tainable sectors, like renewable energy, organic agricul‑
ture, and green industries, with investments in support‑
ing infrastructure to augment their contribution to re‑
gional GDP. As well as proactive strategies, the govern‑
ment may evaluate and monitor the implemented poli‑
cies periodically. An efϐicient monitoring system also
needs to be developed to track the development of car‑
bon emissions and the impact of policies taken.
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