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Abstract: Rooftop solar (PLTS Atap) is reshaping Indonesia’s electricity market, challenging
PLN’s dominance as more consumers generate their own energy. Falling solar panel prices and
increasing interest in clean energy are facilitating adoption, while digitalization enhances
efficiency and transparency. However, regulations set by the Ministry of Energy and Mineral
Resources (ESDM) raise concerns, potentially limiting rooftop solar’s full growth potential. This
study focuses on the Java-Madura-Bali (Jamali) region, home to 90% of Indonesia’s rooftop
solar capacity. Using scenario-based modelling, it examines how different levels of Variable
Renewable Energy (VRE) penetration could influence solar adoption. The ARIMA model
forecasts capacity growth, while Monte Carlo simulations assess uncertainty, factoring in
regulations and grid stability. The results indicate that current regulations introduce uncertainty
regarding the achievement of the VRE target. In contrast, regulatory flexibility could lead to
greater expansion, showing how policy decisions impact renewable energy adoption. These
findings highlight the need to reassess regulations and adopt a more flexible framework that
supports grid stability and growing rooftop solar demand.
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1. Introduction

The rapid growth of renewable energy technologies is transforming Indonesia’s electricity
market. Among these, rooftop solar (PLTS Atap) are reshaping the traditional business model
dominated by the state-owned utility, The National Utility Company (PLN). The declining cost
of solar panels and increasing awareness of clean energy have driven rooftop solar adoption,
fostering a "prosumer" culture where consumers also generate electricity. This shift challenges
the single-buyer market structure, impacting market share, revenue streams, and sector stability
]. However, while the momentum is building, Indonesia still faces regulatory and structural
barriers that limit the full potential of rooftop PV deployment—barriers that neighbouring
countries have worked to overcome.

While Indonesia is just beginning to navigate this shift, other countries in the region, such as
Malaysia, offer valuable lessons. Rooftop solar has emerged as a key decarbonization tool in
many countries, including Malaysia. Malaysia has implemented rooftop solar initiatives through
national quota allocations—such as the 500 MW under the Net Energy Metering (NEM) 3.0
scheme—and streamlined interconnection procedures. These measures have significantly
accelerated rooftop solar adoption and reinforced the country’s commitment to a low-carbon
energy future [30}. On the other hand, The Indonesian Ministry of Energy and Mineral Resources
(ESDM) has established a quota for the development of rooftop solar systems for the period 2024
to 2028. This initiative aims to promote the adoption of renewable energy and reduce reliance
on fossil fuels. The total allocated quota over these five years is 5,045 megawatts (MW), The
implementation of this quota system is outlined in the Decree of the Director General of
Electricity Number 279.K/TL.03/DJL.2/2024, which provides detailed allocations across eleven
power systems in Indonesia. For instance, the Java-Madura-Bali region receives the largest
portion, reflecting its high energy demand and potential for solar energy utilization. In this
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context, the role of PT PLN (Persero) as the sole electricity off-taker in Indonesia becomes
increasingly complex. As a vertically integrated utility operating under a single-buyer
framework, PLN must navigate the challenge of maintaining grid stability, securing financial
viability, and simultaneously supporting the national agenda for renewable energy expansion.
While the quota system aims to ensure controlled integration of rooftop PV into the grid, it also
imposes limitations on the capacity that can be installed each year. This constraint may
unintentionally deter the participation of residential prosumers and private investors, who face
uncertainty regarding project approvals and connection timelines. Such limitations could
potentially slow down-market growth and reduce the attractiveness of rooftop solar investments
in the absence of complementary regulatory incentives.

China, the United States, Japan, India, and Germany have each adopted distinct policy
measures to support solar energy development. These include feed-in tariffs (FITs), investment
tax credits, net metering, competitive auctions, and direct subsidies. China and India have
focused on large-scale capacity targets backed by subsidies and auctions. The U.S. promotes
solar through federal and state incentives, including tax credits and net metering. Japan has
utilized FITs and introduced floating PV to address land constraints. Germany transitioned from
FITs to auctions under its Renewable Energy Act. Overall, these policies have enabled
significant growth in solar PV capacity and provide useful models for other nations pursuing
energy transitions [33].

According to Indonesia’s Ministry of Energy and Mineral Resources (ESDM), from 2018 to
January 2024, rooftop solar has grown at a compound annual growth rate (CAGR) of 69.38%,
with installed capacity increasing by 134.26% [2]. This substantial growth reflects a shift in
energy consumption patterns and further reinforces the role of rooftop solar as a market disruptor.
On the other hand, Bloomberg data shows a decline in solar panel prices from 2017 to 2023,
while during the same period there has been an increase in installed rooftop solar capacity (shown
in Fig.1) [\%]. These figures suggest that Indonesia has only begun to tap into this vast
potential. the continued decline in panel costs, supportive regulatory frameworks, and
growing public awareness, rooftop solar is well-positioned to become a key pillar of Indonesia’s
clean energy future. Moreover, the study estimates that rooftop solar could contribute up to 19%
of Indonesia’s total electricity needs by 2050, underscoring the strategic importance of
expanding rooftop installations, particularly in urban and peri-urban areas [31}. The growing
adoption of rooftop solar is a global phenomenon. Rising electricity demand, price volatility, and
climate concerns have accelerated the shift toward solar photovoltaic systems. Rooftop solar
plays a key role in this transition, particularly in countries like China, the US, Germany, and
India, where policy support has driven large-scale adoption. These cases highlight the
importance of regulatory frameworks in enabling RSPV deployment. Building on these insights,
this study analyses Indonesia’s rooftop solar outlook using ARIMA forecasting and Monte Carlo
simulation to assess capacity growth under existing policy constraints [29].

Rooftop solar adoption has triggered structural shifts, particularly in densely populated
regions like Java-Madura-Bali (Jamali), where most installations are concentrated. This
transition presents both opportunities and challenges for industry stakeholders, as traditional
utilities face growing competition from decentralized energy sources. The rise of private and
international solar providers has further intensified market competition, altering electricity
supply and demand dynamics.

Beyond market competition, the operational challenges posed by rooftop solar disruption
introduce complexity into power system management. PLN must navigate a multi-objective
optimization process across different sectors while considering multiple constraints, such as grid
stability, financial sustainability, and regulatory compliance. The integration of distributed
generation requires strategic planning to maintain reliability, balance electricity supply and
demand, and ensure grid resilience amidst shifting consumption patterns [4].
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Figure 1. Rooftop Solar Power Plant Capacity and Price Trendline

In recent years, digital transformation has become a key driver in the development of
renewable energy in Indonesia. Ministerial Regulation of Energy and Mineral Re-sources No.
26/2021 represents a significant milestone in the nation’s energy policy by mandating that State-
Owned Enterprises (BUMN) holding the IUPTLU license develop a digital application to
manage rooftop solar in an integrated manner [5].-This application not only connects with
Supervisory Control and Data Acquisition (SCADA) systems or distribution smart grids but also
integrates with several systems managed by PLN, including Enterprise Asset Management
(EAM), Geo-graphic Information System (GIS), and Customer Management Software. Such
integration is expected to yield more accurate costing capacity calculations that reflect real
operational conditions in the field, while simultaneously enhancing transparency for all
stakeholders [ ].

Even though-solar panel prices are declining, and digitalization is advancing, regulatory
constraints—specifically the quota imposed by the Ministry of Energy and Mineral Resources
(ESDM)—present a notable challenge. While these economic and technological trends are
expected to drive broader solar energy adoption, the quota, established to ensure grid stability,
may ultimately restrict further E et penetration [7].-This paper critically examines the balance
between market-driven growth—and regulatory limitations, highlighting the need for policy
adjustments that can reconcile grid reliability with the accelerated deployment of solar energy
systems.

This study contributes to a broader understanding of how state-owned utilities can adapt to
disruptive energy transitions while maintaining financial sustainability and service reliability.
Based on the potential disruption, this study explores the capacity of rooftop solar in the Jamali
region under PLN’s transformation toward Net Zero Emission (NZE) 2060. The modelling aims
to project the potential fulfilment of various Variable Renewable Energy (VRE) penetration
scenarios—low, moderate, and high—by 2028, while also estimating how rooftop solar capacity
quotas contribute to regulations under the single-buyer mechanism. It provides insights into
PLN’s strategic responses, regulatory challenges, and the evolving competitive dynamics of
Indonesia’s electricity sector.

2. hods

Jamali was selected as the primary research area for investigating rooftop solar dynamics due
to its overwhelming representation of Indonesia's renewable energy landscape. The Java-
Madura-Bali (Jamali) System contributes approximately 90.07% of the nation’s total installed
rooftop solar capacity (shown in Fig.2) and accounts for 61% of the customer base in terms of
both number and installed capacity. This concentrated market provides an ideal setting for
analyzing adoption patterns, operational performance, and the impacts of policy interventions.
By focusing on Jamali, the research aims to uncover insights that not only reflect the region’s
unique energy dynamics but also inform broader strategies for scaling rooftop solar power
nationwide.
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Figure 2. Installed Solar Power Rooftop Capacity in 2023

This study forecasts the penetration of rooftop solar based on penetration scenarios for
Variable Renewable Energy (VRE), categorized as Low (4,000 MW), Moderate (6,000 MW),
and High (8,000 MW), with a maximum penetration target of 25% of the peak load. The High
scenario, derived from 25% of the peak load, corresponds to 7,950 MW [8},-which has been
proven to be conducted under power system optimization constraints, including a power
mismatch limit of <1%, a spinning reserve of >1,000 MW, and a fast reserve of >500 MW, to
ensure system reliability.

In developing the model for rooftop solar capacity in the Jamali region, several key
assumptions guide the analysis. First, the baseline is set at 118.67 MW of installed solar capacity
in 2023, encompassing both rooftop solar and utility scale owned by PLN and independent power
producer (IPP) projects. Second, the planned commercial operation dates (COD) of solar power
plants in Java-Madura-Bali from 2024 to 2028, as outlined in the Electric Power Supply Business
Plan Draft (RUPTL) 2024-2033, are treated as fixed variables. Third, the ARIMA forecasting
method is applied to project additional rooftop solar installations for the 2024-2028 period, as it
is particularly effective in forecasting time series data with trends and autocorrelations [9].
Finally, quota allocations issued by the Ministry of Energy and Mineral Resources (ESDM),
through the Directorate of Electricity, provide an essential regulatory reference for capacity
growth.

To estimate the total installed capacity of solar power plant in the Jamali region from 2025
to 2028, we begin by considering the existing capacity baseline, the planned additions outlined
in the RUPTL, and projections of rooftop solar installations. By combining these components,
we obtain a clear forecast of the expected total capacity in 2028, as shown in Equation 1.

Solar Capacity,g,s = Existing Solar Capacity + Y2228, ,(AUtility Solar Addition, +

ARooftop Solary) (1)

Where:

e [Existing Solar Capacity represents the installed capacity of all types solar power plant as
0f 2023 in Java-Madura-Bali grid, set at a baseline of 118.67 MW.

o AUtility Solar Addition, is the annual addition to utility scale solar power plant from PLN
and IPP, as outlined in the RUPTL for year.

e ARooftop Solar, refers to the annual increase in rooftop solar capacity for year. This
variable is calculated using a specific forecasting method (ARIMA) based on historical data
of annual rooftop solar additions since 2012.
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A forecasting approach was applied to annual capacity addition data to predict solar rooftop
penetration, and among the methods tested, the Auto Regressive Integrated Moving Average
(ARIMA) model proved most suitable for several reasons. First, the input data consists of annual
time series without a seasonal component, making ARIMA well-suited for capturing trends and
autocorrelations [10]. ARIMA models are particularly effective for modelling non-stationary
time series data by differencing to achieve stationarity, which is applicable in this context
(Kinney, 1978) [1-1}. Second, ARIMA can be calibrated through its three parameters—(p, d, q)—
to effectively capture data patterns and enhance statistical accuracy. Third, being grounded in
robust statistical theory, ARIMA can generate forecasts accompanied by confidence intervals or
specific percentiles, thus facilitating risk-based decision-making [12]. Moreover, model
evaluation showed that metrics such as Mean Absolute Percentage Error (MAPE), Theil’s U,
and Durbin-Watson fell within acceptable thresholds, further highlighting ARIMA’s reliability.
The mathematical equation of ARIMA (p, d, q) [13] is shown in Equation 2.

Ad}’t = f:l ¢iAdJ’t—i +e + Z?:l gjet—j (@)
Where:
e A%y, is the data that has been differenced d times
e ¢, is the autoregressive (AR) coefficient
e ¢, is the moving average (MA) coefficient
e 0, is the number of past values (lags) for AR

e pis the number of differencing operations for I
e q is the number of past errors for MA

The use of the ARIMA method requires determining of the main component orders, namely
Autoregressive (p), Integrated (d), and Moving Average (q), where typically begins with
ensuring that the original time series is stationary. This is accomplished through formal
stationarity tests, the Augmented Dickey-Fuller (ADF) test, which evaluates the presence of a
unit root. If the time series is found to be non-stationary, differencing is applied successively
until the series becomes stationary. In this case, the test results indicated the necessity of
performing three rounds of differencing, thus setting the differencing order at d=3. This choice
ensures that the series is rendered suitably stationary without incurring the drawbacks associated
with excessive differencing.

Following the determination of the differencing order, the next steps are selecting the moving
average order (q) using the autocorrelation function (ACF) and the autoregressive order (p) using
partial autocorrelation function (PACF). In this case, the moving average analysis points to a
single lag being necessary for capturing the short-term dependencies, leading to q=I.
Conversely, the data suggest that no autoregressive terms significantly improve the model fit,
resulting in p=0. Thus, the finalized ARIMA model for this case is ARIMA (0,3,1).

Forecast APLTSytqp,: has a Standard Error (SE) represented by a normal distribution
according to the ARIMA (0,3,1) formula shown in Equation 3.

SE () = \JoZ[1 + ¢7 + 67 3)
Where:
e 02 : Variance of the residual (white noise error)
e ¢?2: Variance contribution from the AR (1) term
e 0% : Variance contribution from the MA (1) term

The Root Mean Square Error (RMSE) is a standard method to measure the error of a model
in predicting data. It represents the average magnitude of prediction errors in a model, with lower
values indicating better fit. However, there is not a universally accepted RMSE value, as its
acceptability depends on the specific context and scale of the data. Mathematically, RMSE is
expressed in Equation 4.
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RMSE = [LS7,(y, — 9, @
Where:
e y;: observed values

e §;: predicted value
e n: total number of observations

Mean Absolute Percentage Error (MAPE) is a commonly used statistical measure to evaluate
the accuracy of a forecasting model. It indicates the average absolute error as a percentage of the
actual value, which is useful for assessing how far the forecast results deviate (in percentage
terms) from the actual values [12,14] (see Equation 5).

n

t — Ve

Ve

1
MAPE = o X 100%

Where:

e v, is the actual (observed) value at the t-th data point,

o ¥y, is the forecast (predicted) value at the t-th data point,
e nis the number of data points.

The MAPE percentage result can be grouped according to typical criteria interpreted [12,15] as
follows: L

e MAPE < 10%: Highly accurate

e MAPE 10%-20%: Good accuracy

o MAPE 20%—50%: Moderate accuracy

e MAPE > 50%: Inaccurate

Theil’s U is a statistical measure used to evaluate the accuracy of a forecasting model by
comparing its performance to a simple (naive) model, such as one that predicts future values
solely based on the previous value. Theil’s U has been widely applied in economic and financial
forecasting to assess model efficiency and predictive accuracy [16,17]. This statistic provides
insight into whether a more complex forecasting model is superior to a'simpler approach. The
formula for Theil’s U [13] is given in Equation 6.

,/12?:1(% — 902

=1 Ve? \/ Xi= 1}7t2

Theil's U =

Where:

e 1y, is the actual (observed) value at the t-th data point,

o ¥y, is the forecast (predicted) value at the t-th data point,
e nis the number of data points.

The interpretation of Theil’s U can be categorized as follows [18}:

e Theil’s U < 1: The forecasting model is better than the naive model.

e Theil’s U = 1: The forecasting model performs on par with the naive model.
e Theil’s U > 1: The forecasting model is worse than the naive model.

Durbin-Watson is a statistic used to detect residual autocorrelation in a regression model.
Autocorrelation refers to the relationship between residuals (errors) in successive observations.
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This statistic is crucial for assessing whether the residuals are independent in regression analysis.
The Durbin-Watson formulation [13} is shown in Equation 7 and Equation 8.

Dt=2(er — et—1)2

DW =
t=1€t”
et =Yt — Wt
Where:

e ¢, is the residual at time t (the difference between the actual value and the predicted value),
e v, is the actual (observed) value at the t-th data point,

o ¥y, is the forecast (predicted) value at the t-th data point,

e nis the number of data points.

The interpretation of the Durbin-Watson value can be categorized as follows:
e DW = 2: No autocorrelation.

DW < 2: Positive autocorrelation.

DW > 2: Negative autocorrelation.

DW = 0: Perfect positive autocorrelation.

DW = 4: Perfect negative autocorrelation.

To ensure that the ARIMA (0,3,1) method is the best method of the available options,
statistical testing is carried out on several forecast methods including ARIMA with different
orders (typical orders). Furthermore, the statistical results of the forecast accuracy are compared
with each other and with the benchmark values as explained above. The forecast methods tested
are:

e ARIMA (0,3,1)

ARIMA (1,2,1)

ARIMA (1,1,1)

Single Exponential Smoothing
Double Exponential Smoothing
Single Moving Average
Double Moving Average
Damped Trend Non-Seasonal

Setinput parameters
and risk factors

Data collection L

- -
( Start \
A /

Simulation
output

De‘termi.ne the number of Analyze probability and
i iterations; n=10.000 scenario

ReommineloutbLtlere] Model Identification:

category (Low, e ) . _
Moderate, High) ARIMA (p=0; d=3; g=1) Start iteration N, N=N+1 “
L i Yes

Run ARIMA Forecasting Generate random vaues | No
and run the model

Forecasting
Ouput: Median
& Standard
Error

Figure 3. ARIMA Forecast and Monte Carlo Simulation Stages
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In this study, the model uses the previously presented Java-Madura-Bali (Jamali) solar PV
formula for 2028 (in MW) from Eq. (1), incorporating the forecasted, normally distributed
rooftop solar capacity increment (2025-2028) as the primary risk factor. A 10,000-iteration
simulation—classified as high-precision for complex cases [23}—yields various installed
capacity scenarios in 2028, depicted in a histogram. This approach offers probability estimates
for each VRE scenario, including the 5th and 95th percentiles reflecting extreme outcomes.E

3. Results
A.  Results of the Installed Solar PV Capacity Modelling in the Java-Madura-Bali System
The accuracy statistics of the forecast results using 8 methods are compared and ranked to
select the best method. In addition, the accuracy statistics are also compared with the benchmark
value as validation of the selected method. The ranking results shown in Table 1 reveals that the
ARIMA (0,3,1) method is the best forecast method, and meets the established benchmark
criteria.

Accuracy Statistics

Rank Methods RMSE MAPE Theil's U Durbin-
Watson

1 ARIMA (0,3,1) 12.66 19.87% 0.7942 1.7573
2 ARIMA (1,2,1) 13.00 25.78% 2.1641 1.4686
3 ARIMA (1,1,1) 18.32 39.83% 8.3390 0.5214
4 Double Exponential Smoothing 24.40 47.83% 0.9616 0.4245
5 Damped Trend Non-Seasonal 24.41 47.85% 0.9616 0.4245
6 Double Moving Average 35.83 62.24% 0.7950 04773
7 Single Moving Average 36.84 81.58% 1.0000 0.4376
8 Single Exponential Smoothing 36.86 81.62% 1.0001 0.4376
Benchmark threshold (accuracy reference) Ll(;\r:,tﬁt:cr:rls <20% <1 =2+£0.5

The forecasting results using the ARIMA (0,3,1) method are supported by statistical indicator
analysis, demonstrating robust validity and accuracy. A Durbin-Watson test value of 1.76
indicates that the model is nearly free from significant autocorrelation, making it reliable for
forecasting. Furthermore, a Theil’s U value of 0.79—within the range of 0.5 to 1—suggests the
model’s predictions are fairly accurate compared to naive forecasts. Meanwhile, the Root Mean
Square Error (RMSE) of 12.66 implies a very small margin of error, approximately 1% relative
to the maximum projection of 1,279 MW (shown in Fig.4). Collectively, these indicators confirm
that the ARIMA (0,3,1) method can produce reliable and accurate forecasts, aligning well with
the projected data characteristics. The forecasting results using ARIMA (0,3,1) yield an output
comprising a median value and a measured standard error deviation, as follows:
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Figure 4. Realization and Forecast of Rooftop Solar Power Capacity in Jamali System
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Table 2. Forecasted Additional Rooftop Solar Capacity (MW) in the Java-Madura-Bali System

Forecasted Additional Rooftop o
. Forecasted Additional Rooftop Solar

Year Solar Capacity (MW), .

. Capacity (MW), Standard Error (SE)

Median/Mean

2025 336.22 12.66
2026 580.12 51.24
2027 894.26 12221
2028 1,278.64 231.46| —

According to Table 2, E forecast results indicate that the penetration of rooftop solar is
experiencing a bullish trendthdt continues to rise consistently, even displaying a growth pattern
similar to an exponential trend. The forecast results are also consistent with the realization of
rooftop solar power growth in the US in the 2011-2014 period (shown in Fig.5) [21]. This
suggests a significant uptick in rooftop solar adoption, likely influenced by various factors such
as growing awareness of renewable energy, government incentives, and decreasing solar panel
technology costs. The trend points to a positive outlook for the future development of rooftop
solar, with an increasing potential to support the clean energy transition and meet national
renewable energy capacity targets. However, this exponential-like growth pattern also
underscores the need for proactive measures to maintain the system’s sustainability, both from
the standpoint of supporting infrastructure and related policies.

1,400 1,231
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Figure 5. Annual solar PV capacity installations in the U.S. residential sector (MW)

B. Modelling Results of Solar PV Penetration in the Java-Madura-Bali System with a Rooftop
Solar Quota

According to Table 3 below, the baseline data represents the solar PV installed capacity as
0f2023. The RUPTL data, on the other hand, outlines the planned expansion from 2024 onward,
including both solar PV designated for decentralized use and those allocated under the Java-Bali
quota. Cumulative rooftop solar PV with quota restrictions will begin to be implemented in 2026,
where the cumulative forecast of 1,197.56 MW has already exceeded the quota of 910 MW.

The projected installed rooftop solar PV capacity up to 2028 is 1,400.00 MW, while the
projected penetration—including the addition of IPP solar PV—reaches 3,077.67 MW in 2028
(shown in Fig.6). scheme indicates that the Low VRE (Variable Renewable Energy)
Penetration Scenario {4,000 MW) is still far from being achieved within the next four years.
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Table 3. Solar PV Capacity with Quota for the Years 2025-2028.

2023 2024 2025 F 2026 F 2027 F 2028 F

Cumulative COD of | Installed Capacity of | Rooftop Solar PV Total Solar PV
Year |Baseline| Solar PV as per Rooftop Solar PV Quota from Capacity with
RUPTL with Quota (MW) | Government (MW) |Rooftop Quota (MW)
a b c d e f=b+c+d

2024 | 118.67 212.00 281.22 825.00 493.22
2025 | 118.67 725.00 617.44 (F) 900.00 1,342.44
2026 | 118.67 848.00 910.00 (Q) 910.00 1,876.67
2027 | 118.67 1,049.00 1,010.00 (Q) 1,010.00 2,177.67
2028 | 118.67 1,559.00 1,400.00 (Q) 1,400.00 3,077.67
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Figure 6. Solar PV System Penetration in Java-Madura-Bali with Quota

C. Modelling Results of Solar PV Penetration in the Java-Madura-Bali System Without a
Rooftop Solar Quota

According to the modelling of solar PV penetration in the Java-Madura-Bali system without
a rooftop solar quota, the projected installed rooftop solar PV capacity is expected to reach
3,287.29 MW by 2028. When combined with additional IPP solar PV installations, the overall
penetration is projected to reach 4,929.46 MW by that year. This analysis indicates that achieving
the Low to Moderate VRE Penetration Scenario of 6,000 MW remains a realistic target within
the next four years (shown in Fig.7).

1
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Figure 7. Solar PV Penetration in the Java-Madura-Bali System without Quota
based on Low Median High Percentile.
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Calculating uncertainty values is crucial for understanding risks, enhancing reliability, and
supporting informed decision-making amid system complexities. To assess the uncertainty in the
VRE penetration model, the simulation results are presented at the 5th and 95th percentile
confidence levels. These values were obtained after performing 10,000 iterations using a Monte
Carlo simulation. Below are the probability levels for the median and each percentile:

Table 4. Median, Low Percentile, and High Percentile Probabilities.

Year Probabilities Installed Solar Capacity (MW)
Low Percentile (5%) 4,484.23
2028 Median 4,929.46
High Percentile (95%) 5,274.23
10.000 Trials Frequency View 9.952 Displayed
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Figure 8. Solar PV Penetration in the Java-Madura-Bali System Without Quota.

According to Table 4, it can be concluded that the installed solar PV capacity under the low
VRE penetration scenario (4,000 MW) has already been exceeded, even at the 5% confidence
level (shown in Fig.8). This means that it is highly likely that this minimum target will be
achieved or surpassed.
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Figure 9. Probability of installed capacity below 4,000 MW in 2028.
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Figure 10. Probability of installed capacity between 4,000 MW and 6,000 MW in 2028.
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Figure 11. Probability of installed capacity above 6,000—8,000 MW in 2028.

The simulation results indicate the following cumulative probabilities:

o A 99.85% probability at a capacity of 4,000 MW, suggesting that the Low-level penetration
is almost certain to be achieved, as shown in Fig.9.

e A 0.01% probability at a capacity of 6,000 MW, indicating that the Moderate-level
penetration has a very small chance of being achieved, as shown in Fig.10.

e A 0.01% probability at a capacity of 8,000 MW, implying that the High-level penetration has
a very small chance of being achieved, as shown in Fig.11.

4. Discussions

The implementation of PERMEN ESDM 02/2024 introduces both op-opportunities and
challenges for PLN in managing the expansion of rooftop solar. The regulation enables
controlled growth, ensuring alignment with grid capacity and preventing potential disruptions
from micro IPPs [24]. Additionally, it opens up new business avenues, such as virtual power
plants and energy!storage (BESS), while integrating the financial impact of parallel operations
into PLN’s base energy supply costs.

However, PLN also faces several challenges, particularly revenue losses as more consumers
generate their own electricity, reducing dependency on the grid. To comply with the regulation,
PLN must invest in advanced meters, smart grids, and SCADA systems, while also developing
a rooftop solar digital application roadmap within a limited timeframe. Furthermore,
uncertainties surrounding renewable energy ownership (EBET mix) and carbon valuation pose
additional complexities in PLN’s long-term energy planning.

12


ZAINAL
Kementerian Energi dan Sumber Daya Mineral Republik Indonesia (ESDM). (2024). Peraturan Menteri Energi dan Sumber Daya Mineral Nomor 2 Tahun 2024 tentang Pembangkit Listrik Tenaga Surya Atap yang Terhubung Pada Jaringan Tenaga Listrik Pemegang Izin Usaha Penyediaan Tenaga Listrik Untuk Kepentingan Umum. Retrieved from https://jdih.esdm.go.id/common/dokumen-external/Permen%20ESDM%20Nomor%202%20Tahun%202024.pdf (Accessed on March 9, 2025). 


Modelling Rooftop Solar Capacity in Indonesia: Monte Carlo and ARIMA

Due to the change in the electricity market, ESDM has introduced a quota system as a
regulatory mechanism to manage the growth of rooftop solar. This approach aims to balance
system reliability and the integration of renewable energy while ensuring a structured expansion
of rooftop solar capacity. The Keputusan Direktur Jenderal Ketenagalistrikan No.
279.K/TL.03/DJL.2/2024 outlines the quota allocations from 2024 to 2028, regulating the
capacity additions for different regions (Direktorat Jenderal Ketenagalistrikan, 2024) [25]. For
the Java-Madura-Bali (Jamali) system, which dominates rooftop solar installations in Indonesia,
the quota is set at 825 MW in 2024, 900 MW in 2025, 910 MW in 2026, 1,010 MW in 2027, and
1,400 MW in 2028.

PLN has responded to the implementation of PERMEN ESDM 02/2024 by streamlining the
rooftop solar integration process through PLN Mobile. This initiative simplifies the approval and
connection procedures, making it easier for customers to adopt rooftop solar while ensuring
compliance with regulatory requirements. Through PLN Mobile, customers can submit
applications, and the system automatically calculates the available rooftop solar quota based on
real-time data. The process includes permit approval, where PLN verifies administrative and
technical documents within seven days and provides a final decision within 30 calendar days.
Once approved, customers sign a Power Purchase Agreement (PPA) that aligns with PERMEN
ESDM 02/2024 before PLN proceeds with the grid connection and installation of advanced
meters. This digital approach enhances transparency, efficiency, and accessibility in rooftop
solar adoption. By automating the quota calculation and integrating the approval process into a
single platform, PLN ensures that the regulatory framework is implemented effectively while
maintaining grid stability. However, the success of this initiative will de-pend on how well it
adapts to increasing demand and whether further refinements are needed to accommodate future
policy adjustments. As of December 2023, the number of approved applications reached 3,709,
with an additional 774 still in progress, reflecting strong and growing interest in rooftop solar.
In terms of capacity, 262.50 MWp of rooftop solar installations have been approved, with 119.27
MWp under review, while 97.27 MWp was rejected due to technical or regulatory challenges.
This surge in applications demonstrates the increasing role of rooftop solar in Indonesia's energy
landscape, driven by lower solar panel costs, digitalization, and regulatory support.

Despite efforts to facilitate rooftop solar adoption, several challenges remain in ensuring
seamless integration into the electricity system. Key concerns include operational risks from
shifting load patterns, financial risks due to declining electricity demand, policy uncertainties
regarding quota approvals, and customer-related issues such as service accessibility and
monitoring delays. To mitigate these risks, operational procedures are being revised to manage
load fluctuations, while financial mechanisms are being developed to address compensation
needs. Policy coordination with regulators is crucial for aligning quotas with energy targets, and
enhanced monitoring systems will improve transparency in rooftop solar implementation.
Additionally, supporting regulations are being considered to strengthen infrastructure and
service reliability. Addressing these challenges will help optimize rooftop solar growth, ensuring
grid stability, financial sustainability, and long-term contributions to Indonesia’s renewable
energy transition.

Based on forecasting and simulation results, quota regulations play a critical role in shaping
the adoption trajectory of rooftop solar in Indonesia. Under the current quota framework, the
Low Variable Renewable Energy (VRE) penetration scenario of 4,000 MW in the Java-Madura-
Bali (Jamali) System is unlikely to be achieved by 2028. In contrast, without a quota, the target
is projected to be met with 99.85% probability, reaching a median installed capacity of 4,929.46
MW. This considerable difference underscores the impact of quota restrictions on rooftop solar
growth potential.

While the quota helps regulate renewable energy integration by maintaining grid stability and
supply-demand balance, the findings suggest that if not adjusted to reflect market and
technological advancements, it may hinder rooftop solar expansion rather than facilitate it.
Instead of acting solely as a safeguard, a rigid quota could become a constraint, limiting the
sector’s market-driven potential. By contrast, a non-quota scenario offers greater flexibility,
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enabling the market to respond dynamically to declining costs, technological progress, and
increasing consumer demand. A more adaptive regulatory approach, such as periodic reviews
and adjustments, could better align with Indonesia’s renewable energy goals. Rather than
imposing fixed constraints, a flexible quota system would support higher rooftop solar adoption
while ensuring grid reliability and long-term energy sustainability.

5. Conclusion

The results of the modelling on rooftop solar penetration within the Java-Madura-Bali
(Jamali) system under a no-quota scenario indicate a projected installed capacity of 4,929.46
MW by 2028, with a high probability level of 99.85%. This finding suggests that the market
dynamics in the region align with the Low to Moderate Variable Renewable Energy (VRE)
Penetration scenario. Given this projection, increasing the development quota for Rooftop Solar
PV emerges as a strategic policy measure to facilitate further integration of VRE into the
electricity grid.

Furthermore, as the adoption of Rooftop Solar PV by consumers continues to grow, it is
crucial to reassess and optimize the hosting capacity across Indonesia’s power grid infrastructure.
Ensuring adequate hosting capacity is essential for maintaining grid stability and accommodating
the increasing penetration of decentralized renewable energy sources. This reassessment should
consider technical, economic, and regulatory factors to support an efficient and sustainable
energy transition.

To enhance the robustness of future research and policy recommendations, it is also necessary
to expand the scope of analysis beyond the Java-Madura-Bali system. Conducting similar
modelling studies in other regions across Indonesia would provide a more comprehensive
understanding of regional variations in grid capacity, solar energy potential, and consumer
adoption patterns. By incorporating diverse geographical and infrastructural conditions, future
studies can generate more representative insights that align with real-world conditions,
ultimately guiding more effective policy and investment decisions for Rooftop Solar PV
development at the national level.
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