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The increasing penetration of renewable energy introduces variability and
uncertainty into power system operations, thus requiring accurate forecasting
methods to ensure reliable and economical scheduling. This study presents a
multi-interval day-ahead optimal power flow (OPF) analysis integrated with
photovoltaic (PV) generation, where hourly PV forecasts are obtained using
the seasonal autoregressive integrated moving average (SARIMA)
(1,0,1)(4,0,3)24 model. The forecast results achieved low error values (root
mean square error (RMSE)=0.354, normalized RMSE (NRMSE)=4.192%,
mean absolute error (MAE)=0.202), successfully capturing the daily PV
generation pattern and providing sufficiently accurate input for the OPF
simulation. The forecasted PV profiles were then integrated into a multi-
interval OPF framework using the MATPOWER interior point solver
(MIPS) solver. Results show that PV integration reduces system operating
costs compared to cases without PV, with cost savings observed at various

time intervals (e.g., reduction from $802.22/hour to $780.65/hour during PV
peak hours). Compared to the conventional single-interval OPF benchmark
based on Weibull distribution assumptions for PV, the proposed framework
achieves lower average costs ($790.97/hour vs. $869.70/hour) while also
reflecting the real variability of solar dynamics and load. Overall, the
integrated forecasting-optimization framework demonstrates that SARIMA-
based PV forecasting provides reliable inputs for OPF and offers a practical
tool to support future system planning and operation with higher renewable
energy penetration.
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1. INTRODUCTION

Indonesia faces two urgent energy challenges: meeting the rising demand for electricity and
reducing reliance on fossil fuels. According to Indonesia’s National Energy General Plan Rencana Umum
Energi Nasional (RUEN), the government aims to have renewable energy account for 23% of total energy
consumption by 2025 and 31% by 2050 [1], [2]. Ensuring environmental sustainability, strengthening long-
term energy security, and reducing the likelihood of supply disruptions due to fossil fuel depletion make this
transition essential. Among renewable options, solar energy holds a strategic advantage, given Indonesia’s
high solar irradiation throughout the years [3], [4].

Despite its potential, large-scale integration of solar energy into power systems introduces
significant operational challenges due to its intermittency and dependence on weather conditions. Variability
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in solar generation can cause imbalances between supply and demand, which in turn affects voltage stability,
system reliability, and economic operation [5], [6]. To address these issues, accurate short-term forecasting of
photovoltaic (PV) output becomes a critical prerequisite for system operators [7].

Various optimal power flow (OPF) formulations have been developed to address the challenges of
integrating renewable energy sources [8]. Stochastic OPF incorporates probability distributions of uncertain
variables, allowing system operators to evaluate a range of possible scenarios [9], [10]. Chance-constrained
OPF limits the probability of constraint violations but depends on precise probabilistic models, which may
not always be available [11]. Robust OPF ensures feasible solutions under worst-case conditions but tends to
be overly conservative, potentially leading to increased operational costs [12]. While these methods account
for uncertainty, most studies remain limited to single-interval OPF, which optimizes each time step
independently without considering inter-temporal dependencies. This simplification can result in suboptimal
scheduling because operational constraints and ramping limits are inherently linked between consecutive
intervals [13], [14]. In contrast, multi-interval OPF considers the impact of prior operating states on future
dispatch decisions. By optimizing across multiple periods, this approach enables more realistic and cost-
efficient operations, yielding better results both economically and technically [15], [16].

The effectiveness of multi-interval OPF is highly dependent on the accuracy of short-term forecasts
of PV production. Hourly forecasts enable operators to proactively adjust schedules, reduce reliance on fossil
fuel reserves, and minimize production curtailment [17], [18]. Accurate forecasting is essential for
maximizing the benefits of intertemporal optimization. When scheduling is inaccurate, it not only raises
operating costs but also results in increased carbon emissions and possible voltage fluctuations. Therefore,
effective forecasting is crucial for ensuring sustainable and stable operations.

Several forecasting techniques have been utilized for solar generation, ranging from statistical
approaches to advanced machine learning methods. Statistical models, such as autoregressive integrated
moving average (ARIMA) and seasonal autoregressive integrated moving average (SARIMA), are still
widely used due to their ability to capture seasonality and temporal dependencies with a relatively low
computational burden [19]. On the other hand, machine learning techniques, including artificial neural
networks (ANN) and long short-term memory (LSTM) networks, can model complex nonlinear patterns but
require large datasets and are sensitive to the quality of the data. SARIMA strikes a balance between
interpretability, robustness, and accuracy, especially for datasets with clear seasonal patterns [20]. For this
study, SARIMA has been selected for short-term PV forecasting, as it provides reliable hourly PV
predictions while balancing accuracy and simplicity. This makes it well-suited for day-ahead operational
planning [4], [21].

The integration of forecasting results into OPF analysis enhances the decision-making framework by
enabling the evaluation of system performance under more realistic conditions. Multi-interval OPF not only
minimizes operational costs but also accounts for intertemporal constraints such as ramping limits and
generator scheduling flexibility. This approach is particularly relevant for power systems with high
renewable penetration, where operational feasibility depends on anticipating variations in generation and
demand across successive hours. In practical development, several aspects, such as inverter behavior,
reactive power management, and grid support functions, play a vital role in maintaining voltage stability
under solar variability. Furthermore, the integration of informatics through cloud-based forecasting
platforms, adaptive control loops, and Al-supported dispatching is being increasingly explored to improve
real-time decision-making. Although these aspects are beyond the scope of this study, they are recognized as
crucial complementary directions for future research and implementation of forecasting-supported OPF
frameworks.

In this work, the SARIMA-based PV output forecasts are incorporated into a multi-interval OPF
framework using the modified IEEE 30-bus test system as a case study. The simulations are conducted in
MATLAB with the MATPOWER toolbox, employing the MATPOWER interior point solver (MIPS) solver
to perform OPF analysis [22]. By integrating hourly PV forecasts into the OPF process, the model captures
the operational impacts of renewable variability on system costs, generation dispatch, reserve allocation,
carbon emissions, and voltage stability. This framework reflects a realistic operational environment and
highlights the importance of accurate forecasting in supporting efficient scheduling decisions.

This paper makes three key contributions. First, it demonstrates the use of SARIMA for short-term
PV forecasting within the context of renewable energy integration in Indonesia. Second, it integrates these
forecasts into a multi-interval OPF framework based on the IEEE 30-bus system, illustrating how the
variability in forecasts affects dispatch outcomes, carbon emission, and system stability. Third, it offers
insights into how OPF supported by forecasting can reduce dependence on fossil fuel reserves while
enhancing cost efficiency and system reliability. These findings aim to support future strategies for
renewable energy integration in Indonesia’s power sector.
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2. MATERIALS AND METHODS

The research approach combines forecasting and power system optimization. Solar irradiation data
from West Sumatra is processed with the SARIMA method to generate day-ahead PV power predictions.
These predictions, along with hourly load variations, are applied to a modified IEEE 30-bus system in which
an additional PV unit is connected at bus 19. The OPF is solved for each hour over a 24-hour horizon using
MATPOWER, with the aim of reducing thermal generation costs. The workflow of this process is illustrated
in Figure 1.

Input Data
Irradiance

Convert Irradiance Data
to PV Power

SARIMA Modeling |I
Best Model?

Y

Day a-head Forecasting
PV Power

Integration to OPF
- Input data various load, generator, PV Power forecast
- Solve multi-interval OPF

Result Output
- Unit Dispatch profile

- Generation Cost

Figure 1. Workflow of SARIMA-based PV forecasting integrated with multi-interval OPF

2.1. Day-ahead photovoltaic forecasting using SARIMA models

Accurate forecasting of PV power output is critical for effective grid management and minimizing
generation costs under high renewable energy penetration. In this study, historical solar irradiance data for
Padang City, West Sumatra (Latitude -0.8983 and Longitude 100.3495) were obtained from NASA records,
as illustrated in Figure 2. Hourly data were collected from March 1 to March 31, 2024, resulting in a total of
744 data points representing 24 hours each day. This dataset reflects the temporal variability in solar
irradiation, a key factor that directly affects the power output of PV systems. The connected PV generator is
rated at 25 MW, and its output under different irradiance conditions is calculated according to (1) [23]:

52

pvn
Ppy(S) = SSthC
vanQ fOTS > RC

for S <R,
(M

Where Ppvn is the nominal power output of the PV unit, SSS is the incident solar irradiance, Sstc is the
standard test condition irradiance (1000 W/m?), and Rc is the specific irradiance point (120 W/m?). The
historical PV power output, as presented in Figure 3, serves as the input for the forecasting model. It
demonstrates a distinct daily pattern that resembles a bell curve. Power begins to increase in the morning,
peaks around midday when solar radiation intensity is highest, and then declines again in the afternoon. The
difference between sunny and cloudy days is also clearly visible, with lower peak values in cloudy
conditions. This pattern confirms that PV output is highly dependent on weather conditions and is unstable,
requiring short-term forecasting for the system to operate more reliably and efficiently.
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The SARIMA model was employed to capture both the trend and periodic fluctuations in the data.
SARIMA extends the conventional ARIMA model by including seasonal parameters, making it highly
effective for forecasting time-series data with clear periodicity [24], [25]. Mathematically, the SARIMA
model can be expressed as (2):

¢p(B)pp(B*)(1 — B)*(1 — B*)Py: = 04(5)0¢ (B*)e; @
Where ®@p and 0q are the non-seasonal AR and MA coefficients of order p and g, respectively; ®P and ®Q

are the seasonal AR and MA coefficients of order P and Q; d and D are the non-seasonal and seasonal
differencing terms; B is the backshift operator; S is the seasonal period; and ¢t is the white noise error term.
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Figure 2. West Sumatra region solar map [26]
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Figure 3. Historical data PV power output

The workflow for applying the SARIMA model consists of four stages: model specification,
parameter estimation, diagnostic checking, and forecasting. In this study, the model identification process
followed the standard Box—Jenkins methodology. First, the augmented Dickey—Fuller (ADF) test was applied
to examine the stationarity of the PV output time series. If non-stationarity was detected, differencing was
performed until the series became stationary. Next, the autocorrelation function (ACF) and partial
autocorrelation function (PACF) plots were analyzed to determine the appropriate autoregressive (AR) and
moving average (MA) orders, while seasonal components were identified based on the dominant periodicity
in the data. Model parameters were then estimated using the maximum likelihood method, and the best-fit
model was selected according to the Akaike information criterion (AIC). This systematic procedure ensured
that the chosen SARIMA model was statistically valid and capable of capturing both short-term variations
and seasonal patterns in PV generation.

A framework for multi-interval optimal power flow under solar energy penetration (Ricky Maulana)
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To evaluate the accuracy of the SARIMA forecasts, three standard error metrics were applied: mean
absolute error (MAE), root mean square error (RMSE), and normalized RMSE (NRMSE) [27]:

MAE(t) = ~ T4 | Paey (8] 3)
— 1yn 2
RMSE(t) = |(332,1PZ, (0] ) )
NRMSE = —"%__ % 100% (5)
PMax—Pmin

Where Py (t) represents the deviation between the forecasted and actual PV output at hour ¢, and n is the
total number of observations. These metrics provide a quantitative assessment of forecasting performance,
enabling reliable input for subsequent multi-interval OPF optimization.

2.2. Multi-interval optimal power flow with forecasted photovoltaic generation input

The OPF problem is designed to determine the most efficient operating point of a power system that
minimizes generation costs while adhering to operational constraints. In this study, OPF was implemented
within a multi-interval (24 hours) framework, where the forecasted PV power output, obtained using the
SARIMA method, is incorporated as a time-varying input in the modified IEEE 30-bus test system. The PV
generator is connected to bus 19, and the daily load profile is adjusted across the 24 hours to simulate
realistic operational conditions. The objective function is to minimize the total thermal generation cost, which
is expressed as a quadratic function of active power generation [28]:

min cost(x,y) = ¥N%(a; + b;P;i + ¢;PZ) (6)
Where P;i represents the active power output of thermal generator i and a, b, and c are the cost coefficients
associated with power generation. The optimization problem is addressed while considering both equality
and inequality constraints:
a. Equality constraint
For balance active power at the ith bus, which can be formulated as (7):

PGi — PDi — P ,5s = Vi Z?’i Vj[Gijcos(8ij) + Bijsin(8ij)] =0 7
For balance reactive power at the ith bus, which can be formulated as (8):

QGi — QDi — Qposs = Vi XY, Vj[Gijcos(8ij) + Bijsin(6ij)] = 0 (8)

b. Inequality constraint
Active power generation limit of generator can be formulated as (9):

PIin < Ppy < PIO* fori=12....nG )
Reactive power generation limit of generator can be formulated as (10):

QU™ < Qg < QU™ fori=12.....nG (10)
Bus voltage limit of generation is written as (11):

vmin <V, SV fori=1,2....nG (11)
Power flow limit for all branches is (12):

Pij < Pijiimie (12)
Where ij is line from node I to j.

The solution is obtained using the MIPS in MATLAB. MIPS applies a nonlinear primal-dual
interior point algorithm, which uses a barrier function to enforce inequality constraints and Newton-Raphson
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iteration to solve the Karush-Kuhn-Tucker (KKT) conditions. Adaptive step size control ensures numerical
stability and convergence. This approach is computationally efficient and well-suited for large-scale OPF
problems [29].

The multi-interval OPF is performed on a modified IEEE 30-bus system [30], which includes the
addition of a PV generator at bus 19 (as shown in Figure 4). The OPF is conducted on an hourly basis over a
24-hour period, incorporating forecasted PV power and time-varying load data. The daily load profile,
illustrated in Figure 5, reaches a peak of 283.4 MW and 126.2 MVAR relative to the peak load, allowing for
a clear visualization of variations throughout the day.

@ Thermal Generators

m Solar PV

28

Figure 4. Modified IEEE 30-bus test system
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Figure 5. Daily load profile

3.  RESULTS AND DISCUSSION

This study evaluates the effectiveness of a multi-interval OPF framework that integrates day-ahead
solar PV forecasting into power system operation. The forecasting stage, based on the SARIMA model,
generates 24-hour-ahead predictions of PV output, which serve as direct inputs for the OPF analysis. These
forecasts are then combined with varying load scenarios to capture realistic operating conditions. The results
are presented and discussed from two main perspectives: the accuracy of SARIMA-based PV generation
forecasting and the operational impact of PV integration on system performance in multi-interval OPF,

A framework for multi-interval optimal power flow under solar energy penetration (Ricky Maulana)
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including potential emission reductions, voltage stability under fluctuating solar conditions, and comparison
with single-interval OPF to highlight the uniqueness of the proposed approach. Overall, these findings
provide a comprehensive basis for evaluating both the reliability of forecasting and optimization results,
while demonstrating the practical value of the framework in supporting the integration of renewable energy
into power systems.

3.1. Forecasting performance

The short-term solar PV power output was forecasted using a SARIMA model identified as
SARIMA(1,0,1)(4,0,3)24. This model was selected based on the AIC and various diagnostic checks. The
model effectively captures the autoregressive and MA components, along with the 24-hour seasonality that
characterizes the PV generation pattern. To evaluate the predictive performance of the model, the last 24
hours of actual PV output were withheld from the training data and replaced with the forecast generated by
the model. The predicted values were then compared with the actual withheld observations, thus allowing an
assessment of the model's accuracy in the day-ahead forecasting.

In addition to SARIMA, a LSTM neural network was also applied to the same dataset to compare
the statistical model with the machine learning approach. This comparison provides additional insight into
the relative strengths of time series methods versus deep learning methods in handling PV power variability.
Figure 6 presents the forecasting performance of the SARIMA and LSTM models against the actual PV
output for the next 24 hours. The results show that SARIMA follows the diurnal generation profile with
relatively small deviations throughout the day. Compared to SARIMA, the LSTM model showed weaker
performance, particularly during the early hours when PV output is consistently close to zero. This limitation
arises from the relatively small dataset and the flat initial pattern, which provide insufficient learning signals
for the neural network. Under these conditions, SARIMA proved more reliable in capturing the complete
diurnal profile for day-ahead forecasting Overall, both models successfully captured the general ups and
downs of solar power, with SARIMA showing more stable performance over time. These findings suggest
that statistical models may be more suitable when data availability is limited, while the LSTM model has the
potential to perform better with larger and more diverse datasets.
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Figure 6. Actual vs. forecasted PV output (SARIMA and LSTM)

Table 1 summarizes the statistical error metrics used to evaluate the forecasting accuracy of
SARIMA and LSTM models. RMSE measures the overall deviation between predicted and actual values,
while MAE captures the average magnitude of the prediction error. To normalize the results and allow
comparison at different scales, the NRMSE is also calculated with respect to the maximum PV output. The
results show that both models provide reasonable accuracy, with SARIMA(1,0,1)(4,0,3)24 showing slightly
better performance in capturing short-term variations, making it a reliable choice for daily solar forecasting
applications.
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Table 1. Accuracy metrics for forecasting models
Metric SARIMA LSTM
RMSE 0.3543 MW 0.9480 MW
MAE 0.2016 MW 0.6835 MW
NRMSE 4.1924% 11.2143%

The validated SARIMA model is then applied to generate a 24-hour-ahead forecast of solar PV
power output, which serves as the primary input for the subsequent OPF analysis. The day-ahead forecast
provides a time-varying PV generation profile that reflects the expected availability of renewable resources
over the next operating timeframe. Presenting this profile not only demonstrates the forecasting capability of
the chosen model but also illustrates the variability of solar generation that must be accounted for in power
system operation. Figure 7 shows the PV generation forecast for the next 24 hours, which is subsequently
integrated into the multi-interval OPF framework. These forecasts capture the typical diurnal variation of
solar power output, with generation being close to zero at night and peaking around midday.

PV POWER OUTPUT (MW)
NoWw A U N ®

-

o 1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23
TIME (HOURS)

Figure 7. Forecast PV power output from best model of seasonal ARIMA

Overall, the SARIMA(1,0,1)(4,0,3) model provides a reliable day-ahead forecast that closely
matches the actual PV generation profile, with error values within an acceptable range. Although machine
learning methods such as LSTM can be considered, the SARIMA approach remains advantageous due to its
interpretability and lower computational demand. In this study, the SARIMA-based forecast is accurate
enough to capture the variability of PV output and is therefore used as input for the subsequent multi-interval
OPF analysis. This integration enables the direct linking of forecasting results with operational decisions,
particularly in assessing the impact of renewable energy uncertainty on system performance under various
load conditions. In addition, this model has demonstrated consistent forecasting accuracy across various
irradiance patterns, indicating resilience for broader seasonal applications.

3.2. Day-ahead multi-interval optimal power flow with photovoltaic penetration

A multi-interval OPF analysis for the next day was conducted by integrating 24-hour forecasts of
PV power with varying system load conditions. The output from the SARIMA model, which predicts hourly
PV power generation, is used directly as input for the OPF intervals. This approach ensures that the OPF
accurately reflects the realistic variability in renewable energy, unlike methods that rely on static or average
PV generation.

The objective of this analysis is to determine the optimal dispatch of generating units and the
associated operational costs for each interval while considering the variability caused by renewable energy
generation and various load demands. This method provides a more accurate representation of system
operations, allowing a detailed evaluation of how PV penetration impacts generation scheduling and cost
performance over the scheduling period. Table 2 summarizes the hourly dispatching results obtained from the
multi-interval OPF for the next 24 hours. The results indicate a gradual increase in PV production from
nearly zero at night to a peak around midday. After midday, PV output declines toward sunset, requiring
increased generation from thermal power plants.

The OPF results highlight the role of PV power plants in supporting system operations throughout
the day. Although the PV units connected to Bus 19 contribute relatively little compared to the total system
demand, their output follows the expected daily pattern, peaking at 8.55 MW around midday (12 p.m.) and
gradually declining to zero at night. This contribution of renewable energy reduces the load on conventional
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power plants during daytime hours, which in turn helps to reduce generation costs. This effect is particularly
noticeable between 10 a.m. and 2 p.m., where overall system costs increase more slowly compared to periods
without PV contribution. However, as PV generation decreases after sunset, conventional power plants are
required to significantly increase their output, resulting in the highest operational cost of $1,112.85 per hour
at 9 p.m. These results indicate that while PV penetration at the current scale has a moderate impact, it still
provides tangible economic benefits by reducing daytime peak demand on conventional resources and
lowering system costs during sunlight hours.

Table 2. Multi-interval OPF results for the next 24 hours

Control . Time (Hours)
variable ™" X 0 1 2 3 4 5 6 7 8 9 10 11
Pl 50 200 15331 13047 119.12 1078 11912 1373 1533 16442  171.67 17333 17544  177.89
P2 20 80  43.13 376 3486 3215 3486 3925 4313 45.86 47.65 48.07 48.6 49.21
Ps 15 50 1953 17.69 1679 1592 1679 1824  19.53 20.47 21.11 2127 21.47 21.69
P8 0 35 10.01 10 10 10 10 10 10.01 15.32 19.4 2032 21.5 22.89
P11 10 30 10 10 10 10 10 10 10 10.07 11.28 11.58 11.97 12.44
P13 12 40 12 12 12 12 12 12 12 12 12 12 12.03 12.02
PPV19 0 25 0 0.01 0.01 0.01 0.01 0.01 0.02 0.75 351 5.89 7.37 8.19
Vi 095 1.1 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06
V2 095 1.1 1.04 1.05 1.05 1.04 1.05 1.05 1.04 1.04 1.04 1.04 1.04 1.04
V5 095 1.1 1.02 1.02 1.03 1.02 1.03 1.02 1.02 1.02 1.02 1.02 1.01 1.01
V8 095 1.1 1.03 1.03 1.03 1.03 1.03 1.03 1.03 1.02 1.02 1.02 1.02 1.02
Vil 095 1.1 1.06 1.06 1.04 1.04 1.04 1.06 1.06 1.06 1.06 1.06 1.06 1.06
Vi3 095 1.1 1.06 1.05 1.05 1.05 1.05 1.05 1.06 1.06 1.06 1.06 1.06 1.06
V19 095 1.1 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.03 1.03 1.03 1.03 1.03
Gen cost ($) 651.64 558  513.57 47072 51356 5854  651.59  718.01 76878  780.65 79588  813.65
Plosses (MW) 7.1 521 44 3.67 44 5.75 7.1 8.16 8.9 9.08 9.31 9.59
Emission (tons/MWh) 01679 01232  0.1036  0.0858 0.1036 0.1358 0.1679  0.1928 02102 02143 02196 02259
Voltage deviation (p.u) ~ 0.0375  0.0419  0.0412  0.0407  0.0412  0.0405 0.0374 0.03409  0.0311  0.0304  0.0296  0.0287
Control . Time (Hours)
variable ™" M 12 13 14 15 16 17 18 19 20 21 2 23
Pl 50 200 179.12  180.82  183.96  184.67 190.98 198.06 19878 19936  199.87  198.11  187.04  169.14
P2 20 80 4951 4993 5071  50.89 5246 5578  60.49 63.89 67.33 5591 51.46 47.02
Ps5 15 50 218 2195 2223 2228 2284 2392 2529 26.29 273 23.96 2246 20.87
P8 10 35 2358 2456 2636 2679 3044 35 35 35 35 35 282 18
P11 10 30 1267 1301 1363 1379  15.06 174 2021 2225 243 17.48 14.31 10.84
P13 12 40 1206 1219 12.7 12.87 1403 1623 1884 2072 22.62 16.31 13.31 12
PPV19 0 25 8.55 7.88 6.8 5.19 2.82 0.37 0.02 0.01 0.01 0.01 0.01 0.01
Vi 095 1.1 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06
V2 095 1.1 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04 1.04
s 095 1.1 1.01 1.01 1.01 1.01 1.01 1.01 1.01 1 1 1.01 1.01 1.02
V8 095 1.1 1.02 1.02 1.02 1.02 1.01 1.01 1.01 1 1 1.01 1.02 1.02
Vil 095 1.1 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06
Vi3 095 1.1 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06
V19 095 1.1 1.03 1.03 1.02 1.02 1.02 1.01 1 1 1 1.01 1.02 1.03
Gen cost ($) 651.64 558 82275 83571 860.81 866.81 918.66  993.97  1041.07 107646  1112.85  995.41
Plosses (MW) 7.1 521 9.73 9.93 1031 104 11.22 12.35 12.87 1327 13.68 12.37
Emission (tons/MWh) 0229 02335 02418 02438 02612 02829 02891 02939 02989 02832  0.2502 0.204

Voltage deviation (p.u) 0.0283  0.0277  0.0267  0.0264  0.0243  0.0215  0.0202 0.0194 0.0192 0.0214 0.0254 0.03213

In addition to the numerical voltage deviation values in Table 2, system stability was further
analyzed by evaluating the bus voltage distribution over 24 hours. Figure 8 shows the box and whisker plot
for each bus, which illustrates the spread, median, and variation of voltage magnitude during the scheduling
period. The plot shows that all buses remain within the permissible operating range (+5% of nominal
voltage). Although buses located further away from the slack bus show a wider interquartile range, the
deviation remains below 0.05 pu, in accordance with the values reported in Table 2. This confirms that the
proposed multi-interval OPF maintains voltage stability throughout the network despite variations in solar
power generation and load.

To further highlight the economic impact of PV penetration, the results of the multi-interval OPF
analysis were compared in two scenarios: one with PV and the other without PV. This comparison enabled
the measurement of cost savings that could be directly attributed to solar integration, complementing the
previous analysis of power plant operating schedules.

As shown in Figure 9, total generation costs in the PV scenario are consistently lower than in the
non-PV scenario throughout the 24-hour period. The most significant cost reduction occurs during peak solar
generation hours (around 10 a.m. to 3 p.m.). In contrast, during periods of low solar availability (e.g.,
evenings and mornings), the cost difference is nearly negligible. This comparison between multi-interval
OPF results with and without PV integration highlights the economic advantages of renewable energy
penetration. Although the reduction in hourly generation costs is relatively small (generally less than 2%), the
consistent pattern throughout the scheduling horizon shows that solar power contributes positively to
operational efficiency. Specifically, the presence of PV reduces reliance on thermal power plants during
daytime hours, resulting in more balanced unit scheduling and cost savings during certain intervals.
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Figure 8. Box-and-whisker voltage stability plot across buses over the 24 hours horizon
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Figure 9. Comparison multi-interval OPF with PV and without PV

To further assess the environmental impact of PV integration, the overall system CO: emissions
were compared under scenarios with and without PV integration. Figure 10 illustrates the hourly emission
profile over 24 hours. The results show that although both scenarios follow a similar overall pattern
influenced by load variations, the addition of PV consistently reduces emissions during daylight hours,
especially between 10 a.m. and 3 p.m. when solar generation peaks. For comparison, at 2 p.m., the emission
level in the without-PV scenario reaches 0.2502 tons/MWh, while with PV it decreases to 0.2418 tons/MWh,
representing a reduction of about 3.3%. These results prove that PV integration not only reduces operational
costs but also provides tangible environmental benefits by lowering carbon emissions during daylight hours.
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Figure 10. Hourly emission profiles comparison with and without PV
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In addition to the analysis of PV versus non-PV systems, the proposed method was compared with
conventional optimization techniques. This framework was compared with a single-interval OPF benchmark
using the Barnacles mating optimizer (BMO) [31]. In this benchmark, renewable energy generation was
modeled using a Weibull probability distribution, and dispatching decisions are optimized in a single
aggregate interval. In contrast, the proposed multi-interval framework uses time-series PV forecasts to
accurately reflect the actual hourly variations in solar generation and demand. The quantitative comparison
between the single-interval and multi-interval OPF frameworks is summarized in Table 3.

Table 3. Comparison of single-interval and multi-interval OPF frameworks
Framework Min ($/h)  Max ($/h)  Mean ($/h)  Std. dev ($/h)
Single-interval (BMO) [31] 8273804  830.2345  827.9520 0.641
Multi interval (SARIMA-OPF)  470.723 1112.8504  790.9669 179.0747

The results of the study show fundamental differences in system modeling. The single-interval
BMO approach produces nearly constant generation costs (avg=$827.95/hour, standard deviation=0.641),
reflecting static optimization that ignores the variability of renewable energy. In contrast, the proposed multi-
interval OPF achieves a lower average cost of $790.97/hour, demonstrating the economic benefits of PV
integration. However, the wider cost range (470.72—-1112.85 $/hour) and higher variability (standard
deviation=179.0747) highlight real-world fluctuations caused by solar and load dynamics. Overall, the
integration of daily PV forecasting with multi-interval OPF shows clear advantages over traditional single-
interval approaches. It enables more flexible scheduling, reduces operational costs, lowers emissions, and
maintains voltage stability. These findings emphasize the importance of incorporating realistic renewable
energy forecasting into OPF formulations to ensure sustainable and reliable power system operation.

In summary, the multi-interval OPF framework supported by SARIMA-based PV forecasting shows
clear advantages over conventional single-interval formulations. This framework achieves lower average
operating costs, reduces emission levels, and improves voltage stability, highlighting its economic and
technical benefits. The uniqueness of this framework lies in its explicit modeling of the temporal dynamics of
load and renewable energy generation, in contrast to Weibull-based or static approaches that ignore daily
variability. This provides more adaptive and realistic optimization that captures the operational challenges
introduced by solar penetration and supports reliable grid operation.

Beyond technical improvements, this framework also suggests practical implementation feasibility,
ranging from microgrids to utility-scale solar power plants and regional dispatch centers. However, several
limitations must be acknowledged. This study is limited to deterministic forecasting on an IEEE 30-bus
system without real-time or hardware validation, and cross-seasonal statistical validation or irradiance
patterns were not performed. Future work should integrate probabilistic forecasting, extend the analysis to
large-scale networks, and explore real-time implementation in SCADA or smart energy management
platforms. In addition, this framework can be further enhanced by leveraging cloud-based forecasting
environments, adaptive control loops, and Al-supported dispatching systems, which will strengthen its ability
to operate reliably under real-world uncertainty. Addressing these aspects will improve the resilience,
scalability, and practical relevance of the proposed framework.

4. CONCLUSION

This study presents a multi-interval day-ahead OPF analysis integrated with solar PV power
generation, where hourly PV forecasts are obtained using the SARIMA(1,0,1)(4,0,3)24 model. The
forecasting results show low error values and successfully capture daily generation patterns, providing
sufficiently accurate input for OPF simulations. Although a machine learning model (LSTM) was also
included in the study, its accuracy was limited due to the relatively small training dataset, further
emphasizing the advantages of using SARIMA for this application.

The forecasted PV profiles are then integrated into a multi-interval OPF framework. This approach
enables realistic modeling of renewable energy variability in operational decision-making, unlike methods
that assume static or average PV generation. Compared to conventional single-interval optimization that
relies on static or Weibull-based PV assumptions, the proposed framework shows lower average operating
costs and highlights the real benefits of incorporating PV forecasts into unit dispatch. Although the hourly
cost differences are relatively small, the results consistently show that solar integration can reduce
dependence on thermal power plants and improve economic efficiency.
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Overall, the integrated forecasting-optimization framework shows that SARIMA-based PV
forecasting provides sufficiently accurate input for multi-interval OPF analysis. The integration of renewable
energy forecasting with OPF enables a direct link between uncertainty in solar generation and economic grid
operations. Although this study is limited to a one-month dataset on the IEEE 30-bus system, this
methodology can be extended to larger datasets, probabilistic forecasting, and real-time control platforms,
providing practical tools for future system planning and operation with increasing renewable energy
penetration.
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