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ARTICLE INFO ABSTRACT
Keywords: This study presents a strategy to optimize hybrid power system dispatch for commercial sectors in South
Battery storage Africa while utilizing the day-ahead method to forecast solar photovoltaic (PV) power. The approach utilizes

Commercial sectors

numerical weather prediction (NWP) models obtained from open weather maps and incorporates power plant
Demand management

specifications to generate predictions of the PV power plant’s output. These predictions are then integrated

F. ti . . . . . .
O(;r;;;i:ii 0 into an optimal control strategy incorporating battery storage. The use of optimal algorithms helps manage
PV power plants PV power plant curtailment during periods of over-generation. It is crucial to optimize PV power systems

and ensure a continuous power supply for solar power plants, even during unfavorable weather conditions.
Besides, the study develops a model that solves the challenging questions of combining solar power forecasting
with an optimal dispatch and demand management scheme. Therefore, there is a need to incorporate battery
storage systems through the developed optimal control method to maximize the energy from the PV system and
minimize the power from the utility grid. The obtained results demonstrate the effectiveness of the developed
model. The winter season presented a lower MAE of 21 kW, an RMSE of 35.4 kW, and a MAPE of 3,1% for
PV power output forecasting, showing that the errors during prediction are lower compared to other seasons.
It has been observed that 60% of the load is supplied through a combination of PV power and battery storage.
Therefore, evidence of the developed optimal hybrid power dispatch with an innovative solar power forecasting
model suggests that accurate forecasting can improve system planning and mitigate the necessity of procuring
grid power at high electricity prices.

System planning

1. Introduction and literature review made distribution systems cleaner and more environmentally friendly,

they have introduced inherent variability and complexity, leading to

The global penetration rates of photovoltaic (PV) systems are clearly

on the rise, as indicated by the International Energy Agency (IEA) re-
porting a 22% increase in solar PV generation in 2021, resulting in over
1000 TWh of energy production [1]. This shift away from conventional
power sources is supported by ongoing policy developments within the
energy sector [2-6]. Recent advancements include the implementation
of carbon tax policies, feed-in tariffs, and payback schemes, all aimed at

power supply instability. To effectively manage the power supply and
the stochastic nature of PV generation, extensive research has been
conducted on the use of battery storage systems [14-19]. Furthermore,
as renewable energy accounts for a larger share of grid capacity, the
risk of curtailment is projected to increase significantly [20,21]. To
address this challenge, alternative contract structures and methods

incentivizing the adoption of renewable energy sources. Furthermore,
the integration of renewable energy into the economy is viewed as both
a sustainable economic stimulus and a vital requirement for achieving
net-zero targets [7,8]. It is also anticipated that utility-scale PV systems,
along with wind power, will continue to experience a steady increase
in capacity penetration [9].

The overall costs of solar energy have become more competitive and
cost-effective, contributing to its continued deployment despite poten-
tial declines in value [10-13]. While renewable energy sources have

have been developed to reallocate potentially curtailed energy and
risk [22-25].

The rapid growth of renewable energy capacity worldwide has
underscored the importance of accurate power generation forecast-
ing to ensure effective power system management and grid balanc-
ing [26-29]. Given the inherent variability and limited predictability
of wind and solar resources, precise forecasting plays a central role
in minimizing uncertainty and supporting optimal decision-making
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Nomenclature

Parameters and constants

ANN Artificial neural network

BESS Battery energy storage system

GHI Global horizontal irradiance

IEA International Energy Agency

MAE Mean absolute error

MPC Model predictive control

NAM North American Mesoscale Forecast System
NOCT Normal operating cell temperature
NREL Renewable energy laboratory

NWP Numerical weather prediction
OEDI Open energy data initiative

PV Photovoltaic

RMSE Root mean square error

SMPC Stochastic model predictive control
STC Standard testing conditions

for planners and operators [30]. However, the accuracy of existing
forecasting methods remains a concern, as inaccurate forecasts can lead
to substantial financial losses for utilities [31,32]. Moreover, forecast
accuracy significantly impacts the revenue optimization of PV plus
battery power plants in day-ahead energy markets [33]. To improve PV
power forecasting accuracy, numerous methods have been researched
and developed, with machine learning models emerging as the most
recent and widely utilized approach [34,35]. Additionally, numerical
weather prediction (NWP) methods are being developed in conjunction
with machine learning techniques.

The role of solar irradiance forecasting in the planning and opera-
tion of power systems with high solar power generation penetration
was discussed in [27]. Wang et al. conducted a study on the costs
associated with day-ahead solar forecast errors across 667 existing solar
power plants in the United States [36]. The study analyzed two types
of solar forecasts, namely persistence forecasts and numerical weather
prediction forecasts, focusing on the years 2012 to 2019. The research
highlighted the costs associated with forecast errors at different solar
power plants, revealing that North American mesoscale forecast system
(NAM) forecast errors had relatively low costs, averaging no more than
$1/MWh in most years.

Tawn and Browell provided an up-to-date overview of established
and emerging approaches in the field of very short-term wind and
solar forecasting [30]. The review explored the transfer of knowledge
between wind and solar forecasting and identified new opportuni-
ties, particularly in the use of remote sensing technology. In [37],
an ensemble-based k-nearest neighbor algorithm was developed for
wind and solar power forecasting. The study utilized the Makowski
metric analysis for training and optimizing the k-nearest neighbor
algorithm, and the chi-square distance was employed to assess the
goodness of fit between expected and observed values. Gorman et al. in-
vestigated the resilience benefits of behind-the-meter solar-plus-storage
systems for residential customers [38]. The study revealed that systems
with 10 kWh of storage could meet critical loads in most counties
in the United States throughout the year. However, when heating
and cooling loads were considered critical, the capability of meeting
critical loads dropped to an average of 86% across all counties and
months. Abdelghany et al. presented a control strategy to enhance
the reliability and commercialization of energy storage systems within
microgrids [39]. The study employed a scenario-based approach to
implement the stochastic model predictive control (SMPC) strategy
for the energy management of grid-connected hybrid energy storage
systems.
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Syed and Khalid proposed a novel neural network model predic-
tive control (MPC) approach that utilized a neural network model
of the plant for photovoltaic power smoothing with battery energy
storage [40]. The study demonstrated that the proposed controller sig-
nificantly reduced battery charging levels and state of charge compared
to fuzzy logic controllers.

Notably, most research in this field tends to focus exclusively on
PV power forecasting, often neglecting the integration of these fore-
casts with energy demand management and optimal power dispatch
strategies for commercial buildings in an innovative grid environment.
Battery storage systems are often used exclusively for peak shifting
rather than PV power optimization [41]. Therefore, this study identifies
the need to integrate a smart forecasting method with a solar PV power
system in commercial sectors, as well as the integration of an optimal
control strategy for the PV system power output, such as battery
storage, with forecasting techniques. With South Africa, among other
countries, emphasizing the expansion of renewable energy sources,
particularly solar and wind power, accurate forecasting becomes cru-
cial. Thus, the research aims to address the problem of accurately
forecasting solar energy production to effectively manage solar power
variability and improve optimization and availability of solar PV energy
during high load levels in commercial sectors.

This contribution aligns with the following objectives:

+ Developing a day-ahead forecasting method tailored for commer-

cial applications, focusing on solar PV power. Thus, this approach
recognizes the unique requirements and challenges faced by com-
mercial applications in South Africa, taking into account factors
such as load variations, energy demands, and market dynamics
Conducting research to devise an optimal control strategy that
enhances the reliability and availability of a solar power plant
by integrating a battery storage system. This integration allows
for better management of PV power curtailment during periods
of over-generation and ensures a continuous power supply, even
during unfavorable weather conditions.
Improving the balance between demand and supply by utilizing
the proposed forecasting model for accurate power prediction.
Thus, the study aims to minimize imbalances between consumers
and suppliers, leading to more efficient energy utilization and
reduced reliance on the grid. Besides, this study seeks to optimize
the dispatch of hybrid power systems in commercial sectors by
developing a day-ahead forecasting method, implementing an
optimal control strategy with battery storage integration, and
utilizing accurate power prediction for improved demand and
supply management.

The remaining part of this research study can be summarized as
follows: Section 2 presents the proposed model approach and develop-
ment. Section 3 presents the data collected to conduct an analysis of the
proposed forecasting and integration model. In Section 4, results and
discussions, performance evaluation of the model and hybrid dispatch
optimization are presented. Sections Section 5 gives a conclusion of the
work presented as well as some recommendations for future work.

2. Model approach and development
2.1. Proposed approach

The forecasting model incorporates weather forecasts obtained from
online sources, along with the specifications of the solar panels. By
combining these inputs, the model aims to forecast the output of a
PV system without relying on historical data specific to that particular
PV system. This approach ensures that PV systems without historical
data can still utilize the model for effective power planning. In this
research, the exclusion of certain weather parameters beyond ambient
temperature, solar irradiance, and wind speed is attributed to the focus
on a specific set of factors relevant to the study’s objectives. The
decision to narrow the scope was made to streamline the analysis and
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Fig. 1. Forecasting model approach with an optimal hybrid power dispatch.

maintain a clear focus on the primary variables influencing PV power
forecasting, thereby ensuring precision and coherence in the research
outcomes [42]. Fig. 1 demonstrates how the forecasting model will
be integrated into the hybrid power system, utilizing optimal control
methods to optimize the system’s performance. The focus of this model
is on commercial applications, where the solar PV system, battery
energy storage system (BESS), and grid collectively supply power to
a commercial load. While the commercial load remains connected to
the grid, the objective is to maximize the utilization of power from the
PV system and minimize dependence on the grid, taking into account
various factors that influence the PV system’s output.

2.2. Model development

2.2.1. Cell temperature modeling
According to [43], the basic linear equation representing cell effi-
ciency as a function of cell temperature is as follows:

Tc,stc)] (l)

7ce1y is the cell efficiency, #7 . is the electrical efficiency of the cell
at STC, f,,. is the temperature coefficient depending on the material
used for the cell, and T, is the cell temperature at STC. The cell
operating temperature is represented by T,. The cell temperature can
be calculated at normal operating cell temperature (NOCT). NOCT is
defined as cell temperature that is reached when modules are exposed
to a nominal thermal environment at wind speeds of 1 m/s, an ambient
temperature of 20 °C, and solar radiation levels of 800 W/m?. NOCT
values typically range from 30 °C to 45 °C on module nameplates. To
calculate 7, three different functions will be tested. The first function
is the standard approach which takes into account NOCT based on the
technology used. 7, is calculated as follows [44]:

Neell = ”T,stc[l - ﬁstc(Tc -

G
T.=T,+ G Tnocr —TaNocT) (2)
NocT

The ambient temperature at NOCT T, yocr is 20 °C. For the purpose
of the model a typical Ty cr of 45 °C is assumed for all technologies.
The next T, approach takes into account wind speeds that would be
measured near the modules. The cell temperature model which is
described as a simple empirical model is calculated as follows [45]:

G
T.=T,+ ———
T Wi, W,
where W, and W, are constants and are specified for different PV
technologies. v, is the wind speed, G is the global horizontal irradi-
ance (GHI), and T, is the ambient temperature. Another approach to

3)

calculate 7, that was previously proposed and will be used to calculate
T, is modeled as [46]:
_ UpL,(U).Ta +Glr.a —ngrc(l = Bsre Tsrce)l @
¢ Uyy(0) + Bsrcistc-G

U,,(v) is the module’s total surface heat exchange coefficient. The
heat exchange coefficient can be represented as a function of the wind
speed that can be measured closer to the module. 7.« was calculated at
0.81. The heat exchange coefficient can be represented as [47]:

U,p(v,) = 2414290, 5)
2.2.2. PV output power forecasting equation

The proposed solar power output forecasting model is shown in
Fig. 2. This model leverages real-world data by combining weather
predictions with PV system specifications to generate real-time fore-
casts. To forecast the daily output power, the hourly output power will
first be calculated, and the 24-h output summed. This is to ensure that
discrepancies or errors between the measured and forecasted model are
minimized by not taking the daily average weather forecast.

The equation to forecast the output power (P, ) of the PV system
can be calculated as follows:

Ldaily

Py daity = Po(1) + P, (2) + B,(3) + P,(4) + -+ + P,(24) (6)
24
Pogaity = 3, Po®) @
=1
The hourly output power can be calculated as [42,48]:
Py(1) = P, g4 X X [1+yu.(T, = T, )1 X Z,, 8

stc
Z, is the configuration of the PV panels. The configuration of the
PV panels can be further expressed as:

Zp=N,x N, ©)

where N, and N; express the number of PV panels in parallel and the
number of PV panels in series respectively.

2.2.3. Hybrid power system dispatch

As per the selected sequence for this research, the PV-generated
power will be dispatched first to meet the load. The equation governing
the PV dispatch is:

Pload,remaining = Plaad - PPV (10)

P,,.q is the load demand, Pp is the power supplied by PV to the
load, and Py,ug remaining 10ad is the unmet load after the PV power has
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Fig. 2. Approach to be implemented in this research.

been dispatched. Next, the battery P, will be charged or discharged
depending on whether the load was fully met by the dispatched PV
power. The remaining load is governed by the following equation:

1)

P, state of charge or discharge will be dependent on the following
conditions:

P/oad,remaining = Pyyq — Ppy £ Py

O’ Pload,remaining =0.
Pbm = +Pbar’ P[oad,remaining <0. (12)
_Pban7 Pload,remaining >0

The battery would be charged if Pj,uq remaining < O @s that would
mean the PV generated power was in excess. In the same logic,
Py remaining > 0 would mean that the load was not met by the dis-
patched PV power and the battery would then be discharged. The bat-
tery’s state of charge determines the available power to be discharged,
as well as the remaining battery power to charge it.

Finally, the grid power P,,;, will be dispatched only if the required
load is still unmet after the PV power is dispatched and the battery
discharged. Grid power will also be dispatched when there is no PV
power available (typically at night and early morning) as the battery
itself will not be able to meet the full load. P, is then calculated as
follows:

PIA,rem = Plaad - PPV + Pbat - P, rid 13)

8

In the case of excess power dispatched where the load is met and
the battery is fully charged, then the PV system will be curtailed. Fig. 3
shows the dispatch algorithm proposed.

2.2.4. Optimization model

The PV Module is represented as a variable power source from the
sized PV plant. Operational costs of the PV plant are not considered
for optimization. The battery is represented as a storage unit that
is governed by a minimum state of charge and a maximum state of
charge. For optimal sizing, it is assumed that the battery storage cost
is included. The grid is modeled as a controllable power source and is
governed by the net load demand after PV and battery dispatch. Since
the building is in Pretoria as per assumptions, Tshwane Municipality
tariffs will be considered. An optimization function fmincon in MAT-
LAB, which solves constraint non-linear optimization problems will be
used. The function is in the following format:

minf(x), 14

subject to

c(x) <0, (15)
Coq(x) =0, (16)
Aog(xX) = byy a7)
Ib<x<ub (18)

where x is a vector of decision variables, f is a scalar-valued objective
function, c(x) is a vector of inequality constraints, and c,,(x) is a vector
of equality constraints. A,, and b,, are linear equality constraints,
where Aeq is a pxn matrix, and beq is a vector of length p. p is the
number of equality constraints. ub and /b are the upper and lower bound
constraints for the function. The economic hybrid dispatch model will
therefore determine the optimal dispatch schedule to ensure that less
PV is curtailed by sizing the BESS and that grid power is dispatched
only when it is the cheapest energy source. Fig. 4 shows the flow to
govern the objective function.
The objective function is subject to the following constraints:

Ppy () = Pi(t) + Py(2) a9
Pp(®) = Pi()+ P3() + Py(0) e
Socmin S SOC(T) S SOCmaX(l S t S N), (21)

forall =1,2,....N, where N is the number of hours in a day. P, ()
and P,(7) represent energy flows to the load and battery respectively,
from the PV system. The energy flow from the battery is represented
by P5(r) and the active power from the grid is represented by P;(). The
objective function is thus expressed as follows:

N

F=C Y P (22)
=1

where C, is the electricity price at time ¢ in $/kWh. To calculate the

battery capacity, the following expression is used:

t t

BI"" < B(0)+n. Y, Py(m) =1y Y P3(m) < B

m=1

23
m=1

The battery capacity is represented by B,(t), where B,(0) is the
initial state of charge, B"" is the minimum capacity level of the battery
during discharge, and B”** is the maximum capacity level during
charging stage. The charging and discharging efficiencies of the battery
are represented by #, and 5, respectively.
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3. System assessment

3.1. Load demand: Consumer data

The proposed model aims to forecast the power output of a photo-
voltaic (PV) system to meet the energy needs of a commercial load.
Specifically, we will analyze the load profile of a commercial office
building. The dataset used for this analysis was obtained from the open
energy data initiative (OEDI) website. In Figs. 5 and 6, we present the
average load profile of the building over a 24-h period and a 744-h
period, respectively.

The commercial energy demand can be characterized as follows:

« It operates as a commercial warehouse continuously from 12:00
AM to 11:59 PM.

+ The facility requires a consistent and uninterrupted power supply
throughout the day.

+ Typical loads in the building include fans, cooling systems, light-
ing, and heating systems.

Based on the acquired data, we can assume a similar load profile
for a large office building located in Pretoria, South Africa. This as-
sumption is made due to the consistent and minimal fluctuations in
demand observed across different seasons. The building exhibits an
average power demand of 1360.17 kW and a peak power demand of
2153.1 kW.

3.2. Weather data

To predict PV output power, advanced weather forecasts are essen-
tial. As discussed previously, the primary weather data required for the
proposed model are ambient temperature, irradiance, and wind speed.
Two distinct weather sources, namely Open Weather Map (OWM) and
Solcast, were used to acquire the necessary data points. OpenWeather
Map is an online, web-based platform, offering access to historical, real-
time, and forecasted weather data. The platform provides API keys,
enabling real-time control of the forecasted output from the model.
Similarly, the Solcast API toolkit, also web-based, delivers historical,
live, and forecasted irradiance data, specifically designed to assist in
PV power forecasting. Both weather sources used in this study leverage
the numerical weather prediction (NWP) method to forecast day-ahead
weather data.
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3.3. Solar generation: PV plant data and system size

To determine the annual photovoltaic (PV) generation of the PV
plant design, we conducted simulations using the PVWatts calculator
tool developed by the National Renewable Energy Laboratory (NREL).
The PVWatts calculator is an online tool specifically designed to esti-
mate the energy production of grid-connected PV systems.

In Table 1, the monthly solar radiation data received in Pretoria,
South Africa, is presented. It is worth noting that the average annual
solar radiation in this location is 5.88 kWh/m?/day. On-site measure-
ments were obtained to compile the annual solar radiation data, as
depicted in Fig. 7. With the assumed solar radiation level, a PV size
of 5628.83 kW was obtained. To account for system inefficiencies and
losses the PV system size selected is 5700 kW. Fig. 8 illustrates the
annual PV output power generation from the designed PV plant, as
calculated using the PVWatts simulator. The results provide insights
into the expected energy production over a year.

4. Results and discussion
4.1. PV output forecasting for the summer period

Fig. 9 presents the comparison between measured and predicted cell
temperatures for a summer day, using three different cell temperature
equations. Additionally, Fig. 10 illustrates the forecasted PV power
output for the same day.

It is evident from Fig. 10 that there are minor disparities between
the predicted and observed cell temperatures. These discrepancies can

Table 1
Monthly solar radiation received in Pretoria, South Africa [3].

Month Solar radiation (kWh/m?/day)
January 6.19
February 6.00
March 6.10
April 5.68
May 5.65
June 5.36
July 5.61
August 6.05
September 6.22
October 6.25
November 6.07
December 6.34
Annual 5.96

be attributed to abrupt variations in cloud cover, as the summer season
in South Africa is known for its rainy weather.

Among the three cell temperature equations, Eq. (2) exhibits the
least accurate prediction. It tends to overestimate cell temperature
during the peak hour (12 PM) and fails to recognize sudden drops in ir-
radiance. This equation solely considers GHI and ambient temperature,
which proves to be a limitation during the summer period due to the
frequent changes in cloud cover. Conversely, Eq. (4) yields the most
accurate results compared to Egs. (2) and (3). It demonstrates a strong
forecasting capability with only minor deviations occurring after 3 PM.

Fig. 10 displays the forecasted PV power output obtained from the
cell temperature equations for the summer day. Despite the observed
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deviations in the predicted cell temperature results, the model exhibits
commendable forecasting capability. However, it should be noted that
all three equations have slight shortcomings during the peak hours,
where they tend to slightly overestimate the PV power output.

Fig. 11 illustrates the hourly comparison between predicted and
measured cell temperatures during the summer period, which spans the

months of December, January, and February in South Africa. The re-
sults reveal that Eq. (4) provides the most accurate predictions through-
out the summer season, followed by Eq. (3). In contrast, Eq. (2)
consistently exhibits mismatches between the predicted and measured
cell temperatures, making it the least accurate equation for summer
conditions. Notably, Eq. (2) tends to overestimate the cell temperature
values.
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Fig. 12. Relationship between the predicted and observed PV output power during the summer.

From Fig. 11, the predicted and measured PV output power for the
entire summer period can be determined using the methodology de-
veloped in Section 2.2. Although the three equations demonstrate rea-
sonably accurate power forecasts for a specific day, the graph reveals
slight inaccuracies persisting throughout the entire season. Notably, all
three equations consistently tend to overestimate the output power,
particularly during peak hours. This observation holds true across all
three graphs, indicating a general tendency for over-prediction in the
output power of the equations.

4.2. Performance evaluation

Fig. 12 provides a visual representation of the relationship between
observed and predicted PV output power during the summer period.
Figure also 12 demonstrates the model’s favorable forecasting accuracy
using the three equations. Despite the observed relationship between
predicted and measured cell temperatures shown in Fig. 11, the model
exhibits the capability to accurately forecast power output during the
summer season.

Tables 2, 3, 4, and 5 offer a summary of the performance evaluation
conducted for the predicted cell temperature for the different seasons.
Subsequently, Tables 6, 7, 8, and 9 offer a summary of the performance
evaluation conducted for the predicted output power for the different
seasons. Among the three equations considered in this research, Ta-
bles 6, 7, 8, and 9 reveal that Eq. (4) yields the best overall prediction
results.

For the summer period, the Mean Absolute Error (MAE) ranges
between 41.89 kW and 41.97 kW, while the Root Mean Squared
Error (RMSE) falls between 62.85 kW and 63 kW. The slightly higher
RMSE compared to the MAE indicates the presence of larger errors
in the predictions, contributing to the overall error. In conclusion,
Eq. (4) demonstrates the best forecasting results among the equations
considered.

4.3. Hybrid dispatch control optimization results

Fig. 13 illustrates the outcomes achieved through the optimal dis-
patch control, where the load demand is met by energy from the PV
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Table 2

A summary of the predicted cell temperature model evaluation in summer.
Method MAE (°C) RMSE (°C) MAPE (%)
Tcelll 2.2993 3.8295 7.3414
Tcell2 0.701 1.3805 2.3265
Tcell3 0.2609 0.5484 0.851

Table 3

A summary of the predicted cell temperature model evaluation in autumn.
Method MAE (°C) RMSE (°C) MAPE (%)
Tcelll 3.4993 5.8061 10.7427
Tcell2 0.102 0.1795 0.3351
Tcell3 0.1964 0.3394 0.6014

Table 4

A summary of the predicted cell temperature model evaluation in winter.
Method MAE (°C) RMSE (°C) MAPE (%)
Tcelll 1.9816 3.5218 6.3836
Tcell2 1.1232 2.1159 3.9067
Tcell3 0.2908 0.7326 1.105

Table 5

A summary of the predicted cell temperature model evaluation in spring.
Method MAE (°C) RMSE (°C) MAPE (%)
Tcelll 5.2997 8,8598 13.7563
Tcell2 0.5035 0.9049 1.3143
Tcell3 0.3813 0.6564 0.9884

Table 6

A summary of the predicted PV output power model evaluation in summer.
Method MAE (kW) RMSE (kW) MAPE (%)
Tcelll 41.8968 62.8510 194.4475
Tcell2 41.9894 63.0074 194.4543
Tcell3 41.9731 62.9839 194.4527

Table 7

A summary of the predicted PV output power model evaluation in autumn.
Method MAE (kW) RMSE (kW) MAPE (%)
Teelll 36.2888 64.8966 12.7511
Tcell2 36.4288 65.1535 12.7596
Tcell3 36.4200 65.1384 12.759

Table 8

A summary of the predicted PV output power model evaluation in winter.
Method MAE (kW) RMSE (kW) MAPE (%)
Teelll 21.0383 35.3705 3.1581
Tcell2 21.0925 35.4879 3.1610
Tcell3 21.0844 35.4637 3.1607

Table 9

A summary of the predicted PV output power model evaluation in spring.
Method MAE (kW) RMSE (kW) MAPE (%)
Teelll 70.7326 128.0966 7.5851
Tcell2 70.9712 128.5703 7.5972
Tcell3 70.9765 128.5832 7.5973

system, battery storage, and the grid. The total sources of power to
supply the daily average load demand are presented in Fig. 13(a). From
Fig. 13(b), it can be observed that the PV system supplies the load
starting from 6:00 AM and continues until the peak load demand is
reached around 6:00 PM, at which point it ceases to supply power.
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Subsequently, the battery storage discharges to meet the load demand
from just after 4:00 PM until 9:00 PM, as depicted in 13(c). Finally,
the grid power is utilized to supply the load from midnight (12:00 AM)
until 7:00 AM, when the PV system resumes supplying power to the
load, as shown in Fig. 13(d). Grid energy is again employed to supply
the load from 8:00 PM until the remaining hours of the day.

Based on 13, it is evident that the PV power contributes the most
to meeting the load demand. This significant contribution from the
PV system can be attributed to the approach taken in sizing the PV
system. With a peak load demand of 2.153 kW and a PV system size of
5700 kW, the PV system is adequately sized to meet the load demand,
allowing for a higher contribution from PV power. Fig. 14 displays the
energy flow on the battery storage during the charging and discharging
process. Besides, the developed hybrid dispatch shows the distribution
of the total contribution to the load demand among PV power, battery
storage, and grid power. PV power accounts for 58% of the demand,
and this contribution increases further when considering the energy
transferred from the PV system to the battery. Battery energy storage
contributes 24%, while the remaining 19% is sourced from the utility
grid. Additionally, the developed model demonstrates that the dispatch
of grid power is optimized by scheduling it during off-peak hours in the
evening.

5. Conclusion

This research focused on solar PV power output forecasting using
a day-ahead method. Three different methods were selected to model
a day-ahead forecasting approach. The performance of the forecasting
model was then evaluated across different weather seasons in South
Africa, allowing for a comprehensive assessment of its effectiveness.

According to the findings presented in this study, Eq. (4) demon-
strated the highest forecast accuracy among the three methods consid-
ered. This equation incorporates the heat exchange coefficient and wind
speed, which are factors that impact forecasting accuracy. In contrast,
Eq. (2), which only considers irradiance and ambient temperature,
proved to be the least accurate due to its omission of other relevant
weather variables.

It is highlighted that the model achieved the most accurate forecasts
during the winter period, which can be attributed to the stable weather
conditions experienced during that season. The winter season also
exhibited lower errors in PV power output forecasting, with a Mean
Absolute Error (MAE) of 21 kW, an RMSE of 35.4 kW, and a MAPE
of 3.1%. These metrics indicate that the prediction errors were lower
compared to other seasons.

It was demonstrated that 60% of the load was supplied by the
combination of PV power and battery storage, showcasing the potential
of accurate forecasting in improving system planning and avoiding the
purchase of grid power at high electricity prices. However, it should
be noted that the size of the battery storage, which was determined as
8.69 kW, did not take into account capital cost limitations and techno-
economic evaluations, such as the payback period. This oversight could
have financial implications for commercial buildings and render the
investment in battery storage suboptimal. Future scope of work for this
research will include the following:

+ Using additional weather variables to develop a more accurate

forecasting model for all seasons

» Conducting a thorough techno-economic assessment of the overall

proposed optimal control algorithm

+ Considering more local South African weather stations to develop

an API integration suited to local requirements
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