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Abstract: Currently, short-term photovoltaic (PV) power forecasting is crucial for optimizing PV power operation in 

both off-grid and grid-connected systems. This paper compares different PV power forecasting models: Nonlinear 

Autoregressive (NAR), Nonlinear Input-Output (NIO), and Nonlinear Autoregressive with External Input (NARX) for a 

PV rooftop 23.1 kWp. The primary input data consists of solar irradiance and temperatures from 1 to 6 hours before the 

present time. The training process utilizes one year of data (2019) to develop the learning model. Data from January 2020 

to April 2020 were used to test the models. This paper reports the optimized time series and number of neurons, with 

MAPE and R2 used as accuracy indicators for evaluating the models. The best model, NARX achieved MAPE=6.84% and 

R2=0.9 with a time series delay of 3 hours and 50 neurons.   
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1. INTRODUCTION  

In Thailand, solar rooftop installations have seen 

significant growth over the past decade across various 

building types, including commercial, industrial, 

governmental, public institutions (such as schools and 

hospitals), and residential buildings. By 2019, the 

country had installed 45,540 ktoe (11,630 MWh) of solar 

rooftop capacity. To support Thailand's energy policy, 

the Metropolitan Electricity Authority (MEA) has 

incentivized the installation of solar rooftop systems for 

self-consumption in residential buildings. In 2020, the 

Thai government introduced a policy allowing excess 

power generated by solar rooftops (beyond self-

consumption) to be sold back to the grid at a 

compensation rate of 1.68 THB per unit. However, this 

rate is lower than the electricity cost of 5.2674 THB per 

unit during peak periods and 2.1827 THB per unit during 

off-peak periods for the Time of Use (TOU) rate [1],[2]. 

Consequently, bill savings for households with installed 

PV systems depend on the relationship between solar 

irradiance, load profile, and electricity tariffs. Effective 

energy management is thus crucial for reducing electrical 

energy costs. 

Renewable energy can be harnessed from natural sources 

such as solar radiation, wind, and biomass [3]. This 

research focuses on the output power of photovoltaic (PV) 

systems, which is influenced by environmental factors 

like solar irradiance, temperature, and weather conditions. 

To optimize the utility of PV systems, it is essential to 

plan and evaluate projects through design and optimized 

control techniques [4-5]. Additionally, considerations of 

load profile and energy storage management are critical. 

Various models have been employed to forecast PV 

power [6-7], aiming to enhance the performance of solar 

systems by improving operation scheduling and capacity 

optimization. PV power forecasting can be categorized 

into three types: long-term (one month to one year), 

medium-term (one week to one month), and short-term 

(one week or less). 

     In previous work, forecasting models need several 

input variables to achieve high accuracy. These inputs are 

wind speed, Temperature, Humidity, Global horizontal 

radiation, diffuse horizontal radiation, Wind direction, 

and Current phase average based on deep learning neural 

network [6]. Another one is PV output power(P), global 

horizontal radiation (GHR), diffuse horizontal radiation 

(DHR), ambient temperature (AT), wind speed (WS), 

and relative humidity (RH) with the hybrid deep learning 

model [7]. It means the user needs many sensors and a 

high level of sensors to collect the data. Therefore, it is 

not proper for the local user to use in small systems such 

as house solar rooftops due to the high cost of system 

investment. 

This paper proposes PV power forecasting using the 

input parameters are Solar Irradiance and Ambient 

temperature from only 2 sensors. To investigate the 

accuracy of short-term PV power forecasting with a few 

input parameters. The primary objective is to assess the 

accuracy of short-term PV power forecasting with 

minimal input parameters and its applicability in real 

cases. The study focuses on a one-hour-ahead forecasting 

model, classified as short-term forecasting. The research 

utilizes three Neural Network dynamic time series 

models to identify the best-performing model. The study 

compares the different input sizes and calculates training 

times to assess accuracy and training duration for 

practical applications. The relationship between power 

forecasting accuracy and the number of input variables is 

considered in training time series models.  

Furthermore, the research evaluates and tests the optimal 

number of neurons and input delay times to determine the 

most effective configurations, including three types of 

time series models that can be applied with varying 

amounts of input data. 

The result shows that the model used 2 parameters from 

2 sensors (Irradiance and ambient temperature) has high 

accuracy in predicting sunny days. However, on a cloudy 

day, the error increases to 18%, and on a rainy day is a 

high error at about 50%. 
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2. NEURAL NETWORKS BACKGROUND 

Neural networks can be divided into two categories: 

static and dynamic networks. The output from a static 

neural network (SNN) is calculated directly from the 

input through feedforward networks, without feedback 

elements or delays. In contrast, the output from a 

dynamic neural network (DNN) depends not only on the 

present input but also on delayed inputs or states of the 

network [8]. DNNs can be further divided into 

feedforward-dynamic neural networks (FDNN) and 

recurrent-dynamic neural networks (RDNN). 

 

2.1 Feedforward-dynamic neural networks (FDNN) 

In the structure of an FDNN, as shown in Fig. 1, the input 

networks contain delays in the sequence of input vectors 

with a certain time order. The network input is processed 

by the present time u(t) and delay time u(t−n). The output 

is the future value y(t+1). The model can incorporate 

multiple hidden layers to form a multi-layer perceptron, 

thus increasing the dimensionality of the network [9-11]. 

The feedforward-dynamic networks can be calculated by 

the following equation (1). 

 

𝑦(𝑡 + 1) = 𝐹(𝑢(𝑡) ⋅ 𝑤1,1 +  𝑢(𝑡 − 1) ⋅ 𝑤1,2 + ⋯              

+𝑢(𝑡 − 𝑛) ⋅ 𝑤1,𝑛                                                       (1)                                                                                  
 

 

 
Fig.1. Simple Feedforward-dynamic networks 

 

2.2 Recurrent-dynamic neural networks (RDNN) 

RDNN structure as shown in Fig. 2, the input value given 

by present value u(t) that includes delays time value u(t-

n) into the network sequence as same as FDNN but the 

output is fed back to the input via another tapped-delay-

line memory. The output delay values are y(t), y(t-1), …, 

y(t-n) which feedback the input again to obtain the output 

y(t+1). The RDNN is referred to as a nonlinear 

autoregressive with exogenous inputs (NARX) [12] 

model that can be calculated by the following equation 

(2). 

 
Fig. 2. Simple Recurrent-dynamic neural networks 

𝑦(𝑡 + 1) = 𝐹(𝑢(𝑡) ⋅ 𝑤1,1 +  𝑢(𝑡 − 1) ⋅ 𝑤1,2 + ⋯ 

+𝑢(𝑡 − 𝑛) ⋅ 𝑤1,𝑛 + 𝑦(𝑡) ⋅ 𝑑𝑤1,1 + 𝑦(𝑡 − 1) ⋅ 𝑑𝑤1,2 

+ ⋯ 𝑦(𝑡 − 𝑛) ⋅ 𝑑𝑤1,𝑛                                                                          (2) 

 

2.3 Performance indexes 

     To evaluate the performance of forecasting model in 

this paper, two accuracy estimating metrics were used in 

the training and testing forecasting data. There 

are %MAPE (Mean Absolute Percentage Error), and R2 

(R Squared linear regression) as follows: 

 

𝑀𝐵𝐸 = %𝑀𝐴𝑃𝐸 =
1

𝑁
(∑ |

𝑦(𝑖)−𝑦′(𝑖)

𝑦(𝑖)
|) × 100𝑁

𝑖=1     (3)

       
𝑅2 = 1 −

∑ (𝑦(𝑖)−𝑦′(𝑖))2
𝑖

∑ (𝑦(𝑖)−𝑦̅)2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖

                (4) 

 

Where     𝑦 is the actual values.  

  𝑦′ is the predicted value of 𝑦 

and  𝑦̅  is the mean of the y values. 

 
3. PV POWER HOUR-AHEAD FORECASTING 

 

3.1 Experimental Data 

     The historical data was collected from PV grid-

connected systems in Bangkok, Thailand. The 

specifications of this system are shown in Table 1. Data 

collection included PV power output, irradiance, and 

ambient temperature, which were averaged and stored in 

the database every hour. 

     The dataset from the year 2019 was selected for the 

training model, while the dataset from January to April 

2020 was selected for testing the model. 

 

Table 1. Technical Specification of PV Grid-Connected 

Systems 

Technical Specification Value 

Array Rating (kW) 23.1 kWp 

Panel Rated Power at STC(Pmpp) 300 W 

Number of panels 77 

Inverter spec Sunny Tri-Power 

SMA 25000TL, 

2.5kW 3phase 

Panel model Schutten STP6-

300/72 

Type of Tracker Fixed 

Array Tilt/Azimuth Tilt = 13°, 

Azimuth = 0° 
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3.2 Training and testing method 
In this case study, the Neural Network (NN) models were 
used to learn from historical data (2019) and to compare 
errors between input and target in order to adjust the 
weight in each neuron for forecasting PV power one hour 
ahead. After that, data from January to April 2020 were 
used to test the model's accuracy. The NN models were 
trained using the Levenberg-Marquardt back-propagation 
algorithm and divided into three distinct models [13-15]. 

The first model is the Nonlinear Auto-Regressive 
(NAR) model, which forecasts the series data output 
y(t+1) based on the present value and delay time values 
y(t), y(t-1), …, y(t-n)). Only irradiance data is used as 
input for this model. 

The second model is the Nonlinear Input-Output 
(NIO) model, which forecasts the series output y(t+1) 
based on the present value and delay values u(t), u(t-1), 
…., u(t-n). The input data for this model includes time, 
temperature, and irradiance from past times. 

The third model is the Nonlinear Autoregressive with 
External (Exogenous) Input (NARX) model, which 
forecasts the series output y(t+1) based on the present and 
delay values u(t), u(t-1), …., u(t-n). The input values and 
output are similar to the NIO model; however, the NARX 
model includes recurrent networks, where the output 
y(t−n) is fed back into the input network. 

The experimental method is shown in Fig. 3, and the 
partial input data for training is shown in Fig. 4. The data 
separation for training and testing in this experiment is 
shown in Fig. 5. 

 
a) NAR Model 

 

 
b) NARX Model 

 
c) NIO Model 

Fig. 3. The NN time series models 
 

4. SIMULATION RESULTS AND DISCUSSIONS 

To study dynamic neural networks with different models 

and evaluate the relationship between input and target 

variables, the experimental methodology was divided 

into three models. Each model varied the input data by 

adjusting the number of time delays and neurons, as 

detailed in Table 2. 

     The forecasting results were categorized into two 

parts: the performance of the training model and the 

performance of the testing model. In the training model 

component, the number of time delays (1-6 hours) and 

the number of neurons were varied to determine the 

optimal performance, which was evaluated using MAPE 

and R².      

     In the NAR model, the input dataset consisted only of 

solar irradiance, which varied over the time series 

through the Neural Network model. The number of 

neurons in the hidden layer was adjusted to calculate the 

best learning performance. In the NARX and NIO 

models, the input data included additional variables such 

as days, months, hours, temperature, and solar irradiance. 

 

 
Fig. 4. partial input and target data for training 

 

 
Fig. 5. The data division criterion for training model 

 
4.1 Training result 

The training performance was evaluated based on 
learning accuracy using various input data and different 
models. The results indicate that the NARX and NIO 
models outperform the NAR model in the learning 
process, as shown in Fig. 6. Specifically, the NARX 
model performs the forecasting error (MAPE) less than 
the NIO model due to its recurrent output function for 
iterative training. 

P
V

 P
o
w

e
r

  

B

T
a
n

si
g
 

fu
n

c
ti

o
n

Hidden layer

  

Output layer

W y
(t

+
1

)

W

y(t),y(t-1),  y(t-n)

NAR model

p
u
re

li
n

 

fu
n

c
ti

o
n

P
V

 P
o
w

e
r

  W

B

Hidden layer

  

Output layer

Input

W

Wu(t) y
(t

+
1

)

y(t),y(t-1), .  y(t-n)

u(t-n)

Time

Temp

Time

Temp

W

Irr

Irr

T
a
n

si
g
 

fu
n

c
ti

o
n

p
u
re

li
n

 

fu
n

c
ti

o
n

NARX Model

P
V

 P
o
w

e
r

  W

B

Hidden layer

  

Output layer

Input

W

Wu(t) y
(t

+
1

)

u(t-n)

Time

Temp

Irr

Time

Temp

Irr

T
a
n

si
g
 

fu
n

c
ti

o
n

p
u
re

li
n

 

fu
n

c
ti

o
n

NIO Model

0

200

400

600

800

1000

1200

1

1
4

2
7

4
0

5
3

6
6

7
9

9
2

1
0
5

1
1
8

1
3
1

1
4
4

1
5
7

1
7
0

0

10

20

30

40
W

/m
^

2

Time(hour)

k
W

, 
°C

 Ambient temperature / Mean Values  [°C]0
PV power [kW] SmartHome_PST
 Irradiance / Mean Values  [W/m^2]0

Historical data 
2019

Historical data 
Jan-Apr 2020

95% Training 
data

5% Testing data

90% Training 
data

5% validation 
data

100% Testing 
data

185



 

 

To analyze the influence of input data with various delay 
times, it is important to consider both accuracy and 
training time. This comparison helps weigh the 
advantages and disadvantages and determine the reasons 
for selecting the proper models and input data. 

As the NAR model, at the time deley1 is presented the 
lower accuracy than NARX. However, the NAR training 
time process has a good result compared with NARX in 
condition large data input and large number of neurons as 
shown in Fig.7.  

Although NARX has forecasting error (MAPE) less 
than NIO model, however, if considering the training time 
process, NIO is faster than NARX. In the same way, 
increasing the number of neurons achieves the 
enhancement of accuracy as shown in Fig.6. On the other 
hand, it will increase the training time process as shown 
in Fig.7. 

Table 2. Experimental methodology process for learning 

model 

Model input 

time 

delay 

(Hour) 

Vary 

number of 

neurons 

output 

NAR Irradiance 1-6 
50,100,200 

,500 

PV 

power 

NARX 

Day 

1-6 
50,100,200 

,500 

PV 

power 

Month 

Hour 

Temperature 

Irradiance 

NIO 

Day 

1-6 
50,100,200 

,500 

PV 

power 

Month 

Hour 

Temperature 

Irradiance 

 

 
(a) MAPE 

 
(b) R2 

Fig.6 Training performance evaluations of different 

model methods 

 

4.2 Testing Result  

The testing model utilized weight values and activation 

functions obtained from the training model trained on the 

dataset from the year 2019. The input dataset (January to 

April 2020) was used for testing to ensure that the testing 

data had never been seen or memorized by the model 

before, as depicted in Fig. 5. 

     The best accuracy from each model is presented 

below: 

     -NAR testing using a time series delay of 4 hours, 

number of neurons 50, MAPE 9.03, R2=0.97 as shown in 

Fig. 9a, the most error is at -0.34 kW shown in Fig. 10a. 

     -NIO testing NIO model use time series delay 3 hours, 

number of neurons 50, MAPE=7.3477, R2=0.98 as 

shown in Fig. 9b, the most error is at -0.34 kW as shown 

in Fig. 10b. 

     -NARX testing use time series delay 3 hours, number 

of neurons 50, MAPE=6.84, R2=0.98 as shown in Fig. 9c, 

the most error is at -0.34 kW as shown in Fig. 10c. 

 
Fig. 7. Training process time in a different model (N_x is 

the number of neurons) 
 

As a result, it was found that the NAR model used a small 

input dataset but achieved very low accuracy. Its 

accuracy can be improved by increasing the number of 

time delays. In contrast, the NARX and NIO models 

demonstrate high performance even with a single time 

delay input. Furthermore, accuracy improves with an 

increasing number of time delays, as shown in the results 

in Fig. 7 and Fig. 8. 

Considering the number of neurons, the results indicate 

that increasing the number of neurons enhances training 

accuracy. However, in testing, the opposite trend is 

observed: the model with 500 neurons shows lower 

accuracy compared to models with other numbers of 

neurons due to overfitting during training. 

 

 
(a) MAPE 

 
(b) R2 

Fig. 8. Testing performance evaluations of different 

model methods 
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To evaluate the sensitivity influenced by weather 

conditions, two cases were considered: Sunny days and 

Cloudy/Rainy days, as shown in Fig. 11 and Fig. 12 

respectively. The results indicate that the models achieve 

high accuracy in predicting PV power on sunny days, 

with less than 4% errors in both the NARX and NIO 

models. However, on cloudy days, the error increases to 

18%, and on rainy days, the error significantly worsens 

to approximately 50%, as shown in Table 3. 

 
a) 

 

 
b)                                 

 
c) 

Fig. 9. Linear regression Testing result a) NAR b) NIO 

c) NARX  
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Fig. 10. Error Histogram Testing Result a) NAR b) NIO 

c) NARX  

 

Table 3 MAPE for testing data in a sunny day 

 

MAPE_N

AR (%) 

MAPE_N

ARX (%) 

MAPE_

NIO (%) 

Day1sunny 

day 6.00 2.56 3.70 

Day2sunny 

day 5.03 3.47 3.58 

Day3sunny 

day 5.29 3.76 2.95 

Day1 Rainy 51.96 44.88 49.07 

Day2Cloudy/

Rainy 24.04 18.63 15.98 

Day3Cloudy/

Rainy 17.98 13.87 12.89 

 

 
Fig. 11 PV power forecasting result for testing data in a 

Sunny Day 

 

 
Fig. 12. PV power forecasting result for testing data in a 

Cloudy/Rainy Day 

 

5. Conclusion 

This study proposes PV power forecasting using simple 

input parameters irradiance and temperature. Three 

models NAR, NIO, and NARX were utilized to 

determine the most effective model for forecasting PV 

power. The forecasting results were evaluated under 

varying input time series lengths and numbers of neurons. 

According to the experimental findings, the NARX 

model exhibited the highest performance due to its 

superior ability to learn and memorize historical datasets 

compared to the NAR and NIO models. The best 

performing NARX model used five input variables (Day, 

Month, Hour, Temperature, and Irradiance) with a time 

sequence delay of three hours and 50 neurons. Factors 

influencing forecasting accuracy included the size of the 

training dataset, data precision, and the model's 

capability to recognize patterns. While the forecasting 

model demonstrated high accuracy on sunny days and 

moderate accuracy on cloudy days, its accuracy 

diminished during rainy days. 
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