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This project aims to make a comparative analysis of forecasting models for improving the 

accuracy of short-term power output predictions in distributed photovoltaic (PV) systems. 

By combining time-series decomposition techniques with advanced deep learning 

architectures, the goal is to develop a robust model that effectively captures the complex 

patterns and volatility in modern solar PV power generation. 

Specifically, this study obtained forecast results from real weather datasets and compared 

them with traditional PV power forecasting methods. The results show that the 

NeuralProphet model with weather inputs significantly improved forecasting accuracy, 

contributing to modern power forecasting techniques and the operational stability of 

electrical power systems. 
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𝐵 Lag operator 
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1  Introduction 

Over the past decade, photovoltaic electricity generation has been the fastest-growing power 

source worldwide (Jäger-Waldau, 2022), and renewable power capacity is projected to grow 

faster between 2025 and 2030 than it did over the previous five-year period in more than 80% 

of countries worldwide (IEA, 2025). With the large-scale deployment of distributed 

photovoltaics, the precision of photovoltaic power forecasting has become increasingly 

important. To ensure grid stability and boost the ability to consume green energy, short-term 

power forecasting is increasingly important. Accurate PV power forecasting can provide a 

solid technical foundation for grid dispatch, energy management, and electricity market 

operations (Ahmed and Khalid, 2019). Different forecasting horizons support different 

power-system applications. Short-term solar forecasts are particularly useful for power plant 

operations, grid balancing, dispatching, automatic generation control (AGC), and trading; 

while long-term solar forecasts are beneficial to utilities and ISOs for unit commitment, 

planning, and balancing (Inman et al., 2013). 

However, as the process of electricity production for photovoltaics is highly dependent on 

weather and seasonal factors, these uncertainties make PV power exhibit clear randomness, 

nonlinearity, and non-stationarity, imposing a burden on grid stability (Antonanzas et al., 

2016). Therefore, improving the accuracy of distributed PV power forecasting remains an 

important topic in the current energy system. 

1.1  Background and Targets 

Nowadays, the precision of PV power forecasting has become increasingly important. 

Nevertheless, as the process of electricity production from photovoltaics is highly dependent 

on weather and climate, the burden of maintaining stable grid operation has been imposed 

(Li and Zhang, 2020). 

Although many approaches have been proposed recently for distributed PVs, it remains 

challenging to achieve stable, accurate power forecasting due to the small scale of individual 

systems and the complexity and limitation of regional meteorological conditions (Zhu et al., 

2025). This study aims to build and test an advanced solar PV power prediction model and 



contribute to the stable operation of grids with renewable energy supplies. With 

improvements in renewable energy supply stability, local grids could reduce the overall cost 

of net-zero energy systems and increase system resilience (IPCC, 2022). 

1.2  Challenges in Short-Term Distributed PV Power Forecasting 

Power prediction for distributed solar PV systems currently faces multiple challenges due to 

the characteristics of solar energy. These challenges include the difficulty of weather 

forecasting across different locations and of forecasting solar time and air quality. Changes 

in solar irradiance, cloud movement, and temperature fluctuations can affect the prediction 

results significantly (Bamisile et al., 2025). In addition, discontinuities of patterns, non-

stationarities of data, and different influential environmental factors can increase the burden 

of forecasting difficulties for solar PV power (Luo et al., 2025). Additionally, the 

degradation of PV modules remains a challenge that negatively impacts long-term power 

forecasting accuracy, especially when unexpected adverse weather conditions occur 

(Iheanetu, 2022). 

It is also worth noting that the difficulty of modeling PV power will be increased when power 

forecasting is used for distributed systems because of the climate differences in different 

regions, which cause inherent stochasticity and intermittent fluctuations (Tahir et al., 2024). 

In high-latitude areas or areas with complex climate conditions, such as snow cover, air 

quality, and seasonal variations, the prediction accuracy can be further reduced. These 

factors have reduced the predictive accuracy of traditional PV power forecasting methods. 

Therefore, more accurate methods are required to improve the performance of PV power 

forecasting. 

1.3  Related Work and Research Gaps 

Existing data-driven power forecasting approaches for PV power can be classified into 

persistence models, traditional statistical models, and machine learning methods 

(Mauladdawilah et al., 2024). The Persistence model, also known as the Naïve model, 

predicts the future value based on the current step. Traditional statistical models such as 

SARIMA have been widely used for their simple structure and high interpretability, but they 



are weak for predicting nonlinear relationships. Machine learning methods have improved 

the flexibility of predictions but often require complex feature engineering. 

NeuralProphet is a powerful time-series prediction framework for PV power forecasting that 

has been proposed in recent years. It includes time-series decomposition, seasonal 

components, and autoregressive terms. These characteristics give it strong potential in 

distributed PV power forecasting (Triebe et al., 2021). 

However, existing research on the application of advanced time series forecasting models 

often focuses on the construction and optimization of the models themselves, lacking 

comparisons with traditional baseline models. Therefore, the effectiveness of time-series 

decomposition and machine learning methods in distributed PV power forecasting has not 

yet been fully verified. 

In this study, a comparison of NeuralProphet with baseline models is conducted. By 

conducting analysis in different regions, this study could find the regular pattern of each 

model and evaluate the improvement of time series and machine learning methods used in 

distributed PV power forecasting, therefore fulfilling the current research gaps. 

1.4  Research Objectives and Contributions 

The study mainly contributes to the research and development of the renewable energy field, 

especially in distributed photovoltaic (PV) power forecasting. 

In addition, the study provides valuable insights for the operation of energy systems and 

electric power systems. Specifically, accurate PV power forecasting can improve energy 

management efficiency and reduce the risks associated with power system uncertainty. 

Furthermore, by comparing different forecasting techniques, the study also provides a 

comprehensive perspective for areas that require precise forecasting, such as weather 

prediction, supply chain management, and modeling social structures. 

  



2  Methods 

This research is mainly based on data-driven methods for distributed PV power forecasting 

across different forecasting horizons. Research processes included data collection, 

preprocessing, baseline forecasting model construction, and NeuralProphet model design. 

After simulations, a comparison is made based on each model's performance and accuracy. 

The main implementation of this study is carried out in the Python environment. 

2.1  PV System and Weather Data Sources 

The data used in this study included the power generated by distributed PV systems as well 

as the time and location of each corresponding site. Data of power generated by distributed 

PV systems can be sourced from historical operating records of actual distributed PV 

systems and from different locations representing distributed photovoltaic systems. 

In this study, two real-world datasets were used: 

1. High-resolution PV power data generated from an Indian PV plant with a temporal 

resolution of 15 minutes. This open-sourced dataset is obtained from IEEE Dataport 

(Jethani, 2025) and used for training machine learning models. 

2. Distributed PV generation data from multiple sites in Calgary, Canada, and 

corresponding meteorological data for each site. The PV generation data are from Open 

Calgary and Kaggle (Lee, n.d.), and the corresponding meteorological data are from 

NASA POWER (NASA POWER, n.d.), using the Data Access Viewer (DAV) to extract 

solar irradiation for each site. 

Before model training, data preprocessing steps are conducted, including handling missing 

values, converting timestamps to a unified format, and formatting the data into a time-series 

structure. These steps are necessary to ensure the consistency and suitability for time-series 

modeling. 



2.2  Baseline Forecasting Models 

To evaluate the performance of the NeuralProphet model for power forecasting in distributed 

PV systems, this study selected multiple representative baseline models for comparison and 

analysis. 

The selected baseline models include the simple Persistence Model, the traditional statistical 

model used for time series analysis and forecasting (Seasonal Autoregressive Integrated 

Moving Average, SARIMA), as well as the NeuralProphet model without weather 

parameters. 

By comparing NeuralProphet with these baseline models, the improvement from advanced 

time-series decomposition and machine learning methods in PV power forecasting is clearly 

demonstrated. 

2.2.1  Persistence Model 

The persistence model is a simple, widely used standard benchmark model used in weather 

and power forecasting (Nespoli et al., 2019). Its basic logic assumes that the value output at 

the next step will be the same as the value output of the most recent observed step (i.e., 

tomorrow is equal to today) (Dutta et al., 2017). In this study, the persistence baseline was 

defined according to the forecasting horizon. Specifically, for the 24-hour forecasting task, 

the previous day's power generation was used as the forecast for the next day. For the 7-day 

forecasting task, the power generation of the previous week was used as the prediction for 

next week. For the Calgary daily forecasting task, the power generation of each day was 

assumed to be equal to that of the previous day. 

It can be expressed as the following equation: 

𝑦𝑡+1 = 𝑦𝑡 (1) 

Where 𝑦𝑡 refers to the power output for the current time step, and 𝑦𝑡+1 refers to the power 

output for the next time step. 

Although the model's structure is simple, because PV power exhibits some temporal 

continuity, it remains valuable and widely used for short-term PV power forecasting. 



Therefore, the persistence model is often used as a standard baseline model in PV power 

forecasting studies (Das et al., 2018; Long et al., 2014). 

2.2.2  Statistical Model SARIMA 

The Seasonal Autoregressive Integrated Moving Average (SARIMA) is a classical statistical 

time-series forecasting method. ARIMA is a classical statistical time series forecasting 

method (Box et al., 2015), and SARIMA extends the traditional ARIMA model by 

introducing additional seasonal autoregressive, differencing, and moving average 

components. Therefore, it is suitable for time series with repeated seasonal patterns.  

The non-seasonal part of SARIMA includes the following three key components: AR (Auto 

Regressive) can forecast future values based on historical data; I (Integrated) can stabilize 

the sequence by using differences; MA (Moving Average) can capture the relationship 

between current values and past errors, thus correcting the prediction. 

The seasonal part of SARIMA includes the following three key components: Seasonal AR 

can model the relationship between current values and past observations from previous 

seasonal cycles; Seasonal I can stabilize the series by applying differencing across seasonal 

intervals; Seasonal MA can model the relationship between current values and past forecast 

errors from previous seasonal cycles. 

Due to its ability to model both temporal dependence and seasonal structures, SARIMA is 

widely used in load predictions and power predictions of wind turbines and solar PVs 

(Szostek et al., 2024). 

The general form of SARIMA can be explained by the following function: 

𝑆𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠 (2) 

Where p, d, and q represent the orders of the autoregressive, differencing, and moving 

average components, respectively; P, D, and Q represent the orders of the seasonal 

autoregressive, differencing, and moving average components; and s represents the seasonal 

period (Hyndman and Athanasopoulos, 2021). 

The mathematical explanation of SARIMA can be expressed as: 

𝛷(𝐵𝑠)𝜑(𝐵)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑋𝑡 =  𝛩(𝐵𝑠)𝜃(𝐵)𝜀𝑡 (3) 



Where 𝐵 is the lag operator, 𝜑(𝐵) and 𝜃(𝐵) represent the non-seasonal autoregressive and 

moving-average polynomials, respectively; 𝛷(𝐵𝑠) and 𝛩(𝐵𝑠) represent the seasonal 

autoregressive and moving-average polynomials; 𝑑 and 𝐷 are the non-seasonal and seasonal 

differencing orders; 𝑠 is the seasonal period; 𝑋𝑡 is the observed time series; and 𝜖𝑡 is a white 

noise error term. 

However, SARIMA assumes linear, stationary changes in the prediction values, which limits 

its performance when forecasting power under non-linear weather conditions. 

2.3  NeuralProphet Model Framework 

NeuralProphet is a successor to Facebook Prophet; it provides an explainable forecasting 

framework with time-series decomposition and neural network-based autoregression (Triebe 

et al., 2021). 

The model can be expressed as: 

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + 𝑟(𝑡) + 𝜖𝑡 (4) 

Where the forecast is mainly decomposed into trend, seasonality, autoregressive effects, and 

residual error (NeuralProphet, n.d.). 

Compared to traditional models, NeuralProphet provides several advantages: 

1. Time Series Decomposition:  

The model separates trend and seasonality to improve interpretability. This helps the model 

to distinguish daily patterns from repeated temporal data such as PV power generation. 

2. Autoregressive neural network 

It can use lagged values as inputs, thus enabling the model to capture temporal dependencies. 

For the Indian forecasting tasks, lag windows of 2 days and 14 days were used for the 24-

hour and 7-day forecasting tasks, respectively; for the Calgary daily forecasting task, no 

predefined fixed lag window was used, and the model was trained using full historical PV 

power data. 

 



3. Incorporation of exogenous variables 

It can incorporate exogenous parameters to improve forecast performance. In tasks such as 

PV power forecasting, key parameters such as solar irradiation can be added as future 

regressors, enabling the model to make more accurate predictions.  

In this study, two NeuralProphet models were evaluated: NeuralProphet without weather 

inputs and NeuralProphet with weather inputs. Specifically, for NeuralProphet with weather 

inputs, future irradiance values were added as exogenous regressors in the Indian forecasting 

tasks, and values of irradiance, temperature, humidity, and wind speed were added as 

exogenous regressors in the Calgary daily forecasting task. 

4. Flexibility for multi-step forecasting 

By configuring the model parameters, NeuralProphet can achieve one-step forecasting or 

multi-step forecasting. 

2.4  Model Training and Evaluation Strategy 

In this study, three commonly used metrics, including MAE (Mean Absolute Error), RMSE 

(Root Mean Square Error), and MAPE (Mean Absolute Percentage Error), are used for 

evaluating the forecasting performance across four models. 

The metrics are defined as follows: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

(5) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

(6) 

𝑀𝐴𝑃𝐸 =
100%

𝑛
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖
|

𝑛

𝑖=1

(7) 

Where 𝑦𝑖  represents the actual value, 𝑦̂𝑖 represents the predicted value, and 𝑛 is the total 

number of observations. 



Specifically, MAE refers to the average error size, and RMSE gives more severe penalties 

for large errors. MAPE presents normalized error as a percentage, which is ideal for model 

comparisons. All these evaluation indicators are widely used in machine learning and model 

training. 

In this study, each prediction script first generates the corresponding prediction file. 

Therefore, the corresponding values of MAE, RMSE, and MAPE are calculated using a 

unified method. In the unified calculation method, MAE and RMSE were computed using 

all valid aligned actual and predicted values, while MAPE was calculated only for samples 

with actual PV power greater than 20 to avoid distortion caused by near-zero night-time 

values and to ensure meaningful percentage-based error evaluation. This treatment was 

necessary for this study because MAPE is undefined when the actual value is zero (Kim and 

Kim, 2016). The unified calculation process ensured a clear, fair comparison across all 

models and experiments. 

2.5  Forecasting Scenarios 

To comprehensively evaluate the performance of each model, three scenarios based on 

different datasets, temporal resolutions, and forecasting horizons are designed for the study. 

Table 1 summarizes the mainstream PV power forecasting classifications based on their 

forecast horizon. 

Table 1. Summary of PV power forecasting classifications based on forecasting horizons, 

adapted from Iheanetu (2022) 

Forecast Horizon Time/Period Application 

Very short-term Seconds to 1 minute Power distribution control 

Short-term 1 hour-several hours Grid balancing, dispatching, and scheduling 

Medium-term 1 week-1 month Power system maintenance planning 

Long-term 1 month-1 year Power generation, transmission, and distribution planning 

 

In this study, a 24-hour forecasting task and a 7-day forecasting task are considered as short-

term and medium-term forecasting tasks, respectively, while a 31-day forecasting task is 

considered as a long-term forecasting task to evaluate the stability of each model. 



2.5.1  Short-term forecasting 

For the open-sourced Indian PV dataset on IEEE Dataport and Kaggle with a 15-minute 

temporal resolution, one short-term forecasting task was designed to evaluate the short-term 

forecasting performance of each model. The dataset is available from 15 May 2020 00:00:00 

to 17 June 2020 23:45:00. The aim of this task is to evaluate the short-term forecasting 

performance and responsiveness of each model. 

For the 24-hour forecasting task, the goal is to forecast PV power output from 17 June 

00:00:00 to 17 June 23:45:00, across a total of 96 forecasting steps.  

For the persistence model, the full power profile from the previous day (16 June 2020 

00:00:00 to 16 June 2020 23:45:00) was used to predict the next day. 

For the SARIMA model, the training period covered the historical power sequence from 15 

May 2020 00:00:00 to 16 June 2020 23:45:00.  

For the NeuralProphet model without weather inputs, the same training period was used. The 

prediction lag window was the previous 2 days of power data, from 15 June 2020 00:00:00 

to 16 June 2020 23:45:00. The lag window included 192 points. 

For the NeuralProphet model with weather inputs, the same lag window and training period 

were used. Moreover, it also included future irradiance values from 17 June 2020 00:00:00 

to 17 June 2020 23:45:00. 

2.5.2  Medium-term forecasting 

For the same Indian PV dataset, a 7-day medium-term forecasting task was designed to 

evaluate the forecasting performance of each model over a longer period. The aim of this 

task is to further evaluate the stability and reliability of each model. 

For the 7-day forecasting task, the target is to forecast the future PV power from 11 June 

00:00:00 to 17 June 23:45:00. The task included 672 forecasting steps.  

For the persistence model, the historical power generation of the previous week (4 June 2020 

00:00:00 to 10 June 2020 23:45:00) was used as the power prediction for the next week.  



For the SARIMA model, the training period covered from 15 May 2020 00:00:00 to 10 June 

2020 23:45:00.  

For the NeuralProphet model without weather inputs, the same training period was used. The 

lag window for prediction was the power data from the previous 14 days, from 28 May 2020 

00:00:00 to 10 June 2020 23:45:00. The lag window included 1344 points in total.  

For the NeuralProphet model with weather parameters, the same lag window and training 

period were used. Additionally, future irradiance values from 11 June 2020 00:00:00 to 17 

June 2020 23:45:00 were also used to evaluate the effects of weather parameters. 

To ensure a fair comparison between baseline and NeuralProphet models, all models were 

evaluated using the same forecasting period and corresponding, clearly defined historical 

inputs. 

2.5.3  Long-term forecasting 

For the Calgary dataset with a temporal resolution of 1 day, a 31-day long-term forecasting 

task is designed for three distributed PV systems in Calgary: Calgary Fire Hall Headquarters, 

Richmond – Knob Hill Community Hall, and Southland Leisure Centre. The PV power 

generation data covered the period from 1 January 2018 to 31 December 2020 with a daily 

temporal resolution. The training period for the three sites is from 1 January 2018 to 19 May 

2020, and the 31-day testing period is from 20 May 2020 to 19 June 2020, corresponding to 

31 prediction steps. The aim of this task is to evaluate the long-term stability of each 

forecasting model. 

For the persistence model, the previous day's PV power generation was used as the prediction 

for the next day. 

For the SARIMA model, historical PV power generation data from 1 Jan 2018 to 19 May 

2020 were used as training data to predict PV power generation over the next 31 days. 

For the NeuralProphet model without weather parameters, the same data and training period 

are used; for the NeuralProphet model with weather parameters, in addition to the same 

power generation data for training, future meteorological regressors were also used to 



evaluate the effects of weather inputs. In this task, no manually predefined lag window was 

used for NeuralProphet models. 

The meteorological regressors used for NeuralProphet with the weather model in Calgary 

included irradiance, temperature, humidity, and wind speed. Therefore, the Calgary 

experiment is designed to evaluate the effects of future meteorological information on the 

performance of distributed PV power forecasting. 

2.5.4  Model Configuration 

To ensure the fairness of model comparison, all models are evaluated based on the same 

dataset and testing period. The persistence model, SARIMA model, and NeuralProphet 

models are tested using the same forecasting period. 

For the NeuralProphet model without weather inputs, it used only historical power 

generation data. The NeuralProphet model with weather inputs also used future-known 

weather variables as exogenous regressors. Specifically, the NeuralProphet with weather 

model used solar irradiation as an exogenous regressor in the Indian tasks and used solar 

irradiation, temperature, humidity, and wind speed as exogenous regressors in the Calgary 

task. 

To reduce the impact of randomness during machine learning training, 9 seeds were used 

in the NeuralProphet tests. Random seeds can be used to control stochastic processes in 

machine learning, such as random weight initialization and other training-related 

randomness (Raste et al., 2022). Therefore, different random seeds were used in this study 

to evaluate the robustness of the NeuralProphet model. The results of NeuralProphet tests 

in this study were based on the average of these seeds. This strategy improved the 

robustness and the fairness of model comparisons. Moreover, the strategy reduced the 

impact of randomness on forecasting accuracy. A detailed analysis of randomness in 

machine learning models, such as NeuralProphet, is also presented in the results. 

  



3  Results 

This chapter presents the prediction results for different forecasting models, including 

baseline models (Persistence and SARIMA) and the NeuralProphet model. The comparison 

of results is based on visualized analysis and quantitative evaluation metrics. The 

quantitative evaluation metrics include MAE, RMSE, and MAPE. Moreover, a randomness 

analysis of the NeuralProphet model is also conducted by using different random seeds. 

3.1  Baseline Forecasting Models 

Baseline Forecasting models, which include the persistence model and SARIMA, are widely 

used in real PV power forecasting. The results of baseline forecasting models are first 

analyzed for further comparison with the NeuralProphet model. 

3.1.1  Persistence Model 

The persistence model assumes that the current value equals the historical value. For the 

Indian PV site, the full power profile from the previous day was used as the forecast for the 

next day. Figure 1 shows the forecasting results from the persistence model at a 15-minute 

temporal resolution for the Indian PV site. The temporal resolution of Indian PV Plant 1 is 

15 minutes, enabling high-frequency data and capturing short-term fluctuations. 

 

 

 



 

Figure 1. Persistence Model Forecast for 24-hour forecasting (Indian Site) 

Figure 2 shows the forecasting results for the same site over a 7-day period. In this task, the 

full power profile from the previous week was directly used as the power forecast for the 

next week. The persistence model can accurately predict daily patterns of PV power 

generation. However, due to differences in power generation between the two consecutive 

weeks, the prediction curve differs from the actual power generation on some days. 

 

Figure 2. Persistence Model Forecast for 7-day forecasting (Indian Site) 

Figure 3 shows the performance of the persistence model across multiple sites in Calgary. 

In this task, the power generation of each day was assumed to be equal to that of the previous 

day. Results show the persistence model can track the daily power generation trend to a 

certain extent. However, deviations from actual values persist for several days, indicating a 

limited ability to capture changes in daily PV power generation. 



 

Figure 3. Persistence Model Forecast for 31-day forecasting (Calgary PV Sites) 

3.1.2  Statistical Model SARIMA 

The following figures show the forecasting results for different sites using the Seasonal 

Autoregressive Integrated Moving Average (SARIMA) statistical model. 

For the 1-day forecasting task at the Indian site, as shown in Figure 4, SARIMA captured 

the trend in the actual power output. Some deviations can be observed around the rapid 

fluctuations from 10:00 to 17:00. 

 



 

Figure 4. SARIMA Model Forecast for 24-hour forecasting (Indian Site) 

The 7-day forecasting task, as shown in Figure 5, shows that SARIMA successfully captures 

the daily periodicity, indicating its ability to model structural data. However, it fails to 

accurately predict peaks and valleys, leading to accumulated forecasting errors. 

 

Figure 5. SARIMA Model Forecast for 7-day forecasting (Indian Site) 

The Calgary results shown in Figure 6 indicate that the SARIMA-based prediction curve is 

considerably smoother than the actual power output. It fails to capture the main day-to-day 

variations in PV power generation. This indicates the limitations of the SARIMA model 

under highly variable weather conditions. 



 

Figure 6. SARIMA Model Forecast for 31-day forecasting (Calgary PV Sites) 

3.2  NeuralProphet Model Framework 

3.2.1  NeuralProphet without weather 

The NeuralProphet without weather parameters is forecasted solely from historical data. It 

represents a machine-learning-based forecasting model using only historical PV power data. 

Figure 7 shows the 24-hour power forecasting by NeuralProphet without weather parameters. 

NeuralProphet without weather parameters can still predict the overall trend of power output 

but fails to accurately predict peak and valley values. 



 

Figure 7. NeuralProphet Forecast without Weather Inputs for 24-hour forecasting (Indian 

Site) 

The 7-day forecasting task is shown in Figure 8. NeuralProphet without weather parameters 

still shows its ability to model the periodic daily trends. However, as the forecasting period 

extends to 7 days, more inaccurate peaks and valleys occurred in the prediction due to its 

strong dependence on historical data. 

 

Figure 8. NeuralProphet Forecast without Weather Inputs for 7-day forecasting (Indian Site) 

Figure 9 shows the NeuralProphet model's predictions for different sites in Calgary without 

weather parameters. The model fails to analyze the daily power output of each site, as its 

forecasting curve is rather smooth and inaccurate. This results in relatively large errors 

compared to other forecasting models. 



 

Figure 9. NeuralProphet Forecast without Weather Inputs for 31-day forecasting (Calgary 

PV Sites) 

3.2.2  NeuralProphet with weather 

When weather parameters were introduced, the NeuralProphet model's performance 

increased significantly. The following figure shows the NeuralProphet predictions with 

weather parameters for the Indian site and multiple sites in Calgary. 

For the 24-hour prediction on the Indian site, the NeuralProphet model with weather 

parameters achieved very high accuracy. The forecasting results captured most of the peaks 

and valleys accurately, and the predicted curve aligns well with the actual power output 

curve. 



 

Figure 10. NeuralProphet Forecast with Weather Inputs for 24-hour forecasting (Indian 

Site) 

For the 7-day forecasting task at the Indian site, the model learned the daily patterns 

effectively and achieved high predictive accuracy over time. 

 

Figure 11. NeuralProphet Forecast with Weather Inputs for 7-day forecasting (Indian Site) 

For the one-month forecasting task across multiple sites in Calgary, NeuralProphet with 

weather parameters model captured both the magnitude and timing of power generation at 

each site. Compared with baseline models and the NeuralProphet model without weather 

parameters, the forecasting results are more accurate and more stable. 



 

Figure 12. NeuralProphet Forecast with Weather Inputs for 31-day forecasting (Calgary 

PV Sites) 

3.3  Error Analysis 

In this study, indicators such as MAE (Mean Absolute Error), RMSE (Root Mean Square 

Error), and MAPE (Mean Absolute Percentage Error) are used to evaluate the models. 

For the 24-hour forecasting task at the Indian Site, the NeuralProphet model with weather 

inputs performs best, with the lowest MAE, RMSE, and MAPE. The forecasting accuracy 

of the persistence model is close to that of the traditional SARIMA model and NeuralProphet 

without weather inputs. 

Table 2. Error Comparison for 24-hour forecasting (Indian Site) 

Model  MAE RMSE MAPE 

Persistence  1976.62 3987.53 53.63% 

SARIMA  1574.03 2927.13 57.34% 

NP without weather  1376.07 2245.36 52.35% 



NP with weather  250.98 488.11 14.89% 

 

The results show the significance of weather information for short-term PV power 

forecasting. Weather information helps the NeuralProphet model capture the variability 

caused by environmental factors, thereby increasing overall forecasting accuracy. 

For the 7-day forecasting task at the Indian site, the NeuralProphet model with weather 

inputs also performs the best. However, compared with a 24-hour forecasting task, the 

NeuralProphet model without weather input shows significant performance degradation, 

with a very high MAPE. 

Table 3. Error Comparison for 7-day forecasting (Indian Site) 

Model MAE RMSE MAPE 

Persistence 2157.57 3875.42 49.54% 

SARIMA 1590.15 2932.60 40.37% 

NP without weather 1770.32 3079.31 131.04% 

NP with weather 622.05 1100.69 26.70% 

 

For the monthly forecasting task among all three sites in Calgary, similar patterns can be 

observed. The NeuralProphet model with weather input achieved the lowest MAE, RMSE, 

and MAPE across all three sites. The persistence model is stable but less accurate. The 

NeuralProphet model without weather parameters and the SARIMA model show moderate 

performance, indicating limitations in capturing the long-term daily pattern of PV power 

generation. 

Table 4. Error Comparison for 31-day forecasting (Calgary Fire Hall Headquarters) 

Model MAE RMSE MAPE 

Persistence 26.60 32.17 39.45% 

SARIMA 25.15 29.64 34.21% 

NP without weather 24.10 31.83 35.98% 

NP with weather 8.20 10.29 10.15% 

 

  



Table 5. Error Comparison for 31-day forecasting (Richmond – Knob Hill Community 

Hall) 

Model MAE RMSE MAPE 

Persistence 15.69 20.25 39.25% 

SARIMA 14.99 18.23 28.22% 

NP without weather 14.84 19.56 29.75% 

NP with weather 5.26 6.53 10.71% 

 

Table 6. Error Comparison for 31-day forecasting (Southland Leisure Centre) 

Model MAE RMSE MAPE 

Persistence 217.20 273.46 39.72% 

SARIMA 216.47 258.61 63.65% 

NP without weather 215.29 287.22 80.89% 

NP with weather 68.02 86.55 15.41% 

 

Overall, the results demonstrate that inputting weather parameters can significantly increase 

the forecasting accuracy of the NeuralProphet model. It can also be observed that the 

traditional Persistence model has decent accuracy in PV power forecasting, highlighting the 

continuity of PV power generation and the influence of environmental factors. The results 

also show that SARIMA-based statistical models may struggle to handle complex PV power 

data, which is consistent with current studies (Xiao et al., 2021). 

3.4  Randomness Analysis 

To better evaluate the robustness and randomness of the deep learning model NeuralProphet, 

a randomness analysis is conducted using NeuralProphet with weather inputs for the 24-hour 

forecasting task at the Indian Site. The following figure and table show the differences in 

forecasting errors across random seeds. 



 

Figure 13. Forecast Reliability and Random Seed Uncertainty of NeuralProphet with 

Weather Inputs for 24-hour forecasting (Indian Site) 

 

Table 7: Seed Results for 24-hour forecasting (Indian Site) 

Seed MAE RMSE MAPE 

0 375.32 695.55 20.80% 

1 308.19 569.61 20.50% 

11 361.43 633.75 16.64% 

12 328.26 619.63 16.77% 

13 282.14 548.71 19.91% 

14 331.67 577.78 19.79% 

15 330.83 592.76 18.48% 

17 291.90 554.05 15.47% 

42 280.60 551.34 17.86% 

Average 250.98 488.11 14.89% 

 

The results show that the model's performance varies across different random seeds, 

demonstrating that it depends on the training process and random initialization. 

However, the MAE, RMSE, and MAPE fluctuate within a relatively limited range, 

demonstrating the overall robustness of the NeuralProphet model with weather parameters. 



It can also be observed that the average result of these 9 seeds achieves the lowest MAE, 

RMSE, and MAPE compared to individual runs. Averaging results across multiple seeds 

can be regarded as a simple ensemble strategy, and the results demonstrate that ensemble 

forecasting can significantly reduce forecasting errors and enhance performance (Bethard, 

2022; Wu et al., 2021). 

  



4  Discussion 

The study has analyzed different methods of power forecasting for distributed PV systems, 

including baseline models such as the persistence model and the traditional statistical model 

SARIMA. The NeuralProphet framework, based on machine learning and a time-

decomposition method, has also been analyzed and compared with baseline models. The 

results of this study show that the NeuralProphet model with weather inputs can provide 

more accurate forecasts than traditional baseline models across most of the selected 

scenarios. Although the accuracy of each model can be evaluated against real historical data 

from PV systems, in energy engineering applications, numerical indicators cannot fully 

assess each model's ability or potential. The robustness, adaptability, and computational 

efficiency of each model also need to be considered across a broader range of evaluations. 

One major strength of NeuralProphet is its ability to incorporate exogenous weather data to 

forecast future values. In selected scenarios, the meteorological inputs showed strong 

significance in improving the capture of PV power variations, resulting in the lowest metrics 

compared to other baseline models and NeuralProphet without weather inputs. However, 

one limitation of NeuralProphet is that its forecasting accuracy is strongly dependent on the 

resolution and accuracy of the input data, especially meteorological inputs. The study finds 

that the performance of NeuralProphet is relatively poor without incorporating 

meteorological parameters. This finding indicates the difficulty of forecasting complex 

fluctuations for machine learning models based on historical data. 

As the proportion of renewable energy connected to grids increases, their uncertainties and 

volatilities are becoming increasingly important for grid operation. Improving the 

forecasting accuracy of PV power has great importance to the integration of renewable 

energy. Higher accuracy of renewable energy power prediction, especially PV power 

prediction, will reduce the uncertainty of renewable energy integration and make the 

operation of modern power systems more stable. In modern energy systems operation, 

knowing the accurate prediction value of future PV power generation can help make crucial 

decisions regarding energy scheduling, such as the usage of energy storage, adjustable load, 

and backup energy. 



In the practical deployment of PV power forecasting, there are more factors that need to be 

considered besides forecasting accuracy. The availability, resolution, and accuracy of local 

meteorological data, the complexity of computing and available computation resources, as 

well as the requirement of time cost for forecasting, are all key considerations in the practical 

PV power forecasting work. Machine-learning-based NeuralProphet usually needs more 

computing power and resources, as well as high-quality input data. Moreover, the 

uncertainty of the meteorological data prediction also increases the potential error of the 

machine-learning-based PV power forecasting tools, such as NeuralProphet. Forecasting 

accuracy and difficulty of meteorological data in different regions and seasons may also 

differ; the potential error of meteorological data forecast will lead to the error of PV power 

forecast.  

In terms of distributed PV systems, the power prediction is more difficult and more complex 

than for an individual PV site. Even in the same city, the temperature, cloud conditions, and 

installed capacities may also differ. In this case, an accuracy forecasting approach not only 

benefits the power prediction of individual PV systems but also helps to understand the 

general behaviour of regional PV power patterns, thus benefitting local renewable energy 

integration. The future work should not only focus on the improvement of existing 

forecasting models but also emphasize the selection of input features and parameters to 

achieve more stable and accurate prediction results. Additionally, future studies could 

include the degradation factors of PV modules to improve long-term PV power forecasting, 

which was briefly explained in the introduction.  
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