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Abstract: The power system has rapidly grown and expanded over the past decades and has been experiencing 

major changes and challenges. The increase in energy demand and the modern advancements in the smart 

grid, such as solar and wind energies and electric vehicles, have led to complexity and complications for 

utilities. A further layer of complexity and difficulty was added by the rapid expansion of behind-the-meter 

(BTM) photovoltaic (PV) systems with various designs and characteristic features. The rapid increase and the 

invisible solar power (BTM) have led to fluctuations in power grid stability and reliability and to inefficiency. 

Accurate forecasting of load generation will help to assure optimal planning, minimize the negative effects of 

the PV systems, and minimize the operational and maintenance costs. The authors propose a solution that uses 

combinations of K-means clustering with neural network machine learning models, AMI real-world PV load 

generation, and weather data to forecast the generation load at customer locations to achieve a 2.49% error 

between actual and predicted generation load. 

Keywords: machine learning; neural networks; PV power forecasting; smart meters; solar energy 

 

1. Introduction 

Electricity generation systems have traditionally been dominated by fossil fuel-based generators. 

Yet, because of these generators’ detrimental effects on the environment, the power industry is 

currently concentrating on green energy-based alternative generation technologies [1]. Solar energy 

photovoltaics (PVs) is one of the most desirable green energies among the many renewable energy 

resources since it has environmental and economic benefits [2]. In addition, the U.S. Department of 

Energy Solar Energy Technologies Office and the National Renewable Energy Laboratory (NREL) 

developed a solar future study, the findings of which were that solar will grow from 3% of the U.S. 

electricity supply today to 40% by 2035, 95% decarbonized, and 45% by 2050 to achieve 100% 

decarbonization [3]. However, the integration of solar PVs has added significant issues to the power 

grid, such as system stability, reliability, electric power balance, reactive power compensation, and 

frequency response. Solar PV generation forecasting has emerged as an effective solution to address 

these problems [4,5]. 

This manuscript is designed for the electric utility industry. It explores the importance of precise 

solar forecasting in various aspects of photovoltaic (PV) system management and operation. The 

accurate prediction of solar energy output offers numerous benefits, including the reduction of 

auxiliary device maintenance costs, increased PV system penetration, mitigation of the impact of 

uncertain solar PV output, and enhanced overall system stability. By utilizing advanced approaches 

such as neural network machine learning models, AMI real-world PV generation data, and weather 

data, the proposed methodologies for PV solar load forecasting provide additional industry-specific 

advantages. These include enhanced accuracy in load estimation, facilitating optimal planning and 

resource allocation. Moreover, the improved forecasting accuracy helps minimize operational and 

maintenance costs, ensuring efficient utilization of PV systems. Furthermore, it enables better 
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integration of renewable energy sources like solar PV, optimizing their contribution to the overall 

energy mix and promoting a more sustainable energy landscape. With the application of these 

approaches, the industry can achieve better operational efficiency, cost savings, and a reliable power 

grid while harnessing the full potential of solar energy resources. The key areas of focus in this study 

are the development of forecasting methodologies for solar PV power generation. These 

methodologies aim to optimize the utilization of solar energy by effectively predicting the amount of 

power that can be generated from PV systems. The forecasting models employed in this research 

consider several factors such as geographical location, climatic variability, input parameter selection, 

and training procedures. 

To achieve accurate solar forecasting, machine learning techniques are analyzed and compared 

in this manuscript. Machine learning has proven to be an effective tool in capturing complex patterns 

and relationships within solar data, enabling more precise predictions. By evaluating and comparing 

different machine learning algorithms, this study aims to identify the most suitable approach for solar 

PV generation load forecasting. 

To ensure the effective integration of solar power into the energy grid, fostering grid stability, 

advancing toward a more sustainable future and optimal planning, the contributions of this paper 

are as follows: 

(1) The model is specifically tailored for electric utilities. It is intended to be integrated into electric 
utility systems that utilize automated meter infrastructure (AMI) data for their operational 
processes. 

(2) We utilized real electric utility AMI data collected from customer locations in the proposed models. 
(3) We reduced the error between actual and forecasted load generation from 14.3% to 2.49% in all 

weather conditions and achieved excellent results in comparison with the best models. 
(4) We compared the model’s performance with multiple widely used algorithms in the context of 

photovoltaic power forecasting. 

The remainder of this manuscript is organized as follows: In Section 2, we highlight related work 

in solar generation forecasting techniques. In Section 3, we present our methodology, which consists 

of data collection and forecast models. In Section 4, we give the results for each model and evaluate 

the performance. In Section 5, conclusions and future work are discussed. References used in the 

article are in the last section. 

2. Related Work 

Energy forecasting is a well-known and long-standing concern in power systems. Nevertheless, 

with advances in artificial intelligence and machine learning over the past ten years, as well as the 

expansion of distributed energy resources, load forecasting has emerged as a key issue. There are 

different methodologies for energy forecasting. They can be classified into time-series models, 

regression models, and artificial neural network models [6]. 

Time-series models like autoregressive (AR), moving average (MA), and autoregressive moving 

average (ARMA) have lower data requirements and less computation cost [7]. However, the main 

challenges of these models are high complexity of time series data, low accuracy, and poor 

generalization ability of the prediction model [8]. These models were proposed in [9]. 

Regression models can be developed for different time ranges (short, medium, and long term) 

considering different influential environmental and temporal parameters [10]. Linear regression (LR) 

models are widely used in energy forecasting since they are simple and effective [11]. Another 

regression technique is support vector regression (SVR); it was developed to provide a relationship 

between two nonlinear variables. At times even SVR also fails to provide better results while 

considering the weather parameters [12]. In [13] and [14] the regression models including SVR were 

discussed and proposed. Artificial neural network (ANN) models are most used when dealing with 

complex problems or nonlinear patterns [15]; thus, these models were explored for solar power 

forecasting and are applied in [16–18]. 

Deep learning or deep neural network (DNN) has emerged in recent years; it is a development 

of neural networks with improved capacity to solve complex problems. A deep learning framework 

to predict PV power forecasting was discussed in [19,20]. Long short-term memory (LSTM) is a type 
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of deep learning network that has been widely utilized in time series forecasting and has shown 

powerful results [21]; this type of deep learning has been proven and demonstrated as highly effective 

models for several challenging learning tasks [22]. 

While many approaches have been proposed for load forecasting, there are still areas that have 

not been fully explored. Some potential areas for further development in load forecasting include 

incorporating more diverse data sources that can be leveraged, such as social media or building 

occupancy data, to improve forecasting accuracy. Load forecasting models assume that the statistical 

properties of the load data remain constant over time, but load patterns can change due to changes 

in consumer behavior, technological advances, or other factors. Developing methods to account for 

non-stationarity in load data could improve forecasting accuracy. Uncertainty is inherent in load 

forecasting, and incorporating methods to quantify and address this uncertainty could improve 

decision-making. Although load forecasting has traditionally been used for energy management, it 

could potentially be useful in other areas such as traffic management or supply chain optimization. 

Table 1 compares different methods used in top-cited journals for short-term solar generation 

load forecasting. The methods are evaluated on four criteria: Whether the models used smart meter 

data, whether the research data were obtained from multiple locations, the forecast horizon, and the 

limitations of each article. 

Our model uses AMI smart meter data, which is actual real-world data from customer locations, 

unlike the others, which used sample and device logger data. AMI smart meters measure and 

communicate actual load data at a customer-location level, which is more reliable and accurate. Also, 

we collected data from multiple geographical locations for an entire year, while some other 

researchers have their method applied to only one location, as shown in Table 1. 

The proposed model forecast horizon is 168 hours ahead or 7 days, which is longer than that of 

other models. It enables electric utilities to achieve better planning and resource allocation and helps 

operators in balancing the grid with other energy sources. The models in Table 1 present various 

limitations that impact the effectiveness of their forecasting methodologies, which is essential for 

accurate solar generation load predictions. The model in [23] fails to consider the crucial aspect of 

weather data, which is essential for accurate solar load predictions. In contrast, the model in [24] 

generates weather forecasts, but this approach introduces uncertainties and errors in the 

forecasting process. The model in [25] highlights a significant challenge of dealing with a large 

number of missing data, leading to limited evaluation of predictions during cloudy and rainy days. 

Additionally, the reliance of the model in [26] on expensive and complex numerical weather 

prediction (NWP) data raises concerns about the practicality and cost-effectiveness of the approach. 

The prediction performance in model [28] being worse on typhoon days calls attention to the 

need for more comprehensive data collection and consideration of extreme weather events. In model 

[29], the use of automatic data loggers is constrained by limited memory capacity and a lack of real-

time data, potentially limiting the timeliness and accuracy of predictions. Moreover, the model in [30] 

has insufficient training data samples and high computational processing, which negatively impacts 

the forecasting model’s performance and practicality. In the model in [31], the use of weather satellite 

images introduces complexity and expense, making it challenging for widespread implementation. 

Finally, the model in [32] has an inadequacy of training data samples, which directly affects the 

accuracy of forecasts, stressing the importance of sufficient data for robust predictions. In summary, 

each article’s limitations underscore the necessity of addressing data availability, data quality, and 

methodological choices to improve the reliability and applicability of solar generation load 

forecasting models. Our model uses the actual real-world data that utilities utilize for their day-to-

day operations. 

  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 November 2023                   doi:10.20944/preprints202311.0977.v1

https://doi.org/10.20944/preprints202311.0977.v1


 4 

 

Table 1. Comparison of short-term generation load methodologies in top-cited journals. 

Ref # Forecasting model 

Smart 

meter 

data 

Multiple 

locations 

Forecast 

horizon 
Limitations 

[23] Probabilistic no yes 1 h ahead Did not use weather data 

[24] 
K means Clustering 

with LSTM 
no no 12 h ahead Created weather forecast 

[25] ARX yes yes 2 h ahead 

Per the author: large 

number of missing data, 

not enough data to 

evaluate cloudy and rainy 

days. 

[26] 
Gradient Boosting 

trees 
no yes 72 h ahead 

Uses NWP data, which is 

complicated and highly 

expensive [27] 

[28] SOM and Fuzzy yes no 24 h ahead 

Per the author:  forecasts 

worse on typhoon days, 

need more data collection 

[29] SVR no no 24 h ahead 

Used automatic data 

logger, which are limited 

memory capacity and lack 

of real time data 

[30] 
Gaussian Process 

Regression 
no no < 1 h 

Per the author: only 33 

days used for training 

which affected the 

performance, high 

computational process 

[31] Autoregression no yes 6 h ahead 

Per the author: used 

weather satellite images 

which are complex and 

expensive 

[32] NN Ensemble no no 24 h ahead 

Per the author: not 

sufficient training data 

samples which affected 

the forecast performance 

This article 

K means clustering 

with LR DNN and 

LSTM 

yes yes 168 h ahead 
Uses actual electric utility 

data 

3. Methodology 

The purpose of this study is to propose a precise approach for solar PV power forecasting based 

on AMI load data and weather variables such as temperature, dew point, cloud coverage, and 

barometric pressure. Accurate forecasting methods are needed because these uncertainties affect PV 

power generation, which ultimately affects system stability. Figure 1 shows the flowchart diagram 

for the overall methodology. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 November 2023                   doi:10.20944/preprints202311.0977.v1

https://doi.org/10.20944/preprints202311.0977.v1


 5 

 

 

Figure 1. Flowchart diagram of the methodology. 

3.1. Data Collection 

The historical hourly actual generation load data were obtained from an electric utility in the 

U.S. Midwest region. The utility provided local weather information measured from weather stations 

at 12 different local airports. The data covered a period of 24 months, from January 2020 to December 

2021. The weather parameters contained in the dataset are temperature, barometric pressure, dew 

point, and cloud cover measured in oktas. In addition, the following calculated solar hourly sun 

positions in the sky were computed: the elevation angle in radians, the declination angle in radians, 

the azimuth angle in radians, and a Boolean variable denoting if the sun was above the horizon. Also, 

outliers were removed from the load data by month and by season using a box plots method. The 

data are not available to the public due to information security for the utility’s customers; however, 

a sample of scaled data is shown in Figure 2. 

3.2. Customer Grouping 

To improve the overall accuracy of the forecasting, a K-means clustering algorithm has been 

used to group the customers into different clusters based on their historical solar generation and 

weather factors. 

The algorithm used 2020 and 2021 historical time series data to group the customers. The 

optimum number of clusters into which the customers can be grouped has been determined by the 

elbow method. Four clusters have been determined by the elbow method as the optimum number to 

group the customers into. The clusters along with the calculated solar positions are called feature 

engineering (FE); they have been used as features in the models to forecast load. 

3.3. Forecasting Methods 

The weather parameters, calculated solar positions, and K-means clustering assignments were 

used as input features to train several supervised learning models to predict solar generation. Since 

there was data available from only 2 years, each model was trained using data from 2021 and was 

tested using 2020 data. 
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Figure 2. One day sample scaled data used for a given meter. 

3.3.1. Linear Regression (LR) 

A simple linear regression model was created to use an input for the deep neural networks 

model. Linear regression is a widely used method for load forecasting; it is a simple and easy-to-use 

method. Linear regression assumes a linear relationship between the dependent variable (load) and 

the independent variable (such as time or weather data), which is appropriate for load forecasting as 

load tends to follow a consistent trend over time. In addition, linear regression is efficient and able to 

handle large datasets, making it a practical option for load forecasting. 

3.3.2. Deep Neural Networks (DNN) 

Next, two fully connected feedforward neural networks were used to predict solar generation. 

Neural networks are preferred for short-term load forecasting due to their ability to model nonlinear 

relationships between variables, adapt to changes in load patterns, handle noisy and irregular data 

patterns, scale to large and complex datasets, and provide highly accurate forecasts. 

The first model used only the output of the linear regression model as an input to predict solar 

load. 

The second model also used the output of the linear regression model along with feature 

engineering FE to predict solar load. Each model used root mean squared error and mean absolute 

error and full batch gradient descent to optimize the weights. 

Each model used two hidden layers with the ReLU function as the activation function between 

layers. A grid search was used to search for the optimum layer sizes. The model was trained 5 times 

with different random starting states for each layer size option to ensure consistency of the results. 

3.3.3. Long Short-Term Memory (LSTM) 

Finally, an LSTM model was created to predict solar generation. LSTM (long short-term 

memory) is a type of neural network that is well-suited for handling sequence data and has been used 

for load forecasting due to its ability to capture long-term dependencies and temporal patterns in the 
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data. LSTMs have a memory component that allows them to retain and use information from past 

observations in the sequence, which is useful for forecasting load, as load can be influenced by 

historical trends. Like other neural networks, LSTMs can model nonlinear relationships between 

variables, which is important in load forecasting as load can be influenced by various nonlinear 

factors such as weather conditions. 

Rather than using features, sequential models like LSTM look at the previous solar generation 

values to predict the next most likely value in the future. The model was run in sequence to vector 

mode, where a sequence of the previous nine values was used to predict generation for one timestep 

into the future. 

Root mean squared error and mean absolute error were used to evaluate the performance as the 

model used a single LSTM layer. The model was trained using full batch gradient descent. A grid 

search methodology as described above was used to choose the optimum LSTM layer and window 

size. 

3.3.4. Combining K-means with LR, DNN and LSTM 

The primary benefit of a combined model lies in its ability to leverage the strengths of its 

component techniques, resulting in a more robust learning pattern. By addressing the weaknesses of 

individual methods, the combined model can improve overall accuracy and reinforce the respective 

advantages [33] of the component methods. Our model utilizes deep learning and LSTM, a cutting-

edge machine learning technique that utilizes artificial neural networks and has recently emerged as 

an approach for solar power forecasting [19]; this particular form of deep learning has been validated 

and showcased as a highly effective model for tackling numerous complex learning tasks, including 

load forecasting [22]. 

4. Model Results and Evaluations 

4.1. Data Collection 

After determining the optimum number of clusters using the elbow method, the meters were 

grouped into 4 clusters, based on their historical load generation and various weather factors. Figure 

3 shows the clustered meters plot. 

 

Figure 3. K-means clustering results. 

4.2. Forecasting Methods Results 

The performance evaluation of the three models utilized in this study was conducted by 

analyzing their respective metrics, including mean absolute error (MAE) and root mean squared error 
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(RMSE), as presented in Table 2. The method results were compared with the baseline model 

provided by the utility, with MAE of 14.32%, which represented their existing model. 

Table 2. Performance metrics evaluation. 

Models. MAE RMSE 

Utility Baseline 14.32% 23.13% 

LR+DNN 4.81% 8.56% 

LR+FE+DNN 2.49% 5.01% 

LSTM 2.69% 4.68% 

Among the models tested, the LR + FE + DNN model demonstrated the best MAE values, 2.49%, 

indicating strong average performance. However, it exhibited signs of overfitting, implying that it 

did not generalize well when presented with unseen data. On the other hand, the LSTM model 

showcased the lowest RMSE scores, 4.68%, suggesting superior overall performance when dealing 

with outliers or extreme values within the dataset. Moreover, the LSTM model displayed consistent 

performance across both the training and testing datasets, indicating its ability to effectively 

generalize and adapt to new data. 

Notably, from Table 2 and Figure 4 (a) (b) (c) and (d), the LSTM model, which yielded the lowest 

RMSE, closely approximated the actual peak generation values compared with the alternative model. 

Also, the model has a better prediction when there is a change in the actual generation load from one 

day to another as seen in Figure 4 (a) (b) (c) and (d). Based on these observations, it can be concluded 

that the LSTM model outperformed the other two models in terms of predictive accuracy and 

reliability. 

 

 

Figure 4. Forecasted outputs from models compared to actual generation. X axis is hourly/ Y axis is 

scaled generation in KW. (Generation Load Data is scaled between 0 and 1 due to customer privacy). 
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Overall, the findings highlight the favorable performance of the LSTM model and its potential 

for effectively forecasting generation load. 

The evaluation of the LR + FE + DNN model unveiled a noteworthy concern regarding its 

tendency to overpredict generation load, particularly in scenarios involving daily fluctuations in the 

actual load generation. This persistent overprediction phenomenon indicates that the model 

consistently projected values that exceeded the true load values. Such a pattern can have adverse 

effects, including inefficient resource allocation and operational inefficiencies. 

In contrast, the LSTM model demonstrated a superior capability to address this issue and offer 

more accurate load predictions. Leveraging its ability to capture long-term dependencies and 

effectively handle sequential data, the LSTM model proved adept at capturing and adapting to the 

daily changes in actual load generation. 

The visual representations in Figure 4 (a) (b) (c) and (d), showcase the remarkable proximity of 

the LSTM model’s forecasted outputs to the actual peak generation levels, serving as evidence of its 

enhanced accuracy in predicting load variations. By successfully capturing the underlying patterns 

and dynamics of the data, the LSTM model effectively tackled the challenges posed by daily 

fluctuations, resulting in predictions that closely aligned with the true values. 

The significance of avoiding overprediction of generation load lies in its practical implications. 

Overestimating load demand can lead to undesired outcomes, such as excessive resource allocation, 

unnecessary costs, and potential strain on the power grid. By effectively mitigating the 

overprediction issue, the LSTM model showcased its ability to deliver more reliable and precise load 

forecasts. This will enable utilities to optimize resource allocation, enhance operational efficiency, 

and maintain a stable and resilient power system. 

To establish a benchmark, the results from other research from Table 1 were included in the 

comparison, as shown in Table 3 [23,25,26,29]–[31] exhibit a relatively high MAE and RMSE in 

comparison with other methods. These models may not accurately capture the variability and 

patterns in the data [24] and [28] achieve a modest MRE, indicating relatively accurate forecasts 

compared with others; these are combined methods showing higher accuracy than single methods. 

In comparison with the best models referenced in Table 3, our best models achieved better results, 

with MAE 2.49% and RMSE 4.68%. This is likely due to the fact that our method combines the 

advantages of K-means clustering and LSTM networks. K-means clustering can identify patterns in 

solar power generation data, while the LSTM model is able to determine the temporal relationships 

between the data [34]. 

Table 3. Comparison of performance metrics. 

Ref # Method Type Error between Forecasted and Actual 

[23] 

[26] 

[30] 

[31] 

Probabilistic 

Gradient Boosting trees 

Gaussian Process Regression 

Autoregression 

MAE > 5%  

RMSE > 6% 

[24] K means Clustering with LSTM MRE 2.52% 

[25] ARX 
MAE 2%-6% 

RMSE >6% 

[28] SOM and Fuzzy MRE 3.295% 

[29] SVR RMSE 2.841% 

[32] NN Ensemble MAPE >5% 

This article best models 

K-means Clustering with 

LR+FE+DNN 

K-means Clustering with LSTM 

MAE 2.49% RMSE 5.01% 

MAE 2.69% RMSE 4.68% 
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5. Conclusion and future work 

The research conducted in this study is intended for electric utilities. It utilized its load 

generation, AMI, and weather data to forecast generation load using three different machine learning 

methods: linear regression, combined linear regression with deep neural networks, and long short-

term memory (LSTM) forecasting. The results were compared using MAE and RMSE values in Tables 

2 and 3. 

The research revealed the indispensable role of weather features in achieving precise forecasts 

for generation load. Considering the substantial variations in weather patterns across different 

seasons, accounting for these features proved critical for accurate predictions. Among the models 

assessed, the combined approach of linear regression with DNN, incorporating weather features, 

emerged as the most effective in generating highly accurate predictions for generation load, 

exhibiting minimal error. However, this model tended to over-forecast when weather changes caused 

the generation to increase or decrease from one day to the next. On the other hand, the LSTM model 

was able to solve this problem with great accuracy and precision, resulting in the lowest RMSE scores 

and consistent performance on both the train and test datasets. 

The success of these models opens possibilities for future work, such as monitoring solar 

locations and spotting unusual event behaviors. Additionally, the presented techniques can be 

applied to forecast the load of wind power generation. Overall, the findings suggest that 

incorporating weather data and using advanced machine learning techniques such as LSTM can 

significantly improve the accuracy and precision of generation load forecasting in the electric utility 

industry. 
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