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Abstract –The share of Renewable Energy Sources (RES) 
in modern power systems shows a significant rising trend. 
Due to RES production variability, as well as the stochastic 
nature of the consumption side, accurate forecasting models 
are paramount for grid operation. Load and photovoltaic 
(PV) generation forecasting models are used in Energy 
Management Systems (EMS) for optimizing the energy 
balance between the distribution grid and households (energy 
communities) with PV and battery systems. Load forecasting 
difficulty increases with the reduction of the number of 
observed objects (multiple to individual households), as well 
as with an increase of the timeseries resolution (daily to 1h or 
intra-hour). This paper presents a comparison of supervised 
deep learning models for 24h ahead load forecast at 1h 
resolution of 12 aggregated households. Raw data is 
preprocessed, and the resulting dataset contains a total of 286 
days with uninterrupted 24h sequences. Hyperparameters of 
the forecasting models are optimized using Keras Tuner in 
Python. The obtained results are analyzed and compared 
before and after using unsupervised clustering as additional 
input features.  
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INTRODUCTION 

Decentralized electricity production is increasing 
rapidly in modern power systems. Self-consumption is 
enabling local production of low-emission electricity from 
renewable energy sources (RES) which, when integrated 
with the distribution grid, satisfy the consumption side. An 
increase in the number of prosumers (self-consumers) 
reduces the need for transmission of high amounts of 
electricity over long distances [1], where the Energy 
Management Systems (EMS) present key technology for 
modern-day distributions systems, having the ability to 
shift the consumption from peak load times and reduce the 
local generation excess energy into the distribution grid [2]. 
The investors increase their investment profitability by 
increasing the self-consumption of their total system.   

Self-consumption systems include individual or 
multiple households (or residential buildings) with grid-
connected photovoltaic (PV) and battery energy storage 
systems (BESS). The optimal size of PV and BESS is 
usually determined as maximizing the self-consumption by 
minimizing the energy exchange with the distribution grid 
[3] or by maximizing the savings on the electricity costs [4]. 
BESS increases the rate and capacity of self-consumption 

[1], and can be used as an uninterrupted power source, or to 
minimize the electricity costs in market pricing structures.  

When dealing with market price-based electricity and 
power-based distribution tariffs, BESS together with 
accurate load and PV forecasting models enables the 
battery control system (part of EMS) to utilize the total 
system’s capacity most economically. In the market price-
based electricity model, BESS could be charged when the 
price is low, and discharged when the price is high [5]. In 
the power-based distribution tariff, the highest power could 
be reduced by discharging the BESS during peak time and 
thus the prosumer could obtain cost savings [6].   

This paper researches a day-ahead load forecasting at 
one hour (1h) resolution for 12 aggregated households as 
one part of EMS.  The other two parts of the EMS, which 
are not presented in this paper, include a day-ahead PV 
power forecasting model and an optimization model for 
grid–household–PV–BESS operation in dynamic market 
pricing structures and will be presented in future papers. 

 

LITERATURE REVIEW 

In [7], the authors research a method for optimal sizing 
of household PV systems in the Croatian net-metering 
model. The authors in [8]–[10] present the methods for 
optimal sizing of the PV and BESS systems for households. 

Models which optimize grid–household–PV–BESS 
operation, considering load and/or PV power forecast, are 
presented in [1], [3], [11], [12]. In [13], the authors 
suggested a new forecast-based operation strategy for 
increased battery lifetime and reduced curtailment of PV 
power. Reducing the average state of charge of the battery 
by limiting the stored energy according to the predicted 
energy demand during the night, the authors in [13] reduced 
the levelized cost of electricity by up to 12%. 

In [14], the authors used a deep residual neural network 
to forecast the day-ahead load of 925 households at 1h 
resolution to achieve an effective power system operation. 
The authors in [15] used the Support Vector Machine 
(SVM) based model to forecast the aggregated smart 
households demand response capacity to enable the load 
aggregator (LA) trading with the system operator in the 
day-ahead market. The authors in [16] present, due to high 
individual household consumption volatility, a 
probabilistic forecasting approach to increase the flexibility 
in the power system due to the increasing usage of heat 
pumps and electric cars at the residential level.  
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DATASET 

 The electrical consumption dataset used in this 
research is published in [17], [18]. The total dataset 
contains measurements of electric power consumption 
(aggregated and per appliance) for 20 households at 8 
second resolution with different spans of historic data.  

Dataset preprocessing  

The above dataset has been preprocessed in the 
following manner: 

 12 (out of 20) household datasets have been used,  
 8s resolution has been upscaled to 1h resolution 

using the mean approach (presented as Wh/h), 
 missing values have been removed so that the 24h 

sequence (for all days) stayed preserved, 
 total consumption of each household has been 

aggregated with the rest of the observed 
households to obtain the total consumption for 12 
households (all sharing the common time span). 

After preprocessing, the total dataset contains 286 days of 
uninterrupted 24h sequences. 

 
Figure 1. a) Plot of the total dataset b) Boxplot of the total dataset 

As shown in Figure 1, the daily power consumptions 
are volatile and stochastic, containing a significant number 
of outliers. This presents an opportunity for the dataset to 
be clustered in several specific consumption profiles (types 
of days).  

Unsupervised clustering 

Dataset has been rearranged into a matrix of 
dimensions 286×24, where each hour in a day (for all 286 
days) is represented as one input feature for the clustering 
algorithms. Unsupervised clustering algorithms used in 
this paper are K-means, Birch, Gaussian Mixture, and 
Spectral Clustering, as described in [19]. To determine the 
effective number of clusters, various simulations were 
conducted (Figure 2).  

For the K-means algorithm, as described in [20], the 
elbow method is used. The distortion (used in the K-means 
elbow method) represents the sum of squared distances of 
samples to their closest cluster center (representing how 
well the dataset was clustered), as described in [21]. A 
good model is one with low distortion and a low number 

of clusters. However, this is a tradeoff, since the increase 
of the number of clusters decreases distortion.  

When using the Gaussian Mixture model (which gives 
a probability distribution for the dataset), the Akaike 
Information Criterion (AIC) and Bayesian Information 
Criterion (BIC), described in [22], were used to determine 
the effective number of clusters. BIC and AIC provide a 
quantitative measure of how accurate the model is by using 
the penalty for overfitting and underfitting, where the 
penalty value is larger for BIC than for AIC [22].  

Results for the K-mean and Gaussian Mixture models 
are presented in Figure 2.   

 

 
Figure 2. a) K-means 15 cluster search space b) Gaussian Mixture 7 

cluster search space  

Considering previously described heuristic methods 
(distortion, BIC, and AIC) for determining the effective 
number of clusters, the selected number of clusters is 4. All 
4 clustering algorithms are used as input features, 
however, due to the space limitation of this paper, only 
results obtained from the K-means algorithm are presented 
in Figure 3.  
 

 
Figure 3. Clusters obtained using K-means algorithm 
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Unsupervised clustering 

Since the residential electricity consumption is 
extremely volatile and stochastic, a quality set of input 
features must be chosen to obtain more accurate 
predictions.  

The following features are considered: 
 aggregate – total consumption (Wh/h) 
 K-means, Birch, Gaussian Mixture, and Spectral 

Clustering – 4 clusters ∈ C 
 wind gusts – forecasted (km/h) ∈ W 
 feels-like temperature – forecasted (°C) ∈ W 
 day of week ∈ W 
 day of year ∈ W 
 month in year ∈ W 

 
Figure 4. Pearson correlation matrix 

Analyzing the Pearson correlation matrix (on an hourly 
basis) presented in Figure 4, there is no strong correlation 
of the input features with the electricity consumption. The 
reason is mainly the fact that only 3 (of 12) households 
contain an electric heater (as their heating source), and thus 
show some small correlation with the weather features. All 
the other electrical appliances are turned on-off 
stochastically and can’t be accurately put in direct 
correlation with input features.  

Data normalization and metrics  

 The dataset was normalized using the Min-Max Scaler 
approach described in [23] and can be described as follows: 

Xnormalized = 
( )

( ) ( )
        (1) 

where X and Xnormalized represent input vectors before and 
after normalization, and min(X) and max(X) represent 
minimum and maximum value of the vector X.   

Metrics used in this paper to validate the model are 
nRMSE and nMAE, described in [24] as following:   

nRMSE = 
( )

 ∙  (P
( )

− P
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)2 (2) 

nMAE = 
( )∙ 

 ∙  P
( )

− P
( )

      (3) 

where Ppred(i) and Preal(i) represent predicted and measured 
load for the ith hour, and Pmax(N) represents the maximum 
value of P in the observed interval of N = 24h. 

Input data structure 

Dataset has been restructured as a 3D tensor with 
dimensions of 12×168×6 (or 10) which corresponds to 
batch size × timesteps × number of features. Past 7 days 
(batches of 12) are used as inputs to forecast the next 24h.  
The sliding window size is 24h.  

 
Figure 5. Input data in the 3D structure 

Three following combinations of the input features are 
examined during the training of the models: 

1. Aggregate, W – shifted 24h ahead 
2. Aggregate, C, W – shifted 24h ahead 
3. Aggregate, (C & W) – shifted 24h ahead. 

For the training, validation, and testing purposes, the total 
dataset of 286 (×24h) days is split as follows: 

 The training set contains 217 days (≈ 76 %) 
 The validation set contains 39 days (≈ 14 %) 
 The test set contains 30 days (≈ 10 %). 

During the training process, the batches of training data are 
shuffled before the start of each epoch. 

 

DEEP LEARNING MODELS 

Three main deep learning models are used in this paper, 
as well as their hybrid modifications, making a total of 6 
NNs. The multi-layer perceptron (MLP), the recurrent 
neural network (RNN), and the convolutional neural 
network model (CNN).  

The forward and backward propagation, as well as the 
gradient descent algorithm of the MLP model, can be found 
in [25]–[28].  

As described in [24], [29]–[32], the LSTM neural 
network is a type of RNN which is often used when dealing 
with complex time series regression problems, especially 
with longer input sequences. Using LSTMs helps overcome 
the problem of vanishing or exploding gradients which may 
occur in deep MLPs or standard RNNs [33]–[35].  

The authors in [36]–[39] used CNN hybrid models 
(integrated with LSTMs or ARIMA-LSTM) to solve 
timeseries forecasting problems in the energy field. In 
timeseries problems, CNNs usually solve feature extraction 
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problems at the entry-level, where the LSTMs serve for 
sequential learning. 

Hyperparameters optimization – search space  

To find the optimal hyperparameters for the deep 
learning models, the search space for each model needs to 
be defined. Keras Tuner was used in the optimization 
process together with the Bayesian Optimization 
algorithm, described in [40].    

MLP search space: 

 1st Dense layer: hidden units = (250 – 2500, step 
of 500), act fcn = tanH or ReLU, dropout = (0.1 
or 0.2)  

 2nd to 8th Dense layer: same settings as for the 1st 
layer, tuner chooses the number of hidden layers 

LSTM search space:  

 1st LSTM layer: hidden units = (50 – 450, step of 
100), act fcn = tanH, dropout = (0.1 or 0.2)  

  2nd to 4th LSTM layer: same settings as for the 1st 
layer, tuner chooses the number of hidden layers 

CNN search space: 

 1st Conv1D layer: filters = (2 – 4, step of 1), kernel 
size = (2, 4, or 12), act fcn = ReLU 

 2nd to 4th Conv1D layer: same settings as for the 
1st layer, tuner chooses the number of hidden 
layers 

 Dropout layer = (0.1 – 0.5, step of 0.1) 

CNN-LSTM search space: 

 1st Conv1D layer: filters = (2 – 4, step of 1), kernel 
size = (2, 4, or 12), act fcn = ReLU 

 2nd to 4th Conv1D layer: same settings as for the 
1st layer, tuner chooses the number of hidden 
layers 

 5th and 6th LSTM layer: hidden units = (50 – 350, 
step of 100), dropout layer = (0.1 – 0.3, step of 
0.1), act fcn = tanH 

For all neural network structures, the dense output layer 
consists of 24 neurons (next 24h consumption) and the 
tuner chooses between the ReLU and Sigmoid activation 
function. Also, the search space for Bidirectional LSTM 
(BiLSTM) NN is the same as for the LSTM one, and the 
CNN-BiLSTM search space is the same as for the CNN-
LSTM one. Furthermore, all NNs receive 168×6 (or 10) 
structured data, only MLP receives flattened data in the 
input layer.   

 

RESULTS 

The average values of nMAE and nRMSE, calculated 
for each day in the total test set, are presented in Table 1. 
All models (except CNN) have the lowest errors when 
using features in combination 1 (Aggregate, W – shifted 
24h ahead). The same combination makes LSTM have the 
lowest average nMAE while making BiLSTM have the 
lowest average nRMSE.  

ANN models in Figures 6 – 8 (labeled 1 – 6) correspond 
to labels from Table 1 (MLP – CNN-BiLSTM), in the 
same order.  

Table 1. Average errors on total test set  
 

MLP 

% 
LSTM 

% 
BILSTM 

% 
CNN 

% 

CNN-
LSTM 

% 

CNN-
BILSTM 

% 
NMAE1 11,43 11,26  11,72 13,29 12,26 11,75 

NRMSE1 15,34 15,17 15,15 16,8 16,09 15, 43 
NMAE2 12,36 12,34 13,08 12,33 12,8 12,29 

NRMSE2 16,36 16,32 17,40 16,1 17,1 16,55 
NMAE3 12,15 12,07 12,46 11,72 13,83 13,6 

NRMSE3  16,16 16,08 16,15 15,36 17,95 17,98 

 CNN shows the highest average errors with features in 
combination 1. Also has the highest daily error with the 
same combination (Figure 6 – a yellow outlier in model 4) 
but has the lowest average error with input features in 
combination 3, as well as the lowest dispersion of errors 
(Figure 7). 

 
Figure 6. 3D scatter plot of daily errors with features in combination 1 

CNN-LSTM NN shows the highest daily error (Figure 7 – 
a yellow outlier in model 5), but also shows a great 
tendency to capture sudden changes (spikes) in household 
consumption (Figure 10).  

 
Figure 7. 3D scatter plot of daily errors with features in combination 3 
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Figure 8. 3D scatter plot of training (lower curves, purple-yellow) and 
validation (upper curves, black-yellow) MSE values through 80 epochs 

of training 

Figure 8 shows MSE (cost function) values for training 
and validation sets, through 80 epochs and all ANN 
models. CNN shows the most stable MSE values for the 
training and validation dataset. It also shows the least 
dispersion and volatility in the MSE values, which 
corresponds to the low dispersion of errors on the test set 
(Figure 7). 

Random two days from the test dataset are forecasted 
using all ANN models with input features in combinations 
1 and 3. The results are presented in Figures 9 and 10.  

 
Figure 9. Random two days from the test set (features in combination 1) 

When comparing Figures 9 and 10, it can be observed 
that some curves (predictions) in Figure 9 are somewhat 
smoother than the predictions in Figure 10. The main 
reason for this is the sigmoidal activation function of the 
dense output layer. When using the sigmoidal activation 

function, it gives a probabilistic distribution of the output 
vector. It does reduce the overall average error of the 
forecasting model but can miss capturing a sudden change 
(spike) in the consumption, which gives the opportunity to 
ReLU activation function. 

 
Figure 10. Random 2 days from the test set (features in combination 3) 

Due to the limitations of this work, the following 
advances may be considered in future research: 

 additional supervised deep learning models, 
 dataset size increase (286 days in total may be 

insufficient), 
 different window sliding steps, 
 additional unsupervised clustering models (which 

may be useful in overcoming the sudden changes in 
the consumption behavior), 

 expanding the search space for the hyperparameters 
optimization model, 

 more input features with higher correlations, 
 probabilistic deep learning approach (because of the 

high volatility patterns of consumption), 
 reinforcement learning approach.  

 

CONCLUSION 

Advanced Energy Management Systems are of great 
importance in the transition to decarbonized power 
systems. Accurate production and consumption forecasting 
models present an opportunity for their integration in the 
EMS, to increase the profitability of the self-consumption 
systems. While maximizing the investors' profitability, 
EMS can also help grid operators to maximize the grid 
flexibility for stable and economic operation purposes.  

Supervised deep learning models show great potential 
for solving regression problems, such as day-ahead load 
forecasting. Even though day-ahead load forecasting of a 
single household (or a small number of aggregated 
households), due to their stochastic behavior, represents a 
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complicated task, this research has provided models with a 
minimum overall average nMAE of 11,26% and minimum 
daily nMAE of 7,21%. CNN alone, and in the combination 
with BiLSTM NN shows great opportunity for the 
stochastic timeseries forecasting problems. This research 
shows that there is significant potential in the deep learning 
field, that needs to be further investigated to improve the 
accuracy of the models.  
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