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Abstract—Smartgrids of the future promise unprecedented 
flexibility in energy management. Therefore, accurate 
predictions/forecasts of energy demands (loads) at individual site 
and aggregate level of the grid is crucial. Despite extensive 
research, load forecasting remains to be a difficult problem. This 
paper presents a load forecasting methodology based on deep 
learning. Specifically, the work presented in this paper 
investigates the effectiveness of using Convolutional Neural 
Networks (CNN) for performing energy load forecasting at 
individual building level. The presented methodology uses 
convolutions on historical loads. The output from the 
convolutional operation is fed to fully connected layers together 
with other pertinent information. The presented methodology was 
implemented on a benchmark data set of electricity consumption 
for a single residential customer. Results obtained from the CNN 
were compared against results obtained by Long Short Term 
Memories LSTM sequence-to-sequence (LSTM S2S), Factored 
Restricted Boltzmann Machines (FCRBM), “shallow” Artificial 
Neural Networks (ANN) and Support Vector Machines (SVM) for 
the same dataset. Experimental results showed that the CNN 
outperformed SVR while producing comparable results to the 
ANN and deep learning methodologies. Further testing is required 
to compare the performances of different deep learning 
architectures in load forecasting. 
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I. INTRODUCTION 

Smart grids demand an unprecedented level of flexibility in 
the way energy is generated and distributed to minimize energy 
wastage and optimize usage [1]-[3]. Therefore, the power grid 
has to be able to dynamically adapt to changes in demand and 
efficiently distribute the generation. Further, the grid controller 
should have the capability of efficiently handing the distributed 
generation from various sources such as renewables [4]. 
Therefore, intelligent control decisions should be made in real-
time at aggregate level as well as at individual component level. 
Therefore, the ability of forecasting the future demands 
accurately is imperative [2], [5]. 

Forecasting the demand of individual component is as 
important as forecasting the aggregate demand in several fronts. 
In terms of demand response, individual component/ building 
level demand forecasting enables responding to local demand 
with local generations [2]. In terms of future uncertainty 
mitigation, demand/load forecasting at aggregate and individual 
component level, plays a crucial role [2]. Further, apart from 
being a major energy consumer by accounting for 20%-40% of 
the total worldwide energy production [6]-[8], buildings are 
shown to account for a significant portion of the total energy [9]. 

Accurate forecasts or predictions of the energy demand at 
building level can help optimize energy usage and minimize 
wastage at building level. The advent of smart meters have made 
the energy consumption data available. Thus, data driven and 
statistical modeling have been made possible [3]. 

Load forecasting is subcategorized in to three categories: 1) 
Short-term load forecasting (one hour to one week) 2) Medium-
term load forecasting (week to a year) and 3) Long-term load 
forecasting (longer than a year) [2]. Regardless of the category, 
load forecasting has been shown to be a difficult problem. In 
that, individual building level load forecasting has been shown 
to be a harder task than aggregate load forecasting [2], [10]. Two 
major approaches exist in literature for performing energy load 
forecasting: 1) Physics principles based forecasting and 2) 
Statistical and machine learning based forecasting. This paper 
focuses only on the second approach. In literature, many 
machine learning approaches have been explored. In [3], 
Artificial Neural Network (ANN) ensembles were used to 
perform the building level load forecasting. ANNs have been 
explored in detail for the purpose of all three categories of load 
forecasting [5], [11]-[13], [14]. In [15], support vector machines 
coupled with empirical mode decomposition was used to 
perform long term load forecasting. Kernel based multi task 
learning methodologies were used for electricity demand 
prediction in [16]. In [10], individual household electricity loads 
are modeled using sparse coding to perform medium term load 
forecasting. Apart from the methods enumerated above, a 
multitude of different methods are proposed in literature for 
solving the load forecasting problem. In the interest of brevity, 
an exhaustive coverage of the presented methods is not provided 
in this paper. Readers are referred to [17], [18] and [4] for 
comprehensive surveys of different techniques used for load 
forecasting. However, despite the extensive research, individual 
site/building level load forecasting remains to be a difficult 
problem.  

This paper investigates the possibility of using deep learning 
for performing individual building level load forecasting. Multi 
layered architecture of deep learning allows the learning process 
to be carried out with multiple layers of abstraction. Thus, deep 
learning architectures allow the learning structure to learn 
complex relationships between inputs and outputs and complex 
patterns in data. Thus deep learning has revolutionized a range 
of fields such as speech recognition and computer vision. A 
comprehensive overview and a review of deep learning 
methodologies can be found in [19].  

In previous work for load forecasting using deep learning, 
authors of [2], performed building level load forecasting using 
Conditional Restricted Boltzmann Machines (CRBM) [20] and 



Factored Conditional Restricted Boltzmann Machines 
(FCBRM) [21]. Authors compared the two methods to several 
traditional methods including Support Vector Machines and 
traditional or “shallow” Artificial Neural Networks (ANN). 
Their experimental results showed that the FCRBM method 
outperformed the other tested methodologies. In another deep 
learning approach, the authors use Deep Belief Networks for 
performing short-term load forecasting on a Macedonian hourly 
electricity consumption dataset [22]. They compare the results 
to an ANN and conclude that DBN significantly outperforms the 
ANN on the tested dataset. In [23], the authors present an 
ensemble method combining Deep Belief Networks and Support 
Vector Machines and present load forecasting as a test case of 
the presented deep learning based regression methodology. 

In our previous work, we investigated the effectiveness of 
using Long Short Term Memory (LSTM) based algorithms for 
building level load forecasting [24]. Two variants of the LSTM 
architecture were investigated: 1) standard LSTM architecture 
and 2) LSTM based sequence-to-sequence architecture. The 
same dataset which was used in [2] with the same train and test 
split was used for comparing results. It was shown that the 
sequence to sequence architecture performed well and produced 
comparable results with the FCRBM algorithm in [2]. 

This paper presents a continuation of the work of load 
forecasting using deep learning by exploring a different deep 
learning technique for performing building level energy load 
forecasting. The presented methodology uses Convolutional 
Neural Networks (CNNs) to perform the forecasting. In the 
presented work, multiple convolutional layers are used on 
historical load data before performing the final regression task. 
The presented CNN based load forecasting methodology was 
tested on a benchmark dataset which contained electricity 
consumption data for a single residential customer with time 
resolution of one hour. In order to compare results with the 
earlier work in deep learning, the same dataset used in [2] and 
[24] was used. To benchmark the performance, the same 

forecasting process was carried out using standard “shallow” 
Artificial Neural Networks (ANNs) and Support Vector 
Machines (SVM). Therefore, performance of CNN was 
compared against ANN, SVM, LSTM, LSTM-S2S and 
FCRBM. In addition to comparing with other algorithms, 
several architectures of CNNs were tested.  

The rest of the paper is organized as follows. Section II 
provides background on Convolutional Neural Networks. 
Section III elaborates the presented energy load forecasting 
methodology using CNNs. Section IV elaborates the 
experimental setup. Section V presents the experimental results. 
Finally, section VI concludes the paper.  

II. CONVOLUTIONAL NEURAL NETWORKS  

This section provides a brief overview on Convolutional 
Neural Networks (CNNs). 

CNNs are a special type of neural network, which is mainly 
used for processing data with a grid topology [25]. For instance, 
images can be viewed as 2D grids and time series data such as 
energy consumption data, can be viewed as 1D grids. CNNs 
have been used successfully literature mainly for computer 
vision tasks such as image classification [19], [26]. CNNs use a 
specialized linear operation named convolution in at least one of 
the layers in the network.  

Convolution is defined as an operation on two functions on 
real valued arguments [26]. The convolution operation is 
denoted with an asterisk.  

 )( wxs ∗=   (1) 

where x denotes the input function, w denotes the weighting 
function. In the context of CNNs, the weighting function is 
called a “kernel”. The output of the convolution operation is 
often called the “feature map” (denoted by s).  

 
Fig. 1: Convolutional Neural Network architecture employed for energy load forecasting 



The convolution operation is usually applied to inputs 
represented in multidimensional arrays. Further, the kernel is 
also a multidimensional array of weights that is changed as the 
algorithm learns through the iterations. Therefore, in a general 
case, since the inputs and kernels are multidimensional, the 
convolution operation is applied to more than one dimension. 
Thus, the convolution operation for a two dimensional input can 
be expressed as:  
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where I represents a two dimensional input, K represents a two 
dimensional kernel. S is the resulting feature map after the 
convolution.  

Each convolutional layer is comprised of three phases. The 
first phase performs the above described convolution operation 
and produces a feature map. Then, the elements of the feature 
map is run through a nonlinear activation function. The rectified 
linear activation function [27] is usually used in this stage [26]. 
Finally, a pooling function is used in the third stage to further 
modify and smoothen the feature map. The pooling operation 
makes the representation less susceptible to small variations in 
the input. Out of various pooling techniques, in the presented 
work, max pooling method is used. In max pooling, the 
operation returns the maximum value of a predefined 
rectangular neighborhood. Other pooling techniques such as 
average pooling, min pooling and weighted average pooling 
have been used in literature [26], [2].  

As mentioned, the designed network can consist of one or 
more convolutional layers. Once the convolutional layer(s) 
produce their outputs, the output is sent to one or more fully 
connected layers. Fully connected layers can be thought of as 
hidden layers in a standard neural network. The output layer is 
placed after the fully connected layers. The output layer 
performs a similar function to an output layer in a standard 
ANN. Learning process of the CNN is carried out using back 
propagation.  

III. CONVOLUTIONAL NEURAL NETWORKS FOR ENERGY LOAD 

FORECASTING 

This section elaborates the presented methodology for 
energy load forecasting using Convolutional Neural Networks 

The objective of the presented load forecasting methodology 
is to estimate the energy load for a time step or multiple time 
steps in the future, given historical electricity load data. For 
purpose of simplicity, in the presented work, the time step 
between two measurements are assumed constant. 

Let historical energy load data for M time steps be available. 
Then, the vector of available historical energy load data can be 
expressed as:  
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where y[t] represents the actual energy load measurement for the 
time step t. The forecasting algorithm should predict the energy 

load for the next N time steps. The vector of predicted N time 
steps can be expressed as:  
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where ][ˆ ty represents the forecasted/ predicted energy load for 

the time step t. 

In performing the energy load prediction, a pre-defined 
number of historic energy load measurements are fed into the 
convolutional layers of the CNN. Since energy load 
measurements are time series data, 1-D convolutions are 
performed on the data. As mentioned in the previous section, 
three stages of the convolution operation are applied to the 
historical data. Therefore, the input vector to the convolutional 
layers takes the same form as Eq (3). 

Once the convolutional operations are performed, they are 
forwarded to a set of fully connected layers. In this stage, in 
addition to the historic energy load measurement data, 
information about the date and time of the first prediction is fed 
into the CNN as inputs. The input vector for the fully connected 
layers of the CNN can be expressed as:  
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where fci


is the input vector for the fully connected layer, 
co
 is 

the output from the convolutional layers, 
][Mh ,

][ Mm , ][Mdw ,

][Mdm and 
][Mwf  represent the hour, month, day of the week, 

day of the month and a flag which is set if it’s a weekend for the 
time stamp of the first prediction. I.e. if historical energy load 
data for 10 previous time steps are used as inputs to make the 
prediction of next time stamps, time stamp data for the 11th time 
step is used as the input for the hidden layer. Fig. 1 shows the 
proposed CNN architecture for energy load forecasting. 

Standard back propagation is used for training of the model. 
A gradient descent model such as Stochastic Gradient Decent 
(SGD) is used to perform the optimization.  

The loss function for the optimization can be expressed as:  
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where L is expressed as the total prediction error for N future 
time steps.  

IV. EXPERIMENTAL SETUP 

This section elaborates the experimentation process of the 
presented methodology. First, the used dataset is introduced. 
Then, the specifics of the implementation are discussed. 

A. Dataset 

The presented CNN based energy load forecasting 
methodology was implemented on a benchmark dataset of 



electrical consumption. The used dataset contains electrical 
consumption data for a single residential customer named 
“Individual household electric power consumption dataset” 
[28]. The used dataset contains power consumption data for the 
period of four years (December 2006 – November 2010) with 
one-minute resolution. The dataset contains aggregate active 
power and three sub-metering measurements for three separate 
sections of the house. In the presented work, only the aggregate 
active power data are used. 

The dataset contains 2075259 active power measurements in 
the aforementioned range of dates. Even though the dataset 
contained one-minute resolution data, the study was conducted 
in one-hour resolution data. One-hour resolution data were 
obtained by averaging the one-minute resolution data. 
Therefore, the dataset was reduced to 34608 records. The dataset 
was split in to training and testing sets. In [2] and [24], first three 
years were used for training and the last year data were used for 
testing. For comparison, the same train test split was used. In 
addition, to get generalized performance, training was carried 
out using k-fold cross validation as well.  

B. Implementation Details 

As mentioned, the CNN based load forecasting algorithm 
was implemented on one-hour resolution data. The presented 
methodology was implemented to perform a forecast for the next 
60 hours. I.e. N in Eq. (4) was set to 60. In order to perform the 
said prediction, historic power consumption data for the 60 
immediate previous hours were fed in the CNN based 
methodology. I.e. M was set to 60 in Eq. (3). 

Therefore, 60 inputs were fed into the convolutional layers 
of the CNN. Since the inputs were time series data, it was 
considered to be data with the form of a 1D grid. Therefore, the 
Eq. (2) presented in Section II has to be modified for a 1D input. 
Further the kernel used in the convolution layers are defined as 
1 dimensional kernels. Fig. 1 shows the architecture of the 
designed CNN. In the implemented CNN, each of the 
convolutional layers were designed to have the above mentioned 
three phases; 1) convolution phase, 2) non-linear transformation 
and 3) pooling (subsampling) phase. As mentioned, the 
convolution phase for the three layers were carried out with 1D 
kernels. Non-linear transformation for all convolutional layers 
was carried out using the linear rectifier unit (ReLU) activation 
function. The pooling phase for all convolutional layers was 
performed using max-pooling. Once the convolutional layers 
produced their output, it was sent to a fully connected layer(s) 

(hidden layer (s)). In this experiment, two hidden layers with 20 
neurons each were used for all the test cases. The hidden layer 
used the ReLU function as its activation function. Since there 
were 60 outputs, the output layer contained 60 neurons. The 
output layer contained a linear activation function to produce 
outputs. Different CNN architectures with different 
convolutional layers, kernel sizes and pooling filter sizes were 
tested. Table I summarizes the different CNN architectures for 
each test case. For all architectures, for training, ADAM [29] 
algorithm was used as the gradient based optimizer. For all the 
test cases the same training and testing data were used. 

In order to provide a benchmark, the load forecasting process 
was carried out using a standard feed forward “shallow” ANN 
and Support Vector Machines (SVM). Historical energy load 
data for 60 previous time steps together with the same time step 

TABLE I: TESTED CNN ARCHITECTURES

Test case Filters Kernel Sizes Pooling filters Hidden layers 

1 [4] [[ 10 ]] [[ 2 ]] [20,20] 

2 [4] [[ 10 ]] [[ 5 ]] [20,20] 

3 [4] [[ 20 ]] [[ 2 ]] [10,10] 

4 [10] [[ 20 ]] [[ 2 ]] [10,10] 

5 [5, 5] [[ 10 ], [ 5 ]] [[ 3 ], [ 3 ]] [20,20] 

6 [4, 8, 8] [[ 10 ],[ 10 ],[ 6 ]] [[ 2 ], [ 2 ], [ 2 ]] [20,20] 

7 [4, 4, 8] [[ 10 ], [ 5 ],[ 2 ]] [[ 1 ], [ 1 ], [ 2 ]] [10] 

8 [4, 8, 16, 16, 32] [[ 3 ], [ 3 ], [ 3 ], [ 3 ], [ 3 ]] [[ 2 ], [ 2 ], [ 2 ], [ 2 ], [ 2 ]] [20,20] 

TABLE II: TESTING ERROR COMPARISON WITH OTHER 
ALGORITHMS  

Algorithm 

RMSE  

(Specific 
Training/Testing 
for Comparison) 

RMSE 

With Cross 
Validation 

CNN 0.677 0.732 

LSTM – S2S [24] 0.625 N/A 

FCRBM [2] 0.663 N/A 

SVM 0.814 0.895 

ANN 0.691 0.736 

 

TABLE III: ERRORS SUMMARY FOR DIFFERENT CNN TEST 
CASES (CROSS VALIDATION) 

CNN Test Case RMSE (Testing) 

1 0.732 

2 0.734 

3 0.746 

4 0.766 

5 0.744 

6 0.737 

7 0.757 

8 0.756 



data sent to the CNN were used as inputs to ANN and SVM. All 
three algorithms were implemented with K-fold cross validation 

V. EXPERIMENTAL RESULTS 

This section elaborates results obtained from the conducted 
experiments.As mentioned, the dataset was split in to a training 
set and a testing set. The training set contained data for the first 
three years and the testing set contained the data for the final 
year. This specific train/testing split was used to follow the same 
procedure used in [2] and [24] so that results can be compared. 
It was noticed that this specific split resulted in testing errors, 
which were less than the training errors. Even though this was 
an unusual observation, the specific split had to be used to be 
able to compare with the previous work done with DNN. In 
addition to the specific split, K-fold cross validation was 
performed for CNNN, ANN and SVM.  

Table II summarizes the results obtained from all the 
algorithms for testing sets in terms of RMSEs. It can be seen that 
all the DNN architectures perform better than the SVM but 
produced similar results to ANN. It was seen that the CNN 
slightly outperformed the FCRBM but not the LSTM-S2S 
presented in [24]. ANN performed better than the SVM but 
couldn’t outperform any of the deep architectures. 

As mentioned, it was noticed that when the specific training 
testing split was used, the testing error was lower than the 
training error. Therefore, it was important to get a more general 
idea of the algorithms performance. Table II presents the results 
obtained by 4-fold cross validation. It can be seen that when 
cross validation was performed, the results are not as good as the 
specific split. Cross-validated results were not available for the 
LSTM and the FCRBM.  

Fig.2 (a) and Fig.2 (b) depicts two samples from CNN 
predictions in the training and testing sets respectively. Figures 
show samples where the actual measurement is compared with 
the CNN estimation. In both training and testing it can be been 
that the CNN is able to follow the general trend of data showing 
capabilities of generalization. The superior generalization 
capability of CNN is shown in the cross validated results as well.  

In addition to comparing the presented method with other 
algorithms, several architectures of the CNN was tested as 
mentioned in Section IV (see Table I). As mentioned, eight 
different test cases were tried and it was seen that the much 
variation of the performance wasn’t shown, in training or 
testing, regardless of the architecture. Table III presents the 
results obtained over all the test cases. It was seen that Test Case 
6 (3 convolutional layers) managed to produce the lowest 
training error while Test Case 1 (1 convolutional layer) managed 
to produce the lowest testing error.  

However, the method needs to be tested on several different 
datasets and many architectures that are more different to 
accurately analyze effect of having multiple convolutional 
layers and different kernel sizes on the forecasting/ prediction 
accuracy. Further, all these methods need to be extensively 
tested on several datasets to be able to provide accurate 
comparisons on their performance.  

VI. CONCLUSION AND DISCUSSION 

This paper investigated the effectiveness of using 
Convolutional Neural Networks for individual building level 
energy load forecasting. The work was an extension of our work 
on deep learning based energy load forecasting in [24]. The 
presented method was implemented on a benchmark dataset of 
electricity consumption data for one residential customer. For 
comparison, load forecasting was carried out using ANN and 
SVM. The results obtained by CNN was compared to ANN, 
SVM and other deep architectures LSTM and FCRBM. In 
addition to the algorithm comparisons, testing was carried out 
with different CNN architectures that consisted of different 
convolutional layers. It was noticed that results didn’t vary much 
across the different architectures. The presented CNN managed 
to produce comparable results to the FCRBM presented in [2] 
and Sequence to Sequence LSTM presented by us in [24] on the 
same dataset. Therefore, it can be concluded that CNN remains 
to be a viable candidate for producing accurate load forecasts. 
However, it needs to be further tested with different datasets to 
validate the performance. In addition to these methods, authors 
in [22] and in [23] presented Deep Belief Networks for load 
forecasting. In order to compare the effectiveness of all these 
algorithms they need to be tested on different real world 
datasets. Further, majority of the work (except [22]) do not use 
weather data as an input to their work. It is important to add the 

Fig. 2(a): Sample 60 hour prediction – CNN (Training set) 
 

 
Fig. 2(b): Sample 60 hour prediction – CNN (Testing Set) 



weather data as inputs to the learning algorithms as it has a direct 
relationship with the energy consumption. As future work, we 
plan to compare the results of the above algorithms with weather 
data to find the effectiveness of deep learning algorithms in load 
forecasting. In addition, short term, medium term and long term 
forecasting will be carried out with different methods to check 
their effectiveness.  
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