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Abstract: In this paper, we analyze, model, predict and cluster 

Global Active Power, i.e., a time series data obtained at one 

minute intervals from electricity sensors of a household. We 

analyze changes in seasonality and trends to model the data. We 

then compare various forecasting methods such as SARIMA and 

LSTM to forecast sensor data for the household and combine 

them to achieve a hybrid model that captures nonlinear variations 

better than either SARIMA or LSTM used in isolation. Finally, we 

cluster slices of time series data effectively using a novel clustering 

algorithm that is a combination of density-based and 

centroid-based approaches, to discover relevant subtle clusters 

from sensor data. Our experiments have yielded meaningful 

insights from the data at both a micro, day-to-day granularity, as 

well as a macro, weekly to monthly granularity. 

 
Keywords: Time series, Forecasting, SARIMA, LSTM, RNN, 

Clustering 

I. INTRODUCTION 

The integration of the internet and electronic devices has 

led to an abundance of data from the Internet of Things (IoT) 

industry. Data obtained from these sensors, if leveraged 

properly, can yield useful patterns that could help in making 

informed business decisions. Examining the electricity 

domain, notable reliance on this resource results in high 

power demand. This necessitates planning of electricity 

resources well in advance to ensure a continuous supply of 

power both in the present and the future. Modeling, 

forecasting and clustering of electricity consumption is hence 

of paramount importance in deregulated electricity markets 

for stakeholders across various aspects of the market, 

including energy wholesalers, traders, retailers, and 

consumers. The ability to accurately forecast the future 

electricity consumption will ensure effective planning and 

efficient operations, ultimately leading to increased financial 

profits. Moreover, energy-related time series forecasting and 

clustering plays an important role in the planning and working 

of various sensor based devices, as well as the entire power 
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grid system [1]. Sensory information is typically data points 

through time, or time series. A time series is a sequence of 

real-valued signals or observations that are measured at 

successive time intervals. The application of time series data 

include areas such as economics, finance, environment, and 

medicine and often manifests in the form of streaming in 

many real-world systems. Time series prediction and 

clustering has been successfully used in a wide range of 

domains including speech analysis, noise cancellation, and 

stock market analysis [2]. 

Previous works on similar datasets with respect to time 

series analyses have followed different forecasting 

approaches. An autoregression model, AR(1) with a high pass 

filter was used to forecast data on monthly electric energy 

consumption in Lebanon [3]. When comparing this with 

ARIMA (Auto Regressive Integrated Moving Average), it 

was found that the latter has a lower error rate when predicting 

monthly and quarterly consumption of electricity in a typical 

household [4]. 

In ARIMA, differences between the output values are taken 

instead of the absolute values to make the data stationary. 

Predictions of weekly and monthly usage are performed using 

ARIMA. However, for making daily predictions using 

ARIMA on IoT data, the seasonal component must also be 

considered. Thus SARIMA could be used to model the data 

instead. When considering even shorter time-frames, 

predictive models will be inaccurate due to the high amount of 

variations. Hence, an alternate approach to extract meaningful 

insights from hourly data needs to be explored. Clustering 

shorter time slices would yield useful motifs that could later 

be analyzed in collaboration with domain knowledge to better 

model the data [5]. 

With the advent of higher computational resources, it is 

now feasible to employ artificial neural networks for tasks 

such as classification and prediction [6]. Furthermore, it has 

been shown that neural networks are capable of 

approximating any continuous function [7] and have hence 

been used in forecasting of financial data series [8]. Neural 

networks are beneficial over traditional time series prediction 

methods such as ARIMA and Box Jenkins in that neural 

networks can learn non-linear relationships between the 

inputs and outputs. 

Amongst Neural Networks themselves, and in particular, 

LSTMs, there are several approaches (architectures) which 

can be applied for Time Series data. These include (1) 

Sequence to Sequence Architecture and (2) Ensemble LSTM 

Network via Adaptive Weighting. 
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There is often an emergence of motifs discovered as an 

output of clustering or time series analysis of data sets. The 

key problem to solve is to find an optimal set of patterns or 

clusters from a large time series data and label them in order 

to differentiate good patterns from anomalies, which 

consequently helps in automating anomaly detection of noisy 

data sets. 

Closest solution to the problem therefore is to use 

density-based clustering schemes like DBSCAN and 

OPTICS. However, absolute density algorithms without 

contextual input about the metric to cluster data often fail to 

be effective in clustering data sets which have recurring 

patterns that exhibit very little variation. An ideal approach to 

enhance such approach is to provide a multi-step algorithm 

which can firstly take context specific distance metric for 

clustering and then perform refinement of the clusters to 

improve the efficiency of clustering data into representative 

clusters assisting in a clear pattern driven outcomes. 

The proposed novel clustering approach primarily uses the 

above two premises to solve outcome driven clustering 

problem demonstrated on real-time datasets. It is a novel 

technique to do a parameter light, time series motif clustering, 

helping to find clusters of similar waveforms effectively on 

real-time series data.  

This paper attempts to successfully model the usage of 

electricity in a common household by combining the above 

mentioned forecasting and clustering methods. 

II. RELATED WORK 

Our work comprises two main tasks: modeling and 

forecasting and clustering. Relevant work reported in 

literature for these tasks on time series data are described 

below. 

A. Forecasting 

The current explorations towards accurately forecasting 

electric power consumption with time series data have used 

two main approaches: (1) Conditional Restricted Boltzmann 

Machines and Factored Conditional Restricted Boltzmann 

Machine (CRBM) that is a recently proposed model for time 

series that has a rich, distributed hidden state and permits 

simple, exact inference. It has an efficient, approximate 

learning algorithm called contrastive divergence [9]. 

However it performs poorly with null values, as the content 

must be clearly specified by the user and (2) Least Square 

Regression that computes the least squares approximation of 

linear functions to data [10]. Although being highly efficient, 

this method is unsuitable for datasets with non linear terms. 

This is because these terms curve relatively slowly, and for 

inherently non linear processes it becomes increasingly 

difficult to find a linear model that fits the data well as the 

range of the data increases. 

B. Clustering 

There exists a multitude of clustering algorithms that are 

capable of handling time series data. Among the most popular 

include hierarchical clustering [11]. The main advantage with 

hierarchical clustering is the fact that it does not require the 

number of clusters to be formed beforehand. This parameter 

can be very difficult to determine, and hence the method is 

used for various time series clustering [12] [13]. However, 

hierarchical clustering drastically drops its performance when 

dealing with large time series datasets [14]. This scalability 

issue leads us to other classes of clustering algorithms. Pure 

density based approaches, such as DBSCAN and OPTICS 

exist [15]. However, these methods tend to cluster IoT data 

very loosely, and clusters obtained are not very pure. But most 

of these algorithms either rely on hard parameters or are not 

robust enough for noisy IoT data. 

Some measures of similarity between time series data 

include Euclidean distance, Pearson’s correlation coefficient 

and Dynamic Time Warping (DTW) distance. Euclidean 

distance is a good and inexpensive measure for similarity 

between time series data provided that there is nearly zero 

phase difference between the motifs to be discovered. 

However, this in practice is a challenging task, and generally, 

arbitrary slices are to be clustered. Euclidean distance takes 

an adverse hit in such a scenario and does not capture the 

similarity between time series data accurately. Pearson’s 

correlation coefficient suffers from the same limitation. 

DTW, however, is much more forgiving of phase 

differences and minor variations in the signal due to similar 

regions of the series being matched even if they are shifted in 

time. Although DTW computation is significantly more 

expensive, there exist methods to make its computation faster, 

such as implementing a restricting window for computation or 

FastDTW [16]. Hence, DTW is chosen as the measure of 

similarity for time series clustering. 

III. OUR APPROACH 

We analyze Global Active Power data, which is household 

global minute-averaged active power. 

A. Dataset 

The dataset is from the UC Irvine Machine Learning 

Repository [17]. It consists of 20, 75, 259 measurements 

gathered in a house located in Sceaux (7km from the center of 

Paris, France) between December 2006 and November 2010 

(47 months). A sample of the dataset is given below: 

 
The dataset had instances where the values could not be 

recorded, and, in order to overcome this, nearest neighbour 

interpolation [18] was performed. After comparing and 

contrasting with different approaches towards interpolation 

[19], [20], this particular method was chosen due to the 

uniform nature of electricity data. 

B. Forecasting 

We have approached the problem of forecasting using (1) 

the traditional SARIMA model, (2) an LSTM-RNN model 

and (3) a hybrid model that combines both SARIMA and 

LSTM-RNN. 
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1) SARIMA: Chujai et. al. compared the performance of 

ARIMA and ARMA models in the forecasting of electricity 

[4]. However, we note that SARIMA models data more 

accurately because it takes account of the seasonal pattern of 

data. While ARIMA considers all the points up-to a certain 

lag SARIMA extends this concept to include the lag terms 

which correspond to the time period of the season. The 

equations using backshift notation are:  

SARIMA 

 
ARIMA 

 
The global active power readings sampled in one minute 

intervals were downsampled to intervals of day, week and 

month. ACF for PACF were used to find the starting point of 

order and the seasonal order of the SARIMA model. Finer 

adjustments were made by applying a grid search on nearby 

values. The SARIMA model was used to forecast values in 

each of these intervals. 

2) LSTM: Long short-term memory (LSTM), a class of 

recurrent neural networks (RNNs), is particularly designed 

for sequential data. It is an algorithm that is trained using 

back-propagation through time, and overcomes the vanishing 

gradients problem [21], [22]. Instead of neurons, which are 

predominant in traditional neural networks, LSTM networks 

have memory blocks that are connected through layers, as 

explained in [23]. This structure of LSTMs makes it relatively 

insensitive to gaps in data, which gives it an upper hand over 

traditional neural networks. The LSTM approach begins with 

a BDS test, which is a portmanteau test for time based 

dependence in a series [24]. As the p-value for this test comes 

out to be lesser than 0.05 for daily, weekly and monthly data, 

it indicates that the chosen data is non-linear in nature, and it 

can be modelled with Neural Networks. In traditional applied 

machine learning, the data is split into a train set and a test set, 

to prepare the model and evaluate it respectively. 

Additionally, various validation methods are used to assess 

the effectiveness of the model, particularly in cases where it is 

required to mitigate overfitting. One such commonly used 

validation process is k-fold cross validation that repeats the 

evaluation process by systematically splitting the data into k 

groups, each given a chance to be a held out model. However, 

commonly used method cannot be applied to time series data. 

This is because they assume that there is no relationship 

between the observations, that each observation is 

independent. This is not true of time series data, where the 

time dimension of observations means that we cannot 

randomly split them into groups. Instead, one must split the 

data up and respect the temporal order in which values were 

observed. Thus, walk forward validation is used. As this 

methodology involves moving along the time series one-time 

step at a time, it is often called Walk Forward Testing or 

Validation. Additionally, because a sliding or expanding 

window is used to train a model, this method is also referred to 

as Rolling Window Analysis or a Rolling Forecast.  

For the chosen dataset two different variants of the LSTM 

model has been used: 

 A simple Vanilla LSTM model 

 A CNN Encoder-Decoder LSTM 

 

 
Fig 1. Walkforward Validation Pipeline 

The encoder-decoder architecture uses two separate 

LSTMs, the encoder to read and encode the input sequence, 

and the decoder utilizes the encoded input sequence to make a 

one-step prediction for each element in the output sequence. 

The important difference is that an LSTM model is used in the 

decoder, allowing it to both know what was predicted for the 

prior day in the sequence and accumulate internal state while 

outputting the sequence. A convolutional neural network, or 

CNN, is used as the encoder in the CNN-LSTM architecture. 

The CNN does not directly support sequence input; instead, a 

1D CNN is capable of reading across sequence input and 

automatically learning the salient features. These can then be 

interpreted by an LSTM decoder as per normal. 

3) Hybrid Model: Regression models are used to model 

data that is linear. They cannot model non-linear data as 

effectively. On the other hand LSTM-RNNs are very good at 

modeling non-linear data. However LSTM-RNNs require 

large amounts of data in order to forecast accurately. Hence 

LSTM-RNNs are used here to complement the SARIMA 

model. Zhang et. al. used feed forward ANNs to complement 

ARIMA by modeling the residuals [25].  
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The LSTMs in this case are used to model the residuals to 

enhance the prediction accuracy of the existing SARIMA 

model. This is true of time slices of length 24 hours or greater. 

For readings at a scale of less than a day, clustering is 

employed. The entire pipeline is illustrated in 1. 

C. Clustering 

Our clustering algorithm by itself requires the following 

parameters:  

 Distance Matrix, containing the distances between 

different wavelets in the dataset (∆) 

 Cluster Cut-off Size (λ) 

 Distance Vicinity Threshold (ϵ) 

The cluster cut-off size is the minimum number of slices 

that a cluster should contain. It is dependent on the volume of 

data being clustered and can hence be heuristically 

determined for most purposes. The distance vicinity 

threshold, ϵ, is used in the algorithm to determine if a point 

belongs to another’s vicinity or not, i.e. for data points A and 

B, 

 

 

where μX is the set of points in Xs vicinity.  

This is used to calculate initial densities of points, as 

specified by the algorithm. A similar parameter is expected as 

an input to DBSCAN, which purely clusters points based on 

the density of points on the hyperplane. 

1) Clustering Algorithm: Our clustering algorithm expects 

the distance matrix, the distance vicinity threshold and the 

cluster cut-off size (the minimum number of points in a group 

for the group to be considered a cluster). The algorithm can be 

divided into three parts:  

 Pure cluster formation 

 Removal of anomalies (points that cannot be clustered 

well) 

 Reassignment of points from clusters that do not satisfy 

the cluster cut-off size 

Pure density clusters are points which are objectively 

clustered based on the distance vicinity threshold. This is 

done by considering every point in the space as a centroid to 

its own cluster. Hence, there are as many clusters as points, 

and membership of points is decided by whether the point is 

within an ϵ distance from the centroid. These clusters will 

have very similar points due to the clustering based purely on 

density, but points could potentially belong to multiple 

clusters. 

Initially, fuzzy, but pure clusters are formed. Here, each 

point in the dataset acts as a cluster centre and all points 

within a distance vicinity threshold radius of a point is 

considered a part of the corresponding cluster. Hence, a point 

may belong to multiple clusters, but only N total clusters exist. 

If a point has less than the cluster cut off size number of points 

in its vicinity (as determined by the distance vicinity 

threshold), it is also marked as an anomaly. The clusters are  

 
 

then sorted in descending order by length. Now, an iterative 

set subtraction is applied on the clusters, wherein the smaller 

clusters are replaced with the set difference between the 

smaller cluster and the larger one. This removes points which 

exist in multiple clusters from the smaller of the clusters, 

leaving the larger clusters large while making the smaller 

clusters further smaller. This is demonstrated in Algorithm 1. 

This creates the premature, initial clusters. 

The clusters formed by the anomalous points as the cluster 

centers are now removed from the list of pure clusters. These 

pure clusters are further refined by removing border points 

from each cluster and re-assigning them to the nearest cluster. 

A border point j belonging to cluster Ci is one which meets the 

following criterion: 

 
where δCi is the mean intra-cluster distance of cluster Ci and 

ΔCjk is the mean distance of point j to all points k in cluster Ci. 

All the pure clusters obtained no longer contain any points 

that exist in more than one cluster. However, there could be 

clusters present which do not meet the cutoff-size constraint. 

For this, cluster reassignment is done. All points in clusters 

which do not meet the cluster cut-off size are reassigned to the 

closest cluster to the point. Here, the average distance 

between the point and the members of the cluster are used to 

determine the closest cluster to the point. This process is 

outlined in Algorithm 2. 

2) Distance Vicinity Threshold Calculation: The distance 

vicinity threshold parameter can be specified as an input to the 

algorithm. However, an accurate and effective method to 

calculate the distance vicinity 

threshold was discovered by  
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formulating a cost function to be minimized. Our cost 

function uses the mean of the mean pairwise distance within 

clusters and the ratio of total number motifs to the number of 

clusters.  

Let δ signify the mean within-cluster distance. This 

distance can be defined for each pure cluster as the average 

distance between every pair of points in the cluster. Hence the 

within cluster mean distance, δ* is the mean distance for all 

within cluster distances for all clusters, for a given distance 

vicinity threshold. Further, let ρ signify the grouped ratio. 

This is the ratio between the number of pure clusters to the 

number of data points, given an distance vicinity threshold. 

The within cluster mean distance, δ* varies in a 

non-decreasing manner with increasing distance vicinity 

threshold value. The grouped ratio, ρ, however, varies in a 

non-increasing manner with increasing distance vicinity 

threshold. After normalizing these parameters, a cost function 

can be formulated as follows: 

 
where A and B are heuristic weights. 

   The nature of the relationship of δ∗ and ρ with the distance 

vicinity threshold is dependent on the dissimilarities between 

the data points. However, the cost function is seen to vary 

with the distance vicinity threshold as follows: 

 Increasing, when ϵ ∈ [0, α1) 

 Decreasing, when ϵ ∈ [α1, α2) 

 Increasing, when ϵ ∈ [α2,∞ ) 

By optimizing this function and finding the global minima 

(α2), we can obtain the optimum distance vicinity threshold to 

be passed to the clustering algorithm. 

IV.   

An initial analysis of the data was done using the BDS test, 

which when performed on the particular intervals gave the 

following results:  

 

 
 

The results of this test indicate non-linearity in the data 

hence methods better than ARIMA are required. Our 

approach involves the support of LSTM to aid the prediction 

of residuals. 

A. Forecasting using SARIMA 

The parameters used for the daily, weekly and monthly 

models are given in III and IV. These parameters were 

obtained using the autocorrelation function (ACF) and the 

partial autocorrelation function (PACF) plots, which give the 

correlation of a stationary time series with its own lagged 

values [26]. 

 

 
 

 
 

The root mean square error (RMSE) values from 

06-12-2009 to 02-01-2010 are depicted in V, along with the 

Akaike information criterion (AIC) estimations [27]. 

B. Forecasting using LSTM 

Fig. 2 shows the modeling of the actual Global Active 

Power against the vanilla and CNN encoder-decoder LSTM 

forecasting for the year 2009, followed by the predictions for 

a week in Fig. 3. 

 

 
 

 The RMSE values are shown in VI for both the vanilla 

LSTM model as well as the CNN encoder-decoder LSTM 

model. 

 

1) Hybrid Model: The hybrid model achieved a testing 
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Fig. 2.Pure LSTM Test Results 

 

 
Fig. 3.Predictions for a week 

  

 
Fig. 4.Residual Predictions from Hybrid Model 

  

RMSE of 421.23 which is marginally better than that of the 

SARIMA model’s testing RMSE of 424.60, signifying an 

improvement in the model’s performance due to residual 

modeling by LSTM. The residuals have been depicted in Fig. 

4, along with the results in Fig. 5. 

 

 

 
Fig. 5.Predictions from Monthly, Weekly and Daily 

data 

C. Clustering 

To validate our clustering model, we ran experiments with 

slices of the time series data of a window size of two hours. 

These slices were first z-normalized to be able to capture 

similar patterns at different scales. This data was taken for an 

entire month, with a one hour overlap between slices. 

For our experimentation, Dynamic Time Warping (DTW) 

distance was chosen as the dissimilarity measure between 

time slices, due to its phase-shift invariant nature. Hence, the 

distance matrix, which contains the DTW distance between 

each pair of slices was computed. This distance matrix was 

then fed into the clustering algorithm with various ϵ values. 

Fig. 6 represents the largest cluster obtained with values 

0.025, 0.05 and 0.1 respectively. It is observed from the same 

figure that the same cluster becomes less and less refined with 

increasing ϵ value. There is an increase in the number of 

irregularly shaped slices which seem as though they do not 

belong in the cluster with the highest value of ϵ. The clusters 

obtained with the lowest value of ϵ are far more 

homogeneous. This can be justified as more slices fail to meet 

the cut-off distance criteria, and are removed from the 

clustering process for smaller ϵ values. Hence, ϵ = 0.025 is 

used for clustering. The cluster shown in the Fig. 7 further 

displays the effectiveness of 

the  
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Fig. 6. Clusters obtained with  = 0.025,  = 0.05, and  

= 0.1 respectively 

 

clustering algorithm with phase-differenced patterns. With 

the obtained clusters, it is now possible to leverage domain 

knowledge to make meaningful insights from the given data. 

As an example, the cluster represented in Fig 8. is one where 

the recurring patterns occurred at nearly the same time of day 

for the month, at 4 am. Hence, the regular spike in the 

electricity consumption can be taken into account by the 

utility provider to allocate extra blocks of power in this 

particular grid at 4am. 

V. CONCLUSIONS 

We have analyzed time series data from electricity sensors 

of a household. The experimental results have demonstrated a 

hybrid model of RNN-LSTM and SARIMA works better than 

either of the models alone or other traditional 

regression-based forecasting approaches reported in 

literature. The predictions made by the hybrid have a lower 

RMSE value of 432.906 as compared to the traditional LSTM 

which had a RMSE of 446.994 and SARIMA with 459.899. 

We have also demonstrated that meaningful insights on 

electricity consumption patterns in a household can be 

gleaned from clustering the data on shorter time periods using 

a hybrid model that combines both density and centroid-based 

approaches for clustering. These insights can help allocate 

blocks of power that adapt to the usage patterns of various 

utility-providers.

 
Fig. 7.Phase Differenced Slices in One Cluster 

 

 
Fig. 8.Clusters occurring consistently at 4 in the morning 
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