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Abstract— In the time-series models for predicting residential 

energy consumption, the energy properties collected through 

multiple sensors usually include irregular and seasonal factors. 

The irregular pattern resulting from them is called peak 

demand, which is a major cause of performance degradation. In 

order to enhance the performance, we propose a convolutional-

recurrent triplet network to learn and detect the demand peaks. 

The proposed model generates the latent space for demand 

peaks from data, which is transferred into convolutional neural 

network-long short-term memory (CNN-LSTM) to finally 

predict the future power demand. Experiments with the dataset 

of UCI household power consumption composed of a total of 

2,075,259 time-series data show that the proposed model 

reduces the error by 23.63% and outperforms the state-of-the-

art deep learning models including the CNN-LSTM. Especially, 

the proposed model improves the prediction performance by 

modeling the distribution of demand peaks in Euclidean space. 
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I. INTRODUCTION  

According to the World Energy Outlook 2019, 
International Energy Agency (IEA) pointed out that the 
energy demand rises by 1.3% each year to 2040 with 
unrestrained planning by further efforts to improve efficiency 
[1]. The residential power consumption sector, which is a 
major factor that accounts for 27% of global electricity 
consumption [2], provides an ideal testbed for power demand 
prediction and analysis with a relatively limited and closed 
environment. The machine learning approach including the 
deep learning algorithms is convincing as a premise for power 
supply planning due to its non-linear learning capability [3].  

Residential electricity consumption data consist of various 
variables collected from actual residences and are defined as 
a problem of multivariate time-series forecasting [4]. In the 
field of energy management systems, the process of predicting 
future power demand through past power consumption is 
essential for the planning stage of the "plan-execute-check-
act" operating cycle [5], but it is known that the conventional 
approach has the limitation of modeling the irregular factors 
from time-series model.  

Fig. 1 visualizes the complex characteristics of residential 
power consumption. The deep learning method aims to 
represent given data through nonlinear transformation [6]. 
Especially the convolutional neural network (CNN) was 
superior to many traditional methods in dealing with spatial 
feature learning tasks [7], and the recurrent neural network 
(RNN) with long short-term memory (LSTM) showed the 
strength in time-series modeling tasks [8]. 

 

Fig. 1. A typical problem formulation and the collected proterties of the 

energy consumption prediction. 

 

Fig. 2. Moving average and global active power 

 

In the domain of time-series modeling including the 
energy consumption prediction, deep learning aims at 
exploiting a database generated with the historical data and 
predicting the future time-steps. Ulla et al. designed a model 
that combines CNN and two-way LSTM to recognize human 
behavior as video [9]. In the medical time-series forecasting 
field, Oh et al. used a model combining CNN and LSTM to 
accurately detect arrhythmias in the electrocardiogram (ECG) 
[10]. 

Yet, in the prediction task considering the irregular 
patterns from energy clients aimed at modeling the short-term 
behaviors that expose the behavioral patterns, a more complex 
and practical time-series modeling method is required. The 
power prediction model based on CNN-LSTM has achieved 
the highest performance so far [11], but has the following 
shortcomings: the irregular pattern of various variables in 
residential power consumption causes the CNN-LSTM to 
suffer performance degradation at the energy peak due to the 
mean reversal phenomenon in learning. Fig. 2 depicts an 
irregular factor between actual data and moving average. We 
perform the peak detection algorithm using mean reversion 
method to address the limitation [12]. 



TABLE 1 RELATED WORKS ON THE RESIDENTIAL ENERGY CONSUMPTION 

PREDICTION AND TRIPLET LOSS IN TIME-SERIES MODELING 

Domain Autor Model 

Spatio-temporal 

domain 

Gonzalez-Briones 

[12] 

LR, DT, RF, k-NN, 

SVR 

Kong [13] Sequence to sequence 

Kim [11] CNN-LSTM 

Bu [14] 
CNN-LSTM with 

multi-headede 

Attention 

Spatial domain Go [15] 
Convolutional Triplet 

Network 

Temporal -Spatial 
domain 

Bu [16] 

Convolutional 

Recurrent Triplet 

Network 

 

In this paper, we propose a method to fine-tune CNN-
LSTM using a triplet network to solve the performance 
degradation problem due to the demand peaks. The key idea 
is to use a peak detection algorithm using root-mean-square to 
check whether the window data has a peak, and to mark each 
window data. The feature is extracted from the multivariate 
electrical characteristics by convolution operation before the 
power spectrum is modeled in time-series data. The triplet loss 
is used to express the characteristics of each demand peak and 
generate the latent space of peak distributions. Taken together, 
our hypothesis of the proposed method is that the pre-training 
of peak-detection triplet network can model the demand peak 
of electricity.  

The experiments performed on the dataset of UCI 
household electric power consumption consisting of a total 
2,075,259 time-series data show that the pretrained triplet 
network detects the demand peaks to cope with the challenge 
mentioned previously, and reduce the prediction error by 
23.63% compared to the state-of-the-art deep learning models 
including the CNN-LSTM. 

II. REALATED WORK 

In this section, the relevant models related to deep learning 
are reviewed for energy consumption prediction. A triplet 
method tailored to the spatial or temporal data properties of 
the learned data is presented along with a power prediction 
study based on deep learning. Table 1 summarizes the recent 
important studies on power consumption forecasts or triplet 
networks, separated by domains. 

Before the deep learning method was actively investigated, 
electricity demand forecast was carried out through various 
machine learning techniques [12]. However, the power 
demand model based on machine learning does not consider 
complex temporal features. LSTM was developed to learn 
these long short-time interval features [13]. Marino et al. and 
Kong et al. attempted to predict the power consumption by 
using the LSTM designed for time-series energy prediction 
modeling, and verified that the feasibility of neural network 
with memory cell could enhance the prediction performance. 
CNN, which can extract the spatial correlations to solve 
problems in the various fields, was applied to the visual fields 
such as image and video recognition. Considering the 
advantages of CNN and LSTM, the CNN-LSTM approach has 
emerged to consider both the spectral and spatial 
characteristics of the data, improving the accuracy and 
stability of power demand forecasting [11,14]. 

 

 

Fig. 3. Diagram of the proposed model. 

 
Triplet loss showed excellent performance in image 

classification. It is not limited in image classification problems 
but also in speech recognition fields [15,16]. In this paper, the 
best model based on CNN-LSTM is presented with the CNN-
LSTM model, which applies the triplet network technique, 
which shows the best performance in the recent problems in 
the various fields. 

III. CONVOLUTIONAL RECURRENT TRIPLET NETWORK 

FOR PEAK DETECTION AND DEMAND PREDICTION 

This section describes the algorithms used to peak labeling 
and the overall architecture of triplet CNN-LSTM that extracts 
the properties of peak from the data and models the power 
consumption in the power spectrum. 

3.1 Structure Overview 

Fig. 3 shows the overall structure of the proposed method. 
First, since the dataset uses the global active power (GAP) 
attribute as the 𝑌  value, the peak detection algorithm is 
applied to the GAP to find the peak before we normalize for 
the entire dataset. The GAP used for peak detection and other 
attributes are windowed with the preset value 𝑤. For example, 
the peak is labeled if there is a peak detected in the windowed 
data. 

The sequence of the energy properties 𝑋  pass through 
CNN-LSTM sharing its weights and use the triplet loss to 
learn the existence of peak. When the peak detection learning 
is completed, we fix the parameters of the hidden layers and 
attach the multi-layer perceptron (MLP) in output layer of the 
model. The GAP value of next time-step of the windowed data 
is learned using mean squared error (MSE) loss as a label. 

 



 

 

Fig. 4. Process of peak detection algorithm 

 
3.2 Peak Detection based on Triplet Network 

 The purpose of the proposed model is to predict power 
demand by applying triplet loss to CNN-LSTM. We mark the 
peak according to a given variable through the peak detection 
algorithm that finds peak through the standard deviation and 
mean value of local GAP. It is written in a MATLAB function 
and tested in Section 4 because it has a hyperparameter that 
determines the sensitivity of peak. 

 As shown in Fig. 4, we use the x-coordinates of the peak 
to set and store the peak position in the entire dataset. Then, 
the entire dataset is divided according to the time lag value set 
using the windowing algorithm according to time. If any of 
the elements are set to peak for each segmented data, we 
separate the segmented data into the peak window and set it as 
a label to be learned through a triplet loss. The windowed data, 
which is determined by the presence or absence of peak, go 
through the triplet loss to learn the features of the windowed 
data where a peak exists. 

3.3 Demand Prediction based on Fine-tuned CNN-LSTM 

 The major hurdle in modeling the power consumptions 
with neural regressor lies in extracting the spatiotemporal 
features from the limited consumption samples [17].We 
construct the CNN and LSTM for learning the features from 
the time-series power consumption data. The two deep 
learning models are combined in a sequential manner, while 
maintaining the complementary relations from spatiotemporal 
features. 

The convolution 𝜙𝑐(⋅) and the pooling operation in CNNs, 
which have been successfully applied in the field of the signal 
processing, are suitable to model the sequence of power 
consumptions and extract the features using local connectivity 
between windowed signals. The convolution operation is 
known to reduce the translational variance between features 
and preserves the spatial relationships between power 
attributes by learning filters to extract the hidden correlations 
[18].  

Given the tth time step, the sequence of the convolutional 
operation is applied using 𝑚 × 1 sized filter 𝑊 with the ath 
node in the lth layer and τth element in sequence of the power 
attributes 𝑅𝜏: 

 𝜙𝑐
𝑙(𝑋𝑡) = [∑ 𝑊𝑎

𝑙−1
𝑚−1

𝑎=0
𝑅𝜏]

𝜏=1

𝑡−𝜔

 (1) 

Because the dimension of the output vector that has been 
distorted and copied by the convolution operation 𝜙𝑐(⋅)  is 
increased by the number of convolution filters, the summary 
statistic from nearby node activations is extracted from 𝜙𝑝(⋅) 

by max-pooling operation. Pooling refers to a dimension 
reduction process used in CNN in order to impose the capacity 
bottleneck and facilitate faster computation. The max-pooling 
operation has effects on feature selection and dimensionality 
reduction under 𝑘 × 1-sized area with pooling stride.  

The proposed 1D convolution-pooling operation aims to 
extract the spatial features from the power spectrum per 
attributes and deliver the series of encoded vectors to the 
following LSTM. The spatial features extracted by 
convolution-pooling function 𝜙𝑐  contains the time-series 
information of the window size 𝜔 according to the sliding-
window preprocessing. The key idea of LSTM is adapting the 
gating operation which is composed of input gate, forget gate, 
and output gate 𝑜𝑡  and producing the encoded vector 𝜙𝐿(⋅) 
with the cell state 𝑐𝑡 and the hidden value ℎ𝑡 at the time step 
𝑡: 

 𝜙𝐿(⋅) = ℎ𝑡 = 𝑜𝑡 ∘ 𝑡𝑎𝑛ℎ(𝑐𝑡) (2) 

where  ∘ denotes the element-wise product and b denotes 
bias term. After the spatiotemporal features are extracted by 
CNN-LSTM, the typical multilayered Perceptron (MLP) is 
used to complete the regression function 𝜙(⋅) with activation 

function σ and weight matrix 𝑊𝑙: 

 𝜙𝑙(𝑋𝑡) = 𝜎(𝑊𝑙𝜙𝐿
𝑙−1(𝜙𝑐

𝑙−2(𝑋𝑡)) + 𝑏𝑙) (3) 

where a linear activation function is used in the last layer 
of MLP so that the output vector is encoded as a distance 
feature. The weights of the shared CNN-LSTM from the 
triplet network are optimized using the backpropagation 
algorithm based on gradient descent optimization, by 
minimizing the distance score 𝑑(𝑥1, 𝑥2 ) triplet loss function 
𝐿𝑇: 

 
𝐿𝑇 =  ∑ [𝑑 (𝜙(𝑋𝑡

𝑎) − 𝜙(𝑋𝑡
𝑝

 ))
𝑖

− 𝑑(𝜙(𝑋𝑡
𝑎) − 𝜙(𝑋𝑡

𝑛)) + 𝛼] 
(4) 

where 𝛼 is an empirically defined margin that is enforced 
between positive 𝑝 and negative 𝑛 pairs and anchor 𝑎. 

The forecast unit adds MLP to the output end of the pre-
trained CNN-LSTM from the triplet network to compare true 
and predicted values through mean squared error(MSE). 

 𝐿𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − �̂�𝑖)

2
𝑛

𝑖=1
 (5) 

The MLP regressor are updated by the backpropagation 
algorithm with gradient descent optimization, by minimizing 
the loss function represented by MSE. 

 

 



TABLE 2 THE ATTRIBUTES AND STATISTICS OF THE UCI HOUSEHOLD 

ELECTRIC POWER CONSUMPTION DATASET 

 Average 
Std. 

Dev. 
Max Min 

Date - - 26/11/2010 16/12/2006 

Global Active 
Power (kW) 

1.0916 1.0573 11.122 0.076 

Global Reactive 

Power (kW) 
0.1237 0.1127 1.39 0 

Voltage (V) 240.8399 3.24 254.15 223.2 

Intensity (A) 4.6278 4.4444 48.4 0.2 

Kitchen (Wh) 1.1219 6.153 88 0 

Laundry (Wh) 1.2985 5.822 80 0 

Climate 
Controls (Wh) 

6.4584 8.4372 31 0 

 

 

Fig. 5. Implementation of the fine-tuned CNN-LSTM. 

IV. EXPERIMENT RESULTS 

This section describes how the CNN-LSTM with triplet 

loss predicts power consumption, evaluates performance 

through 10-fold cross-validation in terms of predictive errors, 

focuses on the base CNN-LSTM, and quantitatively 

compares with other related deep learning models. 

4.1 Dataset and Implementation 

 We validate the fine-tuned CNN-LSTM with peak-
detection triplet network on the dataset of UCI household 
electric power consumption. As shown in Table 2, the data 
were collected as approximately 2.07 million multi-channel 
sensors recording the household power consumption from 
December 2006 to November 2010, and the attributes include 
GAP, global reactive power (GRP), voltage, intensity, and 
additional three sub meterings. The data are normalized and 
processed in sliding-window with time lag parameter 𝜔. The 
prediction model receives the seven attributes under the time 
resolution condition and produces the GAP of the next time 
step. 

 
Fig. 6. Results of t-SNE for the dataset before and after triplet network. 

 

 

Fig. 7. 10-fold cross-validation of the methods including the deep learning 
models. 

 
The architecture of CNN-LSTM can be variously 

modified according to the number of stacked convolution-
pooling and LSTM layers, as well as the number of 
convolutional filters, the kernel size and the number of the 
nodes in LSTMs. Given that typical deep learning models 
require an optimization process, Fig. 5 shows the overall 
architecture of the proposed model, where the time-distributed 
convolution-pooling layers, and LSTM layers are depicted.  

4.2 Power Consumption Prediction Performance 

In order to optimize the hyperparameters included in time 
lag and peak detection algorithm during data preprocessing, 
verification of peak detection performance by 
hyperparameters and performance verification by window 
size were compared with the base CNN-LSTM. 

 The feature space generated by the proposed triplet CNN-
LSTM is depicted in Fig. 6. At the left, each GAP window is 
mapped in 2-dimensions based on t-SNE embedding 
algorithm. We verify that the proposed peak detect strategy 
significantly improves the performance of metric learning 
compared to the ambiguous embeddings from typical 
Euclidean space. 

Fig. 7 compares the results of the prediction performance 
for the machine learning models including the CNN and 
LSTM neural network. The proposed model designed to 
selectively model the spatiotemporal features has achieved the 
error reduction of 23.63% compared to the conventional 
CNN-LSTM neural network. The evaluation is based on the 
MSE for measuring the errors in Euclidean space. 

We further evaluate the proposed model in various time 
resolutions of 1, 30 and 60 minutes, 1 hour, 1 day, and 1 week 
in Table 2. Each MSE is the result of the 10-fold cross-
validation. 

 

 



 
Fig. 8. Comparison of prediction results of the proposed model and base-

CNN-LSTM with ground truth. 

TABLE 3 COMPARISON OF MSE’S BY THE TIME LAG PARAMETER 𝝎 AND 

PEAK DETECTION PARAMETER RMS/K 

Resolution 
Window 

size 
RMS/10 RMS/5 RMS RMS*2 RMS*3 

CNN-

LSTM 

1T 
5 0.0475 0.0486 0.0512 0.0533 0.0542 0.0478 

10 0.0435 0.0471 0.0584 0.0632 0.0688 0.0660 

30T 
5 0.2873 0.2894 0.2915 0.3001 0.3027 0.2978 

10 0.2455 0.2527 0.2638 0.2687 0.2794 0.2653 

1H 
5 0.2848 0.2904 0.2900 0.2941 0.2970 0.2981 

10 0.2646 0.2729 0.2699 0.2905 0.2910 0.2735 

1D 
5 0.1546 0.1726 0.2311 0.2410 0.2511 0.2123 

10 0.1403 0.1684 0.2115 0.2237 0.2352 0.2015 

1W 
5 0.0494 0.0521 0.0533 0.0657 0.0699 0.0567 

10 0.0742 0.0769 0.0847 0.1004 0.1202 0.0953 

 

4.3 Effects of CNN-LSTM Fine-tuning with Triplet Network 

The predicted performance of the proposed model is 
compared with that of the base CNN-LSTM model by 
displaying the ground truth and prediction values in Fig. 8. 
The predicted values on the red line are quite like the actual 
power consumption values on the black line, which can be 
seen to better predict the power demand peak mentioned in 
Section I. 

We note the two limitations at the forecasting stage.  In the 
peak detection stage, we use RMS as the peak detection 
algorithm that is currently only looking for upper peak and as 
the hyperparameter of the algorithm. As illustrated in Table 3, 
the results of the proposed model show better performance 
than CNN-LSTM, which is the base model with the temporal 
resolution of one minute that irregular patterns of data occur 
most frequently. 

V. CONCLUDING REMARKS 

In this paper, the fine-tuned CNN-LSTM for peak 
detection and energy demand prediction was proposed for 
predicting power consumption. After solving the problems to 
model the demand peak and power consumption based on 
convolutional-recurrent triplet network, we transferred the 
weights into CNN-LSTM to enhance the prediction  
performance in peak. The model was evaluated under various 
hyperparameter conditions and showed the best performance 
among the deep learning based power prediction models. 

On the other hand, when many peaks occurred in local 
areas, they were often not properly predicted they did not 
explicitly learn lower peaks and led to a performance 
degradation. The future work will include the advanced 
method to detect peak using Bollinger band in local area 
during the peak detection stage. We are also planning to 
enhance the fine-tuning mechanism in power prediction stage 
by diversifying the peak label and combine the peak detection 
stage with probabilistic approach. 
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