
 

www.kips.or.kr                                                                                           Copyright© 2022 KIPS 

       

 

         

 

 

 

A Novel Framework Based on CNN-LSTM Neural 

Network for Prediction of Missing Values in Electricity 

Consumption Time-Series Datasets  
 

Syed Nazir Hussain1,*, Azlan Abd Aziz1, Md. Jakir Hossen1, Nor Azlina Ab Aziz1,  

G. Ramana Murthy2, and Fajaruddin Bin Mustakim3 

 

 
Abstract 

Adopting Internet of Things (IoT)-based technologies in smart homes helps users analyze home appliances 

electricity consumption for better overall cost monitoring. The IoT application like smart home system (SHS) 

could suffer from large missing values gaps due to several factors such as security attacks, sensor faults, or 

connection errors. In this paper, a novel framework has been proposed to predict large gaps of missing values 

from the SHS home appliances electricity consumption time-series datasets. The framework follows a series of 

steps to detect, predict and reconstruct the input time-series datasets of missing values. A hybrid convolutional 

neural network-long short term memory (CNN-LSTM) neural network used to forecast large missing values 

gaps. A comparative experiment has been conducted to evaluate the performance of hybrid CNN-LSTM with 

its single variant CNN and LSTM in forecasting missing values. The experimental results indicate a perfor-

mance superiority of the CNN-LSTM model over the single CNN and LSTM neural networks. 
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1. Introduction 

The Internet of Things (IoT) technology has been widely deployed in various sectors due to wireless 

communication and interactivity to environmental factors [1]. The smart home system (SHS) is among 

the most significant IoT invention through which users can manage and control physical objects in their 

surroundings [2]. 

The emergence of smart sensors and smart grid technologies has given rise to the concept of developing 

SHS that assist users in taking control of electricity consumption. In SHS, the electricity consumption 

data is obtained from IoT sensors and stored on remote servers used for data representation by several 

applications [3]. While examining IoT data, the critical issue that needs to address carefully is the data 

quality [4]. Data quality is crucial while developing IoT based SHS. If the data are of low quality; 
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judgments are likely to be incorrect. Generally, IoT data has two types of values, which may significantly 

minimize the consistency of data collected from appliances, such as the abnormal values and the missing 

values. It usually occurs due to an incorrect response or no response. 

Imputation of missing values by estimated values, several methods have been proposed in previous 

research. These methods mainly classified into two categories, such as statistical and machine learning. 

Statistical approaches for predicting missing values based on mean, mode, and least square regression 

(LSR), commonly used over a long time. In [5], the authors briefly described the cases of missing data 

and several statistical-based approaches used to handle missing data. Among these approaches, multiple 

imputation and maximum likelihood are the two modern imputation approaches for handling missing 

data [6]. Machine learning methods are also gain great concern in the study of the imputation of missing 

data. The robust supervised machine learning classification and regression methods such as a k-nearest 

neighbor (KNN), support vector regression (SVR), and random forecast have also been used in missing 

data imputation [7–10]. These popular machine learning imputation methods support only categorical or 

multivariate data in which several variables are available to estimate a particular missing variable [11]. 

In previous research, various imputation approaches proposed to estimate missing values in univariate 

time-series datasets. Sridevi et al. [12] developed the autoregressive (ARLSimpute) method to identify 

missing values and prediction techniques, namely linear prediction and quadratic prediction. Mohamed 

et al. [13] proposed a multiple imputation type framework that operates on the principle of iterative and 

successive forward and backward predictions to estimate and ensemble the missing value. Wu et al. [14] 

proposed a novel method to predict missing values in time series data without imputation. The method 

uses the least square support vector machine (LSSVM) in which the input patterns with the temporal 

information defined as local time index (LTI) feds into the model. Dhevi [15] performed the imputation 

of missing values using the inverse distance weighted interpolation (IDWI) method for the Istanbul Stock 

Exchange dataset. This approach assigns values to unknown points from a weighted total of identified 

point values and works well with results calculated at uneven time intervals. 

Caillault et al. [16] proposed a framework for estimating large gaps of missing values in univariate 

time series data based on dynamic time wrapping (DTW). The DTW-based imputation algorithm finds 

and replaces the most similar subsequence with missing values. The framework follows certain con-

straints, such as the assumptions of recurring time-series data (high cross-correlation indicator), which 

needs high computation time for considerable missing intervals. Bokde et al. [17]  presented a new 

method that modifies the pattern sequence forecasting (PSF) algorithm, which concurrently forecasts and 

backcasts missing values for imputation. The PSF impute fits perfectly for datasets of periodic elements 

such as univariate time series, even when observations in continuous blocks are missing. Ding et al. [18] 

experiment to perform imputation on the IoT time-series missing values dataset. In this experiment, three 

algorithms, such as radial base function (RBF), moving less square (MLS), and adaptive inverse distance 

weighted (AIDW), are used and compare that imputed accuracy and efficiency with KNN. Among these 

three, the estimation results of MLS are the finest. Chaudhry et al. [19] overcome the challenges of im-

puting missing data in univariate and multivariate time-series datasets by proposing a new method that 

transforms a single variable into a multivariate type. The method exploits the high seasonality and random 

missingness of the average cell variable throughput in the long term evaluation LTE spectrum dataset. 

Kim et al. [20] carried out an imputation on weather data that is a very significant environmental factor 

for the accurate forecasting of photovoltaic (PV) system. In this process, four imputation methods of 

statistical and machine learning are compared, such as linear interpolation (LI), mode imputation (MI), 
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KNN, and multivariate imputation by chained equations (MICE). However, the comparison results show 

that the KNN method yields the lowest error for large missing data ranges. Al-Milli and Almobaideen 

[21] proposed a hybrid algorithm based on Jordan neural network and genetic algorithm to predict 

medical IoT applications categorical missing data. The algorithm split the data into complete and in-

complete sets while training a neural network to predict missing values, and the genetic algorithm used 

to optimize the neural network weight. The existing approaches to deal with large gaps missing values in 

univariate time series data are not fully cover the entire series [16]. The practical and optimal solution 

needed for real-time systems ensures continuity of time-series datasets without any manual assistance. 

This paper proposes a novel framework to automatically detect and predict large gaps of missing values 

from real-time SHS named beLyfe. The beLyfe system represents several home appliances electricity 

consumption time-series dataset to its users, suffering from large missing values gaps. The framework 

uses a hybrid convolutional neural network-long short term memory (CNN-LSTM) model to predict 

missing values of large gaps by taking time-series data of individual appliances as input.  Fig. 1 represents 

an air-condition home appliance time-series dataset in which we can observe several large gaps of missing 

values. 

 

 
Fig. 1. Time-series data of air-condition appliance measured in kilowatt (kW). 

 

When we analyze several appliances time-series datasets, we determine the missing values are within 

the range of 7, 15, and 30 time-steps. The proposed framework architecture initially design to predict the 

missing values within these detected ranges, such as 7, 15, and 30 time-steps. Our proposed framework 

follows a series of steps for automatic detection, prediction, and reconstruction of missing values from 

the input time-series datasets. 

The proposed framework adopts a forecasting approach to estimate the large gaps of missing values as 

displayed in Fig. 1 instead of using conventional imputation techniques [22]. Commonly, the electricity 

load time-series dataset contains patterns that are complex and nonlinear due to several influencing fac-

tors such as meteorological influences, distinct occupancy behaviour regarding electricity consumption 

[23]. Researchers have recently used the CNN-LSTM neural network [24,25] to forecast electricity load 

data and achieve high predictive efficiency through the use of multivariate time series datasets. It 

expected that multivariate time series models could produce more precise forecasts than univariate 

models [26]. In our case, we have univariate time-series dataset in which only one predictor/ dependent 

variable is available corresponding to the time intervals, which is a specific day of a month. 

Recently, recurrent neural network models like LSTM and hybrid CNN-LSTM gain great concern in 

forecasting electricity load time-series datasets. These models are mainly used to predict sequence data 
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like time-series. For this reason, we conduct a comparison experiment between hybrid CNN-LSTM with its 

single variants such as CNN and LSTM neural networks for the prediction of missing values large gaps that 

are with the ranges of 7, 15, and 30 time-steps. A suitable hyperparameters determined by performing 

hyperparameter tuning on each model used in a comparison experiment. Experiment results indicate that 

the hybrid CNN-LSTM neural network achieves overall high predictive accuracy and efficiency. 

The rest of the paper organized as follows. Section 2 briefly describes the hybrid CNN-LSTM model 

architecture. Section 3 describes our proposed framework. Section 4 describes the experimental setup, 

and Section 5 describes the performance analysis. Finally, the conclusion is drawn. 

 

 

2. The Hybrid CNN-LSTM Model 

The CNN-LSTM model explicitly developed to accommodate very long input sequences. The CNN 

model can interpret input sequences as blocks or subsequences, and the LSTM will combine the inter-

pretations of these sub-sequences. The hybrid CNN-LSTM neural network architecture contains CNN 

layers that extract significant features from one-dimensional input data combined with LSTM that 

interpret them to support sequence prediction. Fig. 2 represents the hybrid CNN-LSTM model architec-

ture to predict one-dimensional univariate time-series data [27]. 

The hybrid CNN-LSTM model can effectively predict nonlinear univariate time-series data that 

involves high volatility and uncertainty in the data patterns. 

 

 

Fig. 2. The hybrid CNN-LSTM neural network internal architecture [27]. 

 

 

3. Proposed Framework 

This section discusses our proposed framework, designed to predict the large gaps of missing values 

in the beLyfe appliances electricity consumption time-series dataset. Our proposed framework archi-

tecture shown in Fig. 3 developed using PyThon version 3.3.7 and TensorFlow version 1.12.0. The input 

data has been collected from the beLyfe SHS server database by the given application programming 

interface (APIs). The framework follows a series of steps required to transform the data and predict the 

following missing values in the dataset. Each of these steps briefly described below. 
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Fig. 3. Overview of a proposed framework architecture. 

 

3.1 Transformation 

In the transformation phase, the source data collected and transformed into a standard format. Since in 

the raw input data, the consecutive missing dates are not present. First, we need to identify consecutive 

missing dates from electricity consumption time-series data and fill them with not-a-number (NaN) 

values, as shown in Fig. 4. 

 

 
Fig. 4. Transformation of the give input appliance time-series dataset. 

 

3.2 Sampling 

In the sampling phase, the time-series data re-framed into the input and output patterns called samples. 

This process of sampling depends on the range of consecutive missing values detected in time-series data. 

In our case, the consecutive missing values are within the range of 7, 15, and 30 observations. The CNN-

LSTM model one-dimensional input vector needs to be reshaped into samples, subsequences, time-steps, 

and features, as shown in Eq. (1), to predict missing values within these define ranges. However, based 

on the number of missing values detection ranges, the sampling part collects and reshape the input for 

the CNN-LSTM model. 

 

����� �	
��� 
 ������	�, ����	��	�
	�, ���	��	��, �	����	�� (1) 
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3.3 Predictive CNN-LSTM Model 

In this phase, the hybrid CNN-LSTM neural network model predicts the detected ranges of missing 

values from the input time-series dataset. The missing detected values should be within the defined ranges 

such as 7, 15, and 30 time-steps. Hybrid CNN-LSTM model input sampled before prediction. A CNN-

LSTM model generates a single one-step forecast, and this forecast value is fed further at the end of 

actual input for subsequent forecasts, as shown in Fig. 5. This forecasting process will continue until the 

one-step predicted values length of the CNN-LSTM model reaches the defined detected range of missing 

values. 

 

 
Fig. 5. Running steps of our proposed framework. 

 

3.4 Reconstruction 

In this phase, the predicted values of the CNN-LSTM model from the given input time-series dataset 

replaced by the detected missing value gaps. When we run our proposed framework by providing the air-

condition appliance electricity consumption time-series missing values dataset as an input, the framework 

follows all the above steps represented in the framework architecture shown in Fig. 3. The running output 

of our proposed framework shown in Fig. 5. 

The proposed framework predicts large gaps of missing values from the given input time-series missing 

values dataset. Figs. 6 and 7 represent the given input missing and generated output predicted values of 

our proposed framework. 

 

 
Fig. 6. Input time-series missing values to the proposed framework. 
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Fig. 7. Output time-series missing values predicted by the proposed framework. 

 

 

4. Experiment 

The experiment aims to identify an efficient deep neural network (DNN) sequence model for our 

proposed framework, which will predict the large gaps of missing values from the beLyfe SHS appliances 

electricity consumption time-series datasets. In this experiment, we compare the performance of CNN, 

LSTM, and the hybrid CNN-LSTM models on the prediction of air-condition appliance time-series 

dataset. We compare each model predictive accuracy and computational complexity on three different 

time-series data ranges, such as 7, 15, and 30 time-step. The dataset used in the experiment only contains 

total active power (TAP) feature values corresponding to a specific date. The TAP values measured in 

kilowatt (kW) unit and its values ranges have been summarized in a boxplot, as shown in Fig. 8. This 

time-series data is nonlinear in form and contain abrupt shifts. Fig. 9 represents the histogram and kernel 

density estimate (KDE) plot of our time-series dataset used in this experiment. We can determine from 

Fig. 9 that the distribution of values is not consistent or smooth. 

 

 
Fig. 8. A boxplot of four-month time-series data. 

 

 
Fig. 9. A histogram and KDE plot of 4-month time-series data. 
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The experiment implemented on PyThon 3.3.7 with TensorFlow 1.12.0 deep learning library. Initially, 

the significant hyperparameters used in the training configuration of CNN, LSTM, and hybrid CNN-

LSTM models chosen carefully. These chosen hyperparameters are the number of cells/neurons, the 

activation function, and the optimization algorithm. The suitable hyperparameters discovery is an 

essential part of training DNN models on the required input datasets [28]. The forecasting performance 

of CNN, LSTM, and hybrid CNN-LSTM will increase if the model best fits the training dataset, which 

is possible only when the selected hyperparameters values chosen according to the data characteristic. 

We performed hyperparameter tuning on the chosen hyperparameters different values to select suitable 

hyperparameters for each model. These chosen hyperparameter different values on which we performed 

tuning to get the best combination between these hyperparameters values, which are 50, 100 cells/ 

neurons, the ADAM, SGD, and root mean square propagation (RMSprop) optimization algorithms and 

the ReLU activation function. 

These chosen hyperparameter values of different combinations are tested on each model to determine 

a single combination that generates lower predictive errors on the various appliances time-series datasets. 

The tuning results on different hyperparameter combination values on each model are represented in Fig. 

10, as shown below. 

Fig. 10 shows the tuning results, which indicate that the RMSprop optimization algorithm with the 50 

number of cells/neurons would generate the least prediction errors on appliances electricity consumption 

time-series datasets. 

The batch size and the number of epochs are also carefully selected for each model to achieve the best 

fit train model on the input data set that takes the least training computation time. The batch size defines 

the whole dataset segmentation into the predefined number of parts called samples, independently pro-

cessed by the neural network. The epochs define the number of time the training dataset is processed in 

the network optimization algorithm to update internal model parameters. For this experiment, the chosen 

batch size and epochs are 32 and 500, respectively. 

 

(a) (b)

(c)

Fig. 10. The RMSE scores on two different hyperparameters, such as neuron size and optimization 

algorithm: (a) CNN, (b) LSTM, and (c) CNN-LSTM. 
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An early stopping method [29] is used in this experiment to avoid overfitting and stop training once 

the model performance stops improving. A split validation parameter with a value between 0 and 1 

required for early stopping is defined as 0.67, indicating that the models use 67.7% input data for training 

and 33.3% for validation. Each model prediction performance compares on three separate prediction 

ranges, such as 7, 15, and 30, so the model historical data size used as an input set to four times more 

extensive than the defined prediction range. 

A recursive forecast technique applied in this experiment, in which the models make one-step 

predictions and the output feed as inputs for the subsequent predictions. The data is normalized and scaled 

between 0 and 1 before the experiment to increase the models training efficiency. Eq. (2) used to scale 

and normalized the input time-series data for this experiment. 

 � =
(� − ���)

(��� − min)
 (2) 

 

Each model training hyperparameter configurations are the same in this comparison experiment to 

evaluate predictive performance under the same conditions. 

 

 

5. Performance Analysis 

This section discussed the performance comparison of each predictive model used in the experiment. 

Each model prediction accuracy on three different prediction ranges measured by root mean square error 

(RMSE) residual errors measure. Eq. (3) represents the RMSE residual error measurement matric. 

 

��	
 = �1��(�� − ��
)�

�

���

 (3) 

 

Table 1 shows that the hybrid CNN-LSTM model prediction accuracy is better than the single CNN 

and LSTM models. The average prediction errors of the CNN-LSTM model on three different time-steps 

prediction ranges is 48.4% lower than CNN and 48.8% lower than LSTM. The prediction results of CNN, 

LSTM, and the hybrid CNN-LSTM model on three different time-step prediction ranges, such as 7, 15, 

and 30, are shown in Fig. 11(a), (b), and (c), respectively. 

 

Table 1. Performance comparison of three diverse neural network 

Time intervals 
RMSE 

CNN LSTM CNN-LSTM 

7 9281 13356 5284 

15 12886 10109 4908 

30 10888 9827 6844 

Average 11018 11097 5678 

 

We also determine that the hybrid CNN-LSTM model is less computationally expensive and a good fit 

on the input dataset while training three different time-step prediction ranges such as 7, 15, and 30 time-

steps. CNN-LSTM model fitness determined by evaluating the training and validation loss plots over a 
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range of epoch cycles taken during training. When the model fit function called during compilation, it 

returns the model training history, including training and validation losses. Train and validation losses 

calculated at every epoch during model training, which allows us to diagnose model training fitness on 

input datasets. 

 

  
(a) (b)

(c)

Fig. 11. The prediction results of each DNN model on three different time-steps: (a) 7 time-steps, (b) 15 

time-steps, and (c) 30 time-steps. 

 

The DNN models fitness on the given input dataset is primary classified into three categories: a good-

fit, over-fit, and under-fit. If training and validation losses decrease and stabilize around at same point is 

considered a good-fit model. If the validation loss of a model keeps decreasing at a certain level and 

afterwards starts increasing, this is considered overfitting. Furthermore, if model validation loss is higher 

than train loss and tends to improve further, it is considered an under-fit model. 

The hybrid CNN-LSTM model fits each of three different time-step prediction ranges shown in Fig. 

12. It observed that training and validation loss from the hybrid CNN-LSTM model indicates a good-fit 

training condition on each of three distinct time-step prediction ranges. The model reaches 120 maximum 

range of epoch cycles only at 30 days’ time-step predictions, as shown in Fig. 9. The number of epoch 

cycles on remaining time-steps prediction ranges such as forecast intervals of 7 and 15 days is below 100, 

suggesting that the model is less expensive in computation and good fits on an input training dataset. 

Overall, the CNN-LSTM model average prediction error score for three different time intervals is 

comparatively lower than the single CNN and LSTM models. Furthermore, the CNN-LSTM average 

computational time measured in seconds is also comparatively lower than the single CNN and LSTM 

models, as shown in Fig. 12(c). 

Fig. 13 represents a boxplot of each model training computation time for three different prediction 

ranges. We can determine from the experiment that the hybrid CNN-LSTM sequence model could be 

used to predict large gaps of missing values in our proposed framework. 

Prediction of missing values large gaps in the electricity consumption time-series dataset is difficult 

due to the nonlinear data patterns that contain abrupt shifts. The recurrent neural network models in deep 
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learning, such as LSTM and hybrid CNN-LSTM, are explicitly designed to predict data in the form of 

sequences such as time series. These models preserve the contextual information in the memory cells of 

previous input observations and effectively map an input to the output. 

 

  

(a) (b) 

(c) 

Fig. 12. CNN-LSTM model train and validation loss graph on three different time intervals of input data 

training: (a) 7 days, (b) 15 days, and (c) 30 days. 

 

 
Fig. 13. The average training computation time of CNN, LSTM, and hybrid CNN-LSTM sequence models. 

 

The average RMSE values of each model on three different time-steps are exceptionally high. The 

major problem is the lack of observed time-series data used to forecast and fulfil the specified range of 

missing values. The traditional statistical and machine learning methods, such as autoregressive 

integrated moving average (ARIMA) [30] and LSSVM [31], used in forecasting time-series data, would 

not be appropriate in this case. These models perform well when the time-series data patterns involve 

some sort of trend and seasonality. 

Furthermore, the proposed framework is compatible with other time-series missing values dataset 

rather than electricity load data. The specified prediction ranges of this framework could extend according 

to the requirements. Our proposed framework prediction accuracy will further enhance if we incorporate 

multiple input features to support multivariate forecasting instead of univariate. 
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6. Conclusion 

Missing values is one of the significant data quality issues in IoT-based SHS. If the collected data is 

missing or incomplete, it could eventually be useless. This paper proposed a novel framework for pre-

dicting large missing values gaps observed in IoT based home appliances electricity consumption time-

series datasets. Missing values in SHS appliances datasets observed at 7, 15, and 30 time-steps, so we 

have defined these predictive ranges in our proposed framework to forecast the missing values within 

these ranges. The proposed framework automatically detects, predicts, and reconstructs the missing values 

within the defined ranges—a hybrid CNN-LSTM neural network used in the proposed framework to 

forecast the detected ranges of missing values. The CNN-LSTM model input historical data for training 

is four-times more extensive than the defined detected range after sampling. 

A comparison experiment performed to analyze the forecasting performance of the CNN-LSTM model 

with its single variant such as CNN and LSTM on the defined missing values ranges. A tuning on crucial 

selected hyperparameters performed to determine the best hyperparameters combination for each model 

training configuration in this experiment. It observed that the CNN-LSTM model generates fewer predic-

tion errors on average and takes less time to train the input datasets. The experiment results confirm the 

selection of a hybrid CNN-LSTM neural network as a predictive model for our proposed framework. 
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