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Abstract. Iime series analysis involves identifying patterns, trends, and sea-
sonal variations in data collected at specific intervals, with applications in fi-
nance, economics, and weather forecasting. A critical challenge in time series
analysis is handling missing data, which can arise from non-response, errors, or
equipment malfunctions. Missing data can bias results and reduce accuracy, ne-
cessitating effective techniques such as deletion, imputation (c.g., mean, regres-
sion, or multiple imputation), and algorithms capable of handling missing val-
ues natively. The choice of method depends on the nature of the missing data—
Missing Completely at Random (MCAR), Missing at Random (MAR), or Miss-
ing Not at Random (MNAR). Advanced techniques like regressive, autoregres-
sive, and veclor autoregressive models have been employed [or imputation in
various domains, including healtheare and environmental monitoring.

This paper mtroduces a novel Deep Neural Network (DNN) approach for clean-
ing and filtering time series data, outperforming nine classical techniques such
as linear interpolation, spline, and moving mean/median. The proposed DNN, a
1D convolutional autoencoder, processes noisy data directly without requiring
preprocessing steps like outlier removal. Evaluated on temperature time series
data from a compressor, the DNN achieved a Root Mean Square Error (RMSE)
of 6°C, significantly lower than the best classical method (45°C). The DNN's
ability to accurately impute missing data and follow trends, even with large
gaps, demonstrates its robustness and superiority over traditional methods. This
study highlights the potential of DNNs in enhancing time series data analysis
and imputation.
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1 Introduction

Time scries refers to data points collected or recorded at specilic time intervals. The
analysis of them implies identify patterns, trends, and seasonal variations in the data.
It 1s particularly useful in fields like finance, economics, and weather forecasting. The
absence of data points in a data set can occur for various reasons, such as non-
response, data entry errors, or malfunction equipment. Tt is essential to handle missing
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data because it can bias results and reduce the accuracy of analysis. Techniques to
handle missing data include:

e Deletion: Removing records with missing data, which can be done listwise (re-
moving entire records) or pairwise (removing only the missing data points).

e Imputation: Filling in missing data using statistical methods like mean or median
imputation, regression imputation, or more advanced techniques like multiple im-
putation [1-0].

e Using Algorithms: Some machine learning algorithms can handle missing data
natively.

It is crucial to select the appropriate method to handle missing data based on its nature
whether it 1s Missing Completely at Random (MCAR), Missing at Random (MAR),
or Missing Not at Random (MNAR) [4,5].

Time-series techniques are used to [ill gaps in data. For example, Murad ct al.[5]
employed time-dependent covariates in a Cox model with Multiple Imputations by
Chained Equations to address missing data related to diabetes and some cancers,
showing feasibility only for small groups of contiguous missing data. Regressive,
autoregressive, vector autoregressive (VAR), and autoregressive moving average
(ARMA) modcls have also been used [or imputation. Bashir and Wei[7] developed a
VAR-based algorithm for multivariate time-series missing data, tested on ECG sig-
nals with 10% and 20% Missing Completely at Random (MCAR) datasets, requiring
stationary time-series. Zhang[3] used a regressive model to impute clinical data in
blood pressure and lactate, preserving relationships between missing values and vari-
ables. Liu & Molenaar[6] recovered missing electrodermal activity data with a VAR
model, fitting it to complete data and examining directional influence between child
and therapist. Dunsmuir & Robinson[8] estimated stationary time-series data with
ARMA models for pollution levels with minimal missing data. Anava et al.[9] pre-
dicted time-series online with AR models, focusing on time-series prediction with
missing data. Pedreschi et al.[10] evaluated methods for missing values in gel-based
proteomics data, concluding BPCA showed the best results among studied methods.
Choong et al.[11] proposed a new algorithm.

In this paper, we propose a novel Deep Neural Network (DNN) approach for clean-
ing and filtering time series data. To validate the effectiveness of our method, we
conduct a comprehensive comparison with nine classical techniques, demonstrating
the superior performance of our DNN-based solution.

2 Experiment Data Preparation

To evaluate the performance of the DNN, we utilized three temperature time series
records obtained from a compressor, each comprising 207,887 data points. The time
series were contaminated with noise within the range of 165,984 to 170,141, corre-
sponding to 4,158 noisy data points. For the implementation of classical models, the
noisy data segments were removed to ensure accurate analysis. In contrast, the DNN
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approach does not require the removal of noisy data, showcasing its robustness and
ability to handle contaminated time scries direetly.

Fig. 1 displays the temperature across the various stages of the compressor, with
the red rectangle highlighting the noisy data.

Fig. 1. Time Series — Three Stage Compressor Temperatures

Temperature Sensor - First Stage Temperature Sensor - Second stage

250 - 150
Noisy Tima Soros ——Noisy Timo Sories
200
150 100
© 100 (] £
50 b & ; 50
R |
0 I | |
| — P " . . P .| ob— . . . . SO
02 04 06 08 1 12 14 16 18 2 02 04 06 08 1 12 14 16 18 2
mili-seconds %10% mili-seconds x10%
300 Temperature Sensor - Third stage
—— Noisy Tine Series
2507
200
© 150
100
3 50
o |
0.2 04 06 08 1 12 1.4 1.6 18 2
mili-seconds 10°

3.1  Classic Method to Filter Data
The classic method implemented here are listed below:

1. Previous: Fills missing values using the last observed value.

2. Next: 1'1lls missing values using the next observed value.

3. Nearest: Fills missing values using the closest observed value (either previous or
next).

4. Lincar Interpolation: Estimates missing values by drawing a straight line between
neighboring points.

5. Spline: Uses smooth polynomial functions to interpolate missing values.

6. PChip: Piecewise Cubic Hermite Interpolation—preserves shape and monotonicity
of the data.

7. Makima: Modified Akima interpolation—smoother than linear but less oscillatory
than spline.

8. Moving Mean: Fills missing values using the rolling average of nearby data
points.

9. Moving Median: Fills missing values using the rolling median of nearby data
points, reducing outlier impact.
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3.2 Deep Neural Network

Deep neural networks can be used to classify data and filter out data that does not
meet certain criteria and imputation of missing data. For example:

e Spam detection: A neural network can classify emails as spam or not spam, auto-
matically [iltering out unwanted ones.

e Content filtering: On social networks, DNNs can identily and filter inappropriate
or malicious content.

e Imputation of missing data: GANSs can learn to fill in missing values in datasets.

e Synthetic data generation: Create clean and realistic data to train other models.

The presenting network is a 1D convolutional autoencoder with an encoder-decoder
architecture, specifically designed to process one-dimensional signals. The input con-
sists of a multi-channel sequence, which is passed through three convolutional layers
in the encoder. These layers progressively reduce the dimensionality of the signal
based on the number of down sampling levels. The decoder then reconstructs the
signal using three transposed convolutional layers, gradually increasing the number of
filters in each layer until the original structure 1s restored. A final transposed convolu-
tional layer produces the output, matching the number of channels in the input. This
architecturce is well-suited [or tasks such as noise removal, data compression, and
synthetic signal generation. The network architecture is summarized in Table 1.

Table 1. Architecture of the Proposed Deep Neural Network.

Layer Filters/Channels l1lter l'ixed
Input SequT;;:rlnput Number of channels e
r— g
Convolution 1D Convolution 1 Dn umFslllter L@}:T_ 17
(Encoder) 1 Layer SR ‘mil)p 2
Convolution 1D Convolution 1 numl‘ilter * (num- 17
(Encoder) 2 Layer DownSamples)
Convolution 1D Convolution 1 numFilter * (num- 17
(Encoder) 3 Laycr DownSamples - 1)
Convolution 1D | TransposedConv1D —_
(Degoder) 1 Lager numPFilters 17
Convolution 1D | TransposedConv1D " -
(Decoder) 2 Layer 2*numPFilters 17
Convolution 1D | TransposedConv1D " "
(Decoder) 3 Liger 3*numl‘ilters 17
Output Tty (Ii:?e(rjonv 1 numChannels L7
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4 Results and conclusions

Table 2 presents the Root Mean Square Error (RMSE) in degrees Celsius (°C) for
classic forecasting methods and Deep Neural Network (DNN) models. The best result
among the classic methods 1s 45 °C, achieved by the moving mean technique, while
the DNN achieves a significantly lower RMSE of 6 °C. These results demonstrate that
classic methods arc unable o compete with the performance of DNN-basced ap-
proaches.

Table 2. Root Mean Square Error (RMSE) in Degrees Celsius (°C) for Classic I'orecasting
Methods and Deep Neural Network (DNN) Maodels

: : r ; ; Movin; Movin
Previous | Next | Nearest | Lincar | Spline | PChip | Makima € M€ | DNN
Mcan Median
95 80 85 86 404 86 87 45 46 6
Fig. 2. Imputed Data (Moving Mean) vs. Original Data
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Figure 2 illustrates the results of data imputation using the classic method. To ap-
ply this method, outlier values must first be identified and replaced with imputed
values. In this case, the moving mean—which yielded the best RMSE among classic
mcthods—was used [or imputation. However, due (o the large volume of outlier data,
the imputed data behaves more like an average, deviating from the original data's
characteristics.

In contrast, Figure 3 demonstrates the DNN's ability to accurately follow the data
trend, even in the presence of significant data gaps. A key advantage of the DNN over
classic methods is its ability to impute data without the need for prior outlier detec-
tion. Unlike classic approaches, the DNN does not require preprocessing steps such as
z-score normalization or other outlier-cleaning techniques, streamlining the imputa-
tion process.
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Fig. 3. Imputed Data (DNN) vs. Original Data
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