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ABSTRACT

Although identifying missing values in regular time series is trivial,
detecting them becomes a challenge with irregular timestamps. To
reduce the storage, our partner, Alfa Laval, uses an engineering trick
to store measurements in time series databases only when their value
changes. This solution, despite solving storage problems, can create
problems in data analysis. It also complicates the identification of
missing values.

We address two problems: identifying hidden missing values from
irregular time series and developing effective imputation techniques
for them. We use a rule-based approach to locate hidden missing val-
ues tailored to the Alfa Laval dataset. Once we have identified the po-
sition of hidden missing values, imputing them becomes the greater
challenge, particularly when missing gaps are long. Our experiments
show that while Linear Interpolation often outperforms LSTM and
ARIMA, it only creates a straight line between two points, failing to
capture the shape of the missing data. Consequently, in long-term
gaps, we miss lots of informative fluctuations.

To address these limitations, we employ a pattern-based similar-
ity search method, which effectively captures the value and shape of
time series data for more accurate imputation. This thesis presents
our novel approach, which we validate on a subset of Alfa Laval’s
sensor data and three additional external datasets, demonstrating its
generalizability and effectiveness. While the rule-based identification
technique is particularly relevant to Alfa Laval’s data, our imputation
technique serves as a general solution for time series imputation.
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INTRODUCTION

Missing values are a critical issue in machine learning as they can
lead to problems like performance degradation, biased analysis, or
misinformed analysis [8].

In a regular time series, observations occur at consistent time in-
tervals. In such cases, if any value is missing, it creates irregular
gaps in the time series. Storing every observation consumes signif-
icant storage space. Thus, employing data compression techniques
minimizes repetition in consecutive observations, resulting in more
compact data that requires less storage space. However, the compres-
sion technique can result in the transformation of the time series
into irregular time intervals. Consequently, it becomes challenging
to identify missing values solely by examining the timestamps. Con-
sequently, these missing values become hidden within the time series.
Our study aims to detect these Hidden Missing Values (HMV) and
impute them effectively.

Once the HMV are identified, they need to be imputed. However,
the missingness is determined by the observed and unobserved part
of the data, which is a characteristic of not missing at random (NMAR),
which is the most complex type to impute [1] [15]. Therefore, we de-
velop a new imputation techniques to impute the gaps that preserve
the shape of the missing data.

Alfa Laval, our industrial partner for this thesis, faces challenges
due to hidden missing values in the data from their PureBallast ma-
chines.

In addition, the new imputation technique we develop is not only
applicable to Alfa Laval but also has significant societal impacts on
sectors such as healthcare and finance, where the shape of imputed
values plays a crucial role.

1.1 PROBLEM FORMULATION

In time series data, missing values may arise from various factors and
they can be categorized as internal or external causes. External causes
include system failures such as sensor malfunction, network disrup-
tions, or communication errors. Internal causes encompass hardware
failures, application malfunctions, or algorithmic bugs responsible for
data capture. In scenarios involving hidden missing values, data are
typically stored in compressed formats, potentially exacerbating in-
ternal causes. Compression algorithms, integral to this process, may
introduce bugs leading to missing values. In Alfa Laval’s data, we
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INTRODUCTION

discovered that the missing values were caused by a bug in their data
sampling algorithm, which is part of their compression mechanism.
Once the data is compressed, these missing values are hidden in the
time series.

Identifying missing values in regular time series is straightforward.
Regular time series exhibit fixed time intervals, making it easy to de-
tect missing values by examining time gaps, as illustrated in Figure 1.
However, the adoption of compression mechanisms for data storage
introduces irregularities into the time series structure, as depicted in
Figure 1

In regular time series data, the presence of missing values is typi-
cally signaled by gaps between timestamps. However, irregular time
series lack consistent intervals between values, making the straight-
forward detection of missing values via gap analysis impractical. In
such cases, missing values may be situated between two consecutive
observations, creating hidden gaps within the dataset, as illustrated
in Figure 1.

Hidden Missing values

(We do not know whether there was
missing value here or not)

Visible Missing values
(We know that there was a missing value
here)

I

. Regular Value
’\__\: Missing Value
o o
. l\—\l . - .
B o
10:00 10:01 10:02 10:03 10:04 10:00 10:08 11:55 12:14 14:56
Regular Time Series Irregular Time Series
Regular sampling (Irregular sampling interval)

Figure 1: Missing values in regular and irregular time series

1.2 RESEARCH QUESTIONS

In the context of this research, the absence of ground truth data
presents a significant challenge. Without a reference point for the true
values of the missing data points, identifying their positions and ver-
ifying the accuracy of any imputation methods becomes inherently
challenging.

Henceforth, we have structured our investigation around the fol-
lowing research inquiries:

* RQ 1: Can hidden missing values be detected in irregularly
stored time series?

¢ RQ 2: How information of other sensors can be used to infer
and predict missing values of another sensor?
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1.3 CONTRIBUTION

* RQ3: How pattern similarity search can be used to impute miss-
ing value?

1.3 CONTRIBUTION

Our contributions to this study are as follows:

Novelty: Missing value estimation is a crucial aspect of time series
analysis. However, methods such as ARIMA and LSTM often fail to
achieve good results in long-term missing value estimation due to
error propagation. Surprisingly, linear interpolation performs well for
larger gaps in time series data, given its inherent characteristics.

As a solution for long-term gap imputation, we develop a novel
method based on pattern similarity search for missing value estima-
tion that not only outperforms linear interpolation but also preserves
the shape. The pattern similarity search aims to find the best match in
both historical and future data to replace a missing segment in a time
series. The primary focus is to identify a matching shape in the time
series, regardless of their actual values. To achieve this, we employ
normalization and denormalization techniques, which help us find
the best match and then adjust it back to the relevant value range.
Additionally, to the best of our knowledge, pattern similarity search
has not been utilized in the literature for missing value estimation.

Secondary Contribution: We introduce a rule-based approach for
detecting hidden missing values in compressed time series. The rule-
based in this context is only relevant to Alfa Laval’s data. However,
this approach can be applied to various compressed time series using
different rules to identify the locations of hidden missing values.
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BACKGROUND

Time series data, which are sequences of observations recorded se-
quentially over time, are prevalent across a wide array of applications,
from financial markets and industrial monitoring to medical diagnos-
tics and sensor data, the focus of this thesis. Analyzing time series
data helps identify trends, forecast future values, and facilitate data-
driven decisions [22]. Nevertheless, the presence of missing values
in time series can significantly affect the accuracy of predictions and
the effectiveness of decision-making processes. Therefore, addressing
these gaps is crucial to maintaining the reliability and utility of time
series analysis.

One pivotal concern in handling missing data is the propagation of
error through imputation techniques. When values are imputed inac-
curately, it can lead to systematic errors that might compound across
subsequent analyses. Inaccurate imputation introduces bias that af-
fects the entire analytical process, making it imperative to use sophis-
ticated models that can estimate missing values more accurately and
mitigate error propagation. These considerations are vital to ensur-
ing that time series analyses remain robust and reliable, especially
when dealing with extended periods of missing data or in applica-
tions where accuracy is paramount.

Although the specific problem of detecting and imputing hidden
missing values in compressed, irregularly stored time series has not
been extensively addressed in existing literature, several related works
explore areas relevant to our research. This chapter reviews these
studies, focusing on various imputation techniques, including both
statistical and machine learning-based. These works provide a foun-
dation for understanding the current state of the art and identifying
gaps that our research aims to address.

A study similar to our similarity search approach has been con-
ducted by Halmstad University, as detailed in their conference paper
published in 2023 [24]. In their research, they explored the concept of
finding the nearest neighbor together with z-normalization. However,
their methodology differs from ours in terms of the criteria used for
searching. Specifically, they employed the last observation window
before the gap and forecasted values as the basis for their search crite-
ria. Also, they used the similarity search as a post-correction method
for ARIMA. In contrast, our nearest neighbor approach incorporates
data both before and after the gap window, thereby distinguishing
our method from the previous work.

To support our method of iteratively changing the target sensor
and using data from all other sensors as predictors, we draw upon
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methodologies discussed in various studies. These papers provide in-
sights into computational aspects and optimization strategies crucial
for high-dimensional contexts, whether for features or samples. The
techniques and strategies outlined in these studies are highly relevant
to our objective. They provide a framework for balancing computa-
tional efficiency with validation accuracy in our Cross-sensor imputa-
tion, which is pivotal for our research.

Imputing missing values can be achieved through either statistical-
based techniques or machine learning-based techniques. The two types
of missing value imputations include single-value and multivalue im-
putations [14]. For addressing single-value problems, one can employ
mean-based imputation or regression-based imputation, as detailed
in [14]. Similarly, it is possible to use interpolation techniques or
proximity-based methods to resolve the same problem [1].

In this paper [1], the authors provide a comprehensive review of
imputation techniques for time series data, highlighting the use of
various regression models such as Support Vector Machine (SVM)
and Random Forest, along with other machine learning approaches.
These methods have shown effectiveness in handling complex datasets
and improving the accuracy of imputations. Their work emphasizes
the potential of advanced regression techniques to address the chal-
lenges of missing data in time series, making it relevant to our cross-
sensor imputation approach.

The mean-based method is one of the simplest and earliest impu-
tation methods, where the missing values are substituted with the
mean value [14]. However, this leads to biased results [1]. Regression-
based imputation can be achieved with Autoregressive Integrated
Moving Average (ARIMA) and Autoregressive Moving Average (ARMA)
[2].

When multiple consecutive missing values are detected, multivalue
imputation methods such as Principal Component Analysis (PCA)-
based imputation, K-Nearest Neighbor (KNN)-based imputation, and
Kalman filter-based imputation can be used [1]. Additionally, enhanced
versions of PCA-based imputation techniques, highlighted in [29] and
[4], yield improved results. The authors of [26] have tested weighted
KNN for time series data and showed that it can achieve good perfor-
mance with less computational resources but excellent accuracy.

Deep learning methods can also apply to this problem; however,
deep learning methods, such as Recurrent Neural Network (RNN),
Convolutional Neural Network (CNN), and Long Short-Term Mem-
ory (LSTM), should be selected depending on the use case [29]. It is
also possible to use Linear Interpolation (LI) or Kalman smoothing
to impute the missing values, as explained in [28]. Another potential
strategy involves the utilization of Generative Adversarial Networks
(GAN ), a concept introduced in 2014, which consists of a data gen-
erator and a discriminator to synthesize real samples from random
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noise [16]. GANs were initially introduced to work on images; stud-
ies show that GANs can be used to impute time series data [10].
Some research [31] shows that Generative Adversarial Imputation
Nets (GAIN) can outperform other imputation techniques. However,
it has its own problems of high computational cost and issues with
temporal data.

In [30], the researchers employed a self-supervised learning frame-
work, specifically Autoregressive Predictive Coding (APC), to tackle
issues related to class imbalance and missing data within the domain
of time-series classification. While this study is not directly pertinent
to our objective of identifying missing values in univariate time series,
certain concepts from this work can be adapted for potential applica-
tion.

We observed that the size of the data, the percentage of missing
portions, and the available computational resources influence the se-
lection of imputation techniques.

2.1 TYPE OF MISSING VALUES

As discussed in [1], there are three types of missing values:

Missing Completely at Random (MCAR): The missingness of data
points is entirely random and does not depend on any observed or
unobserved data. This scenario is the easiest to manage because the
remaining data can represent the whole without introducing bias,
making imputation techniques to perform well.

Missing at Random (MAR): The probability of missing data is re-
lated to other observed data but not to the missing data itself. Han-
dling MAR typically involves using techniques such as multiple im-
putation to estimate the missing values based on available data.

Not Missing at Random (NMAR): Here, the likelihood of a data
point being missing is directly related to its actual, unobserved value.
NMAR is the most complex case and often requires assumptions
about the nature of the missing data, which could lead to biased
results if incorrect, which reflect the characteristics of the missing
values in our dataset.

Each type of missing data affects analysis differently and must be
correctly identified to apply the most appropriate methods for han-
dling missing values [21].

2.2 EXISTING IMPUTATION TECHNIQUES AND THEIR LIMITATIONS
2.2.1 Basic Statistical Imputation Methods
Traditional statistical methods for handling missing values in time se-

ries data, such as mean imputation and interpolation, often fall short
in complex scenarios. Mean imputation is straightforward but can in-
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troduce significant bias and distort the underlying data distribution,
particularly if the missing data is not completely random. On the
other hand, interpolation methods can be effective for filling smaller
gaps. However, they tend to produce less accurate results when deal-
ing with larger segments of missing data, as they typically assume
that changes between data points are gradual, an assumption that
may not hold in more volatile or irregular time series. This can lead
to oversimplified predictions that fail to capture the true variability
of the data [14].

2.2.2  AutoRegressive Integrated Moving Average (ARIMA)

The ARIMA model is a prominent statistical method employed for
forecasting time series data. It integrates three principal components:
Autoregression (AR): This component predicts future values based on
the observations from previous time points in the series. Differencing
(I): By differencing the data, it transforms the time series into a station-
ary state, where statistical properties such as mean and variance do
not change over time. Moving Average (MA): Incorporates the depen-
dency between an observation and a residual error from a moving av-
erage model applied to lagged observations. Despite its widespread
use, the ARIMA model has several limitations that can affect its pre-
dictive accuracy. These include challenges with non-stationary data,
non-linear relationships, handling large datasets, and the presence of
outliers [2]. In scenarios where ARIMA is less effective, alternative
approaches, such as machine learning models including Long Short-
Term Memory (LSTM) networks, might offer improved performance.

2.2.3 Long Short-Term Memory (LSTM)

LSTM networks, a specialized type of recurrent neural network (RNN),
are designed to address the limitations of traditional RNNs in han-
dling long-term dependencies in sequential data. LSTMs achieve this
through a unique architecture that incorporates memory cells and gat-
ing mechanisms, allowing them to selectively retain or discard infor-
mation over time. This ability to capture and preserve long-term de-
pendencies makes LSTMs particularly well-suited for analyzing time
series data, where patterns and relationships may span extended pe-
riods. Furthermore, LSTMs are capable of modeling non-linear rela-
tionships and are less sensitive to outliers compared to traditional sta-
tistical models like ARIMA. Given these advantages, LSTMs present
a promising avenue for addressing the challenges of missing values
and complex temporal patterns in sensor data analysis [29].
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2.2.4 Locality-Sensitive Hashing for Time Series Imputation

A key challenge in machine learning and data mining is identifying
the top-k most similar items to each item within a dataset, known
as approximate nearest neighbor problems. In the context of time se-
ries imputation, this technique can be used to find a similar match
through nearest neighbor imputation. One of common way to mea-
sure similarity using Locality-Sensitive Hashing (LSH) involves tech-
nique of MinHash for Jaccard similarity [9]. MinHash generates a
hash for each set, where the probability of two sets sharing the same
hash value corresponds to their Jaccard similarity as explain in the
equation 2.1. This value is 1 when the two sets are identical and o
when they are disjoint. This is done by applying a series of random
permutations to the set elements and selecting the smallest value.
MinHash can speedup this process without calculating the intersec-
tion and union.

The goal of MinHash is to estimate J(A,B) swiftly, without explicitly
computing the intersection and union as explained in the equation
2.2.

Furthermore, LSH groups similar items into the same bucket. This
can be leveraged for imputing missing points in a time series by find-
ing the best match within the same bucket.

_IANB]

~ JAUB| (1)

J(A,B)

2.1: Jaccard similarity.
A and B are two sets. In the context of time series, A and B can be
denoted as set of consecutive data points captured by a window.

Prlhmin(A) = hmin(B)] = J(A, B) (2)

2.2: Jaccard similarity estimation using MinHash.
hmin is the MinHash function

2.2.5 Error Propagation in Forecasting Models

Error propagation refers to the phenomenon where errors in predic-
tions accumulate and amplify over time, particularly in sequential
processes like time series forecasting [2].

We employ ARIMA and LSTM models for one-step-ahead predic-
tion and recursively fill in the gaps. This approach was chosen based
on our initial experiments, where we found that predicting one step
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P q
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i=1

2.3: ARIMA Mathematical Equation
The equation constrains the combination of AR equation and MA equa-
tion.

ahead resulted in the lowest errors. In this recursive process, the pre-
dicted value for time t + 1 is appended to the training window, while
the oldest values (up to t —n) are trimmed to maintain a fixed win-
dow size. It’s important to note that these predicted values are esti-
mates, and even the best estimates may contain small errors.

However, for longer-term gaps, the recursive process introduces
more predicted values into the window. These values, being the most
recent observations, have higher influence for the prediction. Errors
associated with these newly added values contribute to predicting the
next value, which can lead to deviations from the ground truth. Since
these errors are recursively used in subsequent predictions, they tend
to propagate, further deviating from the actual data. This propagation
of errors is the underlying reason for the deviations observed from
the ground truth. Hence, the researchers in the [24] paper employed
a post-correction mechanism to address these issues.

2.2.5.1 ARIMA Error Propagation in Recursive Forecasts

The error propagation of ARIMA can be explained mathematically by
the Equation 2.3.

e X, is the value of the time series at time ¢.

¢; are the autoregressive coefficients.

X¢—i are the lagged values of the time series.

® ¢ is the error term at time ¢, often assumed to be white noise.

0; are the moving average coefficients.

* ¢¢_j are the lagged error terms (previous forecast errors).

The forecast for one step from above equation can be written as the
Equation 2.4.

Xig1 = P1 Xy +01€¢ + €441 (4)

2.4: ARIMA one step forecast.
AR(1) and MA(1) is considered here in the equation.
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If the ARIMA is expanded to forecasting steps (t+2), the equation
can be written as the Equation 2.5.

Xi42 = P1 X471 + P2 X +01€¢41 +02€¢ + €442 (5)

2.5: ARIMA two step forecast.
AR(2) and MA(2) is considered here in the equation.

The error term (e¢, 1) is used for the forecast in the t+2.

2.2.5.2  LSTM Error Propagation in Recursive Forecasts

In LSTM, error propagation in recursive predictions refers to how
prediction errors in one time step can affect subsequent predictions.
Here’s how you can conceptually represent the error propagation in
recursive LSTM predictions:

Let Y, denote the predicted value at time t and Y; denote the
ground truth at time .

Prediction at time t can be expresses as the Equation 2.6.

Ye=Ff(Veo1,..., Yex) (6)
2.6: LSTM Prediction at time t.

where Yi_1,...,Yi_x are the previous predicted values, and f rep-
resents the LSTM model’s function.

Error at time t can be expresses as the Equation 2.7.

et = Yt — Vt (7)
2.7: LSTM Error at time t.

where e, is the prediction error at time .

Error propagation to time f+1 can be expresses as the Equation 2.8.

Vt4r1 = f(Vt/"'/VtJr'lfk) (8)

2.8: LSTM Error propagationat time f+1.
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Here, Y, incorporates the prediction error e, from the previous step.
Therefore, the error e; can potentially propagate through subsequent
predictions because Yot depends on Y: which was influenced by ex.

This recursive nature shows how prediction errors can accumulate
or propagate through the LSTM model’s forecast over time.

2.2.6  Why Simple Linear Models Do Not Propagate Error

In this context, we can consider two linear models: mean-based inter-
polation and linear interpolation.

Mean-based interpolation involves taking the mean of a given num-
ber of past values and using this mean value as the prediction. Linear
interpolation connects the starting and ending points of a gap with a
straight line.

Mean-based interpolation can be used for both forecasting and im-
putation. However, linear interpolation cannot be used for forecasting
because it requires both starting and ending points, whereas forecast-
ing provides only the starting point.

When it comes to the recursive prediction, both of these methods
does not reply of the previous the predicted value. To rephrase, the
prediction in t+1 does not take as an input for t+2. Hence, the error
in t+1 (¢4 1) does not influence the error in t+2 (e 2).

In conclusion, the simple linear modes does not propagate error
unlike ine ARIMA and LSTM and this behaviour is useful when it
come to long-term imputation problems.

2.3 REGRESSION MODELS FOR SENSOR DATA IMPUTATION

Regression models play a crucial role in addressing the challenge of
missing values in sensor data. These models are valuable for their
ability to estimate missing values based on the relationships between
variables captured in the dataset. Linear regression models are often
the starting point due to their simplicity and interpretability, provid-
ing a foundational understanding of the linear associations between
different sensors [14].

For datasets characterized by non-linear relationships, more com-
plex regression techniques become necessary. Random Forest, Sup-
port Vector Regression (SVR), and Gradient Boosting Machine (GBM)
are examples of advanced models that cater to these complexities.
[18].

2.3.1 Random Forest Regression (RFR)

Random Forest Regression is an ensemble learning method that op-
erates by combining several decision trees during training and out-
putting the mean prediction of the individual trees, to achieve a higher

[July 7, 2024 at 10:32 — classicthesis version 3.0 ]

11



12

BACKGROUND

accuracy. This model is generally capable of handling non-linear rela-
tionships and is robust against overfitting [1].

Random Forest for regression is formed by growing trees depend-
ing on a random vector O such that the tree predictor h(x, ®) takes
on numerical values. The mean-squared generalization error for any
numerical predictor h(x) is defined as [3]:

Exy(Y—h(X))* ©)
2.9: Mean squared generalization error.

The random forest predictor is formed by taking the average over
k of the trees {h(x, ©y)}. As the number of trees in the forest goes to
infinity [3], the following holds almost surely:

Exy(Y —avg, h(X,0))? — Exy(Y —Egh(X,©))? (10)

2.10: RF predictor generalization error while number of trees goes to infin-
ity.

Denote the right-hand side of the above equation as PE*(forest) &
the generalization error of the forest. Define the average generaliza-
tion error of a tree as [3]:

PE*(tree) = EgExy(Y —h(X,©))? (11)

2.11: The Average generalization error for a single tree.

2.3.2  Support Vector Regression (SVR)

Support Vector Regression (SVR) extends the principles of Support
Vector Machines (SVM) making it suitable for regression problems. It
works by utilizing kernel functions to handle non-linear relationships
between different features, allowing it to capture intricate patterns in
the data.

For the following mathematical expressions, consider the training
set denoted as (xi,yi) where i ranges from 1 to n. The objective of
SVR (Support Vector Regression) is to determine a function f(x) =
w - ¢(x) + b that approximates the true targets y; within a tolerance of
€ for all training examples, while maintaining the function as simple
as possible.

The optimization problem is formulated as:
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Lo Pkl +C;(E¢+Ei) (12)
1=
2.12: SVR optimization problem.
subject to:

Yi— (W-dlxi) +b) Set+ & (13)
2.13: The first constraint of SVR.

(W-d(xi)+b)—yi < e+ & (14)

2.14: The second constraint of SVR.
£,E >0 (15)

2.15: Other SVR constraint for non-negativity.

above, ¢(x) represents the kernel function that maps the input into
higher-dimensional space, while C represents the regularization pa-
rameter, and finally &, £* are slack variables [25].

2.3.3 Gradient Boosting Machine (GBM)

Gradient Boosting Machine (GBM) constructs models in a sequential
manner, where each new model aims to correct the errors made by
the previous models. This iterative process resembles a trial-and-error
approach. By aggregating the strengths of several weak models, GBM
could mange to create a robust predictive model

13

The goal of GBM is to minimize a differentiable loss function L(y, Fm (x)),

where Fy,(x) denotes the model’s prediction at the m-th iteration.
The model is refined through iterative updates:

Fin(x) = Fn—1(x) + vhin(x) (16)

2.16: GBM model update rule.
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where v is the learning rate and h,, (x) is the base learner (usually
a decision tree) fitted to the negative gradient of the loss function:

2
] (17)
F=Fm_1

2.17: Base learner fitting in GBM.

GBM aims to reduce the residual errors of the previous models,
making it more effective for complex problems [13].

Although models RF, SVR, and GBM possess considerable strengths,
they also encounter notable limitations. A significant challenge emerges
when sensors have low correlation or when independent variables
fail to adequately capture the data’s variability. In such scenarios, the
models” predictive accuracy can markedly decline, resulting in inef-
fective imputation outcomes. Furthermore, the inherent complexity
of models like RF, SVR, and GBM can lead to heightened computa-
tional requirements and difficulties in model tuning, especially when
handling large datasets.

2.4 EVALUATION METRICS FOR TIME SERIES IMPUTATION

Choosing the right metrics to evaluate the accuracy and effectiveness
of imputation methods is crucial in time series analysis. Mean Ab-
solute Error (MAE) and Root Mean Squared Error (RMSE) are com-
monly used metrics that provide a straightforward quantitative mea-
sure of imputation accuracy by calculating the average magnitude
of errors between the imputed and actual values. While these met-
rics are intuitive and easy to compute, they assume equal importance
across all errors and may not fully capture the dynamic characteristics
of time series data.

Euclidean distance and Dynamic Time Warping (DTW) are partic-
ularly well-suited for time series data due to their ability to measure
similarities between temporal sequences [5]. Euclidean distance is ef-
fective when the series are of the same length and perfectly aligned
in time, providing a simple and fast computation of dissimilarity be-
tween two time series [5]. However, its limitation lies in its sensitivity
to small shifts in time, which can result in large distance values even
between very similar time series sequences.

Dynamic Time Warping (DTW), on the other hand, is a more flex-
ible metric that allows for elastic transformations of the time series.
This makes DTW highly advantageous for datasets where time se-
ries may vary in speed [19]. For example, in sensor data imputation,
where readings might be delayed or advanced slightly in time, DTW
can align sequences in a way that traditional methods cannot, offering
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a more accurate measure of the actual similarities between sequences.
The primary drawback of DTW is its computational complexity, par-
ticularly for long sequences, which may require optimization or ap-
proximation techniques to be feasible in real-time applications [5].

Both Euclidean distance and DTW provide valuable insights into
the quality of imputation in time series, but their effectiveness can
depend greatly on the specific characteristics and requirements of the
dataset being analyzed. As such, it is important to choose the metric
that best matches the nature of the data and the specific challenges
presented by missing values.
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In this chapter, our study revolves around three primary research
questions (RQs). Firstly, RQ1 delves into detecting hidden missing
values within irregularly stored time series data. This involves devel-
oping methodologies capable of identifying missing values obscured
by irregular storage compression techniques. Secondly, RQ2 focuses
on harnessing information from other sensors to infer and predict
missing values of a target sensor. This inquiry explores cross-sensor
correlations and data fusion techniques to enhance the accuracy of
missing value imputation. Lastly, RQ3 investigates the use of pattern
similarity search algorithms for effectively imputing missing values.
This involves identifying and utilizing patterns within the time series
data to improve imputation outcomes.

3.1 RULE-BASED METHOD FOR DETECTION OF HIDDEN MISSING
VALUES

Initially, we engineer a new feature by considering the timestamp
gaps. Then, to ensure the accuracy of our analysis, we first remove ex-
treme outliers using standard outlier detection techniques. Following
this, we conduct a gap analysis using data visualization techniques
to identify anomalies.

Alfa Laval claimed that the first fill (FFILL) method should decom-
press the data for a given sampling interval as their compression tech-
nique mitigates consecutive duplicate values. We expect to identify
patterns in the gaps; also, there could be anomalies in the patterns.
These anomalies in the patterns can occur due to missing data points,
which could be the key to finding hidden missing values. In other
words, a significant deviation serves as an indicator of hidden miss-
ing values concealed due to data compression.

Finally, we employ a rule-based method to identify these anomaly
points as hidden missing values. This approach allows us to systemat-
ically detect and address hidden missing values based on predefined
rules and criteria established during the analysis phase.

3.2 DEVELOPMENT OF A NEW IMPUTATION TECHNIQUE

In this research, we address the issue of hidden missing values (HMVs)
in Alfa Laval’s data, as confirmed in Section 5.1.2. Traditional meth-
ods for imputing these missing values, such as ARIMA and LSTM,
are considered. However, our analysis in Section 5.2 shows that Lin-

16
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ear interpolation performs better for long-term missing values in com-
parison with ARIMA and LSTM, especially considering its simplicity.

LI simply connects the last observation and the next available point
with a straight line, making it a naive yet effective and straightfor-
ward method. Despite its simplicity and performance compared to
ARIMA and LSTM for short-term missing values, LI falls short in sce-
narios involving long-term missing values and fails to preserve the
inherent shape of the time series data.

More importantly, as explained in Section 5.1.2, to prove our hy-
pothesis of NMAR missing values in the time series, we should ob-
serve large fluctuations once the values are imputed. Therefore, the
shape of the imputed values plays a major role. Also, the shape of the
imputed values should be closer to the original shape of the data.

The motivation for this research stems from the need to develop
a more sophisticated imputation method that surpasses the limita-
tions of LI. Additionally, methods such as LI, mean-based approaches,
ARIMA, and LSTM often neglect the preservation of the data’s inher-
ent shape. Our goal is to create a novel technique specially for long-
term missing values that not only yields better results than LI but
also maintains the shape of the time series, an aspect not achieved
by existing methods in the literature. This advancement is crucial for
ensuring the integrity and usability of imputed data in long-term ap-
plications, ultimately leading to more accurate and reliable time series
analyses.

3.3 CREATION OF SYNTHESIZED DATA GAPS FOR IMPUTATION
ASSESSMENT

We refined the experiment by introducing synthesized gaps in a sys-
tematic manner. Validating the imputation model with synthesized
gaps became feasible as ground truth data was available for these syn-
thesized gaps. By achieving optimal imputation results for the synthe-
sized gaps, we established a robust foundation for utilizing the same
model to address potential hidden missing gaps, thereby substantiat-
ing our hypothesis. Additionally, to ensure the rigor of our approach,
we took random samples that did not overlap with the training win-
dows and excluded samples with completely compressed data.

3.4 DEFINE A PERFORMANCE BASELINE

One of the simplest methods for imputing gaps is Linear Interpo-
lation (LI) and Mean-based Interpolation. LI does not introduce dy-
namic variation into the imputed values; however, LI can impute gaps
with low average error. Conversely, models like ARIMA and LSTM
can provide imputations with considerable variation. Hence, we uti-

[July 7, 2024 at 10:32 — classicthesis version 3.0 ]

17



18

PROPOSED METHODS

lize LI, Mean-Based, ARIMA and LSTM as baseline methods for com-
paring the models defined in RQ2 and RQs3.

3.5 PROPOSED IMPUTATION METHOD: CROSS-SENSOR IMPUTA-
TION

In this section, we introduce our approach to handling missing data
through cross-sensor imputation. Cross-sensor imputation leverages
the data from multiple sensors to fill in synthetic gaps introduced into
different sensor’s time series. This method aims to enhance data com-
pleteness by using information from other sensors to impute missing
values in a target sensor.

The primary goal of our imputation efforts is to find the most accu-
rate method for predicting missing values, which we can then apply
to the hidden missing values detected in our dataset. To achieve this,
we will test various methods and compare their performance to find
the most suitable imputation technique. We start with cross-sensor
imputation to explore if information from other sensors can improve
the imputation accuracy for a given sensor. This method will also help
us answer the second research question: How can information from
other sensors be used to infer and predict missing values of another
sensor?

In our approach, we do not have a fixed target value. Instead, we
take the missing value in one sensor and treat it as the target fea-
ture, while using the data from all other sensors as predictors. We
iteratively change the target sensor, treating each remaining sensor as
a predictor in turn. This comprehensive testing is essential to deter-
mine if leveraging cross-sensor data can effectively fill the gaps.

To prepare the data for this method, we synchronize and resample
the sensor data to create a unified temporal framework that aligns
timestamps across all sensors. Then, we employ different regression
models to predict missing values. This approach aims to utilize the
correlations between sensors and capture temporal patterns, thereby
enriching the dataset and enhancing the predictive capacity of our
models. The subsequent subsections will delve into the specifics of
these steps, detailing the methods and techniques used in our cross-
sensor imputation process.

3.5.1 Synchronization and Resampling

Each machine in our study is equipped with distinct sensors, where
each sensor represents an irregular time series. A significant chal-
lenge is that these sensors do not share consistent start and end times-
tamps, nor do they have fixed intervals between data points. This vari-
ability complicates direct comparisons, as a single timestamp might
correspond to data points from some sensors and gaps for others.
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To address these issues, we synchronized the sensors to ensure con-
sistent temporal alignment within a single dataframe. This synchro-
nization ensures that timestamps from different sensors accurately
represent the same moments in time. We also used a ‘fill-forward’
method to address the inconsistent timestamp gaps. This technique
carries forward the last recorded value when a timestamp is missing,
reflecting the assumption that data remains unchanged until a new
measurement is collected.

As part of the synchronization process, we resampled the data from
the sensors to standardize the timestamps at a fixed interval of five
seconds. This interval was chosen because it is the most commonly
used frequency across all the sensors, facilitating a uniform analysis
framework and improving the reliability of our comparisons.

3.5.2 Feature Engineering

Feature engineering is crucial for enhancing the predictive capacity of
our cross-sensor imputation models. We begin by thoroughly explor-
ing the sensor data and discarding sensors that show no variation in
their readings, as they offer no predictive value.

Temporal Lag Features: Given that sensors often have low correla-
tion with each other, we create temporal lag features to enrich the
dataset for imputation purposes. These features, derived from lags
of 1, 2, 5, 10, and 60 minutes, capture dynamic patterns in sensor
readings over time. Incorporating these temporal dynamics into our
feature set is instrumental in improving the models” ability to detect
and utilize temporal dependencies.

One-Hot Encoding: In addition to temporal lag features, we use
one-hot encoding to handle categorical data. One-hot encoding con-
verts categorical variables into a form that can be provided to ma-
chine learning algorithms to improve model performance. This pro-
cess involves creating binary columns for each category, allowing the
models to interpret categorical data effectively.

3.5.3 Selection of Regression Models

Given the complexity of our dataset and the weak correlations among
sensors, we explore various regression models to determine the most
effective approach for imputation.

Linear Regression: We start with linear regression models, training
them using 100 data points and gradually increasing the data size
for each sensor and machine combination. This step helps establish a
baseline understanding of the data’s behavior.

Advanced Models: Recognizing that linear regression might not
fully capture the dataset’s complexity, we expand our approach to
include more sophisticated models:
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Random Forest: An ensemble learning method that constructs mul-
tiple decision trees for improved accuracy and robustness. Support
Vector Regression (SVR): A regression method that uses support vec-
tor machines to model the relationship between predictors and the
target variable. Gradient Boosting Machine (GBM): An ensemb]e tech-
nique that builds models sequentially, each one correcting the errors
of its predecessor, to enhance predictive performance. This diversified
approach allows us to leverage the unique strengths of each model,
enabling us to uncover and exploit subtle patterns within the data.

36 PROPOSED IMPUTATION METHOD: PATTERN SIMILARITY SEARCH

The Pattern Similarity Search (PSS) method compares the shape of
the source window to the search space, disregarding the actual values.
This approach finds the closest match by calculating the distance be-
tween the source and the destination data points in the window. The
PSS differs from the value similarity search by applying Z-score nor-
malization to both the source and search space (destination windows),
after which the PSS is performed on the normalized data. The best
match is then de-normalized using the parameters from the source
window.

3.6.1 Pattern Similarity Search Vs. Value Similarity Search

We undertake a parallel experiment where normalization is omitted,
and the similarity search is conducted based solely on the raw values
of the data. This approach directly compares the values between the
source and destination windows without the normalization step.

In this stage, we utilize synthesized gaps to assess the performance
of the imputation algorithms. Consequently, we have access to ground
truth data, enabling us to validate the imputation error.

The hypothesis posits that the PSS will outperform the Value Simi-
larity Search (VSS) approach due to its inherent advantage in search
space. Specifically, the PSS operates on a larger potential search space,
given its focus on the structural similarity rather than the exact val-
ues of the data. This broader search space allows for a more com-
prehensive exploration of potential matches, thereby increasing the
likelihood of identifying an optimal match between the source and
destination windows. Consequently, the PSS is expected to exhibit su-
perior performance in imputation tasks compared to the value-based
approach.

3.6.2  Search Window Size Selection

The Similarity Search window consists of two distinct components.
As illustrated in Figure 2, the OP and VW sections denote the train-
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ing area, where the algorithm learns from the available data, while
the PV area is designated as the validation area. The selection of
the PV area is contingent upon the size of the missing gaps within
the dataset, aiming to provide an independent set for assessing the
model’s performance.

We hypothesize that the ratio of the training area to the validation
area within the search window plays a pivotal role in determining
the accuracy and robustness of the results obtained. Therefore, it be-
comes imperative to carefully calibrate the dimensions of these areas
to strike an optimal balance, thus enhancing the efficacy of the simi-
larity search process.

Consequently, in order to ascertain the most suitable window size
for a given gap size, it is essential to undertake systematic experimen-
tation. This involves varying the dimensions of the search window
while keeping the size of the validation area constant. Through this
iterative process, we aim to uncover the window configuration that
maximizes the model’s performance and ensures reliable imputation
of missing values.

1 1 1
R ALY LV RPN

Figure 2: Similarity Search Window

The primary objective is to devise a method for pre-determining
the optimal search window size, thereby reducing the overall search
time substantially. Conducting multiple experiments to identify the
ideal window size for a specific gap size is impractical, especially
considering that missing data gaps can vary in size in real-world
scenarios. Hence, developing a technique to anticipate the most ef-
fective search window size in advance is crucial. This approach aims
to streamline the search process, ensuring efficiency and effectiveness
in addressing missing data gaps of varying sizes without the need for
repetitive experimentation.

3.7 IDENTIFYING THE BEST SEARCH SPACE

In the realm of PSS (shape similarity matching), the search space can
be categorized into three distinct areas. However, when the search
space expands, there’s a heightened risk of encountering a scenario
where the model identifies a perfect match for the testing area (re-
ferred to as OP and VW in Figure 2), while concurrently exhibiting
poor performance in the validation area (denoted as PV in Figure 2)
due to overfitting.
These three search spaces are delineated as follows:
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1. Search on selected sensor data only on the same machine: In
this scenario, the search is confined to specific sensor data from
the same machine. Also, this method can reduce the computa-
tional time significantly.

2. Search on selected sensor data on all the same machine: Here,
the search is extended to include selected sensor data from all
machines within the same category or context.

3. Search on all sensor data on all the same machine: This sce-
nario represents the most expansive search space, encompass-
ing all available sensor data from all machines. Since the search
space is extremely large, there is a risk that the computational
time can become exceedingly long.

38 SHAPE PRESERVATION SIMILARITY METRIC (SPSM)Z TRADE-
OFF BETWEEN PERFORMANCE AND SHAPE SIMILARITY

To assess the performance of our imputation methods, we employ
two distinct evaluation metrics. Firstly, we utilize the traditional Eu-
clidean distance, a point-wise distance metric that quantifies the dis-
crepancy between the imputed value (obtained through various im-
putation techniques) and the ground truth value before synthesizing
gaps. This metric is chosen for its simplicity and wide acceptance as
a measure of imputation accuracy, enabling direct comparison with
existing imputation approaches [6].

However, recognizing the importance of the shape of the imputed
values, we introduce a novel metric, which we refer to as Shape
Preservation Similarity Metric (SPSM) which is explained by the Equa-
tion 3.3. This metric combines Dynamic Time Warping (DTW) with
Euclidean distance to consider both the shape similarity and point-
wise distance between the imputed and ground truth values. DTW,
a technique commonly used in time series analysis, allows for flexi-
ble alignment of time series, capturing shape similarity even in the
presence of temporal shifts, it is used in [23] as similarity measure for
time series.

Both Euclidean distance and DTW distances gives the dissimilarity.
Therefore, we take the inverse in order to consider the similarity in
our SPSM Score. Hence, the higher the score is better.

Further, this metric compares the results with Linear Interpolation
as it gives very competitive similarity score. If the score is positive, the
imputation method is better than Linear Interpolation. If the SPSM
score is negative, the method is worse than Linear Interpolation.

In SPSM, we calculate the harmonic mean of the similarity scores
(using Euclidean distance) and shape similarity (using DTW). This
approach allows us to balance the importance of both point-wise ac-

[July 7, 2024 at 10:32 — classicthesis version 3.0 ]



38 SHAPE PRESERVATION SIMILARITY METRIC (SPSM)Z TRADE-OFF BETWEEN PERFORMANCE AND S:

curacy and overall shape fidelity in the imputed values. The error
function for our proposed metric is represented as:

¢ S1=Euclidean Distance of Similarity Search
¢ L;=Euclidean Distance of Linear Interpolation
* $,=DTW Distance of Similarity Search

e [,=DTW Distance of Linear Interpolation

S—] o L—1
MA="1_——1 (18)
-
1
3.1: Relative error compare to Linear Interpolation.
S5 -1
MS = 2]_#2 (19)
2
3.2: Relative shape similarity compare to Linear Interpolation.
i —1 if sign(MA) OR sign(MS)
sign =
1 otherwise
. 2% IMA| % [MS]
Score =sign« —————— (20)

IMA| 4+ [MS]

3.3: Shape Preservation Similarity Metric (SPSM).

By incorporating both shape and distance considerations, our met-
ric provides a more comprehensive evaluation of imputation perfor-
mance, especially in cases where the temporal dynamics and overall
pattern of the imputed values are critical. This is particularly relevant
in our context, as we aim to impute missing values in time series data,
where the shape of the imputed values can significantly impact the
analysis and interpretation of the data.
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3.9 STRATEGIES FOR REDUCING RUNTIME

Data Window |52589865362690864645556667789986754432132334 |

Filter |TTTTTTTTTTTTTTTTTT FFFFFFFFFFTTTTTTTTTTTTTTTITTTT |
Inverse Filter |FFFFFFFFFFFFFFFFF TTTTTTTTTT FFFFFFFFFFFFFFFFFF |
T-Boolean True F - Boolean False

Figure 3: Filter to remove gap and inverse filter keep the gap and remove
surroundings

3.9.1 Sliding Window Approach

The core concept behind pattern similarity search (PSS) involves em-
ploying a window size larger than the gap and seeking a match
within the designated search space. In order to enable effective com-
parison, a filter is employed to remove the gap located in the middle
of both the source and destination windows. This process, depicted in
Figure 3, visually illustrates the appearance of the filter. By applying
this filter, the training area is precisely extracted. In PSS, normaliza-
tion is applied, whereby the filtered source window is normalized
using the mean and standard deviation.

The search for a match entails utilizing a sliding window within
the search space. Upon capturing data points with the sliding win-
dow, the middle gap is removed and the frame is normalized. Subse-
quently, this destination filtered frame is compared with the filtered
source window using Euclidean distance, thereby determining the
training error. This process iterates until the destination frame is slid
to the end of the time series, and the destination window with the
lowest training error is selected as the best destination window.

The entire best destination window is normalized using the param-
eters of the filtered source window, followed by applying an inverse
filter to denormalize the destination window. The apearance of the
boolean inverse filter is illustrated in Figure 3. This process ensures
that a similar shape is identified in the time series, irrespective of the
values of its data points, while the denormalization restores the data
points to their original range within the source window.

3.9.2  Memory Based Approach

The memory-based approach achieves the same end result as the slid-
ing window approach, albeit with a different technical methodology.
In the memory-based approach, the sliding window is still employed
to capture destination frames. However, rather than iteratively per-
forming calculations as the window advances, all destination frames
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are captured simultaneously by advancing the window, followed by
a consolidated calculation process.
Here’s a more detailed breakdown of the technique:

1. A window larger than the gap is selected to capture the source
window.

2. The filter, depicted in Figure 4, is utilized to remove the middle
gap within the source window.

3. The source filtered window is then normalized.

4. A sliding window is utilized to capture all potential destination
windows, loading them into a matrix (D-matrix1).

5. A duplicate of the matrix (D-matrix2) is created, and the filter
is applied to remove the middle gap from: it.

6. Row-wise normalization is performed on D-matrix2.

7. A copy of the filtered window is duplicated, creating a matrix
(S-matrix) of the same size as the D-matrix2.

8. Euclidean distance is calculated row-wise between S-matrix and
D-matrix2, identifying the index with the lowest Euclidean dis-
tance.

9. The index is used to extract the best destination window (D-
window-idx) from D-matrix1.

10. The best destination window is denormalized using the param-
eters from the filtered source window.

11. An inverse filter, as depicted in Figure 4, is applied to extract
only the gap from the denormalized destination window.

This comprehensive technique allows for efficient computation.

3.9.3 Memory Based Batch Wise Approach

In the batch wise approach, we adhere to the same principles as those
employed in the memory-based approach. However, a distinct feature
of the batch wise methodology lies in its approach to handling data
loading into matrices. Rather than loading the entire dataset at once,
data is partitioned into manageable batches, allowing for more con-
trolled memory utilization. This strategic partitioning grants us finer
control over resource allocation, making it feasible to conduct exper-
iments even in environments with limited memory capacity. By effi-
ciently managing memory usage through batch loading, we ensure
that the experiments proceed smoothly while mitigating the risk of
resource exhaustion.
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Additionally, larger window sizes in the memory-based approach
necessitate the construction of large matrices, thereby imposing con-
straints on the maximum gap size for imputation. However, in the
batch wise approach, this limitation is circumvented as there are no
restrictions on the gap size. Despite the increased memory require-
ments associated with larger window sizes, the batch wise approach
accommodates this by increasing the number of batches used for
data processing. This adaptive strategy ensures that the batch wise
approach remains versatile and scalable, allowing for effective gap
imputation across a wide range of scenarios.

A simplified version of the memory based batch wise PSS is express
in Alogorithm 1.

The Python code for this algorithm is available on GitHub at https:
//github.com/gayan68/PSS as both a Python file and a Jupyter note-
book. Instructions for usage are provided within the Jupyter note-
book. This class identifies the best match and returns the results in a
denormalized and scaled format.
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Algorithm 1 Memory Based Batch Wise Pattern Similarity Search
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procedure GET_FILTER(gap, training window_length)
filtero [1 TO gap] < False
gap_buff < cEIL((training_length - gap) / 2)
filter1 [1 TO gap_buff] < True
filter < filter1 + filtero + filterx
return filter
end procedure

procedure CAPTURE_SAMPLE(sensor_data, window_size)
Array window_matrix
for each i in 0 to length(sensor_data) - (window_size - 1) do
sliding window < sensor_data[i to i + window_size - 1]
window_matrix.append(sliding_window)
end for
return window_matrix

: end procedure

: procedure FIND_MATCH(w_matrix, source_window, filter)

source_window < source_window/[filter]
source_window < NORMALIZE(source_window)
source_windows < TILE(source_window, length(w_matrix))
#Duplicate source_window to the same size as w_matrix
w_matrixz < w_matrix[filter]
w_matrix2 < NORMALIZE(w_matrix2)
errors < EUCLIDEAN_DISTANCE(source_windows, w_matrix2)
sorted_indices < indices of euclidean_distance sorted in as-
cending order
lowest_indexes < sorted_indices|[1]
lowest_errors < euclidean_distance[lowest_indexes]
best_match < w_matrix[lowest_indexes]
return error, best_match
end procedure

batch_len <+ 100000
window_length < 8oo #Select based on the gap size
best_error < 100
filter <~ GET_FILTER(gap, training_window_length)
filter_i + INVERsE(filter)
for b < 0 to length(sensor_data) - 1 by batch_len do
window_matrix <+ CAPTURE_SAMPLE(sensor_data, win-
dow_length)
error, best_match <+ FIND_MATCH(window_matrix,
source_window, filter)
if error < best_error then
best_error < error
final_best_match < best_match[filter_i]
end if
end for
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3.9.4 Locality-Sensitive Hashing

Locality-Sensitive Hashing (LSH) offers a solution to the approximate
nearest neighbor problem by employing Minhash to map items in a
higher-dimensional metric space into buckets [9]. MinHash is indeed
a technique used to estimate the Jaccard similarity between sets. The
LSH technique capitalizes on the likelihood that similar items will be
assigned to the same bucket, thereby reducing the search space [9].

When applied to time series search, LSH can significantly diminish
the search space resulting fast execution time. The process involves
capturing frames using a sliding window, followed by the removal
of the gap in the middle using a filter and subsequent normalization
of the frames. These normalized frames are then fed into the LSH
algorithm, which categorizes them into buckets based on their simi-
larity. This approach enables efficient reduction of the search space,
facilitating faster and more effective PSS in the time series data.

To query from LSH buckets, we utilize the source window with the
gap removed in the middle. The query process retrieves data from the
selected bucket, which contains selected filtered destination windows
and their respective indexes. However, it’s important to note that this
match only encompasses training data and does not include the P-V
validation data, as illustrated in Figure 2.

These indexes play a crucial role in identifying the position of the
sliding window. With the index information, we can extract the un-
filtered destination windows from the original search space. Subse-
quently, employing an inverse filter, as illustrated in Figure 3, allows
us to extract the necessary data for the gap. This process enables effi-
cient gap imputation by leveraging the information stored within the
LSH buckets.

3.10 FIND THE HIDDEN MISSING VALUES BY PSS

We hypothesize that large gaps followed by a gap size of 1 second
could indicate the presence of hidden missing values, as explained
in Section 5.1.2. To identify these gaps, we developed a rule-based
approach. However, identifying these gaps is only the first step; we
also need to impute these gaps to uncover any hidden missing values.
According to our hypothesis, if a gap contains hidden missing values,
we expect to observe large fluctuations once the gap is imputed.
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4.1 OVERVIEW OF THE DATASETS

This section provides an overview of the datasets examined in this
thesis, we aim to gain comprehensive insights into their applicabil-
ity of our imputation techniques across different domains. This pro-
cess enables the development and rigorous testing of sophisticated
algorithms and predictive models tailored to each specific applica-
tion. Additionally, the number of records in each dataset is a critical
factor to consider, as it influences the performance and reliability of
the imputation methods.

Pattern similarity search relies on identifying recurring patterns
within a time series, either from the past or future. Consequently,
longer time series increase the probability of finding a good match
since the search space is larger. In some instances, these repeated
patterns are quite common. On average, if a time series contains more
than 4 million data points, the chances of finding a very good match
are significantly higher.

4.1.1  Alfa Laval Datasets

The primary dataset includes data from 39 PureBallast machines pro-
vided by Alfa Laval, each equipped with 29 sensors, creating an ir-
regular time series for each sensor. Although we explore all machines
and sensors to detect hidden missing values, we apply various im-
putation techniques specifically on machines 4, 5, 10, 14, and 15 due
to time constraints. Additionally, we do not utilize all sensors from
each machine; instead, we focus on the high-frequency sensors that
add the most value to our analysis, specifically sensors 21, 24, 25,
and 26 from each machine. We also utilize sensor 18 in the case of
cross-sensor imputation. The selection of these machines and sensors
is made to balance the depth and breadth of our analysis.

4.1.2  External Datasets

In addition to our primary dataset, we test our imputation techniques
on three external time series datasets from Kaggle, each addressing
vital applications in energy management, spacecraft engineering, and
anomaly detection within complex systems.

* Smart Energy Meters Dataset: This dataset captures energy
consumption patterns in Bangalore. By leveraging advanced

29
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predictive models and interactive visualizations, it aids in pro-
moting efficient energy use. It also underscores the potential for
broader industrial applications and enhances the accuracy of
time series forecasting [27].

* Spacecraft Thruster Firing Tests Dataset: Although synthetic,
this dataset accurately simulates the operation of real-world
thrusters. It provides invaluable data for regression analysis,
performance prediction, and anomaly detection, supporting the
creation of predictive models under realistic industrial condi-
tions, with a particular focus on thruster performance and degra-
dation [12].

¢ Controlled Anomalies Time Series (CATS) Dataset: This dataset
offers an intricate simulation of a dynamic system with inten-
tionally introduced anomalies. Designed for benchmarking anomaly
detection algorithms, it includes a diverse array of variables,
precise ground truth data, and various types of anomalies. This
dataset is crucial for developing robust detection methods and
conducting detailed root cause analyses [11].

Figure 4 shows the number of records for each of the testing datasets
as well as the combination of machines and sensors utilized in our ex-
periment. This detailed representation highlights the scope and scale
of the data used in our study, emphasizing the variations in the num-
ber of records across different datasets.

Number of Records per Dataset

14000

12000

10000

8000

6000

Number of Records (in thousands)

4000

2000

Figure 4: Number of records for each testing dataset and the actual data.

4.2 DETECTING HIDDEN MISSING VALUES
Next, we aim to determine the default sample interval, which is the

most frequently used sampling interval in the data. To find this, we
plot sampling intervals of sensors in all machines as a histogram.
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Subsequently, we closely examine the graphs for abnormal patterns
and conduct further investigations into any identified anomalies. This
includes histograms to identify data distributions, logarithmic scaling
the data to identify patterns.

4.2.1  Initial Attempt to Impute of Hidden Missing Values

Upon identifying the locations of HMVs, we try to impute them us-
ing well known imputation techniques as an initial attempt. In this
section, we use ARIMA and LSTM for HMV imputation.

The training and validation data for the imputation algorithm are
taken from A-B, as illustrated in Figure 5. We utilized a sliding win-
dow to capture the training samples, where the last data-point of
each window serves as the label point for the sample window. Once
the model is trained, we impute the P-V gap one point at a time,
incorporating each imputed point to predict the next. Subsequently,
we remove the first data point from the frame to maintain a uniform
frame length. Once the P-V gap is fully imputed, we predict the C-I
point. In this experiment, we employ a single point in C-I as our vali-
dation point. If the P-V gap is imputed correctly, the error of the C-I
point should be minimized.

Figure 5: First Training Strategy
A-B: Training area for imputation algorithms
P-V: Hidden Missing Value
C-I: Validation Point

For ARIMA imputation, we train the model with varying training
lengths, ranging from 20 to 100. We calculate the Mean Absolute Error
(MAE) for the validation point in the A-B windows for different AR
values ranging from 1 to 5 and different MA values ranging from o to
an optimal value. We utilize the Augmented DickeyaFuller test (ADF)
as explained in [20] to select the appropriate differencing parameter
(I). The ADF implementation was carried out using the "statsmod-
els" library provided by statsmodels.org. Subsequently, we select the
model with the lowest validation MAE and imputed the P-V gap,
followed by the C-I gap.

In a similar manner, when employing LSTM, we followed a compa-
rable strategy. However, we use a limited window size of 50 and 100
to capture training data for LSTM. This decision was prompted by the
fact that LSTM requires numerous training samples to be adequately

[July 7, 2024 at 10:32 — classicthesis version 3.0 ]

31



32

EXPERIMENTAL EVALUATION

trained, and the process of capturing samples and training the mod-
els with various window sizes is exceedingly time-consuming.

4.3 SELECTION OF SYNTHESIZED GAPS

The synthesized gaps were generated artificially by removing consec-
utive data points at 5-second intervals. Additionally, the length of
these gaps was randomly selected from a range of 20 seconds to 70
seconds, corresponding to 4 to 14 data points in the 5-second resam-
pled time series. It was ensured that clean segments of the time series,
devoid of real gaps, were selected for the creation of synthesized gaps.
Specifically, 20 synthesized gaps were created per high-frequency sen-
sor in each machine. However, due to the significant time required for
imputing all synthesized gaps across all sensors, we narrowed down
the testing space to focus on 40 synthesized gaps in machine 5, specif-
ically in sensors 24 and 25.

4.4 COMPARISON OF BASELINE METHODS

In our experiment, we aim to test the hypothesis that ARIMA and
LSTM models perform better than Linear Interpolation for small gaps
in time series data but perform worse for larger gaps due to error
propagation. Specifically, we propose that while ARIMA and LSTM
can effectively capture complex temporal dependencies and trends
in the data, their performance deteriorates over larger gaps as initial
prediction errors compound. On the other hand, Linear Interpolation,
which simply draws a straight line between known observations be-
fore and after the gap, avoids this error propagation but fails to cap-
ture the true shape and dynamics of the missing data.

To validate this hypothesis, we conduct an experiment using sensor
data from Alfa Laval and two external datasets. The datasets used are
S25 and S26 on machines 4, 5, 10, 14, and 15 from Alfa Laval, along
with the SME and CATS datasets. We test various gap sizes of 14,
25, 50, and 100 to understand the performance of each imputation
method across different scenarios. Altogether, we impute 1920 syn-
thesized gaps in this experiment.

We apply the three imputation techniques LSTM, ARIMA, and Lin-
ear Interpolation-to fill these gaps, observing how each method per-
forms in terms of accuracy and its ability to preserve the underlying
data patterns.

Through this experiment, we seek to demonstrate that while ARIMA
and LSTM models are effective for small gaps, their performance de-
creases for larger gaps due to the propagation of errors.
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4.5 HOW BASELINE IMPUTATION METHODS ARE IMPLEMENTED

In this section we discuss how the baseline methods are trained with
different parameters.

4.5.1 Implementation of Linear Interpolation

Setting up Linear Interpolation is straightforward, as it involves fill-
ing the missing values with a straight line connecting the surrounding
data points.

4.5.2  Implementation of Mean-based Interpolation

A similar strategy is followed for mean-based imputation too. We use
a window as shown in Figure 2 (window size is determined by the
gap size) and remove the gap we want to impute; then, use the re-
maining data points in the window to calculate the mean. This mean
value is repeated for the point in the gap.

4.5.3 Implementation of ARIMA

Configuring ARIMA for imputation is more complex, as the appro-
priate model parameters can vary for each gap. We systematically
test different combinations of autoregressive (AR) and moving aver-
age (MA) parameters, ranging from 1 to 5 for AR and o to 5 for MA,
to find the best fit for each gap. Additionally, we apply differencing
to the time series data to achieve stationarity, if necessary. This is de-
termined using the ADF test. Given that we observed optimal results
with a training length of around 50 in Section 5.1.3, we fixed the train-
ing length accordingly to maintain consistency and efficiency in the
modeling process.

As the training strategy, we use a sliding window to capture 20
sample windows immediately before the gap. The window advances
one data point at a time. Each sample contains training data and a
validation point, which is the last data point in the sample, as illus-
trated in Figure 6. We iterate over the AR and MA parameters one at a
time through a nested for loop. In each iteration, we train the ARIMA
model with the selected AR and MA parameters and predict 20 vali-
dation points. Additionally, the 'I” parameter, which is responsible for
differencing, is calculated using the Augmented Dickey-Fuller (ADF)
test at each iteration. Then, we select the AR and MA parameters that
yield the lowest average error. We use Mean Absolute Error (MAE)
as the loss function. Upon identifying the best model, we impute the
gap, which is denoted as P-V in Figure 6.
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Nevertheless, the strategy was extremely time-consuming. We fixed
this problem by loading all training samples into a dataframe and
applying ARIMA as lambda functions.

B

e ot

Training——— [|<— Validation

Figure 6: ARIMA Training Strategy

4.5.4 Implementation of LSTM

We tried several LSTM architectures and finalized a design with 2
LSTM layers, each with a hidden size of 64, followed by two fully
connected (FC) layers. The FC layers have a hidden size of 8. The
first FC layer uses the rectified linear unit (ReLU) as the activation
function, while the last FC layer is linear only, as this problem is a
regression task. Also, Mean Squre Error (MSE) is used as the loss
function. We train the network separately for each dataset between
800 to 2000 epochs. As the optimizer, we use ADAM for the first part
of the training; then, AdaGrad with following parameters [17] [7].

¢ ADAM : learning-rate between 0.00001 to Ir=0.000001 depends
no the dataset.

* Adagrad : learning-rate between 0.00001 to lr=0.000005 depends

no the datasetand learning-rate decay between 0.000005 to 0.000001

When it comes to training, we train 7 models separately for each
datasets. When it comes to the the imputation of gaps, we used a re-
cursive approach where the predicted value is adding to the window
as the last point and remove the first point in the window to unified
the window size as explained in

46 IMPUTATION EXPERIMENT: CROSS-SENSOR IMPUTATION

This section details the experiments conducted to evaluate the effec-
tiveness of cross-sensor imputation, building upon the methodology
described in the proposed method section. Our aim is to determine
if leveraging data from multiple sensors can enhance the accuracy of
imputing missing values.
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4.6.1  Data Preparation

As previously described, we synchronize and resample the sensor
data to ensure a unified temporal framework. We address inconsis-
tencies in timestamps using a "forward fill" method and standardize
the data to a fixed interval of five seconds. Feature engineering in-
volves creating temporal lag features and applying one-hot encoding
to handle categorical data, enhancing the predictive capacity of our
models.

4.6.2  Model Training and Evaluation

We train several regression models, including Linear Regression, Ran-
dom Forest, Support Vector Regression (SVR), and Gradient Boosting
Machine (GBM). Each model undergoes parameter tuning to maxi-
mize prediction accuracy, adapting to the unique characteristics of
our dataset.

* Linear Regression: We start with simple linear regression mod-
els, initially training them using a subset of the data and grad-
ually increasing the data size for each sensor and machine com-
bination.

* Random Forest: For Random Forest, we tune parameters such
as the number of trees and the maximum depth of the trees to
optimize model performance.

* Support Vector Regression (SVR): For SVR, we experiment
with different kernel types and regularization parameters to
find the best configuration.

* Gradient Boosting Machine (GBM): For GBM, we adjust pa-
rameters including the number of boosting stages and the learn-
ing rate to achieve the best results.

4.6.3 Experiment Procedure

1. Model Training: Each model is trained using a progressively
larger dataset, with parameter tuning tailored to optimize per-
formance for each algorithm.

2. Iterative Targeting: In each iteration, we select one sensor as the
target feature and use data from all other sensors as predictors.
This process is repeated for each sensor, ensuring comprehen-
sive testing and evaluation of cross-sensor data’s effectiveness
in filling gaps.

3. Comparative Analysis: Models are trained with various data
lengths, and their performance is compared using L2 norms.
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We identify scenarios where specific models excel, highlighting
the strengths and weaknesses of each approach.

4.7 IMPUTATION EXPERIMENT: SIMILARITY SEARCH
4.7.1  Pattern Similarity Search Vs. Value Similarity Search

In this experiment, we utilized different sizes of training windows,
specifically 30, 50, 100, and 120.

We chose a window size bigger than the gap size (validation data).
Utilizing a moving window, we extracted training samples from the
time series. To ensure precise measurement of the Euclidean distance,
we constructed a filter to exclude P-V data points from both compar-
ison windows, as detailed in Figure 7.

In this experiment, we utilize 356 datapoints from two sensor datasets.
Subsequently, we run both PSS and VSS for the selected window
sizes.

Capture Training Window Apply the Filter Measure Euclidian Distance
(0] PV W,| O PV W
Source Window Source Window Source Window
Euclidean|Distance
Target Window Target Window Target Window

Figure 7: How to filter the PV gap and calculate Similarity Search Euclidean
distance

4.7.2  Search Window Size Selection

The experiment encompassed gap sizes of 14, 25, 50, 100, 200, and 300,
utilizing Alfa Laval’s dataset. Specifically, sensor 21 and 24 data from
machines 4, 5, 10, 14, and 15 were employed. For a given gap size, we
will use around 8 different window sizes to compare the results.

To ensure robustness and accuracy, 400 synthesized gaps were im-
puted per window size, amounting to a total of 19,200 gap imputa-
tions. This extensive sampling strategy aimed to adequately average
the results and provide comprehensive insights across various gap
sizes and sensor-machine combinations.

Upon identifying the optimal window sizes for the selected gaps,
we can leverage a linear regression model to further refine our anal-
ysis and facilitate predictive capabilities. The linear regression model
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enables us to establish a mathematical relationship between the ob-
served window sizes and relevant predictors, thereby allowing us
to predict future window sizes based on the identified patterns and
trends in the data.

48 FINDING A BEST MATCH FROM NEIGHBOR TIME SERIES

We conducted the experiment using synthetic data with random gap
sizes, utilizing Alfa Laval’s dataset. More specifically, source win-
dows are selected from sensors 24 and 25 datasets in machine 5. We
synthesized 40 random gaps for the experiment to measure the train-
ing and validation loss in each search space. The experiment com-
prised three main iterations, outlined as follows:

1. Search Space 1: In the 1st experiment, we execute the PSS on
the selected dataset individually.

2. Search Space 2: The second experiment aimed to identify sim-
ilar matches across 35 machines while focusing on the same
Sensor.

3. Search Space 3: For the third experiment, we expanded the
search space to include data from 5 sensors (specifically, sensor
20, 21, 24, 25, and 26), encompassing a total of 35 machines.

These experiments were conducted to explore the effectiveness and
scalability of the PSS approach across different configurations and
search spaces, providing insights into its performance and applicabil-
ity in various contexts.

4.9 EXPERIMENTAL CONFIGURATION FOR REDUCING RUNTIME

To determine the best program based on runtime and resource us-
age, the Sliding Window Approach, Memory Based Approach, and
Memory Based Batch Wise Approach are each executed 4 times to
accurately capture the data.

4.9.1  Experimental configuration for Sliding Window Approach

The experiment was organized with a synthetic gap of 200 data points,
and a window size of 1400 was selected. We employed the Alfa Laval’s
dataset from sensor 24 on machine 4 for this purpose. Specifically, we
focused on utilizing search space 1, which involves searching within
the same sensor and machine context. The experiment was conducted
on a university server equipped with the following specifications:

1. CPU: Intel Xeon W-2255 @ 20x 4.5GHz
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2. RAM: 128 GB

However, it’s worth noting that this experiment operated with low
RAM utilization despite the server’s substantial capabilities.

4.9.2  Experimental configuration for Memory-Based Approach

This experiment leverages the same server infrastructure as the slid-
ing window low memory experiment. However, there is a notable
difference in memory utilization due to the nature of the approach.
In this case, all captured frames are loaded into memory, and three
large matrices are created, resulting in a significant increase in RAM
usage.

Furthermore, the experiment utilizes the dataset sourced from sen-
sor 24 on machine 4 within the Alfa Laval’s dataset. This specific
dataset provides the necessary input for conducting the memory-
based approach under investigation.

4.9.3 Experimental configuration for Memory-Based Batch-Wise Approach

The batchwise approach operates on the same dataset, with varia-
tions in batch sizes selected for experimentation. Specifically, we opt
for two distinct batch sizes: 100,000 and 400,000. These batch sizes
are chosen to provide a comprehensive exploration of the approach’s
performance across varying levels of data granularity. By conducting
experiments with different batch sizes, we aim to assess the impact
of batch size on the effectiveness and efficiency of the batchwise ap-
proach in handling large datasets.

4.9.4 Locality-Sensitive Hashing

For the implementation of LSH, we utilize the library from "datas-
ketch". The "num_perm" parameter governs the number of permuta-
tions for the MinHash algorithm, where a higher number of permu-
tations typically leads to improved accuracy. In our experiment, we
explore different numbers of permutations, specifically 128, 32, and
16, to compare their respective results.

The experiment is conducted on datasets from sensor 21, extracted
from machines 4, 5, 10, 14, and 15. Each dataset contains 40 synthe-
sized gaps, resulting in a total of 200 synthesized gaps. Additionally,
the experiment investigates gap sizes of 100 with window sizes of 400
and 700 in two iterations.

Once the hash buckets are created, the querying process, followed
by indexes, can be employed to extract the imputation data, as ex-
plained in the "Method" section. Moreover, the querying process can
be executed in three different ways:
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1. Running PSS on selected bucket data with a filtered source win-
dow (gap removed in the middle). 2. Utilizing DTW to identify the
best match based on the filtered source window and selected bucket
data. Notably, this comparison only involves the training data. 3. Im-
plementing the combined approach by employing both the above-
mentioned methods and selecting the one with the least training er-
ror.

By exploring these three querying approaches, we aim to deter-
mine the most effective method for gap imputation using LSH in our
experimental setup.

4.10 EVALUATING PATTERN SIMILARITY SEARCH AGAINST BASE-
LINE METHODS

We introduce 4 baseline methods for comparison: Linear Interpola-
tion, Mean-based Interpolation, ARIMA, and LSTM. Our primary
objective is to evaluate whether Pattern Similarity Search (PSS) can
outperform these baseline methods.

Our experiment incorporated a diverse range of datasets, includ-
ing 4 obtained from Alfa Laval (5 sub datasets per sensor from 5
machines) and three external datasets, as delineated in Table 1. The
number of synthesis of artificial gaps was decided based on the size
of each dataset, ensuring a balanced and comprehensive evaluation.
In total, our study aimed to impute a total of 5,520 synthesized gaps
(total of 632,960 points), facilitating an impartial comparison across
datasets.

Moreover, to capture a holistic understanding, the experiment was
conducted iteratively, targeting gap sizes of 14, 25, 50, 100, 200, and
300. This systematic approach allowed us to assess the efficacy of gap
imputation across a spectrum of gap sizes, towards a fair comparison.

In evaluating the results, we employed the Shape Preservation Sim-
ilarity Metric (SPSM), the novel metric we introduced. This scoring
mechanism takes into account not only the raw similarity score but
also incorporates shape similarity considerations. By integrating both
aspects, the SPSM score (as mentioned in Section 3.8) offers a nuanced
assessment of the gap imputation quality, enabling a more compre-
hensive evaluation of our experimental outcomes.
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Dataset Synthesis Gap count
Alfa Laval sensor 21 from machine 4, 5, 10, 14, 15 200
Alfa Laval sensor 24 from machine 4, 5, 10, 14, 15 200
Alfa Laval sensor 25 from machine 4, 5, 10, 14, 15 200
Alfa Laval sensor 26 from machine 4, 5, 10, 14, 15 200
Smart Energy Meters dataset 40
CATS dataset 40
Spacecraft Thruster Firing Tests dataset 40

Table 1: Synthesis Gap count for each dataset

4.10.1  Three Approaches to Denormalization

PSS operates on normalized data. Our algorithm identifies the best
match based on the filtered data, which entails removing the gap in
the middle of the window. Nevertheless, our algoritm returns the
entire destination window (D-Window) corrosponding to the best
match window. However, this window contains original values and
is not normalized. Moreover, its value range differs from that of the
source window since we match only the shape of the window. Con-
sequently, once the best match is identified, normalization and de-
normalization are required to impute the gap. We have devised three
strategies for denormalization:

1. Normalize the D-Window. Use the mean and standard devia-
tion of the source training window (shown in the Figure 8) to
denormalized the D-Window.

2. Choose a small window, as illustrated in Figure 9. Utilize the
mean and standard deviation of this window for both normal-
ization and denormalization purposes. We consistently employ
the parameters of the D-Window for normalization and revert
to the parameters of the source window for denormalization.

3. In the third strategy, we choose the small window size dynami-
cally. However, for perfect alignment of the training area we nor-
malize then denormalize only the pink window area as shown
in Figure 9 Then use a scalar to scale and align the data in the
gap area.
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4

Training Area Training Area

Figure 8: Training window based normalize and denormalize towards the
best match. The Training window in represent in Green color.
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Figure 9: Smaller window to normalize and denormalize the best match.
The small window in represent in pink color.
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To conduct the denormalization process, we adopted three spe-
cific strategies delineated in the methodology section. These strate-
gies were applied to denormalize the data obtained from the Pattern
Similarity Search (PSS) versus baseline comparison experiment, as ex-
plained in Section 4.10 of the study.

4.11 FINDING THE HIDDEN MISSING VALUES BY PATTERN SIMI-
LARITY SEARCH

We use a rule-based method to identify the indices of potential hid-
den missing values in the time series. For this experiment, we uti-
lize data from sensor 24 and 25 on machines 4 and 5 in Alfa Laval’s
dataset. Our approach involves using PSS to find the best match for
the identified gaps. Once the best match is found, we apply denor-
malization strategy 3 to normalize and denormalize the best match
window. We chose denormalization strategy 3 because it yielded very
good results with all dataset in average.
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In this chapter, we present the results of our experiments aimed at
detecting and imputing hidden missing values in time series data.
We systematically analyze the effectiveness of various methodologies
and algorithms applied to both synthetic and real-world datasets.

Firstly, we discuss the detection of hidden missing values, high-
lighting the patterns and intervals of identified gaps. This includes
an evaluation of data resampling algorithm and the identification of
anomalies within the gaps.

Next, we compare the performance of baseline imputation meth-
ods, such as Linear Interpolation (LI), Mean-based Interpolation, Au-
toregressive Integrated Moving Average (ARIMA), LSTM to establish
a benchmark for further comparisons.

Following this, we evaluate the performance of cross-sensor impu-
tation techniques, examining how different regression models handle
the imputation of synthesized gaps.

Finally, we explore the results of our similarity search experiments,
comparing Pattern Similarity Search (PSS) and Value Similarity Search
(VSS). We analyze the impact of search window sizes and different
search spaces on imputation accuracy, providing insights into the op-
timal configurations for each approach.

Throughout this chapter, we include figures and tables to support
our findings, offering a clear and comprehensive view of the perfor-
mance and limitations of each method. Additionally, we evaluate the
proper imputation techniques based on our new metric called Shape
Preservation Similarity Metric.

5.1 RESULT OF THE HIDDEN MISSING VALUE DETECTION

We identified gaps spanned from 1 second to duration exceeding 1
year, notably up to 377 days, suggesting extended periods of machine
shutdown. As described in Figure 10, the most prevalent gap interval
observed was 5 seconds, exceeding the subsequent highest gap in-
terval of 10 seconds by a factor of 4.74. Furthermore, the 5-second
gap interval was found to be 480 times greater than the 1-second gap
interval. Consequently, it can be inferred that the optimal sampling
interval for the application is 5 seconds.

43
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t_gap
5.0
10.0
15.0
20.0
25.0
6.0
4.0
30.0
11.0
35.0

Frequency
237074851.0
50533115.0
15179950.0
5444782.0
2189745.0
1711484.0
1077307.0
988242.0
548778.0

494647.0

296602.0
287384.0
287795.0
287800.0
290746.0
1174024.0
1170273.0
291909.0
292250.0

32627750.0

t_gap Frequency

1.0

Figure 10: Gap vs. Frequency

Upon plotting the frequency of gaps logarithmically, discernible
patterns emerged in the sample interval, as depicted in Figure 11. To
gain a clearer understanding, we utilize box plots to identify outliers
and subsequently filter them out as shown in Figure 12. The box plot
shows that gaps larger than 4.1 hours are outliers. This was followed
by re-plotting the graph, as depicted in Figure 13.

Subsequent comprehensive analysis revealed the presence of five
distinct sample interval curves, as illustrated in Figure 15. Figure 14
elucidates that the gap between each datapoint on the curve is consis-
tently 5 seconds.

Log:Gap vs frequency | Machine: All, Sensor: HighFrg

100M

10k

Frequency

100

1000 10k 100k M

Gaps (Sample Interval)

t_gap

20M

Figure 11: All high frequency sensor data logarithmic visualization
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Figure 12: Outlier Filtering
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Log:Gap vs frequency | Machine: All, Sensor: HighFrg
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Figure 13: All high frequency sensor data logarithmic visualization (Outlier

filtered)
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Priority 1 Curve: 5 10 15| 20 25 30 35
Priority 2 Curve | 1 6 11 16, 21 26 31! 36
Priority 3 Curve | | 4 | 9 | 14 | 19 | 24 | 29 | 34 | 39
Priority 4 Curve: 2 7 12 17 22 27 32 a7
Priority 5 Curve | | 3 | 8 EE IET IEE INEE IEE |

Figure 14: Sample interval in each curve

Log:Gap vs frequency | Machine: All, Sensor: HighFrq
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Figure 15: High frequency sensor data sample interval curves

5.1.1 Assessment of the Data Resampling Method

The data resampling algorithm operates based on the changes in the
sensor readings. Initially set at a sample interval of 5 seconds, the al-
gorithm incrementally increases the interval by 5-second increments
if the sensor value remains consistent. This method of increasing the
sampling interval is preferred, leading to a significant alignment of
observed data with curve 1 in Figure 15.

However, in the event of sudden changes in sensor values, the al-
gorithm may transition to curves 2, 3, 4, or 5, representing intermedi-
ate sampling intervals. Nonetheless, the algorithm swiftly reverts to
curve 1, characterized by 5-second interval increments. For instance,
if the sampling interval shifts to 6 seconds (corresponding to the 2nd
curve), the algorithm promptly adjusts to a sampling interval of 4 sec-
onds (3rd curve) to realign with the 5-second intervals (1st curve), as
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illustrated in Figure 16. This iterative process ensures alignment with
timestamps incremented by 5 seconds.

time PT201_16 t_gap

2377333 2022-07-21 02:59:51 0.093156 10.0
2377334 2022-07-21 02:59:57 0.088273 6.0
2377335 2022-07-21 03:00:01 0.093156 4.0
2377336 2022-07-2103:00:11  0.078508  10.0
2377337 2022-07-21 03:00:16  0.088273 5.0

Figure 16: Revert the sampling back to curve 1

5.1.2  Anomalies in Gaps

Our observations indicate that a sampling interval of 1 second should
theoretically align with the parameters of curve 2 in Figure 15. How-
ever, it deviates from this expected behavior, indicating an anomaly.

By looking at the data and sampling intervals, we reverse engineer
the data sampling algorithm used by Alfa Laval. We observed that
the sampling algorithm sets thresholds to monitor sensor readings
and decides the next sampling interval depending on how much the
values change. It’s important to note that the program takes action
only end of the current sampling window.

Also, we find that there is a pattern where the large gaps are fol-
lowed by 1-second intervals. This pattern arises because the sampling
algorithm detects significant value changes during the waiting win-
dow and increases the resolution to 1 second to capture immediate
fluctuations. However, these rapid changes may not persist over time,
and increasing the sampling interval after the waiting window fails
to effectively capture these fluctuations, leading to hidden missing
values.

For example, as illustrated in Figure 17, within a 25-gap window,
the values exceed the threshold. However, the program only adjusts
the time window for the next attempt, causing the loss of these values.
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4:02:02AM 0.355612 o
4:52:07AM  0.360494 5
4:52:12AM  0.355612 )
4:52:37 AM 0.360494' 25_|
4:52:38 AM  0.360494 1
4:52:42 AM  0.365377 4
4:52:47 AM  0.355612 5
4:52:57 AM  0.360494 10
4:53:07AM  0.345235 10
4:53:12AM 0.360494 S

Figure 17: Large gap followed by 1 second gap

These anomalies may represent the potential hidden missing val-
ues we seek. Upon imputing these values, if their deviation from
the decompressed values is significant, it allows us to identify these
anomalies as potential hidden missing values.

This is false under the definition of NMAR, where the missingness
is determined by the unobserved part of the data [14]. Once the values
are imputed only we can classify them as missing values or not.

Based on the data patterns, we can conclude that engineers at Alfa
Laval have devised a method to compress the data by resampling the
time series. However, a bug in their algorithm caused hidden miss-
ing values, evident as anomalies in Figure 15. Moreover, this issue is
specific to Alfa Laval and not a universal problem.

5.1.3 Initial Result in Imputing Hidden Missing Values

For the ARIMA imputation, we got best results when the window
size around 50. While the imputed values for the P-V gap in Fig-
ure 5 using LSTM showed less variability compared to ARIMA, nei-
ther method yielded remarkable results at this stage.

Our focus now shifts to leveraging properly calibrated cross-sensor
imputation in RQ2 and similarity search in RQ3 to address these gaps
more effectively.

5.2 SELECTION OF PRIMARY BASELINE METHOD FOR LONG-TERM
GAPS

Based on the experiment currently being conducted with gap sizes of
14, 25, 50, and 100, a notable trend is emerging: as the size of the gap
increases, the effectiveness of Linear Interpolation improves, while
the performance of both the ARIMA and LSTM starts to deteriorate
as demonstrate in Figure 18, 19, proving our hypotheses. This obser-
vation suggests that when dealing with longer-term imputation tasks,
interpolation emerges as a favorable choice. However, it’s essential to
acknowledge a limitation of linear interpolation as it create a straight
line between the last two known points, disregarding any underlying
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patterns or fluctuations in the data. Despite this limitation, its sim-
plicity and efficiency make it a viable option for filling in missing
values, particularly in scenarios where the gap between data points
is considerable.
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Figure 18: Comparison of Linear Interpolation, Mean, LSTM, and ARIMA
Left: Gap Sizes 14 and Right: Gap Sizes 25
The deviation of each plot’s median from linear interpolation’s
median is mentioned in each box plot
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Figure 19: Comparison of Linear Interpolation, Mean, LSTM, and ARIMA
Left: Gap Sizes 50 and Right: Gap Sizes 100
The deviation of each plot’s median from linear interpolation’s
median is mentioned in each box plot

5.3 PERFORMANCE OF CROSS-SENSOR IMPUTATION METHOD

In our quest to address the challenge of missing sensor data, we em-
barked on a journey to explore various regression models for imputa-
tion. Our focus was on sensor 25 in Machine 5, a critical component
in our system. We synthesized gaps in the data and tested several
models to see how well they could fill these gaps.

We evaluated different imputation methods, comparing their per-
formance using Euclidean Distance as the error metric. The results
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are summarized in Table 2, which lists the top ten methods based on
their L2 Norm values.

Our initial findings, as presented in Table 2, indicated that Lin-
ear Regression performed remarkably well, particularly when trained
with varying amounts of data. Notably, Linear Regression with 500
data points achieved the lowest L2 Norm, suggesting high accuracy
in filling the gaps.

However, as we delved deeper, we noticed that other methods like
SVR and Random Forest also showed promise. For instance, SVR
with 500 data points demonstrated a competitive L2 Norm, though it
didn’t surpass Linear Regression.

Mechanism Training Length | L2 Norm
LinearRegression 500 0.021643
LinearRegression 200 0.022855
LinearRegression 1000 0.023965
LinearRegression 100 0.024060

SVR 500 0.025039
RandomForest 1000 0.026333
GBM 1000 0.026415
RandomForest 500 0.026428
RandomForest 200 0.026567
RandomForest 100 0.026979

Table 2: Comparison of regression models performance for Machine 5, sen-
sor 25.

To provide a clearer picture, we created several visualizations. Fig-
ure 20 compares the performance of our regression models with PSS
and baseline methods of ARIMA and Linear Interpolation. Among
these, Linear Interpolation yielded the most favorable results.
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Comparison of Cross-Sensor Imputation and PSS with Baseline methods
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Figure 20: Overall result comparison with baseline methods and best PSS
model at the time

Figure 21 illustrates how Linear Regression, trained with 200 data
points, effectively filled some of the artificial gaps with high accuracy.
Yet, it’s important to note that this accuracy wasn’t consistent across
all gaps.

Machine: 5, Sensor: 25, Detection: 4 | Value Comparison
L2Norm: 0.015904984722205834

0.220 A —e— Original
— P\
—— Linear Reg

0.215 A "1

0.210 A

0.205 A

0.200 A

0.195 A

T T T T T T

0 10 20 30 40 50

Figure 21: Cross-sensor Linear regression Value match for detection 4 in
machine 5, sensor 25

We extended our analysis to sensor 24 in Machine 5, comparing the
performance of various models. As shown in Table 3, SVR emerged
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as the best performer with the lowest L2 Norm when trained with 100
data points. This result underscores the potential of SVR in handling

specific sensor data imputation tasks.

Mechanism Training Length | L2 Norm
SVR 100 0.036771
RandomForest 500 0.041944
GBM 1000 0.048949
RandomForest 200 0.053544
GBM 100 0.054017
GBM 500 0.061539
RandomForest 100 0.073097
SVR 500 0.075343
LinearRegression 1000 0.087299
GBM 200 0.091808

Table 3: Comparison of regression models for sensor 24.

The effectiveness of SVR is visually evident in Figure 22, where the
imputed values closely align with the original data, demonstrating
the model’s capability in filling missing points.

Original vs. Predicted Values for SVR (Training Size: 100)
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0.348

0.346

0.344
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0.340
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Figure 22: Cross-sensor Support Vector Regression Value match for detec-

~—&— Original Values
Predicted Values (SVR, Training Size: 100)

tion 4 in machine 5, sensor 25

In addressing RQz: "How information of other sensors can be used to
infer and predict missing values of another sensor?”, we explored the po-
tential of leveraging data from other sensors to improve imputation
accuracy. Despite the promising results of our regression models, par-
ticularly Linear Regression and SVR, they could not consistently sur-

+1.836e5
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pass our baseline methods. Even with different hyperparameter set-
tings, the baseline methods like Linear Interpolation remained more
effective overall.

Recognizing this limitation, we decided to shift our focus towards
similarity search methods, which we introduce in the subsequent sec-
tions. This strategic pivot was based on the insights gained from our
midterm results, where we realized the potential of similarity search
in addressing the challenges of sensor data imputation.

Our journey through cross-sensor imputation has been enlighten-
ing, guiding us towards more effective techniques for handling miss-
ing data and improving the reliability of our sensor network.

5.4 HOW WELL SIMILARITY SEARCH PERFORMED
5.4.1 Pattern Similarity Search Vs. Value Similarity Search

The experiment results are presented and compared using a boxplot,
as depicted in Figure 23. It is evident from the visualization that the
median value of PSS error consistently remains lower than that of
VSS. Based on this observation, we made the decision to proceed
exclusively with PSS for further experimentation, as it shows promise
in yielding superior results.

Pattern Similarity Search Vs Value Similarity Search
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Figure 23: Comparison results of Pattern Similarity Search Vs. Value Simi-
larity Search
The deviation from the median of LI is mention in each box plot

The VSS mechanism necessitates finding a match with precisely
the same value, which may pose challenges in time series data where
patterns can be scaled to different values. However, with the intro-
duction of Z-score normalization to standardize the source and des-
tination windows, the data is scaled to a range between -1 and +1.
This normalization process effectively maximizes the search space, as
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every segment of the time series becomes a potential candidate for a
match. Consequently, even when patterns are scaled, normalization
enables the identification of suitable matches within the expanded
search space.

5.4.2 Search Window Size Selection

It was observed that there exists a specific window size that yields
the lowest error rate. As the window sizes continue to increase be-
yond this optimal point, the error rate also increases accordingly. For
example, as depicted in Figure 24, a gap size of 100 produced the
most favorable outcomes with a window size of yoo. This graphical
representation is derived from the analysis of 2800 synthesized gap
imputations.

PSS Window Size Comparison for Gap Size 100
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Figure 24: Window size comparison for gap size 100
The deviation from the median of LI is mention in each box plot

From Figure 25, we observed a discernible relationship between the
gap size and the optimal window size, which appears to be nearly lin-
ear. However, it is important to note that this observation is based on
only six gap sizes, which may not be sufficient to construct a robust
linear regression model.
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Gap Vs Best search window size
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Figure 25: Gap size Vs. best window size

Given the limitation of insufficient data to adequately validate the
linear regression model, we acknowledge the necessity of employing
alternative strategies to ensure the reliability of our window size se-
lection process. In light of this constraint, we opt to revert to the brute
force method as a robust and pragmatic approach for identifying the
best window size.

5.4.3 The Best Search Space

Upon conducting the experiment across different search spaces, it
became evident that sub-experiment 3, involving a comprehensive
search across all machines and sensor data, incurred significantly
longer processing times. This was attributed to the necessity of run-
ning the PSS across a total of 175 datasets, contributing to the ex-
tended duration required to complete the task.

In contrast, sub-experiment 2, which focused on searching the same
sensor across all machines, yielded more favorable results in the train-
ing region (referred to as OP and VW in Figure 2) compared to ex-
periment 1 as illustrated in Figure 26. However, it was observed that
experiment 1 exhibited superior performance in the validation area
as illustrated in Figure 26.
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Search Space Vs Training Error Search Space Vs Validation Error
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Figure 26: Comparison of performance across different search spaces based
on training and validation loss
The deviation of each plot’s median from linear interpolation’s
median is mentioned in each box plot

Search Space 2, which encompasses a relatively large search space,
presents the risk of overfitting. This phenomenon occurs when the
model learns to fit the training data too closely, resulting in a perfect
match for the training window. However, when applied to the valida-
tion dataset, the model’s performance deteriorates as it struggles to
generalize beyond the training data, leading to increased error.

In contrast, utilizing the search space of the same sensor on the
same machine (Search Space 1) offers a more constrained and focused
approach. By limiting the search to data from the same sensor on
the same machine, the model is less susceptible to overfitting. This
focused search space reduces the risk of capturing noise or irrelevant
patterns present in the broader search space, allowing the model to
better generalize to unseen data.

5.5 STRATEGIES FOR REDUCING RUNTIME

Each experiments repeated 4 times and the runtime is recorded as
mean and standard deviation in the Table 4.

Method Runtime (hours)
Sliding Window Approach (Low RAM) 27.70 +0.21
Memory Based Approach (High RAM) 4.38 £0.45

Batch Wise Approach (Medium RAM) (Batch = 100000) 3.67 £0.37
Batch Wise Approach (Medium RAM) (Batch = 400000) 4.14 £0.34

Table 4: Runtime Comparison of Each Technique for gap size 200 with win-
dow size 1400. Alfa Laval’s dataset of sensor 24 in machine 4 was
used for this experiment.

[July 7, 2024 at 10:32 — classicthesis version 3.0 ]



56

RESULT

5.5.1 Sliding Window Approach

As detailed in both the methodology and experimental procedures,
the sliding window approach employs a systematic iteration process,
utilizing a sliding window mechanism to traverse the dataset and per-
form calculations at each step. Notably, this iterative process involves
repeatedly applying the sliding window technique to analyze various
segments of the data.

Interestingly, throughout the experiment, we observed that mem-
ory usage remained remarkably low, consistently below 2 GB of RAM.
This finding is noteworthy, suggesting that the sliding window ap-
proach were easily accommodated within the available hardware re-
sources.

However, despite the efficient memory usage, the experiment in-
curred a substantial time investment. It spanned a total duration of
approximately 27.7 hours as mentioned in the Table 4. This prolonged
timeframe underscores the complexity and computational intensity
of the sliding window approach, despite its modest memory require-
ments.

5.5.2  Memory-based Approach

This experiment demonstrated significantly faster execution compared
to the low memory sliding window approach, completing notably
within average of 4.38 hours as mentioned in the Table 4. However,
it’s important to highlight that the memory usage surged to approx-
imately 80 GB during the execution phase. Despite the substantial
increase in memory consumption, the efficiency gains in terms of
processing speed are remarkable, showcasing the effectiveness of the
memory-based approach in optimizing computational performance.

5.5.3 Memory-based Batch-wise Approach

The experiment was conducted using two distinct batch sizes, as out-
lined in Table 4. In both scenarios, memory utilization remained be-
low 16GB. Notably, the smaller batch size exhibited a lower mem-
ory footprint compared to the larger batch size. Additionally, in both
cases, the execution time was notably faster than that of the memory-
based approach. The lowest average execution time recorded was 3.67
hours, as depicted in Table 3. This demonstrates the efficiency and ef-
fectiveness of the batchwise approach, particularly when compared
to the memory-based approach, in terms of both memory usage and
execution time.
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5.5.4 Locality Sensitive Hashing

When the experiment was conducted with 128 and 32 permutations,
we observed that each window was allocated to a separate bucket.
This outcome suggests that a higher number of permutations increases
the complexity of the MinHash algorithm, leading to greater dissimi-
larity between the MinHashes. However, upon reducing the number
of permutations to 16, we obtained more satisfactory results.

Despite this improvement, when compared to the results obtained
from the previous sliding window-based approaches, the LSH ap-
proach exhibited poorer performance, as depicted in Figure 27. This
discrepancy suggests that while LSH may offer advantages in terms
of reducing the search space and computational complexity, it may
not be as effective as other methods, such as sliding window-based
approaches, for gap imputation tasks in time series data.

PSS Window Size Comparison for Gap Size 100

Euclidean Distance
o
g
o

0.11 +0.08116
+0.07265 +0.07209

+0.05528

Figure 27: LSH Vs. sliding window approach. "LSH_Comb" represent the
combined approach of other two LSH approaches. The combine
approach select the one with the least training error.

The deviation of each plot’s median from linear interpolation’s
median is mentioned in each box plot.

The LSH approach presents challenges due to the need for differ-
ent hashing buckets for each gap size, making it difficult to manage.
Furthermore, this method has shown limited effectiveness in improv-
ing data quality compared to the other three approaches, resulting in
higher error rates.

In contrast, the sliding window approaches utilizing Euclidean dis-
tance for similarity measurement have demonstrated superior perfor-
mance with lower error rates compared to LSH. Among these meth-
ods, the memory-based batchwise approach emerged as the optimal
choice in terms of both execution time and memory optimization.
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This approach offers flexibility in adjusting batch sizes, enabling it
to operate efficiently even in resource-constrained environments. Its
practicality and speed make it the preferred option for conducting
experiments.

Hence, we have decided to proceed with the memory-based batch-
wise approach for our experiments, as it offers the best balance of
performance and resource efficiency.

56 COMPARISON RESULTS OF PATTERN SIMILARITY SEARCH AGAINST

BASELINE METHODS

In this section, we discuss a details analysis to identify when to use
PSS and a summary analysis to compare overall results.

5.6.1 Detailed Analysis

Table 5 and 6 present the results from sensor 21 of Alfa Lavalas data.
Table 5 displays the Euclidean distance compared to the ground truth,
while TTable 6 shows the DTW distance. Based on these tables, it
is evident that as the gap size increases, PSS achieves better results.
Even for smaller gap sizes, PSS ranks as the second-best method. The
difference between linear interpolation and PSS is minimal regarding
Euclidean distance. This dataset is relatively small compared to oth-
ers, and we do not recommend it for PSS. Consequently, the standard
deviation is widely spread.

Based on Table 7 and 8, PSS outperforms other methods in most
cases, even for small gap sizes, in both Euclidean distance and DTW.
Linear interpolation performs best when the gap size is 25 in both
comparison matrices; however, the difference is minor, and PSS still
ranks second.

Based on Table 9 and 10, PSS performs well for small gap sizes in
both Euclidean distance and DTW. Even for longer gaps, PSS achieves
better results with DTW, except for a gap size of 100. However, for a
gap size of 100, PSS still ranks second in both metrics.

Based on Table 11 and 12, PSS only outperforms in Euclidean dis-
tance for a gap size of 100. However, PSS wins in the majority of
short and long-term gaps when evaluated with DTW distance. PSS
achieved the second-best results for gap sizes 25 and 300 with DTW.

Based on Table 13, PSS outperformed in 5 out of 6 gap sizes, show-
ing the best results for long-term gaps. According to Table 14, which
is based on DTW distance, PSS managed to win in all cases, including
both short-term and long-term gaps.

Based on Table 15, which uses Euclidean distance, PSS won in 3
cases and was the second-best with very close results in the remaining
cases. According to Table 16, PSS won in all cases when evaluated
with DTW distance.
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Based on Table 17, PSS won in 3 cases when evaluated with Eu-
clidean distance. However, Table 18, which is based on DTW, shows
that PSS outperformed other methods in all cases.

Overall, PSS demonstrates the best performance not only for long-
term gaps but also shows superior performance for short-term gaps
compared to Linear Interpolation, Mean-based Interpolation, ARIMA,
and LSTM. This indicates that PSS is highly effective across various
scenarios and gap sizes. Even in instances where PSS does not achieve
the top results and loses to Linear Interpolation, it consistently se-
cures the second-best position with results that are very close to the
best. This robustness and consistency make PSS a reliable method
for both short-term and long-term gap predictions, highlighting its
versatility and effectiveness in different contexts.

Siilz LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 9.719£23.77 23.21744882 | 23.039+66.41 | 34.838+88.09 | 10.22643222 | 9.924+31.43 9.956431.14
25 11.518+27.15 23.882+44.29 | 24.281+6054 | 43.059+93.56 | 11.907+3252 | 11.811+31.54 11.828432.83
50 10.537+22.74 20.818+35.89 | 85.302+60.96 | 56.990+115.7 | 11.769424.16 | 12.270425.51 11.199+24.41
100 12.018+21.61 17.76442262 | 19.847+37.18 | 54.226+86.96 | 19.643+34.78 | 19.315440.15 18.375+34.89
200 12.472+20.86 16.1114+1849 | 17.301427.76 | 60.793487.2 | 16.067+24.37 | 16.880+40.9 14.656+24.07
300 12.125+18.18 15.307+15.45 | 25.855+83.86 | 59.734+76.67 | 11.668+1707 | 11.540+20.95 10.352+18.44
Table 5: Pattern Similarity Search Comparison with Baseline methods based
on Euclidean distance. Results of Alfa Laval dataset sensor 21.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
Gap
Size LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 15.483+39.11 75.558+155.44 52.3294141.31 71.164+155.63 22.147+68.7 21.334+64.44 20.139+63.71
25 22.129+52.08 105.367+193.34 61.554+137.57 103.915+177.74 27.064+67.64 31.169+90.89 25.648+66.17
50 26.324+53.67 121.386+205.72 | 427.687+294.04 | 142.949+201.02 42.400+85.5 44.352+91.3 37.073+81.49
100 42.900=+97.69 166.326+215.8 110.840+172.25 | 194.1814+243.24 90.222+152.42 89.076+175.97 75.108+150.1
200 75.881+150.7 204.589+234.19 | 147.323+21594 | 230.453+259.93 | 133.739+19549 | 101.164+177.38 | 104.629+175.16
300 | 101.4314171.89 | 230.755+229.17 | 175.385+22585 | 273.115+26634 | 115.242+176.23 | 83.706+162.91 75.561145.03

Table 6: Pattern Similarity Search Comparison with Baseline methods based

on DTW. Results of Alfa Laval dataset sensor 21.

The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1

PSS-DN2: Denormalization Strategy 2

PSS-DN3: Denormalization Strategy 3
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Gap
Size LI Mean ARIMA LST™M PSS-DN1 PSS-DN2 PSS-DN3
14 0.0039=0.01 0.0069+0.04 | 0.0059+0.04 | 0.0056%0.03 | 0.0037+o.01 0.0037+0.01 0.0034+0.01
25 0.0027+0.01 0.007940.05 | 0.004640.03 | 0.0058+0.03 | 0.0032+0.01 0.0033+0.01 0.0030+0.01
50 0.0034=0.02 0.0065+0.04 | 0.0066+0.05 | 0.0076+0.05 | 0.0024+o0.01 0.002440.01 0.0023+0.01
100 0.0029+0.02 0.0059=+0.03 0.0125+0.09 0.00SO:EODS 0.0021+0.01 0.0022+0.01 0.002040.01
200 0.0025+0.02 0.0062+0.03 | 0.00504=+0.04 | 0.0089+0.05 | 0.0028+0.01 0.0024+0.01 0.0023+0.01
300 0.0023=+0.01 0.0068+0.03 | 0.0067+0.04 | 0.0082+0.05 | 0.0025+0.01 0.0019+0.01 0.0019=+0.01
Table 7: Pattern Similarity Search Comparison with Baseline methods based
on Euclidean distance. Results of Alfa Laval dataset sensor 24.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
Gap
Size LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0116=+0.04 0.0240+0.14 | 0.0199+0.16 | 0.018240.09 | 0.0089-0.02 0.0086+0.02 0.008140.02
25 0.0103+0.03 0.0374+0.25 0.0206i0417 0.0234+0.13 0.0116+0.06 0.0115%+0.06 0.0109=+0.06
50 0.013240.04 0.0434+0.27 | 0.036540.27 | 0.042540.29 | 0.0080+0.02 0.0082+0.02 0.0078+0.02
100 0.0137+0.04 0.0558+033 | 0.0647+043 | 0.0664+043 | 0.0096+40.02 0.0090+0.02 0.0088+0.02
200 0.0150+0.05 0.0841+039 | 0.0717+047 | 0.0998+0.67 | 0.0198+0.07 0.0121+0.03 0.0129+0.04
300 0.0159+0.05 | 0.11114043 | 0.0992+0.59 | 0.10374057 | 0.0246+0.09 | 0.0142+0.04 0.0152+0.05
Table 8: Pattern Similarity Search Comparison with Baseline methods based
on DTW. Results of Alfa Laval dataset sensor 24.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
Gap
Size LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0027+0.01 | 0.002740.01 | 0.0029+0.01 | 0.00314002 | 0.0027+0.01 | 0.0027+0.01 | 0.0026+0.01
25 0.0021+0.01 0.0021+0.01 0.0024+o0.01 0.0026+0.01 0.0021+0.01 0.0022+0.01 0.0020+0.01
50 0.0016+0.00 0.0035+0.02 | 0.0020+0.01 | 0.00230.01 0.0015+0.00 0.001740.01 0.001640.01
100 0.0011+0.00 | 0.0064%0.04 | 0.0029+0.02 | 0.0043%002 | 0.0017+0.01 | 0.0017+001 | 0.0017+0.01
200 0.0026-+0.01 0.0055+0.03 | 0.0048+0.03 | 0.0087+0.06 0.0034=+0.02 0.0035=+0.02 0.0032+0.02
300 0.0022+0.01 0.0063+0.03 | 0.0883+0.13 | 0.0057+0.03 0.0024=+0.01 0.0023+0.01 0.0022+0.01
Table g: Pattern Similarity Search Comparison with Baseline methods based

on Euclidean distance. Results of Alfa Laval dataset sensor 25.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1

PSS-DN2: Denormalization Strategy 2

PSS-DN3: Denormalization Strategy 3
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Ga;
Sizlz LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0076+0.02 0.0087+0.04 | 0.0087+0.04 | 0.0092+0.05 0.0053+0.01 0.0053+0.01 0.0052+0.01
25 0.0073+0.02 0.0090+0.04 | 0.0102+0.05 | 0.0109-+0.06 0.0050+0.00 0.005140.01 0.004840.00
50 0.0077+0.02 | 0.023040.15 | 0.011940.06 | 0.01364007 | 0.0055=%0.01 0.006040.01 0.005540.01
100 0.0073=0.02 0.0619+0.36 | 0.0166+0.08 | 0.0354+0.18 0.0086+0.03 0.0074+0.02 0.0080+0.03
200 0.01450.05 0.0753+0.39 | 0.0502+0.30 | 0.0940+0.68 0.0126+0.04 | 0.012340.05 0.0098+0.03
300 0.0144+0.04 0.102540.46 | 1.51214225 | 0.0661+0.34 0.0151+0.04 0.0117+0.04 0.0113+0.03
Table 10: Pattern Similarity Search Comparison with Baseline methods
based on DTW. Results of Alfa Laval dataset sensor 25.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
Gap
Size LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0027+0.01 0.0029+40.02 | 0.0040+0.03 | 0.0044+0.03 | 0.0042+0.03 | 0.0042+0.03 0.0042+0.03
25 0.002240.01 0.002740.02 | 0.0034+0.02 | 0.0041x0.02 | 0.002640.02 | 0.0027-+0.02 0.0025+0.02
50 0.0021+0.01 0.0022+0.01 0.0025+0.02 0.0030+0.02 0.0024+0.02 0.0022+0.01 0.0023+0.02
100 0.0017+0.01 0.005240.03 | 0.005240.05 | 0.0025+0.01 | 0.0017+0.01 | 0.0016+0.01 0.0014+0.01
200 0.0030+0.02 | 0.006440.03 | 0.00394002 | 0.00474003 | 0.0045+0.03 | 0.0045+0.03 0.0044+0.03
300 0.0024+0.01 0.0067+40.03 | 0.004740.03 | 0.0046+0.03 | 0.0051+0.03 | 0.0053+0.03 0.0040-+0.03

Table 11: Pattern

26.

The best score in each row is highlighted in gray color.

Similarity Search Comparison with Baseline methods
based on Euclidean distance. Results of Alfa Laval dataset sensor

PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
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Gap
Size LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0081+0.03 0.0099+0.06 | 0.0121+0.07 | 0.0129+0.08 | 0.006340.02 0.0063+0.02 0.0061+0.02
25 0.0080+0.03 0.011740.08 | 0.0147401 | 0.0174+0.11 | 0.0104%+0.08 | 0.010340.08 0.0101+0.08
50 0.0115=+0.08 0.0142+0.08 | 0.0157+o0.11 | 0.018440.11 | 0.0104+0.06 0.0091+0.06 0.0106+0.07
100 0.0106+0.05 0.0495+03 | 0.0203+0.1 | 0.0201+o.2 | 0.0119+0.07 | 0.0085+0.04 0.0092+0.04
200 0.0153+0.07 0.0858+0.48 | 0.0358+0.18 | 0.0442+0.24 | 0.018440.08 0.0152+0.08 0.0148=+0.08
300 0.0162+0.06 0.1075+0.53 | 0.0608+0.35 | 0.058040.34 | 0.0403+o0.25 0.0422+0.32 0.0218+0.09
Table 12: Pattern Similarity Search Comparison with Baseline methods
based on DTW. Results of Alfa Laval dataset sensor 26.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
Gap
Size LI Mean ARIMA LST™M PSS-DN1 PSS-DN2 PSS-DN3
14 21.770+117.92 | 17.226481.77 3.661+11.19 5.314+10.33 2.847+8.69 2.888+8.84 2.787+8.64
25 18.620+105.08 | 16.549+70.19 3.152+9.19 28.496+147.11 6.973+33.15 9.114+46.67 6.761+33.10
50 17.105+82.91 17.754+7490 | 25.680+132.60 23.798+87.96 9.028+40.45 7.959+33.34 8.227+35.97
100 16.235+87.37 11.745+41.57 16.267+77.11 18.928+51.74 11.088-+61.81 1.616+4.28 11.194+61.85
200 9.236+41.54 8.299+31.60 8.979+31.08 20.542+53.51 6.643+35.33 5.683+30.15 6.717+35.34
300 7.335+29.94 7.272426.32 8.434+27.21 15.216443.83 5.641+28.65 6.932+33.53 6.072+27.63

Table 13: Pattern Similarity Search Comparison with Baseline methods
based on Euclidean distance. Results of external dataset: SME.

The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
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Here is the table with the mean values rounded to three decimal points:

Ga

Siz}; LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 31.634+15056 | 13.740426.51 9.164431.45 13.352+24.40 4.251+16.52 4.26141731 4.079+16.42
25 20.241+145.08 | 25.052+39.65 | 12.021+38.50 19.843+30.18 23.908+130.44 3.663+11.81 23.313+13045
50 38.120+151.63 | 32.094+48.71 | 21.411+s597 | 36.177+5115 10.322£40.69 25.412+97.69 27.721+117.27
100 10.745+2880 | 43.577+57.07 | 29.659+82.41 59.004+75.17 6.722+14.00 5.604%15.34 4.634%+13.41
200 17.759430.20 | 35.524+5481 | 43.863+108.98 | 88.907+11643 8.837+15.20 6.377+18.74 4.988+13.24
300 24.997+3287 | 41.541%86.44 | 57.785%+137.00 | 98.829%+122.05 | 33.149+140.88 15.458+44.23 37.583+148.88

Table 14: Pattern Similarity Search Comparison with Baseline methods
based on DTW. Results of external dataset: SME.

The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3

Ga

Sizz LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.09640.08 0.153%0.13 | 0.145+o011 | 0.148%0.15 0.08940.05 0.09140.06 0.0904:0.06
25 0.097+o0.07 0.124+o0.07 0.135+0.12 0.157+o0.14 0.092+0.06 0.101+0.08 0.087+0.06
50 0.085+0.05 0.114+0.06 | 0.137+011 | 0.152+0.15 0.08340.04 0.091+0.05 0.08040.04
100 0.075=+0.05 0.142+0.12 | 0.122+0.08 | 0.167+o0.12 0.087+0.06 0.093+0.06 0.085+0.06
200 0.085+0.06 0.12840.07 | 0.111+0.08 | 0.236+0.14 0.100+0.06 0.107+0.06 0.094=+0.06
300 0.083+0.06 0.150+0.09 | 0.110+0.09 | 0.361+0.31 0.093=+0.07 0.104+0.08 0.084=+0.06

Table 15: Pattern Similarity Search Comparison with Baseline methods
based on Euclidean distance. Results of external dataset: CATS.

The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3

Ga

Sizlz LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.23740.19 | 0.514+044 | 0.469+035 | 0.476%0.:53 0.19740.13 0.200+40.13 0.19840.14
25 0.315+0.24 | 0.5494034 | 0.602+0.58 | 0.656+0.69 0.254+0.15 0.284+0.20 0.240+0.15
50 0.335+0.22 | 0.705+o0.40 | 0.865+0.78 | 0.820+0.97 0.288+0.18 0.310+0.23 0.27140.17
100 | 0.416+40.23 | 1.275+119 | 1.0424076 | 1.256+1.07 0.387+0.27 0.445+0.33 0.392+0.31
200 0.695+0.68 | 1.616+0.95 | 1.318+0.98 | 2.475+1.80 0.603+0.52 0.708+0.53 0.587+0.51
300 | 0.827+o075 | 2.378+147 | 1.602+1.25 | 4.792+4.61 0.845+0.94 0.951+0.93 0.752+40.74

Table 16: Pattern Similarity Search

based on DTW. Results of external dataset: CATS.

The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3
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Gap

Size LI Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0030=+0.002 0.0007+0.004 | 0.0056+0.005 | 0.0035+0.002 | 0.003340.002 0.0033+0.002 0.0033+0.002
25 0.0027+0.002 0.0086+0.005 | 0.0063+0.005 | 0.0037+0.002 | 0.0034%0.002 0.0032+0.002 0.0033=+0.002
50 0.0036=+0.002 0.0073+£0.003 0.0069+0.005 0.0047+0.003 0.0023+0.001 0.0023+0.001 0.00229 H-0.001
100 0.0047+0.003 0.0053+0.001 | 0.0056+0.003 | 0.0044+0.002 | 0.0046+0.003 0.00380.002 0.0041+0.003
200 0.0037+0.001 0.0038=+0.001 0.0043+0.001 0.0038=+0.001 0.0043+0.001 0.0050+0.003 0.0040=+0.001
300 0.0033+0.001 0.0030+0 0.0035+0.001 0.0034+o0.001 0.0017+0.002 0.0042=+0.008 0.00166 =+0.002

Table 17: Pattern Similarity Search Comparison with Baseline methods
based on Euclidean distance. Results of external dataset: Rocket

Engine.

The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Stratergy 1
PSS-DN2: Denormalization Stratergy 2
PSS-DN3: Denormalization Stratergy 3

Gap
Size

LI

Mean

ARIMA

LSTM

PSS-DN1

PSS-DN2

PSS-DNj3

14

25

50
100

200

300

0.0079=0.005
0.0082+0.006
0.0119=+0.009
0.0292+0.024

0.0318+0.014

0.0377+0.015

0.0224+0.014
0.0396+0.025
0.04690.023
0.0485+0.012

0.0484+0.011

0.0469=+0.008

0.0177+0.016
0.0270+0.024
0.042+0.034
0.0460+0.028

0.0462+0.016

O.O463ioA012

0.0093+0.005
0.012240.008
0.0233+£0.018
0.0294+0.024

0.0334+o0.017

0.0348=+0.016

0.0071+0.004
0.0079=+0.004
0.0075=+0.005
0.030610.034
0.0307+0.021

0.0110=+0.015

0.0071+0.004
0.0075+0.004
0.0081+0.005
0.021810.023

0.0390+0.039

0.0461:t0.102

0.0070=0.004
0.0080+0.005
0.0076+0.005
0.0263+0.03
0.0288+0.02

0.0110=+0.015

Table 18: Pattern Similarity Search Comparison with Baseline
based on DTW. Results of external dataset: Rocket Engine.
The best score in each row is highlighted in gray color.
PSS-DN1: Denormalization Strategy 1
PSS-DN2: Denormalization Strategy 2
PSS-DN3: Denormalization Strategy 3

5.6.2  Summary of PSS Analysis

methods

In this section, we conducted 42 comparisons, considering 7 datasets
and 6 synthesized gap sizes. A sample result is mentioned in Table 19,
and the remaining results are listed in Appendix A, Section (Table 21,
22, 23, 24, 25, 26). We observed that out of the 42 test cases, PSS
emerged victorious in 40 cases compared to Mean-based, ARIMA,
and LSTM, accounting for a success rate of 95.24%. However, when
Linear Interpolation is taken into account, PSS won in 24 out of 42
cases.

Yet, it’s important to note that Linear Interpolation or Mean-based
Interpolation cannot accurately recreate the waveform of the time se-
ries. Therefore, when non-linearity is considered, PSS prevailed in all
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cases, achieving a 100% success rate. In fact, PSS consistently outper-
formed ARIMA and LSTM across all scenarios.

Si?:z Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 | -0.47740.39 | -0.37740.40 | -0.335+0.39 | 0.074F0.42 | 0.09740.78 0.201+2.11
25 | -0.691+0.37 | -0.452+0.38 | -0.549+0.35 | -0.130+0.35 | -0.138+0.33 | -0.072+0.32
50 | -0.562+40.34 | -0.54840.36 | -0.6114+0.34 | 0.5324043 | 0.479+0.46 0.590+0.42
100 | -0.61440.38 | -0.78040.38 | -0.709+0.38 | 0.40640.66 | 0.398+0.86 0.487+0.74
200 | -0.691+0.46 | -0.824+0.45 | -0.77840.36 | -0.15040.59 | 0.106740.66 0.121+0.55
300 | -0.749+0.59 | -0.88240.50 | -0.78140.41 | -0.137+0.95 | 0.154+0.84 0.078+40.68

Table 19: Pattern Similarity Search Comparison with Baseline methods. Test
results of Alfa Laval dataset sensor 24 on machine 4,5,10,14, and
15.
The best SPSM score in each row is highlighted in gray color.
PSS-DN1: Denormalization Stratergy 1
PSS-DN2: Denormalization Stratergy 2
PSS-DN3: Denormalization Stratergy 3

5.6.3 The Best Way to Denormalize Data

To conduct the denormalization process, we adopted three specific
strategies as outlined in the Section 4.10.1. These strategies were care-
fully chosen to ensure the effective denormalization of the data ob-
tained from the PSS versus baseline comparison experiment, as elab-
orated in Section 4.10 of the study.

We consider 42 total imputation cases in this comparison (7 datasets
and 6 gap sizes). Using denormalization strategy 1, 19 cases outper-
form linear interpolation. When we switch to denormalization strat-
egy 2, which uses a small window for denormalization parameters,
17 cases outperform linear interpolation. However, when using denor-
malization strategy 3, which employs a dynamic window for denor-
malization parameters, 24 cases win agains linear interpolation, rep-
resenting a 57.14% winning ratio. Further, if we consider long-term
gaps including and more than 50 points, we can achieve a 62.90%
winning ratio.

Moreover, PSS with denormalization strategy 3 outperforms ARIMA
and LSTM in 37 cases, achieving an 88.10% better score.

In contrast, Strategy 3, which involves the utilization of a dynamic
small window in the training area to identify the normalization and
denormalization parameters as the best choice for denormalizing the
data.

Nevertheless, the Strategy 3 did not perform as well as expected,
particularly in the context of the Alfa Laval’s sensor 21. One of a
possible cause can be, this sensor has less data comperitivly to other
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sensors as illustrated in Figure 4 which limits the search space to find
a best match for a given gap.

Performance of PSS with Different Denormalization Strategies

25 A

20 A

=
w
L

Number of Wins
-
S

PSS-DN1 PSS-DN2 PSS-DN3
Denormalization Strategy

Figure 28: Comparison of PSS Denormalization Strategies Winning Against
Linear Interpolation

Further, it is worth noting that the PSS can find a perfect match and

place it into the gap, then denormalization strategies can scale them
to fit in place correctly as shown in Figure 29, 30.
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Denormalization Strategy 1
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Figure 29: PSS Denormalization Strategies 1. Dataset:SME, Gap-Size:100,
Window-Size:800

Denormalization Strategy 3
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Figure 30: PSS Denormalization Strategies 3. Dataset:SME, Gap-Size:100,
Window-Size:800
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RESULT

5.7 CONFIRMING THE HIDDEN MISSING VALUES BY PSS

We conducted a detailed analysis using a rule-based approach to iden-
tify indices of potential hidden missing values in the time sample se-
ries. This method allowed us to systematically scan through the data
and pinpoint areas where HMV might be present as shown in the
Table 2o0.

Machine | Sensor | Potential HMV Count | Confirm Count
4 24 4 2
4 25 5 1
5 24 3 Y
5 25 2 2

Table 20: Hidden Missing Value Imputation Summary for Sensor 24 and 25
in Machine 4 and 5.

We imputed these gaps using the Pattern Similarity Search (PSS)
method. According to our hypothesis, if we observe large fluctua-
tions in the values upon imputation, it indicates a confirmed case of
a hidden missing value. As demonstrated in Figure 31, we observed
significant fluctuations after imputation, thereby confirming the pres-
ence of a hidden missing value. Conversely, as shown in Figure 32,
the imputed gap does not exhibit any fluctuations, indicating that it
is not a hidden missing value.

=]

= 0p.045 { —— Original
Similarity Window ll
—— Similarity Imputed

0.040 - r. JH. "l
|

I{I .l|llt.|l|ll
0.030 A .\ y | |l

-
Y

T T T T
0 50 100 150 200 250
Time Index

0.035 A

[
=

Figure 31: Confirmed case of hidden missing value on machine 4 in sensor
25. Imputed using PSS
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Figure 32: Unconfirmed case of hidden missing value on machine 4 in sen-
sor 24. Imputed using PSS
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FUTURE WORK

The quality of Pattern Similarity Search imputation is highly depen-
dent on the selected window size. However, using a brute force method
to determine the optimal window size is time-consuming. During our
experiments, we observed an almost linear relationship between the
gap size and the window size. Nonetheless, our analysis was limited
by the use of only six gap sizes and six window sizes, which limits
the ability to draw definitive conclusions.

For future work, it is essential to conduct more extensive tests with
a larger variety of gap sizes and window sizes. This will enable the
development of a robust regression model to accurately identify the
relationship between gap size and window size. Such a model will
allow for the prediction of the optimal window size, significantly re-
ducing the time required for imputation.

Additionally, in practical scenarios, the sizes of real imputation
gaps can vary widely. Therefore, the model should be designed to
predict the best average window size, accommodating the diversity
of gap sizes encountered in real-world data.

Apart from that, currently, we achieve 57.14% better results than lin-
ear interpolation using the pattern based similarity search with our
third denormalization strategy. However, as future work, we propose
that training a meta-learner to select the optimal denormalization
strategy based on the dataset and window size could further improve
the results. Specifically, we estimate that this approach could achieve
up to 62.90% better results than linear interpolation, combining the
strengths of all three denormalization strategies.

70
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CONCLUSION

The first research question of this thesis aimed to identify hidden
missing values in time series data. We found that this specific issue
is unique to Alfa Laval due to an engineering algorithm they im-
plemented to compress data, which inadvertently introduced hidden
missing values. To address this, we developed a rule-based method
tailored to Alfa Laval’s dataset, as a data-driven approach was not
feasible given the uniqueness of the problem.

For the tasks of imputing missing values, we observed that linear
interpolation often performs better than ARIMA and LSTM models,
especially in long-term gaps. However, linear interpolation is limited
by its inability to capture the shape of missing data. To overcome this
limitation, we introduced a pattern-based similarity search method.
This new imputation algorithm not only surpasses the performance
of linear interpolation but also preserves the shape of the time se-
ries, effectively capturing informative fluctuations. This characteristic
is not documented in existing time series missing value estimation
methods in the literature.

Our novel approach has been validated on a subset of Alfa Laval’s
sensor data and three additional external datasets, demonstrating its
generalizability and effectiveness. While the rule-based identification
technique is specifically relevant to Alfa Laval’s data, our pattern-
based similarity search imputation technique offers a robust general
solution for time series imputation, advancing the field of time series
data analysis.

71
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Part I
APPENDIX
Appendix A contains the tables and figures referenced in
the main content of the document. Results from experi-

ments not mentioned in the main document are listed in
Appendix B.
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APPENDIX

A1

PATTERN SIMILARITY SEARCH AGAINST BASELINE METH-
ODS TRUE-SIMILARITY

Following tables compare the SPSM score of PSS Vs. baseline meth-

ods.
Gap
Size Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 -0.67740.48 | -0.551+0.52 | -0.780+0.53 | -0.085+2.44 -0.03843.70 -0.043740.94
25 -0.6294047 | -0.6384046 | -0.79440.50 | -0.059+5.09 -0.04642.62 -0.048+1.14
50 -0.6134+041 | -0.78140.39 | -0.86240.36 | -0.164%2.09 -1.000+2.46 -1.000+1.77
100 | -0.45040.44 | -0.61240.40 | -0.83140.34 | -0.49140.70 | -0.994+0.52 | -0.970+0.61
200 | -0.3224042 | -0.801+044 | -0.8284+0.24 | -0.279+0.69 -0.985+0.67 -0.16940.67
300 | -0.295+0.71 | -0.844+o051 | -0.826+0.23 | -0.183+1.53 -0.938+1.03 0.211+42.58
Table 21: Pattern Similarity Search Comparison with Baseline methods. Test
results of Alfa Laval dataset sensor 21 on machine 4,5,10,14, and
15.
The best score in each row is highlighted.
PSS-DN1: Denormalization Stratergy 1
PSS-DN2: Denormalization Stratergy 2
PSS-DN3: Denormalization Stratergy 3
A.2 PATTERN SIMILARITY SEARCH AGAINST BASELINE METH-

ODS TRUE-SIMILARITY

Following tables compare the True-similarity score of PSS Vs. baseline
methods.
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A.2 PATTERN SIMILARITY SEARCH AGAINST BASELINE METHODS TRUE-SIMILARITY

Siilz Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 0.0304+0.33 | -0.08240.34 | -0.14940.33 | 0.01140.74 -0.027+0.76 0.096+0.73
25 -0.02840.35 | -0.202+0.36 | -0.268+0.37 | -0.04840.43 | -0.106+0.43 0.025+0.42
50 | -0.599+0.40 | -0.25440.39 | -0.3654+0.41 | 0.064=+0.41 -0.26340.38 0.030+0.39
100 | -0.8524043 | -0.583+0.39 | -0.763+0.37 | -0.203+0.34 | -0.038+o027 | -0.147+0.32
200 | -0.647+0.46 | -0.610+0.42 | -0.771+0.36 | 0.766+0.48 1.087+0.51 -0.655+0.52
300 | -0.744+o0.51 | -0.71740.47 | -0.693+0.25 | -0.065+0.50 | -0.097+0.45 -0.016+0.46

Table 22: Pattern Similarity Search Comparison with Baseline methods. Test
results of Alfa Laval dataset sensor 25 on machine 4,5,10,14, and
"IJ.%e best score in each row is highlighted.
PSS-DN1: Denormalization Stratergy 1
PSS-DN2: Denormalization Stratergy 2
PSS-DN3: Denormalization Stratergy 3

Gap
Size Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 | -0.11740.38 | -0.33240.38 | -0.37840.39 | 2.72740.34 | 2.7324+0.35 | 9.374%0.35
25 | -0.22940.31 | -0.40340.32 | -0.504+0.36 | -0.194+0.29 | -0.207+0.27 | -0.17140.27
50 | -0.10040.35 | -0.21240.36 | -0.3404+0.40 | 1.1814035 | -0.19540.31 2.84640.34
100 | -0.72140.39 | -1.0004037 | -0.367+0.41 | 0.243+030 | 0.16940.28 0.18340.28
200 | -0.644+0.42 | -0.420+0.41 | -0.45940.59 | -0.224+0.43 | 0.011=+0.50 0.065+0.40
300 | -0.729+0.44 | -0.55940.42 | -0.57340.40 | -0.56240.35 | -0.581+0.38 | -0.31340.39

Table 23: Pattern Similarity Search Comparison with Baseline methods. Test

results of Alfa Laval dataset sensor 26 on machine 4,5,10,14, and
15.

The best score in each row is highlighted.

PSS-DN1: Denormalization Stratergy 1

PSS-DN2: Denormalization Stratergy 2

PSS-DN3: Denormalization Stratergy 3
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Gap
Size Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 1.281+072 | -0.592+0.70 | -0.568%0.65 | -0.273+2.78 | -0.38142.66 | -0.291+2.67
25 0.3134+058 | -0.56740.54 | -0.479+0.45 | 0.394+1.96 -0.639+2.12 0.444+2.31
50 | -0.06940.62 | -0.466+0.62 | -0.4024+0.36 | -0.850+17.37 | 0.697+16.55 | 0.557426.66
100 0.32440.63 -0.004=+0.60 | -0.102%40.39 0.697+2.81 -1.000%7.11 0.692+7.04
200 | -0.081+0.50 | -0.219+47.00 | -0.58340.30 | 0.393%4.21 0.605+35.85 | 0.423+10.28
300 0.019%40.94 0.001+68.00 | -0.498+0.32 0.500%3.59 0.109+6.26 0.354%+10.27
Table 24: Pattern Similarity Search Comparison with Baseline methods. Test
results of Smart Energy Meters dataset.
The best score in each row is highlighted.
PSS-DN1: Denormalization Stratergy 1
PSS-DN2: Denormalization Stratergy 2
PSS-DN3: Denormalization Stratergy 3
Gap
Size Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 -0.393%£0.33 | -0.210£0.36 | -0.204%+0.37 0.017%0.27 -0.122+0.29 -0.015%0.29
25 | -0.373+042 | -0.231+38 | -0.369%+0.33 | -0.065+0.43 | 0.00740.46 0.103+0.41
50 | -0.369+0.31 | -0.407+30 | -0.344+0.51 | 0.098+037 | 0.04140.47 0.134+0.36
100 | -0.44840.34 | -0.486+34 | -0.586+037 | -0.568+0.75 | -1.25840.63 | -0.092+0.77
200 | -0.453+031 | -0.571432 | -0.70440.37 | -0.944+0.51 | -0.163+0.65 | -0.01640.47
300 | -0.584+0.39 | -0.702437 | -0.80240.16 | -0.83040.67 | -0.067+0.46 | -0.01440.35

Table 25: Pattern Similarity Search Comparison with Baseline methods. Test

results of CATS dataset.
The best score in each row is highlighted.

PSS-DN1: Denormalization Stratergy 1
PSS-DN2: Denormalization Stratergy 2
PSS-DN3: Denormalization Stratergy 3
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Siilz Mean ARIMA LSTM PSS-DN1 PSS-DN2 PSS-DN3
14 | -0.60140.47 | -0.128445 | -0.15040.45 | -1.4354+0.38 | -1.53040.40 | -0.676-+0.38
25 -0.739+0.35 | -0.211437 | -0.306+0.40 | 0.092+0.40 0.5064-0.40 0.07740.43
50 | -0.60740.42 | -0.302+51 | -0.322+0.60 | 0.563=+0.95 0.498+0.95 0.556=+0.99
100 | -0.175+0.46 | -0.266+49 | -0.011+1.40 | 0.089+1.85 0.286+1.50 0.12641.74
200 | -0.02240.31 | -0.310441 | -0.03740.47 | 0.090+1.16 | -0.21741.23 | -0.58140.96
300 | 0.520+0.29 | -0.368+35 | -0.05640.53 | 1.342+0.57 | -0.19440.61 | 1.4114+3.32

Table 26: Pattern Similarity Search Comparison with Baseline methods. Test

results of Spacecraft Thrusters Firing Tests dataset.
The best score in each row is highlighted.
PSS-DN1: Denormalization Stratergy 1

PSS-DN2: Denormalization Stratergy 2

PSS-DN3: Denormalization Stratergy 3
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APPENDIX B

B.1 DATA DISTRIBUTION OF ALFA LAVAL’S DATASET

We identify high frequency sensors by analysing the sensor data dis-
tribution histograms.
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Figure 33: Data Distribution: Machine:5
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Figure 34: Mean Squared Error (MSE) Loss during LSTM Training with
ADAM optimizer (Learning Rate: 0.00001).

Sometimes we use Adam optimize to perform the initial training.
Then switch to ADAGrad to reduce overshooting of the traning and

T T T T T T T T
250 500 750 1000 1250 1500 1750 2000

validation error while training as shown in Figure 35, 36
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MSE Loss
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Figure 35: Mean Squared Error (MSE) Loss during LSTM Training with
ADAM optimizer (Learning Rate: 0.00001) for Sensor 24.

MSE Loss

0.1010
— train
— Valid

0.1005

0.1000

0.0995 +

0.0990

0.0985

0 50 l[;lD 15I0 260 25ID
Figure 36: Mean Squared Error (MSE) Loss during LSTM Training with

ADAGrad optimizer (Learning Rate: 0.000005, Learning Rate De-
cay: 0.00001) for Sensor 24.
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Figure 37: Value Imputation with LSTM for Machine 4, Sensor 21 for small

gaps.
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Value Imputation with LSTM
Machine: 4 | Sensor: 21 | Detection: 13
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Figure 38: Value Imputation with LSTM for Machine 4, Sensor 21 for small

gaps.
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Figure 39: Value Imputation with LSTM for Machine 5, Sensor 21 for small
gaps.
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Value Imputation with LSTM
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Figure 40: Value Imputation with LSTM for Machine 15, Sensor 21 for small
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Figure 41: Value Imputation with LSTM for Machine 4, Sensor 21 for large

gaps.
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Value Imputation with LSTM
Machine: 5 | Sensor: 21 | Detection: 6
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Figure 42: Value Imputation with LSTM for Machine 5, Sensor 21 for large

gaps.
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Figure 43: Value Imputation with LSTM for Machine 5, Sensor 21 for large
gaps.
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Figure 44: Value Imputation with LSTM for Machine 15, Sensor 21 for large
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Figure 45: Value Imputation with ARIMA for Machine 4, Sensor 26.
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B.6 SYNTHESIS GAP IMPUTATION RESULTS
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Figure 46: Synthesis Gap Imputation Results: Sensor 21, Machine 4, Gap-
number: 22
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Figure 47: Synthesis Gap Imputation Results: Sensor 21, Machine 4, Gap-
number: 28
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Figure 48: Synthesis Gap Imputation Results: Sensor 21, Machine 10, Gap-

number: 27
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Figure 49: Synthesis Gap Imputation Results: Sensor 24, Machine 5, Gap-

number: 2
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Figure 50: Synthesis Gap Imputation Results: Sensor 24, Machine 5, Gap-

number: 13
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Denormalization Strategy 1
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Figure 52: Synthesis Gap Imputation Results: Sensor 25, Machine 5, Gap-

number: 26
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Figure 53: Synthesis Gap Imputation Results: Sensor 25, Machine 10, Gap-

number: 3
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Figure 54: Synthesis Gap Imputation Results: Sensor 26, Machine 5, Gap-

number: 6
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Figure 55: Synthesis Gap Imputation Results: Sensor 26, Machine 5, Gap-

number: 14
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Figure 56: Synthesis Gap Imputation Results: Sensor 26, Machine 5, Gap-

number: 18
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Figure 57: Synthesis Gap Imputation Results: Dataset: SME, Gap-number:

27, Gap-size: 50
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Figure 58: Synthesis Gap Imputation Results: Dataset: SME, Gap-number:

21, Gap-size: 50
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Figure 59: Synthesis Gap Imputation Results: Dataset: SME, Gap-number:

28, Gap-size: 50
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Figure 60: Synthesis Gap Imputation Results: Dataset: CATS, Gap-number:

24, Gap-size: 100
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Figure 61: Synthesis Gap Imputation Results: Dataset: CATS, Gap-number:

77, Gap-size: 200
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Figure 62: Synthesis Gap Imputation Results: Dataset: CATS, Gap-number:

91, Gap-size: 100
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Figure 63: Synthesis Gap Imputation Results: Dataset: Spacecraft Thrusters,
Gap-number: 3, Gap-size: 100
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Figure 64: Synthesis Gap Imputation Results: Dataset: Spacecraft Thrusters,
Gap-number: 9, Gap-size: 300
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Figure 65: Synthesis Gap Imputation Results: Dataset: Spacecraft Thrusters,
Gap-number: 12, Gap-size: 14
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