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Abstract

Anomaly prediction involves estimating defects in manufacturing products based on the condi-
tions of the processing line, as recorded by sensors. This task is crucial as it can forecast future
anomalies, thereby improving product quality and reducing investment costs. Explainable pre-
diction provides intelligible explanations for the model’s predictions, enabling manufacturing
managers to understand the relationship between sensor information and the resulting anoma-
lies, allowing them to mitigate their occurrence. In this project, we focused on predicting
periods of high anomaly counts in a future horizon of 72 hours based on sensor data in the
past 24 hours. Due to the success of convolutional kernel-based methods in capturing temporal
relationships, we investigated two types of convolutional approaches: ROCKET-EBM, which
utilizes a large number of random convolutions, and InceptionTime, which relies on trained con-
volutions. However, as these models were not inherently interpretable, we utilized a post-hoc
explanation approach called Layer-wise Relevance Propagation (LRP). For ROCKET-EBM, we
designed a LRP-based algorithm, while for InceptionTime, LRP was directly applied. In our
experiments using real manufacturing data, both models outperformed our baseline models.
Further, we evaluated the quality of explanations produced by LRP for both models. For the
ROCKET-based model, we observe that LRP is able to identify the crucial features for the
model. Due to the complexity of the InceptionTime model, we applied relevance score filter-
ing to eliminate small intermediate relevance scores. We observed that the features identified

through this process were sufficient to reproduce the model’s performance.
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Chapter 1

Introduction

Manufacturing plays a crucial role in the economic system and is closely connected to our
daily lives. It involves transforming raw materials into products through a series of complex
steps. Each step in the manufacturing process is highly interdependent and must meet stringent
requirements; otherwise, the final product may be compromised if any step falls outside these

constraints [36][58].

This project aimed to forecast the occurrence of scratches and foreign matter, referred to
as anomalies, on products during the inspection process. In our manufacturing process 1.1,
raw materials undergo a series of procedures along the processing line, which is composed of
multiple stations. Each station performs specific tasks such as shaping, cutting, or treating the
materials. After processing, the products are inspected for any anomalies. Sensors throughout
the processing line record various parameters, such as temperature, pressure, speed, and weight.
Some of these parameters are strongly correlated with the quality of the final products and are
significant factors in identifying the causes of anomalies. Due to the continuous nature of the
raw materials, they are not processed as discrete individual units, meaning there is no unique ID
that can be tracked throughout the process. This introduces additional challenges in accurately

detecting and linking anomalies to specific sections of the production line.
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Processing Line
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Figure 1.1: Manufacturing Pipeline

1.1 Anomaly Prediction and Recent Development

The number of scratches and foreign matter is highly correlated with the conditions on the
manufacturing line. Anomaly prediction involves establishing a relationship between the Sensor

Dataframe and the Anomaly Dataframe to identify and address potential issues.

Anomaly prediction aims to identify outliers or the frequency of outliers within the manu-
facturing dataset. In manufacturing, an ”anomaly” refers to deviations in product quality that
stray from expected norms. This technique is extensively used across various sectors, including
the aerospace [77][56] and pharmaceutical industries [15][87]. With the rapid expansion of data,

it becomes impractical to scrutinize and identify anomalies manually.

Factories must invest significant effort and resources to optimize these processes and en-
hance product quality. Due to the numerous steps involved, detecting when a particular step
falls outside the required range can be challenging. Recently, machine learning and deep learn-
ing have gained strong momentum in manufacturing. These techniques improve quality by
building complex relationships with data. By leveraging machine learning and deep learning,
manufacturers can significantly reduce investment in testing while efficiently enhancing product

quality.

Anomaly prediction has garnered significant attention from researchers, leading to the
development of numerous algorithms. Recent advancements in machine learning and deep
learning have further enhanced the effectiveness of these algorithms in anomaly prediction
applications. Based on the type of data, modeling techniques can be classified into supervised
[35][62], semi-supervised [63][57], and unsupervised [27] approaches. These algorithms achieve
high accuracy in identifying anomalies but suffer from a significant lack of interpretability.

Most of the models used are black-box models. In manufacturing, it is crucial for managers
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who are not experts in machine learning and deep learning to understand and trust the models.

Therefore, interpretability is essential in this context.

1.2 Problem Definition

This project aimed to forecast the future number of anomalies and identify the production
processes closely related to the increasing counts. To achieve this, we built models that predicted
future anomaly counts using historical sensor data. Additionally, we employed a post-hoc
technique to explain the model and identify the features most closely related to high anomaly

counts.

The goal of this project is to develop an accurate and explainable long-term manufacturing
anomalies prediction model. The model aims to establish the relationship between sensor
data collected at each station along the processing line and the anomalies detected during the
final inspection without the need for tracking individual items to link their sensor data to
specific anomalies. To ensure interpretability, techniques will be applied to explain the model’s

predictions by identifying the most relevant features contributing to each anomaly forecast.

Given the strong performance of convolutional models in time series data for capturing
temporal relationships, we focused on convolutional models for our task. In this thesis, we
investigated the performance of both random convolutional models and trained convolutional
models. Random convolution involves randomly generating the kernel, padding, and dilation
parameters. Typically, a large number of random convolutions are required to ensure that
some of them effectively capture the patterns within the data. Subsequently, a model is used to
refine the information generated by these random convolutions. In contrast, trained convolu-
tional models are optimized through gradient backpropagation with fixed padding and dilation
parameters. Due to computational limitations, the number of trained convolutions is usually
small. We utilized Layer-wise Relevance Propagation (LRP), a widely used post-hoc explana-

tion technique, to explain the model’s predictions. LRP is efficient and easy to implement.
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In this thesis, we make the following contributions:

1. We constructed a random convolutional model inspired by ROCKET for predicting man-
ufacturing anomalies. The model employs an Explainable Boosting Machine (EBM) as
the head, referred to as ROCKET-EBM. Additionally, we designed an LRP-based algo-
rithm to explain the predictions of ROCKET-EBM. ROCKET-EBM outperformed base-
line models, and the top features identified by the LRP-based algorithm were confirmed

to be critical to the model’s predictions.

2. We utilized the state-of-the-art trained convolutional model, InceptionTime, for this task
and employed LRP to explain the model’s predictions. We showed that InceptionTime
outperformed traditional neural networks. We identified limitations in the use of LRP in
this setting and integrated relevance score filtering into the LRP algorithm, resulting in

improved explanations.

1.3 Outline

The organization of the thesis is as follows:

Chapter 2 provides a brief background on time series analysis and modeling, along with an
explanation of techniques of machine learning and deep learning.

Chapter 3 outlines the manufacturing setting, the selection of manufacturing parameters, and
data preprocessing.

Chapter 4 presents an approach based on random convolution kernels, a non-neural network
model, to predict anomalies and presents an LRP-based explainability mechanism for the model.
Chapter 5 focuses on trained convolutional neural networks to predict future anomalies com-
bined with LRP-based explanations for the model’s predictions.

Chapter 6 summarizes the findings and outlines future work.



Chapter 2

Background

2.1 Time Series Analysis

A time series is a data collection tracking a sample’s behavior over a given period, defined as a
sequence of data points indexed in time order, {(x1,t1), (x2,t2), -, (zn,t,)}, where z; is the
measurement taken at time ¢. Time series data are prevalent in various fields, including finance
[19], manufacturing [72], and climatology [25]. Time series research encompasses a wide array
of topics, including time series forecasting. The aim is to predict future values by leveraging
historical data and exogenous variables. These exogenous variables are external factors that
impact the time series, such as seasonal variation, holidays, and economic conditions. Another
critical area of time series research is anomaly detection [15], which involves identifying unusual
patterns or outliers within the data to explore their causes or implications. The complexity
of time series arises from its combination of significant information and noise, making analysis
challenging. This has led to extensive research efforts to extract meaningful insights from such
data. Time series analysis is generally divided into two categories: univariate, which examines

a single data sequence, and multivariate, which deals with multiple interdependent sequences.
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2.1.1 TUnivariate Time Series

The characteristics of univariate time series analysis include trends, seasonality, and outliers
[00]. Trends reflect long-term changes in the level of a time series, and seasonality shows
repeating cycles with a fixed frequency. Moreover, trends and seasonality are related to sta-
tionarity. A stationary time series preserves the statistical properties, such as mean, vari-
ance, and autocorrelation, over time. However, a time series with trends and seasonality
changes values depending on the time, which is a non-stationary time series. A time series
can be decomposed into trends, seasonality, and residual components. The seasonal decom-
pose technique [24] applies the moving average to transform a time series in the form of an
additive model, Time Series = Trend + Seasonality + Remainder, or multiplication model,

Time series = Trend x Seasonality x Remainder.

Outliers are points that are significantly different from the pattern. Techniques such as K-
Means [31] and Box plots [21] are employed to identify outliers while examining the remainder
components from the seasonal decomposition provides an alternative method. In addition,
outliers in a time series may not only be individual anomalies but also can be a sequence
of data points deviating from the patterns [52]. For example, if a time series segment does
not exhibit seasonality observed in the series, this segment can be identified as a sequence of

anomalies.

A shapelet, proposed by Ye and Keogh [94], is a short pattern that can be identified as
a representative of a class in time series classification. Shapelets are essential in time series
analysis, as they help capture the similarity between different time series. Several algorithms
have been developed to detect the shapelets, such as Fast shapelets [70] and W-TSS [53], which

utilizes a wavelet-based method.
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2.1.2 Multivariate Time Series

In the analysis of multivariate time series, it is essential to consider not only the properties
within individual time series but also the interrelationships among them. When the time
series share the same time indexes, the similarity between two time series can be measured
by Euclidean Distance. However, challenges arise when comparing time series with different
lengths. Dynamic Time Wrapping(DTW) [66] offers an approach that aims to find the optimal
match of two time series to tackle this problem. The DTW algorithm computes the minimal
distance needed to align each point in the time series to achieve the best match. A time series
can contain various pieces of information, some of which may not be connected with those from

other time series.

2.2 Time series Forecasting

Time series forecasting involves predicting a future value or a sequence of values using historical
data. This is inherently a sequential prediction problem. Time series forecasting is a critical tool
across various domains, including meteorology [2][17], finance [64][14], and healthcare [19][69],

where accurate prediction can optimize resource allocation.

Time series forecasting has evolved from statistical methods, such as smoothing-based tech-
niques and ARIMA [10], to machine learning approaches like linear regression. Recently, a
breakthrough came with the advent of deep learning, dramatically improving the accuracy of
time series forecasting [38]. In particular, the transformer model, achieving remarkably high
performance in language, has proved exceptionally effective in time series forecasting [26]. This
has led to the development of various transformer-based models for time series forecasting. The
following discussion is structured into three main sections: the first covers statistical techniques,

the second shows RNN-based models, and the third highlights transformer-based models.
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2.2.1 Statistical Techniques

Statistical techniques for time series forecasting, though traditional, remain effective. With
less computational demand, their performance is still satisfactory. The widely used smoothing-
based technique for time series forecasting is the moving average [35]. This method involves
a sliding window that calculates predictions based on the preceding values. It can potentially
capture the general pattern of the data. However, the moving average approach can hardly deal
with sophisticated time series. Its simplicity can lead to the omission of significant details like
seasonality. Meanwhile, outliers can primarily affect the predictions using the moving average

technique.

ARIMA [10] was developed to address these shortcomings. ARIMA, which stands for
AutoRegressive Integrated Moving Average, has advanced significantly. Despite its relative
simplicity compared to machine learning models, ARIMA achieves remarkable improvements.
ARIMA is a model that combines AutoRegressive(AR) and Moving Average(MA) along with
a differencing step(integrated). The AR models the relationship between the observation and
lag values. Then, the MA component forecasts using the residual errors. However, standard
ARIMA models may struggle with seasonal data. In such cases, Seasonal ARIMA(SARIMA)
[10] is more appropriate, as it considers the seasonal terms. However, it is important to note that

ARIMA models have limitations in handling ’black swan’ events like the COVID-19 pandemic.

2.2.2 RNN-based Models

The statistical techniques mentioned above, such as ARIMA, are designed for univariate time
series forecasting. These techniques cannot capture the relationships between multiple time
series. In multivariate time series forecasting, the objective of models is to simultaneously
predict the future values for each time series based on the historical data of each individual
series and the interdependencies among these series. Suppose we have N related time series,
each observed at discrete time points ¢t = 1,2,...,T. These time series can be represented as

{y¥1,¥2,...,yN}, where y; € RT. The aim of multivariate time series forecasting is to predict
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Y.+, which denotes the value of the it" time series at time ¢t. Mathematically, this problem can

be formulated as:

Vi1 = (Vi g—ket> Xit—kit)

Here, 9; ¢+1 is the predicted value for the ith time series at time ¢+ 1. The function f represents
the forecasting model that maps the historical time series from time ¢t — k to time ¢, y; ;— .,

and exogenous inputs, X; ;—j:¢.

RNNs [74] have gained widespread popularity in time series forecasting due to their inherent
‘'memory’ capabilities, which enable them to connect the current data points with previous ones.
Nevertheless, RNNs encounter challenges in learning long-term dependencies. Hochreiter and
Schmidhuber [11] introduced Long Short Term Memory networks(LSTM), which are designed
to handle this problem. LSTM utilizes an architecture that can selectively add and remove

some information.

However, experiments show that RNNs, including LSTM, struggle to capture long-term de-
pendencies and face issues with vanishing gradients in multivariate time series(MTS) forecasting
[71]. The attention mechanism, initially used in the encoder-decoder|[!3], offers a promising ap-
proach to address these problems. The typical attention-based RNNs for MTS forecasting
assign varying weights to the hidden states of related previous timestamps. However, experi-
ments show that the typical attention-based methods may face challenges in identifying related
timestamps as they distribute almost equal attention to each [59]. Li et al. [54] suggested
using a competitive random search instead of traditional gradient-based methods to learn the
attention weights. In contrast to these typical attention-based RNNs, Shih et al. [7&] introduce
a novel attention mechanism for MTS forecasting. Instead of focusing on the hidden states of
previous timestamps, they apply Convolutional Neural Networks(CNNs) to them, which can
capture temporal patterns within a variable. The paper employs several convolution filters to
figure out several possible temporal relationships. Subsequently, the attention mechanism deter-
mines which variable is responsible for the prediction. Instead of using the traditional softmax

function, they opt for the sigmoid function to allocate attention to more possible variables.
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2.2.3 Transformer-based Models

The Transformer [90], a potent model widely employed for sequence-to-sequence prediction
tasks, particularly in natural language processing, consists of both an encoder and a decoder.
The central components that underpin the Transformer’s capabilities are the attention mech-
anisms, which include self-attention and cross-attention. Self-attention involves performing
multiplicative operations between queries and keys, both resulting from the linear combination
of the input embeddings. The rationale behind this is to assess the similarity between elements
in the sequence. The softmax function is applied to check the relative importance of these ele-
ments to others. The output is then computed as a combination of the softmax and the value,
which is also the linear combination of the input embeddings. The intuition is to establish
relationships within the sequences. Like self-attention, cross-attention represents the output

embedding as a linear combination of the encoder outputs.

As the Transformer has demonstrated its remarkable abilities in natural language process-
ing, several adapted versions of this model have been employed for Long Sequence Time-Series
Forecasting(LSTF). As mentioned earlier in the RNN-based models, the attention mechanism
in the Transformer can encounter difficulties in capturing long-range relationships between
timestamps in LSTF. Models like Informer [97], Autoformer [93], and FEDformer [98] have
been proposed to address these challenges and improve forecasting accuracy. Multiplication in
traditional self-attention mechanisms is computationally expensive. To address this problem,
Informer presents the ProbSparse self-attention mechanism, wherein each key only attends to
u dominant queries. The u dominant queries are determined by a measurement function. Ad-
ditionally, convolution and max-pooling techniques are employed to refine the model further
after self-attention blocks, enhancing the model’s ability to capture the temporal dependen-
cies and reducing data dimensionality. The decoder architecture in Informer is similar to the
vanilla transformer but incorporates an autoregressive mechanism. Hence, the next prediction
is independent of the preceding outputs, minimizing error accumulation. Autoformer is tai-
lored for time series forecasting, emphasizing the temporal characteristics of time series. It

employs a seasonal-trend decomposition technique, applying a moving average kernel to the

10
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input sequence. This method can isolate the trend-cyclical components. Moreover, Auto-
former replaces the self-attention mechanism with the auto-correlation mechanism, which can
discover the period-based dependencies by computing the series autocorrelation. FEDformer,
built on top of Autoformer’s decomposition scheme, extracts trend-cyclic components using
various kernel sizes. Fedformer integrates Fourier-enhanced and wavelet-enhanced blocks in the

self-attention mechanism to optimize computational efficiency.

Most time series data are non-stationary, and while standardization methods are commonly
used before inputting data into the model, it has been observed that stationarized data may
reduce the efficiency of self-attention. Liu et al. [59] proposed the Non-stationary Transformer,
which redefines the attention mechanism to account for non-stationarity in data specifically. The
transformer is popular in LSTF, but Zeng et al. [96] questioned the efficiency of Transformers
in this field. They proposed two non-transformer models, DLinear and NLinear. DLinear
incorporates the decomposition scheme from Autoformer. NLinear normalizes the input data
by subtracting the input sequence from its last value. Experiments indicated that both DLinear

and NLinear outperformed transformer-based models in various datasets.

2.3 Time Series Extrinsic Classification/Regression

Unlike Time Series Forecasting, which predicts continuous sequences, Time Series Extrinsic
Regression(TSER) focuses on generating informative outputs from a time series, providing
overall data descriptions. Given the similarities between classification and regression tasks,
many models designed for Time Series Extrinsic Classification (TSEC) can also be applied to
regression. Tan et al. [34] explore this by adapting various TSEC models for TSER. This
investigation yielded promising results, with some models demonstrating notable effectiveness.
Conceptually, TSEC can be viewed as a process of mapping shapelets, distinct time series sub-
sequences, to some specific values. These models identify and leverage patterns within time

series data to generate comprehensive predictions.

11
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TSEC models can be categorized into two categories: those utilizing convolution and those
without. Models without convolution typically fall under traditional machine learning, such as
Random Forest [12], XGBoost [15], and various shapelet extraction methods used in time series
analysis [55][94]. Experiments suggest that incorporating convolution can lead to significant
improvements in performance. Apart from deep learning models that employ convolution, one
notable model, ROCKET [22], achieves impressive accuracies using a large number of untrained
random convolution kernels. The architecture of ROCKET will be discussed in more detail later
chapter 4. Deep learning models like InceptionTime [44], Fully Convolution Networks(FCNs),
and ResNet demonstrate superior performance in TSEC tasks [92]. IncpetionTime will be

examined in detail in subsequent sections chapter 5.

FCNs utilize convolutions over convolutions. These convolution kernels vary in size, allow-
ing the networks to capture temporal patterns from receptive files of different sizes. ResNet,
proposed by He et al. [39], enhances the FCNs by integrating residual blocks. These blocks feed
the input data back into the output after convolution, which can help preserve information.

Additionally, residual blocks effectively address the issue of gradient vanishing.

2.4 Explainable Machine Learning

Machine learning and deep learning are capable of making accurate predictions but often lack
explanation. In particular, the complexity of deep learning models tends to make their decision-
making process opaque. Yet, in some applications such as healthcare [3][17], risk manage-
ment[13], and disaster forecasting [31], it is significant to provide trustworthy and compre-
hensive explanations. Interpretability can be approached in two ways to address this need:

intrinsically interpretable models and post-hoc explanations.

12
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2.4.1 Intrinsically Interpretable Models

Linear regression is a widely used interpretable model that predicts outcomes based on the sum
of the product of weight and features plus a bias term. The model elucidates the importance
of each feature through their corresponding weights. Lasso regression [30], an extension of
linear regression, is introduced to increase the sparsity of linear regression by penalizing the
magnitude of weights. Logistic regression is a commonly used model for classification tasks that
share similarities with linear regression. The importance of the feature in logistic regression
can be examined based on weights—however, linear regression and logistic regression struggle

to capture non-linear relationships.

The decision tree [11] provides an effective method to tackle this problem. A decision tree
begins at a decision node, splits based on a predefined threshold at branch nodes, and ends with
leaf nodes representing predictions. Pruning is commonly used to prevent overfitting. Decision
trees can present the cutoff thresholds at each decision node, offering clear interpretability by
tracing the decision path from the root to the leaf, showing how feature splits lead to a predic-
tion. Historically, decision trees have been computed using heuristics, but recent approaches

based on discrete optimization have emerged to compute optimal decision trees globally [9][70].

Typically, there is a trade-off between interpretability and performance. Generalized Ad-
ditive Model(GAM) [37] can potentially improve the performance by capturing non-linear re-

lationships while retaining interpretability. Mathematically, GAM is expressed as:

g(E(Y)) = Bo+ fr(z1) + fa(w2) + - + fu(2n)

Here, fy is the bias term, and f; is a spline function. Inspired by GAM, Nori et al. [(7]
introduced Explainable Boosting Machine(EBM). This model will be discussed in the following
chapter. Neural Additive Model(NAM) [!] has been proposed to utilize complex architecture
but still maintain interpretability. As aforementioned, GAM employs spline functions to model

fi, whereas, in NAM, the function f; is constructed by a small neural network.

13
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Decision trees and GAMs can also enhance interpretability in clustering problems. Cohen
[20] introduced a soft decision tree approach that supports spectral and kernel-PCA clustering
objectives, providing a more interpretable framework for clustering tasks. Additionally, Upad-
hya and Cohen proposed NeurCAM [39], which leverages GAMs to offer additive explanations

for improved interpretability in clustering models.

2.4.2 Post-Hoc Explanation

Post-hoc explanations can typically be categorized into model-agnostic and model-specific.
Model-agnostic methods separate the predictive model from the explanation. They provide an
explanation only based on inputs and outputs. Conversely, model-specific explanations leverage

the architecture of the predictive model itself and are often utilized in neural networks.

Model-agnostic Explanation Methods

Partial Dependence Plots(PDP)[29] and Accumulated Local Effects Plot(ALE)[5] are two fea-
ture effect methods in model-agnostic methods that provide global explanations of models.
They show the average behavior of models. Conversely, Local Interpretable Model-Agnostic
Explanations(LIME) [73] and SHapley Additive exPlanations(SHAP) [(1] are techniques for

local interpretation.

LIME, proposed by Ribeiro et al., is a technique to explain individual predictions by ap-
proximating the complex and black-box model with a simpler and interpretable model. The
authors generate perturbations of the original data by sampling from a Gaussian distribution to
create a vicinity around the data point. This perturbed dataset is then fed into the explanation

model. The objective function of LIME is formulated as:
argmin L(f, g, mz) + 2(g),
g

where L is the fidelity function to quantify how well the explanation model g approximates the

14



CHAPTER 2. BACKGROUND

prediction model f on the perturbed data samples, and Q(g) penalize the complexity of the
explanation model to ensure the interpretability. LIME seeks to balance accurate approximation
and the simplicity of the explanation model. LIME is a versatile and accessible method for
describing features’ contributions to the prediction from machine learning and deep learning.
However, its stability and robustness may be challenged in some scenarios due to perturbing
data points[1]. Additionally, the method generates the neighborhood of the data point using a

Gaussian distribution, which ignores the correlations between features.

Lundberg et al. explain feature importance through Shapley values, introducing two SHAP
models: KernelSHAP[(1] and TreeSHAP[00]. SHAP leverages the concept of Shapley value from
cooperative game theory to assign importance to features. KernelSHAP approximates Shapley
values using a weighted linear model. In contrast, TreeSHAp is designed to use tree-based

models, which can analyze non-linear relationships.

Model-specific Explanation methods

Model-specific explanation methods, such as gradient-based technique[3] and Layer-wise Rele-

vance Propagation[7], are employed to provide interpretability for neural networks.

Gradient-based Explanation Methods Gradients indicate the direction and rate of a
model’s output change with respect to its inputs. We can understand how slight input variations
can affect a model’s output. Gradient-based techniques have been widely used to explain
neural networks because of the easy access to gradient information provided by PyTorch and

TensorFlow.

Gradient-based methods include Inputsx Gradients, SmoothGrad, and Integrated Gradi-
ents. The ”InputsxGradients” method is proposed by Baehrens et al.[%]. The idea behind
this method is that the gradient can show how the output varies in terms of changes in the
inputs within a small neighborhood around the input. This is mathematically represented as

x;V f(x;), where x; denotes the input and V f(z;) is the gradient of the model f at x;.
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However, this method has some drawbacks. It is sensitive to the magnitude of the input z;.
Meanwhile, if the model is complicated, the gradient will undergo significant changes, even with
slight variations in the input. Addressing the issues, Smilkov et al.[79] introduced SmoothGrad.
Instead of calculating the gradient solely at the input z;, SmoothGrad introduces an improve-
ment by adding normally distributed noise to the input z; to generate a set of neighbors. The
gradient is then computed as the average of the gradients at these points, providing a smoother
and more stable representation of the model’s sensitivity to input variations. In some cases,
the explanations provided by methods like Inputsx Gradients and SmoothGrad can be noisy
and unclear. To tackle this problem, Integrated Gradients[(] introduces the reference points.
Reference points are inputs that do not carry any information. In many classification tasks, a
reference point x* is defined such that f(z*) = 0. Integrated Gradients enhance interpretability
by computing the gradient along the straight line between the input and the reference point.
However, it is worth noting that identifying an appropriate reference point is often challenging

and computationally expensive.

Layer-wise Relevance Propagation Explanation Methods Layer-wise Relevance Prop-
agation(LRP) [7], is a technique used to understand the importance of input features in a neural
network’s output. LRP is a backpropagation process that redistributes relevance from a higher
to a lower layer. Consider a neuron A with value a in layer [, which connects to N neurons
B,, (where n =1,2,...,N) in the subsequent layer [ + 1. Each neuron B, has a value b,, and
is connected to A by a weight w,. During the forward pass, neuron A contributes a value of
wy, X a to each B,. Conversely, in the LRP backpropagation process, the proportion of B),’s
wna

value attributed to neuron A is 4. If neuron By, is assigned a relevance score Ry, then A

receives a fraction of this score, calculated as %»* R, from B,,. Summing up these contributions
n

from all connected neurons in layer [ + 1, the total relevance score for neuron A is ) TRy

The general formulation for LRP is

Zk]

16



CHAPTER 2. BACKGROUND

Here, n and m are two consecutive layers. z;; represents the extent for neuron ¢ contributes to

neuron j. We can easily get the conclusion that } 3, R;j =, R; and ), R; = f(x).

LRP begins with the assumption that the relevance score of the output layer, denoted as
R, is approximately equal to the function output f(z). This allows for the backpropagation of
the relevance score with value f(x) into the input layers. A key assumption in LRP is that the
sum of relevance scores in each layer should satisfy the conservation property, ensuring that the

total relevance is conserved across layers.

LRP is well-defined for networks with nonlinear layers. Consider a network with three
layers: [—1, [, and [+1. Assume a ReLU activation function maz(0, x) is applied between layers
I —1 and [, and a linear transformation wz + b is applied between layer [ and [ 4+ 1. The ReLLU
function creates a one-to-one correspondence between layers [ — 1 and [. This correspondence
implies that the transformation of relevance scores between the two layers is also one-to-one.
Therefore, if a neuron in layer [ has a value of 0, its contribution to the next layer is also 0
(since any weight multiplied by 0 yields 0). From this, we infer that the relevance score for such
a neuron is 0. This approach effectively accounts for the nonlinear transformations within the

network.

LRP uses different rules to distribute relevance scores across layers in neural networks. One
such rule is the LRP-¢, which introduces a small positive epsilon in the denominator to stabilize

the relevance. The rule is formulated as

a; Wik
R; = Z — I Ry,
k €+ Zo,j AWk

where R; denotes the relevance of a neuron, w is a weight, and a is the value of a neuron. The
purpose of introducing the epsilon is to manage the distribution of relevance scores for neurons
with small products of value and weight. As e grows, the neuron with a small product will
gain relevance scores close to zero. This adjustment is beneficial because it can filter out the

contribution from neurons that have minimal impact on the output. On the other hand, the
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LRP-~, defined as
R; =

Z aj - (wjk + ’ywj.}g) R,

— e+, a5 (wik + ’ywﬁ)
incorporates the parameter gamma, which selectively emphasizes positive contribution. By
controlling ~y, the rule can modulate the extent to which positive contributions are highlighted.
Increasing v gradually diminishes negative contributions, thereby focusing on the positive con-
tribution. When applying LRP on image classification models, LRP-v is usually preferred. It
can help reduce the impact of noise and emphasize the positive contributions that correlate

with high probability in the models’ outputs.

In practical terms, when elucidating a neural network, we can apply different rules to
different layers for a more comprehensible explanation. Specifically, in the context of image
classification, it is advantageous to utilize the higher layers in conjunction with the LRP-v
rule. This approach allows for managing negative contributions, thereby emphasizing positive
contributions and enhancing the model’s interpretability. By selecting appropriate parameters
for the LRP rules, we can achieve a clear local explanation of the model’s decision-making
process. In the realm of image classification or similar tasks where the influential features are
well understood, assessing the contributions identified by the LRP and adjusting its parameters
becomes straightforward. Conversely, when dealing with unfamiliar data, identifying the con-
tributing features becomes more complex. This complexity makes it challenging to determine
appropriate parameters for the LRP, as the lack of familiarity with data characteristics hampers

our ability to assess the relevance and influence of specific features on the model’s predictions.

LRP is commonly used to interpret image classification models. However, challenges arise
when LRP is applied to multiplication operators within LSTM models, where both operands are
inputs rather than one being a weight. A widely accepted strategy for redistribution is ’signal
takes all’ [6]. This approach treats the gate neurons as weights, allowing LRP to allocate all

relevance scores to signal neurons.

Employing the formula presented above is not computationally efficient. Therefore, LRP is

commonly reformulated into a gradient-based representation [(5] to expedite the computation
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process.
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The models for our project were developed using PyTorch, which facilitated easy access to
these values and expedited the explanation process. Similarly, convolution operation can be

reformulated in this context [91].
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Chapter 3

Exploratory Data Analysis

The data presented is private and confidential. Due to privacy concerns, explicit details and

sensitive information cannot be disclosed.

3.1 Manufacturing Setting

The industrial factory provides three DataFrames related to anomaly prediction: the Sensor
DataFrame, the Anomaly DataFrame, and the Stability DataFrame. These DataFrames are

recorded at 10-second intervals.

A Sensor Dataframe (see illustrative example in Figure 3.1) contains the readings for
each sensor at designated times. Each sensor measures different properties and, therefore, uses
different units. In our setting, various sensors and inspection points collect data at 10-second

intervals, measuring variables like temperature, pressure, and speed.

In our manufacturing setting, products do not have unique IDs for tracking which makes it
challenging to link specific sensor readings to corresponding anomalies. Sensors are positioned at

different points along the processing line, and the distance between a sensor and the inspection
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area is accounted for using time correction. Time correction refers to the expected time gap
between when a product passes the sensor and when it reaches the inspection point. However,
in practice, this time is not always as expected, and since we lack product IDs for more precise
tracking, the corrections may be imprecise. For simplicity, we chose not to explicitly model

these time corrections, allowing the model to implicitly learn any necessary adjustments from

the data.
_ Sensor 1 (°C) Sensor 2 (m/s) | Sensor 3 (kPa) _
05-21 15:00 134.4 789.4
05-21 16:00 135.7 1.1 798.1
05-21 17:00 134.8 0.9 800.4

Figure 3.1: Sensor Dataframe

An Anomaly DataFrame (see illustrative example in Figure 3.2) is generated during
the inspection phase. It records the number of anomalies for each type at the same intervals
as the sensor data. Anomalies detected during the inspection process, which occurs at the
end of the pipeline, are categorized into several groups based on size and type. The dataset
has two main categories: foreign matter and scratches, with each further divided into smaller
subcategories based on size. For our experiments, we focused on the most frequently occurring
type of anomaly for two reasons: it provided a sufficient amount of data for prediction, and it

was considered the most significant in the production process.

__

05-21 15:00
05-21 16:00 0 0 3
05-21 17:00 3 2 0

Figure 3.2: Anomaly Dataframe

A Stability DataFrame includes two binary indicators: system stability and production
stability. These indicators represent whether the system is stable and production is in a good
or optimal condition. Stability is defined by the factory based on specific criteria. Unstable
periods typically last for several days. In our experiments, we used only the data from periods

when both the system and production were stable.
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Given the noise in the anomaly counts and sensor data, the data was binned into 1-hour

intervals, using the mean to reduce the noise.

3.2 Manufacturing Parameter Selection

In anomaly prediction, a sliding window is applied to the sensor data. For every continuous
segment of several hours of sensor data, these data are used to predict future anomalies. Based
on the prediction time horizon, anomaly prediction can be classified into short-term 3.3 and

long-term predictions 3.4.

TN e

05-21 14:00 0522 14:00
05-21 15:00 05-22 15:00
05-22 13:00 05-23 13.00
05-22 14:00 05-24 14:00

Figure 3.3: Short-term Prediction

O Tsensort | T Teer L

05-21 14:00 05-22 14.00
05-21 15:00 05-22 15:00 ‘
05-22 13:00 05-24 13.00 ‘
05-22 14:00 05-25 14:00

Figure 3.4: Long-term Prediction

In short-term prediction, the task is to predict the count of anomalies over the next several
hours. Anomalies in such settings are often correlated with outliers in the sensor data. For
example, an extremely high temperature at a certain point may lead to more anomalies. In
long-term prediction, the task is to predict the number of anomalies over several days. In
such settings, the expectation is that patterns within the sensor data can support long-term
predictions. For example, a slow increase in temperature may not lead to immediate changes

in anomalies, but its impact may become apparent over a longer period.
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In our task, we would like to predict anomalies several days in advance, allowing the factory
to prepare and take proactive measures to address potential quality issues before they impact

the final product delivered to the customer.

Instead of predicting continuous anomaly counts for the next few hours, we concentrated on
forecasting maximum anomaly counts over the next 72 hours (3 days) (refer to the illustration
plot 3.5 below). Due to manufacturing requirements, we chose this 72-hour timeframe, allowing
sufficient time to adjust settings. The decision to forecast the maximum value was driven by
our interest in capturing peak events, which are critical for manufacturing performance. This
emphasis on peak events allows us to better detect significant anomalies that could impact
overall performance, as unusual sensor readings are often associated with these spikes. Addi-
tionally, the maximum anomaly count over 72 hours is likely to differ significantly from the

current count, making it a more challenging and meaningful prediction target.

| — mpur_plox Tl
1olling_meax_ list flf

Figure 3.5: Maximum Rolling

Despite this transformation, the graph reveals significant variance in the middle, where
some values are exceptionally high compared to the rest. This suggests the presence of outliers
or non-standard operational periods that differ from typical inspection results and may warrant

further investigation.

We categorized the anomalies into six levels: ultra-low, low, medium, high, very high,
and ultra-high, thereby converting the problem into a classification task. The classification

thresholds were determined using quantiles:

e (Class 0 for anomaly counts below the 0.1 quantiles of all samples,

e Class 1 for counts between the 0.1 and 0.3 quantiles,
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Class 2 for counts between the 0.3 and 0.7 quantiles,

Class 3 for counts between the 0.7 and 0.8 quantiles,

Class 4 for counts between the 0.8 and 0.9 quantiles,

Class 5 for counts above the 0.9 quantiles.

We opted for a 24-hour lookback window for input data for two main reasons. First, a
product typically takes around 12 hours in the factory to travel from the first sensor in the
pipeline to the inspection phase. Therefore, setting the lookback window to 24 hours ensures
that the model captures relevant data closely tied to potential future anomalies. Second, this
lookback window provided better accuracy and facilitated more effective explanatory analysis.
The dataset fed into the model consisted of continuous 24-hour sensor data records used to

predict anomaly categories.

3.3 Data Preprocessing

3.3.1 Sensor Selection

Sensors lacking variation in the data were considered unnecessary for predictive analysis and
thus removed to streamline the dataset. We normalized the sensor data using the Standard-
Scaler to filter out static data. Furthermore, we discarded any sensor data with variation below
a predefined threshold of 1le—3. This procedure resulted in the elimination of 7 sensors from

the dataset. Even with the dataset reduced, more than 300 sensors remained.

To perform feature engineering, we employed Pearson Correlation Graph Filtering. Pearson
correlation [68] provides a measure of the linear correlation between two variables. We defined
a threshold value, «, and connected sensors within a network if their Pearson correlation ex-
ceeded this threshold. Once the network was established, we divided the sensors into several

subgraphs. Each subgraph was a distinct cluster of sensors that were not connected to sensors
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in other subgraphs, meaning there were no edges (connections) between the subgraphs. This
network then formed several subgraphs of highly correlated sensors. Within each subgraph,
we randomly selected a representative sensor. By setting o at 0.85, we identified 52 groups
and, therefore, selected 52 representative sensors. These sensors were then employed in the

subsequent modeling phase.

3.3.2 Train-Test Split

The sample was generated using a rolling step of one. We divided the dataset into 21 periods,
corresponding to the number of months, to account for seasonal or yearly changes. Within each
period, we designated the initial 80% of the data for training and validation, and the subsequent
20% for testing. We removed the last few samples from each training segment corresponding

to data in the testing period to prevent overlap between training and testing sets.

Refer to the illustration plot 3.6, where the orange blocks represent the training and vali-

dation phases, and the blue blocks represent the testing phase.

Figure 3.6: Train-Test Split [llustration

3.3.3 Data Augmentation

To prevent the model from being biased in the distribution of classes in the data, upsampling of
the minority classes in the data is necessitated. In this project, the SMOTE(Synthetic Minority
Oversampling Technique) [16] was utilized to upsample and generate new data through the

interpolation between two points within the class.
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Chapter 4

Explainable Prediction with

Random Convolutional Kernels

Random convolution models have the potential to capture temporal relationships within data
and enhance robustness. ROCKET is a model that utilizes random convolution in combination
with linear regression. The ROCKET model has shown remarkable performance in TSEC and
TSER tasks. However, linear regression often struggles to capture nonlinear relationships. In
manufacturing, interpretability is crucial for companies to understand and trust the model’s
predictions. While convolution itself lacks interpretability, post-hoc techniques are necessary

to explain the model’s behavior and provide insights into its predictions.

In this chapter, we employed the ROCKET-EBM method to forecast the maximum anomaly
count over the next 72 hours, using 24-hour historical sensor data. Drawing inspiration from
ROCKET, we leveraged random convolution kernels to process our data. However, instead of
solely relying on linear regression after the convolution process, we experimented with more
sophisticated, non-linear machine learning algorithms. We utilized Explainable Boosting Ma-
chines (EBM) to enable the application of Layer-wise Relevance Propagation (LRP), thereby
providing local explanations. To further elucidate the model’s predictions and highlight feature

importance, we utilized LRP and designed a custom explanation algorithm for the ROCKET-
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EBM model.

In this chapter, we make the following contributions:

e We presented ROCKET-EBM, an extension of the ROCKET model that included an
EBM classifier and a feature selection mechanism. The integration of EBM enabled the
computation of local feature importance over the random convolutions to support our

LRP-based explanation technique.

e We designed an LRP-based explanation algorithm to compute and visualize local ex-
planations for the sensor inputs to the ROCKET-EBM model, thereby enhancing the

interpretability of the model’s predictions.

e We conducted the experimental analysis to evaluate the performance of the ROCKET-

EBM model, demonstrating its effectiveness in forecasting maximum anomaly counts.

e We conducted experiments to demonstrate the faithfulness of the explanations provided

by our LRP-based explanation algorithm.

4.1 Background

4.1.1 Random Convolution Kernels

RandOm Convolutional KErnel Transform(ROCKET), proposed by Dempster et al.[22], uti-
lizes a large number of convolution filters in lieu of pre-trained ones. Unlike other random
convolution kernel methods, ROCKET employs varying kernel lengths, padding sizes, and dila-
tion. After each convolution operation, pooling techniques are applied. The authors use global
max pooling and proportion of positive value(PPV), where PPV is the ratio of positive values
after the convolution process. ROCKET stands out for its computational efficiency and rela-
tively short training time compared to the conventional convolution layers. When dealing with

small datasets, ROCKET surpasses conventional convolution methods, which makes it easy to
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achieve accurate convolution kernels. ROCKET can employ exponential convolution kernels to
get high accuracy. The ROCKET model was initially designed for TSEC. However, Tan et al.

[32] also demonstrated its effectiveness in TSER.

Owing to its straightforward implementation and high accuracy, MINImally RandOm Con-
volutional KErnel Transform(MiniRocket)[23] introduces optimizations to the computation pro-
cess of ROCKET. Unlike ROCKET, which uses various kernel lengths of {7,9, 11}, MiniRocket
employs a fixed kernel length of 9, along with a fixed padding and a fixed dilation. While
the ROCKET samples kernel weights from a standard normal distribution, MiniRocket selects
weights from two predetermined values, o and 8. The choice of the two values is arbitrary,
but a and § are set to be —1 and 2 respectively. For a kernel length of 9, 6 weights are as-
signed to be «, and the remaining 3 weights should be . This configuration can significantly
reduce the number of possible kernels. Meanwhile, a bias term in ROCKET is sampled from a
standard normal distribution; however, MiniRocket derives a value from previous convolution
outputs. Instead of applying two pooling techniques, MiniRocket only uses PPV to extract
features. Despite inputting fewer features, experiments show that MiniRocket achieves similar
accuracy in time series classification tasks. Building upon MiniRocket, Tan et al.[33] developed
MultiRocket, which enhances the model by utilizing additional pooling techniques. Beyond the
global max and PPV, MultiRocket introduces the Mean of Positive Values(MPV) and the Mean
of Indices of Positive Values(MIPV), which computes the average index position within the se-
quence. It also considers the Longest Stretch of Positive Values(LSPV), finding the longest

sequence of uninterrupted positive values.

4.1.2 LightGBM

Decision trees are a versatile and powerful machine learning model for classification and regres-
sion tasks. They predict outputs based on input features passed through each node’s conditional
statements. The tree uses a threshold at each node to split the data, directing it toward the
appropriate leaf. The training process is to learn each node’s optimal threshold and features.

However, beginning with a complex decision can be computationally intensive and inefficient.
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Boosting methods address this by starting with a simple, weak model and successively building
up a series of simple models that correct the residuals of the ensemble. Two main techniques
in boosting are AdaBoost[258] and Gradient Boosting[30]. Xgboost[18] and Light GBM[13], two

powerful tree-based models, are in the family of Gradient Boosting Decision Tree(GBDT).

LightGBM introduced two novel algorithms, Gradient-based One-Side Sampling(GOSS)
and Exclusive Feature Bundling(EFB), dramatically reducing training time without losing ac-
curacy. GOSS is an algorithm that samples data for gradient-boosting trees, categorizing
instances based on the magnitude of their gradients. Large gradients mean that the instance
carries more information and can lead to greater information gain. GOSS selects the top k
instance with large gradients for training. To maintain data balance, it also samples a pro-
portion of instances with small gradients, adjusting the size to preserve a ratio similar to the
original dataset distribution. Additionally, considering that most datasets are sparse with lots
of zero values, EFB is employed to bundle some features, which reduces the dimensionality and

accelerates the training process.

4.1.3 Explainable Boosting Machine

Explainable Boosting Machine (EBM)[(7] is an interpretable machine learning model that ex-
tends the framework of Generalized Additive Models(GAM)[37] by integrating the gradient
boosting method. This model breaks the conventional balance between interpretability and
performance, making it a compelling choice for the application. The model not only delivers

accurate predictions but also explains those predictions and allows for easy debugging.

EBM consists of ensembles of simple tree-based models, where each tree captures the in-
fluence of either a single feature or interactions between pairs of features. This methodology
diverges from traditional GAMs, which use smooth functions to represent the effect of individual

features. Instead, EBM utilizes trees to identify complex patterns and interactions.

A significant advantage of EBM is its ability to offer clear, local explanations for predic-
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tions. The model can demonstrate how specific feature values or combinations contribute to a

particular outcome.

4.2 Methodology

In our project, we aimed to provide an accurate classification of the maximum anomaly count
for the next 72 hours. We developed a machine learning model inspired by the ROCKET
model, employing random convolution kernels. This design enabled the extraction of temporal
and spatial patterns from the data through random convolution and pooling techniques. Sub-
sequently, a predictive model integrated these insights to generate accurate predictions. The

architecture was designed to support explainability through LRP.

4.2.1 ROCKET-EBM Architecture

The first step was to generate random convolutions. Padding and dilation values were selected
randomly, and the kernel size was randomly selected from 7, 9, and 11. The convolutional
kernels were drawn from a standard normal distribution. To ensure that each kernel operated
at a similar scale, the drawn weights were adjusted by subtracting the mean of the weights
within each convolution. The computation of the random convolution followed the standard

rules of the convolution operation.

Our study utilized a model that integrated random convolution layers followed by four
pooling techniques: global maximum pooling, global mean pooling, proportion of positive values

(PPV), and mean of positive values (MPV).

¢ Global Max Pooling: Selects the maximum value from all input elements.
¢ Global Mean Pooling: Computes the average of all input values.

e Proportion of Positive Values: Calculates the ratio of positive values to the total
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number of input values.

e Mean of Positive Values: Computes the average of all positive input values.

We aimed to develop a highly expressive model that could not only accurately predict
outcomes but also provide local feature importance. LRP has the ability to provide local
explanations on the convolutional layers, but it requires that the predictive model itself can also
generate local feature importance. To meet this requirement, we chose Explainable Boosting
Machines (EBM) due to their efficient performance and ability to provide interpretable local
explanations. However, due to a large number of extracted features, EBM struggles to handle
high-dimensional data, resulting in reduced transparency and Interpretability [33]. To address
this issue, we implemented a feature selection mechanism that utilized LightGBM to refine
and reduce the feature set. Light GBM was selected for its rapid processing capabilities and its
promising accuracy. It provides global feature importance, estimated by the gain in accuracy
when each feature is used for decision splits in the decision tree. Based on these feature

importances, we identified the top k features.

The selected features were then fed into an Explainable Boosting Machine (EBM) as it can

provide local explanations. 4.1 illustrates the structure of the model.

4.2.2 Local Explanation via LRP

Although EBM is interpretable and can provide local explanations, introducing random convo-
lution into the model means that EBM can only provide feature importance for the extracted
random convolution rather than the original inputs. To obtain local explanations for the in-
puts, we utilized Layer-wise Relevance Propagation (LRP) and backpropagated the feature

importance given by the EBM model.

However, the significance of feature importance for pair combinations in the EBM can be

challenging to explain and visualize. Therefore, We focused on using EBM with main effects
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Figure 4.1: Random Convolution Model Structure

only, leaving the investigation of LRP rules for interaction effects for future work. The provided

algorithm is outlined below 1.

Note: Abbreviations used in the algorithm:

GMXImp: GlobalMaxPoolingFeaturelmportance

GMNImp: GlobalMeanPoolingFeaturelmportance

PPVImp: ProportionPositiveValuesFeaturelmportance

MPVImp: MeanPositiveValuesFeatureImportance

featImp: featurelmportances

The importance of features after random convolution was determined using pooling tech-
niques. In the model, four pooling techniques were utilized, each with distinct characteristics

that influence how feature importance was calculated:
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Algorithm 1 Feature Importance Backpropagation Algorithm

1: Input: £ > Number of top features to select
2: Output: Feature importance for inputs

3: procedure FEATURESELECTIONPOOLING

4: importances < GetFeatureImportance(EBMModel)

5 topK Indexes < Select TopKIndexes(importances, k)
6 for i < 0 to length(importances) - 1 do
7: if ¢ ¢ topKIndexes then
8: importances[i] < 0
9 end if
10: end for
11: IndexBeforeFeatureSelection < TraceOriginallndex(FE BM Model)
12: featImp < array of zeros with shape of input data
13: for i < 0 to length(IndexBeforeFeatureSelection) - 1 do
14: if IndexBe foreFeatureSelection[i]%1 = 0 then
15: convImportance <— GMXImportance(importances|i])
16: else if IndexBeforeFeatureSelection[i]%2 = 0 then
17: convImportance <— GMNImportance(importances|i])
18: else if IndexBeforeFeatureSelection[i]%3 = 0 then
19: convImportance <— PPVImportance(importances|i])
20: else if IndexBeforeFeatureSelection[i]%4 = 0 then
21: convImportance <— MPVImportance(importancesii))
22: end if
23: featImp < featImp + ApplyLRP (input Data, convImportance)
24: end for

25: end procedure
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e Global Max Pooling: In the context of backpropagating feature importance, all the
feature importance is attributed to the feature with the highest value. This means that

only the input with the maximum value is considered influential in the prediction.

e Global Mean Pooling: The relevance scores assigned back to each input are propor-
tional to its value relative to the sum of all inputs. This approach distributes the impor-

tance across all inputs based on their individual contributions to the overall average.

e Proportion of Positive Values: In this method, all positive values are considered
equally in their contribution to the final output. The feature importance is evenly dis-

tributed among all positive inputs, regardless of their individual magnitudes.

e Mean of Positive Values: This distribution only focuses on positive values. The
contribution of each positive number is based on its value. This method assigns more
importance to higher positive values while still considering the impact of smaller positive

numbers on the model’s output.

After the relevance scores are determined through the pooling technique, the next step
involves backpropagating these scores to the input in the convolution layer. This process can
be guided by the principles of Layer-wise Relevance Propagation(LRP). Consider a convolution
kernel operating on a window of length N, with input value a; and corresponding weight w;.
Let the output of this window be ¢. The relevance score for each a; is then calculated using
the formula “** multiplied by the relevance score in the output. Sometimes, the bias term

b
aiwi+ﬁ

b significantly contributed to the output. In such cases, the formula is adjusted to -

multiplied by the relevance score in the output, preserving the relevance score for each layer.

To enhance the clarity and precision of our explanation, we introduced a small constant,
epsilon (e), set at 0.0001, in the denominator of our relevance score formula. This adjustment
can make values contributing minimally diminished, reducing to zero. Furthermore, in the EBM
feature importance evaluation, we focused on the top 10% features based on their relevance
scores. This approach serves to clarify the explanation by highlighting the most powerful

features, reducing the influence of noise, and decreasing the computational complexity.
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4.2.3 Evaluation

We executed each model ten times with different seeds and reported the methods’ performance
using accuracy, F1 score, and MAE. Accuracy measures the fraction of outputs predicted cor-
rectly. The F1 score is the harmonic mean of recall and precision. MAE stands for mean
absolute error. The reason for using the MAE metric in the classification problem is that the
classes are categorized based on quantiles; nearby classes are similar, so we aim to penalize
confusion between farther classes more severely. We presented both the mean and standard
deviation(std) of the ten runs. The inclusion of standard deviation was essential due to the
stochastic nature of the random convolution component. All numeric values were maintained

with two decimal places.

4.3 Experiments

4.3.1 Experiment Setting

To evaluate the effectiveness of the proposed random convolutional model( ROCKET-EBM),

we utilized three types of baseline models to set a benchmark.

1. Non-Convolutional Machine Learning Models: These include Ridge Classification
(RC), Support Vector Classification (SVC), K-Nearest Neighbors (KNN), Gaussian Naive
Bayes (GaussianNB), Decision Tree (DT), Random Forest (RF), XGBoost, Light GBM,
and EBM. Ridge Classification offers significant interpretability but may lack accuracy.
These models were fed processed sensor data to discern relationships between inputs and
predict outcomes. We aimed to see if these models performed better without using ran-
dom convolution kernels to identify temporal and spatial relationships within the inputs.
If performance improved, it would suggest that random convolution kernels were not

essential for analyzing this dataset.
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2. Basic Convolutional Models: These models are the same as the non-convolutional
ones but with the application of random convolution. This approach checks if the feature

selection mechanism can identify crucial features.

None of the models discussed in this section involved neural networks; neural networks will
be covered in the next chapter. The random convolution layer in these models was implemented

using the FastMath package.

In our proposed ROCKET-EBM and basic convolutional models, we utilized 10,000 random
convolution kernels with sizes of 7, 9, and 11. The outputs from these convolutions were
subjected to four pooling techniques: global max pooling, global mean pooling, proportion of
positive values (PPV), and mean of positive values (MPV). Following this, the feature extraction

phase produced 40, 000 features for each sample.

The feature selection mechanism trained the Light GBM model and selected the top 1000

features based on their feature importance.

4.3.2 Experimental Results: Predictive Performance

From the performance metrics evaluated on the testing set of non-convolutional machine learn-
ing models in table 4.1, the Gaussian Naive Bayes model exhibited the weakest performance.
This was anticipated, as Gaussian Naive Bayes assumes independence between input vari-
ables, which is often untrue. Ridge Classification, Support Vector Classification (SVC), and
K-Nearest Neighbors (KNN) achieved comparable results, yet they significantly underperformed
compared to the tree-based models. Among these, the Decision Tree (DT) is the simplest and
understandably did not surpass the more complex models such as Random Forest, XGBoost,
and Light GBM. Random Forest achieved the best performance; however, it is a complex model
that requires more training time. XGBoost and Light GBM attained comparable performances.
Most of the non-convolutional models presented in the table showed stable performance, with

standard deviations close to 0. Only the Decision Tree and Random Forest exhibited variability
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in their performance, which could be attributed to the challenge of managing a large number
of input variables. However, EBM did not achieve satisfactory performance because the fea-

tures within EBM were not entangled together, making it difficult to capture the temporal

relationships.

Accuracy | Accuracy | F1 score | F1  score | MAE MAE

(mean) (std) (mean) (std) (mean) (std)
RC 0.50 0 0.51 0 0.67 0
SVC 0.53 0 0.54 0 0.61 0
KNN 0.51 0 0.52 0 0.65 0
GaussianNB | 0.45 0 0.45 0 0.67 0
DT 0.54 0.02 0.56 0.02 0.65 0.02
RF 0.64 0.01 0.64 0.01 0.48 0.02
XGBoost 0.61 0 0.62 0 0.52 0
LightGBM | 0.61 0 0.61 0 0.52 0
EBM 0.56 0 0.57 0 0.58 0

Table 4.1: Performance Metrics of Non-convolutional Machine Learning Models

Models employing untrained random convolution kernels generally showed improvements in
accuracy, F1 score, and MAE, as indicated in 4.2. The addition of random convolution kernels
notably enhanced the performance of the Ridge Classification and Support Vector Classification.
However, specific models, such as the Gaussian Naive Bayes Model and the Decision Tree,
exhibited significantly worse performance. The random convolutions increased the likelihood
of correlations between input variables, which adversely affected the Gaussian Naive Bayes
model. The Decision Tree model became overfitted and unstable. Random Forest, XGBoost,
and Light GBM continued to outperform other models. The introduction of random convolution
improved the performance of XGBoost and LightGBM by approximately 5 percent in both
accuracy and F1 score. EBM also improved significantly by incorporating random convolution.
The MAE of EBM performance was significantly lower than that of other models. Meanwhile,
EBM’s performance reached a level comparable to Light GBM and XGBoost. Models employing
random convolution generally achieved better performance than those without, suggesting that
convolution can assist in pattern recognition within the data. However, the performance varied

considerably due to the inherent randomness and potentially insufficient convolutions.

As demonstrated by the above experiments, the employment of random convolution kernels
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Accuracy | Accuracy | F1 score | F1  score | MAE MAE

(mean) (std) (mean) (std) (mean) (std)
RC 0.56 0.02 0.57 0.02 0.57 0.03
SVC 0.59 0.01 0.60 0.01 0.53 0.02
KNN 0.56 0 0.58 0 0.61 0.01
GaussianNB | 0.35 0.03 0.37 0.03 0.80 0.05
DT 0.50 0.03 0.50 0.03 0.72 0.07
RF 0.64 0.01 0.63 0.01 0.52 0.02
XGBoost 0.65 0.02 0.65 0.02 0.47 0.02
LightGBM | 0.65 0.01 0.65 0.01 0.48 0.03
EBM 0.63 0 0.63 0 0.47 0.01

Table 4.2: Performance Metrics of Convolutional Non-filter Models

proved advantageous for the dataset. However, EBM suffered from less interpretability and
transparency when dealing with large dimensions. To meet the interpretability requirements,
we constrained the number of features input into the predictive model, EBM. By feeding fewer
features into the model, we reduced the risk of overfitting and simplified the explanation of
the model’s decisions. We integrated LightGBM after convolutions and poolings to reduce
the feature dimension to 1,000. With the use of the feature selection mechanism, only 2.5%
of the extracted features after pooling were fed into the EBM. Despite this reduction, the
performance did not decrease significantly 4.3. The selection not only maintained performance

but also brought sparsity, which was helpful for the subsequent explanation.

Accuracy | Accuracy | F1 score | F1  score | MAE MAE

(mean) (std) (mean) (std) (mean) (std)
ROCKET- | 0.64 0.01 0.64 0.01 0.48 0.02
EBM

Table 4.3: Performance Metrics of ROCKET-EBM

The provided Table 4.4 illustrates the confusion matrices for ROCKET-EBM. It is observed
that samples in classes 0, 1, and 2 are commonly misclassified, likely due to similarities in
sensor data that these classes share. However, in general, the misclassified predictions are
not drastically incorrect but relatively close to the actual class values, indicating that while
the models may confuse classes, they do so within a close range. Class 5, which has a high
count of anomalies, demonstrates a satisfactory performance. This suggests that the model is

particularly adept at discerning and relating the abnormal sensor data to this class with higher
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anomaly counts.

Actual \ Predicted | Class 0 Class 1 Class 2 Class 3 Class 4 Class 5

Class 0 8 29 20 0 0 0
Class 1 4 65 23 1 0 0
Class 2 0 57 517 35 0 12
Class 3 0 0 50 46 28 1
Class 4 0 0 35 28 28 96
Class 5 0 0 0 0 45 174

Table 4.4: Confusion Matrix for ROCKET-EBM

4.3.3 Experimental Results: Explainability

Toy Experiments

We conducted experiments using specially designed toy datasets to evaluate the faithfulness of
the feature importance backpropagation method in our ROCKET-EBM model. We started the
experiments focusing on a classification task: determining whether a given time series contains

any outliers.

The toy data for this experiment was created as follows:

1. Generation of Sine Waves: We generated sine waves of varying frequencies and mag-
nitudes. Each sine wave had a length of 100 data points. This step created baseline time

series data for the experiment.

2. Introduction of OQutliers: For each time series, we introduced between 0 and 10 outlier
points. These outliers were defined as points where the value was either more than 1.2
times or less than 0.8 times the original value of the sine wave at that point. The selections

of these outliers were random.

3. Label Criteria: Time series with 0 outliers are labelled as non-anomalous, assigned to
class 0. Time series with 1 to 10 outliers are labeled as anomalous and assigned to class 1.

To balance the datasets, 50% of time series are generated without any outliers (class 0).
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The remaining 50% of the time series are generated with a random number of outliers,

ranging from 1 to 10 (class 1).

1.5 A

1.0

0.5 1

0.0

-1.04

T T T T T T
0 20 40 60 80 100

Figure 4.2: Toy Data Sample

In Figure 4.2, we selected one testing sample to illustrate the explanation through the
proposed algorithm. The testing sample contained five outliers at indices 3, 20, 30, 46, and
67, and the EBM correctly predicted the presence of outliers. From the visualization, the data
point at index 46 was easily identified as an outlier. Feature importance analysis revealed that
the top five features with the highest importance scores were at indices 46, 27, 69, 4, and 9.
Notably, the algorithm successfully detected and assigned high feature importance to index
46. While the outliers at indices 3, 30, and 67 were not precisely detected, the neighboring
indices 3, 27, and 69 were identified as anomalies, which can still be regarded as a successful
outcome. This result demonstrated the algorithm’s effectiveness in identifying key features that
significantly influence the model’s predictions. It is important to note that the model might
not necessarily identify all outliers explicitly due to the binary classification task. Additionally,

points surrounding the outliers could also be classified as outliers.

We then generated 500 testing samples, all with 6 outliers, which the model correctly
predicted. Next, we applied the explanation algorithm to these samples. Table 4.5 shows
whether the post-hoc explanation correctly indicated the outliers. According to the feature
importance of the inputs, we calculated the percentage of the 500 samples where the top k

features in the explanation contained an outlier. Considering that neighboring points of outliers
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can also be classified as outliers, we allowed a tolerance of 2, meaning within a range of 2 of

this point.
Percentage (%)
Top 1 68.2
Top 4 93.8
Top 7 98.4
Top 10 99.6

Table 4.5: Percentage of samples where the top k features in the explanation contain any outlier.

The table shows that almost all explanations correctly indicated outliers from the top 10
feature importance scores, demonstrating the algorithm’s high accuracy. Additionally, 61% of
the outliers among the 6 outliers in each sample were correctly identified through the top 10

feature importance explanation.

Explanation Visualization

Our toy experiments demonstrate that the algorithm effectively identifies inputs with high fea-
ture importance. When we applied this algorithm to our factory data model, we analyzed
several specific data samples that were accurately predicted. To visualize the feature impor-
tance, we used a heatmap and scaled the feature importance values between -1 and 1. Features
with dark red indicate a positive contribution to the final output, while features with dark
blue indicate a negative contribution. Blank spaces mean the features are not related to the

prediction.

Figure 4.3 shows the explanation of two samples in class 5. The x-axis represents the
sensors, and the y-axis represents the 24-hour lookback window. Although they belong to the
same class, the local explanations can be significantly different. However, they still share some

similar sensor features.

To validate the explanations provided by the post-hoc technique and to further decrease
the number of inputs, we used the testing set that was correctly predicted by the model. By

aggregating the local explanations of the testing set together (see Figure 4.4), we retained the
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Figure 4.3: Feature Importance Heatmap for Testing Samples in Class 5 for ROCKET-EBM

top 30 features with the highest absolute values, setting all remaining features to zero. The

shape of the data was preserved to allow for convolution, and the model was rerun with these

selected features.
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Figure 4.4: Aggregated Feature Importance Heatmap for ROCKET-EBM

The performance of the sparse ROCKET-EBM model significantly improved, particularly
in terms of MAE, which observed a substantial decrease 4.6 4.7. This improvement was achieved

using just 30 features, which greatly increased the sparsity of the input. As a result, the model
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became more robust and less prone to overfitting. This outcome suggests that the explanations

provided by the post-hoc technique play a crucial role in enhancing the model’s performance.

Accuracy F1 score MAE
Spare ROCKET-EBM | 0.68 0.67 0.36

Table 4.6: Performance Metrics of Sparse ROCKET-EBM

Actual \ Predicted | Class 0 Class 1 Class 2 Class 3 Class 4 Class 5

Class 0 35 1 21 0 0 0
Class 1 6 85 2 0 0 0
Class 2 0 58 503 59 0 1
Class 3 0 0 50 34 41 0
Class 4 0 0 31 35 41 80
Class 5 0 0 2 0 32 185

Table 4.7: Confusion Matrix for Sparse ROCKET-EBM

Due to nonlinearity, it’s challenging to predict whether increasing the value of a significant
feature will increase the output for these complex models. The local explanation is intended to

describe the feature’s importance for the particular output.

4.4 Conclusion

In this section, we utilized ROCKET-EBM to predict the class of maximum future 72-hour
anomaly counts based on historical sensor data. ROCKET-EBM combines random convolution
with EBM, where random convolution enables the model to capture temporal relationships and
robustness, and EBM facilitates local explanations through a post-hoc explanation technique.
To enhance the interpretability of EBM, we employed Light GBM to filter the extracted inputs
before feeding them into the EBM. We then applied the post-hoc technique to ROCKET-EBM
to provide local explanations, with EBM allowing us to determine the local feature importance
of the extracted features. However, extending these local explanations to the input sensors posed
a challenge due to the convolutional layer. To address this, we employed Layer-wise Relevance
Propagation (LRP), which considers both the weights and input values to backpropagate feature

importance to the original input layers. We designed an LRP-based algorithm specifically to
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explain the feature importance in ROCKET-EBM.

From the experiments, ROCKET-EBM significantly outperformed non-convolution classi-
cal models. By using EBM, the model achieved a lower MAE than other random convolutional

models.

We validated the algorithm on a toy model, which was a binary classification task in
anomaly detection, indicating the effectiveness of our approach. We then implemented the
algorithm on our actual prediction task. By aggregating several local explanations, we identified
and selected the top 30 features. The sparse ROCKET-EBM utilized only these 30 features and
still achieved considerable performance. The sparse ROCKET-EBM outperformed the original
model because it was less prone to overfitting, indicating that the identified 30 features were

pivotal for our predictions.
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Chapter 5

Explainable Prediction with Trained

Convolutional Kernels

In the previous chapter, we demonstrated that models incorporating random convolution out-
performed those that did not, highlighting the effectiveness of convolution for this particular
task. Convolutions are adept at extracting temporal patterns from data to generate valuable
features. Utilizing untrained random convolutions provides robust performance, which is at-
tributed to the large number of random kernels. Although random convolutions do not require
training, applying a large number of convolutions at once to make predictions is time-consuming
despite the use of optimized computation. Additionally, implementing them sequentially, as in

stacked convolution, is challenging given the extensive number of convolutions.

Zeiler and Fergus [95] employed a DeConvNet architecture to visualize the functionality
of each convolutional layer. Their insights revealed that lower layers tend to capture detailed
features and noise, whereas higher layers discern more significant object components. Stacked
convolutions tend to filter out more noise due to this hierarchical processing. Hence, in this
chapter, we developed prediction models for manufacturing anomalies based on trained con-
volutions. Concretely, we implemented stacked convolutions to refine the feature extraction

process.
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The InceptionTime model [11] is a unique adaptation of the Inception model [80] specifically
designed for time series analysis. Unlike conventional neural networks, the InceptionTime model
operates with parallel convolutions with varying receptive fields. This innovative approach
allows it to simultaneously capture patterns at multiple temporal scales, setting it apart from

its counterparts.

In this chapter, we make the following contributions:

e We developed explainable prediction models for manufacturing anomaly prediction based

on the InceptionTime [14] architecture and the LRP rules for deep neural network [7].

e We conducted extensive experiments, comparing our model to Multilayer Perceptrons
[3%], Convolutional Neural Networks [75], and ResNet [39]. We observed that our model

significantly outperformed these baseline models.

e We identified a potential issue with layer-wise relevance score propagation. To address
this, we applied LRP on the InceptionTime model with intermediate relevance score
filtering. By selecting only the top 30 features based on their relevance scores, the sparse
model was able to reproduce the original model’s performance. This explanation proved

useful for our model.

5.1 Background

5.1.1 Convolution

Convolution is a mathematical operation defined as the integral of the product of two functions

after one is reversed and shifted,

(f * o)t / F(P)g(t — 7)dr
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This technique is widely used across various fields, such as image processing, acoustics, and

electrical engineering.

The convolution neural network(CNN), proposed by Yann LeCun et al., comprises three
integral components: convolution, pooling, and non-linear layers. The convolution operation

can be visualized as a sliding window that captures the local relationships within the data.

For example, consider an image with dimensions of height(H) and width(W) containing
C channels, leading to a data shape denoted as (C, H, W). In the case of RGB images, the
channel count is typically 3. If we apply a convolution kernel of size m x n, it is essential to note
that each channel has distinct kernel weights. Besides kernel size, convolution has parameters
like padding, stride, and dilation. Padding involves adding extra ’blank’ data around the
input’s edges, preventing the reduction of feature map dimensions after successive convolutions
and ensuring that edge information receives attention. Stride determines the step size the
convolution filter moves across the input; it defaults to 1 but can be adjusted according to
specific requirements. Dilation refers to the spacing between the kernel elements; it allows
the filter to cover a larger input area and capture more global features without increasing
the number of parameters. The formulas for the output height (Hoys) and width (Woy) of a

convolution layer are given by:

H+2x ddi — dilati > 1) —1

Hoy = padding 1 ation x (m ) o
stride

W = {W + 2 x padding — o'lilation x(n—1)—1 N 1J
stride

Padding, stride, and dilation parameters in convolution neural networks can be specified
in two dimensions. However, using a single value for both dimensions is common practice for
simplicity. After convolution filters are applied to each channel, the resulting features from each

channel are aggregated through a weighted sum, resulting in the output channel (Coyy).

Subsampling in convolution neural networks refers to pooling techniques that reduce the

dimensions of the feature maps. The most commonly used pooling methods are max pooling

47



TRAINED CONVOLUTION

Figure 5.1: The left image demonstrates padding with a value of 1, the center image depicts a
stride of 2 for convolution, and the right image shows a convolution with a dilation rate of 2.

and average pooling.

AlexNet [51], building upon LeNet-5, pioneered in applying convolution neural networks to
outperform other image classification methods. Additionally, it was the first to employ GPUs

to accelerate computation.

5.1.2 ResNet

When addressing complex problems, it is often necessary for neural networks to be profound,
involving a significant number of layers. However, several challenges can emerge as the number
of stacked layers increases. Performance may begin to degrade, and issues such as gradient
vanishing and explosion can occur. To restain these problems, He et al. [39] introduced a tech-
nique known as residual connection, which leverages identity mapping, represented as F'(z)+x.
This approach has been shown through experiments to enable deep neural networks to converge
more rapidly and achieve substantial performance improvements. Despite the effectiveness of
residual connection in mitigating deep learning challenges, their theoretical underpinnings re-
main elusive. One plausible explanation for their success is that they build shallow networks

within the architecture, alleviating gradient vanishing and explosion issues.
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5.1.3 InceptionTime

The InceptionTime model [11] is an adapted version of Inception architecture, initially devel-
oped for image classification. The original Inception model[30], known for its efficacy in image
recognition tasks, leverages the power of convolution layers. However, traditional approaches
often involve stacking multiple convolution layers to enhance performance, which can lead to
issues such as overfitting and gradient vanishing, as well as increased computational demands.
In contrast, the Inception architecture addresses these challenges by performing parallel convo-
lutions of varying kernel size on the input, allowing it to capture complex features at different
scales effectively. Specifically, the Inception model incorporates three types of convolutions
with kernel sizes of 1 x 1,3 x 3, and 5 x 5, alongside a max pooling operation. The outputs of
these operations are then concatenated. A key efficiency feature of the Inception architecture
is using 1 x 1 convolutions, which reduce dimensionality. This approach not only helps control

the computational cost but also aids in mitigating the risk of overfitting.

Inception v4[81] marks a significant evolution in Inception by integrating the concept of
residual blocks. Initially popularized by ResNet, these residual blocks facilitate deeper net-
works by enabling more efficient training and mitigating the vanishing gradient problem. The
InceptionTime model, drawing inspiration from Inception v4, incorporates these advancements
but with a tailored approach for time series classification. The InceptionTime architecture is an
ensemble of 5 Inception blocks. An essential adaptation in InceptionTime is the modification
of kernel sizes in convolution layers. Unlike Inception v4, which is optimized for image data,

InceptionTime adjusts its kernel size to better suit the characteristics of time series data.
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5.2 Methodology

5.2.1 InceptionTime Architecture

The InceptionTime architecture [14] is designed to harness a range of receptive field sizes in its
convolutions and max pooling to extract pertinent information from the data. The structure of
an InceptionTime block is depicted in 5.2. The model comprises multiple such blocks to refine
the information from the dataset. Within an InceptionTime block, the input data is initially
processed through a bottleneck convolution. This type of convolution, specifically a 1 x 1 1D
convolution, reduces dimension by decreasing the number of input channels, thereby making
computation more efficient. Following this, the bottleneck convolution’s output is processed
by three separate convolutions with varying receptive field sizes - small, medium, and large -
to capture diverse scales of information. Simultaneously, max pooling is applied to the input
to abstract information directly, preserving vital data from the original input. A subsequent
bottleneck convolution then reduces the dimension of this pooled output. Finally, the outputs
from the convolution and max pooling pathways are concatenated to form a unified feature

representation.

Convelution
B —

Aec k
Convolution Stack
Input _ »
(sensor# x timestamp)
Max
Pooling

Figure 5.2: InceptionTime Block Structure

_—
Bottleneck
Convalution

The provided figure 5.3 illustrates the concept of stacked convolutions employed within

the InceptionTime model to enhance data filtering for improved performance. In this model,
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InceptionTime blocks are stacked and interconnected with skip connections. In the diagram,
blue blocks denote InceptionTime blocks, the green block represents the activation function
(ReLU in this case), yellow indicates average pooling layers used to reduce dimensionality,
orange signifies a flattened operation to reshape the data, and red depicts a linear layer and a
softmax function which aggregates the information into a specific number of class values. The
normalized data passes through three InceptionTime blocks, with the original data added back
before the InceptionTime block via skip connections, followed by the application of the ReLU

activation function. This procedure is repeated, and the data is subjected to average pooling.

Figure 5.3: InceptionTime Model Structure

5.2.2 Local Explanation via LRP

A post-hoc technique was then employed on the InceptionTime model. The InceptionTime
model is a neural network where Layer-wise Relevance Propagation (LRP) can be effectively
applied to each layer, allowing relevance scores to be backpropagated to the input. LRP is well-
suited for linear and convolution layers. In practice, the neural network outputs a probability
for each class at the output layer. To apply LRP, the highest probability—corresponding to the
predicted class—is retained, while the probabilities for all other classes are set to zero. This
selection criterion focuses the backpropagation on the most relevant output. By following the
rules of LRP, we can compute and assign relevance scores to the inputs, thereby identifying the

most influential factors contributing to the prediction.
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5.3 Experiments

5.3.1 Experiment Setting

Figure 5.4 illustrates the architecture of MLP, FCN, and ResNet, which served as baseline
models in this section. MLP, or Multilayer Perceptron, employs linear layers and ReLLU acti-
vations; the dashed lines indicate dropout layers. FCN stands for Fully Convolution Networks,
which utilizes sequences of convolution layers followed by batch normalization and ReLLU ac-
tivations. ResNet, on the other hand, incorporates numerous convolution layers and employs

skip connections to facilitate deeper network training.
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Figure 5.4: Baseline Models in [92]

The models MLP, FCN, ResNet, and InceptionTime represent a progression of increasing
complexity. MLP is the simplest, while InceptionTime is the most complex. The MLP used in
this experiment is a linear model, which does not involve ReLLU activations. While simple, it has
more parameters than linear regression and serves as a baseline for deep learning models in this

experiment. By tracking the weights, we can interpret this model; however, due to its simplicity,
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it struggles to capture complex data patterns. The FCN model incorporates convolution layers
to improve pattern recognition. ResNet further enhances this by adding additional stacked
convolution layers and skip connections, facilitating deeper network training and potentially
improved performance. InceptionTime, the most complex model, uses parallel convolutions,
utilizing three convolutions of varying receptive field sizes and stacked convolutions to capture

intricate patterns in the data.

We conducted experiments with MLPs using three different hidden layer dimensionalities:
128, 256, and 512. These configurations were also tested on an MLP with dropout layers(MLP*)

set at a rate of 0.5.

For the FCN model, we included three convolution layers, each with 128 dimensions. In
the FCN variant with small kernels (FCN_s), the kernel sizes for the first, second, and third
layers were set to 8, 5, and 3, respectively. Conversely, in the FCN variant with large kernels

(FCN_1), the kernel sizes for the three layers were 15, 11, and 7.

The ResNet model was configured similarly, with kernel sizes of 8, 5, and 3 for ResNet_s, and
15, 11, and 7 for ResNet_l. Meanwhile, the InceptionTime model utilized parallel convolutions

with kernel sizes of 3, 7, and 11.

The batch size for training was set to 512. For this task, we selected cross-entropy loss
as the loss function and employed the Adam optimizer. Since cross-entropy loss inherently

combines the log-softmax function, the softmax layers were removed from the models.

5.3.2 Experimental Results: Predictive Performance

According to the results presented in Table 5.1, introducing the dropout mechanism helps
improve accuracy and robustness. Models with dropout exhibit smaller variance compared
to those without. Although ridge classification and MLP are both linear models, the inherent

complexity of the MLP is attributed to its superior performance compared to ridge classification.
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By integrating convolution layers into our architecture, the FCN generally outperformed
the MLP 5.2. The convolution layers proved effective at capturing critical patterns for accurate
predictions. In comparing FCN configurations, the model employing smaller kernels slightly
outperformed the version with larger kernels. This observation suggests that sudden changes
in sensor readings are closely related to future scratches. Using a smaller kernel size can help

the model focus more on these abrupt changes in the data.

ResNet with smaller kernel sizes performed better than those with larger ones. In deep
models, small kernels are generally more effective at capturing information. Compared to the
FCN, ResNet did not significantly improve accuracy and F1 score. However, ResNet achieved
a much lower MAE. Since neighboring classes had similar characteristics, ResNet performed

better than FCN in this context.

InceptionTime significantly outperformed ResNet and FCN, primarily due to its use of
parallel convolutions, enabling it to identify patterns from different receptive fields. Regarding
accuracy, F1 score, and MAE, InceptionTime demonstrated superior performance compared to

the other models.

Accuracy | Accuracy | F1 score | F1  score | MAE MAE

(mean) (std) (mean) (std) (mean) (std)
MLP_128 0.59 0.03 0.58 0.03 0.63 0.05
MLP_256 0.58 0.04 0.57 0.05 0.64 0.11
MLP_512 0.58 0.03 0.57 0.03 0.61 0.08
MLP*_128 0.60 0.01 0.58 0.02 0.57 0.04
MLP*_256 0.59 0.01 0.58 0.01 0.58 0.03
MLP*_512 0.60 0.02 0.59 0.02 0.57 0.05

Table 5.1: Performance Metrics of Multilayer Perceptron

Accuracy | Accuracy | F1 score | F1  score | MAE MAE

(mean) (std) (mean) (std) (mean) (std)
FCN_s 0.63 0.01 0.61 0.01 0.52 0.03
FCN_1 0.61 0.04 0.58 0.04 0.55 0.05
ResNet_s 0.61 0.03 0.60 0.03 0.60 0.08
ResNet_1 0.60 0.02 0.57 0.02 0.57 0.05
Inception 0.66 0.02 0.64 0.02 0.45 0.05

Table 5.2: Performance Metrics of Convolution Neural Networks
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Compared to the ROCKET-EBM, InceptionTime performed slightly better. The confusion
matrix (see Table 5.3) for InceptionTime shows similarities to that of the ROCKET-EBM,

indicating that certain classes are frequently misclassified as their neighboring classes.

Actual \ Predicted ‘ Class 0 Class 1 Class 2 Class 3 Class 4 Class 5

Class 0 0 40 17 0 0 0
Class 1 0 86 7 0 0 0
Class 2 0 54 476 47 44 0
Class 3 0 0 67 37 0 21
Class 4 0 0 36 35 56 60
Class 5 0 0 39 0 21 159

Table 5.3: Confusion Matrix for InceptionTime

5.3.3 Experimental Results: Explainability

LRP is a powerful tool for explaining neural networks. However, due to their complexity, LRP
can sometimes be noisy and lead to potential issues. LRP struggles to effectively manage
positive and negative contributions within the network, indicating a need to reassess the LRP

formula. To illustrate this issue, we will analyze a simple neural network as an example.

Input Hidden Output

layer layer layer

Input 1 ﬁQ ‘ Qﬁ Output

Input 3 %Q/

Input 4 %Q

The neural network is structured as follows: the first layer consists of four neurons, the
second layer has two neurons, and the third layer contains a single neuron. In the first layer, two
neurons are connected to a single neuron in the second layer, while the remaining two neurons
from the first layer connect to the other neuron in the second layer. Subsequently, both neurons

in the second layer connect to the neuron in the third layer.
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Assuming all weights in the neural network are 1, and there is no bias term, with the
output being 1.001. The neurons in the second layer have values of 1(top) and 0.001(bottom),
respectively. Let’s assume the neuron in the third layer carries a relevance score of 1.001.
Consequently, the relevance scores sent to the second layer are 1 for the top and 0.001 for the
bottom neuron, indicating that the top neuron in the second layer is more significant than
the lower one. In the first layer, the values from top to bottom are 0.5,0.5,2.001, and —2,
respectively. Thus, the relevance scores for the first and second neurons in the first layer are
both 0.5. The third and fourth neurons carry relevance scores of 2.001 and -2, respectively,
suggesting that they convey more information than the first and second neurons. However,
revisiting the second neuron in the second layer, which is nearly non-informative with a relevance
score of 0.001, we encounter a contradiction. This contradiction suggests an inconsistency in
the distribution of relevance scores when both positive and negative values are connected to a

neuron.

InceptionTime contains several layers, increasing the likelihood of this issue occurring in
our explanations. To address this, we applied intermediate relevance score filtering, meaning
that we only backpropagate the top k relevance scores for each layer. This approach can cause

relevance scores with small absolute values to disappear.

For the LRP algorithm, we applied top 80 percent relevance score filtering specifically to
the flattened operation layer 5.3. This means that only 80 percent of the relevance scores are
retained in this layer. In other words, we preserved 80 percent of the relevance score output
from the linear layer. We tuned the relevance score filtering for different layers, but applying

filtering to the convolutional layers may decrease the explanations’ quality.

Figures 5.5 show the feature importance of two test samples. We observed that the expla-

nations for both samples are similar.

We selected the top 30 features with the highest absolute values by aggregating feature im-
portance across the correctly predicted test set. Figure 5.6 shows the heatmap of the aggregated

feature importance, with values outside of these 30 features masked.
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Figure 5.5: Feature Importance Heatmap for Testing Samples in Class 5 for InceptionTime

Figure 5.6: Aggregated Feature Importance Heatmap for InceptionTime
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We retrained the model using only the top 30 features, masking the other inputs by setting
them to zero. The performance of the sparse InceptionTime model was able to replicate the
original model’s performance with just these 30 features 5.4. This indicates that the features

identified by LRP are critical for the InceptionTime model.

Accuracy F1 score MAE
Spare InceptionTime 0.63 0.62 0.47

Table 5.4: Performance Metrics of Sparse InceptionTime

5.4 Conclusion

In this chapter, we tackled the same task as in Chapter 4, but this time employing a neural
network to classify the maximum anomaly count over a forthcoming 72-hour period based on

24-hour historical data from 52 sensors.

Drawing inspiration from the simultaneous use of various convolution sizes in the ran-
dom convolution approach, we applied a time series adaptation of the Inception model named
InceptionTime. This model leverages both parallel and stacked convolutions. The parallel con-
volutions, varying in size, are adept at detecting information across different receptive fields.
Meanwhile, the stacked convolutions delve deeper, filtering out the noise to capture more re-
fined information. We used MLP, FCN, and ResNet as baselines. InceptionTime significantly

outperformed these models and performed slightly better than the ROCKET-EBM.

We applied Layer-wise Relevance Propagation (LRP) to the InceptionTime model to iden-
tify key features in the input data and explain the model’s predictions. Given the complexity
of InceptionTime, we recognized potential issues with LRP. To address these, we implemented
intermediate relevance score filtering. The model, using only the 30 features identified by LRP,

could reproduce the model’s performance.
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Chapter 6

Conclusion

6.1 Summary

In our project, the goal was to design a model that could accurately predict manufacturing
anomalies while also being fully explainable. To achieve this, we leveraged sensor data to
forecast future anomaly counts. Due to the inherent noise in anomaly count data, we chose
to estimate the maximum count over the upcoming 72-hour period, categorizing these counts
into six quantile-based classes. Additionally, we aimed to utilize post-hoc techniques to provide

local feature importance.

Convolutions enable models to capture temporal relationships in time series data effectively.
We employed both random and trained convolutional models: ROCKET-EBM and Inception-
Time. ROCKET-EBM is inspired by the ROCKET model, utilizing a large number of random
convolutions. These random convolutions add robustness to the model, leading to strong perfor-
mance. By integrating the Explainable Boosting Machine (EBM), ROCKET-EBM can provide
local explanations through Layer-wise Relevance Propagation (LRP). InceptionTime, on the
other hand, is a neural network that uses parallel and stacked convolutions to capture com-

plex patterns. Both models demonstrated superior prediction performance, with InceptionTime
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slightly outperforming ROCKET-EBM.

To explain the two models, we applied Layer-wise Relevance Propagation to provide local
explanations. We designed a LRP-based algorithm specifically for ROCKET-EBM. In the case
of InceptionTime, LRP is well-defined for convolutional and linear layers, allowing it to be

directly applied to InceptionTime.

The top features selected in ROCKET-EBM using the LRP-based algorithm were validated
as crucial to the model’s performance. By utilizing these identified features, ROCKET-EBM
can enhance its testing performance. Given the complexity of InceptionTime and the potential
issues and noise associated with LRP, we applied LRP with relevance score filtering to eliminate
small intermediate relevance scores. The 30 features selected through this process were sufficient

to reproduce the model’s performance.

When comparing the performance of ROCKET-EBM and InceptionTime with all features
included, both models achieved similarly strong results, with InceptionTime slightly outper-
forming ROCKET-EBM. InceptionTime was able to identify more accurate patterns within
the data. However, the explanations provided by ROCKET-EBM were much more inter-
pretable than those from InceptionTime. This is supported by the fact that a sparse version
of ROCKET-EBM was able to achieve better performance than the original version, whereas
InceptionTime did not outperform its original variant. This is mainly because, when applying
LRP to the model, noise and errors are more likely to occur, particularly in models with more
layers. InceptionTime, with its deeper architecture, is more prone to these issues compared
to ROCKET-EBM, which has fewer layers. As a result, LRP can provide a clearer and more
reliable explanation for ROCKET-EBM.

In practice, the factory can identify potential sensor issues by analyzing the features as-
sociated with low and high anomalies, as explained by the LRP. By examining the threshold
of sensor readings that differentiate low and high anomalies, it becomes possible to define the

sensor’s safe operating range [32][10].
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6.2

Future work

e Quantile: The categories in this task are classified based on quantiles. However, this

classification technique may lead to incorrect boundaries, causing predictions to fall into
neighboring classes. Therefore, the quantiles should be designed based on the distribution
of the data. Additionally, we will impose heavier penalties on predictions that deviate

significantly from the actual class.

Interaction: In Chapter 4, we focused solely on EBM without considering interactions.

However, we will explore how to apply LRP in cases where interactions are present.

Model: Post-hoc explanation techniques suffer from certain limitations [4][12]. Although
LRP can explain the models’ predictions, it becomes inaccurate when relevance scores
include both positive and negative values. While EBM is inherently interpretable, it does
not deliver satisfactory performance in our task. Additionally, introducing convolution to
EBM, as seen in ROCKET-EBM, compromises its inherent interpretability. To address
these challenges, we will explore the use of more powerful inherently interpretable models,
such as Neural Additive Models [1], to assess their effectiveness for this task. NAM is a
generalized additive model similar to the EBM but leverages neural networks to construct
additive functions. The complexity of neural networks potentially offers more powerful

capabilities.
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