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Abstract

While many industrial processes have been thoroughly exposed to machine learning
models, the realm of powder metallurgy is still underexplored. This thesis aims to
investigate the potential for a machine learning model to predict the characteristics
of metal powders after a reduction annealing process using time series process
data from the furnace. A supervised learning model was developed to predict
six target variables: three particle size distributions, two chemical composition
properties, and a density. The pipeline involved filtering and preprocessing data,
model training, and performance evaluation.

Multiple families of machine learning methods were explored and implemented,
including linear methods, tree-based ensemble methods, and sequence models.
Hyperparameter values were systematically tuned from a range of values to find
the best configuration; each model’s performance was then assessed using cross-
validated error metrics. Using SHAP analysis, it was possible to identify the most
prevalent and important features for predicting each output for each model.

Results show that performance varies for each target variable, and while no
model was completely dominant, the most successful predictions were made by
LSTM, XGboost, and the Elastic Net, with all models presenting some overlapping
features with the highest SHAP scores. The findings show that all three types of
models tested were applicable and offer promising potential for the further rollout
of machine learning in this field.
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Chapter 1

Introduction and Purpose

During an industrial process, most modern facilities will closely monitor a prod-
uct’s progress throughout its production. At Höganäs AB, the world’s largest
producer of metal powders, a customer orders a specific and often unique compo-
sition of metal powder tailored to their use. A vital step in the powder creation
is the reduction annealing process, which softens the powder through controlled
heating. To fulfill the demands of multiple products, Höganäs uses a furnace with
changeable settings, allowing for different metal powders to be created within the
same chain of industrial steps, streamlining the process. Close measuring and con-
trol gives a clear insight into the values of features such as furnace temperature,
cool water temperature, and fan speed. In order to assure customers a high-quality
and consistent product, an analysis is done regularly after the process to make sure
properties such as particle size, density, and chemical concentrations are within
the correct span. A batch of metal typically takes around 24 hours to complete its
annealing process and for its samples to be analysed. Any faults in the product
are detected, and alterations to the furnace features are made.

The next step in optimising this production line is to remove the 24-hour delay
needed to measure the product’s quality. An efficient assisting tool to complement
this system would be the ability to predict and forecast the product’s quality
during the process. With this, tweaks to parameters can be made in real time,
which saves time and money. Large amounts of data are available from labelled
powder batches sent through the furnace, along with corresponding analysis data
measuring the final product’s properties. This makes the reduction annealing
process an ideal trial for implementing and investigating the potential of machine
learning for Höganäs. Looking at the data from the furnace from a metal powder,
the goal with this project is to train a machine learning model, by feeding it the
input from the furnace with its matching analysis output. Learning from large
amounts of data, the model can find hidden correlations and be able to make
predictions of the analysis properties for a batch of metal, given its furnace data
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during the process.
Our purpose is to investigate different types of machine learning techniques

and evaluate their performances. Based on the data available, we will strive to
create a robust model that can make accurate predictions and path the way for
machine learning to be expanded and implemented into other industrial processes
at Höganäs.
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Chapter 2

Background

This chapter aims to introduce and provide sufficient knowledge to fully under-
stand the production process on which this thesis is based on. The chapter starts
by introducing the concept of powder metallurgy and some relevant processes lead-
ing up to the production of the metal powders examined in this thesis. Lastly,
the actual annealing process and its purpose and effect in the production line is
explained.

2.1 What is Powder Metallurgy?
Powder Metallurgy (PM) is the branch of metallurgy that deals with the manufac-
ture of metal powders, and objects/materials that are produced by metal powders
[1]. The PM process has many advantages compared to other conventional metal
forming technologies such as forging, metal casting or machining. The powder tech-
nology provides unique opportunities to manufacture materials tailored to specific
material properties and microstructures as well as complex geometric dimensions.
In contrast to casting or wrought processing, PM decouples melting from shap-
ing: powders are first manufactured (e.g., by atomization), then consolidated by
routes such as press–sinter, metal injection moulding (MIM), hot isostatic press-
ing (HIP), or additive manufacturing (AM). Among these, pressing and sintering
dominates high-volume ferrous structural parts due to excellent material utiliza-
tion, dimensional control, and the ability to engineer porosity and composition at
low cost. Early sintering of metallic powders dates back more than a century, but
industrial PM matured in the early–mid 20th century with reliable iron powder
production and continuous sintering furnaces. Sweden, and Höganäs AB in par-
ticular, played a central role, scaling sponge-iron and later water-atomized iron
powders for the rapidly growing press–sinter market. Continuous improvements in
powder production, lubricants, tooling, and furnace atmospheres enabled today’s
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high-volume, tight-tolerance ferrous PM industry. The applications for sintered
products is wide and includes products such as gears, pulleys and structural com-
ponents for the automotive and aviation industry. In this thesis we will be looking
closer at the production process of two commonly used low-alloy iron-based pow-
ders used for pressing/sintering, Astaloy CrM and Astaloy CrA. More specifically,
we will be focusing on the Reduction Annealing Process (see 2.1.1) during Astaloy
production.

Figure 2.1: Step-by-step process for the production of Astaloy powders

Low-Alloy Powders

Astaloy CrM is a chromium (Cr) and molybdenum (Mo) steel powder (approx.
3 % Cr, 0.5 % Mo) designed for high hardenability and strength after conventional
sintering, with additional gains under sinter-hardening or high-temperature sinter-
ing. In production it offers good dimensional stability and a robust path to high
performance in press–sintered structural parts [2].

Astaloy CrA is a cost-effective Cr-only steel powder (approx. 1.8 % Cr) intended
for medium-to-high strength applications; alloyed only with carbon it provides a
fine pearlitic or sinter-hardened microstructure, attractive wear resistance (e.g.
after nitriding), and stable, easy processing on standard press–sinter lines [3] [4].

Atomization

The atomization step is where the raw material (often scrapped car parts) are
melted and disintegrated into small droplets, which consolidate into a powder of
particles with a wide range of size distribution and high specific surface area after

8



rapid quenching. For low-alloy steel powders used in press–sinter, Water Atom-
ization is the primary route, which uses high pressure water jets to disintegrate
the stream of molten steel. Rapid quenching and contact with water promote thin
surface oxide films (Fe–O and alloy-oxide mixtures), which are later addressed by
thermal treatment [1]. Post-atomization steps include drying, magnetic separa-
tion, screening/classification, and tempering or annealing to adjust hardness and
ductility.

Figure 2.2: Schematics of Production Process from scrap to Powder
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2.1.1 The Reduction Annealing Process
Reduction annealing is the upstream heat-treatment that “resets” water-atomized
iron and low-alloy steel powders before pressing and sintering. Its primary func-
tions are to (i) remove or transform surface oxides formed during atomization
and drying, (ii) stabilize surface chemistry (oxygen and carbon), and (iii) restore
ductility in work-hardened particles to improve compressibility for reproducible
sintering. In practice, the powder is conveyed through a continuous furnace with
preheat, reduction/soak, and controlled-cooling zones (see fig. 2.1) under a reduc-
ing atmosphere, often hydrogen gas, H2.

The chemistry is governed by well-known equilibria between metal/oxides and
the furnace gas. For iron oxides, the key reaction is

FeO + H2 ⇌ Fe + H2O,

so the ratio pH2O/pH2 (measurable as dew point) sets the oxygen potential, at
which oxide reduction proceeds. Below the equilibrium ratio the process pulls oxy-
gen of the powder surface and the oxide reduces, above it the metal re-oxidizes.
Ellingham-type relations and Fe–gas equilibrium diagrams are routinely used to se-
lect temperature–dew-point windows; a practical implication is that water vapour
that is harmless at the hot zone can be oxidizing in preheat and cooling sections,
making low dew points (low water content in the atmosphere) essential through-
out the profile. Alloy oxides are more refractory than FeO, so chromium- and
manganese-bearing films common on Astaloy-type powders require either drier
atmospheres, higher soak temperatures, or longer residence times to achieve com-
parable reduction. For example, chromium can remain oxidized up to high tem-
peratures unless the pH2O/pH2 ratio is very low, which explains why insufficiently
reducing conditions lead to poor compressibility and sluggish sintering despite ade-
quate thermal input [5]. Industrial lines therefore couple temperature control with
continuous atmosphere monitoring. Dew point (oxygen potential) and carbon po-
tential are tracked and adjusted via gas composition and flow with the objective
being to maintain reducing conditions in the hot zone, avoid re-oxidation during
cooling, and prevent side reactions at lower temperatures.
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Figure 2.3: Furnace Process

2.2 Related Work
A lot of work has previously been done in the realm of machine learning (ML) for
industrial processes [6, 7, 8], some even on the sintering furnace [9]. The purpose
of the implementation of machine learning can be grouped into four main practical
roles; (i) soft sensing —estimating difficult or delayed laboratory variables from
readily available signals; (ii) forecasting and control support —predicting near-term
process trajectories to improve set-point plans; (iii) fault detection and diagnosis
(FDD) —identifying incipient anomalies to prevent scrap or downtime; and (iv)
recipe/window optimization —navigating multivariate trade-offs among quality,
energy, and throughput. Reviews from the process-systems community and In-
dustry 4.0 literature underline that adoption succeeds when models are aligned
with plant data realities (heterogeneous sensors, small data per unit, covariate
shift), and when outputs are operationally interpretable for engineers. Tree en-
sembles and kernel methods remain strong baselines on tabular plant data; gated
RNNs (GRU/LSTM), 1D CNNs, and Transformers become advantageous when
temporal structure and long-range dependencies dominate [10].

Soft Sensors and Quality Predictions

AI-driven soft sensors compress multi-sensor streams into estimates of unmeasured
(or slowly measured) variables—exactly the setting in which laboratory oxygen,
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carbon, or green density are predicted from furnace and section-level tags. A re-
cent survey highlights robust pipelines (data cleaning, drift handling, uncertainty,
and model maintenance) and documents that ensembles and deep temporal mod-
els consistently outperform static regressors when dynamics matter. These works
emphasize dew-point/oxygen-potential surrogates and hybrid features that com-
bine physics with data [11]. In powder metallurgy specifically, gradient boosting,
AdaBoost, and random forests are used to estimate mass and length of sintered
workpieces from press and environment signals, reporting sub-percent RMSE on a
production dataset. Thus indicating that carefully engineered features plus non-
linear ensembles can deliver plant-grade accuracy on modest data volumes [12].

Time-series Forecasting for Thermal Processes

Thermal lines (reheating and sintering furnaces, continuous annealing) exhibit
delays, recirculation, and slowly evolving boundary conditions and are thus suit-
able for sequence models. GRU-based predictors have been shown to forecast
internal temperature from fuel/air/temperature time series and to integrate with
feed-forward control to reduce overshoot and oscillations, illustrating the value
of gated recurrent units when long-range dependencies are present but data are
limited. These application studies motivate our selection of GRU/LSTM as can-
didates for quality prediction from section-wise PV streams [13] [14].

FDD and Operational Reliability

Fault detection and diagnosis (FDD) in chemical and steel processes provide a
taxonomy spanning quantitative model-based, qualitative knowledge-based, and
data-driven approaches. Recommendations use residual analysis with statistical
decision rules, combine multiple models, and favor interpretable indicators map
directly onto PM lines where early detection of atmosphere excursions (dew-point
spikes, oxygen leaks) or cooling-zone upsets is critical to avoid irrecoverable quality
loss. These reviews also stress lifecycle management (retraining under drift, alarm
rationalization), which we adopt in our evaluation protocol [15, 16, 17].

Optimization and Physics-Guided Modeling

Beyond prediction, ML is used to optimize grade/quality or energy under con-
straints. In extractive and pyrometallurgical contexts, stacked ensemble learners
(RF/GB/SVR with linear meta-models) have been applied to predict and optimize
oxide grades (e.g., TiO2 in high-Ti slag), illustrating sample-efficient surrogate op-
timization on real plant data. For metallic materials design and forming, hybrid
strategies that embed physical metallurgical principles (phase/strength models,
diffusion surrogates) into data-driven learners improve generalization and engineer
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trust. This approach may be attractive for reduction annealing where thermody-
namic constraints (oxygen potential, carburization) are well understood [18] [19].
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Chapter 3

Theory and Definitions

In this chapter the underlying ML theory is presented together with some back-
ground theory regarding the models used during the thesis.

3.1 Machine Learning Fundamentals
Machine learning (ML) addresses problems where we cannot (or do not want to)
hard-code the mapping from inputs to outputs. Given an input space X (features)
and an output space Y (targets), the goal is to learn a function fθ : X → Y that
makes accurate predictions while generalizing well to unseen data. Formally, for a
loss L and joint distribution P (X, Y ),

θ⋆ = arg min
θ

E(X,Y )∼P

[
L
(
Y, fθ(X)

)]
,

which we approximate using a finite sample {(xi, yi)}n
i=1 drawn from historical

data [20, 21].

Traditional programming vs. ML.

In traditional programming, a human writes explicit rules that map inputs to out-
puts. In ML, we specify a model class (linear models, trees/ensembles, neural
networks), a loss, and an optimizer ; the rules are inferred from data. This is espe-
cially valuable in industrial contexts (e.g., thermal processes) where relationships
are nonlinear, time-varying, and partially observed.

Core components.

Data are pairs (xi, yi); features are the measured or engineered descriptors in xi

(e.g., lags, rolling statistics, rates of change, exposure integrals); the target yi is the
quality or state we want to predict; the model fθ produces a prediction ŷi = fθ(xi).

14



• Features: xi - input parameters

• Target: y - the value we want to predict

• Prediction: ŷ - value predicted by model

• Hyperparameter: λ - parameter that impacts the model with a value we can
tune

• Amount of samples: n

• Amount of features/predictors: p

Model parameters vs. hyperparameters.

Parameters θ are learned from data (weights in a neural network, split thresholds
and leaf values in a tree, coefficients in a linear model). Hyperparameters λ control
model capacity and training behaviour (e.g., regularization strengths, tree depth,
learning rate, convolutional window sizes). Parameters are fit by minimizing the
training loss; hyperparameters are chosen by validation (see Section 3.1.1).

Overfitting, underfitting, and bias–variance.

Let f ∗(x) = E[Y | X = x] be the optimal regression function. For squared loss
and a fixed x, the expected prediction error decomposes as

E
[
(Y − f̂(x))2 | X = x

]
=
(
f ∗(x) − E[f̂(x)]

)2

︸ ︷︷ ︸
bias2

+Var[f̂(x)]︸ ︷︷ ︸
variance

+Var[Y |X = x]︸ ︷︷ ︸
irreducible noise

,

where f̂ is the learned predictor viewed as a random object due to sampling vari-
ability. (Derivation: add and subtract E[f̂(x)], expand the square, use law of total
expectation.) Underfitting corresponds to high bias (model too rigid); overfitting
to high variance (model too flexible). The aim is to balance both, given the noise
level in the labels [21, 20, 22].

Figure 3.1: Underfitting and overfitting visualized
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3.1.1 Model Training and Evaluation
Training consists of (i) defining an empirical risk on the training sample, (ii)
minimizing it to estimate θ, and (iii) using properly separated validation/testing
periods to choose hyperparameters and estimate generalization. In time-dependent
settings, all splits must be sorted according to their time stamps to avoid leakage.

Loss functions and Performance Metrics

For regression targets (e.g., quality variables after annealing), the evaluation met-
rics used are:

Mean Absolute Error (MAE) = 1
n

∑
i

|yi − ŷi|,

Mean Squared Error (MSE) = 1
n

∑
i

(yi − ŷi)2,

Root Mean Squared Error (RMSE) =
√

MSE,

Normalized Mean Absolute Error (nMAE) =
1
n

∑n
i=1 |yi − ŷi|

max(y) − min(y) ,

Normalized Root Mean Sqaured Error (nRMSE) =

√
1
n

∑n
i=1 (yi − ŷi)2

max(y) − min(y) ,

R2 = 1 −
∑

i(yi − ŷi)2∑
i(yi − ȳ)2 , where ȳ is the mean of values: ȳ = 1

n

∑
i

yi,

Mean Absolute Percentage Error (MAPE) = 100
n

∑
i

∣∣∣∣∣yi − ŷi

yi

∣∣∣∣∣ (yi ̸= 0),

Symmetric Mean Absolute Percentage Error (SMAPE) = 100
n

∑
i

|yi − ŷi|
(|yi| + |ŷi|) /2 .

MAE is in physical units and robust to outliers; RMSE emphasizes large devia-
tions. For outputs with different magnitudes, the MAE and RMSE scores will be
dominated by outputs with larger values. The correct way to compare outputs
is to normalize these scores based on the output’s range of values, which are the
nMAE and nRMSE scores. The R2 metric is a relative goodness-of-fit and can its
score range from [−∞, 1]. Where a score of 1 is a perfect match, while a nega-
tive score means the model’s prediction is worse than the mean, anything over 0
indicates the model finds trends in the data. The R2 scores are intuitive but are
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unstable for an output with low variance, as this results in a small denominator
[21]. MAPE is undefined when yi = 0 and unstable near zero; SMAPE mitigates
this issue, but is still sensitive to tiny denominators i.e., outputs with very small
values [23].

SHAP

When training a model with many input features, determining which of all features
are the most important to the models prediction is essential. Understanding which
features are influential allows one to simplify the model by removing irrelevant
features and strengethen the ones that matter most. In this report, we use SHAP
scores to determine which features are dominant and improve interpretability of
our results.

SHAP or SHapley Additive exPlanation is an application of Shapley scores
from game theory to machine learning models [24]. Each feature receives a score
based on how much it contributes to the models prediction. This score is calculated
by comparing the models output when the feature is included and excluded.

The full formula for a Shapley value is,

ϕi(f, x) =
∑

S⊆N\{i}

|S|! (|N | − |S| − 1)!
|N |!

[
fS∪{i}(xS∪{i}) − fS(xS)

]
. (3.1)

The terminology is as follows: the full set of features is N , where S ⊆ N \ {i} is
any subset of features not containing feature i. The models prediction at input x,
using the features found in the subset S is fS(xS). The Shapley value for feature
i at input x is ϕi(f, x) and determines the features average contribution for all
possible subsets. The weighting |S|! (|N |−|S|−1)!

|N |! assures that the algorithm assigns a
fair contribution proportional to the amount of subsets [25]. Sorting all features by
their SHAP score gives us a straightforward result of the most important features.

3.1.2 Types of Machine Learning
Machine learning models can be divided into four separate types, with each having
its own area where they excel.

Supervised Learning

Supervised learning is the act of training a model for a problem in which we already
know the correct answer. Supervised learning can be divided into classification and
regression problems [21]. A classification problem involves labeling an input into
a class, predefined by the user. Typical examples are to identify what class an
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image or text belongs to, such as what animal the image depicts or decide whether
an email is spam or not.

Regression involves predicting a continuous stream of numerical values based
on input data and its connection to the corresponding output. The input data
contains multiple variables, known as features or predictors and the output data
are the target variables, which the model is learning to predict. A regression
model aims to correctly predict the output using only the input. Examples of
regression problems may be the selling price of apartments based on features such
as square meters, location, date of sale, etc, or the physical properties of a metal
after undergoing an industrial process with features such as temperature, pressure,
and weight, as done in this thesis.

A typical method for training a supervised learning model is to split the data
into training data and test data. The training data is fed into the model with
both inputs and outputs, which allows the model to learn and improve. The
testing data is withheld from the model, and is used to validate how it performs.
Input data from the testing set is given to the model, and the predicted output is
compared to the testing data output [26]. The goal of the model is to minimize a
loss function, which evaluates how accurate the model is, a typical loss function
is mean-squared error although many others are viable, as mentioned in 3.1.1.
The internal parameters of the model are optimized to minimize the loss function
using optimization algorithms and performance metrics that are discussed in later
sections.

Unsupervised Learning

The alternative case where we do not have a defined correct output is known as un-
supervised learning. For these problems, the data is unlabeled, meaning there are
no predetermined connections or corresponding output values. The model instead
searches for hidden patterns and structures in the data without human guidance.
Grouping together similar data points is known as clustering, with one of the most
commonly used algorithms being K-means clustering. This algorithm groups the
data into K distinct spherical groups based on their Euclidean distances from one
another. This can be applied to any dataset and, when visualized, provides a clear
view of how the data is structured [21].

For a dataset containing many features it is often beneficial to perform a di-
mensionality reduction to reduce the complexity. Principal component analysis
(PCA) is a technique that linearly transforms the data to a new coordinate sys-
tem in order to find the directions for which the data has the greatest variance;
these directions are known as the principal components [27], PCA and how it is
applied in this thesis is more thoroughly discussed in Section 6.5.

Unsupervised learning models are often applied in cases where we wish to
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extract the key features to a problem, visualize the data or detect outliers and
anomalies. A typical case could be customer segmentation, where the goal is to
determine behavioural patterns without predefined labels based on store data.

Reinforcement Learning

Reinforcement learning is the approach of training a model through rewards and
feedback. An agent makes decisions and learns by trial and error, with every
action being penalised or rewarded immediately or with a delay, based on the
environment’s setup. For every state the agent encounters, the available options
are different. The agent aims to find an optimal policy, which is the strategy for
taking the best action in each state. Through repeated attempts, the agent learns
a policy that maximizes its rewards over time. For every state and action pair, a
value function estimates the expected future return.

The optimal policy is unique to each task, and requires balancing both explo-
ration and exploitation. Exploration involves trying new strategies and choices,
that may be more risky but could yield higher rewards. Exploitation involves uti-
lizing already proven strategies from previous runs. Thus, the rewards given to
the agent, the reward function, is crucial in designing an efficient reinforcement
learning model [28].

For an agent learning to play the game Snake, where the player controls a
snake that aims to pick up as many apples in a grid as possible, without steering
into a wall. It is straightforward to assign picking up apples as a positive reward,
while dying is punished with negative feedback. The balance of how these two
rewards counter each other is more complex; if the dying penalty is extremely
high the agent will focus on staying alive and may never achieve the objective of
completing the game. If picking up apples is given a significantly higher reward
than dying, the agent may be reckless, picking up many apples but dying quickly.

Reinforcement learning mimics how humans learn new tasks through constant
feedback from our environment and is commonly used in fields with repetitive
tasks such as games, robotics, and autonomous control.

Generative AI

The last subtype of the four different machine learning models is generative AI,
which learns from data and is capable of generating new, original content. By
processing vast amounts of data, the models uncover underlying complex patterns
and identify the most relevant features. The learning process is a type of unsu-
pervised learning where the models try to predict the next output based on what
came before it. The deep learning architecture that powers generative AI models
relies on neural networks with many layers, which enables them to generate an
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output based on a given input or prompt [29].
The key to a high-quality generative AI lies in the quality of its training data.

If the training data contains flaws or biases, the model may generate skewed and
misleading results, with high confidence; this mismatch is known as hallucination.
Generative AI models can be used to create chatbots which are known as Large
Language Models (LMM) such as ChatGPT, but the applications also extend to
image generation, music creation and writing computer code. Due to the extensive
amounts of data needed, generative AI is among the most resource-intensive types
of machine learning [30].

3.1.3 Gradient Descent
A task that often shows up in machine learning optimization is to find a method to
minimize a function - typically the cost or loss function. The most commonly used
solution is the gradient descent algorithm. For a differentiable function the gradi-
ent ∇f is the vector containing all partial derivatives and points in the direction
of steepest ascent [31].

Gradient for a function of three variables: ∇f(x, y, z) =
(

∂f

∂x
,
∂f

∂y
,
∂f

∂z

)
.

As the gradient points in the direction of steepest ascent, the negative gradient will
show us the direction of steepest descent, which will lead to a trajectory of finding
the minimum. For a multi-variable function f that is defined and differentiable in
the vicinity of a starting point x0, taking a step in the opposite direction of the
gradient gives us the next point x1. How far one wants to step in this direction
before computing the gradient again is determined by the learning rate η [32],
defined as,

xn+1 = xn − η ∇f(xn). (3.2)
For an ideal function that is differentiable, convex and smooth, a sufficiently small
step size will result in f(x0) ≥ f(x1) ≥ f(x2)... and the algorithm will generate
a sequence of minimizing points that will bring us closer to the minimizer for
each iteration. The algorithm stops when the termination condition is met, such
as when the computed function values between iterations is very small, or the
algorithm may be capped by a maximum number of iterations to save processing
power. Selecting a learning rate η that ensures a stable and fast convergence is a
challenge that varies for each function.

A common issue for the gradient descent involves the existence of a local mini-
mum or a saddle point, where the gradient is near zero, which forces the algorithm
to take many small steps. In such regions, the algorithm may be very slow or
converge to a suboptimal point. A variant known as stochastic gradient descent
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(SGD) [32], uses smaller batches of data near the point for each calculation of the
gradient and is thus, more efficient for larger datasets. SGD with momentum [33],
is a tweaked SGD algorithm that memorizes gradients from previous points and
takes these into account when computing the next point. This "momentum" from
the previous points can help the algorithm to escape from local minima and saddle
points. SGD’s efficiency for data-heavy tasks makes it a regularly used version of
gradient descent for machine learning problems.

3.1.4 Neural Networks
Another core algorithm within machine learning is a neural network, which is
modeled to mimic the human brain. The network consists of layers of linked
nodes, which represent neurons. Data is passed from the first layer, known as the
input layer, through to the last layer, the output layer. Between the input and
output layer there may exist one or more hidden layers that add to the complexity
of the network. A network with at least two hidden layers is known as a deep
neural network [34].

Figure 3.2: A neural network consisting of connected nodes and layers

The links between the nodes, also called edges, have an assigned weight, which de-
termines the importance of the input passing through. Initially, these are typically
set to small random numbers to avoid symmetry and are updated during training.
In addition to the link weights, each node in the hidden and output layers can have
a bias. The inputs from the connecting nodes and the weights of the connecting
links are taken into account, and a resulting weighted sum is calculated. An acti-
vation function processes the weighted sum before sending it forward to the next
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node. The activation function controls how much of the neurons’ signal should be
sent to the next layer. The selection of an activation function varies; but the key
idea is that a nonlinear activation function enables the neural network to process
nonlinear data, enabling the network to learn far more abstract features and pat-
terns. For a node, with bias b, n connecting links with weights wi and inputs xi,
the corresponding output of the node is processed by the activation function f ,

f(b +
n∑

i=1
xiwi). (3.3)

Without an activation function, each layer simply becomes a linear transformation,
and as the sum of two linear combinations are also a linear combination, the entire
network collapses down to a single linear equation [35]. Examples of activation
functions commonly used are the sigmoid function: f(x) = 1

1+e−x , which computes
a number from 0 to 1, or the ReLU function: f(x) = max(0, x), which only passes
forward a value if it is positive. The method of updating the weights for every link
is through the use of the backpropagation algorithm.

Backpropagation

The backpropagation algorithm is the standard method used to train and op-
timize neural network’s internal parameters, and involves minimizing the error
of the network’s prediction. A forward pass, which is the network output from
any given signal is sent forward through the layers and the resulting output, is
compared to the ground truth value with a loss function. This is followed up
with a backwards pass, which sends the loss function back through the layers
in the network.
For each node, the derivative of the loss function is calculated, the weight
and bias for this specific neuron impact the value. Using the gradient-descent
algorithm, the weights and biases are updated through each iteration in order
to minimize the error [36]. The formula for updating the current weight Wi

to a new weight W ∗
i , with an error E, defined by a loss function such as the

squared error (y − ŷ)2, is shown below,

W ∗
i = Wi − η

∂E

∂Wi

. (3.4)

The learning rate η, is the hyperparameter that decides how aggressive the changes
to the weights and bias are and needs to be tuned to an optimal value. Through
the use of repeating backpropagations, the neural network performance keeps im-
proving.
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3.2 Linear Models
This section introduces the family of linear machine learning models, starting with
the linear regression. We start from ordinary least squares as our loss function,
and then add regularization in the form of LASSO regression (ℓ1 regularization)
and Ridge regression (ℓ2 regularization), and finally the Elastic Net (ℓ1+ℓ2), which
is a combination of both. The following subsections define each model, objective,
and training setup used in our experiments.

3.2.1 Linear Regression
Given a supervised learning problem where we have an input and its corresponding
output, the most basic model is the standard linear regression. For a simple
problem consisting of only one variable x and a single output ŷ, the linear regression
is represented by the equation y = mx+c. This is essentially the task of identifying
the best-matching straight line fitted to the data. For multivariable inputs, X =
(x1, x2..., xp) the corresponding output is dependent on many inputs,

y = β0 + β1x1 + β2x2 + ... + βpxp + ϵ (3.5)

or in matrix form y = Xβ + ϵ, and we have a multiple linear regression. The
residual ϵ is assumed to have zero mean. For higher-dimensional problems y may be
a vector of outputs, and linear regression becomes fitting a hyperplane to the points
instead of a line. The hyperplane is chosen by minimizing the error between the
points and the plane, and the by far most popular method is least squares, where
we pick coefficients βp to minimize the residual sum of squares (RSS) between the
models prediction ŷ and the actual values y [21],

RSS(β) =
n∑

i=1
(yi − ŷi)2 =

n∑
i=1

(yi − xT
i β)2. (3.6)

The objective is a convex quadratic function, which guarantees the existence of a
minimum. Switching to matrix notations we can express the solution, by differen-
tiating with respect to β.

RSS(β) =
n∑

i=1
(yi − xT

i β)2 = (y − Xβ)T (y − Xβ), ⇐⇒

∂

∂β
RSS(β) = XT(y − Xβ) = 0 ⇐⇒ β̂ = (XTX)−1XTy.

For the case of XTX being invertible, this is the unique solution that produces the
optimal coefficient selections β̂. A prediction the linear model makes for input i
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is, ŷi = ŷ(xi) = xT
i β̂. While linear regression is a foundation of machine learning

and is simple to apply to a dataset, it has many limitations. The model assumes a
linear and independent relation between the input features x and the output target
y, which is rarely the case. A commonly encountered issue is multicollinearity,
which occurs when two variables are closely correlated, making it hard for the
model to determine the individual effects. The probability of correlation, even by
chance, between features increases with the amount of features, which is a result
of models behaving worse as the dimensions increase, this is known as the curse of
dimensionality [37]. Solutions to this are techniques such as ℓ1 and ℓ2 regression,
which limit their impact, or principal component analysis (PCA) which reduces
the dimension. Linear regression is a starting point in machine learning and is
improved upon by many other models.

3.2.2 LASSO regression / ℓ1 - Regularization
When a machine-learning task involves a large number of features it is logical to
assume in some cases, that many of these features may have minimal impact on
the model. ℓ1-Regularization solves this by performing feature selection and en-
couraging a sparse model, forcing the model to identify only the most relevant data
predictors. As the name suggests, ℓ1 refers to the absolute value of the coefficients.
ℓ1-Regularization adds a penalty term to the cost function for every coefficient pro-
portionate to its absolute value, which is the ℓ1 norm. When features are highly
correlated, the columns in the matrix X are almost linearly dependent. This re-
sults in the matrix XTX becoming near singular, which causes large variances in
coefficient estimations and large magnitudes in the ordinary least squares regres-
sion. This issue is mitigated by the LASSO, which solves a constraint optimisation
problem instead of inverting XTX.

For a set of highly correlated features, ℓ1-regularization selects one of these
features arbitrarily to keep and shrinks all others towards zero. When a coefficient
of a feature reaches zero, it is removed from the model. Another name for this
method is Least Absolute Shrinkage and Selection Operator, or LASSO for short,
which refers to the method that selects certain features and removes others [21].
ℓ1-Regularization is based on the linear regression model, where one assumes a
linear relationship between the feature variables xp and the target y, with a certain
coefficient βp and an error term ϵ. With a regularization hyperparameter λ, we
can define the ℓ1 penalty term as

ℓ1 = λ(|β1| + |β2| + ... + |βp|). (3.7)

The resulting objective function that we seek to minimize for an ℓ1-Regularization
is the sum of the ℓ1-term and the residual sum squares(RSS) [38],
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min
β


n∑

i=1
(yi − ŷi)2 + λ

p∑
j=1

|βj|

 . (3.8)

Due to the absolute value terms, the objective function is not differentiable at zero,
and while there are methods for solving this, such as Karush-Kuhn-Tucker (KKT)
theory, a closed-form solution does not exist. Another drawback is that when
there exists many features than there are samples, i.e. p > n, the ℓ1-regularization
tends to behave poorly, selecting to few or to many features. The strength of this
method, is the creation of a sparse formulation, which may significantly decrease
the computational demand. The ℓ1-regularization model is still linear, but the
ℓ1 penalty forces non-contributing terms to zero, simplifying and in many cases
improving the model. Finding an optimal balance between high regularization,
which removes more features, and not simplifying the model too much is crucial;
hence, the tuning of λ is vital for a satisfactory result. A higher value of λ imposes
a stronger penalty, and more coefficients will be shrunk to zero, while a smaller
value results in the ℓ1 term behaving more like ordinary least squares and the
model approaches a standard linear regression.

3.2.3 Ridge regression / ℓ2-Regularization
A task containing many features makes the model more complicated and demands
higher computing power, however, in the cases where all these features are relevant,
instead of removing them we can instead choose to decrease their impact. This
is known as a ℓ2-regularization. Due to its origins in ridge analysis, a statistical
method for handling multicollinearity, ℓ2 regularization is also known as ridge
regression. Similarly to ℓ1, we are still looking at a linear regression with features
xp and targets y. The penalty term ℓ2 consists of the residual sum of squares and
the squares of the coefficients [21],

ℓ2 = λ(β2
1 + β2

2 + ... + β2
p). (3.9)

This will heavily penalize the higher terms, but has little effect on smaller terms;
this means no coefficients are shrunk to zero. The hyperparameter λ regulates
the model and controls the severity of the penalty terms and regularization. The
objective function for an ℓ2-regularization is,

min
β


n∑

i=1
(yi − ŷi)2 + λ

p∑
j=1

β2
j

 . (3.10)

The addition of a squared term in the objective function means the derivative of the
objective function becomes −2XT(y − ŷ)+2λβ with the closed form solution, β̂ =
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(XTX+λI)XTy [39]. The Ridge regression solves the case of XTX approaching a
singular matrix for high multicollinearity by creating the new matrix (XTX + λI)
with λ ≥ 0. It can be shown that in a certain range of values, 0 < λ < λ∗, the
resulting mean square error for ridge regression is smaller than the corresponding
least square error [40].

ℓ2-regularization aims to make the model more accurate while still keeping all
features. While ℓ1-regularization tends to solve multicollinearity by arbitrarily
keeping only one of the collinear features, ℓ2-regularization shrinks all instead;
this is the major difference between these techniques. ℓ2-regularization tends to
outperform ℓ1-regularization in the cases of many correlated features due to its
stable assignment of weights to all features. Compared to its LASSO counterpart,
ℓ2-regularization does not produce sparsity.

3.2.4 Elastic Net
For the case of selecting a subset of features, LASSO performs well, while ridge
regression is used for keeping all features in the model. Comparisons between ℓ1
and ℓ2 regularizations have shown that neither of these methods can conclusively
be said to outperform the other; it is all dependent on the task [41] [42]. A method
which combines the strengths of LASSO and ridge regression is the so-called elastic
net. The elastic net combines the penalty terms of the ℓ1 and ℓ2 regularization.
The ℓ1 term allows it to shrink some coefficients to zero, while the ℓ2 term means
the elastic net can group correlated features and shrink them together, keeping
them in the model. This solves LASSO’s drawback for the case of p > n and
ridge regressions inability to select a subset of features. For a dataset with a
large amount of features, where some are correlated, the elastic net can provide a
powerful tool for improving the ML model. The loss function for an elastic net is
tuned by hyperparameters λ and α [38],

min
β


n∑

i=1
(yi − ŷi)2 + λ(α

p∑
j=1

|βj| + (1 − α)
p∑

j=1
β2

j )
 . (3.11)

The regularization strength is determined by λ while α is known as the mixing
parameter, or ℓ1 ratio and determines if the elastic net should behave more like
ℓ1 or ℓ2-regularization. In the cases where we set α = 0, the elastic net mimics
an ℓ2-regularization, for the case of α = 1, it results in an ℓ1-regularization. In
practice, due to its stability and combination of both models’ strengths, the elastic
net is often preferred over both LASSO and ridge regression, especially in high-
dimensional settings with potentially correlated predictors.
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3.3 Selected Ensemble and Tree-Based Models
In cases where the linear methods perform poorly, it is necessary to consider mod-
els that can identify and capture non-linear relationships in the data. Ensemble
and tree-based methods are widely used for this purpose due to their strong per-
formance and robustness in their predictions. Ensemble methods combine the
predictions of multiple base models to produce a single output. Methods which
rely on decision trees as their fundamental predictive units are called tree-based
models. A decision tree is a supervised learning model which recursively parti-
tions the feature space into smaller and more homogeneous regions by applying a
sequence of simple decision rules. The resulting structure resembles a tree, where
internal nodes represent decision rules, branches correspond to outcomes of these
rules, and terminal nodes (referred to as leaves) produce the final prediction.

Figure 3.3: A Decision Tree

Decision trees are intuitive and easy to interpret, but when used individually
they tend to have high variance and are prone to overfitting the training data
[21, 43] Using an ensemble of decision trees has proven to be very useful in ma-
chine learning, and we will present two separate methods in this section: Random
Forest and XGBoost. While both models utilize an ensemble of decision trees, the
construction and generation of a prediction are fundamentally different.

3.3.1 Random Forest
Random Forest (RF) is an ensemble learning method that constructs a large num-
ber of decision trees and combines their predictions through averaging (for re-
gression). The core idea behind RF is to introduce randomness during training in
order to decorrelate individual trees, thereby reducing the variance of the ensemble
without significantly increasing bias [44]. Each tree is fit on a bootstrap sample
(sampling rows with replacement), and at every split the tree considers only a
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random subset of features (the “feature bagging” step). These two sources of ran-
domness decorrelate the trees: individual trees have high variance, but averaging
their predictions reduces variance without greatly increasing bias. The prediction
of a Random Forest regressor is obtained by averaging the predictions of all in-
dividual trees. While each tree on its own may be a weak and noisy predictor,
their aggregation yields a stable and accurate model. Important hyperparameters
include the number of trees nestimators, the maximum tree depth, the minimum
number of samples per leaf, and the number of features considered at each split
mtry. Increasing the number of trees generally improves stability at the cost of
increased computational time.

Figure 3.4: Illustration of a Random Forest Model

Because decision trees partition the feature space using threshold-based de-
cisions on individual features, Random Forests can naturally model non-linear
relationships and high-order interactions between variables. They require no fea-
ture scaling and are invariant to monotonic transformations of the inputs. Ran-
dom Forests also provide estimates of feature importance, which can be useful for
model interpretation and diagnostics, although such measures may be biased in
the presence of strongly correlated features [21]. Unlike linear models, RFs do
not extrapolate outside the support of the training data; predictions are averages
of seen regions. In sequence problems like per-lot quality prediction from sen-
sor streams, RFs operate on fixed-length tabular features, so we summarize each
lot’s time series into statistics (mean, std, extremes, ramp-rate, quantiles). This
transforms variable-length sequences into comparable vectors and avoids leakage
by computing statistics only within each lot’s time window. To evaluate fairly, the
split must be by lot (or time) rather than by row so that all timestamps from a
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given lot stay on the same side of the split.

3.3.2 XGBoost
An alternative tree-based model is the gradient boosting method. Instead of con-
tinuously building independent random trees like the random forest model, gradi-
ent boosting instead builds one tree at a time, with each tree aiming to improve
upon the last. The first tree, known as the base learner makes a simple predic-
tion, for example the mean value of the target variables in the training data. The
second tree, looks at the residual between the base learner’s prediction and the
actual value, which is used as the new template that the next tree strives to im-
prove upon. The successive trees created to improve the previous setups result are
known as weak learners [45]. The act of minimizing the error of the prediction and
the ground truth value, i.e., minimizing the loss function is done with the gradient
descent algorithm.

Figure 3.5: Chart of XGBoost’s decision trees[46].

As the model builds into more trees, the predictions will improve, and the
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combination of weak learners create what is known as a strong learner. The final
prediction is the sum of contributions from all trees,

ŷi =
N∑

n=1
fn(xi), (3.12)

where each function fm represents a weak learner and N is the total number of
trees. Due to the model creating newer trees sequentially based on the previous
error instead of them all simultaneously, gradient boosting is generally more de-
manding than random forest. An improvement to the gradient boosting method
was created in the 21st century in the form of XGBoost(eXtreme Gradient Boost-
ing). XGBoost is an open-source library that takes the base algorithm of gradient
boosting and implements features such as built-in ℓ1 and ℓ2 regularization, to avoid
overfitting and the ability to handle missing values in the data. Parallel process-
ing and more efficient computations makes XGBoost optimal for handling large
numbers of data [47].

The amount of hyperparameters for the XGBoost model is large, a brief expla-
nation of their impacts are given in the following table.

Hyperparameter Description

Number of estimators Regulates the total number of boosting trees used in the
ensemble.

Learning rate Determines how much each individual tree contributes to
the final model.

Max depth Sets the maximum depth for each decision tree. This regu-
lates model complexity and helps to prevent overfitting.

Subsample Defines the number of samples randomly selected to train
each tree. Low subsamples improve generalization, but can
cause underfitting.

Colsample bytree Determines the fraction of features randomly sampled when
constructing each tree, reducing correlation between trees
and improving robustness.

Regularization Alpha Controls the strength of ℓ1 regularization.

Regularization Lambda Controls the strength of ℓ2 regularization.

Table 3.1: Overview of XGBoost hyperparameters with short summaries.
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3.4 Selected Sequence Models
Recurrent neural networks model sequences by updating a hidden state ht =
ϕ(Wxxt + Whht−1 +b) and producing outputs yt = g(Wyht + c) , where ϕ and g
are nonlinearities. Training uses backpropagation through time (see sec. 3.1.4). In
practice, vanishing and exploding gradients make long-range credit assignment dif-
ficult, which motivated gated architectures that regulate information flow through
time. Gradient clipping and careful initialization partly mitigate these issues but
do not fully solve them for plain RNNs. [48, 49, 50].

3.4.1 Gated Recurrent Unit
Recurrent neural networks (RNN) model sequences by maintaining a hidden state
that is updated step-by-step as new observations arrive. Vanilla RNNs struggle
with long-range dependencies because gradients either explode or vanish during
back-propagation through time. Gated Recurrent Units (GRUs) mitigate this
with gates that regulate information flow, letting the model retain or discard past
information as needed. A GRU cell has two gates: the update gate zt, and the
reset gate rt. Given an input vector xt and the previous hidden state ht−1, the reset
gate controls how much of the old state to use when computing a candidate state
h̃t, while the update gate interpolates between the old and candidate states to
form the new hidden state ht. This can be written with the following expressions:

zt = σ(Wz xt + Uz ht−1 + bz) , (3.13)
rt = σ(Wr xt + Ur ht−1 + br) , (3.14)
h̃t = tanh(Wh xt + Uh (rt ⊙ ht−1) + bh) , (3.15)
ht = (1 − zt) ⊙ ht−1 + zt ⊙ h̃t. (3.16)

where σ(·) is the logistic sigmoid function and ⊙ denotes element-wise multipli-
cation. The parameters W(·) ∈ RH×F and U(·) ∈ RH×H are learnable weight ma-
trices (input-to-hidden and hidden-to-hidden, respectively); b(·) ∈ RH are biases.
All these parameters (and the biases) are learned during training via backpropa-
gation through time. Intuitively, rt “forgets” irrelevant history when forming the
candidate, and zt chooses how much to overwrite the state.
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Figure 3.6: Illustration of the GRU model

Compared to LSTMs, GRUs are slightly simpler (fewer gates, no separate cell
state), which reduces parameters and can train faster while retaining the ability
to model medium/long temporal dependencies. [51, 14] Our data are multi-sensor
time series with relatively few lots per partition (see chapter 4); GRU’s lower
parameter count reduces overfitting risk and training time while still capturing
furnace/thermal dynamics. As mentioned previously in sec. 2.2, prior work re-
ports successful GRU applications to industrial furnaces and thermal processes,
supporting our architectural choice. [13]

3.4.2 Long-Short Term Memory
A more complex model than GRU is the Long-Short Term Memory method. While
GRUs take into account historical data through its hidden state, it may struggle
for more complex large datasets and is limited by its two states. The augmented
version, Long-Short Term Memory or LSTM implements three gates: forget, input
and output, as well as an explicit state for long-term memory. As the model
updates, the gates regulate which data to keep in the long-term memory state.
The result of this added state means our model can continuously process new
data and save the necessary features in the memory state. Adding a separate
cell to handle memory leads to LSTM models performing with higher accuracy
for larger problems with long-term time dependencies. The addition of a third
cell, compared to GRUs two, does however, come with a computational cost. An
LSTM is only suited for machine learning problems with complicated, long-term
time dependencies, in other simpler cases, the GRU model will give similar results
within shorter time and is thus to be preferred [50, 14].
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Chapter 4

Data

This chapter describes the datasets used in this study, their scope and measurement
conventions, and the variables modeled as outcomes. We report sources, coverage,
and basic statistics, while all preprocessing and modeling procedures are deferred
to Section 5.

4.1 Data Sources and Scope
To ensure traceability throughout the production process, Höganäs divides the
powder output into discrete batches of approximately 30 tonnes. Each batch is
referred to as a production lot (or simply lot) and is assigned a unique identifier,
denoted as LotID. This identifier enables consistent tracking of material flow and
facilitates the linkage between process data and laboratory analyses.

Production (Process) Data

The reduction–annealing work centres SPDFUR22 and SPDFUR24 log multivariate
time series of furnace and utility signals. A total of 131 tags are sampled with a
sampling frequency of five minutes, in the time interval from January first 2024
through the data–collection date (2025-10-08). Tags are organized by physical sec-
tion: CoolZone 1–4, HeatZone 1–8 (separate top/bottom measurements per zone),
General, Media, Input, and Output. Many control loops expose three channels per
signal—set-point (SP), process value (PV), and controller output (Out). In this
study we represent the realized operating conditions by the PV channels only. In
the cooling sections, internal temperatures are not measured directly; proxies such
as cooling-water temperature and flow are logged.
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Laboratory (Quality) Data.

Powder samples taken from production lots are analysed in the laboratory. Sev-
enteen properties are available in the source system; this thesis focuses on six
outcome variables relevant for press–sinter performance (Section 4.3).

4.2 Tag Taxonomy and Measurement Channels
Table 4.1 lists the tag groups present on both lines. After restricting to PV chan-
nels and excluding purely administrative identifiers at analysis time, the analysed
signal set comprises a total of 61 PV tags spanning thermal (HeatZone Top/Bot),
cooling proxies (CoolZone water temperature/flow, dew point), and plant util-
ities (Media, e.g., process water, currents, gas flows). Exact tag names follow
the <WorkCentre> > <Section> > <Signal>-PV convention used by Höganäs AB
(e.g., SPDFUR24>HeatZone07>TempBot-PV).

Group (section) #PV tags Examples
HeatZone 1–8 (Top/Bot) [16] TempTop-PV, TempBot-PV
CoolZone 1–4 [16] WaterTemp-PV, WaterFlow-PV, Dewpoint-PV
Media (utilities) [16] ProcessWater(8m)-PV, OxygenLevelCoolZone-PV
General [9] BeltSpeed-PV, VolumeWeight-PV
Input / Output [4] BinWeight-PV, OutletWeight-PV

Total (PV used) 61

Table 4.1: Tag groups available from the furnace control system. Counts refer to
PV channels analyzed in this work.

4.3 Target Variables (Laboratory Outcomes)
During the reduction annealing process, samples of the powder are being collected
throughout the process to analyse a number of properties. In total, seventeen
numerical values are measured, but in consolidation with Höganäs, six of the more
important measurements were used as targets for the modelling:

• Particle size classes (wt.%): −45 µm (SH-45), +75−106 µm (SH7510),
150−212 µm (SH1521).

• Chemistry (wt.%): Carbon (CHC), total oxygen (CHO).
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• Green density: g/cm3 at 600 MPa compaction (PHGD6).

All targets are reported by the lab against the lot identifier. Main results are
presented in original units for process interpretability; normalized-space metrics
appear only for diagnostic comparison in later sections. The target variables are
measured using different test, such as sieve test for particle sizes or chemical analy-
sis for the powder compositions, and during the ∼ 20 hour run time of a production
lot, a number of samples are collected on which different analyses are performed.
The time duration it takes to collect a sample from the production line is around
4 hours. The iteration of lot sample is logged by using the tag lopnr. Since the
tests performed on the sample differ in complexity and time consumption, not all
the tests are performed every time. One additional demarcation is thus to only
use values from the analyses done on the first of each lot sample, since we have
been informed that the first sample of each lot is always tested for all seventeen
properties.

Green Density

Green density (GD) refers to the bulk density of a powder compact immediately
after uniaxial pressing (see fig. 4.1). The GD aims to reflect how efficiently
the powder particles pack and deform under applied pressure. It is measured as
ρg = m/Vb, where m is the compact mass and Vb is the bulk volume, using a
compact pressed at a specified pressure. In our case, this pressure was 600 MPa.
The GD is often reported relative to the theoretical density ρth to reflect the
powders compressibility, which is its ability to densify under pressure. A higher
GD, and thus compressibility, are generally desired for sintered products since more
inter-particle contact provides stronger and more consistent sintered components,
better resistant to damages. For water-atomized low-alloy powders, such as the
Astaloy powders studied in this report, the surface oxides and work-hardening
from atomization and drying can depress the compressibility. Therefore reduction
annealing (see sec. 2.1.1) is used to clean the surface from the oxides, restoring
ductility, and raising ρg for future sintering. [5, 2, 3]
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Charging
the die

Astaloy Powder

Lower punch

Die

600 MPa

Compaction

Upper punch

Green body

Ejection

Pressed part

Figure 4.1: Schematic of uniaxial pressing of Astaloy powder: charging the die,
compaction at 600 MPa, and ejection of the green compact.

Particle Size Distribution

Three out of our six target variables are regarding the Particle Size Distribution
(PSD) of the powder. The PSD is reported as weights fraction from standard sieve
analysis of lot samples. We use three informative classes SH-45 (< 45.000 µm),
SH7510 (+75.000 µm to 106.000 µm), and SH1521 (150.000 µm to 212.000 µm).
If the powder is too fine, (high SH-45 weight percentage) this will raise the specific
surface area and absorbed oxygen (surface oxides) thus reducing the flowability.
If the particles are too large on the other hand (high SH1521 weight percent-
age), they pack less efficiently, increasing the bulk volume Vb and leading to worse
compressibility [5].

4.4 Data Challenges
There are a number of known limitations from the challenges in the data, in this
section we will go over a few of those.

Number of Samples

While the sampling frequency of one minutes is more than adequate for a process
that takes around 24 hours, the collection of production data only goes back to the
start of 2025. This limits the amount of matching input-output data pairs that
are available to train the model.

36



Linkage fidelity

Accurate lot-level alignment requires robust joins between Input/Output identifiers
and lab records. Inconsistent naming, missing lot markers, partial runs, or rework
can produce ambiguous intervals, which would skew the results. Ambiguities are
resolved by rule-based checks and unresolved lots are excluded.

Proxy Measurements in Cooling

In the cooling sections of the furnace, internal material temperatures are not mea-
sured directly. Instead, indirect proxy signals such as cooling-water temperature
and water flow are recorded. These variables reflect the heat removal rate but
only indirectly represent the actual thermal state of the powder, which introduces
additional uncertainty and noise into the measurements.

Missingness and Outliers

Faulty measurements, start-up/shutdown states, and maintenance events intro-
duce gaps and outliers. Data with missing values is filtered out, while outliers are
identified early on in preprocessing.

Data Scale Magnitudes

Due to the target variables all being vastly different, the scale of their sizes are
not identical. This can confuse the machine learning models and makes visualiz-
ing its performance more challenging to compare its variables. This is solved by
normalizing all data before it is sent into the model for training; this makes the
inputs and outputs scale invariant.

4.5 Data Visualization
A short visualization of the data is presented in this section, to give an idea of
the structure of the target variables in the laboratory data and the 61 features
extracted from the production data. For the 6 target variables, which consists of
size distributions, green density, and chemical composition properties, all outputs
will show unique scales and distributions. To gain insight into how the data is
distributed for each respective variable, the normalized std is used,

Normalized Std = σ

max(y) − min(y) . (4.1)
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Output Mean Std (σ) Normalized Std

Output 1: SH-45 14.351 1.895 0.126
Output 2: SH7510 28.552 2.290 0.182
Output 3: SH1521 8.410 1.640 0.143
Output 4: PHGD6 6.955 0.022 0.201
Output 5: CHC 0.003 0.002 0.126
Output 6: CHO 0.152 0.033 0.192

Table 4.2: Mean, std, and normalized std for each output.

This table highlights the importance of normalization, for outputs 5 and 6, which
are of considerably smaller scale than the other outputs; both the mean and the std
σ are many magnitudes smaller. The normalized std shows the true distribution
for all variables and reveals that output 4 has the highest variance while outputs
1 and 5 are the least varying. A visualization is presented for both the 6 target
variables as well as the 61 features after normalization using density histogram
plots.
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(a) Target variables density distribution after normalization.

(b) Production features density distribution after normalization, 61 variables
total leaves 3 empty boxes in an 8x8 grid.
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Chapter 5

Methodology

This chapter aims to describe the methodology and demonstrate the approaches
taken during this thesis.

5.1 Data Preprocessing
The preprocessing pipeline cleans and converts raw furnace time series and labo-
ratory results into analysis-ready datasets for two separate instances, per-lot and
per-timestamp. The per-lot dataset consists of features for classical regressors and
tree baselines, such as LR, Ridge/LASSO/Elastic net, RF and XGBoost. The per-
timestamp (or sequence) dataset is modelled to fit the sequence models GRU and
LSTM. The implementation of the preprocessing is designed to be reproducible and
to guard against information leakage: all normalizers and dimensionality-reduction
transforms are fit on the training lots only, and the exact feature order and scalers
are persisted for inference reuse. The pipelines follow the same workflow as seen
in figure 5.1.

Analysis Data

The analysis data, or targets, are obtained through work centre export in the form
of a .csv file. The first step is to filter the data to dispose of irrelevant information
which is not regarding any of the Product × WorkCentre combinations. After
this, the data is filtered to only include the first sample for each lot so that no
target variable has a missing value due to the omission of analyses, as discussed
in section 4.3. To ensure reliable joins between production and laboratory data,
all lot identifiers were standardized into a single canonical key, denoted LotK:

LotK = Upper(Trim(String(Round(ToNumeric(LotID))))) .
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This normalization removes formatting inconsistencies by converting lot identi-
fiers to a consistent string representation (e.g., handling numeric formats, round-
ing, trimming whitespace, and enforcing upper-case text). Non-numeric, empty,
or missing lot identifiers are coerced to missing values during normalization and
are therefore excluded from subsequent joins. The resulting key allows robust
matching across data sources even when original identifiers differ in format. The
laboratory targets are then also coerced to numeric and filtered to the six outcomes
used in this thesis: −45 (SH-45), +75−106 (SH7510), 150−212 (SH1521), carbon
(CHC), green density at 600 MPa (PHGD6), and total oxygen (CHO).

Production Data

The production historian extract is obtained from two .csv files, one for each
of the work centres. From the production file we keep all -PV (process-value)
columns detected by suffix as well as the lot tag SPDFUR24>Output>LotNbr for the
lot identifier and the time index StartTimeUTC are also retained. This yields a
per-timestamp view (one row per timestamp with all PVs and the lot), it is the
exact input matrix for sequence models (the code also persists the PV channel
order in so that training and inference use identical feature ordering, which the
sequence models require).
Per-lot aggregation for tabular models For classical regressors we compress each
lot’s PV time series to a single feature vector via descriptive statistics. After
coercing PVs to numeric, we group by LotK and compute, for every PV channel
xt in the lot interval,

µ = mean(xt), σ = std(xt), xmin = min
t

xt, xmax = max
t

xt, x̃ = median(xt),

and a simple dynamics proxy, the mean absolute ramp-rate:

marr(x) = 1
T − 1

T∑
t=2

∣∣∣xt − xt−1

∣∣∣.
The per-lot features are then inner-joined with the targets on the canonical lot key,
yielding the feature matrix X ∈ RH×367 (61 PV tags × 6 descriptive statistics +
LotK), where H is the number of overlapping lots between production- and analysis
data. The inner join avoids label leakage from imputation and guarantees each
training example has both inputs and outputs. We also construct fixed splits for
the lots used during training and testing. The same split is reused across all models
(Random Forest, Elastic Net, GRU/LSTM) to ensure that a lot never appears in
both train and test, and that the sequence models never see future time steps from
a test lot during training. All preprocessing transformers (standardization, target
normalization, PCA) are fit on the training lots only and applied to test.

41



Production Data (historian)
Time series dataset for some
Product × WorkCentre combina-
tion

Analysis Data
outcomes for test performed in lab
analysis

Clean production data
normalise Lot IDs
(LotK); parse times-
tamps; detect *-PV tags

Filter analysis data
extract relevant columns;
filter to chosen article /
production line combina-
tion; filter to first analysis
for each lot

Align production with
analysis by LotK
keep only lots with com-
plete targets; filter pro-
duction data to overlap-
ping lots;

Clean analysis data
Normalise Lot IDs
(LotK); Clean pivot to
per-lot target matrix Y

Generate fixed
train/test split
from the overlapping lots
in production and analy-
sis data for given combi-
nation

Per-timestamp PV data
(LotK, PV cols) for overlapping lots;
save raw sequence dataset;

Per-timestamp scaling
fit StandardScaler on train-lot
timesteps; impute NaNs with train
means; transform all timestamps; save
standardized sequence dataset and PV
scaler

Per-lot PV features Xperlot
aggregate per lot (mean, std, min,
max, median, mean abs. ramp rate)

Per-lot scalers and standardized
datasets
fit Y MinMaxScaler and X

StandardScaler on train lots; trans-
form all lots to Xstd, Ynorm; save
scalers and merged standardized per-
lot dataset

Figure 5.1: Preprocessing workflow for each furnace–product combination. Pro-
duction historian data are cleaned and aligned by lot with cleaned lab analysis
targets, then split by lot into fixed train and test sets. The left branch produces
per-timestamp sequences; the right branch produces per-lot tabular features, both
branches produce standardized dataset with scalers.
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5.1.1 Handling of Missing Values and Outliers
Missing values and outliers were handled as part of the preprocessing pipeline
prior to model training. Missing sensor readings primarily arose from temporary
communication losses or start up/shut down of the annealing furnace. The missing
values arising from temporary communication loss where short gaps in the time-
series data were handled implicitly through aggregation at the lot level whereas
the start up/shut down of the furnace or changing productions lots were identified
by "faulty" values in the lot identifier (such as zero, fractions or NaN) and where
thus handled by the exclusion rows as mentioned in 5.1.

5.1.2 Data Splitting
To prevent information leakage, data splitting is performed by lot rather than by
individual timestamps. This ensures that all observations originating from the
same production lot are assigned exclusively to either the training or the test
set. Splitting at the timestamp level would otherwise allow the model to observe
parts of a lot during training and be evaluated on other parts of the same lot.
We construct a fixed split file (lot_splits.json) containing training and test lot
identifiers; the same split is reused across all models. This ensures that (i) a lot
never appears in both train and test, and (ii) sequence models never see future
timesteps from a test lot during training. All preprocessing transformers (stan-
dardization, target normalization, optional PCA) are fit on the training lots only
and applied to test. We report the number of lots and timestamps per split, and
verify there is no temporal leakage by sorting within-lot by time during sequence
building.

5.1.3 Feature Engineering
We work with two representations of the same furnace signals. (1) Per-lot tabular
features (for tree/linear models): for each lot we aggregate numeric PV tags over
the lot window using mean, standard deviation, min, max, median, and a simple
ramp-rate proxy (mean(|∆PV|)) to capture dynamics. These features are then
standardized (train only). Targets are normalized to [0, 1] (train only) to stabilize
multi-output regression. (2) Per-timestamp sequences (for GRU/LSTM): we
retain the full time series per lot. Each timestamp vector is standardized using
a per-timestep StandardScaler fit on training timesteps. Optionally, we apply
PCA to reduce input size and denoise before feeding sequences to the RNN (see
Sec 5.1.4). All feature construction is deterministic and reproducible; we persist
the exact PV column order (pv_feature_names.json) so downstream models see
a consistent layout.

43



5.1.4 Dimensionality Reduction
Principal Component Analysis (PCA) is used to reduce feature dimensionality
while retaining most of the variance in the data. Given a zero-mean, standardized
feature matrix X ∈ Rn×d, PCA finds an orthonormal projection Wk ∈ Rd×k that
maximizes the projected variance,

W ⋆
k = arg max

W ⊤W =Ik

Var(XW ).

Each principal component captures a portion of the total variability in the original
data. The explained variance tells us how much “signal” is kept by the components
we retain. For example, retaining components that together explain about 95% of
the variance means we keep most of the useful variation while discarding mostly
redundancy and noise.

How we apply PCA in this project. We work with two representations of
the same process data:

1. Per-lot (tabular) features: For each lot, we compute aggregate statistics
of PV tags over the lot window (mean, standard deviation, min, max, me-
dian, and a simple ramp-rate feature). After standardizing these features, we
optionally apply PCA to reduce dimensionality before feeding them to non-
sequence models (e.g., Random Forest, Elastic Net). Trees do not strictly
require PCA, but reducing redundancy can still help with speed and stability.

2. Per-timestamp PV features: For sequence models (GRU/LSTM), we
keep the time series per lot. At each timestamp we first standardize the
PV tags using a scaler fit on training data, and we optionally apply PCA to
project each timestamp to fewer components. This lowers the input size to
the RNN and can act as a mild denoising step.

To avoid information leakage, all scalers and PCA transforms are fit only on
the training split and then applied to the test split.

Model-facing choices. The results of the PCA analysis are reported in Section
6.5. Note however that the PCA was only performed during preprocessing (as
seen in fig. 5.1) and the ML models evaluated during this thesis (Section 6.1) do
not utilize the dimensionality reduction. The motivation for this decision is that
the computational time of the model training was not as excruciatingly long as
expected and thus did not warrant the need for dimensionality reduction, though
it may have been beneficial in reducing noise.

44



5.2 Model Development

Box 1: Data
- Clean up raw data

- Select relevant features & outputs
- Match lots between datasets

Box 2: Preprocessing
- Aggregate features

- Train/test split
- Normalize inputs/outputs

- Perform PCA

Box 3: Model Training
- Hyperparameter tuning strategy

- Train model with best parameters
- Make predictions

Box 4: Evaluation
- Compute performance metrics

- Violin plots
- SHAP analysis

- Random test-lot comparison

Figure 5.2: Machine Learning Pipeline Overview

5.2.1 Implementation Tools
The machine learning models were implemented in python using well-known and
established machine learning libraries. Scikit learn, is an open source and easy-
to-use library that covers most classical machine learning algorithms with built-in
cross validation and hyperparameter tuning. It also includes tools for creating
test/train splits, evaluation metrics, and normalization scalers. For the cases where
a model was not available on scikit-learn, PyTorch was the option chosen. Famous
for its ability to handle large amounts of data and computationally heavy models,
making it ideal for deep learning and neural networks.

Implemented Models

The following models were implemented using Scikit Learn: Multiple Linear Re-
gression, ℓ1-Regularization, ℓ2-Regularization, Elastic Net, and Random Forest.
For the potentially more demanding recurrent neural network models, GRU and
LSTM, PyTorch was used. Finally, XGBoost has its own library, created by its
developers which is python compatible.
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Chapter 6

Experiments

While data exists for two furnaces SPDFUR22 and SPDFUR24 as well as for two
seperate products Asataloy CrA and Astaloy CrM, due to the high number of
tables and figures needed to present the results, all following experiments, results,
discussions and conclusion will be shown for exclusively the Astaloy CrM product
for the furnace SPDFUR24. This is the largest of the datasets and is thus the
most representative for evaluating our goals.

6.1 Performance of Final Models

Output (Target) Linear Reg. LASSO Ridge Elastic Net LSTM XGBoost Random Forest GRU

SH-45 1.353 0.897 2.721 2.109 2.148 2.29 1.838 2.5474
SH7510 0.679 0.757 1.130 1.114 1.401 1.237 1.609 1.6845
SH1521 1.512 0.858 1.281 1.312 1.339 1.131 1.587 1.3911
PHGD6 2.154 1.675 0.019 0.016 0.014 0.014 0.018 0.021
CHC 2.152 1.873 0.002 0.002 0.002 0.002 0.0025 0.003
CHO 1.362 1.044 0.033 0.026 0.032 0.026 0.032 0.0313
Mean RMSE 1.58 1.18 0.86 0.76 0.82 0.78 0.85 0.95

Table 6.1: Root Mean Square Error (RMSE) . Lower is better. Best per row in
bold.
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Output (Target) Linear Reg. LASSO Ridge Elastic Net LSTM XGBoost Random Forest GRU

SH-45 1.086 0.717 2.020 1.696 1.771 1.786 1.583 1.7967
SH7510 0.554 0.510 0.976 0.965 1.015 0.885 1.19 1.059
SH1521 1.077 0.554 1.109 0.853 1.061 0.777 0.8081 1.0014
PHGD6 1.540 1.304 0.015 0.012 0.011 0.011 0.015 0.0099
CHC 1.953 1.376 0.001 0.001 0.001 0.001 0.001 0.0035
CHO 1.119 0.818 0.025 0.021 0.026 0.022 0.026 0.0273
Mean MAE 1.22 0.88 0.69 0.59 0.65 0.58 0.60 0.65

Table 6.2: Mean Absolute Error (MAE). Lower is better. Best per row in bold.

Output (Target) Linear Reg. LASSO Ridge Elastic Net LSTM XGBoost Random Forest GRU

SH-45 34.075 109.56 14.073 12.632 13.191 13.232 11.30 12.2435
SH7510 25.877 88.402 3.48 3.436 3.53 3.1 4.28 5.3739
SH1521 70.844 90.96 13.826 10.696 13.237 16.15 10.4865 12.9339
PHGD6 1.366 152.587 0.218 0.171 0.161 0.156 0.21 0.1417
CHC 120.26 120.159 58.048 48.599 47.883 35.838 41.19 86.2319
CHO 55.268 135.629 17.246 14.907 18.146 15.36 19.07 18.2919
Mean SMAPE 42.1 116.2 17.8 15.1 16.0 14.0 14.4 22.5

Table 6.3: SMAPE (%). Lower is better. Best per row in bold.

Output (Target) Linear Reg. LASSO Ridge Elastic Net LSTM XGBoost Random Forest GRU

SH-45 -1.610 0.308 -0.251 0.249 0.221 0.115 0.325 -0.312
SH7510 0.577 0.404 0.646 0.656 0.456 0.576 0.351 0.341
SH1521 -1.365 0.151 0.263 0.227 0.195 0.426 0.38 -0.0471
PHGD6 -15.796 -0.776 -0.624 -0.124 0.063 0.072 -0.11 -0.487
CHC -6.640 -0.682 0.104 0.161 -0.039 0.441 -0.09 -0.498
CHO -3.506 -0.014 -0.656 -0.021 -0.539 -0.059 -0.059 -0.648
Mean R2 -4.7 -0.102 -0.086 0.19 0.06 0.26 0.13 -0.28

Table 6.4: R2 score. Higher is better. Best per row in bold.

Output (Target) Linear Reg. LASSO Ridge Elastic Net LSTM XGBoost Random Forest GRU
SH-45 0.352 0.197 0.246 0.207 0.235 0.218 0.20 0.263
SH7510 0.493 0.122 0.12 0.119 0.146 0.109 0.15 0.161
SH1521 0.6 0.137 0.171 0.131 0.174 0.12 0.18 0.228
PHGD6 1.205 0.256 0.252 0.198 0.184 0.181 0.3 0.366
CHC 0.57 0.214 0.152 0.14 0.131 0.112 0.19 0.234
CHO 0.725 0.222 0.271 0.233 0.265 0.241 0.23 0.289
Mean nMAE 0.6574 0.1912 0.2021 0.1714 0.1891 0.1636 0.21 0.2567

Table 6.5: Normalized Mean Absolute Error (nMAE) per output. Lower is better.
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Output (Target) Linear Reg. LASSO Ridge Elastic Net LSTM XGBoost Random Forest GRU

SH-45 0.41 0.247 0.332 0.257 0.313 0.279 0.23 0.324
SH7510 0.574 0.181 0.14 0.138 0.195 0.153 0.20 0.205
SH1521 0.846 0.212 0.197 0.202 0.23 0.174 0.22 0.291
PHGD6 1.339 0.329 0.314 0.261 0.232 0.237 0.36 0.424
CHC 0.754 0.291 0.213 0.206 0.21 0.168 0.29 0.344
CHO 0.936 0.283 0.362 0.284 0.329 0.289 0.29 0.361
Mean nRMSE 0.8097 0.257 0.2595 0.2246 0.2515 0.2167 0.265 0.3248

Table 6.6: Normalized Root Mean Squared Error (nRMSE) per output. Lower is
better.
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Looking at the results and different performance metrics, the mean MAE and
RMSE scores, summarize each model’s performance for all outputs, but they are
skewed to outputs with higher magnitudes of values. The R2 score is very depen-
dant on the output’s variance, see 3.1.1, an individual output with small variance
makes this metric unreliable. Similarly, SMAPE is very sensitive for small val-
ues, which create a small denominator, and the metric becomes unstable. The
key metrics to compare are the normalized nMAE and nRMSE, which show how
well the model performs evenly among all outputs. Looking at the results in the
tables, across the board, the most successful linear model is the elastic net, the
best sequence model is the LSTM, and XGBoost edges out Random Forest for the
best tree-based model. These three models will be compared and evaluated from
here on.

6.2 Hyperparameter Tuning Results
The strategy for tuning hyperparameters for the three presented models are pre-
sented in this section. The strategy is determined based on the number of hyperpa-
rameters, what range of values should be tested, and how costly the computations
are. When possible, visualizations are shown.

6.2.1 Elastic Net
The elastic net has two hyperparameters that are used to regulate the model,
shown in equation 3.11. To optimise these two parameters, we calculate a range
of separate values for λ and α, comparing the outputs based on the mean squared
error. For the ℓ1 ratio α values, we tested 11 values in the range of λ ∈ [0.01, 0.99].
For the regularisation strength λ we tested 30 values ranging from λ ∈ [10−4, 10],
computed by numpy.logspace(-4, 1, 30). The best combination of these two
hyperparameters is found for each target variable, and a separate elastic net model
is used to predict each outcome. The results of hyperparameter tuning is shown
below in a heat map format, where the darker colours indicate a lower error and
a better combination.
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(a) Output 1: SH-45 (b) Output 2: SH7510 (c) Output 3: SH1521

(d) Output 4: PHGD6 (e) Output 5: CHC (f) Output 6: CHO

Figure 6.1: Elastic Net hyperparameter heat maps for all 6 outputs.

The resulting best combinations for each output is:

Output Best λ Best α

SH-45 1.2068 0.10
SH7510 0.1842 0.01
SH15121 0.1842 0.95
PHGD6 0.3728 0.35

CHC 0.5964 0.01
CHO 10.0000 0.05

Table 6.7: Optimal hyperparameters for Elastic Net for each output.

6.2.2 LSTM
The Long Short Term Memory uses a single model to predict all outputs, and
thus we are aiming to find the global optimal parameter settings for all target
variables. As the LSTM model consists of numerous internal settings, an initial
search of multiple values for all parameters was performed. To evaluate the test
performance, the mean of the root mean square errors for all 6 outputs was used.
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Hidden Dimension: 16, 32, 64, 128

Number of Layers: 1, 2, 3, 4

Dropout: 0.0, 0.1, 0.2, 0.5, 0.8

Learning Rate: 0.0005, 0.001, 0.003, 0.005
Sorting the results based on its test score of mean RMSE, the search did not find
any particularly dominant configuration among the parameters; the only consis-
tently superior setting was number of layers equal to 1, which appeared in 15 of
the top 20 test scores. With this hyperparameter fixed, a more extensive search
of values for the dropout and learning rate for a given number of layers produced
the optimal combination as:

(a) Hidden Dim = 16 (b) Hidden Dim = 32

(c) Hidden Dim = 64 (d) Hidden Dim = 128

Figure 6.2: Validation loss heatmaps for different LSTM hidden dimensions.
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The configurations with the lowest test score are shown below,

Hidden Dim Layers Dropout Learning Rate Validation Loss
16 1 0.10 0.001 0.6115
32 1 0.50 0.005 0.6008
64 1 0.50 0.001 0.6269
128 1 0.40 0.0005 0.6230

Table 6.8: LSTM hyperparameter configurations with validation loss by mean of
RSME.

The tuning strategy and the comparisons shown in figure 6.2 show that the best
performing configurations for the LSTM model is obtained with 32 Hidden Dim,
1 Hidden Layer, a Dropout rate of 0.5 and Learning Rate of 0.005

6.2.3 XGBoost
The XGBoost consists of multiple hyperparameters; testing every single combina-
tion of a wide range of values for these variables is very demanding. A solution to
this is to test random search, where we pick out a smaller range of random values
for each hyperparameter. Due to the optimal settings not being very sensitive,
values close together produce very similar results. This leads to a random testing
of a small fraction of values, being able to find the near-optimal values in a sig-
nificantly shorter time. The tuning of hyperparameters for the XGBoost model
where tested in the following ranges.

Number of Estimators (n estimators): 200–600 (random integer)

Learning Rate: 0.01–0.06 (uniform)

Max Depth: 3–6 (random integer)

Subsample: 0.7–1.0 (uniform)

Colsample Bytree: 0.6–1.0 (uniform)

Regularization Alpha (reg α): 0–10 (uniform)

Regularization Lambda (reg λ): 0.1–10 (uniform)

The findings presented the optimal settings for each output for the XGBoost model
as
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Output n
estimators

learning
rate

max
depth

sub
sample

colsample
bytree

reg
α

reg
λ

SH45 298 0.010 4 0.792 0.843 9.737 2.939
SH7510 368 0.032 3 0.848 0.794 1.759 0.281
SH1521 369 0.036 5 0.770 0.609 0.467 9.838

GD 297 0.028 6 0.727 0.891 6.335 5.458
CHC 232 0.053 6 0.798 0.966 0.636 3.210
CHO 566 0.022 6 0.950 0.606 6.833 6.200

Table 6.9: Optimal hyperparameters for XGBoost for each output (rounded to 2–3
decimals).

6.3 SHAP Feature Importance Summary
In order to find the most significant features for each target variable, a SHAP
analysis was performed. SHAP applies game theory to investigate each features
importance to the prediction, by computing how much a prediction changes when
a feature is added or removed from all possible combinations of features, see 3.1.1.
A summary of the 10 most influential features according to SHAP are listed below,
the extensive results are presented in the appendix ??.

Elastic Net SHAP Analysis
Due to the elastic nets ℓ1-norm, it can produce a sparse model, which means that
many features will be shrunk to zero and removed, these features will have a SHAP
score of zero. Below the features that showed a non-zero score for multiple target
variables are presented.
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Output Feature SHAP Score

SH-45
HeatZone08 > TempBot 0.108
CoolZone02 > Dewpoint 0.061
CoolZone04 > CoolFan 0.057

SH7510
HeatZone08 > TempTop 0.511
HeatZone07 > TempTop 0.299
HeatZone08 > TempBot 0.289

SH1521
CoolZone04 > CoolFan 0.229
HeatZone06 > TempBot 0.101
Media > DewpointCoolZone 0.090

GD
HeatZone08 > TempBot 0.148
HeatZone07 > TempTop 0.090
Media > NitrogenFlowWirelock 0.083

CHC
CoolZone03 > Dewpoint 0.146
HeatZone07 > TempBot 0.121
Media > ProcessWater(8m) 0.119

CHO — —

Table 6.10: Top SHAP Features per Output

The features that were present for mulitple outputs are especially interesting.

Feature Frequency

HeatZone08 > TempBot 5
Media > DewpointCoolZone 5
HeatZone06 > TempBot 5
CoolZone04 > CoolFan 4
Media > HydrogenCoolZone 4
Input > BinWeight 4
General > Underpressure 4
HeatZone07 > TempTop 4
CoolZone02 > Dewpoint 3
HeatZone08 > TempTop 3

Table 6.11: Elastic Net top SHAP Features and Their Frequency Across Target
Variables
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LSTM SHAP Analysis
LSTM is not a sparse model, and for every output, the model aims to balance all
57 features. Although many features may have a very small impact, the chance
of a feature being removed is unlikely, meaning all features with have a non-zero
score. The SHAP analysis for LSTM is presented as the features with the highest
total SHAP score, summing up the scores for each output.

Output Feature SHAP Score

SH-45
General>MillSpeed 0.004419
Media>DewpointTempCoolZone 0.003581
Media>ProcessWater(8m) 0.003238

SH7510
CoolZone03>Dewpoint 0.003539
General>MillSpeed 0.003492
General>MillPower 0.002847

SH1521
CoolZone04>Dewpoint 0.003113
Media>DewpointTempCoolZone 0.002712
CoolZone02>Dewpoint 0.002265

GD
CoolZone03>Dewpoint 0.002225
Media>DewpointTempCoolZone 0.002064
Input>BinWeight 0.001312

CHC
Media>DewpointTempCoolZone 0.004723
Media>DewpointCoolZone 0.003062
Input>BinWeight 0.002485

CHO
Media>DewpointTempCoolZone 0.004003
General>MillSpeed 0.003688
CoolZone02>Dewpoint 0.003246

Table 6.12: LSTM Top 3 SHAP Features per Output
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Feature Total SHAP Score

General > MillSpeed 0.0189
Media > DewpointTempCoolZone 0.0150
CoolZone04 > Dewpoint 0.0134
General > Underpressure 0.0130
General > MillPower 0.0124
Media > ProcessWater(8m) 0.0120
CoolZone03 > Dewpoint 0.0102
HeatZone01 > TempBot 0.0096
CoolZone02 > Dewpoint 0.0088
Input > BinWeight 0.0072

Table 6.13: Top 10 LSTM Features Ranked by Total SHAP Importance

XGBoost SHAP analysis
Due to XGBoost having incorporated ℓ1 regularization, it can remove features,
creating a sparse model. Although XGBoost contains its own feature importance
tools, which are noted as the gain score, we will use SHAP scores for consistency
among models. Below is a table that shows the three features that had the highest
SHAP score per output, as well as a table that sums of the total SHAP scores
among all outputs, showing the top 10 most important features for the XGBoost
model.
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Output Feature SHAP Score

SH-45
CoolZone04 > WaterTemp 0.074
Media > DewpointCoolZone 0.036
CoolZone02 > Dewpoint 0.023

SH7510
CoolZone02 > WaterFlow 0.220
Media > OxygenLevelCoolZone 0.183
CoolZone02 > Dewpoint 0.145

SH1521
Media > ProcessWater(8m) 0.116
CoolZone04 > CoolFan 0.095
HeatZone08 > TempBot 0.076

GD
HeatZone06 > TempTop 0.090
HeatZone08 > TempBot 0.061
HeatZone05 > TempBot 0.058

CHC
CoolZone01 > WaterFlow 0.185
CoolZone04 > Dewpoint 0.130
General > VolumeWeight 0.093

CHO
General > CakeHight 0.158
Media > HydrogenFurnaceRear 0.088
Media > Currentℓ1 0.045

Table 6.14: XGBoost Top 3 SHAP Features per Output

Feature Total SHAP Score

1. CoolZone02>Dewpoint 0.32241
2. CoolZone02>WaterFlow 0.29533
3. CoolZone02>CoolFan 0.24157
4. HeatZone08>TempBot 0.23842
5. CoolZone01>WaterFlow 0.23033
6. Media>OxygenLevelCoolZone 0.22324
7. CoolZone04>Dewpoint 0.21778
8. Media>DewpointCoolZone 0.21210
9. General>CakeHight 0.19893
10. CoolZone04>CoolFan 0.17329

Table 6.15: Top 10 XGBoost Features Ranked by Total SHAP Importance

57



6.4 Violin Plots
While the evaluation metric scores show quantitive values for all models for each
output, it does not give an intuitive visualization of each models performance. To
complement the result tables, we use violin plots to show the error distribution
of each model. For each output the violin show the smallest and largest error
made, and the thickness of the shape shows how often an error of this magnitude
occurred. The two lines in the central parts of each shape are the mean and median
errors. The following violin plots show the error for normalized data, which means
no matter the differences in output sizes in magnitude, the violin plots are scale
invariant.
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(a) Elastic Net

(b) LSTM

(c) XGBoost

Figure 6.3: Normalized violin plot comparison across Elastic Net, LSTM, and
XGBoost.
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6.5 PCA Analysis
As previously mentioned in section 5.1.4, we evaluated dimensionality reduction
(PCA) on the preprocessed per-lot and per-timestamp datasets. Using a explained
variance target of 95%, the PCA retained:

• Per-timestamp (61 PV tags → 24 PCA components)

• Per-lot (366 descriptive statistics → 27 PCA components).
The first three principal components (PC) and its top contributors are displayed
in the tables below (see Table 6.16 and 6.17), with the loading of a certain feature
indicating how strongly that feature contributes to the direction of that certain
PC. Additionally a summary of the variance-weighted contributors (Table 6.18
in done across all principal components to give a indication of the single feature
importance for both datasets. Because earlier components explain more variance,
we calculate the overall importance of each feature by summarizing each features
squared loading over all the PCs, weighted by each PC’s explained variance. This
yields a single ranking per feature that reflects both how strongly it loads on each
PC and how much variance those PCs explain. Higher scores therefore indicate
features that are influential across the most informative PCs.

Per-Timestamp
Component (EV share) Top contributors (|loading|)

PC1 (0.421)

HeatZone08 TempBot (0.194)
HeatZone03 TempBot (0.193)
HeatZone06 TempTop (0.193)
HeatZone07 TempTop (0.193)
HeatZone05 TempBot (0.193)

PC2 (0.118)

CoolZone01 Dewpoint (0.296)
CoolZone02 Dewpoint (0.277)
CoolZone03 Dewpoint (0.240)

CoolZone04 WaterTemp (0.237)
CoolZone03 WaterTemp (0.234)

PC3 (0.074)

CoolZone03 Dewpoint (0.314)
Media DewpointTempCoolZone (0.312)

Media ProcessWater(8m) (0.301)
CoolZone04 Dewpoint (0.285)
CoolZone02 Dewpoint (0.265)

Table 6.16: Top variables (absolute loadings) for the first three principal compo-
nents in per-timestamp space. Magnitudes indicate contribution.
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Per-Lot
Component (EV share) Top contributors (|loading|)

PC1 (0.417)

HeatZone07 TempTop-madiff (0.0816)
CoolZone01 WaterTemp-median (0.0814)

HeatZone01 TempTop-std (0.0814)
HeatZone08 TempBot-min (0.0813)

HeatZone07 TempBot-madiff (0.0812)

PC2 (0.113)

CoolZone01 Dewpoint-mean (0.1229)
CoolZone01 Dewpoint-min (0.1216)

CoolZone02 Dewpoint-mean (0.1212)
CoolZone02 Dewpoint-min (0.1206)

Media DewpointCoolZone-mean (0.1184)

PC3 (0.071)

General RotatingFeeder-max (0.1530)
Media CO-MeasureRear-madiff (0.1520)

CoolZone03 CoolFan-max (0.1402)
Output OutletWeight-min (0.1369)

Media DewpointTempRear-max (0.1326)

Table 6.17: Top variables (absolute loadings) for the first three principal compo-
nents in per-lot space. Magnitudes indicate contribution.
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Per-timestamp Per-lot
Feature (score) Feature (score)

Input BinWeight (0.0167) HeatZone04 TempTop-median (0.0028)
Output OutletWeight (0.0167) CoolZone04 CoolFan-median (0.0028)
Output OutletbinWeight (0.0167) HeatZone05 TempTop-mean(0.0028)
General CakeHight (0.0167) HeatZone05 TempTop-median (0.0028)
CoolZone03 WaterFlow (0.0166) HeatZone04 TempTop-mean (0.0028)
Media OxygenLevelCoolZone (0.0166) HeatZone07 TempTop-mean (0.0028)
HeatZone07 TempTop (0.0166) HeatZone04 TempBot-median (0.0028)
HeatZone04 TempTop (0.0166) HeatZone03 TempBot-median (0.0028)
HeatZone06 TempTop (0.0166) HeatZone07 TempTop-median (0.0028)
HeatZone05 TempTop(0.0166) HeatZone05 TempBot-median(0.0028)
HeatZone05 TempBot (0.0166) CoolZone03 CoolFan-min (0.0028)
HeatZone03 TempBot (0.0166) CoolZone02 CoolFan-std (0.0028)
HeatZone04 TempBot (0.0166) CoolZone03 CoolFan-madiff (0.0028)
HeatZone06 TempBot (0.0166) CoolZone02 CoolFan-madiff (0.0028)
HeatZone07 TempBot (0.0166) CoolZone03 CoolFan-std (0.0028)

Table 6.18: Global variance-weighted contributors across all PCs — per-timestamp
vs per-lot

The large reduction in features to principal components, for both datasets, in-
dicate a strong correlation between the features in the original datasets. This is of
course to be expected as many of the measured signals from the real-life process
are heavily correlated (such as temperature measurements in heat zones). This
can be seen by the top contributors of the PCs where, for example, PC1 from both
datasets has many HeatZone components and PC2 consists of features concern-
ing the CoolZones. From the global variance-weighted contributions in Table 6.18
we note that the temperature measurements from the heat zones are important
features in both datasets and the per-lot datasets prioritizes CoolZone features
whereas the per-timestamp dataset emphasizes features such as weight. Another
conclusion we can draw from the per-lot column in Table 6.18 is that median and
mean features seem to be more significant that other descriptions. Noteworthy
however is that the score ranking the contributions indicates that the difference
in weighted contribution is minimal ( 1

61 ≈ 0.0164 and 1
366 ≈ 0.0027) and thus the

results of the PCA analysis does not seem to be of large significance as most fea-
tures are moderately equally weighted, which is one reason why the dimensionally
reduced PCA datasets where not used during the final model evaluations.
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Chapter 7

Results and Discussion

In this section results of the best performing models, one from each of the "model
families" (linear, ensemble/tree based and sequence models) are discussed and
compared.

7.1 Elastic Net
The elastic net is a strong-performing model for the annealing process. Its com-
bined ℓ1 and ℓ2 penalties allow it to remove unimportant features and also group to-
gether collinear features, shrinking them together, which keeps them in the model.
The hyperparameter tuning for each output clearly shows how α and λ impact
each other, with the existence of favourable ranges and areas for which we receive
a lower test score. This allows us to make some assumptions of the analysis data
we are predicting.

Output 1, which is predicting the weight percent of the smallest particles SH-
45, and especially output 6, which is the weight percent of oxygen in the metal
powder, benefit from having a higher α value. This leads to a higher regularization,
and the model becomes more aggressive in its shrinking and removal of features.
This is helpful for data that is either very noisy or has a high variance. Outputs
2-5, all have moderately small α values, suggesting the data here is clear and
should not be regularized. A lower α means the model behaves more closely to a
linear regression, suggesting there are more independent features contributing to
predicting the outcome.

The values of the α, which determines if the elastic net should lean more to-
wards a LASSO (removing features) or ridge (shrinking). Outputs 1, 2 , 5, 6 all
showed low values as optimal after the tuning, which results in a more ridge-like
model, suggesting many features may be collinear but are all helpful and meaning-
ful. Output 3, which is the weight percent distribution of the larger particle size
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SH1521 had the optimal ℓ1 ratio score of α = 0.95, which sets the elastic net very
close to a LASSO model. For predicting this output, there exist only a few strong
predictors among the features; the optimal strategy in this scenario is to remove
features that are not meaningful, which ℓ1-regularization does swiftly. Output 4,
which is the chemical weight percent of carbon, benefited from a mix between both
models.

The SHAP analysis presented 3 features that received a non-zero score for 5
out of 6 outputs. These were HeatZone08>TempBot, Media>DewpointCoolZone,
and HeatZone06>TempBot. There were 4 more features that appeared in 4 out
of 6 outputs, and many more appeared in 3. Curiously, the SHAP analysis did
not select a single feature for the last output. This connects well to expectations,
considering the optimal α value was 10, which was the highest value tested. The
elastic net also presented a negative R2 score for this output, meaning the model
did not find any patterns for this particular outcome and predicted worse than
the mean of the data. It is clear that the elastic net struggles with this output.
Comparing the evaluation metrics to other models, the elastic net outperforms
both the ℓ1, and ℓ2 regularization for almost all outputs and all metrics, this a
sign of good hyperparameter tuning. The target variables where the elastic net
produced the best performance were for outputs 1 and output 2, where it generally
achieved better scores than both LSTM and XGBoost/Random Forest.

Prediction for random test lot

Output True Value Predicted Value Absolute Error

SH45 15.100 15.5474 0.4474
SH7510 28.100 29.1361 1.0361
SH1521 8.300 7.1036 1.1964
GD 6.960 6.9517 0.0083
CHC 0.002 0.0014 0.0006
CHO 0.143 0.1472 0.0042

Mean Absolute Error 0.4488

Table 7.1: Predictions by the Elastic Net model for a random test lot.

7.2 LSTM
Looking at the LSTM model’s performance, although it is regularly in the top
ranks, it strangely doesn’t achieve the lowest score for any of the evaluation met-
rics. Comparing it to GRU, the difference is marginal for mean absolute error, but
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is considerably better for root mean square error, suggesting the LSTM handles
outliers better than its simpler counterpart. Experiments showed that having a
single LSTM model for each output was not beneficial for a singular model, allow-
ing it to learn patterns between outputs as well. Looking at the hyperparameter
tuning 6.2 reveals a high degree of randomness within the LSTM. This comes from
the initial weights in the neural networks being random; they are improved using
the backpropagation algorithm and may converge to similar values, but this is not
guaranteed. The only hyperparameter setting that was clearly best was keeping
the layers to 1.

The dropout value is a regularization technique that randomly removes some
nodes in the LSTM’s neural network to prevent overfitting; however this does not
apply for the last layer. This means that for the case of only having 1 layer, the
dropout rate is essentially not doing anything, this is clearly seen in the figures
as there are no trends indicating that the dropout rate is significant to the 1
layer LSTM model. The learning rate seems to have a small impact, figure c)
and figure d) with higher hidden dimensions, show weak signs of a low learning
rate being preferred. The case of neither layer dim, dropout rate or learning rate
having a large impact on the test scores show that the single most important
hyperparameter setting was to set the number of layers to 1.

Looking at the SHAP analysis, due to the non-sparsity we had many con-
tributing features for each output. Summing up the scores over all six outputs
gives us our ten most central features, in the top 3 we find General>MillSpeed,
Media>DewpointTempCoolZone, and CoolZone04>Dewpoint. This difference is
quite substantial but their similar test scores suggest that the way linear and
sequence model utilize data in their predictions are different but equally effective.

Output True Value Predicted Value Absolute Error

SH45 15.1000 14.6208 0.4792
SH7510 28.1000 29.0804 0.9804
SH1521 8.3000 7.9151 0.3849
GD 6.9600 6.9583 0.0017
CHC 0.0020 0.0015 0.0005
CHO 0.1430 0.1466 0.0036

Mean Absolute Error 0.3084

Table 7.2: Prediction by the LSTM model for a random test lot.
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7.3 XGBoost
XGBoost performed very well on all evaluation metrics, achieving the lowest score
out of all models for the nMAE and the joint lowest for nRMSE, tied with random
forest. XGBoost performs especially well for data with little noise and variance,
shown by its lowest nMAE score. Either XGBoost handles data with more outliers
worse or it could be its tree counterpart, random forest that does extra well, shown
by their nRSME scores.

Due to the model having a large number of hyperparameters, the tuning of
internal settings was not as simple as for the other models. The testing showed
that some hyperparameters all found similar values for all outputs such as the
subsample size or colsample_bytree, shown in ??, while others presented a range
of different values, for example the regularization lambda and alpha. These may
need extra tuning to find the true optimal values.

Looking at the SHAP results, we find some patterns for each output. The size
distributions, which are the first 3 outputs, all show similar features, while the
last 3 show more unique features. The combined SHAP scores show CoolZone2 as
being the most vital part of the process.

Prediction of random test lot

Output True Value Predicted Value Absolute Error

SH45 15.9000 14.5204 1.3796
SH7510 27.3000 28.0396 0.7396
SH1521 7.7000 7.8245 0.1245
GD 6.9500 6.9517 0.0017
CHC 0.0012 0.0018 0.0006
CHO 0.1780 0.1451 0.0329

Mean Absolute Error 0.3798

Table 7.3: Predictions by the XGBoost model for a random test lot.

7.4 Comparisons
All models fail to achieve a positive R2 score for the last output. This is a very
curious result, as the other metrics do not indicate any substantially worse per-
formances for this particular output. The common cause for this would be the
R2 score being dependent on the output’s variance, see 3.1.1. An output with low
variance or a lot of noise, may result in a low R2 score, but this does not necessarily
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indicate that the model is performing badly. The table 4.2 shows that output 6, or
CHO, has the joint lowest normalized std together with output 1. This, together
with the fact that this output also has a considerably low mean compared to the
other outputs, may be the reason why this metric is negative for all 3 models.

The violin plots for all three models show similar trends. The lowest absolute
errors, corresponding to the height of each violin shape, was for output 2, which
was the SH7510 size distribution. The highest absolute error was for output 5,
which was CHC, a carbon weight percent measure of the powder.
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Chapter 8

Conclusion and Future Work

The conclusions we can deduce from this thesis are presented in a short summary,
while we also suggest improvements and future work that could be made.

8.1 Conclusion
We have implemented eight separate machine learning models and evaluated their
performances on the data given to us. The wide range of performance metrics
presented combine to give a robust foundation to draw conclusions from.

Something that can be remarked upon being perhaps unexpected, is that all
three models perform almost identically over all outputs, with only marginal dif-
ferences pushing either model in front of the other. Despite the fundamental
differences in how the elastic net, LSTM, and XGBoost work, training the models
on the same dataset, leads them to arrive at the same conclusions. This is evident
in the performance metric tables as well as the violin plots. The SHAP analysis
presents the features that are most influential for the model’s predictions. This the-
sis is a benchmark and initial investigation for machine learning’s potential within
powder metallurgy processes and highlights its strengths and where improvements
must be made. In conclusion, we can say that our thesis has succeeded to some
degree with our purpose with many suggestions for future work presented in the
next section.

8.2 Future Work
There are a number of improvements one could make to further expand and im-
prove on the results found in this thesis. A straightforward improvement would be
to increase the available data volume and to improve the alignment between the
recorded data and the physical annealing process it represents. During this thesis,
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the production- and analysis data were linked together using the lot key as an
identifier, as described in Section 5.1. Referring back to Section 4.3, we note that
one production lot covers the time span of around ∼ 20 hours in the annealing
furnaces. A natural next step is to utilize the timestamps from both work centre
exports to implement a time-resolved linkage, instead of using the lot-based linkage
between the features in the production data to the targets in the analysis data.
The analysis data contains a time column named labreceived which indicates
the exact timestamp at which a sample arrives at a lab and is registered by a lab
technical for analyses. In consultation with Höganäs, an estimate for the time
it takes from sample collection completion to when a lab technician registers the
sample (time_lag) could be made. Since we know that the total time it takes for
a sample to be collected is around 4 hours (as mentioned in Section 4.3) we could
instead use the labreceived timestamps to link the analyses to the production
data in the time interval. Let

tlab := labreceived, τlag := expected delay from sampling completion to registration

τsample ≈ 4h.

Then the production interval that most directly “causes” the measured quality
can be approximated as

Isample =
[

tlab − τlag − τsample, tlab − τlag
]

(8.1)

Optionally, a small slack δ (e.g., ±30 min) can be applied to the bounds to account
for operator variability and queueing.
This modification would likely improve the results since now the feature extraction
is narrowed down to the few hours that directly correspond to the sampled pow-
der, rather that the entire ∼20 h lot. Focusing on the more narrow time interval
of Isample would remove unrelated time slices from the whole lot window, reducing
dilution of the feature aggregation and thus tightening the relation between fea-
tures and targets.

This modification would also possibly increase the Number of Samples challenge
discussed in 4.4. The study could also be expanded to include the setpoints (SP)
from the features or use these features instead of the process values (PV). The
setpoints better represent to the actual values which the operators can modify
and tweak on their machines but may have the downside that they have a worse
correlation with the target values, as they do not account for discrepancies, and
thus may produce even worse results for ML the ML models trying to predict the
outcome.
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Appendix A

SHAP Feature Importance

Elastic Net SHAP scores

Output Feature Group SHAP score

1

HeatZone08 > TempBot 0.108
CoolZone02 > Dewpoint 0.061
CoolZone04 > CoolFan 0.057
Media > DewpointCoolZone 0.055
HeatZone08 > TempTop 0.043
Media > HydrogenCoolZone 0.036
HeatZone06 > TempTop 0.032
Media > ProcessWater (8m) 0.030
HeatZone06 > TempBot 0.030

2

HeatZone08 > TempTop 0.511
HeatZone07 > TempTop 0.299
HeatZone08 > TempBot 0.289
HeatZone05 > TempBot 0.199
General > Underpressure 0.188
CoolZone02 > Dewpoint 0.183
HeatZone07 > TempBot 0.182
Media > OxygenLevelCoolZone 0.177
Media > HydrogenCoolZone 0.175

3

CoolZone04 > CoolFan 0.229
HeatZone06 > TempBot 0.101
Media > DewpointCoolZone 0.090
HeatZone08 > TempBot 0.068
Input > BinWeight 0.014

4

HeatZone08 > TempBot 0.148
HeatZone07 > TempTop 0.090
Media > NitrogenFlowWirelock 0.083
HeatZone04 > TempBot 0.072
General > Underpressure 0.070
Media > HydrogenCoolZone 0.055
CoolZone03 > Dewpoint 0.036
HeatZone05 > TempTop 0.018
CoolZone03 > WaterTemp 0.018

5

CoolZone03 > Dewpoint 0.146
HeatZone07 > TempBot 0.121
Media > ProcessWater (8m) 0.119
Media > DewpointCoolZone 0.118
HeatZone08 > TempTop 0.112
HeatZone05 > TempTop 0.100
Media > Currentℓ1 0.099
CoolZone01 > WaterFlow 0.098
Media > NitrogenFlowWirelock 0.096

6 – –

Table A.1: Top 10 SHAP feature groups per output for Elastic Net.
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LSTM SHAP scores

Output Feature Group SHAP score

1

General > MillSpeed 0.003
Media > DewpointTempCoolZone 0.003
Media > ProcessWater (8m) 0.002
General > Underpressure 0.002
CoolZone03 > Dewpoint 0.002
General > MillPower 0.002
CoolZone04 > Dewpoint 0.002
HeatZone01 > TempBot 0.001
CoolZone01 > Dewpoint 0.001

2

CoolZone04 > Dewpoint 0.005
General > MillSpeed 0.004
Media > DewpointTempCoolZone 0.004
CoolZone02 > Dewpoint 0.003
General > Underpressure 0.003
HeatZone01 > TempBot 0.003
Media > ProcessWater (8m) 0.003
General > MillPower 0.003
CoolZone03 > Dewpoint 0.003

3

General > Underpressure 0.003
Media > ProcessWater (8m) 0.003
CoolZone04 > Dewpoint 0.003
General > MillPower 0.002
CoolZone02 > Dewpoint 0.002
CoolZone01 > Dewpoint 0.002
HeatZone01 > TempBot 0.002
General > MillSpeed 0.002
General > VolumeWeight 0.002

4

General > MillSpeed 0.004
Media > DewpointTempCoolZone 0.003
General > MillPower 0.002
General > Underpressure 0.001
CoolZone02 > WaterFlow 0.001
CoolZone01 > Dewpoint 0.001
CoolZone03 > Dewpoint 0.001
General > VolumeWeight 0.001
Media > ProcessWater (8m) 0.001

5

General > MillSpeed 0.005
Media > DewpointTempCoolZone 0.003
General > MillPower 0.003
Input > BinWeight 0.002
Media > ProcessWater (8m) 0.002
CoolZone04 > Dewpoint 0.002
Media > DewpointCoolZone 0.002
HeatZone01 > TempBot 0.002
Media > CO-MeasureRear 0.002

6

CoolZone03 > Dewpoint 0.002
CoolZone04 > Dewpoint 0.002
Input > BinWeight 0.001
Media > DewpointTempCoolZone 0.001
General > MillPower 0.001
General > MillSpeed 0.001
General > Underpressure 0.001
CoolZone02 > Dewpoint 0.001
CoolZone02 > WaterFlow 0.001

Table A.2: Top 10 SHAP feature groups per output for LSTM.
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XGBoost SHAP scores

Output Feature Group SHAP score

1

CoolZone04 > WaterTemp 0.074
Media > DewpointCoolZone 0.036
CoolZone02 > Dewpoint 0.023
HeatZone02 > TempBot 0.021
CoolZone04 > CoolFan 0.021
HeatZone06 > TempBot 0.019
CoolZone02 > WaterTemp 0.018
Media > NitrogenFlowWirelock 0.015
CoolZone03 > WaterTemp 0.013

2

CoolZone02 > WaterFlow 0.220
Media > OxygenLevelCoolZone 0.183
CoolZone02 > Dewpoint 0.145
HeatZone08 > TempTop 0.078
CoolZone02 > CoolFan 0.068
Media > CurrentL3 0.067
Media > HydrogenFurnaceRear 0.057
CoolZone03 > CoolFan 0.049
Media > FurTotalPower 0.046

3

Media > ProcessWater (8m) 0.116
CoolZone04 > CoolFan 0.095
HeatZone08 > TempBot 0.076
Media > DewpointCoolZone 0.072
CoolZone02 > CoolFan 0.067
HeatZone06 > TempBot 0.067
CoolZone02 > Dewpoint 0.058
CoolZone02 > WaterTemp 0.049
Media > CurrentL3 0.045

4

HeatZone06 > TempTop 0.090
HeatZone08 > TempBot 0.061
HeatZone05 > TempBot 0.058
General > BeltForce 0.043
HeatZone08 > TempTop 0.042
CoolZone02 > CoolFan 0.036
CoolZone02 > Dewpoint 0.036
General > MillPower 0.035
HeatZone02 > TempBot 0.034

5

CoolZone01 > WaterFlow 0.185
CoolZone04 > Dewpoint 0.130
General > VolumeWeight 0.093
Media > ProcessWater (12m) 0.088
Media > Currentℓ2 0.067
Media > DewpointCoolZone 0.065
Media > DewpointTempRear 0.050
HeatZone08 > TempBot 0.045
CoolZone01 > Dewpoint 0.041

6

General > CakeHeight 0.158
Media > HydrogenFurnaceRear 0.088
Media > Currentℓ1 0.045
CoolZone02 > CoolFan 0.039
Media > NitrogenFlowWirelock 0.039
CoolZone02 > Dewpoint 0.034
HeatZone04 > TempBot 0.034
Media > HydrogenCoolZone 0.027
General > MillSpeed 0.027

Table A.3: Top 10 SHAP feature groups per output for XGBoost.
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