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Abstract 

 
Lifetime testing in the durable home appliances sector is a time and resource-intensive validation process, especially 
for tumble dryers that require 1600 operating cycles to represent the estimated product lifetime. In practice, 
intermediate decisions are often made around the 320th cycle to accelerate product development; however, these 
decisions largely depend on expert judgment and may fail to detect failures that occur in later cycles. This study 
proposes a data-driven Predictive Quality (PdQ) framework to support early and more reliable evaluation of tumble 
dryer lifetime tests. Due to the limited availability of faulty samples and the difficulty of identifying exact fault onset 
points in long sensor sequences, an unsupervised deep learning (DL) approach was adopted. An LSTM-based 
autoencoder (AE) was trained using healthy C-class machine data to learn normal operating behavior from multivariate 
time-series signals, including power consumption, temperature variables, and control signals. The trained model was 
then evaluated on E-class machine data containing both healthy and faulty test cases. Reconstruction error was used 
as the anomaly score, and a multi-level thresholding structure was applied to classify test behavior into normal, 
warning, and critical risk levels. The model achieved an F1-score of 82.35%. The proposed workflow includes data 
cleaning, preprocessing, model training, anomaly score generation and decision support interpretation. The results 
indicate that the proposed approach has the potential to generate early risk indicators, transform raw test data into 
actionable insights, support operator decisions, and improve the efficiency of lifetime testing processes. 
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1. Introduction 
Increasing global competition in the durable home appliances sector has made the improvement and acceleration of 
R&D and quality control processes a strategic requirement. In particular, lifetime tests conducted to verify the 
reliability of tumble dryers require 1600 operating cycles, which correspond to the estimated 10-year lifetime of the 
product. These long-duration tests result in significant time, energy, labor, and laboratory capacity costs. In industrial 
practice, however, companies often need to make earlier decisions in order to accelerate R&D and product 
development processes. In the company where this study was conducted, an intermediate quality decision is made 
after the 320th cycle, which corresponds to the 2-year warranty point. At this stage, the decision process is mainly 
based on the heuristic judgment and experience of technical staff. Although this approach provides practical support 
for early evaluation, it also carries the risk of missing potential failures that may occur after the 320th cycle. As a 
result, projects may need to return to earlier design or validation stages to correct late-detected failures, which can 
slow down R&D activities and extend product development cycles.  
 
The company conducts lifetime tests on tumble dryers belonging to different energy efficiency classes. In line with 
the European Union energy labelling framework for household tumble dryers, this study uses the energy class 
distinction as a reference point for model validation (European Union, 2023). The main motivation is to transform 
operational data collected from the existing data acquisition (DAQ) infrastructure into meaningful indicators that can 
support test monitoring and decision-making. Due to the nature of industrial lifetime testing, faulty samples are rare, 
while healthy operating data are relatively abundant. This data imbalance makes conventional supervised learning 
approaches less suitable, as they generally require sufficient and balanced datasets. In addition, manually labeling the 
exact start time of a fault in long sensor sequences is costly, time-consuming, and prone to expert-dependent 
uncertainty. Therefore, this study adopts an unsupervised DL approach based on AE architecture. The proposed model 
learns the normal operating characteristics of the system using healthy lifetime test data. Deviations from this learned 
behavior are quantified through reconstruction error and interpreted as anomaly scores. In this way, the model can 
detect not only known fault patterns but also previously unseen abnormal behaviors that differ from the healthy 
reference profile. The main contribution of this study is not the proposal of a new autoencoder architecture, but the 
practical adaptation of an unsupervised reconstruction-based anomaly detection approach to a predictive quality 
decision support problem in long-duration tumble dryer lifetime testing. In this context, the study contributes to the 
literature and industrial practice in five main aspects. First, it addresses lifetime testing as a predictive quality problem 
rather than a conventional predictive maintenance task, focusing on early quality risk assessment before the 
completion of the full test campaign. Second, it develops a data strategy that explicitly considers energy-class-
dependent operating behavior as a potential source of domain shift in tumble dryer data. Third, it transforms LSTM-
autoencoder reconstruction errors into operator-friendly decision levels through a multi-level interpretation structure. 
Fourth, it improves the interpretability of the anomaly detection output by analyzing feature-based reconstruction error 
contributions and linking them with physically meaningful variables. Finally, it provides a preliminary industrial 
validation using real company test data, where the proposed framework is evaluated at the test level under limited but 
realistic healthy and faulty sample conditions. Therefore, the study positions the LSTM-autoencoder not as a 
standalone fault classifier, but as a decision-support component that can generate early risk indicators and support 
data-driven quality evaluation in durable home appliance lifetime testing. 
 
1.1.   Objectives 
The main objective of this study is to develop a data-driven approach that can support the early evaluation of tumble 
dryer lifetime tests without compromising quality assurance requirements. To achieve this objective, the study first 
aims to establish a structured data strategy for the measurements collected through the existing DAQ infrastructure. 
The second objective is to develop a Long Short-Term Memory (LSTM) based AE model that learns healthy operating 
behavior from multivariate time-series data. The final objective is to evaluate the proposed approach on healthy and 
faulty company test data and examine whether the generated anomaly scores can provide meaningful support for test-
level evaluation. In addition to numerical performance metrics, feature-based error analysis is used to improve 
interpretability and to help quality personnel understand which variables contribute most to abnormal behavior. In this 
way, the study aims to establish a foundation for reducing unnecessary test cycles, minimizing energy-related costs, 
and supporting proactive quality assurance in lifetime testing processes. 
 
2. Literature Review 
Predictive Maintenance (PdM) and PdQ approaches have gained importance with Industry 4.0 due to the increasing 
availability of sensor data in industrial systems. PdM studies generally focus on fault prediction, anomaly detection, 
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remaining useful life estimation, fault classification, time-series forecasting, and condition monitoring (Dalzochio, et 
al., 2020). Although these approaches were first developed mainly for maintenance applications, similar data-driven 
methods can also be adapted to quality control and R&D validation processes. In this study, PdM-based anomaly 
detection is adapted to the lifetime testing of tumble dryers as a PdQ decision support problem. While PdM focuses 
on predicting when equipment will fail and on scheduling maintenance actions to maximize uptime, PdQ targets the 
quality of the product or process output rather than the health of the equipment itself. In the context of tumble dryer 
lifetime testing, PdQ refers to the early identification of test records whose operating behavior is inconsistent with a 
product expected to pass quality validation, enabling accelerated qualification without completing the full 1600-cycle 
protocol. This distinction is important: a PdM framework for this setting would predict when the test bench machinery 
might fail, whereas the proposed PdQ framework predicts whether the product under test exhibits behavior 
inconsistent with a product that would pass—regardless of whether any equipment failure has occurred. Recent PdQ 
literature further supports this perspective. Tercan and Meisen (2022) reviewed machine learning and deep learning-
based predictive quality studies in manufacturing and showed that PdQ applications commonly aim to predict product 
or process quality before final inspection by using production data, process variables and sensor-based measurements. 
Similarly, Kausik et al. (2025) reviewed machine learning algorithms for manufacturing quality assurance and 
emphasized that model selection in industrial quality applications should consider not only accuracy but also 
scalability, computational efficiency, real-time applicability, and suitable performance metrics. These studies indicate 
that predictive quality is not limited to final defect classification; it also includes earlier quality risk estimation and 
data-driven support for operational decision-making. In this context, the present study contributes to PdQ literature 
by focusing on long-duration R&D lifetime tests, where the aim is to generate early quality risk indicators before the 
full test campaign is completed. Several studies emphasize that industrial machine learning applications face 
challenges such as scalability, dynamic operating conditions, high-dimensional sensor data, and limited generalization 
across different machines (Dalzochio, et al., 2020). Carbery et al. (2018) highlighted the importance of preprocessing, 
feature selection, and hybrid modeling strategies for large-scale manufacturing data, while Li et al. (2017) pointed out 
that models trained on data from a single machine may not generalize well to other devices or operating conditions. 
These findings support the need for a robust data strategy before model development, especially in manufacturing 
environments with multiple product types and operating profiles. This issue is particularly relevant for tumble dryer 
lifetime testing because different energy classes may naturally differ in power consumption, temperature behavior, 
and control dynamics. Another major challenge in industrial quality and fault detection problems is data imbalance. 
In real production and test environments, healthy operating data are usually abundant, whereas faulty data are rare and 
difficult to label. Krawczyk (2016) stated that conventional supervised classifiers may become biased toward the 
majority class in imbalanced datasets and fail to detect rare but critical faulty cases. In addition, labelling the exact 
starting point of a failure in long lifetime test sequences is costly and requires expert knowledge. Therefore, 
unsupervised or semi-supervised anomaly detection approaches are more suitable for this study. AE-based DL models 
provide an effective solution to this problem because they can be trained only on healthy data and detect deviations 
from normal behavior through reconstruction error. Zhao et al. (2019) emphasized that deep learning models, 
especially autoencoders, can automatically learn hierarchical features from raw sensor data and reduce the need for 
manual feature engineering.  
 
Aslam et al. (2024) also used reconstruction error as an anomaly score after training an AE on normal operating data. 
This principle is directly aligned with the aim of the present study, where the model learns healthy tumble dryer 
behavior and identifies abnormal test behavior through reconstruction error. Since lifetime test data are multivariate 
time series, temporal dependencies between consecutive sensor readings are critical. Recent multivariate time-series 
anomaly detection literature has expanded from reconstruction-based recurrent models toward attention-based and 
transformer-based architectures. Wang et al. (2025) provided a structured survey of deep anomaly detection methods 
for multivariate time series and classified recent studies according to learning paradigms and model architectures. 
TranAD, proposed by Tuli et al. (2022), is an example of a modern transformer-based anomaly detection model that 
uses attention-based sequence encoders, self-conditioning, and adversarial training to improve anomaly detection and 
diagnosis in multivariate time-series data. These studies show that the field is moving toward more advanced temporal 
representation learning methods. However, such models may require larger datasets, more careful tuning, and higher 
deployment complexity in small industrial validation settings. Different AE variants have been proposed in the 
literature, including sparse, denoising, contractive, convolutional, and recurrent autoencoders (Zhang et al. (2018); Li 
et al. (2023)). Among these alternatives, LSTM-based autoencoders are particularly suitable for sequential industrial 
data because they can model temporal dependencies while preserving a reconstruction-based anomaly detection 
structure.  Malhotra et al. (2016) showed that LSTM encoder-decoder models can capture temporal dependencies in 
multi-sensor time-series anomaly detection problems. Similarly, Ahmad et al. (2020) applied LSTM autoencoders to 
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rotating machine condition monitoring and reported strong anomaly detection performance using the NASA IMS 
Bearing dataset vibration data (Lee et al. 2007). More recently, Lee et al. (2024) used an LSTM-autoencoder-based 
unsupervised anomaly detection approach on wind turbine vibration data, demonstrating that LSTM-AE structures 
remain relevant for learning normal patterns and detecting deviations in industrial time-series systems. Although the 
present study does not use vibration signals, these studies demonstrate that LSTM-AE architectures are effective for 
learning sequential dependencies and detecting abnormal behavior from sensor-based operational data. Therefore, 
LSTM-AE was selected in this study as a practical and interpretable reconstruction-based architecture suitable for 
limited faulty data, sequential sensor patterns, and DSS-oriented output interpretation. For model evaluation, the 
reconstruction error was compared with predefined threshold levels to classify the system state as normal, warning, 
or critical. This structure was adapted from the traffic-light-based anomaly interpretation approach proposed by 
Givnan et al. (2022) for industrial motor monitoring.  
 
In the present study, this logic was used to transform reconstruction-error outputs into operator-friendly decision levels 
within the PdQ decision support framework. Performance is evaluated using a confusion matrix and metrics such as 
accuracy, precision, recall, F1-score, false positive rate, false negative rate, and Matthews Correlation Coefficient 
(Chicco & Jurman, 2020). These metrics are preferred because accuracy alone may be misleading in imbalanced 
industrial datasets (Krawczyk 2016; Aslam et al. 2024; Givnan et al. 2022). Existing predictive maintenance studies 
have widely used reconstruction-based anomaly detection for machine health monitoring; however, these studies 
mainly focus on maintenance-oriented fault detection or remaining useful life estimation. In contrast, predictive 
quality applications in manufacturing mostly address production-stage quality prediction or final defect estimation. 
Long-duration R&D lifetime tests, where the objective is to support early quality evaluation before the completion of 
the full test campaign, remain less explored. This setting introduces additional challenges, including scarce faulty 
samples, uncertain fault-onset labels, test-level rather than window-level ground truth, and operating-profile 
differences across energy classes. Therefore, there is a need for a practical PdQ decision-support framework that can 
transform reconstruction-error patterns into interpretable risk levels for lifetime test monitoring rather than acting as 
a fully autonomous fault classifier. Overall, LSTM-AE models are well-suited for detecting abnormal behavior in 
multivariate industrial time-series data when faulty labels are limited. However, existing studies predominantly 
address maintenance-oriented fault detection for rotating machinery, while long-duration R&D lifetime tests for 
consumer appliances -where the objective is early quality risk assessment rather than equipment maintenance 
scheduling- remain underexplored. In this setting, additional challenges arise ground-truth labels are available only at 
the test-record level, the number of faulty records is small, and the model must generalize across energy-class profiles 
not seen during training. The present study targets this specific gap by adapting an LSTM-AE reconstruction-error 
framework to tumble dryer lifetime testing and embedding its output into a PdQ decision support structure with 
operator-interpretable risk levels. 
 
3. Methods 
The overall process consists of five main stages: current system analysis, data preparation, unsupervised model 
training, reconstruction-error-based anomaly scoring, and decision support interpretation. The general workflow of 
the proposed methodology is shown in Figure 1. The process starts with the analysis of the current lifetime testing 
system and the definition of the PdQ problem and objectives. Then, multivariate operational data are analyzed, 
cleaned, and preprocessed. After preprocessing, the LSTM-based AE model is trained using healthy operating data. If 
the training performance is not acceptable, model parameters are tuned and the training process is repeated. Once the 
model reaches an acceptable training behavior, reconstruction errors are generated and risk levels are applied. Finally, 
the outputs are evaluated in terms of their suitability for decision support. If the outputs are not meaningful for 
operational interpretation, the process returns to the data preparation stage for further refinement. If the outputs are 
valid, they are transformed into decision support outputs for prototype deployment. 
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Figure 1. Flowchart of the proposed Predictive Quality decision support methodology. 
 

The dataset consists of multivariate time-series signals representing power, temperature, and control behavior. In 
preprocessing stage, inconsistent observations, missing values, and signal-level irregularities were handled before 
model training. The preprocessed data were then structured into fixed-length sequential windows. This window-based 
structure enables the model to learn not only instantaneous sensor values but also temporal dependencies among 
consecutive measurements. In the modelling stage, an LSTM-AE architecture was used. Autoencoders are neural 
network models that learn a compressed latent representation of the input and reconstruct the original data from this 
representation. In this study, the AE principle is used for anomaly detection. The model is trained only on healthy 
operating data; therefore, healthy patterns are expected to be reconstructed with relatively low errors. In contrast, 
faulty or abnormal operating patterns are expected to generate higher reconstruction errors because they deviate from 
the learned healthy reference behavior. The recurrent structure of the model is based on LSTM cells. LSTM networks 
are suitable for sequential industrial data because they can model temporal dependencies and preserve information 
from previous time steps. This property is important for lifetime test data, where current machine behavior may depend 
on previous patterns. The architecture used in this study is presented in Figure 2. 

 
 

Figure 2. LSTM-based autoencoder architecture used for reconstruction-based anomaly detection. 
 
The input sequence is represented as: 

Χ𝑖𝑖  ∈  ℝ𝑇𝑇×𝑃𝑃 
 
where 𝑋𝑋𝑖𝑖 denotes the 𝑖𝑖𝑡𝑡ℎ input window, 𝑇𝑇 is the sequence length, and 𝑃𝑃 is the number of input variables. In 
implementation, the input tensor is processed in batch form as: 
 

Χ ∈  ℝ𝐵𝐵×𝑇𝑇×𝑁𝑁𝑖𝑖𝑖𝑖 
 
where 𝐵𝐵 is the batch size and 𝑁𝑁𝑖𝑖𝑖𝑖 is the number of input sensor variables. In the encoder section, the first LSTM layer 
maps the input sequence into a 128-dimensional hidden representation. The second LSTM layer compresses this 
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representation into a lower-dimensional embedding space with dimension 𝐷𝐷𝑒𝑒𝑒𝑒𝑒𝑒. The final hidden state of the encoder 
is used as the latent representation: 
 

𝓏𝓏𝑖𝑖 =  𝐸𝐸𝐸𝐸𝐸𝐸𝜃𝜃(𝑋𝑋𝑖𝑖) 
 
where 𝑧𝑧𝑖𝑖 summarizes the temporal behavior of the input window. In the decoder section, the latent representation is 
repeated across the sequence length and passed through an LSTM layer to reconstruct the temporal structure of the 
original input. A final linear layer maps the decoder output back to the original input dimension. The reconstructed 
sequence is obtained as 
 

𝑋𝑋�𝑖𝑖 =  𝐷𝐷𝐷𝐷𝐷𝐷𝜃𝜃(𝓏𝓏𝑖𝑖) =  𝑓𝑓𝜃𝜃(𝑋𝑋𝑖𝑖) 
 
where 𝑋𝑋�𝑖𝑖 denotes the reconstructed version of the original input window and 𝜃𝜃 represents the trainable model 
parameters. The encoder compresses the multivariate input sequence into a lower-dimensional latent representation, 
while the decoder reconstructs the original sequence from this representation. The reconstruction error between the 
input sequence and the reconstructed output is used as the anomaly score. The model parameters are optimized by 
minimizing the reconstruction loss between the original input sequence and the output sequence. For each observation, 
the reconstruction error is defined as: 
 

𝑒𝑒𝑖𝑖,𝑡𝑡,𝑗𝑗 =  𝑥𝑥𝑖𝑖,𝑡𝑡,𝑗𝑗 −  𝑥𝑥�𝑖𝑖,𝑡𝑡,𝑗𝑗 
 
where 𝑥𝑥𝑖𝑖,𝑡𝑡,𝑗𝑗 is the original value of the 𝑗𝑗𝑡𝑡ℎ variable at time step 𝑡𝑡 in window 𝑖𝑖, and 𝑥𝑥�𝑖𝑖,𝑡𝑡,𝑗𝑗 is the corresponding 
reconstructed value. To reduce the excessive influence of isolated large deviations during training, the reconstruction 
objective was formulated using the SmoothL1 loss. This loss behaves quadratically for small reconstruction errors and 
linearly for larger deviations: 
 

ℓ𝛽𝛽(𝑒𝑒) =  

⎩
⎨

⎧ 1
2
𝑒𝑒2

𝛽𝛽
, 𝑖𝑖𝑖𝑖 |𝑒𝑒| < 𝛽𝛽

|𝑒𝑒| −
1
2
𝛽𝛽,   𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 

 
Accordingly, the overall training objective is expressed as: 
 

ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ𝐿𝐿1(𝜃𝜃) =  
1

𝑁𝑁𝑁𝑁𝑁𝑁
���ℓ𝛽𝛽(𝑥𝑥𝑖𝑖,𝑡𝑡,𝑗𝑗 −  𝑥𝑥�𝑖𝑖,𝑡𝑡,𝑗𝑗)

𝑃𝑃

𝑗𝑗=1

𝑇𝑇

𝑡𝑡=1

𝑁𝑁
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where 𝑁𝑁 is the number of training windows, 𝑇𝑇 is the sequence length, and 𝑃𝑃 is the number of input variables. 
SmoothL1 loss is suitable for industrial lifetime test data because sensor noise, transient operating changes, and 
imperfectly filtered observations may exist even in data accepted as healthy. Therefore, the loss function preserves 
sensitivity to normal reconstruction differences while preventing a small number of extreme windows from 
dominating the optimization process. For each test window, the anomaly score is calculated as the average squared 
reconstruction error across all time steps and variables: 
 

𝑠𝑠𝑖𝑖 =  
1
𝑇𝑇𝑇𝑇

��(𝑥𝑥𝑖𝑖,𝑡𝑡,𝑗𝑗 −  𝑥𝑥�𝑖𝑖,𝑡𝑡,𝑗𝑗)2
𝑃𝑃

𝑗𝑗=1

𝑇𝑇

𝑡𝑡=1

 

 
A low anomaly score indicates that the observed window is consistent with the learned healthy operating behavior. A 
high anomaly score indicates that the temporal pattern of the test window deviates from the healthy reference profile 
learned by the model. To make the reconstruction error output suitable for decision support, a multi-level thresholding 
strategy was applied. Percentile-based thresholds were derived from the reconstruction error distribution of healthy 
validation windows. This prevents information leakage because the threshold values are not calculated from test data. 
Let the set of validation anomaly scores be defined as: 
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𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣 =  {𝑠𝑠1, 𝑠𝑠2 … 𝑠𝑠𝑚𝑚} 
 
The warning and critical thresholds are calculated as percentile values of the healthy validation score distribution: 
 

𝜏𝜏𝑊𝑊 = 𝑄𝑄𝑞𝑞2(𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣) 
𝜏𝜏𝐶𝐶 = 𝑄𝑄𝑞𝑞3(𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣) 

 
where 𝑄𝑄𝑞𝑞(⋅) represents the 𝑞𝑞𝑡𝑡ℎ percentile of the validation score distribution, 𝜏𝜏𝑊𝑊 is the warning threshold, and 𝜏𝜏𝐶𝐶 is 
the critical threshold. The operational risk level of a test window is then defined as: 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑠𝑠𝑖𝑖) =  �
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁, 𝑠𝑠𝑖𝑖 ≤ 𝜏𝜏𝑊𝑊

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊, 𝜏𝜏𝑊𝑊 < 𝑠𝑠𝑖𝑖 ≤ 𝜏𝜏𝐶𝐶  
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶, 𝑠𝑠𝑖𝑖 > 𝜏𝜏𝐶𝐶

 

 
This multi-level structure is more appropriate for industrial decision support than a single hard threshold. It allows the 
model output to distinguish between acceptable healthy variation, suspicious deviation, and critical abnormal behavior. 
Therefore, decision makers can interpret the model output gradually rather than relying on an immediate binary 
healthy/faulty classification. The selected architecture size was considered sufficient for the available dataset and the 
targeted performance level. However, the number of LSTM layers, hidden units, embedding dimension, and sequence 
length are not fixed design choices for all industrial cases. These parameters may vary depending on the number of 
input variables, the amount of available training data, the complexity of the machine behavior, and the expected 
anomaly sensitivity. Therefore, for larger datasets or different product groups, the model architecture can be re-tuned 
to improve generalization and detection performance. Finally, model performance was evaluated at the test level using 
the confusion matrix and related classification metrics. In addition to numerical performance metrics, feature-based 
reconstruction error analysis was performed to identify which variables contributed most to the anomaly score. This 
step supports interpretability by linking the model output with physically meaningful machine behavior. 
 
4. Data Collection and Experimental Setup 
The data used in this study were collected from tumble dryer lifetime tests conducted in the company’s R&D 
laboratory. The available data were obtained from the existing DAQ infrastructure used in the laboratory. The main 
variables considered in this study include power consumption, temperature measurements, and control signals related 
to the thermal and operational behavior of the machine. In particular, hot air temperature from front duct (represented 
as T2) and compressor outlet (represented as T3) temperature signals, power values, and compressor on/off signal 
(represented as binary HEATER CMD) were selected because they provide information about heating behavior, 
compressor-related thermal response, and control logic during dryer operation. Since the collected measurements are 
time-dependent, the data were organized as multivariate time series. To improve the reproducibility and transparency 
of the experimental design, the dataset structure and model configuration are summarized in Table 1. The training data 
consisted only of healthy C-class machine records, while the external evaluation was performed on 8 kg E-class 
machine records including both healthy and unhealthy test cases. Preliminary data analysis showed that different 
energy classes may exhibit distinct power consumption, temperature response, and control behavior patterns. 
Therefore, energy class was accepted as the main segmentation axis in the data strategy. This separation was necessary 
to prevent the model from interpreting natural operating differences between energy classes as anomalies during 
training. However, due to the available industrial data structure, the initial experimental evaluation was designed as a 
preliminary cross-class robustness assessment. Healthy C-class data were used to learn the reference operating 
behaviour, while 8 kg E-class data, including both healthy and faulty test cases, were used during inference to examine 
whether the model could still generate meaningful anomaly indicators under a different energy-class operating profile. 
The faulty test group was formed based on information provided by the industrial advisor. Therefore, the reported 
performance should be interpreted as reflecting both anomaly detection capability and preliminary cross-class 
robustness, rather than as a pure same-domain fault detection benchmark. Before model training, raw data were 
cleaned, temporally aligned, and transformed into a consistent multivariate time-series format. The raw records were 
processed through source-specific preprocessing steps, including timestamp parsing, numerical type conversion, 
missing-value handling, and temporal alignment. The time-series records were resampled to a 1-second frequency in 
order to obtain a consistent sampling structure across the selected variables. Missing or inconsistent numerical 
observations were handled during preprocessing, and the selected variables were standardized using a StandardScaler 
fitted only on the healthy training data. The same scaler parameters were then applied to validation and inference data 
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to avoid information leakage. The healthy reference dataset was divided into training and validation subsets at the 
cycle level rather than at the individual window level. In the final experimental run, 32 healthy C-class reference 
records were used for training, and 9 healthy C-class reference records were used for validation. These records were 
collected from 7 C-class tumble dryer machines, providing variation in test history and machine-level operating 
characteristics across the training data. These records produced 15,424 training windows and 4,186 validation 
windows, respectively. The external test-level evaluation was performed on 17 labelled E-class records, including 7 
healthy records and 10 unhealthy records. The unhealthy group was defined based on field information provided by 
the industrial advisor, and the known fault mechanism was associated with a compressor-related problem. Since the 
exact window-level fault onset was not available, the labels were used at the test-record level. The time-series data 
were divided into fixed-length sequential windows with a sequence length of 20-time steps.  
 
Since the data were resampled to a 1-second frequency, each input window represented approximately 20 seconds of 
machine behavior. Non-overlapping windows were used in the current implementation; therefore, the window stride 
was equal to the window length, corresponding to a stride of 20-time steps and an overlap ratio of 0%. Remaining 
rows that did not form a complete final window were discarded. This windowing strategy enabled the LSTM-AE to 
learn short-term temporal dependencies among consecutive measurements rather than evaluating each observation 
independently. Since multiple windows can belong to the same physical test record, the final performance evaluation 
was conducted at the test-record level rather than at the window level. This choice prevents the performance metrics 
from being artificially inflated by highly correlated window-level samples. The final model configuration was selected 
based on preliminary experiments in which different hidden layer sizes, embedding dimensions, dropout rates, batch 
sizes, and learning rates were tested. In the encoder, the input sequence was mapped into 128 and 64 hidden units and 
then compressed into a 32-dimensional latent representation. The decoder followed a symmetric structure to 
reconstruct the original multivariate sequence. Adam optimizer was used with a learning rate of 0.0003, batch size of 
64, and dropout rate of 0.05. Threshold values were calculated from the reconstruction-error distribution of healthy 
C-class reference windows. The E-class test data were not used during threshold selection; therefore, the thresholding 
process did not include test-set information. A percentile-based strategy was preferred because the absolute scale of 
reconstruction error may vary depending on preprocessing, selected variables, model configuration, and data 
distribution. Therefore, thresholds were defined relative to the healthy reference distribution rather than as fixed 
universal error values. In the final configuration, the 95th percentile was used as the warning-level boundary, while 
the 99th percentile was used as the critical-level boundary. The 99th percentile was selected because it represents the 
upper tail of the healthy reference error distribution and provides a conservative decision boundary that limits false 
alarms from transient operating fluctuations in healthy records. A threshold sensitivity check shown in Table 1 
confirmed this choice: lower percentiles raised the critical-window ratio in healthy records, while higher percentiles 
reduced sensitivity to faulty patterns; the 99th percentile offered the best balance between sensitivity and false-alarm 
control. Since the model generates anomaly scores at the window level, the final numerical evaluation was performed 
at the test-record level: a test record was classified as suspicious or unhealthy when its reconstruction-error pattern 
showed critical-level deviations according to the multi-level threshold structure. 
 

Table 1. Threshold sensitivity check based on critical-window ratios 
 

Critical 
percentile 

Critical 
threshold 

Healthy critical 
windows 

Faulty critical 
windows Interpretation 

95.0 0.022178 112 / 3,426 
(3.27%) 

9,650 / 10,509 
(91.83%) 

Highly sensitive, but higher 
false-alarm risk 

97.5 0.271110 22 / 3,426 (0.64%) 7,334 / 10,509 
(69.79%) 

More conservative, still 
sensitive 

99.0 2.131119 2 / 3,426 (0.06%) 6,306 / 10,509 
(60.01%) Selected operating point 

99.5 2.717004 1 / 3,426 (0.03%) 5,507 / 10,509 
(52.40%) 

Very conservative, lower 
sensitivity 

 
5. Results and Discussion 
5.1 Numerical Results 
The numerical evaluation was conducted at the test level using healthy and unhealthy small test groups. The healthy 
test set included 7 cycles, while the faulty test set included 10 cycles. According to the information provided by the 
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industrial advisor, a compressor-related fault occurred at around test 800th cycle, and the following 10 tests were 
considered unhealthy since the machine did not return to its normal operating behavior. At the test level, a sample was 
classified as suspicious or unhealthy if the reconstruction-error-based anomaly score exceeded the defined multi-level 
threshold structure and enters the red area. As shown in Table 2, the model produced promising results; however, due 
to the limited test-level dataset, its reliability should be interpreted cautiously at this stage. 
 

Table 2. Confusion matrix 
 

Actual Condition Predicted Healthy Predicted Unhealthy 
Healthy 7 0 

Unhealthy 3 7 
 
To contextualize the proposed framework, simpler anomaly detection baselines, including PCA-based anomaly 
detection, Isolation Forest, and One-Class SVM, were also examined. Under the current limited test-level evaluation 
setting, these methods produced comparable performance to the proposed LSTM-AE. This result should be interpreted 
cautiously, since the evaluation set contains only 17 labelled test records and different models may obtain identical 
metrics when they classify the same records correctly or incorrectly. Therefore, the current baseline comparison does 
not provide sufficient evidence to claim clear performance superiority for the LSTM-AE. Nevertheless, the LSTM-
AE was retained as the main framework because it explicitly models sequential dependencies in multivariate lifetime 
test data, while the tested baselines mainly treat window-level observations as independent feature vectors. Thus, the 
contribution of the proposed approach lies not in outperforming all baselines on a small test set, but in providing a 
temporally consistent and interpretable reconstruction-error framework for PdQ-oriented decision support. The 
resulting performance metrics are presented in Table 3. The model achieved an F1-score of 82.35%. The Matthews 
Correlation Coefficient was calculated as 0.70, indicating a strong positive association between the model predictions 
and the actual test conditions. Since the evaluation was performed on only 17 labelled test records, the reported metrics 
should be interpreted as preliminary indicators of performance rather than definitive estimates of real-world 
generalization capability. 
 

Table 3. Performance metrics 
 

Metric Value 
F1-Score 82.35% 

False Positive Rate 0% 
False Negative Rate 30% 

Matthews Correlation Coefficient 0.70 
 
5.2 Graphical Results 
The graphical results support the numerical findings by showing the reconstruction error behavior of healthy and 
faulty tests. Figure 3 presents the score overview for the healthy test set. The reconstruction error values remain within 
the normal operating region, and no warning or critical alarm is observed. 
 

 
 

Figure 3. Reconstruction error score overview for healthy test data 
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Figure 4 presents the score overview for the faulty test group. Several tests exceed the warning or critical anomaly 
regions, indicating that the model can detect deviations from the healthy reference profile. In particular, test 807 shows 
the strongest abnormal behavior, with a high number of alarm windows and a clear separation from the normal region. 
Tests 802, 804, and 810 also present noticeable anomaly patterns. However, tests 801, 805, and 806 remain mostly 
within the normal region, which explains the false negative cases reported in the numerical results. This result suggests 
that the current thresholding strategy may not be sufficiently sensitive to all faulty operating patterns. In other words, 
some unhealthy tests may produce reconstruction errors that are higher than typical healthy behavior but remain below 
the selected alarm thresholds. Therefore, the missed detections can be interpreted partly as a threshold calibration 
problem rather than solely as a model learning limitation. From a quality assurance perspective, these false negative 
cases are particularly important because unhealthy tests may be incorrectly interpreted as normal operating behavior. 
Consequently, the proposed framework should be considered as a decision-support tool rather than a fully autonomous 
decision mechanism. To reduce missed detections, future work should focus on threshold refinement, larger validation 
datasets, and more robust decision logic incorporating consecutive-window behavior and operating-phase-specific 
anomaly criteria. 

 
 

Figure 4. Reconstruction error score overview for faulty test data 
 
Feature-based reconstruction error analysis was also performed to improve interpretability. Figure 5 shows that the 
highest error contribution in the faulty test group is associated with the HEATER CMD variable, followed by the T2 
and T3 temperature variables. Power has a lower average error contribution compared with the other variables. This 
finding indicates that the detected anomalies are not only related to total power consumption but also to the relationship 
between control behavior and thermal response. 
 

 
 

Figure 5. Feature-based reconstruction error distribution for faulty test data 
 
This result is consistent with the information provided by the industrial advisor. The high error contribution of 
HEATER CMD supports this information, since this signal is associated with the control behavior of the compressor. 
Similarly, the T3 error contribution is meaningful because T3 reflects compressor-related temperature behavior. 
Therefore, the feature-based error analysis strengthens the physical interpretability of the model output. 
 
5.3 Proposed Improvements 
Although the obtained results are promising, several improvements are required to increase the model’s reliability and 
quality decision performance. First, the healthy validation set used in this study was limited. Therefore, the false 
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positive rate of 0% should be interpreted carefully. To validate the model more strongly, the dataset should be expanded 
with longer and more diverse healthy test records collected from different machines, operating conditions, and test 
cycles. Second, the thresholding strategy should be recalibrated after increasing the amount and diversity of validation 
data. Since the current thresholds are derived from a limited healthy reference distribution, they may not fully represent 
the natural variability of the machine under different test conditions. A larger validation set would allow more reliable 
estimation of normal, warning, and critical regions. In this way, the model could become more sensitive to faulty 
behavior while still controlling the false alarm risk. Third, the number of input variables can be increased to represent 
the machine behavior more comprehensively. The current model uses power, temperature, and control signals; 
however, additional sensor channels, derivative-based features, drift indicators, and cycle-level trend variables may 
help capture fault-related behavior that is not sufficiently visible in the current feature set. This improvement is 
especially important for reducing false negative cases, where faulty tests remain within the learned healthy variation 
range. Finally, monitoring shifting in reconstruction error trends across successive test cycles may provide a 
degradation indicator, enabling the framework to evolve toward broader condition monitoring and remaining useful 
life analysis. 
 
6. Conclusion 
This study demonstrated that an unsupervised LSTM-based autoencoder can be used to generate meaningful anomaly 
indicators for the early evaluation of tumble dryer lifetime tests. The model achieved an F1-score of 82.35%, indicating 
that reconstruction-error-based anomaly scores can provide meaningful information for distinguishing healthy and 
unhealthy test behaviour. However, the observed recall of 70% and false negative rate of 30% demonstrate that some 
unhealthy tests remain undetected. Consequently, the proposed framework should not yet be interpreted as a fully 
automated acceptance or rejection mechanism. Instead, it should be viewed as a predictive quality decision-support 
tool that assists engineers by providing early risk indicators and interpretable anomaly information. Importantly, the 
false positive rate of 0% across all healthy test records indicates that the model does not generate unnecessary alarms 
on normal operating behavior, which is a critical property for maintaining operator trust in industrial decision support 
applications. As a preliminary robustness indicator, the threshold sensitivity results show that across the four tested 
percentile levels, the critical-window ratio in healthy records remained below 3.27% even at the most sensitive 
threshold, while the ratio in faulty records consistently exceeded 52% at the most conservative threshold. This stable 
separation across threshold variants suggests that the model's discriminative behavior is not critically dependent on 
the precise threshold choice within the tested range. Furthermore, the model's ability to identify anomalous windows 
well before the end of a test record demonstrates a practically relevant early warning capability that supports proactive 
quality evaluation rather than post-hoc fault analysis. Feature-based analysis confirmed that HEATER CMD and 
compressor temperature variables drove the anomaly scores, consistent with the known fault mechanism. Overall, the 
study shows that reconstruction-error-based anomaly detection can support the transition from experience-based 
lifetime test evaluation toward data-driven predictive quality assessment. With broader validation data, improved 
threshold calibration, and additional sensor-based features, this framework can be further developed into a more 
reliable decision support system for lifetime testing. 
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