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Dept. of Industrial Eng.
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ABSTRACT

The sustainable functioning of refrigerators is crucial in residential and commercial

settings. These appliances are used continuously throughout the day, and any failure

can lead to food spoilage, negatively impacting brand reputation. Therefore, having

an efficient failure detection system that can identify and diagnose any problems

instantly is essential. This paper proposes a novel machine learning pipeline that

uses online sensor data from the refrigerators of anonymous customers and a feedback

mechanism to inform customer service about the detected failure remotely. The

performance of the system is evaluated through a real-life pilot project, and the results

indicate that the proposed method achieves high accuracy in detecting various types of

failure. Applying the proposed approach prevents food spoilage, reduces maintenance

costs while increasing customer satisfaction, and enhances the reliability and safety

of refrigerators.
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ÖZETÇE

Buzdolaplarının sürdürülebilir çalışması, konut ve ticari alanlarda önemlidir. Bu ci-

hazlar gün boyunca sürekli kullanılmakta ve herhangi bir arıza, gıda bozulmasına

neden olarak marka itibarını olumsuz yönde etkileyebilmektedir. Bu nedenle, anında

herhangi bir sorunu tespit edip teşhis edebilen verimli bir arıza tespit sistemine

sahip olmak son derece önemlidir. Bu makale, anonim müşterilerin buzdolaplarından

çevrimiçi sensör verilerini ve geri bildirim mekanizmasını kullanarak tespit edilen

arızalar hakkında müşteri hizmetlerini uzaktan bilgilendiren bir makine öğrenimi

akışı önermektedir. Sistem performansı, gerçek hayatta bir pilot proje aracılığıyla

değerlendirildi ve sonuçlar, önerilen yöntemin çeşitli arızaları tespit etmede yüksek

doğruluk sağladığını göstermektedir. Önerilen yaklaşımın uygulanması, gıda bozul-

masını önler, bakım maliyetlerini azaltırken müşteri memnuniyetini artırır ve buz-

dolaplarının güvenilirliğini ve güvenliğini artırmaktadır.
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CHAPTER I

INTRODUCTION

Machine learning algorithms have shown promise in scrutinizing sensor data and

identifying different types of failures in these systems. Supervised and unsupervised

learning techniques have been used for predictive maintenance, but each has advan-

tages and limitations. This paper proposes an ensemble machine learning approach

to address these limitations and improve failure detection accuracy. The proposed

approach does not require extensive experiments to collect labeled data and uses the

sensory data of existing customers. The proposed failure detection pipeline is tested

on a refrigerator by Arçelik.

1.1 Problem Description

Refrigerators are critical household appliances that preserve food quality and reduce

waste. Ensuring that they operate continuously and promptly address any faults is

of utmost importance. Detecting failures on time can prevent food spoilage and help

maintain customer satisfaction. In addition, early intervention in refrigeration failures

can result in replacing only the necessary components rather than replacing the entire

product, which can be costly and wasteful. Timely detection and intervention of faults

in products can increase their lifespan and provide fast and efficient solutions that

can be accomplished in a single maintenance appointment. By adequately diagnosing

and identifying necessary spare components and solution proposals, products can

be repaired without multiple visits, improving customer satisfaction and reducing

downtime.

An automatic alarm system can be implemented to improve the overall efficiency

of the system significantly to achieve these goals. This system should be designed
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to be more intelligent and capable of accurately monitoring and detecting failures

before they become significant problems. By analyzing data from various sensors

and sources, such as temperature sensors, door sensors, and compressor sensors, the

system can detect potential issues early and alert maintenance personnel to take nec-

essary actions. It is essential to have access to relevant data sources that can provide

information about the performance and operation of the refrigerator to implement a

predictive maintenance system for refrigerators. This data can be collected through

various means, such as IoT sensors or manual readings taken by maintenance per-

sonnel. The data can then be analyzed using machine learning algorithms to identify

patterns and trends indicating potential failures.

Overall, a predictive maintenance system for refrigerators can help ensure that

these essential household appliances operate efficiently and effectively, minimizing

food waste and improving customer satisfaction. By implementing such a system,

manufacturers can also improve their brand image by demonstrating a commitment

to quality and reliability.

1.2 Previous Work

Over the past few years, the internet of things (IoT) has facilitated the collection

of significant volumes of sensor data from home appliances, and machine learning

(ML) algorithms have proven effective in scrutinizing these data and identifying dif-

ferent types of failures in such systems [1], [2]. ML techniques also gained popularity

across various industries for their ability to analyze large volumes of data and identify

anomalies that could indicate issues or failures [3]. As a result, these techniques have

been applied in fields such as network systems [4], manufacturing [5], [6], [7], aerospace

and aviation [8], [9], finance [10], natural resources and energy [11], transportation

[12], and Industry 4.0 [13].

ML classification algorithms such as decision trees [14], [15], random forests [16],
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support vector machines [17], [18], [19], and extreme gradient boosting [20] have

been utilized for failure detection by training labeled data. Additionally, deep learn-

ing methods such as convolutional neural networks (CNNs) have shown promise in

recognizing complex patterns and correlations in data sets and achieving high accu-

racy in failure detection [21], [22], [23]. Unsupervised learning techniques have been

proposed as an alternative to the aforementioned supervised methods for predictive

maintenance, particularly in cases with minimal or no historical data available. These

techniques, such as clustering and anomaly detection, can identify abnormal behavior

in sensor data without being trained on specific failures [24]. A recent study examined

various unsupervised learning algorithms applied to vibration data from an exhaust

fan to test their accuracy, performance, and robustness [25].

Supervised learning algorithms have the potential for industrial applications as

they can accurately detect failure in real time. However, detecting unknown failures

not present in the training data is a challenge for these algorithms, which are only

effective at identifying existing faults. Furthermore, collecting labeled data through

physical experiments can be expensive, and processing the large data needed for

training and inference can be computationally challenging. In contrast, unsupervised

methods have an advantage over supervised methods because of their flexibility to

detect both known and unknown failures. Nevertheless, these methods usually have

higher positive rates than supervised algorithms, meaning they may have a higher

rate of false positives. Ultimately, the choice between supervised and unsupervised

methods depends on the specific needs and constraints of the application at hand.

Additional challenges in using ML algorithms for failure detection include selecting

appropriate features and interpreting the results. Some suggested remedies are cre-

ating synthetic data, feature selection, and feature engineering [26], [27] to tackle

these issues; it is recommended to display and explain the outcomes, such as feature

importance, decision rules, and decision boundaries to enhance the transparency and
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accountability of an ML algorithm [28].

This paper addresses the limitations of supervised and unsupervised learning al-

gorithms for failure detection via an ensemble machine learning approach. The pro-

posed method does not need extensive experiments to collect labeled data; instead,

it uses the sensory data of existing customers. Utilizing a supervised ensemble ma-

chine learning approach to re-labeled failure data by the autoencoder yields highly

accurate predictions on failure times and identifications. The proposed failure detec-

tion pipeline is tested on a particular type of refrigerator manufactured by Arçelik, a

multinational home appliances company based in Turkey.

The rest of the paper is organized as follows. In Chapter II, the company description

is presented. The proposed failure detection ML pipeline is given in Chapter III, and

the experimental results are shown in Chapter IV. Finally, Chapter V provides the

conclusion and future research directions.
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CHAPTER II

COMPANY DESCRIPTION

Arçelik is a multinational home appliances company based in Turkey that has oper-

ated since 1955. The company manufactures and sells household appliances such as

refrigerators, washing machines, dishwashers, ovens, and air conditioners. Arçelik is

a leading brand in Turkey and has a strong presence in Europe, the Middle East, and

Africa.

The corporation operates in over 145 countries and has 34 manufacturing facilities

in 11 countries. Arçelik is devoted to sustainability and has adopted numerous steps

to lessen its environmental effect, such as boosting the energy efficiency of its goods

and reducing carbon emissions from its plants.

In addition to its commitment to sustainability, Arçelik strongly emphasizes in-

novation and technology. The company has made significant investments in research

and development to generate cutting-edge goods that fulfill the changing needs of its

clients. The products of Arçelik are known for their quality, reliability, and advanced

features. Several honors and recognitions have been bestowed upon the firm for its

unique goods and services.

Overall, Arçelik is a well-established and respected company dedicated to provid-

ing customers with high-quality, innovative, and sustainable home appliances world-

wide.
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CHAPTER III

METHODOLOGY

This chapter proposes the failure detection pipeline for predicting the time and iden-

tification of refrigerator failures. The related pipeline is illustrated by a flow chart in

Fig. 1.

Figure 1: Failure detection pipeline
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Initially, the proposed approach involves two phases: a training phase and a real-

life application phase. The approach identifies four types of refrigeration failures: fan

failure, compressor failure, gas leakage, and door gasket failure. In the training phase,

sensor data from anonymous customers’ refrigerators are used to train ML models,

eliminating the need for expensive physical experimentation. Refrigerator failures

diagnosed by field teams after customers’ complaints are labeled according to expert

failure reports, and the related data of such refrigerators are collected from the system.

This data may contain normal operating conditions and failure modes since a cus-

tomer ticket usually opens days after a refrigerator starts malfunctioning. Therefore,

we adopt an autoencoder approach to extract failures from normal operating condi-

tions. Later, the related data set is utilized in the proposed majority selection-based

ensemble ML approach. The algorithms that are considered in ensemble ML include

k-nearest neighbors (KNN), random forests (RF), light gradient boosting machine

(LGBM), extreme gradient boosting (XGB), categorical boosting (CB), and artificial

neural network (ANN). In real-life application phases, an automatic alarm system is

developed using the ensemble ML approach using a majority selection-based proba-

bilistic approach utilizing the Savitzky-Golay filter. The developed automatic alarm

system is used daily for performance evaluation of all connected refrigerators and

automatically diagnoses the fault remotely in case of any malfunction and takes the

necessary actions.

In the remainder of this section, each step of the failure detection pipeline will

be explained in detail. The organization of the subsections will be as follows. The

data set used in the study is described in 3.1, while the data collection methodology

is explained in 3.2. The data set undergoes a series of preprocessing steps to prepare

it for ML model development, outlined in 3.3. The details of the ML model devel-

opment and the analysis of the combined model results are presented in 3.4 and 3.5,

respectively.
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3.1 Dataset Description

This study collects sensor data from refrigerators every 6 minutes for failure de-

tection, consisting of 91 features. However, some columns contain product-specific

information, such as software versions, unsuitable for training ML models. Therefore,

redundant columns are removed, resulting in a meaningful data set of 48 valid vari-

ables. These variables comprise necessary performance measures, such as fresh food

(FF) and freezer (FRZ) air temperature values, compressor speed, and fan opening

time. A sample example of the sensor readings for the FF and FRZ air temperature

values is displayed in Fig. 2 to illustrate the data set.

Figure 2: Example of a sensor data visualization

3.2 Data Collection

Collecting data from experiments for every type of failure can be costly and time-

consuming, posing a significant challenge when replicating real-world usage patterns.

A new approach is proposed to overcome these limitations, which involves using

anonymous customer data, and service tickets generated by service technicians after

their interventions. Data sets representing normal operating conditions and failure

modes are collected and described below.
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3.2.1 Normal Operating Conditions

During the data collection process aimed at representing the normal operating con-

dition of refrigerators, records of refrigerators with failure reports are excluded from

the list of all connected refrigerators. It is assumed that the remaining refrigerators

can operate under normal conditions, and their data sets are collected to represent

the normal operation of refrigerators. To eliminate the possibility of including data

points with potential failure in the collected data that represent normal operating

conditions, an outlier detection algorithm called the isolation forest model is devel-

oped using FF and FRZ air temperature values, which are considered two of the most

fundamental features in refrigerators. After applying the isolation forest algorithm to

the data set, 1817 data points are identified as outliers among the 18174 data points.

The remaining 16357 data points are determined to be normal and are labeled as

“F1”.

3.2.2 Failure Modes

Before collecting data from faulty refrigerators, critical failures that affect the per-

formance are identified by cooling experts. Table 1 provides a list of class names

and their corresponding codes used in this paper to represent the normal operating

condition and various failure modes.

Table 1: Class names and their codes

Class Code
Normal Operating Condition F1

Fan Failure F2
Gas Leakage F7

Compressor Failure F14
FF Door Gasket Failure F131
FRZ Door Gasket Failure F133

The relevant field in the fault registration report is filtered and classified by type
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to represent the failures. However, it is possible to make mistakes while entering

information into the field, such as recording a gas leakage in a refrigerator as a fan

failure. Consequently, only refrigerators with material changes relevant to the mal-

function are chosen to collect data representing the failure to ensure accuracy. All

failure codes, except gas leakage, are verified based on the modified material code to

implement this strategy. When collecting data on gas leakage failures, refrigerators

with improved performance after the gas charging process are selected, as material

changes are not typically carried out in such cases. For the representation of fail-

ure data, the start date of the data is selected as three days before the customer

complaint, and the date of repair of the refrigerator is taken as the end date.

The reason for using a three-day window before the customer complaint is that the

functioning of a refrigerator may have already been unsatisfactory at the time of the

complaint, potentially resulting in data loss during the initial stages of the fault. On

the other hand, extending the window to three days may misclassify normal operating

conditions as faulty. An autoencoder architecture is employed to mitigate this risk,

and its details will be explained in 3.3.3.

3.3 Data Preprocessing

3.3.1 Data Cleaning

Data cleaning is a crucial stage in the pipeline, aimed at improving the accuracy,

completeness, and consistency of the raw data by detecting and correcting any incon-

sistencies, errors, or inaccuracies. All duplicate, missing, and undefined data points

are identified and removed from the data set.

3.3.2 Data Scaling

Normalization is applied to the dataset using MinMaxScaler, which scales the data

and converts it to a range between 0 and 1. This technique is frequently employed

as a preprocessing step for numerous ML algorithms. It has been shown to improve

10



performance during training while reducing the impact of outliers in the data [29].

3.3.3 Autoencoder

It is essential to eliminate data points that represent normal operation from data

sets containing failure refrigerators data to enhance the effectiveness of failure mode

classification. The autoencoder is a well-established deep-learning method that rep-

resents data in an encoded form. It comprises an encoder and decoder component

that are jointly trained during training. The encoder compresses the data while the

decoder decompresses it, ensuring that the output layer matches the input layer [30].

The autoencoder model trained on normal refrigerators data is applied to each type

of failure data set to accurately label the data sets of faulty refrigerators. It involves

calculating the reconstruction error (RE) between the input data x and the output of

the autoencoder x̂ for each data point in the failure data set. RE represents the differ-

ence between the original input and its reconstructed output, given by the equation

||x− x̂||2.

The autoencoder can identify failures in the data set by setting a threshold value

for the RE. The threshold value is obtained by adding one standard deviation of the

RE to the mean of the RE (µRE + σRE).

Data points with RE above the threshold are labeled failures at the final stage.

This approach ensures that the data sets of faulty refrigerators are accurately labeled,

facilitating the development of robust machine-learning models for fault detection and

diagnosis. Example results of the autoencoder model for fan failure and gas leakage

are shown in Fig. 3 and Fig. 4.

In the final stage, the re-labeled faulty data is combined with normal data to

create the data set for ML models. The number of data points for each class in the

data set is shown in Table 2.

11



Figure 3: Fan failure labelling example

Figure 4: Gas leakage labelling example
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Table 2: Class distribution table

FailureCode DataPoint
F1 16357
F2 2629
F7 4155
F14 2306
F131 2077
F133 3031

3.3.4 Splitting

The data set is divided into an 80% training set and a 20% test set using the stratify

parameter. It ensures that the target ratio is preserved in the train and test data sets

as in the original data set.

3.3.5 Feature Selection

Identifying the independent variables with a high impact on the target variable is

crucial in developing ML models. One of the heuristic methods for feature selection

is the recursive feature elimination (RFE) method, which is employed to determine

the independent variables to be used in the model. This method starts with the entire

feature set and eliminates the worst-performing features step by step until the best

feature subset is found. The RFE model is trained solely on the training data set,

utilizing a 5-fold cross-validation method. During the application of this method,

the LGBM classification model is used as the basis, and the accuracy performance

evaluation criterion is employed. According to the results obtained from RFE, 11

features have been selected, and their importance is displayed in Table 3.

13



Table 3: Feature importance results

FeatureName Importance(%)
FF Air Temperature 14.03
FF Eva Temperature 13.95
FRZ Eva Temperature 13.76
FRZ Air Temperature 12.92
Compressor Speed 10.21

Solenoid Valve 2 Way 6.88
FF Fan Open Time 6.20
FRZ Fan Open Time 5.97
Solenoid Valve 1 Way 5.62
Compressor Open Time 5.25
FF Defrost Heater Time 5.21

3.4 Machine Learning Model Development

This study uses six machine learning models to predict six distinct classes, as shown

in Table 2. These models include KNN, RF, LGBM, XGB, CB, and ANN, commonly

used in practice classification tasks.

KNN is a non-parametric algorithm used for classification tasks that assign a class

to an observation based on its k-nearest neighbors in a training dataset. It is a simple

algorithm that is easy to understand and implement. However, its performance may

degrade on high-dimensional datasets, requiring choosing an appropriate value for the

k hyperparameter.

RF is an ensemble learning method that combines multiple decision trees for clas-

sification tasks. Each decision tree is constructed using a random subset of features

and observations from the training dataset, making it less prone to overfitting. RF

can handle large datasets and high-dimensional feature spaces and is generally robust

to noisy and correlated data.

LGBM is a gradient-boosting framework used for classification tasks that employ

weak learners, usually, decision trees, to build a strong learner. It can handle large
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datasets with high-dimensional features. Its fast and efficient implementation makes

it suitable for real-time applications. LGBM uses a histogram-based approach for

splitting continuous features, which can lead to improved performance compared to

other boosting algorithms.

XGB is another gradient-boosting framework used for classification tasks, similar

to LGBM in many ways. It uses a set of decision trees to build a strong learner.

However, it employs a different optimization technique that can lead to improved

performance on some datasets. XGB is also known for its speed and efficiency, and

it can handle large datasets with high-dimensional features.

CB is a gradient-boosting framework for classification tasks that can handle cat-

egorical features. It uses a similar approach to LGBM and XGB. However, it incor-

porates a novel method for handling categorical features that can lead to improved

performance. CB is also known for its speed and efficiency and can handle large

datasets with high-dimensional features.

ANN is a class of machine learning models used for classification tasks inspired

by the human brain’s structure and function. It consists of layers of interconnected

nodes (neurons) that perform simple computations on input data to generate output

predictions. ANN can handle complex and non-linear relationships between input

features and target variables. However, it may require large amounts of training

data and careful tuning of hyperparameters to achieve good performance. ANN is a

versatile model that can be used for various classification tasks, including image and

speech recognition, natural language processing, and more.

These six machine learning models provide a comprehensive and diverse approach

to classification tasks. It ensures that the results of the study are robust and reliable.
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3.4.1 Hyperparameter Tuning

During model development, the hyperparameters for each model are selected using the

grid search algorithm. Grid search is a frequently used approach for hyperparameter

optimization that involves systematically training and evaluating the model across

all feasible combinations of the predefined hyperparameter set [31]. The optimal

set of hyperparameters is ultimately selected based on a thorough assessment of the

performance outcomes associated with each combination. The performance of ML

models and the examples of real-life application results are shown in Chapter IV.

3.5 Ensembe ML Approach

Utilizing a sole ML model to anticipate malfunctions is unsuitable for intricate sys-

tems such as refrigerators, where incorrect usage or model prognostications can lead

to unnecessary failure notifications. To avert such risks and guarantee precise and de-

pendable predictions, employing an ensemble of ML models to monitor the outcomes

of multiple models instead of depending solely on a single model is recommended

[32]. This approach aids in mitigating the perils linked to a solitary model and en-

hances the identification and detection of refrigerator malfunctions, resulting in more

advanced failure prevention.

In Fig. 5, the ML mentioned above models were applied to refrigerator data con-

taining compressor failure (F14). It was observed that FF Door Gasket Failure (F131)

emerged in some data points by the models, especially in KNN and ANN, and disap-

peared instantaneously. It could be due to various factors, such as customer usage,

such as placing hot items in refrigerators, or sometimes due to incorrect predictions

made by the model.

Consequently, it was decided to evaluate the classification results by calculating

the probabilities of each data point belonging to a specific class. For instance, when

three of the results of the model indicate compressor failure, while the remaining
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Figure 5: Performance evaluation of models for compressor failure prediction using
real customer complaint data

results indicate normal operating conditions of a refrigerator, the probability of the

compressor failure is calculated to be 50%. In contrast, the probability of normal

operating conditions is also calculated to be 50%. According to Fig. 6, a probabil-

ity calculation was presented for the same refrigerator mentioned earlier. However,

failures can appear and disappear instantly. Similarly, in some cases, some failures

can only be seen in specific models. Additionally, more than the probability graph

is needed to provide sufficient explainability and traceability of the model results.
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Therefore, to accurately monitor the numerical trends of the model results, it is nec-

essary to evaluate the classification outcomes using filtering techniques on probability

results.

Figure 6: Probability calculation of ML model result

The probability outcomes of monthly refrigerator data are subjected to the one-

dimensional Savitzky-Golay filter, a commonly used convolution filter in signal pro-

cessing for noise reduction [33]. The application of this filter effectively smoothed the

probability values, allowing for more accurate trend tracking. The use of this filter re-

duced the influence of noise and enhanced the precision of the results. Consequently,

more dependable and interpretable outcomes were obtained, as demonstrated in Fig.

7.

According to the probability results in Fig. 7, some failures are observed with low

probability. On the other hand, it is improbable for multiple failures to co-occur in

a refrigerator. Consequently, it is deemed appropriate to exclude failures with prob-

abilities not exceeding 33.33% from the display, to facilitate the identification of the

dominant failure. This decision is based on the consideration that each model con-

tributes approximately 16.67% to the overall probability, necessitating the presence

of failure in at least two models to warrant display on the graph. Subsequently, an au-

tomatic alarm system is developed, activating an automatic alert to customer service
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Figure 7: Probability results with Savitzky-Golay filtering

when the probability value for each fault condition exceeds 0.5. The probability of

failures exceeding this threshold value is indicated by an ‘X’ sign in the reports. The

primary objective of this mechanism is to prevent unnecessary alarms to customer

services.

Figure 8: Illustrative example of an automatic alarm mechanism

An illustrative example of the proposed alarm mechanism is demonstrated in

Fig. 8. On September 21, 2022, a report was made to customer service regarding a

compressor failure (F14) in a specific refrigerator. Subsequently, on September 22,

a visit was made to the customer with the necessary spare parts. The compressor
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failure in the refrigerator was diagnosed and repaired with the provided spare parts.

As is evident from the graph, the probability of F14 decreased after the refrigerator

was repaired, and it began to return to normal operating condition (F1). Additional

failure detection examples will be presented in 4.2.
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CHAPTER IV

EXPERIMENTAL RESULTS

The main work described in this chapter is implementing and evaluating automated

diagnostics using machine learning models to increase product performance and cus-

tomer satisfaction while reducing the costs of manual diagnostics and repair processes.

The system uses an ensemble approach with six machine-learning models. Its perfor-

mance is evaluated based on accuracy and a F1 score to provide a more comprehensive

assessment. The system, which can detect malfunctions such as fan failure and gas

leakage, triggers automatic service calls to customer support, enabling faster failure

detection and intervention. Implementing the automatic fault detection system is

expected to increase customer satisfaction and product performance and reduce the

costs of manual fault detection and repair processes.

4.1 Machine Learning Model Results

Evaluating the performance of an ML model is a crucial step in its development.

However, relying solely on accuracy can be misleading, particularly in data sets with

imbalanced class structures. In such cases, the F1-score, the harmonic mean of preci-

sion and recall, is also evaluated to provide a more comprehensive assessment of the

model performance.

The numerical results in Table 4 and Table 5 show that all the models that are

used in the ensemble ML approach are successful in accuracy and F1-score. Instead

of selecting only one model with the best performance, it was determined that all six

models would be combined during the decision-making process to leverage their col-

lective success, which is called majority selection. Adopting this approach decreases

the likelihood of making a prediction error significantly.
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Table 4: Accuracy result of models

Model Accuracy(%)
KNN 97.32
RF 99.33

LGBM 98.53
XGB 98.79
CB 97.01
ANN 95.57

Table 5: F1-score of class by models

Class KNN RF LGBM XGB CB ANN
F1 0.98 1.00 0.99 0.99 0.98 0.97
F2 0.99 1.00 1.00 1.00 1.00 0.97
F7 1.00 1.00 1.00 1.00 1.00 0.99
F14 0.99 1.00 0.99 0.99 0.98 0.99
F131 0.94 0.98 0.96 0.97 0.91 0.90
F133 0.92 0.98 0.95 0.96 0.90 0.84

4.2 Examples from Real Life Application

Fig. 9 showcases a real-life scenario in which the system detected a fan failure (F2)

and initiated an automatic service call to customer support on March 22, 2023. Sub-

sequently, the system ordered the required materials for the fan repair. The customer

was informed about the fault, and a technician appointment was scheduled for March

29. During the customer visit, the technicians diagnosed the fan failure using the

pre-ordered materials and successfully replaced the fan motor on the same day.

Fig. 10 presents another gas leakage (F7) detection example. The automatic fault

detection system triggered customer service when it detected the gas leakage, and the

customer was informed about the issue. At first, the customer declined the request for

a technician visit and claimed no problem with the performance of the refrigerator.

However, two days later, the frozen products in the freezer compartment had thawed,
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Figure 9: Example case of fan failure

and the customer contacted customer service to report the issue. The technicians

were dispatched to inspect the refrigerator, and they detected the gas leakage. They

resolved the problem by recharging the gas and restoring the performance of the

refrigerator.

Figure 10: Example case of gas leakage

Implementing an automatic fault detection system alleviates the burden of cus-

tomer service calls and technician visits, leading to heightened customer satisfaction
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and improved product performance. Additionally, it has been noted that this sys-

tem bolsters customer service efficiency by decreasing the duration required for fault

detection and intervention. The outcomes suggest that automatic fault detection

system applications expedite the detection of faults and provision of customer sup-

port, resulting in enhanced product performance and increased customer satisfaction.

Consequently, the automatic fault detection system implemented at Arçelik increases

product performance and customer satisfaction and reduces the costs of manual fault

detection and repair processes.

24



CHAPTER V

CONCLUSIONS

Integrating ML algorithms for refrigerator failure detection has been a significant

breakthrough in appliance engineering. The study findings suggest that supervised

learning algorithms, such as KNN, RF, LGBM, XGB, CB, and ANN, implemented

through an ensemble ML approach, accurately detect anomalies in refrigerators,

enhancing the safety and dependability of refrigerators while reducing food waste.

Theresults of ML models demonstrated that the majority-based probabilistic selection

approach that uses filtering was reliable and robust in real-life scenarios. Implement-

ing ML techniques in refrigerators enabled manufacturers to design more intelligent

and capable cooling systems that accurately monitor, detect, and identify malfunc-

tions, positively impacting customers and the company.

The main contributions of this thesis to the existing literature are:

• The use of anonymous customer data for the ML models’ datasets instead of

conducting expensive experiments.

• The autoencoder algorithm labeled the faulty datasets.

• The joint decision of different ML models was used to achieve more accurate

results by calculating the probability of the model results.

• The use of the Savitzky-Golay convolution filter to filter the probability values

to track the trend of numerical values of faults.

• The development of an automatic alarm system to detect fault conditions using

filtered probability results to prevent unnecessary fault alarms.
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Overall, the labeling method used in this paper and the evaluation of ML model

results differ from the existing literature. In future research, incorporating user feed-

back is a potential avenue for improving the reliability and accuracy of ML models.

Soliciting user feedback on the accuracy of the model’s predictions and incorporating

user-reported issues and failures into the training data could improve model perfor-

mance. Combining this feedback mechanism into the training process of models can

ensure that the model is continuously updated and refined to reflect real-world use

cases and user needs. This feedback-driven approach could also help identify new

improvement and innovation areas, leading to a more reliable and effective model.

In summary, using ML techniques in refrigerators has enabled the development

of more intelligent and capable cooling systems that accurately monitor, detect, and

identify malfunctions. The findings of this study demonstrate that the majority-based

probabilistic selection approach that uses filtering is reliable and robust in real-life

scenarios. The critical contributions of this thesis to the literature include the use of

anonymous customer data for the ML models’ datasets, the autoencoder algorithm

for labeling the faulty datasets, the joint decision of different ML models, the use

of the Savitzky-Golay convolution filter, and the development of an automatic alarm

system to detect fault conditions. Incorporating user feedback is potential avenue for

improving the reliability and accuracy of ML models.
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