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ABSTRACT Turbofan engines are an important part of aircraft that generate a large amount of multivariate sensor data during 

operation. The C-MAPSS FD001 dataset released by NASA accurately reflects turbofan engine degradation data. FD001 contains 

rows of data representing one operational cycle of a specific engine with information about the Engine ID, Cycle, operational 

settings, and 21 sensor readings that reflect the physical condition and performance of the engine, but these are not labeled, making 

it difficult to identify anomalies directly. Therefore, an automated method is needed that can learn normal patterns and identify data 

deviations accurately. This study developed an autoencoder model based on Mean Squared Error (MSE) reconstruction to find 

anomalies in the C-MAPSS FD001 dataset. This model was created with an architecture consisting of an input layer (15 neurons), 

a latent layer (8 neurons), and an output layer (15 neurons), and was trained using 20,631 normalized training data (train_FD001). 

Anomalies were determined based on a 95th percentile threshold of the MSE value distribution. Testing was performed on test data 

(test_FD001) using a similar process. Testing results on 13,096 test data points showed an average MSE value of 0.001823 with a 

standard deviation of 0.001032. From the 95th percentile threshold value of 0,003785, 131 data points, or about ±1%, were identified 

as anomalies. The low MSE value for most of the data indicates that the model can reconstruct normal data patterns well, while data 

with high MSE values can be identified as anomalies. This study confirms that autoencoders with error reconstruction are effective 

for detecting anomalies in unlabeled turbofan engine sensor data. 
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I. INTRODUCTION  

Turbofan engines are an important part of aircraft because 

they have an additional fan at the front of the aircraft that can 

accelerate airflow in the ducts that pass through the core gas 

turbine engine [1]. Turbofan engines have many operational 

variables and sensors such as temperature, pressure, rotor 

speed, fuel flow, and other parameters[2]. The complexity of 

the sensor data in turbofan engines necessitates 

comprehensive and standardized simulation dataset to 

support engine condition monitoring research [3]. The C-

MAPSS dataset contains simulations of turbofan engine 

operation, in which sensors record pressure, temperature, and 

other parameters throughout the engine's life cycle [4]. C-

MAPSS (Commercial Modular Aero-Propulsion System 

Simulation) is a commercial turbofan engine simulator 

developed by NASA to generate realistic run-to-failure data 

from turbofan engines under various operating conditions and 

degradation modes [5]. 

The C-MAPSS (Commercial Modular Aero Propulsion 

System) dataset is divided into four sub-datasets, namely 

FD001, FD002, FD003, and FD004, each of which has 

different characteristics [6]. FD001 is part of the Commercial 

Modular Aero Propulsion System Simulation (C-MAPSS) 

dataset, which presents multivariant run-to-failure data from 

turbofan engine sensors operating in a single condition with a 

single failure mode [7]. FD001 contains rows of data 

representing one operational cycle of a specific engine with 

information about the engine identity (Engine ID), 

operational cycle number, three operational settings (engine 

condition parameters), and 21 sensor readings that reflect the 

physical condition and performance of the engine [8]. The C-

MAPSS FD001 dataset is widely used for scientific research, 

such as in the study [9] that uses the C-MAPSS dataset to 

develop multilayer perceptron (MLP) and Long Short-Term 

Memory (LSTM) in turbofan engines with a high level of 

accuracy. However, in this study, the C-MAPSS dataset is 

used as an object to detect anomalies that occur in the data. 

Although the C-MAPSS dataset is designed to represent 

realistic turbofan engine degradation, sensors often contain 

data anomalies or irregular data patterns due to non-ideal 

signal interference [10]. Data anomalies are events or values 

that deviate significantly from the general pattern in the 

dataset [11]. Anomalies are essentially points that differ from 

normal points without any chance of becoming normal points 

[12]. 

Anomalies generally reflect unusual events such as abnormal 

activity and extreme conditions that do not match the 

expectations of the analysis model [13]. In the context of 

turbofan engines, research [14] states that anomaly detection 

methods are effective for identifying different samples and 

separating abnormal behavior patterns in a single 

performance signal. Anomaly detection is the process of 

searching for data with behavior that differs from the norm 

[15]. According to research [16], anomaly detection is used 

to detect suspicious activity or abnormal cyber attacks on 

computer networks. Deep learning approaches such as 

autoencoders are able to recognize anomalies that are 

undetectable by traditional statistical methods by extracting 

latent patterns from machine operational data automatically 

and effectively in [17]. 

https://doi.org/10.47191/etj/v11i03.23
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This study uses an autoencoder model to detect anomalies in 

turbofan engine sensor data (C-MAPSS FD001 dataset). 

Autoencoder is a type of artificial neural network architecture 

used in unsupervised learning [18]. Autoencoders are used in 

this study because they are capable of learning normal 

patterns in an unsupervised manner (without labels), 

producing reconstruction errors as indicators of deviations 

from normal conditions, and are relevant to the C-MAPSS 

dataset which has limited failure labels [19]. Research from 

[20] also states that the autoencoder model has the ability to 

learn normal pattern representations from multivariant sensor 

data without failure labels and can produce increased 

reconstruction errors if pattern deviations occur, making it 

effective for use as an early indicator of anomalies in complex 

turbofan engine systems. The autoencoder-based model 

allows for dimension reduction in response to unexpected 

changes in engine conditions [21]. Autoencoders work with 

the aim of reconstructing their input data. The encoder 

compresses the input data into a low-dimensional 

representation called latent space or code, while the decoder 

attempts to reconstruct the original input from the encoded 

representation [22]. With the ability to find hidden structures 

in the data, autoencoders can perform compression well and 

can also learn non-linear features [23]. Autoencoders are 

designed to produce more concise data representations and 

more important information by compressing and then 

decompressing the input data. Dimension reduction not only 

reduces the dimensions of the original data but also makes 

hidden features easier to understand [24]. In the study [17], 

autoencoders were used to detect anomalies occurring in 

vibration signals. The results obtained show that 

autoencoders are an effective and efficient solution for 

detecting anomalies in industrial machine vibration signals. 

With an accuracy of 94%, the results show that autoencoders 

are able to distinguish between normal and anomalous 

conditions with high accuracy. 

This research was conducted with the aim of developing and 

evaluating an autoencoder model based on error 

reconstruction (MSE) to detect anomalies in unlabeled 

turbofan engine sensor data. The data was obtained from 

NASA, namely C-MAPSS FD001 (train_FD001). With 

20,631 rows of data, with 20,631 rows of data, 26 column 

attributes including Engine ID, operational cycle number, 

three operational settings (engine operating conditions), and 

21 sensor readings reflecting the physical condition of the 

turbofan engine. This research is expected to produce a model 

that can detect anomalies in unlabeled sensor data. 

 
II. RESEARCH METHODOLOGY 

A. Research Stages 

The research methodology presents the stages of research that 

will be carried out in solving the problem in accordance with 

the objectives so that the results obtained are appropriate. The 

stages to be carried out are as follows: 

 

 

Figure 1 Research Stage 

B. Data Collection 

In this study, the data used was obtained from the NASA 

website, specifically the C-MAPSS turbofan engine 

degradation simulation https://www.nasa.gov/intelligent-

systems-division/discovery-and-systems-health/pcoe/pcoe-

data-set-repository/. C-MAPSS FD001 (train_FD001) 

consists of 20,631 data rows with 26 attribute columns 

covering Engine_ID, cycles, three operational settings 

(engine operating conditions), and 21 sensor readings 

reflecting the physical condition of the turbofan engine. 

 
Table 1 Raw Data Excerpt from the C-MAPSS FD001 

Dataset Showing Operational Parameters and Turbofan 

Engine Sensors 

No 

Eng

ine 

ID 

Cyc

le 

Sett

ing 

1 

… 
Setti

ng  3 

Sen

sor 

1 

… 
Senso

r 21 

0 1 1 

-

0.00

07 

… 

100.0 
518.

67 

… 
23.41

90 

1 1 2 
0.00

19 

… 100.0 518.

67 

… 23.42

36 

… … … … … … … … … 

206

29 
100 199 

-

0.00

11 

… 100.0 518.

67 

… 
23.06

40 

206

30 
100 200 

-

0.00

32 

… 100.0 518.

67 

… 
23.05

22 

C. Data Selection 

Selection of column attributes to be used in accordance with 

the requirements. The attributes used must be in line with the 

research objectives so that the selected data attributes are 

highly relevant. This selection is based on the research 

objective, which is to detect anomalies in turbofan engine 

sensors, so that the selection of attributes only uses sensor 

attributes because sensors are a reflection of the physical 

condition of the engine, while attributes such as Engine_ID, 

cycle, and Setting are not used in this study because they are 

not included in the engine sensors. This stage aims to ensure 

that the data is ready for analysis. 

D. Data Preprocessing 

Data Preprocessing is a crucial step to ensure data quality 

before it is used in the modeling process. This process focuses 

on data cleaning, which aims to eliminate missing values, 

duplicate data, and data attributes that do not vary in value 

(stagnant). With stagnant data attributes, the model can 

become complex or prone to overfitting. With stagnant data 

attributes, the model can become complicated or prone to 

overfitting [25]. Furthermore, data that does not vary will 

generally add noise and complexity without contributing [26]. 

E. Data Transformation 

Data transformation aims to normalize feature values to 

achieve the same scale. In this study, min-max normalization 

plays an important role in data transformation because it can 

equalize the value scale between features so that model 

performance improves [27]. This process converts the 

original values into values in the range of 0 to 1, without 

changing the relative distribution pattern between data [28]. 

https://www.nasa.gov/intelligent-systems-division/discovery-and-systems-health/pcoe/pcoe-data-set-repository/
https://www.nasa.gov/intelligent-systems-division/discovery-and-systems-health/pcoe/pcoe-data-set-repository/
https://www.nasa.gov/intelligent-systems-division/discovery-and-systems-health/pcoe/pcoe-data-set-repository/
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Differences in scale between attributes can affect machine 

learning modeling because high scale values will dominate 

and low scale values will be ignored [29]. The following is 

the min-max normalization equation: 

𝑋𝑛𝑜𝑟𝑚𝑎𝑙 =  
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

(1) 

Explanation: 

𝑋 = original value 

𝑋𝑚𝑖𝑛 = minimum value of the column or feature 

𝑋𝑚𝑎𝑥 = maximum value of the column or feature 

𝑋𝑛𝑜𝑟𝑚𝑎𝑙 = normalized value. 

F. Application of Autoencoder 

Autoencoders are a type of neural network architecture that 

can be used in both unsupervised and supervised learning 

paradigms [30]. Autoencoders work by performing data 

reduction (Dimension Reduction) and then reconstructing 

data that is considered important in a pattern or model, the 

model in the encoder section is tasked with extracting 

important features from motifs stored in latent space, which 

are then processed by the decoder to restore the data for use 

as pattern recognition input in the neural network [31]. 

Choosing a model architecture for dimension reduction can 

affect the model results. In research [32], it is stated that 

reducing 25%-50% of the dimensions (laten space) of the 

input can achieve good reconstruction results while 

maximizing accuracy. By reducing the data dimensions, 

autoencoders also improve model performance on specific 

tasks such as classification, anomaly detection, and data 

visualization in low-dimensional space [33]. 

Training a model to divide a dataset is one strategy in machine 

learning to maintain a balanced learning process and evaluate 

model performance, based on research [34] the 80:20 ratio 

(80% training and 20% validation) is used to ensure that the 

model obtains a sufficient amount of data to learn patterns and 

characteristics of the data while also providing data that has 

never been seen by the model as a basis for performance 

evaluation. In addition, the selection of optimize and 

batch_size greatly affects the autoencoder training process. 

The use of Adam optimization is widely applied in deep 

learning models due to its ability to accelerate the 

convergence process and improve model accuracy [35]. 

Meanwhile, the use of a batch_size of 64 has been proven to 

maintain a balance between training speed, gradient stability, 

and model accuracy, as shown in the study [36] where the use 

of a batch_size of 64 in the LSTM (Long Short-Term 

Memory) model was proven to produce a lower Mean Square 

Error value than the others, thus demonstrating that this batch 

size is capable of providing stable convergence and optimal 

model performance. 

A study written by [17] states that in the encoding stage, input 

data X is projected into the model, then produces data h 

obtained after the encoding stage. The encoding process is 

described in the following equation: 

 

ℎ = 𝑓(𝑥) = 𝑓(𝑊1𝑋 + 𝑏1) (2) 

Explanation:  

W1 = is the weight matrix between the input layer and the 

hidden layer, and 

b1 = is the bias vector.  

f(x) = is the activation function used for non-linear 

transformation 

Next is decoding, which aims to return the h data to its 

original form and reconstruct X^d: 

 

𝑋𝑑 = 𝑔(𝑥) = 𝑔(𝑊2ℎ + 𝑏2) (2.1) 

 

Explanation: 

W2 = is the weight matrix between the hidden layer and the 

output layer, and 

g(x) = is the activation function  

b2 = is the bias vector 

The function g(x) = can be a nonlinear transformation or an 

affine transformation function 

G. Mean Square Error (MSE) Evaluation 

Mean Square Error (MSE) will detect anomalies by 

calculating the reconstruction error from the sensor data [37]. 

The anomaly detection mechanism begins by calculating the 

reconstruction error, which is defined as the difference 

between the original input and its reconstructed version [38]. 

All reconstruction errors in the dataset will be collected to 

determine the dynamic threshold [39]. The reconstruction 

error will be averaged squared, which becomes a measure of 

the model's prediction accuracy and becomes the MSE or 

reconstruction error [40]. At this stage, the MSE value is 

calculated for each sensor individually using the equation: 

𝑀𝑆𝐸𝑖 =  
1

𝑑
 ∑(𝑥𝑖𝑗 −

𝑑

𝑗=1

𝑥̂𝑖𝑗)2 (3) 

Explanation: 

𝑥𝑖𝑗= the original value of feature j in sample i, 

𝑥̂𝑖𝑗  = the reconstructed value of feature j, and 

d = the number of features in each sample. 

 

After obtaining the error reconstruction results, a percentile is 

selected for the threshold on the error reconstruction value as 

an anomaly indicator. This approach is taken because the 

anomaly label is not explicitly available [41]. The selection 

of a percentile is important in detecting anomalies. As in 

study [42], the use of percentiles such as 95th, 97.5th, and 

99th has strong reasons. The 95th percentile is more sensitive 

to minor anomalies, the 97.5th percentile has a stricter limit 

than the 95th percentile, and the 99th percentile is even 

stricter than the previous ones and is not sensitive to minor 

anomalies but is more sensitive to extreme error 

reconstruction values. The use of a 99% threshold or 3-sigma 

rule is too conservative because it can only detect extreme 

anomalies, potentially ignoring minor anomalies that are 

actually important in the context of predictive maintenance. 

Therefore, the 95% percentile is used as a trade-off between 

detection sensitivity and false alarm rate, where this threshold 

is still able to increase sensitivity to early deviation patterns 

without generating excessive false alarms [43]. The following 

is the equation for determining the percentile threshold: 

 

𝑖 =
𝑃

100
× 𝑛 (4) 

Explanation: 

i: is the data index position at the Pth percentile 

P: is the percentile value used (percentile 95) 

n: is the sample size of the data 

 

The value occupying index position (i) is then set as the 

threshold. Once the threshold value is obtained, the detection 

rule is, if the MSE value is lower than the threshold value, it 

is considered normal; if the MSE value is higher than the 

threshold value, it is considered an anomaly. 
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III. RESULT AND DISCUSSION  

A. Data Selection 
Data selection was based on the research objectives, which 

were to use only attributes Sensor 1 to Sensor 21. 

 

Table 2 Selection Results Data from the C-MAPSS 

FD001 Dataset 

No 
Senso

r 1 

Senso

r 2 

Senso

r 3 
… 

Senso

r 20 

Senso

r 21 

0 
518.6

7 

641.8

2 

1589.

70 

… 
39.06 

23.41

90 

1 
518.6

7 

642.1

5 

1591.

82 

… 
39.00 

23.42

36 

… … … … … … … 

206

29 

518.6

7 

643.2

3 

1605.

26 

… 
38.29 

23.06

40 

206

30 

518.6

7 

643.8

5 

1600.

38 

… 
38.37 

23.05

22 

 

Other attributes such as Engine_ID, cycle, and Settings 1–3 

were not used in this study because they do not reflect the 

physical condition of the engine and do not provide 

information about the physical condition of the engine. 

B. Data Preprocessing 

At this stage, the data will be cleaned of missing values, 

duplicate data, and stagnant values. The results show that the 

data has no missing values or duplicate data, but the data 

attributes are detected to have stagnant values in the Sensor1, 

Sensor5, Sensor10, Sensor16, Sensor 18, and Sensor19 data 

attributes. 

 

Table 3 Data Preprocessing Results with Stagnant 

Feature Elimination 

No 
Sens

or   1 

Sens

or   5 

Sens

or 10 

Sens

or 16 

Sens

or 18 

Sens

or 19 

0 
518.6

7 

14.62 
1.3 0.03 

2388 100.0 

1 
518.6

7 

14.62 1.3 0.03 2388 100.0 

… … … … … … … 

206

29 

518.6

7 

14.62 1.3 0.03 2388 100.0 

206

30 

518.6

7 

14.62 1.3 0.03 2388 100.0 

 

Based on Table 3, stagnant data must be removed because it 

will interfere with the performance of the autoencoder model 

and is prone to overfitting. Therefore, the remaining data 

attributes used for this study are 15 attributes. Even though 

some attributes have been removed, the number of data rows 

remains the same, namely 20,631 rows, with int64 and float64 

data types. 

C. Data Transformation 

At this stage, the data will be transformed using min-max 

scaling normalization in accordance with equation (1). The 

original data values will be converted to values in the range 

of 0 to 1. 

 

 

 

 

Table 4 Data Transformation Results Using Min–Max 

Normalization 

No 
Sens

or   2 

Sens

or   3 

Sens

or 4 
… 

Sens

or 20 

Sens

or 21 

0 
0.183

735 

0.406

802 

0.309

757 

… 0.713

178 

0.724

662 

1 
0.283

133 

0.453

019 

0.352

633 

… 0.666

667 

0.731

014 

… … … … … … … 

206

29 

0.608

434 

0.746

021 

0.747

468 

… 0.116

279 

0.234

466 

206

30 

0.795

181 

0.639

634 

0.842

167 

… 0.178

295 

0.218

172 

 

Changes in value scales are important in running the model. 

If there are differences in scale between attributes, this can 

affect machine learning modeling, causing higher value 

scales to become dominant. 

D. Application of Autoencoder 
At this stage, the data used is the result of previous 

normalization, which consists of 15 attributes. The data will 

be divided into two parts, namely 80% training data and 20% 

validation data. In the autoencoder training process, the 

model is trained to learn patterns, and validation is used so 

that the data is not excessive during the training process 

(overfitting). 

The autoencoder architecture used consists of 50% of the 

input amount, with the model using an input layer architecture 

(15 neurons), latent layer (8 neurons), and output layer (15 

neurons). The training process uses Adam optimization, with 

a batch_size of 64 and a maximum number of epochs of 500 

and is equipped with early stopping to automatically stop 

training when the model's performance no longer improves. 

At the encoder stage, the input data is transformed into a more 

concise representation in the latent space using equation (2). 

Next, the decoder reconstructs the data in the latent space into 

an output that is the same as the initial input, which runs 

according to equation (2.1). 

 
Figure 2 Architecture Training Results Graph 

 

Figure 2, shows a consistent and stable loss reduction pattern, 

but the final loss value tends to be slightly lower than the 
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training loss, with the gap between the training and validation 

losses remaining small throughout the training process. This 

architecture can be considered more optimal because it 

produces low reconstruction loss with maintained stability. 

E. Mean Square Error (MSE) Evaluation 

After the model is processed, MSE will calculate the resulting 

reconstruction. Next, MSE will be run using equation (3) to 

determine the error result (reconstruction error) and 

determine normal/anomalous data using a 95th percentile 

threshold, with equation (4).  

 

Table 5 Statistical Results of Training Data Error 

Reconstruction 

Description Value 

Count 4127. 

Mean 0.001848 

Std 0.001057 

Min 0.000124 

25% 0.001085 

50% 0.001648 

75% 0.002413 

max 0.013858 

 

Table 5 shows that the statistical results of training data error 

reconstruction indicate good reconstruction capabilities. The 

relatively low mean value of 0.001848 indicates that most of 

the data can be accurately reconstructed by the model. In 

addition, the standard deviation value, which is not too large, 

reflects a relatively narrow error distribution, while the small 

maximum value indicates that only a few samples have high 

reconstruction errors. These findings prove that the input 

layer (15 neurons), latent layer (8 neurons), and output layer 

(15 neurons) autoencoder architecture is capable of 

maintaining important data characteristics in a stable and 

consistent manner, so that this configuration can be declared 

as the optimal architecture in this study. 

Error evaluation of the reconstruction using the Mean Square 

Error (MSE) method was performed on each row of data by 

calculating the difference between the original sensor value 

and the reconstruction value produced by the model. These 

differences were squared and then averaged to obtain the 

error value for each data sample. The reconstruction error 

calculation process covered all sensor attributes used, namely 

Sensor2 to Sensor21. Thus, a single MSE value was obtained, 

indicating the level of reconstruction error in each row of 

data. Next, anomaly detection is performed by setting a 

threshold based on the 95th percentile of the MSE value 

distribution. The selection of the 95th percentile aims to 

identify small deviations in the reconstruction data, as this 

percentile can separate a small portion of high error values 

from most data that behaves normally. The calculation results 

show that the threshold value based on the 95th percentile is 

0.003796. Reconstruction error values that exceed this 

threshold are categorized as anomalies, while values below 

the threshold are considered normal data. 

 

 

 

 

 

Table 6 Results of Reconstruction and Anomaly 

Detection in Training Data 

N

o 

Sensor 

2 
… 

Sensor 

21 

Error 

Reconstructi

on 

Anoma

ly 

0 
0.0001

08 
… 

0.0002

31 
0.001752 False 

1 
0.0000

10 
… 

0.0005

64 
0.001685 False 

2 
0.0004

11 
… 

0.0070

63 
0.002840 False 

… … … … … … 

20

62

8 

0.0003

11 
 

0.0103

61 
0.005368 True 

20

62

9 

0.0000

49 
 

0.0020

46 
0.003456 False 

20

63

0 

0.0000

04 
 

0.0003

53 
0.001265 False 

 

Based on Table 6, the 95th percentile threshold is set at 

0.003796 as the dividing line between normal and anomalous 

data. Of the 20,631 training data, 207 rows (±1%) were 

detected as anomalies. For example, data row 20628 was 

detected as an anomaly with a reconstruction error value 

(0.005368) that exceeded the threshold and was categorized 

as an anomaly, while values below the threshold were 

considered normal. Setting this percentile threshold allows 

for sensitive identification of data that deviates from the 

normal pattern, in accordance with the principle of 

autoencoder-based anomaly detection. 

This shows that autoencoders are capable of detecting sensor 

data that deviates from normal data characteristics based on 

the magnitude of the reconstruction error. Lines with high 

MSE values indicate changes or deviations in machine sensor 

patterns that cannot be reconstructed properly by the model, 

and are therefore marked as anomalies. 

F. Model Testing 

The model will be tested using the test_FD001 data. This data 

is not used in the model training process but is new data for 

testing the previously trained model. This is done to 

determine whether the previously trained model is capable of 

detecting anomalies when using new data. The number of 

rows in the test_FD001 data is 13,096 with 26 columns of 

attributes. 

The initial stage involves data selection, data preprocessing, 

and data transformation. In the data selection stage, column 

attributes are selected to suit the research objectives so that 

the selected data attributes are highly relevant. Data 

preprocessing is carried out with the aim of removing or 

correcting missing values, duplicate data, and data attributes 

that do not have value variations (stagnant). At this stage, the 

data was found to have 6 stagnant attributes. In the data 
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transformation stage, min-max normalization is performed to 

convert the original values into values in the range of 0 to 1. 

The purpose of this process is to make the data recognizable 

by the model. The data, which initially consisted of 26 

attributes, was reduced to 15 due to 5 unused attributes 

(Engine_ID, Cycle, and 3 operational settings) and 6 

attributes with no variation in values, which were identified 

during data preprocessing and removed. 

Next, the model will reconstruct (encoder) the data, where the 

input will be compressed into a latent space, then the data will 

be returned (decoder) to its original dimension using the 

previously trained model. 

 

Table 7 Error Reconstruction Statistics (MSE) of 

Autoencoder Results from Test Data 

Description Value 

Count 13096 

Mean 0.001823 

Std 0.001032 

Min 0.000044 

25% 0.001073 

50% 0.001612 

75% 0.002349 

max 0.010975 

 

Based on Table 7, the statistical results of error reconstruction 

in the test data show a mean value of 0.001823 with a standard 

deviation of 0.001032, indicating that most of the 

reconstruction errors are within a relatively narrow range. 

The maximum value of 0.010975 indicates that a small 

portion of the data has high errors, but the majority of the data 

is below the third quartile (0.002349). This condition shows 

that the model is able to maintain stable reconstruction 

performance on the test data. Compared to the error 

reconstruction statistics results on the training data (Table 5), 

the Mean and standard deviation values on the test data are 

slightly lower, and the maximum error value is also smaller. 

This difference indicates that the model has good 

generalization capabilities because the error distribution on 

the test data is more controlled than on the training data. 

 

 
Figure 3 Training vs. Testing Histogram Chart 

 

Based on Figure 3, the histogram shows that most of the MSE 

values in the training data (blue) are concentrated in the low 

range (around 0.001–0.003), indicating that the autoencoder 

is able to reconstruct normal patterns well. The distribution of 

the testing data (red) has a similar pattern but forms a longer 

right tail, indicating that there are a small number of samples 

that deviate from the normal pattern. The 95th percentile 

threshold line (green vertical) cuts off the tail of the 

distribution so that the testing data on the right side of the 

threshold is classified as an anomaly. This pattern confirms 

that the detected anomalies are statistical deviations from the 

nominal behavior of turbofan engines. 

The MSE reconstruction error value is obtained by 

calculating the difference between the original sensor data 

and the model reconstruction results, thereby producing an 

error value for each sensor. All error values are then 

compared with the 95th percentile threshold as the anomaly 

detection criterion. Based on the calculations, the 95th 

percentile threshold value used in this study is 0.003785. 

 

Table 8 Results of Error Reconstruction and Anomaly 

Detection in Test Data 

N

o 

Sensor 

2 
… 

Sensor 

21 

Error 

Reconstructi

on 

Anoma

ly 

0 
0.0001

65 
… 

0.0001

99 
0.001891 False 

1 
0.0000

46 
… 

0.0004

06 
0.004330 False 

… … … … … … 

8 
0.2018

07 
… 

0.0000

15 
0.004012 True 

… … … … … … 

13

09

4 

0.0000

41 
… 

0.0044

37 
0.001369 False 

13

09

5 

0.0000

12 
… 

0.0002

46 
0.001572 False 

 

Based on Table 8, the threshold value is set at 0.003785. Data 

rows with reconstruction error values exceeding this 

threshold are classified as anomalies, while data with values 

below the threshold are categorized as normal. Of the 13,096 

test data, 131 data rows (±1%) were detected as anomalies 

because they exceeded the threshold. For example, row 8 with 

a reconstruction error value of 0.004012 was detected as an 

anomaly because the reconstruction error value exceeded the 

specified threshold, while the other rows remained in the 

normal category according to the anomaly detection criteria. 

The model testing results show that the model is capable of 

identifying a number of anomalous data in the test_FD001 

dataset, indicating that the model has good generalization 

capabilities in detecting deviation patterns in new machine 

sensor data. 
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IV. CONCLUSION 

Based on the results of the research that has been conducted, 

it can be concluded that the autoencoder model with a input 

layer (15 neurons), a latent layer (8 neurons), and an output 

layer (15 neurons) architecture was successfully used and 

tested as a way to detect anomalies in turbofan engine sensor 

data using the unlabeled C-MAPSS FD001 dataset. Data 

preprocessing, which includes data cleaning, removal of 

stagnant attributes, and min-max normalization, has proven 

to be effective in producing acceptable data for modeling, 

enabling the model to learn the machine's operational patterns 

well. The results of model training show that the autoencoder 

is capable of reconstructing normal data, as evidenced by the 

reconstruction error statistics on the training data with an 

average MSE of 0.001848 and a standard deviation of 

0.001057. These values indicate that most of the data can be 

reconstructed stably and consistently. The use of a threshold 

with a 95th percentile approach resulted in a threshold value 

of 0.003796, which serves as a separator between normal and 

anomalous data. Testing the model with the test_FD001 

dataset consisting of 13,096 data points resulted in an average 

MSE of 0.001823 with a standard deviation of 0.001032, 

which is very similar to the results on the training data. This 

shows that the model has good generalization capabilities and 

does not suffer from overfitting. Based on the 95th percentile 

threshold value of 0.003785, the model successfully detected 

131 anomalous data points (±1%) from the total test data, 

indicating that a small number of data points have sensor 

patterns that differ from the characteristics of normal data. 

This research falls under the category of unsupervised 

anomaly detection, as the FD001 dataset does not provide 

anomaly annotations for each observation cycle. Therefore, 

the existence of anomalies is not validated through reference 

labels, but rather determined using statistical criteria in the 

form of reconstruction error values. Samples that produce 

errors above the 95% percentile limit are treated as 

indications of deviations from the operational characteristics 

of the machine that are considered normal. Thus, these 

detection results represent potential deviations in system 

behavior, not actual failures. For further research, it is 

recommended to explore the autoencoder architecture in 

greater depth, test variations in percentile threshold values, 

and apply it to the FD002, FD003, and FD004 sub-datasets to 

improve model generalization. Additionally, integrating 

anomaly detection results with Remaining Useful Life (RUL) 

predictions is recommended so that the system is not only 

capable of detecting deviations but also predicting machine 

failure times more comprehensively. 
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