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Abstract — Accelerometer sensor data obtained directly from a device 

is generally still raw data that may contain missing values, differences in 
feature scale, time-format errors, and extreme values (outliers). This study 

aims to analyze and preprocess an accelerometer dataset consisting of 

27,937 observations of acceleration along the X, Y, and Z axes together 

with the recording date and time. The analysis was carried out using the 
Pipeline method from the Scikit-learn library to clean, process, and 

transform the data in a structured manner, starting from converting the 

date and time format, extracting time-based features, standardizing the 

numerical data with a StandardScaler, and detecting and handling outliers 
with the Interquartile Range (IQR) method and a capping technique. The 

inspection results show that the dataset has no missing values, so 

imputation is not required, and the transformation process produces 11 
features. The Pearson correlation heatmap visualization shows that the 

three acceleration axes have a weak and relatively independent 

relationship with one another, so all three still need to be retained as 

separate features. As a result, the dataset becomes cleaner, more stable, 
and ready to be used for further analysis such as activity classification and 

sensor-based machine learning modeling. 
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I.   INTRODUCTION 

The development of information technology and digital sensors today generates large volumes of data 

that are real-time and complex in nature. One type of data widely used in various fields such as health, 

sports, the Internet of Things (IoT), and activity-monitoring systems is data from accelerometer sensors 

[1]. An accelerometer sensor can measure acceleration along three main axes, namely the X, Y, and Z 

axes, so that it can represent the movement of an object in detail [2]. 

However, accelerometer data obtained directly from a sensor is generally still raw data. Raw data often 

contains various issues, such as missing values, differences in feature scale, time-format errors, noise, and 

the presence of extreme values (outliers) [3], [4]. If such data is used directly without going through a 

processing step, the resulting analysis or model may become inaccurate and biased. 

Therefore, an important step called data preprocessing is required. Preprocessing aims to clean, 

transform, and prepare data so that it is suitable for further analysis [5]. One approach widely used in 

modern data analysis is the Pipeline method, an analytical workflow that integrates data cleaning, feature 

transformation, and modeling into a single organized system [6]. This approach allows every stage of the 

analysis to be carried out automatically and repeatedly, thereby improving the efficiency and consistency 

of the analysis results. 

In this study, the accelerometer dataset is analyzed through several preprocessing stages using the 

Pipeline method, such as date and time transformation, numerical data standardization, correlation 

analysis between columns, and outlier handling using a capping technique. By carrying out these stages, 

the dataset is expected to become more stable, informative, and ready for the development of an 

analytical or machine learning model in a subsequent stage. 

Based on this background, this study aims to analyze and preprocess the accelerometer dataset by 

making use of the Pipeline method. This study is expected to provide an overview of a systematic sensor-
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data analysis procedure, from data cleaning through to the interpretation of the results, and to contribute 

to the development of more effective sensor data analysis methods to support IoT-based applications and 

activity-monitoring systems. 

II.   METHOD 

This study uses a quantitative approach based on data analysis to examine the characteristics of and the 

relationships between variables in the accelerometer sensor dataset. The dataset used is sourced from 

Kaggle [7] and consists of 27,937 rows of data with 5 variables, namely Date, Time, accel_x, accel_y, 

and accel_z. 

 
FIGURE 1. 

Research Flow Diagram 

 

The data analysis procedures used in this study are described as follows. 

    1)   Dataset Reading and Exploration: The accelerometer dataset is read using the pd.read_csv() 

function from the pandas library, and then its first five rows are displayed with df.head() and its complete 

structure with df.info(). Based on these results, the dataset consists of 27,937 rows and 5 columns, with a 

float64 data type for accel_x, accel_y, and accel_z, and an object data type for Date and Time. 
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FIGURE 2. 

Dataset Reading and Initial Structure 

The following is a brief description of each column in the dataset: 

• Date: the recording date of the sensor data. 

• Time: the recording time of the sensor data. 

• accel_x: the acceleration value along the X axis. 

• accel_y: the acceleration value along the Y axis. 

• accel_z: the acceleration value along the Z axis. 

    2)   Missing Value Inspection: Each column is checked for missing values using the df.isna().sum() 

function. The check results show that every column has a value of 0, which means the dataset has no 

missing values, so no imputation process is required. 

 
FIGURE 3. 

Missing Value Inspection in the Dataset 

    3)   Data Type Separation: The dataset columns are separated into numerical and categorical 

columns using the select_dtypes() function. The accel_x, accel_y, and accel_z columns are grouped as 

numerical columns (num_cols), while Date and Time are grouped as categorical columns (cat_cols). This 

separation is required because the two types of columns need different handling in the subsequent 

pipeline stage. 
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FIGURE 4. 

Data Type Separation and Library Imports 

    4)   Date and Time Feature Extraction: The Date and Time columns are processed using the 

extract_date and extract_time functions. Both functions convert the values to datetime format with the 

errors='coerce' parameter so that values that do not match the expected format are turned into NaN, and 

then extract the year, month, day, day of week, and quarter from Date, as well as the hour, minute, and 

second from Time. Values that fail to convert are filled with 0. 

 

 
FIGURE 5. 

Date and Time Feature Extraction Functions 

    5)   Pipeline Construction and Data Transformation: The entire data-cleaning and transformation 

process is combined into a single Pipeline object from the Scikit-learn library. The numerical columns are 

processed through a SimpleImputer with a median strategy and a StandardScaler, while the Date and 

Time columns are processed through a FunctionTransformer wrapping the extract_date and extract_time 

functions. The entire pipeline is combined using a ColumnTransformer into a single preprocessor object, 

which is then applied to the dataset with fit_transform() [6], [8], [9]. 
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FIGURE 6. 

Pipeline Construction and Data Transformation Code 

 
FIGURE 7. 

Output of the Data Transformation 

The transformation results in 11 features with a data shape of (27937, 11) and no remaining missing 

values, as shown in Figure 7. 

    6)   Outlier Handling with Capping: An outlier is a data point that differs significantly from the other 

observations. Various outlier-detection strategies have been developed and classified according to data 

characteristics, such as high-dimensional data and streaming data, taking into account both the efficiency 

and the accuracy of detection [10]. In this study, outliers in the numerical data are detected and handled 

using the Interquartile Range (IQR) method [3], [11]. The IQR value, the lower bound, and the upper 

bound are determined according to (1), (2), and (3): 

 IQR = 𝑄3 − 𝑄1 (1) 

 Lower bound = 𝑄1 − 1.5 × IQR (2) 

 Upper bound = 𝑄3 + 1.5 × IQR (3) 

where Q1 is the first quartile (the 25th percentile) and Q3 is the third quartile (the 75th percentile). Values 

that fall outside these bounds are bounded (capped) using the clip() function so that they are not removed 

from the dataset, thereby preserving the number of observations. 
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FIGURE 8. 

Code and Output of Outlier Handling with Capping 

    7)   Correlation Analysis and Heatmap Visualization: Correlation analysis is carried out using the 

Pearson correlation coefficient with a threshold of 0.9 to select the most correlated features, which are 

then visualized as a heatmap using the matplotlib library. 

 

 

 
FIGURE 9. 

Correlation Computation and Heatmap Configuration 
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FIGURE 10. 

Correlation Heatmap Between Features 

The visualization results show that almost all pairs of features, including the three acceleration axes 

accel_x, accel_y, and accel_z, have correlation values that are weak and close to zero (ranging from about 

−0.05 to 0.13), which indicates that the three axes are relatively independent of one another. The pair of 

features with the highest correlation is day and dayofweek (about 0.12), which still falls into the weak-

relationship category [12], [13]. 

    8)   Data Distribution Visualization: The distribution of each column is analyzed using histograms 

and a normal curve. For each column, a skewness value is computed, and the direction of the distribution 

is then classified as right-skewed (skewness > 0.5), left-skewed (skewness < −0.5), or normal. 
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FIGURE 11. 

Program Code for Data Distribution Visualization 

 
FIGURE 12. 

Histograms and Normal Curve for Each Column 

    9)   Outlier Visualization with Boxplots: The outlier values still present after the capping process are 

visualized using boxplots for each column, in order to confirm that the data distribution has become more 

stable compared with before the outlier handling was applied. 

 
FIGURE 13. 

Program Code for Boxplot Visualization 
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FIGURE 14. 

Boxplots for Each Column 

III.   RESULTS AND DISCUSSION 

A.   Results 

Based on the analysis carried out, the preprocessing stage using the Pipeline method successfully 

turned the accelerometer dataset, which originally had mixed data types (object and numeric), into 11 

clean and consistent numerical features with no remaining missing values (Figure 7). Outlier handling 

with the capping technique successfully bounded extreme values in each column without reducing the 

number of observations, so that the data shape remained (27937, 11) after this process was applied 

(Figure 8). 

The correlation heatmap visualization (Figure 10) shows that the relationships between features, 

including between the three acceleration axes, are generally weak. Meanwhile, the histogram (Figure 12) 

and boxplot (Figure 14) visualizations show that most columns have an asymmetric (skewed) distribution 

and still exhibit a small number of potential outliers even after the capping process. 

B.   Discussion 

The weak correlation values between the acceleration axes indicate that accel_x, accel_y, and accel_z 

carry relatively independent motion information from one another, so all three need to be retained as 

separate features in further analysis or modeling, rather than being reduced into a single combined 

variable. This finding is consistent with a study on human activity recognition based on accelerometer 

and gyroscope sensors, which made use of all three acceleration axes simultaneously to distinguish 

movement patterns [1]. 

The use of an IQR-based capping technique in this study was chosen because it can control extreme 

values without sacrificing the amount of data, as shown by a comparative study of outlier-detection 

methods that highlighted how an IQR-based approach is relatively simple yet remains effective compared 

to more complex methods such as Isolation Forest [11]. Likewise, standardizing the numerical data using 

a StandardScaler in the Pipeline stage is consistent with findings showing that data-scaling has a 

significant effect on machine learning algorithm performance in a subsequent modeling stage [14]. 

Overall, the use of the Pipeline method proved advantageous in terms of efficiency and process 

consistency, since the entire cleaning, transformation, and scaling stages could be run automatically and 

repeatedly within a single structured workflow [6]. The Exploratory Data Analysis (EDA) approach used 

during the visualization stage also helped reveal distribution patterns and potential outliers that are not 

visible from summary statistics alone [15]. Consequently, the preprocessed dataset is considered 

sufficiently clean and representative for use in further analysis, such as activity classification or sensor-

based machine learning modeling. 

IV.   CONCLUSION 

Based on the analysis and preprocessing carried out on the accelerometer sensor dataset using the 

Pipeline method, several conclusions can be drawn as follows. 

First, the preprocessing stages, which include data reading, missing-value inspection, data type 

separation, date and time feature extraction, and standardization using a StandardScaler, were 

successfully carried out in a structured manner through a single Pipeline object, producing a clean dataset 

with 11 features and no missing values. 

Second, outlier handling with the Interquartile Range (IQR) method and a capping technique 

successfully bounded extreme values in each column without removing any data, so that the number of 

observations was preserved while the data distribution became more stable. 

Third, the correlation heatmap visualization shows that the X, Y, and Z acceleration axes have a weak 

and relatively independent relationship with one another, so all three still need to be retained as separate 

features in further analysis or modeling. 
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Fourth, overall, the preprocessed dataset is cleaner, more stable, and ready to be used for further 

analysis, such as activity classification, movement pattern prediction, or the implementation of a sensor-

based machine learning model, so that it can support the development of IoT-based applications and 

activity-monitoring systems in the future. 
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  IQR =   Q 3 −   Q 1


  Lower   bound =   Q 1 − 1 . 5 × IQR


  Upper   bound =   Q 3 + 1 . 5 × IQR

