The International Journal of Embedded Computer Engineering (IJEmCE), Vol. 2, No. 2,

October 2026.

https://ejurnal.ung.ac.id/index.php/IJEmCE

Analysis and Preprocessing of
Accelerometer Sensor Data

Revalina Dwi Putri Hasan',Rahmad Hidayat Dongka®*,Ulfatun Nadifa®,
Ade Irawaty Tolago*, Wildan®

Computer Engineering, Universitas Negeri Gorontalo, Indonesia'”
Electrical Engineering, Universitas Negeri Gorontalo, Indonesia®*’
*Corresponding Author Email: rahmatdongka@ung.ac.id

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
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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.

Copyright © 2026 IJEmCE. All rights reserved.

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-

Revalina D. Hasan, Analysis and Preprocessing of Accelerometer Sensor Data 52



e-ISSN: 3123-8939

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.

1L 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.

Dataset Reading Missing Value & .
(Accelerometer CSV, ¥ Data Type > Dateé)l; ir;;itl;‘gzture
Kaggle) Inspection
Correlation Analysis Outlier Handli Numeric Data
& Heatmap - anlngaggin:gr)lg a2 Standardization
Visualization (StandardScaler)
Distr 1bu.t10n & Interpretation of
Outlier a Results
Visualization
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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(OB 1
> df = pd.read_csv('/kaggle/1input/datasets/sanjanchaudhari/accelerometer-casestudy-dataset/a:
df.head()
[2]: Date Time accel_x accely accel z

0 2022-09-03 23:35:16 -1.838747 3.543418 9.126697
1 2022-09-03 23:3531 1.110910 1.810017 9.634268
2022-09-03 23:35.47 8.829816 0.833182 4.663905

2022-09-03 23:36:52 -0.852336 -0.1244%98 0.787497

oW N

2022-09-03 23:3744 -0.900220 -0.005768 9.835381

PR B
|l> df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 27937 entries, @ to 27936
Data columns (total 5 columns):

# Column  Non-Null Count Dtype
Date 27837 non-null object
Time 27937 non-null object
accel_x 27937 non-null floated
accel_y 27937 non-null floatsd
4 accel_z 27937 non-null floatsd
dtypes: floate4(3), object(2)

memory usage: 1.1+ MB

Wk R @

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.
e 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.

R P

df.isna().sum()

| b
[4]: Date
Time
accel x
accel y

accel_z
dtype: int64

LR - ]

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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num_cols df.select_dtypes(include=['int64', 'float64' |).columns
cat_cols = df.select_dtypes(include=['cbject’]).columns
print(f"num_col: {num_cols}")

print(f"cat_col: {cat_cols}")

num_col: Index{['accel_x', 'accel_y"', 'accel_z'], dtype='object")
cat_col: Index{['Date', 'Time"'], dtype="object")

+ Code + Ma

import pandas as pd
import numpy as np

from sklearn.pipeline import Pipeline
from sklearn.compose import ColumnTransformer

from sklearn.preprocessing impert OneHotEncoder, StandardScaler, FunctionTransformer

from sklearn.impute impert SimpleImputer

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.

num_cols = [

'accel_x', "accel_y', 'accel_z
cat_cols = [

'Date”, 'Time'

date_cols = ['Date’]

time_cols = ['Time']

def extract_date(X):

def

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 Simplelmputer 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,

df = pd.DataFrame(X, columns=['Date'])
df['Date'] = pd.to_datetime(df['Date’], errors="coerce

cut = pd.DataFrame(
year': df['Date’|.dt.year.fillna(8),
month’ ; df['Date’ |.dt.month.fillna(g)
day': df[’'Date'].dt.day.fillna(B),
dayofweek’ : df['Date'].dt.dayofweek.fillna(8),
quarter': df[ 'Date’].dt.guarter.fillna(g8)
)

return out.values

extract_time(X):
df = pd.DataFrame(X, columns=['Time']}
df['Time'] = pd.to_datetime(df['Time'], format='%H:.%M:%5", errors='coerce’)

out = pd.DataFrame(
hour': df['Time’].dt.hour.fillna(@),
minute': df['Time'].dt.minute.fillna(@),
second’: df[’Time'].dt.second.fillna(@)

)

return out.values

FIGURE 5.
Date and Time Feature Extraction Functions

which is then applied to the dataset with fit_transform() [6], [8], [9].
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X_trans = preprocessor.fit_transform({X)
print("Shape asli transform:", X¥_trans.shape)
feature_names =
# numeric
feature_names += num_cols
# date
feature_names 4= ["year', 'month’, 'day’,'dayofweek',’quarter’
# time
feature_names += hour', "minute’, " second
print("Jumlah nama fitur :", len(feature_names))
print("Jumlah kolom real ", X_trans.shape[1])

X_clean = pd.DataFrame(X_trans, columns=feature_names)
print("NaN tersisa:", X_clean.isna().sum{).sum{}}

X_clean.head()

num_pipeline = Pipeline(
("imputer', SimpleImputer(strategy='median')}]),
("scaler', StandardScaler())

)

cat_pipeline = Pipeline(
(*imputer', SimpleImputer(strategy='most_freguent'}),
(*onehot', OneHotEncoder(handle_unknown='ignore', sparse_output=False))

)

date_pipeline = Pipeline(
("date’', FunctionTransformer(extract_date, validate=False))

)

time_pipeline = Pipeline(
(*time', FunctionTransformer(extract_time, validate=False))

)

FIGURE 6.
Pipeline Construction and Data Transformation Code
Shape asli transform: (27927, 11}
Jumlah nama fitur : 11

Jumlah kolom real : 11
Na tersisa: @

accel_x accel_y accel_z year month day dayofweek quarter hour minute second

0 -0776833 0540877 0620091 20220 g0 30 50 30 230 350 16.0

1 0097895 0177377 0710573 20220 90 30 5.0 30 230 35.0 3.0

2 2387362 -0.027469 -0.175463 20220 80 30 5.0 30 230 350 AT.0

3 -0434413 -0228298 (0.737889 20220 90 30 5.0 30 230 36.0 520

4 -0403616 -0222273 0746425 20220 g0 30 5.0 30 230 370 440
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=0Q3 -0, (1
Lower bound = Q; — 1.5 X IQR (2)
Upper bound = @3 + 1.5 X IQR 3)

where Q) is the first quartile (the 25th percentile) and Qs 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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CAPPING OUTLIER

e de

def capping(df):
Q1 = df.quantile(8.25)
Q3 = df.quantile(B.75)
I0rR = 03 - Q1

lower = 01 - 1.5 * I0R
upper = 03 + 1.5 * IOR

return df.clip(lower, upper, axis=1)

¥_final = capping(X_clean})
print("Setelah capping:")

print("Shape:", X_final.shape)
print("NaN:=, X_fimal.isna().sum{).sum())
¥_final.head()

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.

corr = ¥_clean.corr(].abs()

1d biss diuhsh

# thrasha
threshold = 8.9

# fitur yang punys korelasi tinggi
high_corr_features = corr.columna|(cerr > threshold).any(]|

print{~Jumlah fitur berkorelasi tinggi:~, len{high_corr_features))
print{high_corr_features.tolist(}}

corr_high = ¥_clean[high_carr_features].carr().round(2)

figure(figsize=(18, 8))
plt_imshow(corr_high)

plt.colorbar({}

plt.title( High Correlation Features”)

plt.xticks(range(len(corr_high.columns)), corr_high.columns, rotation=98, fontsize=E)
plt_yticks(range(len{corr_high columns)), corr_high.columns, fontsize=8)

for i in range(len(corr_high.columns))
for j in range(len(corr_high.columns)):
plt.text(j, i,
corr_high.iloc[i, j],
ha="center”,
va="center”,
fontsize=7)

plt.tight_layout()
plt.show(}

Jumlah fitur berkorelasi tinggi: @
[taccel_x®, 'aceel_y', ‘accel 27, 'day’, ‘dayofueek', ‘hour', ‘minute’, ‘second’]

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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from scipy.stats import norm
import math

cols = X_final.columns
n = len(cols)

# jumlah kolom subplot (bisa ubah}
ncols = B
nrows = math.ceil(n / ncols)

plt.figure(figsize=(4*ncols, 3*nrows))

for i, col in enumerate(cols):
data = X_final[col].dropna() # hindari error jika ada NaN

ax = plt.subplot{nrows, ncols, i+1)

# Histogram (density)
ax.hist(data, bins=38, density=True)

# Kurva normal pembanding
mu = data.mean()
sigma = data.std()

if sigme = B: # hindari error jika std = @
x = np.linspace{data.min{), data.max(), 188)
ax.plot(x, norm.pdf(x, mu, sigma})

# Cek arah skewness
skew = data.skew()

if skew = B.5:

arah = "Skew Kanan"
elif skew < -8.5:

arah = "Skew Kiri"
else:

arah = "MNormal"

ax.set_title(f" {colj\n{arah}", fontsize=8)
ax.set_xticks([])
ax.set_yticks([])

plt.tight_layout()
plt.show()

FIGURE 11.
Program Code for Data Distribution Visualization

Lk DT |
il o

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.

:LJI

FIGURE 12.
Histograms and Normal Curve for Each Column

cols = X_final.columns
n = len{cols)

# jumlah kolom per baris
ncols = 8
nrows = math.ceil(n / ncols)

plt.figure(figsize=(4#*ncols, 3*nrows))

for i, col in enumerate(cols):
ax = plt.subplot(nrows, ncols, i+1)

data = X_final[col].dropna()
ax.boxplot({data, vert=True)
ax.set_title(col, fontsize=8

ax.set_xticks([])

plt.tight_layout()
plt.show()

FIGURE 13.
Program Code for Boxplot Visualization
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FIGURE 14.
Boxplots for Each Column

I11. 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

