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Abstract. The identification of people’s gender and events in our ev-
eryday applications by means of gait knowledge is becoming important.
Security, safety, entertainment, and billing are the examples of such appli-
cations. Many technologies could also be used to monitor people’s gender
and activities. Existing solutions and applications are subject to the pri-
vacy and the implementation costs and the accuracy they have achieved.
For instance, CCTV or Kinect sensor technology for people is a violation
of privacy, since most people don’t want to make their photos or videos
during their daily work. A new addition to the gait analysis field is the
inertial sensor-based gait dataset. Therefore, in this paper, we have clas-
sified people’s gender from an inertial sensor-based gait dataset. We have
collected the gait dataset from Osaka University. Four machine learning
algorithms have been applied to identify people’s gender and they are
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Bagging,
and Boosting algorithm. For classifying gender, some useful features are
extracted from the raw data, and 84 features have been used to iden-
tify people’s gender. After feature selection the experimental outcome
exhibits the accuracy of gender identification via the Bagging stands at
around 87.858%, while it is about 86.09% via SVM. This will in turn
form the basis to support human wellbeing by using gait knowledge.

Keywords: Gait · Inertial Sensor · Gender Classification · Bagging ·
Boosting .
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1 Introduction

Gender is one of the most understandable and straightforward human informa-
tion, yet that can opens up the entryway to the collection of facts used in various
pragmatic operations. In the process of gender determination, the individual’s
gender is determined by assessing the diverse particularities of femaleness and
maleness [1]. Automatic human gender categorization is an interesting subject
in pattern recognition, since gender includes very important and rich knowledge
about the social activities of individuals [2]. In particular, information on gender
can be employed by professional and intelligent frameworks, which are portion
of applications for health-service, smart spaces, and biometric entrance control.
Throughout the recent years the identification of demographic characteristics for
people including age, sex, and ethnicity utilizing computer vision has been given
growing consideration. It would be beneficial if a computer structure or device
could properly identify a given person. A great number of potential areas are
identified where gender identity is very important.

Although a person can easily differentiate between male and female, computer
vision technique considers it as a challenge to identify the gender. Many psy-
chological and medical tests [3], [4] showed that gait characteristics are able
to recognize people’s gender. Several biometrics have been developed for hu-
man identification and authentication by checking the face, fingerprinting, palm
printing, iris, gait, or a combination of these characteristics [5], [6], [7]. Human
Gait is widely considered in surveillance. Because gait characteristics reflect how
a person walks and explains his physical ability. It is hard to mimic the gait
of others. The development of sensing technologies and sensor signal processing
techniques paved the way for the use of sensors to identify gender status. Inertial
Measurement Unit (IMU), which contains a 3D accelerometer, a 3D spinner, and
a magnetometer, has been utilized to assess physical movement through differ-
entiation of human activity [8]. This paper deals with the issue of human gender
recognition by using the gait dataset. Inertial sensor-based gait data is utilized
for gender prediction. Institute of Scientific and Industrial Research (OU-ISIR)
of Osaka University made the Gait inertial sensor data [9].

In the field of gait analysis, the inertial sensor-dependent gait data set rep-
resents a relatively new addition. Therefore, a lot of investigational activities
that include machine learning algorithms in the gait data set are founded on the
image. Hence, the majority of the walking steps and its manner related data sets
were assessed for gait identification. A few research works on personal verifica-
tion of the sensor-based inertial gait dataset have been conducted. The reason is
that personal verification consists of a number of different ways, of which gender
is very hard to predict.

The goal of this work is to develop a way to effectively identify gender from
inertial sensor-based gait data. In this paper, for gender classification we have
studied some supervised machine learning model. For the classification purpose
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at first we have extracted some statistical feature. During the feature extraction
process a primary collection of raw variables has been compressed to get more
useful features. The feature data still explains the original data set thoroughly
and accurately. We have extracted 104 features from the original dataset. But
all this features are not necessary for the classification process. For that reason
we apply feature selection technique known as NCA (Neighborhood Component
Analysis). In this paper, we also compare the classification process before and
after the selection of feature.

The remaining of the paper is prepared in different sections. The literati=ure
review is discussed in section two. The methodology of the study is described
in section three. Section four discusses the result of the experiment. The final
section demonstrates the conclusion and the future work.

2 Literature Review

Many useful techniques or methods are used to find out the gender of a person
by using the gait data.

Kanij Mehtanin Khabir et al. [10] explored twelve types of time domain fea-
tures: average, median, maximum, minimum, variance, root mean square, mean
absolute deviation, standard error of mean, standard deviation, skewness, kur-
tosis, vector sum from the inertial sensor dataset. They measured 88 features
which are suitable for classification of the dataset and regression problems. SVM
provides the highest accuracy among other classifiers. This proposed model has
some over fitting problems because training set of the data with compare to test
set has higher accuracy difference.

The statistical features such as global minimum, global maximum, step dura-
tion, step length, mean, root mean square, standard deviation, entropy, energy
and amplitude from different components of accelerations and angular veloci-
ties [11].They estimated total 50 features for every single step. The variety of
features was too small, so this experiment only works as proof of concept for now.

Makihara et al. [12] describes gender identification by apply a Video-based
gait feature analysis with the help of a multi-view gait database. In this research,
they did a deep machine learning process to predict gender using their own cre-
ated multi-view gait database.

Tim Van hamme et al. [13] explored the best solution of gender information
using IMU Sensor-Based Gait Traces data. They compared distinctive compo-
nent engineering and machine learning algorithms, including both conventional
and profound machine learning techniques.
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ThanhTrung Ngo et al. [14] organized a challenging competition on gen-
der detection using the OU-ISIR inertial sensor dataset. Several processing and
feature extraction are done by using deep learning method, conventional clas-
sification methods and sensor orientation handling methods. The amounts of
features are not enough to generate real time usable model.

Ankita Jain et al. [15] used accelerometer and gyroscope sensor readings for
gender identification using Smartphone. They combined the collected data from
accelerometer and gyroscope sensor for betterment of the experimental perfor-
mance. Bagging classifier gives the best accuracy in this experiment.

Jang-HeeYoo et al. [16] is used a sequential set of 2D stick facts to charac-
terize the gait signature. Each gait signature discriminated by the 2D sticks and
joint angles of the hip, knee and ankle. The support vector machine (SVM) is
used to classify the gender recognition of this method.

Rosa Andrie Asmara et al. [17] used Gait Energy Image (GEI) and Gait
Information Image (GII) processes for gender recognition. The Gait Informa-
tion Image (GII) method performed better than Gait Energy Image (GEI) using
SVM. The accuracy of those works is too low because the shortage of features.

Another researcher take out 2D and 3D gait features founded on silhouette
and shape descriptors and combined them for gender classification [18]. This
combined feature gives the higher accuracy for the Dgait dataset. They used
kernel SVM for this experiment.

In [13] [14] they have used deep and shallow architecture for the classification
of gender. Deep learning consists of several representational levels, while the
shallow has few levels. In [15] they used behavioral biometric gait information
for gender classifi-cation on smartphones. They collected data from 42 subjects.
In [16] they extracted motion based feature and joint angle feature from gait
data. Their dataset is only limited in medical purpose. In [17] the data was
collected only from 20 subjects. For this reason the dataset accuracy are low.
In [18] they have collected their gait data from 53 subjects walking in different
direction. These data sets clearly show us the distortion of the age and gender
ratio.

3 Dataset Description

The University of Osaka has developed OU-ISIR gait dataset, inertial dataset.
The dataset is relatively well developed and is the biggest sensor-based iner-
tial gait database sensor [19].These dataset used 3 IMU (inertial measurement
unit) sensors known as IMUZ which is used to capture gait signals. The IMUZ
comprises of a 3-axial accelerometer and a 3-axial gyroscope sensor. These three
sensors are on the right, one on the left and the one at the center-back of the belt.
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These three sensors had been mounted to the belt with various orientations (90
degree for center left, center right and 180 degree for left-right pair).Gait data
was collected for five days from 745 visitors. Each visitor entered and departed
only once from the designated data capture tool. The dataset included equal
number of gender (384 males and 384 females).In each IMUZ sensor, triaxial
accelerometer and triaxial gyroscope sequence of signals are captured. Therefore
6D data are collected from each signal. Five activities data have been collected
known as: slope-up walk, slope-down walk, level walk, step-up walk and step-
down walk. For each subject, data were extracted for only level walk, slope down
and slope up walk. The data has four labels namely: ID, Age, gender and Activ-
ity. Fig. 1 and Fig.2 is an example of sequence of signals for accelerometer data
and gyroscope data.

Fig. 1. Example of Signals for Accelerometer Data.

Fig. 2. Example of Signals for Gyroscope Data.
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4 Methodology

This section presents the proposed methodology framework consisting of col-
lecting data, data preprocessing, feature extraction and classifiers for machine
learning to classify gender as illustrated in Fig. 3. The dataset which is collected
by using 3-axis accelerometer and gyroscope sensor at The University of Osaka
was considered in this research. The dataset has been preprocessed to extract
features, which have been divided into training and testing dataset. The training
dataset was trained by the machine learning classifiers. Below is the description
of each of the components of the proposed methodology as shown in Fig. 3.

Fig. 3. Graphical Illustration of Proposed Methodology.

4.1 Feature Extraction

We have obtained important features which are given as a classification input.
The main part of the classification is the extraction of features. The walking
patterns of men and women are different biologically. We have taken advan-
tage of statistical and energy motion features since we are trying to classify the
patterns on different surfaces like the plane, stairs. Therefore in order to ob-
tain precise representation of the walking pattern for gender classification, we
have computed both time and frequency domain feature for 6D components.
Time-domain feature includes maximum, minimum, mean, median, mean abso-
lute deviation, skewness, kurtosis, variance, standard error of mean, standard
deviation, root mean square, vector sum of mean, vector sum of minimum, vec-
tor sum of maximum, vector sum of median, vector sum of standard deviation,
vector sum of variance, vector sum of standard error of mean, vector sum of
skewness, vector sum of kurtosis, Entropy and vector sum of entropy and fre-
quency domain feature included energy, magnitude, vector sum of energy and
vector sum of magnitude. Fast Fourier Transform (FFT) has been used to com-
pute the frequency domain feature. The total numbers of features are 104.Table
1 shows name of the feature.

Table 2 shows the some of the feature value which is extracted from the raw
sensor data.
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Table 1. Feature for Gender Classification.

Domain Sensor Type Axis Feature Name

Time Accelerometer, Gyroscope x,y,z

Mean, Median, Minimum,
Maximum, skewness

Mean Absolute deviation,
Standard Error of mean,

Standard Deviation, Kurtosis,
Variance, Entropy,
Root mean square,

Root mean square, Vector sum,
Vector sum of mean,

Vector sum of median,
Vector sum of maximum,
Vector sum of minimum,

Vector sum of Standard deviation,
Vector sum of square error of deviation,

Vector sum of skewness,
Vector sum of mean absolute deviation,

Vector sum of kurtosis,
Vector sum of variance,

Vector sum of root mean square

Frequency Accelerometer, Gyroscope x,y,z
Energy, Magnitude, Vector sum of energy

Vector sum of magnitude

Table 2. Some of Feature Value after Feature Extraction.

ax-mean ax-median ax-max ax-min ax-mad ax-skew ax-kurtosis

-0.041 0.0093 1.514 -1.719 0.296 -0.290 4.483

-0.045 -0.057 1.998 -1.207 0.296 0.568 5.729

-0.021 -0.003 1.264 -0.882 0.234 0.261 4.093

-0.020 0.039 1.381 -1.249 0.292 -0.213 3.342

-0.017 -0.034 2.599 -1.485 0.303 1.425 10.554

-0.020 -0.004 1.997 -0.846 0.264 0.902 7.443

-0.019 -0.024 0.598 -0.567 0.162 0.228 2.844

0.002 0.017 0.587 -0.621 0.179 -0.102 2.945

4.2 Feature Selection

All the features are not needed to classify gender. Increasing features includes
multiple dimensions and therefore this can lead to an overfitting problem. A
smart feature selection methodology has been implemented to find the rele-
vant features to eliminate the overfitting problem caused by unnecessary fea-
tures.Focusing on the relevant subset of features and ignoring the rest of the
features is important for the learning algorithm. The specific learning algorithm
takes a shot at the training set to choose the right subset of the extracted feature
that can be applied to test set. Neighborhood component Analysis (NCA) is one
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of the popular techniques that are used for feature selection process.

NCA is a non-parametric approach to identify features with view to optimiz-
ing regression and classification algorithm predictability. NCA uses a quadratic
distance calculation of k-nearest neighbor (KNN) supervised classification algo-
rithm by reducing Leave-one-leave out (LOO) error. Quadratic distance metrics
can be represented by using symmetric positive and semi- define metrics. A lin-
ear transformation of the input feature, denoted by matrix A can result in higher
KNN classification performance. Let Q = ATA is matric, two points x1 and x2’s
distance can be calculated by using the following terms.

d(x1, x2) = (x1 − x2)TQ(x1 − x2) = (Ax1 −Ax2)T (Ax1 = Ax2) (1)

To prevent a discontinuity of the LOO classification error, the soft cost func-
tion of the neighbor assignments in the transformed space can be used. In the
transformed space, the probability pij that point j is as the nearest point I can
be described as

pij =
exp(− ‖ Axi −Axj ‖2)∑
k 6=j exp(− ‖ Axi −Axj ‖2)

(2)

Where pij = 0.
Transformation matrix A can be achieved by correctly classifying the expected
number of points.

A∗ = max
∑
i

∑
j∈ci

exp(− ‖ Axi −Axj ‖2)∑
k 6=j exp(− ‖ Axi −Axj ‖2)

− λ ‖ A ‖2F (3)

Where λ parameter is used for maximizes the NCA probability and minimizes
the Frobenius norm. To solve the optimization problem, the conjugate method
can be used. If A is confined to diagonal matrix, the diagonal inputs represent
the weight of the every input feature. Therefore, the selection of the feature can
be obtained on the basis of the importance of the weights.

Matlab statistics and machine learning toolbox function fscnca is used for
NCA feature selection process. After applying the feature selection method NCA,
the numbers of features are now 84.

4.3 Classification of Gender

The classification problem consists of two classes: male and female. The main
goal of our research is to classify human gender with high accuracy. For the clas-
sification purpose, we have used four algorithms of classification namely KNN
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(K-nearest neighbor), SVM (Support Vector Machine) [20], [21], Bagging [22],
[23], and Boosting [24] [25] algorithm.

4.4 Model Training

We have divided the entire dataset into two sections for training and evaluation.
We separated 30% data from the dataset, which has been considered as the test
data before preprocessing. The remaining 70% data, considered as the training.
There are two contradictory factors when dividing a dataset. If we have limited
training data, the prediction of the parameter would have greater variance. And
if we have fewer data on testing, the performance figures would have a higher
variance. The data should be divided so that none of them is too high, which
depends more on the data volume. The dataset we have used is not large so no
spilt ratio will give us the better result for that reason we have to do the cross-
validation. These two sets than have been translated into two different threads.
After data preprocessing, there are total 1,556 samples. For the training phase,
with the training set of 1100 samples, we trained our model. Finally 456 numbers
of samples used to test the models. These test dataset was never seen by the
model.

5 Result and Discussion

Once model training is completed, the learned models are used to classify the
gender of people. We have also demonstrated the k-fold effects of cross-validation
So that the model didn’t overfit the training dataset. Different parameters for
each model and the maximum accuracy of each model have been observed. First,
we construct the models using 84 features derived from sensor data.

To minimize the number of features, we have used a feature selection method.
Our primary objective is to select the most discriminative time-domain and
frequency-domain feature for gender classification and also find out the best ac-
curacy among the four classification algorithms. For this purpose, we have used
four well-known classifiers KNN (K-Nearest Neighbor), SVM (Support Vector
Machine), Bagging, and Boosting algorithm.

For the experimental purpose, we have used accuracy, MAE, and RMSE to
measure the performance of the algorithms and we also compared classification
model performance with three metrics [26]: precision, Recall, and F1-score.

Matlab 2018 software was used for calculating all the result. For Feature
selection Matlab Statistics and Machine learning toolbox was used and for clas-
sification problem Matlab classification learning toolbox was used.
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Table 3. . Classification Accuracy before and after Feature Selection.

Classifier Name
Accuracy Before
Feature Selection

Accuracy After
Feature Selection

SVM 83.898% 86.091%

K-Nearest Neighbor 79.661% 81.456%

Bagging 83.615% 87.854%

Boosting 81.425% 84.105%

Table 3 depicts the results from the comparison of the classification accu-
racy before and after feature selection process. 1,556 samples have been used for
these classifications where each class contains the same number of samples. It
can be seen from the table that the accuracy of the all classifier are higher than
80%.Bagging algorithm offers the best possible result with 87.5% compare to the
other classifier. Because bagging reduces the variance of one estimate, since sev-
eral estimates from various models are combined. Support vector machine shows
comparatively lower accuracy. The results from the table show that the accuracy
of the each algorithm is increased by 3% when Neighborhood component analy-
sis (NCA) dimension reduction method is applied to its original feature. This is
because NCA method has decreased the dimensionality of the data. Therefore
the NCA method for reducing dimensionality makes the classification process
simpler and increases the classification accuracy rate.

Fig. 4. Graphical Representation of Accuracy before and after Feature Selection .

Fig. 4 shows the graphical representation of classification accuracy before
and after feature selection. It can be seen from the graph that the accuracy
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rate of the classifier is increased after the feature selection method is applied.
From the observation, we can see that the bagging algorithm gives the better
accuracy before and after selection process. Bagging algorithm shows the better
result because it combines the weak learners and aggregates the weak learners
in such way that the output is average of the weak learners. That’s why bagging
algorithm has less variance and therefore it gives the better result than the other
algorithm.

Table 4. Performance Matrices for Gender Classification.

Classifier Name MAE RMSE Precision Recall F-Score

SVM 0.139 0.373 0.867 0.855 0.860

K-Nearest Neighbor 0.185 0.430 0.827 0.798 0.813

Bagging 0.121 0.348 0.899 0.855 0.876

Boosting 0.159 0.399 0.858 0.820 0.839

From Table 4, it has been seen that the Bagging algorithm shows better per-
formance among the four algorithms. It also gives the lowest MAE and RMSE.
Bagging algorithm has the highest F1-score, Precision, and Recall.

Fig. 5. . ROC Curve for Model Evaluation.

Fig. 5 shows the ROC curve for all classifier of male class and it can be noticed
that Bagging, Boosting and KNN classifier curve converge quickly where SVM
classifier curve converge slowly.
Fig. 6 illustrates the example of a confusion matrix in the Bagging classifier. The
input of this classification is based on data after the process of feature selection
(NCA-based features).The confusion matrix is carried out between two classes
namely Male and Female classes. The table row represents the real class and the
column represents the class that classifiers know. The value in the table indicates
the probability of the actual class being recognized. The Fig.6 shows that the
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male class is correctly recognized with 87.4% and female class are correctly
recognized with 85.3%.

Fig. 6. Confusion Matrix.

We have performed a comparative evaluation of our methodology with the
existing work. The experimental results are presented in Table 5. From the result
we can see that our proposed methodology outperforms than the other existing
method.

Table 5. Comparative Study of the Proposed Approach with Existing Work.

Research Study Approach Accuracy

Ankita jain et al[15] Bagging 76.83%

Khabir et al[10] SVM 84.76%

R.A Asmara[17] SVM 70%

The proposed Algorithm Bagging 87.85%

6 Conclusion and Future Work

In this research, we have tried to identify the best machine learning algorithm
to classify gender from the inertial sensor-based gait dataset. The largest sensor-
based inertial OU-ISIR gait dataset has been analyzed for this experiment. The
use of time-domain and the frequency-domain features are the essential part
of our paper, and we also select features which are most important for the
classification of gender. These extracted features are used successfully to train
our selected classification models. From the result, it has been observed that
after selecting the features from the 104 features, the accuracy of the classifier
is increased, which in turn could be used to ensure the safety and security of the
human beings. In the future, we will use some deep learning methods for gender
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classification [27], [28], [29], [30]. and also apply some methodology to remove
uncertainty [31], [32], [33], [34], [35], [36]. However, in this study, we have used
only 1100 data for the training set. In the future, we will use more data for the
training phase and we will also use other feature selection method like PCA and
t-SNE for training our dataset.
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18. R. Borràs, A. Lapedriza, L. Igual. “Depth information in human gait analysis:
an experimental study on gender recognition.” In International Conference Image
Analysis and Recognition (pp. 98-105). Springer, Berlin, Heidelberg, 2012, June.

19. Lu, Jiwen, and Yap-Peng Tan. ”Gait-based human age estimation.” IEEE Trans-
actions on Information Forensics and Security 5.4 (2010): 761-770.

20. C. J. Burges, ”A tutorial on support vector machines for pattern recognition,”
Data mining and knowledge discovery, vol. 2, no. 2, pp. 121-167, 1998.

21. Naylor, Peter, et al. ”Nuclei segmentation in histopathology images using deep
neural networks.” 2017 IEEE 14th international symposium on biomedical imaging
(ISBI 2017). IEEE, 2017.

22. Breiman, Leo. ”Bagging predictors.” Machine learning 24.2 (1996): 123-140.
23. Johnson, Roger W. ”An introduction to the bootstrap.” Teaching Statistics 23, no.

2 (2001): 49-54.
24. A Rahman, and B Verma., 2013. ”Ensemble classifier generation using non-uniform

layered clustering and Genetic Algorithm.” Knowledge-Based Systems, 43, pp.30-42.
25. Y. Freund and R. E. Schapire, “Experiments with a new boosting algorithm,” in

International Conference on Machine Learning, pp. 148–156, 1996.
26. M. Sokolova, G. Lapalme. ”A systematic analysis of performance measures for

classification tasks.” Information processing management, 45(4), 427-437,2009.
27. Chowdhury, R. R., Hossain, M. S., ul Islam, R., Andersson, K., Hossain, S. (2019,

May). Bangla handwritten character recognition using convolutional neural network
with data augmentation. In 2019 Joint 8th International Conference on Informatics,
Electronics Vision (ICIEV) and 2019 3rd International Conference on Imaging,
Vision Pattern Recognition (icIVPR) (pp. 318-323). IEEE.

28. Ahmed, T. U., Hossain, M. S., Alam, M. J., Andersson, K. (2019, December). An
Integrated CNN-RNN Framework to Assess Road Crack. In 2019 22nd International
Conference on Computer and Information Technology (ICCIT) (pp. 1-6). IEEE.

29. Ahmed, T. U., Hossain, S., Hossain, M. S., ul Islam, R., Andersson, K. (2019,
May). Facial expression recognition using convolutional neural network with data
augmentation. In 2019 Joint 8th International Conference on Informatics, Elec-
tronics Vision (ICIEV) and 2019 3rd International Conference on Imaging, Vision
Pattern Recognition (icIVPR) (pp. 336-341). IEEE

30. Islam, M. Z., Hossain, M. S., ul Islam, R., Andersson, K. (2019, May). Static hand
gesture recognition using convolutional neural network with data augmentation

31. Biswas, M., Chowdhury, S. U., Nahar, N., Hossain, M. S., Andersson, K. (2019,
November). A Belief Rule Base Expert System for staging Non-Small Cell Lung
Cancer under Uncertainty. In 2019 IEEE International Conference on Biomedical
Engineering, Computer and Information Technology for Health (BECITHCON) (pp.
47-52). IEEE.



Gender Classification 15

32. Kabir, S., Islam, R. U., Hossain, M. S., Andersson, K. (2020). An Integrated
Approach of Belief Rule Base and Deep Learning to Predict Air Pollution. Sensors,
20(7), 1956.

33. Monrat, A. A., Islam, R. U., Hossain, M. S., Andersson, K. (2018, October). A
belief rule based flood risk assessment expert system using real time sensor data
streaming. In 2018 IEEE 43rd Conference on Local Computer Networks Workshops
(LCN Workshops) (pp. 38-45). IEEE.

34. Karim, R., Hossain, M. S., Khalid, M. S., Mustafa, R., Bhuiyan, T. A. (2016,
September). A belief rule-based expert system to assess bronchiolitis suspicion from
signs and symptoms under uncertainty. In Proceedings of SAI Intelligent Systems
Conference (pp. 331-343). Springer, Cham.

35. Hossain, M. S., Monrat, A. A., Hasan, M., Karim, R., Bhuiyan, T. A., Khalid, M.
S. (2016, May). A belief rule-based expert system to assess mental disorder under
uncertainty. In 2016 5th International Conference on Informatics, Electronics and
Vision (ICIEV) (pp. 1089-1094). IEEE

36. Hossain, M. S., Habib, I. B., Andersson, K. (2017, July). A belief rule based expert
system to diagnose dengue fever under uncertainty. In 2017 Computing conference
(pp. 179-186). IEEE


