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Abstract—The Attendance system, especially in companies is
needed to help assess the attendance and discipline of employees.
Some attendance systems that have been made based on the
detection of biometrics, barcodes, and QR Codes have not been
able to simplify the attendance process where employees still
have to queue in front of the attendance machine. This paper
aims to design an attendance system that flexible which can
simplify and speed up the process by using a mobile application
based on geofencing and face recognition so the company does
not need to expend the extra cost to buy dedicated machine. The
system is using a mobile application as a device to presence.
Each of the employees has their own geofencing area which
worked as a location virtual boundary. The employee face
images are sent to the server from mobile application for the
attendance process which includes a recognition process using
k-Nearest Neighbours (k-NN) and Principal Component
Analysis (PCA). The results obtained are using face recognition
k-NN and PCA obtained a 90% accuracy rate with a processing
time of 1.5 seconds. The fastest time to do a complete presence
is 3.4s which include a geofencing authentication and face
recognition process.
Keywords—: mobile-based presences system, geofencing, face
recognition, k-Nearest Neighbours, principal component analysis

I. INTRODUCTION
The technology is currently developing very fast wherein
the industrial era 4.0 all activities can be connected and
accessed by using the internet and smartphone. The
attendance system is also growing to make it easier for
employees to use and facilitate the monitoring of employees.
Companies that have branches in various locations, data
synchronization is the main thing. The system is demanded to
accommodate each employee could make a presence at each
branch. Currently, many of the attendance systems used in
companies use presence machines located at a particular
location where each employee must take turns to make
absences both using biometric recognition such as
fingerprints, Qr Code and by using face recognition on the
machine.
Some companies have locations that are difficult to reach
or often have obstacles for their employees to reach the work
location. Other companies have employees who works outside
the office so the static attendance system is not feasible [1].
One of them is at a port company located in Indonesia where
the company's location is at the end of the island and access to
that location often results in traffic jams due to the
accumulation of container trucks. Therefore the use of a static
presence system is less efficient to use
Mohammed et al [2] proposed an RFID based multimodal
student attendance management system (MSAMS) and also
face recognition. In the paper, face recognition was using a
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haar cascade and also using PCA for feature extraction to
classify the image. The results obtained were 98% accuracy
for face recognition. But in this system requires students to be
in a certain room to do the absence and a long recognition
process.
Sunaryono, Siswantoro, and Anggoro [3] used Android,
QrCode and also face recognition on the attendance system.
The QrCode was used so that students could be absent from
the available classes where the QrCode was placed in each
class and displayed on the raspberry pi screen. In terms of face
recognition using LDA, k-NN and also regression for
classification. The results obtained 97% accuracy using LDA
and 93% with the additional use of k-NN classification
Lodha, Gupta, Jain, and Narula [4] used a Bluetooth
system on the attendance system where they used Bluetooth
BLE placed on a student ID card. The drawback of this
attendance system was it could not be verified whether the
presence is the student owner of the card.
Hameed, Saquib, and Hassan [5] applied RFID based
attendance system where they use an arduino microcontroller
as the processing module to get a low cost system. This system
is placed in various selected location and the user must queue
to take a presence so the system is cannot handle the user
outside the office. This research was similar to Pireva, K. R.,
Siqeca, J., and Berisha, S [6] which used a RFID as the identity
of the user. The drawback of RFID system is not being able to
ascertain whether the user detected is the owner of the actual
card.
Raghuwanshi and Swami [7] proposed an attendance
system using video and face recognition. The system used a
camera placed in various classroom in order to detect student
automatically. This system simplified the attendance process
but it required a high cost to operate. If it is used in a company
which has a various location the companies must provide a
large number of cameras. Nowadays, the use of smartphones
both Android and IOS is growing rapidly. Almost every
employee who works at a company uses a smartphone to
communicate. Based on that, the use of an application on a
smartphone can be a solution to help the attendance process.
The system needs to have a mechanism to be able to minimize
employee fraud in absences where the location of absences
and verification of absent system users is valid.
This paper proposes a mobile-based attendance system
using Geofencing and face recognition. The use of
Geofencing in the system is intended to provide a location
boundary where employees can make presence and face
recognition for validation of employees to minimize the
occurrence of fraud in absences. In this system, every
employee is required to have a logon password and register a

face photo before being able to use attendance through an
existing mobile application, so there is no need for special
registration held by the company management.
II. ALGORITHM
A. Local Binary Pattern (LBP)
Local Binary Pattern is a texture recognition that is also
commonly used to represent faces. LBP is often used in face
recognition applications because of its reliability in detecting
textures compared to other algorithms such as eigenfaces and
fisherface. The LBP operator analysis of the textures is
described as an invariant measurement of grayscale textures
obtained from general textures in the local neighborhood. LBP
operators form a label for each pixel of the image by
thresholding at a middle value of 3 x 3 matrix for each pixel
and produce a binary value.
Fig. 1 specifies the process of obtaining the mean i of the
pixel image In other words, given the pixel position (x, y),
LBP is defined as a sequential binary set of results comparing
the intensity of the pixel in the middle pixel and the pixels
around it.

where x = (x1, x2, .... xn) and xj = (xj1, xj2, ... xjn) are
vector features of the unknown sample and neighbor jth j =
1,2,3 .... , k in sequence, and n is the dimension of the vector
feature. How closely the features of the test sample resemble
the training set determines how to classify the given data
points.
C. Principal Component Analysis
Principal component analysis (PCA) is a statistical
procedure that uses orthogonal transformations to change a set
of observations of variables that may be correlated into a set
of non-linear variable values called the main components.
This method provides an ability for data analysis and pattern
recognition as a technique for data compression or data
dimension reduction as well. PCA will reduce the complexity
of space and time [8].The first major component has as much
variance as possible because this transformation is defined in
such a way. Each subsequent component has the highest
variance which may be under the constraint to the previous
one.
The resulting vectors which contains n observations are
unrelated orthogonal transformation basis sets. PCA is
sensitive to the relative scale of the original variable.
Assume that training data A = (A1, A2, A3,A4 ... An)
with N images and j = 1,2,3, ... N, belonging to class c, i =
1,2,3, ... c and the number of pixels in the image is n, with
this, the matrix between the scatter matrix class and the total
scatter matrix are defined as follows:
𝑐

𝑠𝑏 = ∑ 𝑃(𝜔𝑖)(𝜇𝑖 − 𝜇0)(𝜇𝑖 − 𝜇0)

(3)

𝑖=1

where sb is between the scatter matrix class, P(wi)=1/c,µi
is the average vector of the class wi,µ0=1/N∑𝑁
𝑗=1 𝐴𝑗 is the
average vector of the whole of the sample.
Fig. 1. LBP calculation process (Feature Extraction)

𝑐

The resulting decimal label value of 8 bits can be
expressed by:
LBP(x,y) = ∑72𝑛 2𝑛 . 𝑠(ln(𝑥, 𝑦) − 𝑙𝑐(𝑥, 𝑦))

(1)

Where lc is the gray value of the center pixel (x, y), ln is
the gray value of the adjacent 8 pixels, and the function s (k)
is defined as follows:
1
𝑖𝑓 𝑘 ≥ 0
s(k)={
0 𝑖𝑓 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
B. K-Nearest Neighbors (k-NN)
The k-Nearest Neighbors algorithm or lazy learning is a
non-parametric method used for classification and regression.
In terms of k-NN classification requires learning data taken
from k closest neighbors. The result of k-NN is class
ownership. An object is classified by the sum of its plurality
of neighbors, with the object aimed at the most common class
among its closest neighbors. In this proposed system using k
= 1 and in the search for the nearest neighbors using the
euclidean distance formula like Eq. 2.
d(x,xi) = √∑𝑛𝑗=1(𝑥𝑗 − 𝑥𝑖𝑗)2

(2)

𝑠𝑤 = ∑ 𝑃(𝜔𝑖)𝑆

(4)

𝑖=1

where sw is a scatter matrix and Si=E 𝐸{(𝐴 − 𝜇𝑖)(𝐴 −
𝜇𝑖)𝑇 |𝐴𝜖𝜔𝑖)} is covariant matriks from 𝜔𝑖. Between scatter
matrics represent the scatter of the mean class µ, between the
overall mean µ and inside the scatter matrix of samples
around the average class µ
D. Neural Network(NN)
A neural network is a multi-layer networks of neuron or a
circuit of neurons which is composed by a various artificial
neurons or nodes. A neural network can be classified as either
a biological neural network which consists of real biological
neurons or an artificial neural network. In biological neuron,
the connections between neuron are modeled as weights. A
negative weight reflects an inhibitory connection, while
positive weight mean excitatory connections.
The artificial network is commonly used for classification
,predictive modeling, and applications where it can be trained
from a dataset such as in [9]. The artificial Network consists
of three layers, these are an input layer, output layer, and
hidden layer [10]. Fig. 2 shows the model of the neural
network with a single hidden layer.

from the center of the worksite and can only be made by the
Administrator on the web client.
An administrator must first log in to the web client then
draw a circle on the map provided in the application to create
a geofence. After geofencing is made, the administrator
registers each user into geofencing by selecting all employees
on the geofencing that has been created or determining each
user into geofencing as in Fig. 4.

Fig. 2. Neural Network Layer

In this paper, neural network is used for an accuracy
comparation with combination of k-NN and PCA. This paper
used a sklearn library for python language to generate the
neural network layer
III. IMPLEMENTATION
A. Material
The material used to create the proposed presence system
consists of software, and hardware. The software consists of
mobile applications, web clients and APIs. The mobile
application is used for presence process. The application is
made for both Android and IOS by using ReactJS as UI and
SQLite as an internal database.
Web client and API are made by using the PHP language
and Python for communication between mobile applications
and servers. The web client is used to display information for
system administrator to create and manage the geofencing.
The web client uses Google library maps to define each
location as the attendance location and monitors employee
attendance. Flask is used for face recognition API which based
on python language. Open CV is also used for image
processing and image classification.
B. Employee geofencing settings
Every employee who works at the company needs to be
registered into the attendance system. Each of the employees
can have one or more Geofence based on their working
location.

Fig. 3. Geofencing Area

In Fig. 3 shows the Geofencing area of the proposed
attendance system. Geofencing is used as a virtual perimeter
boundary of the attendance location where the employee can
attend while the employee is at that location. It is created by
using Google Maps API and it is possible to obtain distance
and estimated distance from point to point [11]. Geofencing is
made with a maximum radius of 5km and a minimum of 100m

Fig. 4. Web application UI to add a geofence

The data needed is in the form of NIPP or Employee Name
and also the geofencing location that is desired. In this system,
Employees Personal Number (NIPP) and Employees Names
use autocomplete so that it can facilitate administrators in the
search for employees.
C. Face Datasets
Every employee who will use the attendance system must
register a photo of their faces into the system. Face photos
required for each employee are 10 photos where the photo
shows the angle of the face. Each photo requires different
face positions from straight to camera position,
approximately 5 cm to the right and left, then 5 cm to the face
moved up and down and 5 photos of different facial
expressions.
In the mobile application at the first time run by
employees, the system will check the availability of face data
on the system, when the data is not found then the system
automatically asks employees to register their faces. Pictures
are taken in RGB color space with a size of 420 x 420 pixels.
The face image is then sent to the server located in the
company where the face image is stored in JPG format with
counter number file name associated with the employee's
number.
D. Geofencing authentication
Before an employee take a precence, several processes are
carried out consists of taking of current hours, current GPS
location and authenticate current employee locations with
employee geofencing settings. Based on the GPS data, the
system checks the longitude and latitude of the current
employee location with the stored geofencing data. When
location data are incompatible with the stored data then the
system will lock the presence button until the location
matches the geofencing as shown in Fig. 5.
This process could be worked in several minutes in order
to speed up the process of geofencing authentication then at
the beginning of login process the data geofencing and other

data of the employee are stored internally in application by
using SQLite as a database.
Because of the GPS location in smartphones could be
manipulated by a using Fake GPS application in order to
avoid that the proposed system uses library maps on ReactJs
that can detect Fake GPS users. This library stores longitude
and latitude data every few seconds and when the data
changes due to the Fake GPS the system can refuse to prevent
users from Fraud.

The image datasets that have been cropped by detected the
face part of the image using LBP as shown in Fig. 7. The
cropped image is then converted into grayscale and denoising
using a gaussian filter. The filtered picture then divided into
two parts which is training and testing image. Both image are
sent to PCA to convert into a lower subspace then the training
image result of PCA is classify using k-NN. The result of the
face recognition process is the personal number of employee.
There are many methods of doing face recognition such as in
PCA [12,13], Deep Learning [14], k-NN [15,16], LDA [17].
The proposed attendance system uses a simple classifier
for facial detection which is k-NN (k-nearest neighbors) and
PCA. Local Binary Pattern (LBP) for feature extraction. The
reason of using that classifier is because it does not require any
high computational costs when simultaneously accessed by
many employees. In this system, a special menu is provided to
view the attendance report along with location details, photos
and the attendance hours.
IV. EXPERIMENT AND RESULTS

Fig. 5. Geofencing Authentication

E. Presence process
The presence process can be done after the employee is at
the geofencing location that is owned as shown in Fig. 6.

A. Experiment setup
There are 2 experiment processes, the first one is done by
comparing the combination of k-NN algorithm and PCA with
the results of the LBPH algorithm, and Neural Network
algorithm. The face data that registered are divided into 2
subsets, one for the classifier training and the other for the
testing process. The distribution of datasets is 80% used for
training and 20% is used for testing. The face datasets used
in the experiment is using a combination of own face datasets
and ORL database.
The proposed attendance system uses cross-validation
which uses libraries from the python sklearn. The
classification accuracy is calculated by comparing the
number of samples that were successfully recognized
correctly with the number of existing samples such as the
following formula.
𝐴𝑅 =

𝐶𝐶
𝑁

𝑥 100

(5)

Where AR, CC, and N are the accuracy of the classifier,
the number of correct classifications, and the number of
testing dataset.
Fig. 6. Global System Process

These processes are divided into two sub-processes which
are the face recognition process and also the attendance data
storage process. Employees capture their face in the
application then the system will send the face image to the
server. The server jobs is to recognize the image sent by the
application with the image datasets by using k-NN and PCA.

Fig. 7. Face recognition process

In the first experiment, The device used to recognize the
face images is a windows based computer with the following
specifications:
1. CPU i7 intel 8th generation
2. SSD 256 GB
3. RAM 4 GB DDR4
4. VGA Nvidia GeForce 940MX 4GB
The second experiment is the GPS testing. The
experiment is done by calculating the GPS accuracy and the
time application takes to authenticate the geofencing area
inside and outside a building. The device for this experiment
is an android smartphone with specification as the following:
1. CPU Exynos 7904/ OctaCore
2. GPS with A-GPS, GLONASS, BDS
3. Internal 32 GB, 3 GB RAM.

B. Results
In this experiment, the image to be recognized is reduced
to 100 x 100 pixels. Before the face data were classified, face
images were reduced in dimensions using PCA. The results
obtained from PCA are as shown in Fig 8.
The results of the PCA process were then classified using
the k-NN algorithm where the k value is 3. The performance
obtained is an accuracy rate of 90% with an average
processing time using the method mentioned in the previous
section.

LBPH method is become lower by 10%. The accuracy results
of NN and the k-NN algorithm become higher to 91% and
82%.
The next experiment used 500 face dataset to calculate the
accuracy and time result of the algorithm as shown in table III.
TABLE III.
classifier

ACCURACY RESULT USING 500 DATASETS
Result
Accuracy

Time(s)

k-NN

90%

2.0

LBPH

45%

4.0

NN

85%

1.9

The result of table III shows similar characteristic as table
II that the accuracy of k-NN and NN algorithm becomes
higher as the face datasets raises. The time recognition process
also becomes longest than before.

Fig. 8. PCA Result

When the LBPH and NN algorithm is used with the same
testing method, the accuracy rate is 60% for LBPH and 80%
for NN algorithm. The NN used a single hidden layer. Based
on this result the use of the k-NN algorithm with PCA for
classification and dimensional reduction is better when
compared to LBPH as shown in table 1.
TABLE I.
classifier

ACCURACY RESULT USING 200 DATASETS
Result
Accuracy

Time(s)

k-NN

90%

1.5

LBPH

60%

1.8

NN

80%

1.5

The time which shown in table 1 is the total classifier
process and the presence process for 200 face datasets. The
time are includes the geofencing authentication and capturing
face image process.
The next experiment is used a different parameter which
is using 350 face datasets to test the accuracy and the time
result. The testing method is same as the previous experiment.
TABLE II.
classifier

ACCURACY RESULT USING 350 DATASETS
Result
Accuracy

Time(s)

k-NN

91%

1.8

LBPH

50%

2.5

NN

82%

1.8

The results of table II shows that the time to predict a face
becomes longer as the datasets raises. The accuracy results of

The second experiment was geofencing authentication.
The experiment was done by testing the results of time and
accuracy by comparing the current address and the GPS
address. The result is shown in table IV and there is 10 times
testing when application is used inside a building. In this test,
test number 1 to 5 is used the same building which is in
building A and the test 6 to 10 used different building which
is in building B but still in the same address. This
configuration was used because GPS results were affected by
several constraints such as a cellular network in A-GPS,
distance to BTS, walls etc.
TABLE IV. GEOFENCE AUTHENTICATION TIME RESULTS AND ACCURACY
INSIDE A BUILDING
Testing-

Result
Accuracy

Time(s)

1

Match address (0 meter difference)

4.20

2

Match address (0 meter difference)

2.13

3

Match address (0 meter difference)

3.33

4

Match address (0 meter difference)

2.92

5

Match address (0 meter difference)

2.87

6

100 meter difference

3.03

7

Match address (0 meter difference)

2.28

8

200 meter difference

1.95

9

Match address (0 meter difference)

2.33

10

100 meter difference

2.28

As shown in table IV, the longest time required to
authenticate the geofence was 4s and the fastest time was
1.95s. The longest time needed to authenticate more accurate
the results. The accuracy result in test 6 to 10 was fluctuating
because in the building B the network signal is become
unstable. The next experiment was calculating the time result
of authenticate geofencing outside a building as shown in table
V.

TABLE V. GEOFENCE AUTHENTICATION TIME RESULTS AND ACCURACY
OUTSIDE A BUILDING
Testing-

Result
Accuracy

Time(s)

1

Match address (0 meter difference)

2.14

2

Match address (0 meter difference)

2.37

3

Match address (0 meter difference)

2.38

4

Match address (0 meter difference)

1.96

5

Match address (0 meter difference)

2.44

6

Match address (0 meter difference)

2.08

7

Match address (0 meter difference)

2.49

8

Match address (0 meter difference)

2.43

9

Match address (0 meter difference)

1.89

10

Match address (0 meter difference)

3.41

The GPS accuracy result in outside building test was more
accurate compared to the inside building result. The time
result was not much different compared the previous
experiment. The longest times need to authenticate was 3.41 s
and the fastest time was 1.96

Fig. 9. Geofence authentication time result outside and inside building

The fastest authentication of geofencing was when the user
at outside a building as shown in fig 9. The average results of
outside building is 2.3s compared to 2.7s when inside a
building. Based on the time and accuracy result, the
processing time by using k-NN with PCA was better than
LBPH and NN recognition.
C. Conclusion
This paper has created a mobile-based attendance system
using geofencing and face recognition. The system captured
images from the employee when the employee is inside the
geofencing area. Face data were sent to the server for
recognition using PCA and k-NN with the result of 90%
accuracy and the processing time of 1.5 seconds which was
better than LBPH and NN recognition. By using the
geofencing, the employee does not need to wait and queue in
the attendance machine which is better than the other system.
The fastest time to do a complete presence is approximately
3.4s which include a geofencing authentication and face
recognition process.
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