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Abstract: Student attendance during classroom hours is important, because it impacts the academic
performance of students. Consequently, several universities impose a minimum attendance percentage
criterion for students to be allowed to attend examinations; therefore, recording student attendance
is a vital task. Conventional methods for recording student attendance in the classroom, such as
roll-call and sign-in, are an inefficient use of instruction time and only increase teachers’ workloads.
In this study, we propose a Bluetooth Low Energy-based student positioning framework for
automatically recording student attendance in classrooms. The proposed architecture consists
of two components, an indoor positioning framework within the classroom and student attendance
registration. Experimental studies using our method show that the Received Signal Strength Indicator
fingerprinting technique that is used in indoor scenarios can achieve satisfactory positioning accuracy,
even in a classroom environment with typically high signal interference. We intentionally focused on
designing a basic system with simple indoor devices based on ubiquitous Bluetooth technology and
integrating an attendance system with computational techniques in order to minimize operational
costs and complications. The proposed system is tested and demonstrated to be usable in a real
classroom environment at Rangsit University, Thailand.

Keywords: smart attendance; Bluetooth Low Energy; indoor positioning; Received Signal Strength
Indicator (RSSI); fingerprinting; neural network

1. Introduction

In academic institutions, recording student attendance consumes a significant amount of time
per classroom session. Further, recording the actual time for which each student is present is time
consuming, when considering the typical number of students in a batch, and such information when
recorded is usually inaccurate [1]. Nevertheless, recording student attendance is a common practice in
many schools and universities, especially for those that implement a mandatory attendance policy [2–4].
In particular, the education system in Thailand attaches significant importance to student attendance
in the class across all educational levels. At the undergraduate level, such as for science or engineering,
the policy enforces a minimum of 80% attendance for a particular course or laboratory to permit
students to write an end of term examination [5].

Prior research [6] shows a strong relationship between regularity in classroom attendance and
academic performance. Therefore, institutions enforce a policy of recording student attendance in
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classrooms, which instructors manually perform. However, this traditional process of attendance
recording suffers from drawbacks and is prone to errors. In recent years, systems have been developed
to automate this process in classrooms using various technologies to save relevant instruction time and
improve the reliability of attendance reports. The biometric systems [7,8] have been widely proposed,
but they still have limitations in terms of the cost of installation and the time-consuming process of
attendance registration.

In such a scenario, the role of technology must be to provide a smart learning environment,
through connected sensors and devices, create innovation and enhance learning activities [9]. Therefore,
technology must be used to facilitate the growth of student potential and to unburden the teachers from
time-consuming manual activities. Bluetooth, owing to its low power consumption and cost [10], is the
most commonly used radio frequency (RF) technology for automatically capturing the actual time of
students’ attendance [11]. Further, being one of the most widely used technologies in mobile phones,
wireless headsets, and wearable devices, it is an on-demand platform for everyone to use anywhere.

In this study, we propose the system to contribute framework for the class attendance system
with indoor positioning technology. Bluetooth Low Energy (BLE) technology was utilized for indoor
location tracking by determining the relationship between mobile phones position and the RSSI.
However, this is challenging to calculate in indoor areas, because it is not possible to directly use
an error model for free-field propagation, owing to boundary conditions, reflections, and walls [12].
Our approach is based on the fingerprinting algorithm, combined artificial neural networks (ANN)
with the radial basis function (RBF). The server is responsible for calculating positions and recording
attendance information. The system automatically gathers signals from users’ smartphones in the
closed environment (classroom) and they are applied in real situations as follows.

• We record the attendance of students with their positions in the classroom using our
proposed system.

• We store all of the gathered information in a database and display it in a web application each
course (including calculations for absence or late attendance, per week, and per term).

The system achieves good positioning accuracy even in a classroom environment where signal
interference is typically high, and the study demonstrates the system’s usability.

The rest of this paper is organized, as follows. In Section 2, we discuss related work on classroom
attendance and indoor positioning techniques. In Section 3, we then present our proposed method,
including the architecture of the system. In Section 4, we describe the procedure and results of the
experiment that we performed to test the proposed method. Finally, in Section 5, we discuss and
summarize the conclusions of the study.

2. Related Work

2.1. Class Attendance

In this section, we review relevant research on class attendance and technologies that have
been used in class attendance recording systems. Class attendance is important from an academic
performance perspective, as outlined in the previous section. A study by Stanca [13] over a large dataset
reveals a positive correlation between class attendance and academic performance. Moreover, Quantile
Regression Analysis [14] demonstrates the negative impact of class absence on academic performance.

One approach to developing class attendance systems is through the use of RF identification
(RFID) or near-field communication (NFC) technologies. For example, the study in [15] applied RFID
technology in an attendance system by developing a Java application for this purpose (by Nippon
Systems Development [16]). This particular application builds links among data collected from RFID
devices to automatically register attendance and record entries into the database. In general, RFID
special tags are embedded into students’ identity cards. Therefore, students are required to display
their student identity cards and scan them over a reader. A drawback with such a procedure, however,
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is that anyone can use the identity cards. Therefore, it is not sufficient to validate the student’s identity
for recording his or her attendance. In the research conducted by Ichimura et al. [17], students are
required to scan their cards over the NFC tag on their smartphones which contains the student’s picture.
Class Attendance Management System (CAMS) prototype has been developed and introduced by
Mohandes [18]. CAMS evaluates the attendance using a mobile device with Near-field communication
(NFC) technology enabled and NFC (or RFID) tag/card. The known drawback for the class attendance
system using NFC or RFID is that it requires additional preparation and equipment installation.

Recently, BLE has garnered significant attention among researchers as a technology for short-range
communication between nodes of a network and it has also been studied for its potential in classroom
attendance systems. In 2013, a student attendance system based on Bluetooth and RFID was developed
by Bhalla et al. [19]. In this system, student information is first collected via an RFID reader, and
the class assistant or professor can then view the student attendance by using a desktop or laptop
connected to the system. In 2015, Lodha et al. [20] developed an attendance management system
application with Bluetooth-enabled devices. Their system requires Bluetooth electronic tags that can
be embedded into student ID cards. This system improves efficiency, as it can work with a wireless
network while using Bluetooth technology, thereby removing the necessity for students to display
their cards over a reader. In 2016, Apoorv and Mathur [21] developed a system that assists the teacher
to collect student attendance in the classroom. The students need to bring their student ID card (which
has e-stimote [22] sticker beacons attached) to the classroom, and the system uses BLE beacons planted
in the classroom to detect the student identity and attendance. However, the teacher still needs to
manually extract attendance information using the application on an Android device that connects to
the BLE beacon and collects the sensor data.

Some attendance systems require the installation of an application on students’ mobile devices to
gather attendance information. In 2016, Saraswat and Garg [23] developed an application using beacons
for faculty admin tasks. This system directly notifies and interacts with students via web links and an
application. Moreover, during the class, students’ attendance information is automatically gathered by
the system based on their location in the classroom. The system runs a clock timer (in the application
background) when the student is close to the beacon (near and immediate). The computation in this
system is primarily performed on the student’s smartphone. This requires a significant amount of
processing on the student’s mobile phone. Further, an inherent disadvantage of such a system is that it
requires the student to install and maintain an additional application.

Many prior techniques for recording classroom attendance require either using additional
equipment, such as NFC or RFID, or installing additional applications by the students. In our proposed
system, we chose to utilize already existing equipment in order to minimize operational costs and
complications, by leveraging indoor localization techniques.

2.2. Indoor Location Positioning

Despite its unreliability in indoor environments, GPS has proven to be a successful technology
and it is commonly used in location tracking systems. However, for recording classroom attendance,
we require student location tracking in indoor environments within the university campus. Therefore,
GPS is not a suitable technology for classroom attendance systems.

Location tracking in indoor environments has recently garnered significant interest among
researchers. Several technologies have been invented and leveraged for indoor location tracking, such
as image processing, RFID, Wi-Fi, magnetic sensors, and BLE [24]. The cost of these technologies (with
the exception of BLE) is typically high, and all of them require the installation of additional equipment
or devices in the target environment. BLE (Bluetooth version 4.0+), also known as Bluetooth Smart,
enables Bluetooth signals in personal devices. BLE introduces energy saving features and it can last for
very long periods of time [25]. Therefore, in this study, we adapted BLE technology on personal and
mobile devices to develop an indoor positioning system.
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2.2.1. Bluetooth Based Indoor Positioning

For student attendance monitoring in the classroom, we chose Bluetooth in our system because of
two primary reasons.

1. Devices with Bluetooth capability are commonplace today, such as mobile phones, smart watches,
Bluetooth tags, and smart wearable devices.

2. Bluetooth is able to transmit a small amount of data with ultra-low power consumption.

Because students have to identify themselves by their personal devices, each student needs to be
actually present in the classroom. The signal strength can vary, depending on the distance and intensity
of the Bluetooth signal emitted by the device used in indoor location tracking. Indoor positioning
systems typically adopt either trilateration or fingerprinting-based approaches.

2.2.2. Trilateration

The trilateration technique estimates the distance by translating RSSI. At least three Bluetooth
reference points (devices) are required in the same area to calculate the receiver location. In addition,
the location of the reference points must be clearly defined. A challenge with this technique is that
obstacles or attenuations in the target area can significantly affect the estimation or the RSSI value at
the receiver [26]. Because it is common for classrooms to contain furniture or large objects, these can
significantly interfere with the signal at the receiver device. Modeling the environment with a perfect
path loss coefficient can be complicated in such a case.

2.2.3. Fingerprinting

The fingerprinting technique consists of two steps [27]. First, all of the RSSI values at the reference
point are collected as a vector from predefined locations throughout the space in the classroom.
Subsequently, the receiver detects the RSSI value from the device. At this point, the RSSI vector is
compared with the RSSI vector previously recorded, and location estimates can be calculated by a
variety of algorithms. Because fingerprinting considers the variations in RSSI values, it is a feasible
technique for classroom environments. This technique is used in an improvement of the RSSI collecting
process as well as the overall accuracy by taking into account the device proximity, device movement,
and temporal sampling.

3. Materials and Methods

3.1. Experiment Environment

In this study, we designed and evaluated the proposed class attendance system in the computer
laboratory in Rangsit University. The experimental room was a common classroom in the university.
Three types of classrooms were used in this research. The first one (type I) was a laboratory classroom.
The dimensions of the room were approximately 7.2 m × 9.5 m, with a total area of 68.6 m2. This type
of classroom contained lab tables, chairs, desktop computers, and cabinets. Four stations with fixed
Bluetooth sensors were installed on both of the longer sidewalls of the room. The four fixed stations
were intentionally redundant to ensure that all students’ mobiles could connect with Bluetooth sensors,
as shown in Figure 1. The signals that were received from the Bluetooth sensors (installed at a height
of 2.2 m) were quite stable because of minimal interference from ground objects (such as tables, chairs,
laboratory equipment, or humans). The type I classroom was used in our evaluation methodology for
the development of the framework of the class attendance system and the identification of students’
locations in the classroom using Bluetooth RSSI.
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Figure 1. Setup of Bluetooth stations at Experimental site type I.

The second type of classroom (type II) was also a common room with dimensions of 7 m × 7 m
(total 49 m2), as shown in Figure 2. The room contained desktop computers, laboratory tables, network
device racks, and chairs. The framework was similarly developed and evaluated following the type I.
The experiment conducted in classroom type II is our implementing case study, since the framework
was applied during an actual course.
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Figure 2. Test site for Bluetooth Low Energy (BLE) indoor positioning (Classroom type II).

The last type of classrooms (type III) was the largest lecture room with dimensions of 11.5 m × 16 m
(total 184 m2), which can typically contain up to 70 students. The room contained a lecturer’s table,
student chairs, and cabinets, as shown in Figure 3. The experiment that was conducted in classroom
type III was also applied to an actual classroom. All three types are located at the computer engineering
faculty in Rangsit university.
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3.2. System Architecture

The proposed architecture in this study consists of two parts, a general classroom attendance
prototype and supporting measures for the integration of the model with daily operations of smart
classrooms. The smart classroom prototype was designed based on our study and the Rangsit Smart
Classroom project. The supporting measures, in terms of technology, are concepts and rules that are
necessary for smart classroom operations of the proposed model.

This study focuses on developing a novel application with BLE signals, which can recognize a
user’s identity and track the location or position of the recognized user. The user’s smart device can be
used as a positioning system in the BLE indoor environment. Position information collected from the
user’s location is automatically updated. We consider the gathering of students’ attendance information
for a lecture session as a scenario for the direct application of this system. In the traditional approach,
when a student walks into the classroom, a professor marks the student’s presence (either on paper or
an application). This process is time consuming, and the collected data need to be manually processed
and analyzed to provide insights on students, classes, and subjects. Meanwhile, the proposed system
automatically calculates the locations of students that are present in the classroom. The information is
directly fed into the professor’s interface to facilitate insights and decisions on classroom evaluations
and examinations. This is a very innovative way of registering both the attendance and the location at
any given time. This kind of information on location mapping of attendance records is very useful for
large classrooms with large number of students.

Figure 4 illustrates the attendance monitoring system, which is designed for recording student
attendance and student locations in a classroom. The system utilizes Bluetooth signals from students’
mobile phones, and device identification information, such as the device media access control address
(MAC), is captured to determine student identity.
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The sensors used in this system are referred to as Bluetooth stations (running on Raspberry Pi with
BLE), which are used to measure and collect the RSSI of the students’ devices from the four reference
points to calculate the students’ position in the classroom.

The Bluetooth station node is the BLE hardware that is installed in the classroom, which sends out
Bluetooth signals and it is referenced for position identification of a particular student in the classroom.
This works in the discovery (scanning) mode on the Bluetooth device of the student in the classroom
and collects the BLE MAC address as well as the BLE RSSI from the returned message of the Bluetooth
packet. The discovery mode keeps constantly searching for BLE devices nearby. When a student
walks into a classroom (broadcasting area) with his or her smart device, his device gets recognized
by the Bluetooth station node. Subsequently, the Bluetooth station node device sends the user’s BLE
MAC address for recording in the database. Moreover, the Bluetooth station node sends the signal
strength of BLE RSSI to the Estimate Location Systems to calculate the user’s position in the room
before sending it to the database. The Bluetooth station sends the MAC address to mark the user’s
presence and sends RSSI with the MAC address for user position estimation. The system consists of
three parts: server module, Bluetooth station module, and client module.

3.2.1. Server Module

The student attendance system was designed to work with a Bluetooth station module (acting
as a Bluetooth sensor) that was installed in the classroom. The sensors read RSSI from students’
mobile devices via the hypertext transfer protocol (HTTP) over the network. The student attendance
system consists of two major components. The first component, the attendance recording module, was
developed as a web application using PHP: Hypertext Preprocessor (PHP) over XAMPP 7.2.4 with
a MySQL database. The second component, the positioning calculation module, uses the MATLAB
application for model training and ANN for calculations.
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3.2.2. Bluetooth Station Module

The sensor system was developed with the Python programming language over Raspberry Pi
(RPI 3 Model B with Raspbian kernel 4.4.38-v7), equipped with Bluetooth USB dongles. This module
periodically collects information, such as Bluetooth addresses and signal strength from mobile devices
in the target area, before submitting the information to the server module. The server module then uses
the information to calculate the locations of students in the classroom. The sensors were distributed on
the walls of the classroom, as this facilitates convenient connection with the local area network (LAN)
and power line.

3.2.3. Client Module

The client device refers to a student’s mobile phone with the Bluetooth service enabled and set to
visible. The system scans nearby devices and read RSSI value with student identity (such as mapped
MAC address) from the student’s mobile phone to stamp the attendance for the particular student.

3.3. Participant

A total of 23 students from the Computer Engineering and Computer Science Schools, Rangsit
University, Thailand, participated in the study. The participants were all students of two subjects in
the classrooms that were chosen as the experimental area. Every session, the systems recorded the
attendance data of all the students.

3.4. Student Attendance Mechanism

The student attendance system uses the signal strength from the Bluetooth devices in the users’
mobile phones received at the Bluetooth station module within the classroom. The mobile phones
do not require any installation or setup, and only the Bluetooth functionality needs to be turned
on. The Bluetooth RSSI from the students’ mobiles were read in the discovery mode or inquiry
mode. This mode does not require a connection to be established between the source and destination.
When the mobile node encounters a Bluetooth device in the range, it immediately reads the Bluetooth
RSSI value from the device. The software in the Bluetooth station was developed based on the Python
programing language, which Figure 5 illustrates.
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3.5. Location Estimation Framework

The positioning system utilizes the RSSI technology for the measurement process, with Bluetooth
stations being distributed in the classroom. We adapted the fingerprint localization methods based on
ANNs [26] to enable the ANNs to tolerate noisy RSSI measurements and, therefore, ensure accurate
position calculations. This positioning system does not require detailed information regarding the
indoor environment and reference node locations. The system interpolates the collected information in
the fingerprint database to provide a mapping between the multi-dimensional fingerprints space and
the coordinates of nodes. The pattern matching process comprises two important stages. First, the
offline stage consists of a survey and construction of a radio map, which represents the distribution of
the signal strength over the target area. The purpose of this stage is to build a fingerprint database,
beginning from gathering fingerprints across the target territory by performing a survey using different
Bluetooth reference points. Second, the online stage is the real-time or positioning phase. In this phase,
the system also calculates the area of the transmitter to be recorded in the database. The online phase
estimates the location of the devices using ANNs.

The ANN is used to establish the relationship between pattern of RSSI samples and locations.
A trained ANN can perform complex tasks, such as classification, optimization, control, and function
approximation. The network structure consists of four inputs (received RSS from four Bluetooth
reference points) and outputs with two neurons (corresponding to the x and y locations of the user), and
one hidden layer with different number of neurons. In this study, we optimized the smallest network
(when considering the number of nodes in the hidden layer) that yields the acceptable accuracy in the
experimental room via trial and error. Figure 6 illustrates the structure of the feedforward multilayer
perceptron (FF-MLP) ANN used in this study.
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3.5.1. Data Collection

In this experiment, there are four Bluetooth stations in the experimental area. This ensures that all
positions in the experimental area have sufficient strength and frequency in terms of Bluetooth RSSI.
Therefore, the data collection for location estimates in this study can be divided into two components:

• The RSSI data for every point in the experimental site were collected with the four Bluetooth
reference nodes.

• At each point, the RSSI was collected by moving the mobile around (the experimenter hold the
receiver in front and turns toward north, south, east, and west).
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This process is repeated 100 times at each coordinate point where the mobile device is located.
The dataset in this study contains two parts. The first dataset with 540 samples is used as the training
dataset for the ANN model. The second dataset with 324 samples is used for testing. The total collected
for observation is 864 samples.

3.5.2. Location Estimation Module Structure

In this research, we proposed a combination of FF-MLP ANN with RBF networks for indoor
location estimation. RBF is typically used for finding relationships (mappings) between inputs and
outputs [14]. From the substructure of the RBF, which is different from that of the FF-MLP, the weights
of the inputs that feed into the network are calculated and then multiplied by the bias of the network,
before being delivered through to the transfer function. The role of the RBF network is to find a function
for transmitting the real test data by adjusting the data (using the relationship between data training
and data testing) in order to improve the modeling of the test area. Figure 7 illustrates this procedure.
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3.6. Database and Web-Based Application for Classroom Attendance Systems

Our database is primarily used to store the data obtained from the Bluetooth stations. This involves
some computation, such as aggregating the attendance rate for a particular event. The web server
includes the MySQL storage service. The server is a remote attendance record store, and Bluetooth
stations can update the MySQL database and retrieve data from the web server. A teacher can modify
details about students, but the students are not permitted to change their own records.

4. Result and Discussion

4.1. Results from Location Estimation Framework

We trained the FF-MLP network with 5000 epochs and calculated the position estimates using
this network. The evaluation of the accuracy of the position estimates of the Bluetooth transmitter
and the receiver considers the deviations of the actual value from the estimated value based on the
Euclidean distance. The results suggest that MLP + RBF yields a lower error and higher accuracy than
MLP alone (as illustrated in Figure 8).
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Moreover, we applied the root-mean-squared error (RMSE) for evaluating the errors of predicting
position. The two methods (MLPS and FF-MLPS +RBF) were evaluated in terms of accuracy and the
error of the estimated distance. Figure 9 illustrates that the MLPS alone yields an average RMSE of
2.031, while the average RMSE of the combination of FF-MLPS and RBF is reduced to 1.2041 This result
demonstrates that the combination model (FF-MLPS + RBF) performs better than the MLPS model.
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In terms of position calculations, using MLP alone, as illustrated in Figure 10, can produce a
position estimate with an error less than 0.5 m in 20.98%, 0.5 m to 1 m in 39.81%, and the maximum
error produced by the model is 6.9 m. In contrast, MLP + RBF produces superior results, with an
error less than 0.5 m in 29.63%, and 0.5 m to 1 m in 44.44%, as illustrated in Figure 11. These results
demonstrate that MLP + RBF outperforms MLP alone, as it yields superior accuracy for position
estimation problems.
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4.2. Computation of Student Positioning in Classroom

In this section, we deal with the metrology of the position calculation technique that was developed
on the experimental site of type I, by applying the developed model to the type II and III.

For the type II, we used the FF-MLP structure (4-4-2) with an RBF network to calculate the
positions of students’ chairs in the room. The experiment was repeated 10 times to measure the
deviations (based on the Euclidean distance) from the real position of the chairs within the room (see
chair number in Figure 2). Table 1 summarizes the results of the experiment.

Table 1. Deviation in position calculations of chairs in the room type II.

Chair

Deviation in Position
Calculation of

Chairs(m) Chair

Deviation in Position
Calculation of

Chairs(m) Chair

Deviation in Position
Calculation of

Chairs(m)

min max avg min max avg min max avg

11 0.165 1.368 0.528 31 0.140 1.114 0.534 31 0.140 1.114 0.534

12 0.279 0.856 0.600 32 0.255 1.614 0.852 32 0.255 1.614 0.852

13 0.539 1.722 1.253 33 0.515 2.038 1.396 33 0.515 2.038 1.396

21 0.060 1.518 0.605 41 0.384 0.849 0.578 41 0.384 0.849 0.578

22 0.100 1.441 0.711 42 0.183 2.168 0.982 42 0.183 2.168 0.982

23 0.641 1.934 1.171 43 0.755 2.195 1.421 43 0.755 2.195 1.421

Table 1 reveals that FF-MLP with the RBF network yields a deviation of less than 0.5 m in 30.6% of
the cases and less than 1 m in 72.56% of the cases. The average deviation ranged between 0.5 m and
1.6 m, which is sufficiently effective for identifying students’ positions within the classroom.

For the type III, the experiment was repeated 10 times to measure the deviations (based on the
Euclidean distance) from the real position of the chairs within the room (see chair number in Figure 3).
Table 2 shows the result from the experiment. The calculation method yields a deviation of less than
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0.5 m in 21.87% of the cases and less than 1 m in 49.63% of the cases. The average deviation ranged
between 1.22 m and 3.5 m.

Table 2. Deviation in position calculations of chairs in the room type III.

Chair

Deviation in Position
Calculation of

Chairs(m) Chair

Deviation in Position
Calculation of

Chairs(m) Chair

Deviation in Position
Calculation of

Chairs(m)

min max avg min max avg min max avg

00 2.137 3.245 2.694 25 0.567 1.054 0.803 50 0.822 4.493 2.432

01 0.255 3.211 1.674 26 0.232 1.548 1.061 51 0.716 3.669 1.632

02 0.516 3.583 2.411 27 0.862 3.530 2.385 52 1.053 4.968 2.540

03 0.286 2.392 1.268 28 0.161 3.469 2.127 53 0.831 5.060 1.454

04 0.711 3.828 1.896 29 0.296 1.805 0.959 54 0.854 4.015 2.142

05 0.452 2.841 1.528 30 0.516 4.105 1.520 55 0.769 3.387 1.828

06 0.213 2.366 1.035 31 0.341 3.570 1.758 56 0.293 1.869 0.867

07 0.682 3.109 1.848 32 0.095 3.316 1.683 57 0.699 1.419 1.069

08 0.836 2.971 1.672 33 0.208 2.536 1.259 58 0.525 2.201 1.438

09 0.737 2.553 1.407 34 0.398 1.776 1.282 59 0.890 5.225 2.089

10 1.148 3.493 2.045 35 0.124 1.426 0.751 60 0.324 3.536 1.144

11 0.847 4.268 2.602 36 1.276 3.295 2.069 61 0.833 1.880 1.243

12 0.467 2.661 1.550 37 0.207 2.886 1.590 62 0.139 3.882 1.695

13 0.253 4.750 1.732 38 0.328 2.826 1.311 63 0.535 3.939 2.211

14 0.692 2.019 1.427 39 1.056 5.023 2.006 64 1.234 3.034 1.628

15 0.294 2.711 1.233 40 0.247 2.061 1.277 65 0.853 3.454 1.744

16 0.473 4.196 2.146 41 0.349 3.138 1.528 66 0.626 4.989 2.223

17 1.685 4.771 2.132 42 0.932 2.087 1.558 67 0.685 3.136 1.865

18 0.809 3.623 1.997 43 1.423 2.697 2.108 68 0.408 4.023 1.089

19 1.510 3.949 3.115 44 0.818 4.183 2.703 69 0.460 2.956 2.079

20 0.367 5.148 3.469 45 0.382 2.264 1.342

21 0.510 3.326 1.227 46 0.218 2.258 1.321

22 0.090 1.994 0.849 47 1.457 5.106 2.677

23 0.393 1.782 1.005 48 0.334 4.078 2.221

24 0.507 5.795 1.661 49 1.024 3.335 2.225

The proposed framework was designed and developed with classroom type I before applying on
classroom type II. Fairly good accuracy results, which were comparable to those from the classroom
type I, were achieved. Both classroom type I and type II have approximate areas of less than 70 m2.
The framework was then applied to a larger classroom type III. The result from classroom type
III demonstrates a slight increase in terms of RMSE. The comparison between the classrooms was
evaluated with RMSE and Table 3 summarizes the results for the system positioning estimation.
We also compared these results with a number of existing indoor positioning solutions and services
available for Bluetooth technology. Table 4 summarizes these.
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Table 3. Summary result for positioning estimation.

Experiment Area RMSE
Position Estimation (Euclidean Distance Error)

0 m–0.5 m. 0.5 m–1 m. 1 m–1.5 m. >1.5 m.

Classroom type I 1.2041 29.63% 44.44% 15.29% 10.64%

Classroom type II 1.4716 30.06% 42.5% 12.15% 15.29%

Classroom type III 2.267 21.87% 26.76% 21.06% 29.87%

Table 4. Review of Bluetooth positioning systems.

Positioning Technique Accuracy Advantages Disadvantages

iBeacon [23] 97 cm highest
Good accuracy and
readily available on
users’ devices

Not real time, requires
extra hardware

Indoo.rs [28] Accuracy from 2 to 5 m.
Fair accuracy and readily
available on users’
devices

Accuracy can be
improved by adding
more beacons and
requires fingerprinting

FF-MLP and RBF 72.56% accuracy within
tolerances of less than 1 m

Low cost and good
accuracy

Not real time, requires
fingerprinting

This study computed RMSE and Euclidean distance error for the three classrooms. The results of
both the RMSE and the Euclidean distance error are correlated in the same direction. The proposed
framework gives accuracy at 74.07% of the cases with the deviation less than 1 m for classroom type
I; 72.56% and 49.63% for type II and type III, respectively. The positioning error is mainly from the
ranging errors introduced by RSS fluctuations. Classroom type III is the largest room when compared
with classroom type I and type II; therefore, the distance between Bluetooth stations and smartphones
in classroom type III is relatively large as compared to the other types. As a result, the Euclidean
distance error in classroom type III is higher than the errors in the other types of classrooms.

Among the listed techniques, iBeacon was introduced using RSSI from iBeacon from a user device,
which yielded the best accuracy at 0.95 m. In Indoo.rs, iBeacon is used in the software system to locate
a user device within 2 m to 5 m. In this study, the proposed method using fingerprint with ANN
outperforms others, achieving the best accuracy in the range of 0.5 m to 1.6 m. Overall, the proposed
method achieved an error of less than 1 m in approximately 72.56% of the experiment area.

4.3. Web Attendance System Testing

The Bluetooth functionality in the device was applied to detect the RSSI and MAC address of all
the students ‘devices in the classroom. The Bluetooth station scanned all devices in the environment
and matched the MAC addresses and RSSI of all devices with the students’ names. This information
was then sent to the sever to be processed.

We evaluated the proposed system in two courses at the Computer Engineering Department of
Rangsit University. For this purpose, four Bluetooth stations were located in the laboratory where
lectures are conducted. The system was deployed and examined for three weeks (a minimum of nine
lecture hours per class) and it was found to be able to track student attendance.

The developed server software recorded student attendance during this test period. The server was
also able to perform various required operations in relation to the attendance of students. In addition
to keeping attendance records, the server software also produced requisite reports based on the records.
The records can be produced for each course and lecture period and it can be used to determine the
status of the student. For example, the program can produce a report for a given lecture period that
lists all students with their entry and exit times. The system also produces a summary report on a
weekly or per semester basis, along with a cumulative attendance rate. Furthermore, the system can
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produce a report that is based on student statistics that include the overall rate of attendance and the
days and time periods of attendance.

The student attendance results for each class obtained from the proposed model were then
displayed via a web application. Figure 12 illustrates student attendance durations on the y-axis (in
percentage) and the registered student IDs on the x-axis. The percentage of the attendance duration
was calculated from the student attendance time divided by the total student attendance time in one
semester multiplied by 100.
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Moreover, the proposed model also provides detailed attendance information for each student
in each period, which consists of the total recorded time and the actual times for which the student
was in the class. Figure 13 illustrates the status (late/in class/absent) of a student’s attendance for each
session, from the beginning until the end of the record. The attendance patterns for each student can
then be described by further processing the information, as shown in Figure 14.
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4.4. Cost and Benefit

The proposed automated system is considered as a long-term investment. The system setup might
cost approximately 120 USD per installation. The manual attendance checking takes approximately
10 min. per class with about 30 students (by observation and manual recording in the system). A regular
laboratory class in the Rangsit University, Thailand consists of 15 laboratory classes per semester, which
results in a total 150 min. loss per semester in attendance checking. There are normally 10 classes
per week of different courses in the same class room, which total the utilization of approximately 150
classes per semester or 300 classes per year. Therefore, there is a loss of 3000 min. in a year. This is
quite significant wastage. This system can save it.

The manual system only records attendance, but the proposed automated system records three
parameters: attendance, location and time of students, teacher, and support staff. The process requires
fraction of a second to record. Attendance scheduled can be programmed by the system manager and
multiple attendance record at different times during each session can be taken. Therefore, in addition
to saving huge time there is more information to analyses behavior pattern of students, such as:

• the percentage of the classes attended in the semester;
• preference of siting location of each student; and,
• walk-in and walk-out behavior.

If we analyze the cost of the system distributed per class over a period of one year, then it comes
out to be just 0.4 USD. After one year, the system is almost free, except a very little expense on
maintenance and consumption of electricity as it is low energy device.

Therefore, the Automated Attendance System saves a significant amount of the time that can be
utilized by the teachers for more productive academic activities, such as organizing quizzes, discussion
sessions, etc.

5. Conclusions

We proposed the class attendance system with the positioning model. The system consists of
the Bluetooth signal receiver, a server processing, and recording attendance data through our system.
The process requires all users to register their own device’s MAC address into the centralized database.
This enforces the accuracy of the data and avoids duplication. The students’ mobile device is used
to identify the positioning with our developed combination model between FF-MLPS + RBF, which
provided acceptable accuracy. Our positioning system can determine the reliable location in the
experimental room, which yields deviation of less than one meter at 72.56%, which has a slightly better
result than the existing commercial models. The main purpose of our framework is to solve the burden
of laborious manual effort of existing systems as a part of the smart campus in Rangsit University,
Thailand. Future work will focus on improving the model’s accuracy and reducing the number of
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errors, which could allow the system to be implemented in various types of applications, such as store
positioning in shopping malls, and smart museums.
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