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Abstract. The attendance system process in Indonesia generally are still using a 
traditional method. Paper-based is used as a medium to perform attendance at 
every event. With this traditional method, there are still many shortcomings in 
terms of security and management. In terms of security, the traditional attend-
ance system is still quite lacking due to the number of participants cheating by 
asking their relatives, such as examples of signatures that can still be imitated, 
or attendance checks can still be tricked because we can change them easily. 
Therefore, it is necessary to have an attendance system that can be carried out 
efficiently, safely, and easy to manage, with attendance being done online or us-
ing a smartphone. It can be implemented easier for event owners to manage the 
attendance track of participants, reduce the use of paper, which is quite signifi-
cant, and secure the attendance system. CNN is an artificial neural network that 
is more often used in visual image analysis. CNN can distinguish visual images 
from one another with various aspects given. The models that we used for this 
application are ArcFace and FaceNet. Three different BackEnd Encoder and 
BackEnd recognized are used, RetinaFace, MTCNN, and OpenCV. From the 
experiment, we suggest the usage of ArcFace in RetinaFace for High Accuracy 
of recognition but with high-cost drawbacks, the longer computation time for 
encoding and recognition. As an alternative, ArcFace with MTCNN can be used 
with faster computation time but less accurately than RetinaFace. 

Keywords: Attendance system, Smartphone, biometrics, facial recognition, 
CNN 

1 Introduction 

In this modern era, people are getting more familiar with the usage of technology, 
especially mobile devices. The development of mobile applications is in their best 
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competition times ever. The number of industries and people involved in this area is 
getting more prominent over time, relevant with the more advancement in technology. 
More work can be done easier by implementing these mobile applications since al-
most all activities have many alternative apps and every people at least has a 
smartphone device. Indonesia is a country with a population of approximately 272 
million people, with a device ownership rate of 76% for smartphones and a percent-
age of internet usage rate of 98.2% for a smartphone. However, with many existing 
devices, Indonesia is still outdated for this technological development, especially in a 
security system with biometrics. China, on the contrary, has developed more ad-
vanced apps with artificial intelligence (AI) that can identify people through facial 
recognition in public areas. To reduce errors and increase effectiveness at work, we 
need to take advantage of technology and implement it fundamentally in the field of 
an attendance system. This system can record student presence in school or any public 
events using facial recognition technology, so the event or school attendance can be 
carried out efficiently and safely without additional fraud, such as asking their rela-
tives to represent them attending the event.  
In Indonesia, the attendance system is still relatively underdeveloped because most 
attendance systems in Indonesia still use a piece of paper and give the signature there. 
However, this method causes many problems, such as management difficulty, pres-
ence cheating, and even someone's late presence still cannot be detected precisely. 
Therefore, the company surveyed to see which method was more profitable to reduce 
all the shortcomings in the manual attendance system. The results prove that 48% of 
companies choose online attendance because it can be managed quickly and accurate-
ly and reduce the costs incurred in attendance (such as reducing paper for attendance). 
Face detection is a crucial procedure for other face-related technologies, including 
face alignment, facial recognition, facial animation, facial attribute analysis, and hu-
man-computer interaction. The accuracy of the face detection system directly impacts 
this technology, which is why the success of face detection is significant. In a general 
sense, face detection aims to determine whether faces are in the image and recognize 
those faces detected in images[1]. 
The face recognition technology as an identification tool still has considerable weak-
nesses in terms of face authentication. For example, traditional face recognition can-
not effectively recognize a person's face in certain positions. To be able to maximize 
this, it is necessary to refine the existing facial recognition approach by relying on all 
the feature points on a person's face so that verification can be done very accurate-
ly[2]. 
On the journal entitled “Penerapan Facial Landmark Point untuk Klasifikasi Jenis 

Kelamin berdasarkan Citra Wajah”, The face of everyone contains several different 
information. Examples are expression, gender, age, and race. Therefore, in biometrics 
technology or biological data recognition technology, faces can be used as an 
identification [3]. Based on research entitled "Comparison of Geometric Features and 
Color Features for Face Recognition," performance analysis with Geometric Features 
and Color Features combined will make the results more accurate, and the mean accu-
racy between three models resulted: GNB with an average accuracy of 74.67 %, KNN 
K=5 w with an average accuracy of 72.1%, and SVM one to one with an average 
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accuracy of 74.83%. Moreover, the excellent condition of the dataset must be set to 
gain optimum accuracy[4]. 

Based on research entitled "Haar Cascade and Convolutional Neural Network 
Face Detection in Client-Side for Cloud Computing Face Recognition", six types of 
test data (Normal Face, Expression Face, Face with Mask, Face with some Obstacles, 
Face with Glasses, and More than one face) has an average accuracy of 81.12%. 
Compared to using CNN, an accuracy of 86.53% was obtained. Haar Cascade can 
detect multi-user faces (more than one) and is superior by detecting simultaneously 
without interference which face is more dominant [5]. 

The previous research entitled "RetinaFace: Single-stage Dense Face Localization 
in the Wild" concluded that the RetinaFace method had outperformed the most ad-
vanced state-of-art methods for face detection today. With stable face detection in 
various poses, when RetinaFace is combined with existing state-of-art methods for 
face detection, it will undoubtedly increase face detection accuracy [2]. 

From this explanation, the method used in this research is CNN to recognize faces 
optimally. The system will be developed in mobile applications because it has been 
shown that many Indonesians access the internet. The attendance system using 
smartphones and mobile devices is designed for highly efficient face localization and 
recognition that can give high-speed real-time recognition[2]. This system will mainly 
develop for offline events (required for a participant to come to the event place) such 
as graduation, music festival, weddings, offline seminars, and support online events 
such as video conference seminars. 

The attendance system will follow the plan that organizers choose, and it is hoped 
that this research and development can produce good facial recognition accuracy and 
a good attendance system. 

2 Literature Study 

2.1 CNN (Convolutional Neural Network) 

CNN / Convnet is a Deep Learning algorithm, where algorithm can take an input 
image or computer vision and assign it to various aspects in the image and we can 
distinguish one image to another. 
The preprocessing required in CNN is much lower that other method. The method is 
often used in image recognition systems. There are various architectures of CNN that 
available which become a key in building algorithm in Image recognition. 
CNN works with preprocessing the inputted image with separated their primary color 
(Red, Green, and Blue). The role of CNN will convert the image into a form that is 
easier to process without losing its features, and we can get a perfect prediction later 
on. The CNN used the Kernel / Filter K to carry the involved element for convolution 
operation. The purpose of Convolutional Operation is to extract the high-level fea-
tures from input images. The following process is the Pooling layer, which reduces 
the spatial size of the Convolved features, and the last process is the Classification - 
Fully Connected Layer (FC Layer). 
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2.2 ArcFace (Addtive Angular Margin Loss) 

ArcFace Is a Loss function used in face recognition tasks. SoftMax is traditionally 
used in this task. ArcFace can be used to obtain highly discriminative features for face 
recognition. The proposed ArcFace has a clear geometric interpretation due to the 
exact correspondence to the geodesic distance on the hypersphere[7]. The most wide-
ly used classification is SoftMax loss, presented as the formula (1) below:   
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where xi ∈ R d indicate the deep feature of the i-th sample, belongs to the yi-th class 
[11]. The embedding feature dimension d is set to 512, Wj ∈ R d denotes the j-th 
column of the weight W ∈ R d×n and bj ∈ R n is the bias term[7]. The batch size and 
the class number are N and n, respectively. Traditional SoftMax loss is widely used in 
deep face recognition[11].  

2.3 Retina Face 

Pixel-wise face localization method is used to utilize multi-task learning. The strat-
egy is to simultaneously predict the face score, face box, five facial landmarks, and 
3D position and correspondence of each facial pixel [2]. As a result, retinaFace sur-
passes the accuracy point of the state-of-the-art two-stage method. In addition, Ret-
inaFace can improve ArcFace’s verification accuracy (with TAR equal to 89.59% 
when FAR=1e-6). This accuracy indicates that better face localization can significant-
ly improve face recognition [2]. 
 
2.4 FaceNet 

FaceNet is a Face Recognition system developed in 2015 that achieved state-of-the-
art results on a face recognition benchmark dataset. The FaceNet system can be used 
to extract high-quality features from faces that are provided in images, called face 
embeddings. The face embedding is then used to train a face identification system. In 
addition, FaceNet directly learns a mapping from face images to a compact Euclidian 
space, where distances directly correspond to a measure of face similarity [8]. 
The difference between FaceNet and other methods is that FaceNet learns the map-
ping from the images or faces and creates embeddings rather than using any bottle-
neck layer for recognition or verification tasks. Once the embeddings are created, all 
the other tasks like verification and recognition can be performed using standard 
techniques [8]. FaceNet uses Triplet loss, which will directly reflect what we want to 
achieve in face verification, recognition, and clustering[8]. 
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3 Guest Event Authorization 

Guest Event Authorization (Presentik) is an attendance application using the latest 
technology by applying facial recognition as a biometric detection to reduce fraud 
during attendance. This Presentik has also implemented a system for calculating the 
distance between the event venue and the guest attendance. This Face recognition 
feature applies the CNN method to get a facial representation from guest data that has 
been filled in and then compared with the latest attendance face data so that the guest 
can be detected and who is registered or not. 

3.1 Face Dataset Encoding Flowchart 

 
Fig. 1. Face Dataset Encoding Flowchart 
 
 
In face dataset encoding is a flow where the computer performs training for a given 

dataset. Fig 2 above shows the Face dataset encoding flowchart. Encoding intends to 
perform feature embedding, which is carried out by the CNN method to obtain face 
classifications and provide results in the form of embeddings. Retina Face will assist 
this embedding feature in performing face detection to take facial characteristics in 
the feature extraction process. These results are in the form of an array that is only 
understood by the computer. In the flowchart Fig 1 above, the representation face is a 
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feature embedding done in the CNN method. The results of the facial representation 
will be compared with the latest facial data that will be sent at the time of attendance. 
 

3.2 Recognizing Face Flowchart 

 
Fig. 2. Face Recognition Flowchart 
 
In Face Recognition, the system will use a deepface library. Deepface library is a 

face recognition using CNN method that will help the system recognize the face. The 
face recognition process starts from getting the new uploaded attending image, which 
will then be preprocessed by scaling the data and performing data normalization. This 
data normalization aims to normalize the light intensity in the image obtained. After 
preprocessing, the system will perform data representation using the deepface library. 
This representation data will produce data that is already in the encoding and can only 
be understood by the computer only. Fig 2 above is the Face Recgnition phase 
flowchart used in the application. 
This app is run by someone who has a role as an event organizer. The event organ-

izer can manage events that have been made, create events, do attendance, and man-
age attendance logs. 
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3.3 User Interface Implementation 

 
Fig. 3. Mainpage UI of Guest Event Authorization Application 
 
The development of the front-end system is done with Flutter 3.0.1 and Dart 2.17.1. 

The UI is developed based on the mockups that already been designed using Figma in 
the system design phase. The UI implementation of the application is shown in the Fig 
3 above. 

4 Experiments 

The experiment will be aimed at finding the best combination between the face 
recognition model and the backend detector. After finding the best combination, it 
will try to be implemented in the Guest Event Authorization (Presentik) application. 

4.1 Looking for the best combination 

We conduct the experiment with 200 face image samples to look for the best combi-
nation. Each person only has one face close-up image in the dataset. In the experi-
ments, several data were measured, such as encoding time and accuracy in each com-
bination. Fig 4 below shows the encoding time or face representation result from 
FaceNet and ArcFace model. 
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Fig. 4. Encoding (Face Representation) Time Charts 
 

Table 1 below shows the average accuracy obtained in each combination test for each 
face recognition model. ArcFace has a significant result compare to the FaceNet in 
normal lighting condition using rear smartphone camera. This result is giving us one 
conclusion that we should use ArcFace rather than FaceNet. 

Table 1. Average accuracy percentage for each face recognition Model 

 Model w/o Flashlight with Flashlight 

ArcFace 78% 83% 

Facenet 19% 63% 

4.2 Results 

According to table I result, it has been concluded that the best combination is obtained 
by using the face recognition model ArcFace. To get a higher accuracy result, we use 
the Retina Face backend detector as an advanced encoding algorithm option and 
MTCNN as the basic encoding algorithm. Each person was tested with several condi-
tions, as many as 15 poses. 

 

Fig. 5. Example of 15 Various poses 
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Fig. 6. Recognition Accuracy percentage with ArcFace in 200 Image samples 

 

 
Fig. 7. Recognition Accuracy percentage with Facenet in 200 Image samples 

We conduct real-time facial recognition experiment using a photo dataset of 200 
photos and where each person only has one face close-up image. The experiment 
resulted in a longer and varied encoding time, while the results for some had poor 
accuracy. On the other hand, some had the same or higher accuracy than before. From 
the test in the second scenario, regarding the combination of the face recognition 
model and the backend detector, it has been concluded that the ArcFace face recogni-
tion model is more robust than the facenet face recognition model. Furthermore, the 
Retinaface backend detector helps the recognition be more accurate than MTCNN and 
OpenCV. Therefore, the combination which will be used is ArcFace with Retinaface 
as the advanced method and ArcFace with MTCNN for the basic method. Fig 6 and 7 
above shows the result of Recognition accuracy percentage using ArcFace and 
FaceNet in 200 image samples. 
The Fig 8 below shows the result of the volunteer's face recognition that has been 

entered into guest data in an event. 
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Fig. 8. Recognition Accuracy with Presentik Application on six different person and 
using several conditions (Natural, Masked, Glasses) 

 

5 Conclusion 

Based on the results of research and development from Face Recognition Attendance 
System Using CNN, we have come up with the conclusions: 1) The best combination 
of face recognition model and backend detector is ArcFace with Retina Face. 2) In the 
face recognition experiment using the Presentik system, the highest accuracy in the 
advanced algorithm was 100% in Brian (Natural), and the smallest was 20% in Ve-
ronicha (Mask). For the basic algorithm, the highest accuracy was 87% in Brian (Nat-
ural) and Dhana (Natural) and the smallest at 0% in Maretya (Natural and Hijab) 
3. In an experiment with facial recognition accuracy using the presentik system, the 
average accuracy for advanced algorithms is 67%, and basic is 47%. This average is 
obtained without distinguishing the accessories worn on a person's face. 4). The use of 
the Deepface library helps in facilitating research and system development. This li-
brary also comes with data normalization for more accurate face reading or detection. 
5) The use of Google Cloud Platform as a backend server using Cloud Run and Dock-
er as its facilities can help the use of endpoints with very small server latency. 6) 
Docker is python:3.10-slim with running using gunicorn, which has one worker and 
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eight threads. 7) The cloud run has a CPU specification of 4 with 8 GB of RAM, with 
a request timeout of 3600 seconds. For instance, a minimum number is two, and the 
maximum number is ten. 
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