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ol Tece idemtification an desed cirewli idevishen (OCTV) cameras.
There are twe dots dassificatioin used, aamely Iralalog dais and
testing data. The training data we the CASIA-Webface dilset.
M camw hille, [he iesting dots oo msists of two data, pamely the suroe
data amid ihe targel date. The sewrce dats src form of phstos faken
wsing a Digital Single Leos Refles (DSLR) camera, while the target
dats wse vides dats taken with CCTV, The ssurce dota consists of
1 IDbs, ench of them has | image for each sier, so the wial images
wsed in the source daia are 30 [De. While the targei data are 20
IDs, ench of them has 20 face images with low resoluiion
charscteristics, less light and face capture not parsliel te CCTV,
This research wses Convolutiomal Neural Setwaork (CNY) method
with ResNet30 archifeciore, ArcFace as o loss Tunction in the
training process and Cosine Similarity for the face identification
process. ResNetS) and ArgFace use an embedding siee of 512
in ihe irsiming process, ArcFace's scale and margin
are b and B8, The resulis indicate differences in s True
Puitive Rate (TPR) and False Positive Rate (FPR) from the [sce
identification process beiween the image sices wsed and the
resprative 1Dk in the source data. The mict bod wsod had the highest
performance for face image identification scenarios of 128 3 118
plaels with sccurscy and FPR resched 99.38% and 0.02%, From
ihe TPR, ihe method wsed bad gh performance ai sloe of 512

512 pinels namely 91.50%.

Keywords — Face identification, Low resalution, Convelutonal
B el Neworh. ResNerS8, drcFace. Cosine  similaricy,
Performance.

L INTRODUCTION

Video surveillance systems have recavad more atiention in
recent years, this is because the increasing demand for secunity
and safety, especially in public services such as aimports, irain
stations, bus terminals, shopping malls, educational institutions,
hospitals, hotel waiting rooms, cic. The installation of OCTV
cameras is usually aimed for recording monitoring and
reviewing incidents that may occur. Comparing to still images,
the use of video contains more information. both emporal and
mubi-view, in addition, video is more extensive on the aspects
of security and law enforcement. Surveillance systems
mrhmd“huhﬂﬂwpnwhmmnlm:rﬂncmu
task in face recognition systems [, [2]. [3].
‘ace image identificanon is one of the most frequently used

s, Face idemtification has become a
rescarch topic for rescarchers i the ficlds of pattern recogninen.

hrr'l'-duﬁ.ﬁ:hl miclligence. The utihzation of
convolutional neural networks (CNN) has achicved great
success i several rescarch topics such as object clasafication,
scene understanding and action recognition. Then the most
importani thing s that CNN has expenenced iremendous

in face recognition performance. The current
accuracy of the use of face recognition algorithms has reached
mere than 98% using the CNN-based model, the use of ArcFace

om CNN as a loss function has the highest accuracy compared 1o
others [4). [} [12]).

Face recogniton systems using CCTV ofien handle low
resolution images due 1o the long distance between the CCTV

and the targel. The pictures taken Iv have poor quality,
inadequate lighting conditrons and Istion of a OCTW
camera that s mot i the face. Another with the

image condition is the difference in the resolution of the CUTV
image with the photo used as a reference in the dentification
process [6], [7]. [15].

A research conductad by M Arafah, e al. determined the best
distance for  the E‘L‘T\I’ insallation from the passenger
inspection arca at the ai for face identification cases. The
results indicate that for a CCTV camera with a height of 250 cm
had the best distance of 300 cm from the target position [9]. The
data collection scenano in that research s used as a reference for
data collection i this research. The face mages obtained with
thiz scenano have a face image resolution ranging from 32 x 32
pixcls In addition, the foous of that rescarch was the best
distance for CCTV, while this research focuses on determuining
the performance of face identification.

I PrOPOSED METHOND

The system design used in this research can be seen in Figure
1. there are generally two stages carned oul, namely the training
stage and the lesting stage.

A. Training

In the training stage, the firs sep taken is 1o determing the
dataset w0 be wsed, this research used the CASIA-WebFace
dataset with a total of 490,623 face mages divided imo 10,572
classes. The dataset is used as a reference for determining the
mitial trained modd using the CNN method with the ResNet50
architecture with an embedding siee of 512,




For the ArcFace process, il is a loss function in the traming
process using an embedding size of 512, while the size for scale
parameters is &4 and a margin of 0.5, In the epoch section, an
increment process is camed oul after cach fleration process is
complaied. To determine the optimization process, the raming
madel is limited o epoch |20, Furthamore, the raining model
datasel will be used in the lesing process,

B. Testing .

The 1esting is classified into two pans. namely Sowce
Data and Target Data, the collection of Source Data and Target
Diata refers o rescarch [R].

Source data are the form of face images taken using a DSLR
camera. Each face ymage i then processed with vanous sizes
such as 512 x 512, 256 x 256, 128 x 128, 6 x 64 and 32 x 32
pixels. In the Source Data, there are 10 1Ds, each of them has |
photo for cach size. Source data used can be scen m Figure 2.

For the Target Data, the devices used in data collection are
CCTV cameras. The device is mounted ot a height of 230 om
and positionad 30 cm from the anca the target will pass. Video
data from CCTV cameras contains 20 1Ds, 10 of them have the
same 1D as the Source Data. Face image from 20 1Ds extracted
from video data will be used as Target Diata. Target data are
divided imto 5 different sizes sucfl512 x 512, 256 x 256, 128
x 128, 64 x 64 and 32 x 32 pixels. Figure 3 shows an example of
a face image of the Target Data.

In the testing process, the photos in the Source Data will be
used as o reference fo find pholos that are the same as the data
confained in the Targel Data This process will use cosing
similarity, The resulis of using cosine smilanty will laler
determine that the photos with the Source Data are different or

the same as those contained in the Target Data. This process
is descnbed in more detail i the Performance Evaluaton
section
L. ArcFace

The loss function commonly wsed in the dassification
process is Softmax Loss, which has the following formula [9].
(IO (0L [12)

r
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Where x; € R is a festure of the sample 10 -i in class y;
dan d is an embedding dimension measunng 512. W, € R is
nu.wgmu‘m-:-j.nndh,el'umhmmuuhu
to-). Then N is the number of samples that will be wed, and n is
the classes. To optimize the Sofimax Loss which can

Elovide a high degree of feanre similarity between samples
ing 0 the same class while increasng the difference in

features different classes. the rescarch [6] proposes the
ArcFace method.
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Where cos 6 is the result of il:Ji@—"- 8, is resulicd

i Bl
from arccos(cos 8.y, ). m is angular margin penalty for 8.

- RN W BN MR R ER BN B B

Figure 1. System Design




After cos (@, + m) and cos & are counted, the result will
then be re-scaled by the s

D Cosime Simvilarin

Cosine similanity (CosSim ) s a method used 1o calculate the
level of similanty of Wwo veclors. The equation between wo
viectors A and B can be seen in the formula (3) [ 13]

xTy
LXE AN

Cossim(X.¥) = (3}

Where CosS5im{X, ¥ )iz Smilanty level, X s Vector X, s
similaribes will be compared, Y = YVector Y, iis simalantses wall
be f@mpared, [1X]| is length of vector X, [IY]] is length of vector
Y. Cosine Similarity has special propertices that make it suitable
for metncs, the resulting similarity messure is abvays i the
range | and + |, This allows the objective function o be simple
and effective

E. Perdormanoe Evaluaiion

In the evaluation process, the trmned ResMNet30 muﬂl s
used to calculate the embedding value of the face images in the
source data and target data (5., 85 ). The vao embadding values

511 T 113 il I

Figure 2. Test data face images for source dais
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Figure 3. Test data face mages for target data




are calculated for thdffimilarity using formula (3) All face
image pairs from the source data and the target data (a, b) tha
have the same identity are represented by the symbol Figme. in
the pairs of images with a different identity with Py r. The face
image pairs that are comedly recognized, have the same identiry
defmed i formula (4). The pairs of piciures with different
identitics identificd as having the same face arc defined in
formuls (5). The threshold value o 15 used as 3 condiion to
determine whether the two embeds have the same or different
identitics. If the smilarity value resulted is grester than the
threshold, then both embedding are sad o0 have the same
idenuty amd vice versa | 14].

TA(d) = [(a, b) & Pgme: With CosSim(s,.0;) 2 d] (4)
FAld) = l[ﬂ.ﬁ:l! Pgijy. with CosSim(s,.t,) 2 r.!] (51

[10]
The True Positive Rate TPR (d) and False Posative Rate FPR
{d) values are calculatled using the formulas (6) and (T} [14].

TAld]

TPR[d] P Il"lb
FPR(d) = 142 (4
Paigr

L RESULT AND DiSCUSSIMN

This research ises the CNN method based on the ResMNetS0
archilecture, then uses ArcFace as a loss function for the training
process, then utilizes the cosine similardy in the face
identification process. The embedding size used i ResMet50
and Arckace in the ranmg process 1s 312, then the parameters
used in ArcFace are scale with a size of 64 and margin with a
sire of 1.5,

The resulis refer to three aspects, namely scouracy, TPR and
FPR. 0 measure the performance level of face image
identification. There are two scenanos used in this study,
namely: first, calculating the performance of the model al each
image size, if the identification process uses one threshold value
for all IDs in the Sowce Data. Secomd calculating the
performance of the model at each image sire, f when identifyving
cach I} in the Data Source, iz respective threshold values arc
given For the detarmination of the threshold value, both in the
(st and the second scenanio, it was done by giving the threshold
value on the face image starting from the lowest to the highest
value, then in the process, the threshold value that had been
ohtaned will be compared with reference 1o accuracy value,
then one threshold value will be taken based on the best accuracy

value,

The performance of the first scenano can be seen by
refearring 1o table |. The TPR value gencrated by the model
continues lo decrease il the image sre used geis smaller.
Meanwhile, the FPR value did nol expenence major changes
even though the mage used was getting smaller. The accuracy
of the model when using face images with sizes 512, 256 and
128 pixels 15 not much different {comparable)l Meanwhile,
using face images with sizes of 64 and 32 pixels expenenced a
significani decrease in accuracy

The performance of the second scenano can be seen in Table
Il - Table V1 Based on the results of the five tables, o 1= known
that the model’s performance has decreased on the 32 pixel face
image and on certain 1Ds, This can be scen by refernng 1o an 1D
with a TPR value below 100.The tanget face image that fails 1o
be identified at a size of 32 pixels can be seen in Figure 4, while
for a face image that fails to be identified at a size of 64 pixels

can be seen m Figure 5.

Figure 4. Target of 32 pixel that failed to be
identified

L

Figure 5. Target of 64 pixel that Failed 1o be
identified
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IV, CoscLusms

The implementation of the ArcFace and Cosine Similarity
methods using the ResNet50 model with 512 embedding 1s o
determine the level of object smilarity in the form of face
images with two different conditions, namely, talang face
images using a DSLR camera as a source dala compared o face
images taken using a CCTV camera s data Target This
research shows that there are differences in accuracy of TPR and
FPR of the face identification process between the image sires
wsed and the ve [Ds in the Source Data. In the frst
scenario, the model's performance continues to decline if the
image size used is getting smaller, this can be seen from the
change in the TPR value, then the FPR value gencrated by the
model, based on image sxe. does not have a significant effec
even though the size of the face image used 15 geiting bigger.
Whereas in the sccond scenario, the model’s performance
decreased in the face image with the smallest face image size,
32 paxels and only on cerain [Ds.

This rescarch focuses on daermining the performance of
conditions. Future rescarch s hopad to determine the
performance of face identification with facial hair or occlusion
on the face arca.
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