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Abstract

According to the survey in 2020, Youtube is the most popular social media platform for Thai children in generation
Z. Due to the overwhelming number of kid videos on Youtube, it is impossible for parents to check every single video and
thoroughly look at every single image frame for any possible frame with inappropriate contents. To help ease this problem, this
paper proposes using vision-based deep learning techniques to automatically detect frames with inappropriate visual content
for children. In this work, our focus is on analyzing cartoon videos and the inappropriate content refers to blood scenes and
weapons (gun and knife). To detect blood scenes, we use transfer learning and finetuning techniques with three pre-trained
image classification backbone models—ResNet50, VGG16, and VGG19. Our experimental results show that VGG16 is the
best that gives the highest accuracy of 0.84 and the highest area under ROC of 0.92. As for the part of weapon detection, we
do transfer learning on two pre-trained object detection models, YOLOvV3 and YOLOv4. Our results reveal that YOLOvV4 is

better at detecting guns and knives in cartoon videos.

Keywords: Deep Learning, Video analytics, Anomaly Detection, Image Classification, Transfer Learning
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Rotation 45°

Brightness 0.2to1
Horizontal Yes
Vertical Yes

Base Model Normal/

PeIH

Resnet50, VGG16, VGG19 Abnormal

~ Yy & ~ Ya = Aqy A . o @ o <
5‘].]7] 5 Tﬂﬂﬁﬂmﬂﬂmaﬂnmami!ﬁﬂugﬁmaﬂ‘wiﬁfmﬂuﬂ Transfer Learning ﬁ']“l’ii1Jfl]'ll!‘Llﬂﬂ'lW'fJﬂﬂLﬂ‘Hﬂ']ﬂlﬂiJ'mﬁiJ

U

(Normal) nag Ttz ay (Abnormal) (tAsAanMM3qusz1yluiave Data Collection)

@

0w P ¥ gmna o A ya = Y 1
ﬁmﬁumﬁﬂlﬂﬁauiumauu waﬁ]ﬂuﬂumamilﬁﬂugmmﬂ (Base Model) vlﬂllﬂ ResNet50, VGG16 tlag VGG19

! Y v o ¥ ' o . . .
ﬁlﬂﬂgﬂﬂﬂﬁﬂuhl’JLm’JﬂiJ‘lgﬂ"lJnyaﬂ1W ImageNet ¥1ADYDANINITNAADY Transfer Learning L@ Finetuning 18 ) LU

]
A YA o ~

TagaziimsiiuTunadiuaeeon (Head Model) 19111 nazaihinammsguindisemson 1ushnsinaou e 19 Tuiaa

u

Y o 9

Y 2 1
matlamsniinuiiauangatoya ImageNet inaoseatazllsu 1y ldiinugadeyaninmiguluanisedld s

o

Y
5 UEAUIAAVYDINTTN Transfer Learning 1113901

@

ao & ga
TuauITeug?

@

Y o A ! = A v o Ao
vldhnsnaassmarsnuuemaiunauvesmsindou lumanaz lanansswunnmng
A A ' . A o o 2 4 P o A Y a =
Nga 110991n1Aaz transfer learning NI1N1IN1INAa0e Tiatwesnielulumiinu e ldiAaa i uiionluns
nfFeniien §3909919 classifier head 1182 setting A19 9 tilloununnnisnaasuie S suionlss@nsam uaaedn

a4 A A [ s : ' s . v
1nlagufelin1sNAaoInIms freeze NNIALDT 1UAIU Base Model A3 freeze LALIIAOS TUEIY Base Model laun lu

§ v o o ' o
MINABOIN 1-3 FI90311M3 freeze NNIAILOS TUAIUVDI Base Model (ResNet50, VGG16 uaz VGG19) 10113uaziims
Y 1 i\ g‘) § v o
AnaoudSugunmiziiminuesdiu Head Model (classifier head) 1911111 Tun1snaasai 4-5 §39691015 freeze n1a

s Yy A s 9 o = o v Y A aw
193993 VGG16 LLag VGG19 antIULNEN 4 LmEl’EJi’sjﬂVHEl (ﬂil!’dﬂii‘ugﬂﬂ 6) Iﬂﬂﬂﬁﬂiﬂlmﬁ@Nﬂﬁﬂﬂﬂu’Ji]El

Do

I o

s ' {
(Burugupalli, 2020) Glumsmmm‘n 6 HIVININIT freeze 1RNWIE 10 1ALEDILLTNUDI ResNet50 uamamﬂlumwmmﬁ 7-8

g

Yoy ¥ ° . & o A A { . 2 a oA A g
W')"l]flvlﬂﬂﬂaﬂﬂﬂ"lﬁuﬂﬁﬂlu‘llﬂ\‘l Head Model L'II‘L! 2 E‘IJLL’U‘]_IC‘T?ﬂﬂQﬁnTNVI 2 MNU GLUE‘T')‘H‘U?NﬂTﬁﬁQﬂTWTi"ﬂJmﬂiﬂmﬂﬁl‘U@Q

g

@

s Y gne A v . A Ya o 39 Vo a
AumsAnaeuiy §I9e1don1d Binary Cross Entropy Loss azn1snaassi 9-10 faven ldinisnaassifSoniisnwna
5¢1319M3 19 Optimizer Tumsinaeuaoauy 1&un Stochastic Gradient Descent (SGD) 11ag Adaptive Moment Estimation
(Adam) Taslimsmvuanmiines Anetoaiy Optimizer 83183013197 3 ¥43 finetuning #111]5 Dense #2081 512

uazdls Optimizer 2881 0.0001 U5 ULAIE199991PNUIVY (Tahir et al., 2019)

(CONV=2)=> | [} (CONV*2)=> (CONV*3)== [} (CONV*3)=> |} (CONV¥3)=>
POOL POOL > POOL POOL POOL
~— L J
V Y
Freeze Train

@

H T 4 A ' °
gﬂﬁ 6 AIDYINTT freeze (MNWIT 4 lﬁ!ﬂ@iq&ﬂﬁﬁﬂﬂlﬂﬂ VGG16 Tumsnaaeeil 4 vo1uaIuMIUUNNN
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M13197 2 91802108AY09 Head Model @043 upud 115 DMINAa09N 7-8 Y99IUMITUUNNN

Head Model
Type of Layers

@ 0

AveragePooling2D \/ \/

Flatten Layer N4 v

Dense 512 64
Activation Relu Relu
Dropout 0.50 0.25

Dense 512 64
Activation Relu Relu

Dense 2 2

Activation SoftMax SoftMax

H 1 a o U ) o { o
ﬂ15'lﬂﬁ 3 M3 1Hne5 ludiuves Optimizer f9UUD dmsumsnaaoi 9-10 UBINIUNTUNNIN

Optimizer
Type of Parameter
SGD Adam
Learning Rate 0.0001 0.0001
Momentum 0.9 -

Decay 0.0001/300 0-0001/300

5. M3A3293U01YH (Weapon Detection)

Yo o 9 A A v o i o o ' o A a4 A

Pvuihdeyanimeon inaaimuiiinisaauuia (Resize) tazihnmaanaauiinsdnsovamaoy
(bounding box) 1V 3zydviavesn1snanlalunmiag 1 T1sunsu labelimg (https:/github.com/tzutalin/labellmg) A3
Mednvesmsannsevamasyluzii 7 wenvintiiel¥msHneusulildnanlszuranaunuiull §iseiadenly

9 1
iNATA Transfer Learning 1182 Finetuning 833 1ae1iluna YOLOV3 uag YOLOv4 iaegninousy I3udruuyadoya

A 9 o

4 o : P v X A A I WY
Su m‘ﬂmﬁﬂﬂﬁauﬁaElaﬂ‘um;ﬂﬁuaylamW‘Vlmil&lllﬂ'i’mi’mmtm Vlﬂﬁmimmaiﬁmlhﬁmiu YOLOV3 1 YOLOv4

U

WUAAIBARINY AD batch = 64, subdivisions = 32, max_batches = 4000, steps = 3200 ttag 3600, filters =21, random = 0 Tu

. A o2 Y o as
mummwwmmmﬁu gl %ﬂ%’mmé’umﬂmﬁlmmuimwmmﬂ darknet YOLOV3 tiaigdarknet YOLOv4
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Data Collection)

AHan1INaang

v d =

° d
1. HAANEVRINSHNOUIN: MIVWUNNNMIAU

v 9 dyﬂlaw o a o 4 = =2 < y v a '
11&1’?’3%@1!@’3‘1]81’Hﬂ13‘lJi%!M‘L!IJJ!ﬂﬁ%WLLUﬂﬂ?Wﬂﬁ@uﬂQﬂﬁjﬂﬂﬂimﬁi%Llﬁ’)ﬂ’)ﬂﬂﬁﬂ%ﬁm”lfﬂ”lﬂﬂ1 Accuracy

A2 ; dad y 2 -
uazaun1dns1Mved Receiver Operating Characteristic (ROC) Curve tiioidaan lumanangasenin natilumsiiansan

q

. . ya o Y 9o‘ @ o o 1 1 4 Y [ Y I
Classification Report ﬁ')“l]ﬂﬂgiﬁu1ﬂuﬂﬂ31uﬁ1ﬂmiuﬁau Recall 41101 Lﬁ@\?fl]']ﬂﬂ'lﬁﬂ'lﬂhlnn’iﬂ'lgﬁNﬂQﬂi@ﬂTﬂ!ﬂﬂ

2
g o A ga o

SuyuazihIiinanaidoninnan netiniwensidisel¥lumsineususzuuaIusuunnInAe Google Colab Pro (High-

U

RAM a2 GPU: Tesla P100) 14 doyayaiinousy (Train Set) TumsAnovsuuaaz Tuaauiuilszuim 3 2 uadeniia
Tuaa ousuusaz Tuwadus1149U 300 epochs

51t 8 uerasradwE AN gai 1813 Usziliu Base Model WATEWIVY (ResNets0, VGG16, VGG19) yuvoya
FANATOU (Test Set) 1103Ua1fiUI 1A ResNets0 ﬁﬁﬁqﬂ (MANAMINAADIT 6+8+9) 19 Accuracy 11101 0.71 1@
ROC 11 0.87 dauTuna VGG16 faniga (Mnnamsnaaedii 4+8+9) 19 Accuracy 1A 0.84 1ag ROC 1Ay 0.92
uazganeluaa VGGI19 ﬁﬁﬁqa (PHAMINARDYT 5+8+10) 19 Accuracy 11101 0.62 1tag ROC IMAY 0.74 11NHANTT
nanosilaqylId VGGie Ae Tiaai Idnadniafiga lumssuunsznenmmiquilinzan (Normat: hifiden)
uae Nz ey (Abnormal: Tiden)

MInAaeaii 1-3 Fa35011013 freeze NALAIBDS 1udIUVDY Base Model 1t Wnadws liduhsumsiden
freeze 1lBALNAAWDF 19U THIAA ResNets0 (1IANAMINARDIT 1 LAy § uaz 9) 11 Accuracy IM111 0.60 tiaz ROC I(MA1
0.68 dauTiaa VGG16 (Mnnamsnaaesii 2 uag 7 uaz 9) 18 Accuracy 111 0.49 taz ROC 1L 0.13 wazgaiie

Tea VGG19 (1nwan1snaasdei 3 ag 7 uag 9) W Accuracy W10 0.48 1ag ROC 1111 0.49
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ResNets0 VGG16 VGG19
(conv*4) => pool*2 (conv*2) == pool (conv*2) == pool
conv*32 (conv*2) == pool (conv*2) == pool
conv*42 (conv*3) == pool (conv*4) == poel
conv*62 (conv*3) == pool (conv*4) == pool
conv*32 (conv*3) == pool (conv*4) => pool
AveragePooling2D AveragePooling2D AveragePooling2D
Flatten Flatten Flatten
Dense(64, activation="relu") Dense(64, activation='relu') Dense(64, activation="relu')
Dropout(0.25) Dropout(0.25) Dropout(0.25)
Dense(64, activation="relu") Dense(64, activation='relu") Dense(64, activation="relu")
Dense(2, activation="softmax") Dense(2, activation="softmax") Dense(2, activation="softmax")
SGD [ | SGD [ Adam
| | |
Accuracy =0.71 Accuracy = 0.84 Accuracy = 0.62
ROC =0.87 ROC =10.92 ROC=10.74

@

~ J a Y Aaa o 12 ' a X
51 8 agwadnimsiszivuudoyaganadouiangs d115D Base Model taazuuunldluanil

v o

uaﬂmnﬁ%fﬁ siai Tuaa VGGI6 Miianiga (fadoaginndermiinen) niimsdsziiudszaniamia
azBuaiimAndndaansluzilil o uazarsed 4 Tagnamstsziiu Igiui1dnsw RoC iy 092 naz1d51wauns
10UN (Classification Report) 0 Precision (abnormal) R 0.89, Precision (normal) 10U 0.80, Recall (abnormal) MY
0.78 t1a e Recall (normal) NN 0.91, F1-Score (abnormal) NN 0.83, F1-Score (normal) M0 0.85 Lﬁﬂ Support Ao

v 9
snudeyan il lumsnagoniiu 9

M1519N 4 Classification Report ¥041u1aa VGG16 Nanga imsiszilivuugadeyanmnadon (Test Set)

Precision Recall F1-Score Support
Abnormal 0.89 0.78 0.83 480
Normal 0.80 0.91 0.85 480
Accuracy 0.84 960
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Receiver operating characteristic
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9 = Y

WoyaNnouINDNAIY
v o4 £ = o A v "o v
HaaNSIloTUgANITHNOUTHTIUIU 4,000 epochs iD YOLOV3 18 Average Loss 11171 0.0947 1#11a1lun1s
= =~ d ' Y Vo Y =9 a 3 '
Aneusumae 5 %3119 @31 YOLOv4 laaued Average Loss 11101 0.7250 Tsia lumsilneusuinae 14 $2Tu og1als
I a J g}/ o ' o 1 ?{, @ '
A lumsiasuuaenIznINe YOLOV3 nag YOLOv4 1iuiave 11i1811a1 Average Loss 91nvisdes Tumadana1iun
& o Ao A A g oA A v v o A= . Aq v
Hud¥ialunis@en 1199910 Average Loss Huiiluaingnaenun Ivimaunz aunudane3 iy Gradient Descent 711411
a a 1 = v W Z 1 I @ 1 Aa [
M3iFoudiFaan ualunstived Tumans 993U UAT Average Loss 1HlumsuanswnuvesmInuAanaianatodIv
T Y Y
Fa himuzanazinnldagtoudszaninmuazanuduarlumsldnuvesTuaailszianil uensniiandaenssy
o I 1 @ 1 o 1 A
tagmMsmuIun1eluvres YOLOV3 1ag YOLOv4 niauuana1eni 34 1a111301i1a1 Average loss 91n13a@ 04 Tuiaa

ynfSeuneudunulda

9 [ Aa

% dyw a =} Y a K v W g’/ ao = 9
ﬁTl’i‘i‘]_IG]’J“B'Jﬂ“]Ji%ﬁ‘l/l‘ﬁﬂﬁ"lsluilllﬂﬁﬂTiliﬂugl“lfx‘laﬂﬂi3Lﬂﬂ§]i’3§]%ﬂ]@lquu ’mmiaagﬂmmmaﬁmiuam‘lﬂ

v v
{ ydﬂhwd slywdw

o ao 2 a a o Y o L. o v
@Nﬁlﬁﬁﬁ 5 Iﬂﬂiuﬂ"lu?]ﬁ]ﬂ“lﬂ HAuaen 5% Ialss@nsnInd 1w 5 hlﬂl!,ﬂ Average Precision (AP) §1%51UAAY

U

uug1 1unN1395299U90Y, Fl-score A3 UIAANNAINNT0UTUAa TA8INAYA Precision 11a2 Recall, mAP d115130
1 = @ g‘/ o v W a a 5
ANUNAYUDI Average Precision YDIINYNIKUA, Frame Per Seconds (FPS) AmsuInlszansamausE) (Xiaowei et al.,

o v o a a ° s d A Y ) '
2021) Lm::Average IoU amimﬂﬂsmmmwmﬂﬂmma Tﬂemﬁnuaou’aimucﬂﬁwu«nauﬂuizmnwmaaﬂ LAZHAIN

9
@

N13M1U18 (Rattanachot, 2019) 14

9
(3 v v

Ao X 4 A 4 Y = a a o Aa
HUAITIATNHUANDANINIIINATUIN EN’ET%‘VIE]‘H’L]Qﬂizﬁ‘ﬂ‘ﬁﬂTWﬂﬁVINTu‘VIWUENIlJW]ﬁ

-10 -



The Journal of Applied Science Vol. 21 No. 2 [2022]: 245319
NsRFINeEdaslssene doi: 10.14416/j.appsci.2022.02.013

v ' ' . Y W Yo % ) 3 ' !
Uszianas193uiag ludiuveea Precision oz Recall Hugaveluldiunldims1zns 19 Fi-Score iilumninae

.. 1 9 L4 a o L4 1 9 1 .. .
Precision 118z Recall 119¢147 uon1nHa1u39831 1180151971 False Positive Rate 11a % False Negative Rate 114113
9

a 4 ) o [ 5 . { 2 { 19 1 .
UsziiuTuaa iosnnd s Tueans19903agiunsoun I (Bounding Box) Mtilu'lil 1&arnah 1319 False Negative
.. V. I A . ° Yo = = a '
(FN), False Positive (FP) ttag True Positive (TP) NA® True Negative (TN) Mmldsnuves TN Junuazaz@eanu 'l A
= ' o Yo a a ' Yy 1 o 1 . . =2~ °
TN %ﬂugﬂumﬂﬂmﬂﬂizﬁmmw dawalit 15n511A1 False Positive Rate 11a False Negative Rate BINgFATNITAIUINU

2 e .. 9
Yuogiu TN 1 lumsnfseuiiou TuaansrnduiagTuni

v
@ @

= g a A [ . . A A 9
AN S @1awaﬂﬂizﬁmmwinmaﬂﬁixm‘nm’mﬁm’mq (Object Detection) 1NN UNNYIVDY

o Y

M Iadszansanlauaa Object Detection

NI
Precision Recall F1-Score mAP AP  AverageloU FPS

Small Object Detection in Traffic
Scenes Based on YOLO-MXANet v v v v

(Xiaowei et al., 2021)

Fire-YOLO: A Small Target
Object Detection Method for Fire v v v v

Inspection (Lei et al., 2022)

Comparing YOLOv3 , YOLOv4
and YOLOvS5 for Autonomous
Landing Spot Detection in Faulty

UAVs (Upesh & Hossein, 2022)

You Only Look Once (YOLOv3):

Object Detection and Recognition

v v v v v v
for Indoor Environment (Hassan et
al., 2021)
YOLO-GD: A Deep Learning-
Based Object Detection Algorithm
v v v v v

for Empty-Dish Recycling Robots

(Xuebin et al., 2022)

1 4 H
M3 197N 6 LaAIMIfFeuNeUlsEaANTNIMUD YOLOV3 1ag YOLOV4 Duad¥iailszd@nsnin s @annaid
a ' S 1 A o a o
agl ldredy Harsanana lumsiseziiuiniie Twaagmiwnilsziliunudeyaganadeu Tasnmsw YOLOv4 14

HAANEMIATITU0 15 lunmmiguladnil YoLovs
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§ a a o (g A g
3197 6 1f5ouRonlsz@nEnImues YOLOV3 ag YOLOv4 lumsasiatuensuudeyayanaaou danaviilu

o 2 oy YA N ' =
WJ‘Viu1l!a$Tﬂlﬁuiﬁﬂ@WﬂﬂWﬁﬂﬂ‘ﬂq@ﬂl@ﬂﬂW Mean ttag SD Gluumwm 9

YOLOvV3 YOLOv4
Performance on Testing Dataset

Mean S.D. Mean S.D.
Average Precision (AP): Gun 91.88% 0.009 95.79% 0.004
Average Precision (AP): Knife 52.97 0.109 59.39% 0.031
F1-score 0.80 0.05 0.84 0.005
Average loU 65.71% 0.039 68.99% 0.024
mAP@0.50 72.43% 0.059 77.59% 0.014
Average FPS (Tesla K80) 30.73 1.418 18.63 0.777

3. madszidiuwaiIdlemigu

3.1 Ussidupamsdumnnn

“l,uﬁaﬂ’faﬁé’?iﬂ"ﬂﬁmﬂumaiﬁ’munmwﬁﬁﬁqﬂmmﬁﬁa VGG16 yhmsnageudszansmmwiingn Taoilu
manageuiiesuiouilszansamlumssuunnmues VGGie ﬁai’jﬁlsznJ?;ﬂuuﬂm”lﬂw%"lajaeha'lnﬁagﬂ

o [ A, o { [ <3 1 ' 1 L4 4 1 [ 3’;
il uamluiaTemsguii Tuma lumeiiuniney (Unseen) Fanmmarininedanini lifidsingegnaludoya
A

= . EY o 9 Y = v A it ' ax s
V‘lﬂ@lﬁll (Tram Set) agusyanaaol (Test Set) HULIBY ﬁT‘riﬁ’llmimiﬂllEU’e]Hamﬂ"mﬁ"ﬂﬂﬁ@ﬂuiuﬁﬂu“um’mi@mi@uﬂ

14 =

19130 ToNM3auANeI 4 W17 59 JAimsana ldmsummdmsuldnaasssiuiu

u

Y
<1 1 Yo o
IABIHUIINOU (Seen) HIVBY]
J ag 4 A Il < ' Yo o am 4 = @ Y
3,007 M waz ludnuvedd Tomsgui limeiuanen (Unseen) §39011110130 Temisgquawen s wiiindana Tamlsy
Y )
AMud M UNAaRIIHLA 3,012 N 1INBHIANYNADA (Accuracy) Tumsdunnmlay VGG16 msuonnin viuiu
Confusion Matrix
Y [
A10819HaNITUNNINTAY VGG16 yamsnaaodtiuaadluzili 10 naga1 Confusion Matrix Y89013311UA
= U ag J A 3 ] I~ A A o A o
amfFeuiiousznineda lemsquitaaiunas ldwemiuuaasugUi 11 domuanaingi 11 91zwuaa Accuracy
Y '
Y9I IS muUNA N Iag VGG16 1unaniu 88.16% taz 90.20% d1msu3a lemmeatiuuaz lumediuaudiay nannely
Y ] ) v
MInAadil VGG16 amnsaduunnmuuia lomsgui limediuldanigedoflungdnssuidaidovesszuuns
iSouiueaAT099ns (Machine Learning) 1a 9 aungueanganssui lilndil gisemaiunaaindadiusiuiuvesnini
[ ~ [ [ an H) aa ~ < 4 =y
WMz ey (Normal) taz 1311123 (Abnormal) Nuana1anu1uiaTensaes Tagluid TeMmeamiuiviswmunzauuas
] [l o w Aaa A [} I~ g = ]
limingeauog 2,239 MW (74.46%) 1az 768 N (25.54%) awaay Tuvaznia Ton lumewuniudnmmuzaunaz T
IMUNZEUDY 2,628 NN (87.25%) 1Az 384 AN (12.75%) MUAIAL NA1IAD 11199910 VGG16 A1TDTMUNN NN T
Y J o Y a a as A [ 3 R A =3 Y v Ia
(Normal) 18ana1 s 1dsz@nSaw Accuracy Tagsamuuia lo limeiudgadinmimunz auegn 87.25% Tiknadnsn

2 1 aa =~ 2 R A 1A
ﬂﬂ’JTJ@‘IIﬂ‘VILﬂﬂLWu“ﬁQMﬂTWLﬁMTgﬁME)gLWEN 74.46%
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normal
W ..

~ @ o 2o w N o aa s a s o
3'1]7] 10 G]'J’E]fn\iwaaWﬁﬁ’l‘Viﬁ‘Uﬂ'lﬁl]ﬁgllluNﬁﬂ?iﬁﬂlluﬂﬂ?Wiu’JﬂT@ﬂ'ﬁ(ﬂu (lﬂiﬂ?‘lﬂ'lWﬂWi@uiguGLUW'J‘llﬂ Data
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