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ABSTRACT

Stock pattern detection using technical analysis has been proven to be an effective tool
that can assists investors to make proper return in the stock market. Although deep learning
techniques were applied in many previous works but detection performance still need to be
improved.

In this work, we separately performed pattern detection on Candlestick Chart and RSI
Line Chart by using different deep learning techniques then the existence of both stock patterns
occurred at the same period were considered as Bullish Divergence pattern which generates proper
return in SET.

Experiments were made on SET stock graphs in order to detect Bullish Divergence
pattern. Our methods offer better performance than others. In addition, this better performance can
be obtained from using Deep Learning architecture and Loss Function properly as clearly shown in

the experiments.
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CNNs ﬁ]\?llllﬂ'ﬂfllﬂu‘ﬂuflll LL@'IGLuﬂﬁ]ﬂUUﬂTiWﬁlu”lﬁu’Jﬂﬂiz?J?aWaﬂi"l‘i/\l‘i/\lﬂ (GPU) eu19050351U

o ] a a o o < Y
nsau ldedrelidsz@nininge 395114 eNNs Uszauaudusalunisuddgm
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9
%

Classification NNeI 9N DFUN N TasnszuIUNTTIIUADY Convolution, Relu, Pooling, and Fully

o v J .. [ {
Connected ué’ﬁﬂmmmwaam Prediction AN 1NN 2.6.

Convolution (+Relu)

~ —————3, Convolution (+Relu)

) —1 _Fully Connected
[ ) P —— F .'I{;v‘r"—-‘*""'ﬁ-",{""":_ !
A P 4 U A I : I[f:h (s, ;q Pred
"""" beefhlicd RaSbndim I {frfrl.'n H
L] O s S s =) L o T T
O S D 2
Pooling Pooling

MU 2.6. LAAININA0819 1ATI8319999 Convolutional Neural Networks

flan www.en.wikipedia.org/wiki/Convolutional neural network

22.2. aadasnssulasavigdszaminennunaeu 1gau
® [nceptionV2

Y= . . v
mif‘iﬂugﬁmﬁﬂ InceptionV2 * 71U Convolutional Layers NANHUZUYDINITUAN Feature

uRNINANLazuAna 1Y Taeideyai 14 11 Concat i1 A9 1w 2.7,


https://en.wikipedia.org/wiki/Convolutional_neural_network
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Inception-A

MNN 2.7. AN INAI08191ATIA3 1984 Inception

~ .
NN : www. towardsdatascience.com

® Resnet50

M35EUIFIAN Resnet50 © 71811 Convolutional Layers I b @z 0411591994 feature

20 9

Aountnaiveayy Tasihdeyah 1d 11 Concat 1y dan i 2.3,

Identity block

MU 2.8, LAAININA0819TATIT3 19999 ResNet

~ .
N . www.towardsdatascience.com


https://towardsdatascience.com/illustrated-10-cnn-architectures-95d78ace614d
https://towardsdatascience.com/illustrated-10-cnn-architectures-95d78ace614d
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2.2.3. MIAT awﬁ’mq“lumw Ta@ Faster R-CNNs (Faster Regional-Convolutional Neural
Networks)
Faster Regional- Convolutional Neural Networks WAUIABIN CNNs, R-CNNs 7,
g = & ° . . A o Y o w ' A A [
Fast R-CNNs * &a1ilun15vin Object Detection ﬂﬂiﬂﬂ?ﬂﬂl@ﬂ1ﬂﬂﬂ@18@ﬂﬂ IWBIWUAITULLUUHY
< @ <
1agANUIIAE luMIAT191 I F91nT9e319904 Faster R-CNNs Usgnoudae
° 1 1 I [
Convolutional Layers 1119033231/ 1 Input 41 Process d4f10onuuiudnymz
] v g 9 9 A ' 3
Feature Map udwuuilu 2 1| dun1e Taotdun1ei 1. a9 Feature Map 14 Region Proposal Network
(RPN) 11aztduNn199 2. @4 Feature Map 11/59A1910 RPN A0UA1T Rol Pooling (Region of Interest
Pooling)
o Y A o a A < @ Y 1 . ~
RPN MUUINaNAL mnm‘wmi}mﬂmmq 910 Feature Map Ua3&3A1 Region
1&gnsz191M15 Rol Pooling
< 2 o 1 @
Rol Pooling Auguneumsim Region 311 RPN 41 Pooling N Feature Map U84
Y = | Y A A o o v
UNNN 2. INBE TN Feature Vector NUVUIAAIN &9 Fully Connected Layers NN IATUIUNDANT
o < [ 4 U @
Llé}’JLLﬁﬂQNaﬂWi‘ﬂ1u1ﬂ’0@ﬂlﬂlﬂu 2 an¥ue ﬁ’ﬁ] Classification L11i¥ Bounding Box !ﬁ@@]@ﬂ’ﬂ fl?]@]ﬂ

Q

la uazegusnala ¥oannw AN NN 2.9.

Feature Extractor Object Classification
Convolutional Classification
- Backbone Feature Map Feature Vector Fully Connected Layers 9
> CNN ! ; Classification | — -
Layers

N\
Bounding box
Region proposal network (RPN)

MNA 2.9. waaamnlnsaa3ia Faster Regional-Convolutional Neural Networks

131 . www.ch.mathworks.com


https://ch.mathworks.com/help/vision/ug/getting-started-with-r-cnn-fast-r-cnn-and-faster-r-cnn.html
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2.2.4. Loss Function

® (Categorical Cross Entropy Loss ® 111117 Loss Function 1 Fully Connected Layers ﬁagﬂ'u

v J I {
N1ININAANT UL Multi-Class Classification (softmax) A9n1NN 2.10.

f(s),
s, Soft
‘. Cross-Entropy |
Loss

f(s.)

_|

- i
CE=-) tiog(f(s)) ‘===

C'=2 i
Of— — Z tilog(f(si)) = —tilog(f(s1)) + (1 —t1)log(1 — f(s1))

MNA 2.10. LEAIMINANNT Categorical Cross Entropy Loss
flan www.gombru.github.io

o § ¥ l v J
® Tocal Loss " 1111117 Loss Function 1u Fully Connected Layers 39t un13HIHAaANT UL

Multi-Label Classification (sigmoid) AIMING 2.11

CE(p) = —log(p) A
4 FL(p) = —(1 — p)" log(p) o
)

3r v=5
w
w
K]

ok

well-classified
examples
1k
]

0 0.2 0.4 0.6 0.8 1
probability of ground truth class

ﬂW‘lﬁ 2.11. UAANNINTUNIT Focal Loss

~ .
N . www.towardsdatascience.com


https://gombru.github.io/2018/05/23/cross_entropy_loss/
https://towardsdatascience.com/neural-networks-intuitions-3-focal-loss-for-dense-object-detection-paper-explanation-61bc0205114e
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2.3. Mmsdalszansan

® [oU (Intersection over Union)

! . . 11 = Y1 &I ~ A
N1511A1 IoU (Intersection over Union) B9 l¥AINUNVDIN

[

o oAy Y
ﬂﬂ1!£ﬁuﬂﬂ1ﬂﬂ1ﬂﬂﬁﬂ1ﬁ

4

9 o A A o =\ o 1 &1 ~ Ao o VoA 9
ma%mgﬂuuunmﬂrju WIMUIUUINUNTIUNU L‘]_ldﬁfJ‘]JWIfJ‘UﬂUﬂ"I“V‘ILl“VIﬁUfJ\‘lWﬂﬂGlHH’iu\WIllﬂﬂ'lﬂ

Ground Truth @301 2.12. Taga1 IoU Nanaa Ae 1.00

q

Detection

loU = AreaofOverlap =

Ground Truth
Area of Union Detection

Ground Truth

M 2.12. UEAIMNMTAIUIUVDIA ToU

flan www.pyimagesearch.com

® AP (Average Precision) @ IoU >= (.50

A Y Aq Y 0 & 1 Y < o A
LiJ@ﬁﬁ?ﬂﬁ?gﬂl!ﬂﬂﬂi”lﬂﬂﬂﬂiﬁﬂ? ToU >=0.50 mmuimmazma NATUINITATIVNIN

9 v
Tauldmia1auusug Precision THuaazase a1 1A RS YBIANNLNUE AP (Average

Precision) Y94 11A9
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® (Confusion Matrix

e A o o k4 = o v & a dAa sy
o fnﬁ‘lIﬁgLiJuWﬁaW‘ﬁfnﬁWfJ'lﬂﬁﬂHJ@\‘]IiJlﬂﬁLlﬁﬂUlﬂfJUﬂ‘UW@aW‘ﬁ%ﬁﬂﬂ‘Vl')mﬁ']ﬁi‘ﬁﬂ'lﬂ
o a o @ a A ) [ o 9 '
NHY Iﬂ‘c’JLLﬁﬂQLN@Iﬁﬂﬁlfﬂ']'i'lﬂﬂﬁzﬁ“Vl‘ﬁﬂ']WﬁWﬁiUﬂ'li{ﬂuLuﬂﬂiglﬂ‘ﬂ‘llﬂgﬁ 2 NV
a o ] [] a [ 1% 4
u,mmmmmﬂcffﬂxmemuauﬂlmmmn%Nmmlmazﬂmﬁ UAgADANUITHT A

[

o A S Y 1 ~ 1 =\ dy
mu’m‘n‘wmﬂsmllmmumzﬂmﬁ 1NATNINN 2.1. TagaziLeeon 4 N5Hl A9

AFAIN 1. A1 “TP : True Positive”

2 § 4 Y % 1 Aa
R ﬁﬂﬁiﬂma‘Wﬂ’lﬂﬁm “Qﬂ@]’ﬁ]\“l” HagauuanINUU “Glclﬁ]‘iﬂ”

o))}

N8I 2. A1“TN : True Negative”
A A A 4 1 9 T W [} A
o mﬂumawmﬂm “1119?1%@\1” HagAUUanNIUU “Uliltlclféﬂﬁﬂ”
~ A 1 ..
NIUN 3. A1 “FP : False Positive”
A A A 4 9 1 % ] A
o mﬂmﬂawmmm “ANABY” LIAAUUBDNINU “ll‘JJGlGD'fﬂ'i\i”
ad : )
NINN 4. A1 “FN : False Negative”

A A A 4 1 9 1 T W 1A
Ao a9n laanensal “llil’g]ﬂﬁﬂﬁ” uanUUonMNU “lyse”

M15190 2.1. 1@AIA1519 Confusion Matrix M3dwuniszinndoya 2 nqu

Prediction
Positive Negative

TP : True Positive FN : False Negative
Positive v By D Ca

9na0a Loy 19939 lugndes g lvasq

Actual

FP : False Positive TN : True Negative
Negative Y 1 1 LGS 1 Y 1 1" a

gnae ua 1ul5e39 lugnaes uaz Tulwese
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1 o v Col 1A .. 4 v o
ﬂ1%j’élﬂﬁx‘ll’ﬁ]ﬂmui]uWaZW\I‘EﬂTiWﬂ1ﬂiﬂ!’)1§ﬂg}}@\‘lua$16}5%i\1 (Precision) Lﬁmﬁaunummu

v J 1 Z J {
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1 A I P A A = d o 1 9 1 a < [ 1 !
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3 J y ' {
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True Positive

recision = — —
p True Positive + False Positive

1 o o J 1 1A 4 v o
m%’eaazﬂlmmmuwaammiwmmm31gﬂﬁ’amaﬂm3a (Recall) Lﬁﬂ!“ﬁﬂﬂﬂﬂiﬂu’)u

3 a gjj 1 9 ~ = ) 9 v 1 dy
AN UITINIVA ﬂl@ﬁﬂ@ﬂﬂlf)gﬁ‘ﬂﬁui’ﬂ %QﬁWNWiﬂﬂ?M’JmhlﬂfflJﬂﬁﬂ\W]ﬂllﬂu

' A I P A A =3 J o 1 9 1A I o 1 '
NA1IND Lﬂuﬂmaﬁmﬂaﬂumawmﬂimmuaumgﬂmmuaﬂmﬂ L‘]Ju'i)@i’la:]ulﬂfli

o d' L= gJ/ 1 9 d‘
VoINUIUN 1HVTINIHUA mmﬂqmauﬁawau%

True Positive
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True Positive + False Negative
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2.4. NWINMNLIVDI

(%

a A A [ o Y [ [ d Y as = 9 A
NUITENNIINVMITNIN TN THNYRITIAHANNT NG AI8TTNITTIUFVDIUAT O
(Machine Learning) 131171110 1An1330U51DU Image Processing d115UN15A5291m130uuD

S
% %

Y = a
RN MATNTR VG D)

S
o [ J 9

o ] A o = Y o Y= a ~ Yo A Aa 1
Eﬁ]TL!’)‘L!]lZJﬂJ'IﬂVILl'ILﬁ’UE] ‘ﬁfﬂ@?ﬁ]ﬂhlﬂﬁﬂkl'lﬂ'lu‘J awllmummwmwmmuu

Y
nazaglldeail

2.4.1 Sreelekshmy Selvin, et al. (2017)

S 1

U398 | @319 Image Tnolddoya Indicator founds ndndonld CNN-TA 1o

{ { ¥ Y o 4
HAARUUNUNATAINMIFOVIBRY 1BDAUNAgNT LSTM, MLP, a2 Buy and Hold

“l
[ B /

I ConviD

=

| MaxPooling1D
|

I ConviD

Z

MNA 2.13. lLﬁﬂ\‘lﬂ'lWIﬂi\iﬁ%}N CNN-TA
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M5190 2.2, uaaens1ulSeuneunl RMSE voduaa luaa

NN Model RMSE
LSTM 0.1364
CNN 0.0226
ConvlD - LSTM 0.0179

WUIMIT319 Tmage Taelddoya Indicator dou1as 1d? w1 9101314911 CNN-
. . . Y Y A A~ o s
TA (Convolutional Neural Network — Technical Analysis) %A1 RMSE UBINGA WNIUNUNAYNT

LSTM, MLP, tta¢ Buy and Hold
2.4.2 Marc Velay, et al. (2018)

398 ° 1da57911 Pattern vo93u91nMs1@0n 14 2D-CNNs Tagiiinmaes Pattern

9 v A o A

v ] X 9 Yy ) o v < o o
Hugaunad L‘I/IfJ‘]JﬂiJﬂﬁ!,aﬂﬂlGH 1D-CNNs “If\isl%ellﬁ]gﬁ OHLCV goUriaN LmﬂﬂNlliﬂgnllWﬁﬁW‘ﬁ

9 H 1
Woanaq 69 ildszansamnezii s Wefieuny n1s Hard-coded

‘
256
5

MW 2.14. uanannInsaasia 2D-CNNs
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M51990 2.3. uaaIn5 19T euneuaT Recall voduaaz luaa

Algorithm Recall Generalization
LSTM 0.97 0.3%
2D CNN 0.73 -
1D CNN 0.64 -

wud1 n13 1990 CNNs1fie 12 ugndeve a3 U110 2D-CNNs (Two-
Dimensional Convolutional Neural Networks) #4144oyaguninvesgiuvunslfudounds uaz
A151a0n 1% 1D-CNNs (One-Dimensional Convolutional Neural Networks) “L]? g 938 OHLCV
(Open, High, Low, Close, Volume) 801184 vugalufilszansamiiozai 1 19 dedeusy

Hard-coded 1 194038 OHLCV founaa

v
Av a4

TagagianmsAnm19mITeiinetes W1 CNNs (Convolutional Neural Networks)
g’; Y Y (XY a a ~ ) 9 @ g’/ Ao ) d” [l 9
nateanazdode uadinalszansamnzii 1l 1dau dniuauiteaiuliazaiunmsasiam
Yy A A 9 A A Vo
sUnvunsmudsmaiin vy easamaden uaziiuanuuuudlumsasiemgiuuunsiv

y A Yy 3
yunlanguugimwnsmlyumniu
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ITIVEVIBTIVY

[ A o

a 2 s A = Y . .
NUINUT Tz aeAieANYINITATIINI YD UNT 1M1 Bullish Divergence 1ag
] o 4 4

TasviglszaimnennouTigsuuuuianes 813 (Faster Regional-Convolutional Neural
A q 9 Y v 9 Y Ao o ¥ o &
Networks: Faster R-CNNs) tio lfigeandednt oyagiamnsiunidnvazmmeuas dunus

o S ° ) A 9 A ) a4 Ya = A '
nu Tealumsinaue uuammsaiaaiiaveya n1saen 14 luaamsiFeuiiFaaniuand1s

o o 9 . A 1 o A Ao A A
A1 111/5neuRD 11519 Loss Function Nuana 1911 Faster R-CNNs 35mstiliidhwiune fie i

UszansnmanuuiudvesTuwaan ¥ lumsasramgduuunsmliu

U

IS ada
3. ILIYUITIVY

3.2. UWUININITIVY
3.2. Mawsendeya

33. magduaibatoya dmSumsdouszuUy
33.1. YUV 1. Candlestick Chart with RSI Line Chart = 1 Label
3.3.2. g‘ﬂl,!,‘]J‘U‘ﬁ 2. Candlestick Chart and RSI Line Chart = 2 Labels
3.3.3. g‘ﬂl,!,‘]J‘U‘ﬁ 3. Candlestick Chart and RSI Line Chart = 2 Labels + X-axis

3.4. MIADUILVY Faster R-CNNs dIHIUMITATIVN



26

7 . .
3.4.1. NAYNTN 1. InceptionV2 + Categorical Cross Entropy Loss

3.4.2. ﬂafm‘ﬁ'ﬁ 2. InceptionV2 + Focal Loss

3.4.3. ﬂaqmﬁﬁ 3. ResNet50 + Categorical Cross Entropy Loss

3.4.4. ﬂaq‘nﬁﬁ 4. ResNet50 + Focal Loss

3.5. AnTzuazagilua (AP @ IoU >= 0.50)

3.1. HHININSIVY

o

9 A a 4 ° ] A v v
i]'lﬂ"l]’ﬂiJaTﬁ]ﬂl,ﬁiﬂiJ‘]Jul’JUhl%ﬁ Iﬂﬁluuﬁuﬁ] miﬁimamamaya Lm%ﬂﬁﬁiNTMﬂﬁﬂﬁ

U

=1 Yy a K d' 1 [ [ 9 . d' [ Y [ d'
FEUIIBIANNUANA NN wszaouny msly Loss Function NHANANNY ANNINN 3.1.

3.1.
Research

Stock Graph
Pattern

3.2.
Dataset

o ™
/

Graph Pictures
Formation

SET & MAI

Stocks

\

3.3.
Labeling

3.4.
Machine
Learning

Type 1 :
Candlestick and | |
RSI Line Chart

=1 Label

J A

Algorithms

. —
\ / N

Loss
Function

g

=2 Labels

‘ Type 2: Lo
Candlestick with Algorithms Fu ‘;"1
RSI Line Chart nction li

Evaluation

AP
@ IoU >=0.50

'.\- J

— -~
Type 3 : ) (
Candlestick with

| RSI Line Chart [—1
=2 Labels
k & X-axes
7

Algorithms

Loss
Function

MW 3.1, H@AININTINMSNNUYINTATIIMGILUUNT WY
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° @ v 1 o . .
ihgdnmnsmduainaaavanniwduialszmalneuuny loq www.radingview.com

[ [

v 4
TaginnizgUamnsl§uiitsing Bullish Divergence tazinuadail danmdi 3.2.

® JPEG-type Resolution 1080 (height) x 1920 (width) pixels
® (Candlestick Chart (1D) (close) lyear (log scale)
® RSI Line Chart (14) (close) lyear (log scale)
Y
e  InuzIUNImua 505 1
° Gﬁ’agaﬁauizuu Train Data 9149 2950 g‘ﬂ (59%) 11a2 Validation Data
o Y = =
911494 600 31 (12%) 91N UV09 SET Tl a.¢1. 2014 832018
9 o Y ~
o  UOYANATOUIZVY Test Data 914U 1500 31/ (29%) I UVOI SET 113
=4
f./. 2018 D34 2019
; c éé. " XpgBK @ * w 7 ﬁﬁ-)s(
o . n ® co . ‘ . i : & : o | 2E) :1
oL Compr 1 fon | o
“‘"\"l’ m,\,‘u
©
M ll.l_ l"h, af l‘L g i '-.I )
O :
f\ (1) Candlestick chart 11 pry iy
- (2) RSI Line chart H]ﬂmj ) gl i, ’ (Lj]
(3) Daily-timeframe 4
& (4)Logscale Py Mh e
®  (5) Resolution & JPEG. L 1 [
o (6) Website-source 'Hr'm*‘"w"l.._‘ j o~ i
(7) Stock in SET s ‘““"“-,f

(ref. : http://www.tradingview.com )

MW 3.2, ndasnmdedgnmns i

flan www.tradingview.com


http://www.tradingview.com/

3.3. myanuaibiateya miumsaeuszu
1 g [ ] A o a a o
sy 3 guuy Tumsssydumiaieduiiumsise

33.1. 3 1JuuUR 1. Candlestick Chart with RSI Line Chart = 1 Label

o [ . { . [ . @ I
sydmuuilunssd@maen AsoUAqU Candlestick Chart 1 RSI Line chart W ounu 1iju

1 Label 8 1 Stock Pattern 814151 Train L@ Validation A40IWA 3.3.

1
"t“h'

Candlestick Chart

RSI Line Chart

MW 3.3 1AAININAI0819M5A319 Label J1unud 1,
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332. 3 1Ju0VN 2. Candlestick Chart and RSI Line Chart = 2 Labels

seydmiailunssd@vaoy 15y 2 Labels Tao Candlestick Chart 1111 Label i 1 1ag RSI Line

I { 1 ) @ . . . @ {
chart 11114 Label 91 2 99 1 Stock Pattern 81151 Train Lag Validation A901WA 3.4.

i

Candlestick chart

MW 3.4, LAAINTNAIDE1INTAI9 Label FULDUN 2.
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333. 3 1Ju0VN 3. Candlestick Chart and RSI Line Chart = 2 Labels + X-axis

o v | { < . 3 { .
srydmr Ul unsam@rasw 114 2 Labels Tag Candlestick Chart 1114 Label 1 1 tag RSI Line
<3 { 1 o @ . . . 1 a {
chart 1) Label 91 2 619 1 Stock Pattern 1151 Train 1ag Validation AoUN9ITaLNY X N1/5109

AU AININT 3.5.

Candlestick chart

MW 3.5, LAAINTNAI0819NTA319 Label FULnLh 3.



3.4. MIABUIZVY Faster R-CNNs S 113 UMSMueg

= ya K Y @ a R . A 1 o A J Y
FOUTTUUNTITIUIIIIANAIYDANDINY 1A Loss Function NIUANANNNU leJGlGlfﬂu'ﬂ']

[

o ax . A Y 1 Y} 9
PANDINY LAY Loss Function NUANUTDANADINDY ﬂymglﬂum@qm@y‘ag‘]J!l‘l]‘l]ﬂi']wﬁu Lae

[
o aAA [

anuiudanga Tasuvailu 4 nagns 4l
3.4.1. ﬂafm‘ﬁ ﬁ 1. InceptionV2 + Categorical Cross Entropy Loss
3.4.2. ﬂaqmﬁﬁ 2. InceptionV2 + Focal Loss
3.4.3. ﬂﬁfg‘l/lﬁ’ﬁ 3. ResNet50 + Categorical Cross Entropy Loss

3.4.4. naq‘nﬁﬁ 4. ResNet50 + Focal Loss

3.5. Innzsinazagima (AP @ IoU >=0.50)

= 1 = 1 o Y
L“LGEJ‘UW]EJ“U?]'ImﬁEJGU’ENﬂ’JHJL!JJHEH"UENI?JL@@ I@fﬂ%ﬂW ToU %1ﬂﬂ15@]5’3i]1’i1§,ﬂlmﬂﬂiﬂ/\l

ﬁ’mmu Bullish Divergence 1M8UN1L Ground Truth

Y .. A
® 9aA1 Precision RW1ZNUAT ToU >= 0.50

® 111A1 AP @ IoU >=0.50 dnsz@ninmmanuuuudivesluaa
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4. #ansIvg
=1 1 o 9 a 4
4.1. MmanfSeumeuanuuudvesmsasuaidia 3 JYUVUVDI 4 Nagns
4.2. manfSeumeuanuuiugIvean1suen Iuiaa Candlestick Chart 118g RSI Line Chart

@ ] v J Y
4.3. @]’)@ﬂ’l\iwaﬁW‘ﬁﬂJ@\?ﬂ’lﬁﬁﬁj‘ﬂW’lgﬂl!‘]J‘]Jﬂﬁ’l(V\hf'iu

= v o b4 a J
4.1. minJ'%smmﬂ'ummamummmmsmmama 3 Eﬂ!!‘iJ‘]J‘lli’N 4 NAUND
Y a 9 o @ [ o A o A
ﬁiN!ﬁL‘Uﬁ"U@Mvaﬁ'lﬂi‘Ufﬂi’ﬁ@ui%‘ﬂﬂ LL‘]NL“]J‘L! 3 ETJLL‘]JU GlumﬁizumgmmL‘wammumi
aw 9 2 ~ ya K 9 @ a R . A 1 o A Y
Y WIDNMIADUISUUNTLTYUILBIANAWWDANDINY LA Loss Function NUANANNU L‘W’Oﬁl“lf
9 o Aa R . Aa Y v W 1 9 9
AUNIDANDINU LAY Loss Function mumma@ﬂﬂamﬂuaﬂumzmumawagagﬂ!,nmﬂiwxlyju
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v 9
M1 4.1. uaasmsalFeuiioua AP @ ToU >= 0.50 veamsad1eaiiians 3 guuuy

Faster R-CNNs
Strategy 1. Strategy 2. Strategy 3. Strategy 4.
InceptionV2 ResNet50
Labeling Categorical Categorical
Cross Entropy Focal Loss Cross Entropy Focal Loss
Loss Loss
Type 1.
Candlestick with
0.5279 0.4565 0.3458 0.4275
RSI Line Chart =
1 Label
Type 2.
Candlestick and
0.5779 0.4239 0.5225 0.4203
RSI Line Chart =
2 Labels
Type 3.
Candlestick and
0.6086 0.4573 0.5545 0.4568
RSI Line Chart =
2 Labels + X-axis

] P H a o '
WUN mimmagﬂuuuﬁ 3. Tagmsueniasa Candlestick Chart 111 Label 1 uag RSI

. I A Yy Aa A 1 @ 7 A .
Line chart 13w Label N1 2 LA 3W1TU AU X ‘1/]‘1J51ﬂ§]5’33Jﬂ1! VOINAYNTN 1. InceptionV2 +
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