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ABSTRACT

This work presents mobile application for identifying herb plants Due to many variety of
herb plants in Thailand, It is quite difficult to identify. Even more so with similarities between
many plants. This work uses deep learning model to help with identifying herb plants, along with
its details and benefits, as well as its medical properties by image recognition with deep learning
model that has been designed and trained to identify herbs plants in Thailand, Then show details
and medical properties of the classified plant as well as its association with other herbal

medicines
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3.2 Software Requirement Specification

Y AN ¥ 9y [ qy
f"l'J’]lJ@]ENﬂ’]ﬁsll@\i53‘]_]1]1’]11@@ﬂﬂLLUUUljﬂgllﬁﬂqcluﬁ'ﬁ']\iﬂ\‘i@@llﬂu

A15199 3.2 Software Requirement Specification

ID Details Type Priority
v e y 3 . - User Interface
1| i Inaauonnamsilanasnue wnan ¥y Want To Have
- Functional
LONWAATUIZLETAS Popup VOAINEUYDI
e v 2 4 - User Interface
2 | Tumandenaesaegiluasmsinnaiy Must Have
o s - Functional
VU InsAnA
eegriranuenwamsuszuaaslonou | - User Interface
3 1 Must Have
info 1 App bar - Functional
iWeagNMTManvoMeNNANTUIZTUY | - User Interface
4 v 4 v Must Have
MIAUWINUD VAU - Functional
5 ﬁﬁmuwm Category YDINWLEAA - User Interface Must Have
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Functional

A

L e v A )
119U Navigation dmsuonToa lwiou

User Interface

6 Must Have
Functional
, User Interface
7 1D Navigation ﬂll Home Must Have
Functional
, User Interface
8 | DU Navigation ﬂiJ Camera Must Have
Functional
, User Interface
9 | U9V Navigation ﬂn History Must Have
Functional
. User Interface
10 | 4DV Navigation ﬂll Setting Must Have
Functional
1 d‘ Y =K 9 1
1159011 Camera INONDINADINYTY User Interface
11 4 Must Have
14 Functional
Y Y A 1 1 A A
‘Vi‘L!W]NGlfViLﬁi’]ﬂﬁ314’J”Ixiﬂ13ﬂ"lﬁl§ﬂ1’i§€lla@ﬂ User Interface
12 pY Must Have
sinnunaass Functional
, naws Y/ User Interface
13 | dumnuiniondy TAni Home Must Have
Functional
g User Interface
14 | “UINITUEAINITIDNIT Process Must Have
Functional
\ . A ) User Interface
15 ‘Vil.l"lﬁﬂﬂ"liLLH&HTﬁHHUIWiVIGlﬂaLﬂEN Must Have
Functional
v /. . User Interface
16 TT‘LHLLET@QSVJEWI,'E]8@%@0?(341!1‘1/‘15“'@3@]13181 Must Have
Functional
a150nALjy History WOMAAIHIIAI User Interface
17 Must Have
History Functional
9 = A
awnsonan ligsivazideavesgnwiiing | - User Interface
18 Must Have
anogUirayu Ins 1318 Functional
a1mN30nA1JY Setting INOLAAINTIIA User Interface
19 Must Have
Setting Functional
Ll,ﬂ‘lJl,iJkAﬂll Tip on Taking Picture RTRIIEATR User Interface
20 Must Have

mMsnggy

Functional
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LLﬂULNHﬁM Rate and Review Lﬁﬂﬁ’ll”lfj ‘Irifll”l - User Interface
21

Play Store 1833 LONNDIATY - Functional

Must Have

3.3 MI90ntUU User Interface

[

A300NLUY User Interface MM 19914 HaNH1Y Mobile Application 19
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a J 9 1 3 Y 1
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33.6  wiheglunilmsnasediuve Category N Iaunadenid lisuiedo
Ay dl % Y
yoayu Inshilideyatuunuenanyazveseayu Tnsudd
Y A a dy N . A 7N A Y
337 wihiieduaeunaijy History 1 Menu bar azudasilsziagUnwig1dine
91/ Trian

' F '
9 a ' . .
338  wihinaduasunAlw Setting i Menu bar 921199 Menu Setting

4 4 N
i Settin
%7 KHerb ) KHerb History 9
Q )
catégord Category - @ Tips on taking Photo
= ’ v Date : 13/12/2565 )
L ¥ 3 ASE! ate: 13712 (® Rate And Review
b = N
- e .
o Kapao @ Feedback
Leaves b Cegyes & Date: 13/12/2565
l
- | “ e
Date : 13/12/2565
Stalk Flower = & OSIAICES MY FlowerTY X3 ¢
5 Identify R ...
Y Date : 13/12/2565
'
Roots Fruit
ezl ® Jeaeosze)lea s s
Home jontity History ting Home  ldenilty History in Home Igentify istory seiins

31 3.2 siammminesvanve e wwaAT Y

v
a

{ & & { . w ~ & '
Tugiaw@ 3 Mzidlugdnmwinaamiharangvesonnansu TasGui
. Y A Y
Android Small — 1 HHLINHID1 U1 Home
. 9 A A ,%’ ~ N A A A 1
Android Small — 2 Y11 Pop-up mﬂmumuwﬂﬂﬂm Camera IWDNITLIADN Menu 6],‘L!ﬂTi'megﬂ

3001 Tnaagiam

Y
=

Android Small - 3 wihiinayuaeunaijy History 1 Menu bar dzuaaslsziaginmingldine

u

01e31Un3 001 Tnaandnun lutenamdu

Y
=

Android Small — 4 ﬂﬁﬁ‘ﬁlﬁﬂﬂlu@ﬂuﬂﬂﬂm Setting 1 Menu bar 924899 Menu Setting
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&1 EETE
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A
LT
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31 3.3 FIUMIMOHYLfy Identify

{ I a 1 9 S .
vingnmd 3 szilumsiGuludauvosnslgwanaunis Identify vioszynaayu Ins

Y
=1

Android Small - 2 vishiitReUuAsUNA1Y Identify 1 Menu bar 1denszuiuilandesniogll

[
A

iieszyiivau Ing 3o wonszninest TnangUnmiifedudalunios

Android Small - 3 wihiifannnisfisdiegudaniesy TnaagUdunuddeudendnyas
WoIeyu Ins

Android Small — 4 wihiuaas ey lusfig1doniesy Tuaagudunmfunsssuriialu

' ] H v Y
Android Small — 5 nihazudasseagdeamnenuayu Insiuennamsuiuszy laudy

3.4 M309NUUY Model FI8M3I38UAIAN

9
M500ALUY Model 1339801112 1% Pre-trained model ¥1¥11715 Transfer Learning Tagazih

A A o A

MINAABIUNDLADN Pre-trained Model NANFA Model NFvaviudonlddmsumsseyiy

a

ayu Ins @97l MobileNetV2, MobileNetV3-Large 148 EfficientNetLite %9 Model t1iail 18

3 A ] ) o A a . )
L‘]J‘Ll Model ‘VI?Jf‘I"IiG],%\‘l'IL!ﬂUﬂﬁi]ﬂ"ﬂ'lW”]fﬁlqluulWi i\ Welght ﬂTﬂiWLl"’U@Qﬁ ImagNet
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Model MobileNetV2

Mobilenet V2: bottleneck with residual

fub. Dwise

3 1) 3.4 MobileNetV2 Architecture

M13199 3.3 layers U949 Model MobileNetV2

[nput Operator t c n|s
2242 x 3 conv2d o TWBZ (%l ~ 2
1122 x 32 bottleneck | 16 1 |1
1122 x 16 bottleneck | 6 | 24 |2 |2
562 x 24 bottleneck | 6 32 S A/2
282 x 32 bottleneck | 6 | 64 | 4|2
142 x 64 bottleneck | 6 | 96 | 3 | 1
142 x 96 bottleneck | 6 | 160 | 3 | 2
72 % 160 bottleneck | 6 | 320 | 1 | 1
72 x 320 conv2d I1x1 | - | 1280 [ 1 | 1
72 x 1280 | avgpool 7x7 | - - 1| -

1 x1x1280 | conv2d Ix1 | - k -




Model MobileNetV3-Large

Pool

FC FC
Relu hard-

-+

3 3.5 MobileNetV3-Large Architecture

A13197 3.4 layers U84 Model MobileNetV3-Large

Input | Operator | exp size | #out | SE | NL | s
2242 x 3 conv2d = 16 - HS | 2
1122 x 16 bneck, 3x3 16 16 - | RE |1
1122 x 16 bneck, 3x3 64 24 L. RE\\2
562 x 24 bneck, 3x3 72 24 - | RE |1
562 x 24 bneck, 5x5 72 40 | v |RE |2
282 x 40 bneck, 5x5 120 40 | v | RE |1
282 x 40 bneck, 5x5 120 40 v | RE |1
282 x 40 bneck, 3x3 240 80 - |HS |2
142 x 80 bneck, 3x3 200 80 - |HS |1
142 x 80 bneck, 3x3 184 80 - |HS |1
142 x 80 bneck, 3x3 184 80 - |HS |1
142 x 80 bneck, 3x3 480 112 | v |HS |1
142 x 112 bneck, 3x3 672 112 | v | HS | 1
142 x 112 bneck, 5x5 672 160 | v |HS |2
72 x 160 bneck, 5x5 960 160 | v |HS |1
72 % 160 bneck, 5x5 960 160 | v | HS |1
72 % 160 conv2d, 1x1 " 960 | - | HS |1
7% x 960 pool, 7x7 - - - - |1
12 x 960 | conv2d Ix1, NBN - 1280 | - | HS |1
12 x 1280 | conv2d 1x1, NBN - k - - 1




Model EfficientNetLiteQ

112x112x32

224x224x3
MBConv1, 3x3

Conv3x3

A15137 3.5 layers Y93 Model EfficientNetLite0

112x112x16

MBConvé, 3x3
56x56x24

56x56x24
28x28x40

MBConvé, 3x3
28x28x80

; 28x28x40

MBConv6, 3x3
MBConv6, 5x5
MBConvé, 5x5

28x28x80

MBConv6, 3x3
MBConv6, 3x3

|
|
|

28x28x80

MBConvé, 5x5

; 14x14x112

MBConvé, 5x5

; 14x14x112

MBConv6, 5x5

|
|
|

{ 14x14x112

MBConv6, 5x5
‘ 7x7x192

MBConv6, 5x5
; 7X7x192

MBConv6, 5x5

3 ‘IJ 3.6 EfficientNetLite0 Architecture

|

} 7X7x192
7x7x192

¢l
X
Ll
<
>
c
o
O
o
=

MBConv6, 5x5

16

f=]
N
ke

X
~

x
~

Stage Operator Resolution | #Channels | #Layers
) 3 H; x W; Ci 7
1 Conv3x3 224 x 224 32 1
2 MBConvl, k3x3 112 x 112 16 1
3 MBConv6, k3x3 112 x 112 24 2
4 MBConv6, k5x5 56 x 56 40 2
5 MBConv6, k3x3 28 x 28 80 3
6 MBConv6, k5x5 14 x 14 112 3
7 MBConv6, k5x5 14 x 14 192 4
8 MBConv6, k3x3 Tx7 320 1
9 Conv1x1l & Pooling & FC 7TX7 1280 1
3.5 myvenuuuMINaadlunadmsulsnamengUawaalns
3.5.1 msntegadoyavesgUnneayulng
uregatioyatlu Train set 70%, Test set 30% LAY Validation set 50% 1A¥ATOYAZUN M

U

O

U

v Y Y
Eﬂ;‘lﬂlll‘W§50 0619 1.NILY 2.032NON 3.02Ha1UA 4.02NI 5. U0 6.9 7.011anN 8. AU 9.

1 10.Az111.321g 12,9201 13.09N0QYFY 14.9000A 15.000 Tau 16.a21a3 17.6189 18.07

aue 19.MUNY 20.14%(59])'] 21.UBITINA 22.UIUN 23.ﬁ1/]§1/l 24.Nﬂ%9]5\‘1 25.NﬂI‘3UlI 26.

wandaussa 27.05n0 1ne 28.wg 29.Mnza1e o5 30.0803A 310U 32.02 T 33,6119 34,

AU 35.@"]‘1J!ﬁ'6 36.14@]?114’3']1‘! 37.v191 38.’5}@8 39.091% 40.108 41IWYT TN

42 1AAAWANOU 43.L1AINIT 44009 11 451004980 46.1ay 47. Tmszw 48. luuzu1 49. Junieu

Y
50.]15]1811 TIUNINUA 5000 NN

AMSTVININAADIN Pre-trained Model 1% Parameters NIHINE A1



U H o = (Y]
3.5.2 dalsimvualumsnaasdlvivideuny
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Aq Yo o =5 A a o
D vnavoagnmilddmsuindu Tuaane 224 x 224 Wnaa $119U 5000 NI

2) s milFdwiudnduTueailuama RGB

3) Bath size TumsnduTuane 128

4) 14 Sparse Categorical Cross Entropy Loss
5) U Target Classes 9 50 Classes

6) Learning rate I@LA%4 1 x 1073

3.5.3 amlsimriualumsnaaaalvinnany

1) Pre-trained Model nlﬁjuﬂ' MobileNetV2, MobileNetV3-Large ilai¢ EfficientNetLiteO

2) Parameter 1@un Adam, RMSprop L6 SGD
3.5.4 aANIINAAD

M1514 3.6 NINAADIN 1 ¥ Pre-trained mode

Dataset (Sample:

Candidate model #Epoch | Optimizer Learning rate
100 images/class
Train set 70%, Test MobileNetV2
set 30% Llay MobileNetV3-Large 100 RMSprop 1x 1073
Validation set 50% EfficientNetLite0
19149 3.7 ﬂ1§‘nﬂﬁi’)3ﬁ 2 i1 Parameters
Dataset (Sample: Candidate
Pre-trained model #Epoch Learning rate
100 images/class optimizer
Adam
MobileNetV2 RMSprop
SGD
Train set 70%, Test
Adam
set 30% g 100 1x10"-3
MobileNetV3-Large RMSprop
Validation set 50%
SGD
Adam

EfficientNetLiteO

RMSprop
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SGD
M1314 3.8 MINAAIN 3 11 Model NazlFlulasams
Dataset (Sample: Pre-trained
Optimizer #Epoch Learning rate
100 images/class model
MobileNetV2
Train set 70%, Test
MobileNetV3- 2 4
set 30% Liag NAYINNITNAADIATIN 2 100 1 x107-3
Large
Validation set 50%
EfficientNetLiteO

3.5.5 MsUszuutazInlseansnmuea Model

9 v
NA4INNINTNAABIATUNG 3 NINADDI wmmsdsadiuma laon1siinisnaassi 34179

Y32aNENMNV0I Model Y3zt UAI8A Loss Liag Accuracy




YN 4

N1IINIADIULASHANTIINCIADI

Y
1 a a A a o
Glumuﬁ%uammimam wansnaaed MUszilulseansmm msuasizrna

¥09 Model N1HTumsszyivayulns

A o A 4' A
4.1 NM1Inaastnenntaon Model ﬂﬁ]gal‘muﬂ1§§$uwmﬁ3gu"l‘7‘ﬁ

[ { Y o [ [ { X
1899109 1A90n1UY Model HAZOONLLUMINAABITHSUAALADN Model Nz 1911013

Y A

1401 3.5.4 AN INAA0Y
4.1.1 HNANINAADY
4.1.1.1 MINAADIN 1 %11 Pre-trained model

A 9 A v

Y 9 1 dy ~
Tdyadoyanedoyaginmayulng so o1 et 1.nszifey

v Y £4
o

= =) a = <] 2 1 T
2.0gHa1a 3.02m51 490U 5.39 6. UHAN 7.01U910 8.9 9.A211 10.52Wg 11,5201 12.09N
@ o 9 o =X v o v oA ?;} 9 3
wFu 1300000 14.000 Tau 150213 16./MA89 17.0781@71 18.59UNY 190141 20.Up521AA
21100 22,3030 23 /0B 2480 Ty 25 wapdaussa 26.W5n e 27.1g 28 mzareTas
20.0ZNFA 300U 31.UTFH 32,6701 33.UNNTLIY 340252001 35.a101F0 36.10))
¥ 37.10W 38.000 391912 40.198 41INFTHIAA 42.4T0ANINOY 43.4AI0D1 44,103 Ty

Y
45.00980 46. Tay 47. Tnszw 48 Juwzu 49 Junvou s0. 181 saunaviua 5000 1w

A1519 4.1 MINTUNNAT Accuracy HaZ A1 Loss Y94n15NAAD9N 1 11 Pre-trained Model

Training Validation Test
Pre-trained Training Validation Test
accuracy accuracy accuracy
model loss loss loss
(%) (%) (%)
2.7769e-
MobileNetV2 100 98.65 0.0433 98.23 0.0576
04
MobileNetV3-
19.27 3.1826 15.89 3.2439 15.26 3.3134
Large
2.2120e-
EfficientNetLite0 100 99.07 0.0198 99.27 0.0225
04

4.1.1.2 mimamﬁ 2 ¥i1 Parameters
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Glﬁ/ 9y A 9 A o

9
GﬁﬂfﬂﬂlﬂuﬁﬂﬂﬂlﬂhaiﬂﬂWWﬁﬂ}!qu§ S50 NN U Ol l.ﬂﬁgl‘ﬁﬂll

Q U U

o = Y <]

Y
2.neHa1a 3.n2ms1 493U 5,39 6.Uvan 7.9unY 8.1 9.ﬂ$ﬁ1 10. 2N 11.¥20UN 12.A0N

De e

[ v

Syu 13.000un 14000 Tau 15.02 103 16.M&9 17828 18.97udY 1995081 20. U037 A
211590 22,530 23.40FH5 e 2480 Tvw 25 wapndavssa 26,030 Ine 27.wg 28. T mzaneTes
20.0ZNFA 300U 31LUTTH 32,6101 33.MUNNTLY 340252001 35.a101F0 36.10))
WU 37.10W 38.000 391912 40.100 41 INFTHIAA 42.4T0ANINOY 43.4AIND1 44,403 Ty

9
45.0389an0 46.1?{% 47.114331/\]1 48.1‘1J3J$1H’J 49.61‘1J‘H3J’L5)°Ll 50.161)'8'] TIUMINUA 5000 NN

A1519 4.2 MINTUNNAT Accuracy 1AL A1 Loss Y9IN15NAADIN 2 11 Parameters

Training Validation Test
Pre-trained Training Validation Test
Optimizer | accuracy accuracy accuracy
model loss loss loss
(%) (%) (%)
1.2684e-
Adam 100 98.86 0.0424 98.34 0.0543
04
MobileNetV2 2.7769e-
RMSprop 100 99.21 0.0433 98.23 0.0576
04
SGD 99.78 0.0785 97.51 0.1639 97.51 0.1611
Adam 29.45 2.8737 22.64 2.9943 0.2222 3.0732
MobileNetV3-
RMSprop 19.27 3.1826 15.89 3.2439 15.26 3.3134
Large
SGD 30.00 2.8592 23.88 2.9917 22.43 3.0762
Adam 99.58 0.0534 98.48 0.0662 97.66 0.0776
2.2120e-
EfficientNetLite0 | RMSprop 100 99.07 0.0198 99.27 0.0225
04
SGD 82.26 0.6930 84.35 0.6790 80.51 0.6903

4.1.1.3 M3NAaoaN 3 ¥ Model Nazl¥lulasams

A 9 [

Y 9 ] = dy =
Glsmgﬂmauaﬂaﬁuau“agﬂmwmgu”lwa‘ 50 9N UANU 1.NISNYY

U
v 9

] Y
Nena1la 3.0z 403U 599 6."1JL‘H§T‘I 7.0UR18 8.4 9.ﬂ$ﬁ1 10. 2N 11.¥20UN 12.A0N

\S)

%

v o v o v a ¥ ]
YUBU 13.A00NLLA 14.90n 1oy 15.@]31155]%} 16.95]'13\‘1 17.9790ULA1 18.NUNY 19.1!'1!,99])'1 20.UBITINA

211100 22.3ngn 23 AT 24,80 Tow 25 wapdaussa 26.w5nIne 27.1g 280 mzareTes
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20.0ZNFA 30.U2I 31ULFN 32.8TUN 33 1TUNWTL 34.a25200U 35.81UF0 36.10)1

YU 37.7i0U 38.’69]}’68 3901912 40.108 4 LINTTININ 42.LTaANINOU 43.UA90N1 44.1109 11

9
45.0038a0 46.Iﬁ3J 47.11’7531/‘!'] 48.1‘1J1J$°Ll1’3 49.1‘1J‘H3J’O'Ll 50.]151)'8'] TIUNINIUA 5000 NN

A1519 4.3 MITUNNAT Accuracy HaZ A1 Loss Y94n15NAa099 3 11 Model a4l

Tasams
Training Validation Test
Pre-trained Training Validation Test
Optimizer | accuracy accuracy accuracy
model loss loss loss
(%) (%) (%)
2.7769e-
MobileNetV2 RMSprop 100 98.65 0.0433 98.23 0.0576
04
MobileNetV3-
SGD 30.00 2.8592 23.88 2.9917 22.43 3.0762
Large
2.2120e-
EfficientNetLiteO | RMSprop 100 99.07 0.0198 99.27 0.0225
04
accuracy vs val_accuracy
1.0 T s - p— P o =
0.9 A
o
o8 1/
=
9
© 0.77 —— Train
0.6 - — Validation
0 20 40 60 80 100
epoch
loss vs val_loss
2.0 4
— Train
1.5 1 Validation
% 104
2 \
0.5 1
o.o L T - T T T T — T
0 20 40 60 80 100

epoch

n)




accuracy vs val_accuracy

0.20
> 0.15 1
(o)
o
g 0.10 -
— Train
0.05 A —— Validation
0 20 40 60 80 100
epoch
loss vs val_loss
3.8 - e 1Tay1 _
— Validation
wn 3.6 1
%]
ko)
3.4
32 4
0 20 40 60 80 100
epoch
0]
accuracy vs vaI_accuracy
1.0 1
o
© 0.8 ]
-
[}
% £
— Train
0.6 —— Validation
0 20 40 60 80 100
epoch
loss vs val_loss
207 — Train
1.5 — Validation
210+
0.5 1
0'0 A T T T T T T
20 40 60 80 100

epoch

f)
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3 U 4.1 nluanawa Training, Validation Accuracy #a% Training, Validation loss
ﬂlﬂﬂ%ﬁ 3 Model
) n e aquul Tl Training, Validation Accuracy Uei& Training, Validation loss
Model MobileNetV2
V) N3 Al Tedu Training, Validation Accuracy 6% Training, Validation loss
Model MobileNetV3-Large
) N3l aanud Tfu Training, Validation Accuracy 6% Training, Validation loss

Model EfficientNetLiteO

4.2 msdsziunaz IalszansnIn Model
Usziiiuma Tagin Test set $1191 5000 N1 vosyavoyagzUnmayu Ins so wiia 1w
UszliuwanumMInaaan 3 115U Model N1 1uTATINU 1519 4.4 M5NTUNNHANT

a 9 _ N 4 ! F
15810UA28 Precision, Recall itag F-Score Y99N15NAA09N 3 11 Model 1119 11 Ias 9911

M1319 4.4 M319TUNANaN 515213118 Precision, Recall 1182 F-Score ¥939015NA0097 3

MobileNetV2 MobileNetV3-Large EfficientNetLite(

Class name Precision | Recall F1- | Precision | Recall | F1- | Precision | Recall | F1-
Score Score Score

Aloe 1.00 1.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00
Beetroot 1.00 1.00 1.00 0.50 0.07 0.12 1.00 1.00 1.00
Mulberry 1.00 1.00 1.00 0.00 0.00 0.00 0.90 1.00 0.95
Boraphed 1.00 1.00 1.00 0.02 0.13 0.04 1.00 0.97 0.99
Bottle-gourd 1.00 1.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00
Butterfly-pea 1.00 1.00 0.98 1.00 0.03 0.06 1.00 1.00 1.00
Cassia 0.97 1.00 0.96 0.12 0.00 0.00 0.93 1.00 0.96
Celery 0.92 0.97 0.97 0.00 0.73 0.21 1.00 0.91 0.95
Chaom 0.97 0.93 0.97 0.00 0.00 0.00 1.00 1.00 1.00
Chaplu 1.00 0.87 0.93 0.00 0.00 0.00 1.00 1.00 1.00
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Chiya 1.00 1.00 | 1.00 0.50 0.00 | 0.00 1.00 1.00 | 1.00
Cucumber 1.00 1.00 | 1.00 0.00 0.11 | 0.18 1.00 1.00 | 1.00
Dok-Khae 1.00 1.00 | 1.00 0.10 0.00 | 0.00 1.00 1.00 | 1.00
Dok-Son 1.00 1.00 | 1.00 0.00 0.35 | 0.16 1.00 094 | 0.97
Fahthalinejol 1.00 1.00 1.00 0.09 0.00 | 0.00 1.00 1.00 | 1.00
Garlic 1.00 1.00 | 1.00 0.00 025 | 0.13 1.00 1.00 | 1.00
Ginger 1.00 1.00 | 1.00 0.13 0.00 | 0.00 1.00 1.00 | 1.00
Gotu kola 1.00 1.00 | 1.00 0.00 032 | 0.19 1.00 0.97 | 0.98
Horapa 1.00 1.00 | 0.97 0.05 0.00 | 0.00 1.00 1.00 | 1.00
Hya-hwan 0.94 0.98 | 0.98 0.00 0.09 | 0.06 0.96 1.00 | 0.98
Kahlam-pli 0.98 1.00 | 0.93 0.30 0.00 | 0.00 1.00 1.00 | 1.00
Kha 0.87 1.00 | 0.98 0.00 027 | 0.29 1.00 1.00 | 1.00
Khamin 0.96 0.92 | 0.96 0.00 0.00 | 0.00 1.00 1.00 | 1.00
Khana 1.00 1.00 | 0.96 0.00 0.00 | 0.00 1.00 1.00 | 1.00
Krapao 0.92 0.93 | 0.96 0.33 0.00 | 0.00 1.00 1.00 | 1.00
Lemon 1.00 1.00 | 0.98 0.50 0.68 | 0.45 1.00 1.00 | 1.00
Lemongrass 0.96 0.93 | 0.97 0.13 0.07 | 0.12 1.00 1.00 | 1.00
Magrud 1.00 1.00 | 1.00 1.00 022 | 0.17 1.00 1.00 | 1.00
Makam 1.00 0.95 | 0.98 0.00 0.14 | 0.24 1.00 1.00 | 1.00
Marum 1.00 1.00 | 0.96 0.00 0.00 | 0.00 1.00 1.00 | 1.00
Meanglak 0.92 1.00 | 1.00 0.00 0.00 | 0.00 1.00 1.00 | 1.00
Pepper 1.00 1.00 | 1.00 0.12 0.00 | 0.00 1.00 1.00 | 1.00
Phak-khom 1.00 1.00 | 1.00 0.24 0.03 | 0.05 1.00 1.00 | 1.00
Phakchi-Frang 1.00 0.97 | 0.98 0.00 0.58 | 0.34 1.00 1.00 | 1.00
Phaya-Sattabun 1.00 0.96 | 0.98 0.50 0.00 | 0.00 1.00 1.00 | 1.00
Phechrsangkhat 1.00 1.00 | 1.00 0.00 0.14 | 022 1.00 1.00 | 1.00
Plu 1.00 1.00 | 0.97 0.00 0.00 | 0.00 1.00 1.00 | 1.00
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Rambutan 0.94 1.00 | 1.00 0.00 0.00 | 0.00 1.00 1.00 | 1.00
Sabtiger 1.00 094 | 0.94 0.00 0.00 | 0.00 1.00 1.00 | 1.00
Saranae 0.94 1.00 | 1.00 0.17 0.00 | 0.00 1.00 1.00 | 1.00
Seldphangphon 1.00 1.00 | 0.97 0.67 037 | 0.24 1.00 1.00 | 1.00
Shallots 0.95 1.00 | 1.00 0.33 0.08 | 0.14 1.00 1.00 | 1.00
Som 1.00 1.00 | 0.94 0.19 0.10 | 0.15 1.00 1.00 | 1.00
Sugar-cane 1.00 1.00 | 1.00 0.07 027 | 0.22 1.00 0.90 | 1.00
Sweet-peas 1.00 0.86 | 0.97 0.38 029 | 0.11 1.00 1.00 | 0.98
Tamlung 1.00 1.00 | 1.00 0.00 0.15 | 021 0.90 1.00 | 1.00
Tey 1.00 1.00 | 1.00 0.00 0.00 | 0.00 1.00 1.00 | 0.95
Thabthim 1.00 1.00 | 1.00 0.36 0.00 | 0.00 1.00 1.00 | 1.00
Watermelon 1.00 092 | 0.96 0.25 036 | 0.36 1.00 1.00 | 1.00
Yanang 0.95 1.00 | 0.97 0.25 022 | 0.24 1.00 1.00 | 1.00
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