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## 6070419521 : MAJOR ELECTRICAL ENGINEERING
KEYWORD: convolutional neural network (CNN), FPGA, LSTM, Plant stress
Krit Rojanarungruengporn : Early stress identification in plant using deep learning

implemented on FPGA. Advisor: Asst. Prof. SUREE PUMRIN

In order to ensure the availability of food in the future, plant stress identification is
one of the crucial tasks used in plant phenotyping to develop better crops. In this research, we
use a convolution neural network (CNN) and convolution neural network combined with
LSTM to identify the early state of plant stress caused by a deficiency of nutrients. We use a
treatment study dataset of sorghum (S. bicolor) which consists of more than 40,000 images of
growing sorghum images captured in the phenotyping facility in 3 views. The experiment
studies plant growing under 3 treatment conditions: 100/100 (100% ammonium/100% nitrate),
50/10, and 10/10. The first CNN will be used on PYNQ-Z1 board which is System On Chip
(SOC) board. The FPGA of this board can be programmed with Python language together with
High level synthesis tool [Vivado HSL] to accelerate processing time upto 38 times compared
to its CPU part, ARM Cortex-A9. The second network is divided into two parts: the features
extraction and classification network. VGG16 with pre-trained weights from the ImageNet
dataset is used as the feature extractor. LSTM cell with multi-layer perceptron (MLP) is used to
classify extracted features to determine the stress of the plants after subjected to the stressor.
The result revealed that the network can detect the stress at the accuracy of more than 85% at 2

days after plants subjected to the stressor treatment.

Field of Study: Electrical Engineering Student's Signature .........ccceeeveeeeeenenne.

Academic Year: 2020 Advisor's Signature .........ccceeeeveeveennnnns
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Tagaunnazumsaamunsniau viso aamulunaaz luvesaung [3]

A 1 9 Y < o A 25 A [
mninsan laeniaual 91vazued laAnmsmnuanyae i uzmilounuilym
o { I

msseyluld wse msdalulifeenvinnin Anmiszneudaelu bl lu@enily

arlsznouvian aagiin 1

7 1 mdeenveaymmsszy Ty liiseneudae 1y ldifuesdi/seneumndn

R A o ao as =) 9 129 . .
Falimshnsive Tae3smsmsiBeudunnlilidaey (Unsupervised learning)[4, 5]
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a o 1 1 1 I a <] [ ES

'Jlﬂ'i"lgﬁfﬂ'lﬂgﬂ'i'lﬂ (Shape-based)[6, 7] lLGWI'J"IGluﬂ’Nll!,‘ﬂuﬂiﬂ!Lﬁ?ﬂTi!ﬂUﬁﬂHﬂ!Zﬁ‘Huuﬁﬂ’NN
' Y o [ 9 Y A A ) Yy 1R A

INUINNIUIN WIS ﬂf]\‘l°I/I1ﬂ']§53‘]_!LLﬁ%ﬁﬂﬂTWLﬂW1&’1U1MUHﬁHW‘B ﬂ"lu"lﬂmmwuﬂuma

da . . w4
Ni5en11JyM1 Multi-instance segmentation #4319 2

A o g o A Ao ]
3’7]1’) 2 f7TWWQﬂﬂ7ﬂﬂ7ilﬂﬂﬁﬂym&'§6”9\77'vﬂf7/]1lﬂ7553y!!@3!l£’ﬂ?U!!ﬁﬁ&‘f?7_1[3]

= 1A 19 Y 9 o ' Y o ' o Y =2
Fa lusauadoaen lu limdouduvarslu ualulduaaz ludumnaenuesnlidre sauds
U A o 9 v 1 Y a o o a [ 1 1

gUsnngugeu imevesludendes ddu dmil nazdnbuzaney Taammizlumsaiean
. = d‘ v 9 "9 a =S Aa v d'd

YUWRIVY (Top view) aitTayriTosvesmsnudouueluagas MINNITaNDINUITENT

Tapiuaznuinismsmsuenuuuiigaeuuaz lifidaou (Supervised and Unsupervised Plant

Y
Segmentation) gn Ied1aunsnareTunmsuddaymil Tuawise (8] TdhmsuFeuiieu

A . 1 Y
INAUA Feature selection 3¢ ‘]Jﬁ%ﬂ’f)‘]Jﬂ’JEJ Correlation-based Feature Selector (CFS), Chi-Squared,



15

[ 9
Information Gain 1182 Gain Ratio B9MUTINAVIMANA Classification 19 11/1 Naive Bayes, K-
Nearest Neighbors, C4.5, Random forest, ANN, PLS-DA, SVM 1lag Logistic lumsananyay
Y 1
VDIAUBOHU (Seedling) TAINAVDINITIVBNUIINT 1Y Feature selection Wi 93 lomativum
1o Y = J q 99 ¥ 1o a
anuuud lunmsnen lagagana 7.4% wazguosnszuaumsi g Idanuuiud lumsuend

NgADa 80% FIU191NN5 19 Chi-Squared 391AY Logistic 11911390 [9]14 19 Adaptive

v K

Y
Thresholding algorithm lumsuendiuveslylifeenannmiunds Feagin enunsaldnu

9 . . Y = a Aa dyw S o =
Yoya1lszian Real-time video Taod1liilsz@niam wonniniidalimstiunalulagni
. . Y { o 9 ¥ ) o A

Stereo imaging Tumsudymluniudeunazad1a 3D Model vosdunsasnwylu [10-13]

9 a 9 A . Ia 9 a
Tu [14] fleunenuazdnnuluvedqu Arabidopsis Vuvlgeaisaauaiale TaslHnaiin

. . ! L 9 { '

Chamfer-derived energy functional 334N sypveely i (Leaf Template) NAseuNINoU [15]

a o @ { v 9 [ y A [
ruoMANAMIAATINYRININ HalnraeIag NMsiugauny TasmsiSeuiimonsning
<3 ! o ' A X = 9y .
@ uazdIuvesInguazlszinadunvIauNT 1azling 19 Graphical methods Tun13en

'
(% =

9 YY)
Togngoununulu [16]
1.2.2 MITWMUNNGY (Classification)
I o A A v = kS = o = Y
lumsiiudnyazveansuazszyiiond luanizmssauimsiuna Tulagnisau
. . v % I~ 1 Aav
Machine learning 11 1%od19nannategunudsansomiu ldnngda 3 wuldluauide

1 d’
a9 Tuas19n 1
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o S o Aa
11311 Machine learning algorithm 311% lumsinudnyae Nsvaizinan 1z oa/17]

Lag NILen

(Classification)

K-means

subterraneum L.

anvazns 9o .. o . o4 Uszianves Yy -
ﬂﬁglﬂ‘ﬂ ML Algorithm L UIYDT FUAVDINY anyuUSNINY - RENGN
ML Algorithm ANNIELANUIATYA
v
M3z ) . y Y
SViM Hyperspectral FUASTIRIN 1 ANHUSNITVIAUI ANNITHUNILLAN [18]
(Identification)
SVM, linear kernel,
quadratic kernel (QP),
nsse '1Jq§:} radial basis function “ “ -
31 RGB wBINe lumdes annzaalsn [19]
(Identification) (RBF), multilayer
perceptron (MLP), and
polynomial kernel
Naive Bayes (NB),
simple logistic (SL),
9 LibSVM (SVM), Alternaria alternata,
REEFATH
LibLINEAR (LINE), MLP Alternaria brassicae,
(Identification) Brassica -
(BNN), functional trees Hyperspectral Alternaria anzanlsn [20]
Lag NMILYN napus L.
(FT), random forests brassicicola,
(Classification)
(RF), classifier for and Alternaria dauci
generating a grafted
C4.5 decision tree (J48)
M3 Arabidopsis wuaiise -
SVM 31 RGB annzaalsn [21]
(Classification) (Arabidopsis thaliana L.) Salmonella
MUY nunAiiise .
Bayesian classifier gﬂ RGB Arabidopsis annzanlsn [22]
(Classification) Salmonella
v
RERIATF)
Linear discriminant
(Identification) Trifolium -
analysis (LDA) and §‘°1J RGB Ozone aANNTUANY [23]




Identification

Classification

IDC Class 3

98

54.2 2
Sever?gy Sever?%y

Sudden death Iron Bacterial IDCClass 1 IDC Class 2 ol
syndrome (Sps)  deficiency S (nostress)  (moderate (completely
(biotic chlorosis (biotic stress) stressed)
stress) (IDC) (abiotic PR
stress)
Quantification Prediction
IDC (% severity examples) |
Weather data
ML
Stress image algorithm ]
i ) Early
Stress severity Modeling stress
data prediction

{ o ) S o ]
71N 3 dnyaien1311 Machine Learning Algorithm 11 1% lumsuenanyais o wsuy s Ne [17]

9

A A

A v A ) = Y a K . U 9y A
UDNVINULIUNITUINTTLTYUILBIAN (Deep Learmng) JJWGl“]fsluﬂ'lﬁiguguJ@W‘]ﬂﬂ

= d[ a o d'
aNNSIATYA ‘31)'\‘1ﬁnﬂ5ﬂW1Jhl?’9ﬂu\1'lu'J%81u@']‘ﬂﬂﬂ 2
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]
o

{ a o S o a
M1599 2 9139891001511 Deep learning algorithm 11 1% lumsinudnyae Hsvazinan 1A on/24]

anvaizmsldau sz DL o . S szinnvesanig Yy -
FUAVOINY an¥usnNiny d RENGN
DL Algorithm Algorithm ANUATYA
= C!' a
" o ¥ ANUATYANINADIN
Prediction DNN FUARTRIN ]G] AanNYUSNITVIAUI 2 oy [25]
ARG
Tomato yellow leaf curl virus,
tomato mosaic virus, target
NITLYN - -
AlexNet, GoogLeNet uzramnea spot, spider mites, Septoria anmzaalsa [26]
(Classification)
spot, leaf mold, late blight,
early blight, bacterial spot
v Early scorch, cottony mold,
MI521Y3 Y R
LeNet architecture NAYH DN ashen mold, late scorch, tiny annzaalsn [27]
(Identification)
whiteness
Melon yellow spot virus,
v zucchini yellow mosaic virus,
MITLY3 R
CNN RN cucurbit chlorotic yellows annzaalsn [28]
(Identification)
virus, cucumber mosaic virus,
papaya ring spot virus,

= Aaov 1 dy 1 o ~ Yy a K Y <3 Y]
G])’x‘]ﬁnﬂ\‘ﬂui]ﬁ]ﬂ@n\‘]‘]uW’U’Zﬂﬂ1iu1ﬂ§$U’Jufﬂifﬂiliﬂugl“b’\iﬁﬂllﬂ‘]fﬁluﬂ1ilﬂﬂ’dﬂﬂﬂ!$
A g}/ = a A = d' a ds@} d' 9 [
NYUU llﬂi$ﬁ‘ﬂ‘ﬁﬂ1°l/\lll1ﬂﬁluﬂ1i§li’Jﬁ]WU’c’fﬂTJ%ﬂ’JHJ!,ﬂiEJ@‘VI!,ﬂWUu I@ElmWW%HJ’E)Gl,"]ﬁ’JiJﬂU
) . ) Y YR ~ ~ a ds! 1 ~
ma 1108 Hyperspectral Imaging #9311 19 e1150313 03a0 1A 8 NIzNATUNDUNN

¢ <
NUHEISHDIUNY [24]

A Y

WINN139N09Ms 15Ut uveInszuIuMsFouiisanazdoyai ldvn

9
1 Y o '
Hyperspectral Camera UAIVTWUN miﬂizmawa%’ay’amw Hyperspectral U Nuedann
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A v AN o ° 9 < 1
NA0IN3UnTANNNAINMIAMUINGI[29] N3 12VOYANNW Hyperspectral 3zgninLog 1uz1)
U949 3D Hypercube #1331/9 4

Sub-images

Reflectance (%)

ke 15
Wavelength =

(b)

i a——-

717 4 d20619n 810 Hyperspectral Y0411 117 (@) unave93/nmvess9n e 12naus 199
{ [~ 1 [
fsauAuily 3D Hypercube (b) ns1luaasmsasiouveua 1119011812619 V84 Pixel

Hﬁ\‘i"] VUMWDY Hyperspectrum [30]

4 9

1Y) { a A Y o I §
UszapuumslFanumsasnanizanuasgavesiisnnayuluszezisuduiu suilunazdeos
= Y v A Y 3 [ Y = d’l
UMITLYFHVUNUN Real time) A UMM IFNUTZVUMIAVAD YU UAZATINIANIZANUATIAL

] ' o 9 v 2 o q Y a o 9 SN @ °
Qﬂcl”jm”luinlﬂ‘lJmmﬂmell‘iﬂuﬂm ’1]\11’]11Wﬂ15'31ﬂ51$ﬂﬂ']w Hyperspectral @]9\1ﬂ1iqﬂﬂimﬂﬂwaﬂﬂ15ﬂ1u']m

gauazAuWaIuNA [31]

1<} 1%
1.2.3 MINUANEULUDINY (Plant Phenotyping)

Cameras
Hyperspectral
-
VIS NIR/SWIR
- IR T TIR/LWIR
— - T - a
LONE D DL I D e e B D D R D B D DL e D R B R DL D D A DR AL D e e D D D D B e
400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 25007.5-13x10°
Wavelength (nm)
uv|  Visible Near-infrared Short-wave infrared Long-wave
infrared
Water content mm = | |} = L

Temperature
mmm Chlorophyll content, photosystem Il quantum efficiency

Current Opinion in Plant Biology

~ Y ~ Y = ] A ] 1
g1 5 waaenaen 19 lumsunnn m lus A NueINAULAIT I NG [29]
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MmiAsenaenuszyh mnvesduiyiig ano181u3I3 VIS (400-700nm)

aunsaisiinldlszinasnBinasvosdui vay fuiivealy1d Fsamnsahan
1 dy o = . 9y A 1 ~ 1 A A Y o
MAHIAUINKITINIA (Biomass) Vesaunsludiunogimiloau 1@ aawulu [32-
34] ez longnoielugie VIS dsemnsaldlumsinaumasaimsniydy In
@ 1 I 1 { %}
(Plant Growth Rate) 18 samu 1y [35, 36] Tuaaa NIR tag SWIR azitluaaniiiluly
: 2

ganauuae1aa JeannsaldlumsdamuSuaniluly'ld (Leaf Relative Water

Y
Content) [37] tagmsaznouveaadluyig NIR Hiaaunsateuendannuyuives
10 (Leaf Thickness) Tdaaeaasing luauise [37]

2 ] » ) ' v ¥ & o v
uonN luFN TIRZLWIR 83dmnsoadwnmmaieanuionls dedimsgninnls
Tumsiaguuigiily dansninniamneuaueinodn1IZANUIASIATINADIIN

I a Y . cilw a1 A a 1 A @
anuAuvesan 18 (Salinity Stress) [38] HanINHNFIAAUBNF N NITD A
anwannsnlumsdunssiatouavealy 1aiufae 419 Chlorophyll fluorescence

(700-800nm) [39]

)
v 3o

] < J ] [

g lsnau masnenmlugis VIS uag NIR dundsiideideningraniives
anwenau ihldidadyanasuninldhesanedifeihlddyganmiugg
anwennauiiaulagyneld cmﬁaﬂmmmmiauﬁ%‘lﬂmﬂ%ﬂam Hyperspectrum
Tunsaie ilesn1n ndesamnsalidoyaniinamaziBeavesiisnnuenaanly

v ) Y] . 1 1 [l <3 Y dyw = ~
52AU nm AIM5UNNYA Pixel VUAIMAIY uaod 1 Tsnaundesilsznniidalisiaigs

o & £y Y AA o o o
ll']ﬂ!,!ﬁg’i]']!,‘l]u@f’)\‘]{lslﬁgll‘llﬂﬁ$3J'JﬁWa‘ﬂllﬂ’]ﬁ\‘lﬂ']ﬁﬂ']ﬂ')ﬂl@:ﬂll']ﬂ[Zﬂ

9
v Y

3 o o I
Tunuiteilisuusariutenud1AYueInded Hyperspectrum lun1siny
anbazUeIysWNIMITEY A Mzanuaoareiy Uszneuduanuiiamih
vounnTuTadadu Computer Vision 18 Decp Learning O AT EATIE A TH
= - A 9 Aqu ~ Ya = & a &
dannzaNuasealuIzeziTuan N1 DIUMINIEEUIITIAN TIgNAAIDEUY
A J P [ o Y o ° ¥ A A
FPGA Niilugilnsaininaimsannagaz lsndsnudm Tasldnesions
@ 4 o 1
UAT1ZHIZADFI (High Level Synthesis Tool) Vivado HSL Tumsa31a uaane
Fa9ialumsi109veended Hyperspectrum GlNiJﬂﬂWNiﬂﬂ AIToUIILITUDTZUD
fsundealugag vis unu Tasmanfaldszuuiannsai luvanndediolslu
a 4 9 Y ] dy A A a A
M3AATIZHNNIINNEDY Hyperspectrum 1A 1A8d18 UaAINILNouLsaNnTamn

YouuuiaeslumsszyannzanuassavesauiesluszozEuduIuduD



1.3

14

1.5

21

HUUT1899 CNN+LSTM Taglduuusiaes State of the art N 19 uog lulagiiumiu
4

ax . 4‘ FY = Y o = d’d 1Y
395017 Transfer Learning LW@i%iuﬂﬁLﬁﬂugﬁﬂ‘]%lﬂ!gﬁﬂ'lﬁzﬂ’JWNLﬂﬁ‘c’Jﬂ‘ﬂiJﬂ'ﬂllﬁﬁJ“WH‘ﬁ
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(v dJ
Tngilszasn
A o ] ~ g 9y A & 9 9
L‘W@Wﬁluﬁ%u‘ujgugﬂ\‘lﬁﬂYJ%ﬂ’J"liJmiEJW’UENG]u‘U"I’JV\IN'V]"Iﬂ@]ﬁﬁ@'IW'Ii 919
NTEUIUNITNN Computer vision LiAE Deep Learning 13219M CNN (Convolution Neural
Network) 1114 FPGA #9¢ Vivado HLS
VD ULUA
[ 9 d’ o A a 4
® 5z°uuﬂziumayjagﬂmwmmammumnmaww

® Dataset : Dataset: High-throughput profiling identifies resource use efficient and
abiotic stress tolerant sorghum varieties : 96,867 PNG images [40]

® yuUTIaI CNN g ldtieszynduiivegluanznseanse la

o & o ' a saa ] J ..
® L1199 CNN QRnLaz T uALUABNNIABINAAAINISAID Nvidia

I3 = & Y 4 o J A o a =
o uyuiaednigninudiszgnae lildiueia PYNQ-Z1 iiedutiunmsseyan1iginion

YOINFUYU FPGA

o Y A L ' = = '

® uuuTIa0I CNN+LSTM azgnldiioszyduisegluaniziasoanse li
Y

o @ v a sAa 4 ..
® 111UV DI CNN+LSTM %SgﬂﬂﬂLLﬁZﬂiUﬂTDuﬂﬂNW’Jmﬂ’i‘ﬁ@ﬂﬁ\iﬂﬁﬂﬁ]ﬂ Nvidia

L4 fhmmmiuf]’ﬂumsﬁmwamazmmm’%ﬂﬂmmﬁ%ﬁ’mumﬂﬁ 80%

d
Uszlewi
Y a a a A A A =
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a a 2 9 1 < o A . A o
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2. Wluszuunenusanaiuaegeaive 1 uma Tu Tadn 1w Hyperspectral Imaging 10

= = Y
UNN 2 NHPAiasvianms
2.1 MIHUANHUTNY (Plant Phenotyping)
MIIAVAAYULVDINY (Plant Phenotyping) v MIBTUIWANHALNI MEINA

a a A v A A = = Y A a é
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i, wanns : Aty ldnanmanfseumenssnanag VIS
ke ? = g ' A A
(Visible light spectrum) FUTUFINUNTAANAUUAIVDI

a o ~ = (=)
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o v A

Y
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(Ground-truth data) aluauIsedrvesnszuIums Yoyaiignldwin
Usznoulidre doyaningadoya A1(500X530 px) 1 95 AW

A2(530X565 px) 1IUIU 31 NN AL A3(2448X2048 px) 1NUIU 27 NN
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2. YUMTYUNIT (Preprocessing)
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NTAANTIN (Segmentation)
I
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4.4 Graph Representation fi1191#1 Graph Structure Tﬂﬂi%}%}ﬂgﬁﬂﬂ
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Deep learning (DL)
A g A g ' & . . =2 q9
DL doilunszurumsiiuaiuviilaves Machine Learning 34 1%
o o IS ) 1w x 1 H ° .
HanmMImMImuIa WU aent Fauaassun15AIUIn (Processing
4 o g}.l 1 I 3’1 %
Layer) 92 19Haans msmuiuvestunouniinunily mnput voauduos
A A Yo Y= v v b7 a g
ioag e euinegluundoyavesyadoyaiiue Tasin@nds DL azgn
9 49! 3}, = 1 3}, < = a 4
51991910 Neural Network Ha189 %1 FaAaz FUNIZUAINIT ATV
AnesnamnsnlsuiieiEouivoyanien 1a [24]

Convolution Neural Network (CNN)
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K 79 Y1994 Kernel
P A9 YW1A Padding
S Ao YUA Stride
Y
2. U Rectified Linear Unit (ReLU)
= o . . . é d'd 1
ReLU A®N19N1 Linear Activation gﬂu‘uuwumum
= P Yo a [
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41N [42]

flll”[)ll[ - A/I/‘X(fin, 0)
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I 1 < ] ]
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3. ¥U Max/Average Pooling
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Y
4. ¥ Fully Connected Layer
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High-Level Synthesis (HSL)

. C/C++/SystemC
e design entry

5| ——m——m

=1

N Behavioural

rs)

<

= RTL HDL design entry

3

@

v Structural

71N 9 52AVYBINITOONULY FPGA

TuszAuniseanuwuy FPGA lusysiu Structural 14 a4 HDL Tun1seanuuy $9n1s

aanuuLazifedeiunisaing Uiue uay sderiuaes dousnaaesandauasseduans 4

v
v & Y

UWANNAD
o ailly ¥ a 1
@ﬂ‘]ﬂmzuaﬂ@ﬂLLUU@zLﬂuEﬂQUQN?WH@ﬁLﬂEﬂﬂ]’ﬂ\?ﬂ’]ﬁ‘ﬂ@ﬂu‘]_l‘i_lnﬂﬂiﬂﬂ

sinfuaslufeszail LUTs (Look-up table) y7a FFs (Flip Flop) @sn1seenuuy

Tuszdu RTL meazidanlusziumalulatiazgnden usdazainnsneanuuulusziy
afaunflAlneninu Registers uaznszLIUN9AARATEUINg Registers @4 Logic synthesis
tool tiuargnldauluszauilinautls RTL Code iWlunimansauas

luszsu Behavioral Wwazld HDL Tun1seenuuung inssulaznssLaun1s18499as

NNN8FLNETURAUNNINNGIUTRY Register TannsaanuuLLLLdAzAaseANNa1Nnsn
X v
TIHBBNULLAZAILAN

A1A91219R908NNIANNITRTLNENO ANIIN TB9LATEINENIFAUATIEN

k% Y v 1 o v < ndgl
nezuaunsaineeaslilasas usfiazaunsaimunlfmndaau
TuszAu High-Level 1 nseanuuuazlilitafianiu HOL usazidunisldnimly

nadeultlsunansziuge duldun C C++ uaz SystemC TuniseanuuunszLaunIg wan

a = o I3 o . 1 o 'y o s
NaNTeUNDaN198aATEIia9as Tusesl HDL Design aznudnnisdainsnziazidunisdansiey
Nefureniadanse (Netlist) Tegunsaliluaeasiaaniaiae wiseiFen

'
o

a1 HDL lusagapnds



31

£
'

A5nnsdaAnzfuuuiian Logic Synthesis wsilusesu High-Level siunnsdansziazlalduuy
Logic Synthesis urazidunnsdaasziiain High-Level luiflu HDL Geanuseatinunns

dums1ziiluy Logic Synthesis anafanaufiaziinld1dlu FPGA 16

232 Vivado HLS
Vivado HLS 32311119115 711 C C++ nag SystemC ity RTL &4

o g 9 Y =
ﬁmﬁammiwmgaﬂu"lﬂclﬂu FPGA Board Ulﬂ HINTNIINVDINTSUIUNIINIG

v
PONUUVAIY Viado HLS wnvzagy 1daagali 10

U

————— b( C code design ] [C testbench designj
Golden Reference

C Functional Verification
Directives
'onstraints
High Level Synthesis

. \\ design

iteration

C code

design revision (optional)

RTL code

hardware implementation
accepted

FUi 10 M5 IWVINTOONUULAIY Vivado HLS

2.3.3 System-on-Chip gl Zynq

luoaa System-on-Chip (SoC) d’auimj%zmﬂugﬂmm ASIC (Application

a A y

Specific Integrated Circuit) Helioidons doeldnuuaznannlumsiau

= o

9 9
‘Ll?Jﬂi]]ﬂﬁigﬂﬂﬂﬂ‘ll"lﬂﬂﬁ”mﬁﬂﬁqu mwﬂﬁ'mmmumsNa@fluﬁmaumﬂqmmu



32

A IS KR Y A 1 g . = Y o d%’ 2 & A o
BN UNUDIVDLT YLD Xilinx ﬁ]\?ulﬂwmu'] Zynq VUFUIUTZUVUNUT SoC W15

1 FPGA A3 11

AXI
Interfaces

Zynq

Programmable
Logic

U0 11 uaaaIngea$19ue3 Zyng

= Y v o o A .
U3 Zynq Usznevliae 2 AIUNTNINIUYIANS AD Processing System (PS)
1 Y 4
118z Programmable Logic (PL) 130 FPGA 914 2 dauiliau Tagansadedoyais
o ] g‘/ o < 3’/ o 1 <3
A1 1AM AXT Interface 114 9 #9 9 PL T HIMANZAUATLUIUMINABINTANNT?
19U High-speed logic MIMUIMTOYaTIUIUNIN MIAUIBMVDYUIY TZUDMS
A 9 g A ES Y N a aa YR o g

indoudredoyaluvazi PS uansnaansszuul ianms 14 ek ldmsesniu

' g ¢ ¢ 7 Y
5$1J‘U6lﬂc] gnsautsoem iUy ﬁWiﬂLL’JiLLﬁZ“ﬂ@W@LL’)iqﬂ



33

Zyng-7000 AP SoC
= Procassing Systam
Paripheral icati i
ripherals Clock | F— | |SwDT| Application Processor Unit
/ use |—|G°”E"ﬂ'“°” FPU and NEON Engine | [ FPU and NEON Engine
UsB 2x USB |£| ARM Cortex-A89 ARM Cortex-AS
. MMU MMU
aE | [2x GigE System CPU CPU
GigE 2x 5D Level 32 KB 32KB A2 KB A2 KB
5D Control l-Cache D-Cache |-Cache D-Cache
S0 1| 1R Regs
a0 - | Gic || Snoop Controfler, AWDT, Timer |
SDI0 Y :
GPIO | |- OMAB | & 512 KB L2 Cache & Cantroller|
=) AR | | : Channel
= UAHT | |-
CAN
ZAN Inleggnhr"wect ::i:q
2C
12C
] Central Memory
sl Interconnect Interfaces
CoreSight DDR2/3,3L,
™1 intoriaces [ Components LPDDR2
\ SRAM Controller
NOR -
ONF1 1.0 1 DAP 4 ‘
HAND DevC Programmabile Logic to Memory
] j Interconnect
CTAL
RN LI 11
EMIO General-Purpose DMA IRQ | Config High-Performance Ports ACP
KADC Ports Sync AES/
12 bit ADC m SHA Programmable Logic
SelactlO
MNotes: _ Rasources
1) Arrow direction shows control (master to slave)
2) Data flows in both directions: AXI 32bit/64bit, AXI 64bit, AX] 32bit, AHB 32bit, APB 32bit, Custom
DS190 O oN0T1d
© Xilinx
U#i 12 Zyng P ing S
Jumn ‘ynq Processing System
2.3.4 PYNQ Platform

@ 9 @ ] 9 I a 1 v W 2
Gluﬂwuuuuﬂunmiwmm FPGA mmummgﬂuum@muﬂwmmmﬂﬁﬁu

v
a

4 Y Y { Y o s 9 Yo v . 9
ﬁ’t’]ﬂ”] ﬂ’)i]ﬂ’?ﬂllﬁﬂﬂﬂ1iﬁﬁ]$ﬁx‘]ﬁjﬂ@lu1%8wGl!!’)il‘ﬁ‘ﬂunﬂ‘]ﬁ FPGA Xilinx %thﬂﬁljll

X o 1o Y Y o 9 {
Tasams PYNQ duiluszunmshaulnuihlddannamnsald FPGA 1Ps fign

U

o ¢ v { s oA X 9 v
Fuasiznuud) vseNison Overlay Tumorldursnideuyudionizi Python 1a

9
a a o Y
W’lﬂWi]’lim’lﬁQﬂ’liﬁﬂﬁﬂ CNN U FPGA 185211 PYNQ flﬂ'ﬂll!?iil’lgﬁﬂ

9
NN PYNQ Huiiszuui§iian1s Linux Ubuntu 15.10 g dasih Idamnsalsd
4 g ' a g‘/ k4 ~ o o
CNN alAu15981991 Theano Tun1sdnatld Tasaunsaiszihnmsmuiaves
CNN de'lildunaeguuds FPGA 18 #ans1d PYNQ sz ldenunsa e NN uu

FPGA 18 Tag'lidesadleonuuulunszuiums CNN lusedu RTL



34
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LeNet-5 Model

CIFAR-10 Model [Caffe “quick” version]

net={}

net[’input’] = InputLayer((None, 1, 28, 28))

net[’conv1’] = ConvLayer(net["input’], num_filters=20, filter_size=5, nonlinearity=linear)
net[’pool1’] = PoolLayer(net[’conv1’], pool_size=2, stride=2, mode="max’, ignore_border=False)
net[’conv2’] = ConvLayer(net[’pool1’], num_filters=50, filter_size=5, nonlinearity=linear)
net[’pool2’] = PoolLayer(net[’conv2’], pool_size=2, stride=2, mode="max’, ignore_border=False)
net[’ip1’] = DenseLayer(net[’pool2’], num_units=500, nonlinearity = rectify)

net[’ip2’] = DenseLayer(net[’ip1’], num_units=10, nonlinearity = None)

net[’prob’] = NonlinearityLayer(net[*ip2’], softmax)

net = {}

net[’input’] = InputLayer((None, 3, 32, 32))

net[’conv1’] = ConvLayer(net[ input’], num_filters=32, filter_size=5, pad=2, nonlinearity=None)
net[’pool1’] = PoolLayer(net[’conv1’], pool_size=2, stride=2, mode="max’, ignore_border=False)
net[’relul’] = NonlinearityLayer(net[’pool1°], rectify)

net[’conv2’] = ConvLayer(net[relul’], num_filters=32, filter_size=5, pad=2, nonlinearity=rectify)

net[’pool2’] = PoolLayer(net[’conv2’], pool_size=2, stride=2, mode="average_exc_pad’, ignore_border=False)

net[’conv3’] = ConvLayer(net[’pool2’], num_filters=64, filter_size=5, pad=2, nonlinearity=rectify)

net[’pool3’] = PoolLayer(net[’conv3’], pool_size=2, stride=2, mode="average_exc_pad’, ignore_border=False)

net[’ip1°] = DenseLayer(net[’pool3’], num_units=64, nonlinearity = None)
net[’ip2’] = DenseLayer(net[’ip1’], num_units=10, nonlinearity = None)

net[’prob’] = NonlinearityLayer(net[’ip2’], softmax)
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1stm_input = layers.Input(input_shape=(16*16*512))//size of VGG16 Last layer

cnn_base = vggl6.VGG1l6(input_shape=(img_size,img_size,3),weights="imagenet",include_top=
cnn_out = layers.Conv1D(128,3,padding="same',activation="relu')()(cnn_base.output)
cnn = tf.keras.Model(cnn_base.input, cnn_out)
cnn.trainable =
final_model = layers.TimeDistributed(cnn)(lstm_input)
final_model = layers.LSTM(100)(final_model)
final_model = layers.Dense(64, activation="relu")(final_model)
final_model = layers.Dense(32, activation="relu")(final_model)
final_model = layers.Dense(1l, activation="softmax")(final_model)
model = tf.keras.Model([lstm_input], final_model)
optimizer = Nadam(lr=0.002,
beta_1=0.9,
beta_2=0.999,
epsilon=1e-08,
schedule_decay=0.004)
model.compile(loss="binary_crossentropy",

optimizer=optimizer,

metrics=["accuracy"])
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O VGG16

O ResNet50V2
O GoogLeNet
O DenseNet121
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33.1  PYNQ-ZI 1 uein

O ¥U ZYNQ XC7Z020-1CLG400C

O HUIWANUN

650MHz dual-core Cortex-A9 processor
DDR3 memory controller with 8 DMA channels and 4 high
performance AXI3 slave ports
High-bandwidth peripheral controllers: 1G Ethernet, USB 2.0,
SDIO
Low-bandwidth peripheral controller: SPI, UART, CAN, 12C
Programmable from JTAG, Quad-SPI flash, and microSD card
Artix-7 family programmable logic
O 13,300 logic slices, each with four 6-input LUTs and 8 flip-
flops
630 KB of fast block RAM
4 clock management tiles, each with a phase-locked loop
(PLL) and mixed-mode clock manager (MMCM)
220 DSP slices

On-chip analog-to-digital converter (XADC)

512MB DDR3 with 16-bit bus @ 1050Mbps
16MB Quad-SPI Flash

MicroSD slot

O USB uag Ethernet

USB-JTAG Programming circuitry
USB-UART bridge
USB OTG PHY (supports host only)

Gigabit Ethernet PHY

O Audio and Video

Electret microphone with pulse density modulated (PDM)

output
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3.5mm mono audio output jack, pulse-width modulated (PWM)
format

®  HDMI sink port (input)

®  HDMI source port (output)
O Switches, push-buttons, and LEDs

® 4 push-buttons

® 2 slide switches
® 4 LEDs
® 2 RGB LEDs
3.3.2 ﬂanﬁama%&ﬂﬁ’s 1 Lﬂé@ﬂ [Workstation]
O AMD Ryzen 9 3900X
O RAM 64 GB
O HDD 8 TB,SSD 2 TB
O NVIDIA Quadro RTX 4000 GPU.
3.4 Tsunsulumsnaaes
3.4.1 Ubuntu 18.04
3.4.2  Jupyter notebook aﬂﬁy’qaéuu Ubuntu OS
3.4.3  Theano Python Library
3.4.4  Lasagne Python Library
3.4.5 TensorFlow library V2.0
3.4.6 NVIDIA’s CUDA toolkit
3.47 OpenCV2
3.4.8 Docker
3.49 Vivado 2016
3.4.10 Vivado HLS

3.4.11 Visual Studio Code
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upusiaeuieszyanzANAs Ve luszezisudy Taolduuuiiaes CNN+LSTM
= U dy o < !
Gﬁﬂﬁluﬁﬂuu WaﬂTﬁﬂﬂa@ﬂ%ggﬂUWLﬁu@Lﬂu 2 99U
Y [3 = Q' k% k% Y |
4.1 Wﬁﬂ]’i‘nﬂﬁi’)\‘iﬂ‘l{!‘lfQ‘l‘H!!'l.l‘]J‘i]1ai’)\‘1'53‘1!ﬁﬂTJgﬂ'J'lN!ﬂ'iflﬂﬁﬂ'nzl'ﬁlﬂu"llﬂﬁﬂu‘ln?w'N‘U‘H
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® Input: (3,128,128)

® Cov_1: (#Kernel:32, K _Size:5, P:2)

® Pool max: (size:4, S:4)

® Cov 2: (#Kernel:32, K Size:5, P:2)

® Pool max: (size:4, S:4)

® Cov 3: (#Kernel:64, K _Size:5, P:2)

® Pool max: (size:2, S:2)

® Dense: (128)

® Dense: (1)

= [ 9 g’/ o 9 (% d'
Tumsdnnudeyana 18 ga upuiiasslgnarlumsamsen 6

~ ~Nq Y = ° o P o
AI1TINN 6!'Jﬁ?‘l/l?%’?uﬂ?ﬂ’lﬂ!lﬂﬂﬂ7?7@\7ﬂ1]?’¢75l19%,lﬁ7/1\7 18 qu)'ﬂ

Day 2 4594 s Day 8 38598 s Day 14 259.13 s
Day 3 88.37s Day 9 226.73 s Day 15 32543 s
Day 4 108.04 s Day 10 246.6 s Day 16 453.22's
Day 5 103.7 s Day 11 344.13 s Day 17 371.2s

Day 6 204.88 s Day 12 291.64 s Day 18 39291 s
Day 7 169.18 s Day 13 282.01 s Day 19 352.04 s

~ 3 = ° A 2 A, 9 A 2 ' =
INATINN 6 ﬁ]%mu’n&’mﬂ,umiNﬂlm’umafNi]xLW?JGUHm’e’]ﬁ]1u’JuGUlequa§'ﬂﬂ1WLW3JGUHLmﬁ]%n

] = Aq Y A I ] o A A &2 a @ A
UN%’N"U’ENﬂTiPjﬂ‘ﬂﬁhﬂ’mﬂﬂﬂﬂ’ﬂ‘ﬂﬂ’Jii]%LﬂuL‘]fu Glu’)l.!‘ﬂ 6 170 8 G]f\‘]l,ﬂﬂ%1ﬂﬁ’ﬂﬂi!l,ﬂ‘in‘1/]
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. ti'd 9 9 [y 9 d[ 9 o 1Y Y
Weights ﬂﬂﬂ!taﬁuTﬂlGﬁﬂﬂﬁ@UﬂU%ﬂmﬂyja Test m”lﬂwamimmmu Test data U1 PYNQ A4

Tua13199 7

M3 7 manuunue lumsinne (Accuracy) uasaunaearlumsiiue Test Data A3¢

Lo
91nsalaNg
Day 1 Workstation 928 Dual-core ARM FPGA [PYNQ]
GPU RTX 4000 Cortex-A9 [PYNQ]
Accuracy | fumaonaluns | Accuracy | Aundonailunts | Accuracy | Aupdenanlums
e ae gl e e 31l e e 31l

Day 2 0.43 0.43 0.43

Day 3 0.40 0.40 0.40

Day 4 0.41 0.41 0.41

Day 5 0.63 0.63 0.60

Day 6 0.39 0.39 0.35

Day 7 0.61 0.61 0.61

Day 8 0.61 0.61 0.61

Day 9 0.62 0.62 0.61

Day 10 0.40 0.40 0.40

5.19 ms 452.9 ms 11.73 ms

Day 11 0.59 0.59 0.55

Day 12 0.59 0.59 0.59

Day 13 0.60 0.60 0.60

Day 14 0.39 0.39 0.39

Day 15 0.40 0.40 0.40

Day 16 0.39 0.39 0.39

Day 17 0.40 0.40 0.40

Day 18 0.60 0.60 0.60

Day 19 0.61 0.61 0.59

v H 9
Tagwamsnaasluasan 7 nnnmsldaunuuiiaesdaudoni 2 nazdoya Test 19 18 40

1 Y v
U 19799 Workstation Lmzuuua%’@ PYNQ N9H9 CPU [Cortex-A9] tiag FPGA
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—_— e

——

Day 2

Epech #

Wraindng Loss and ACcuracy [Epach 18]

Day 5

Epach #

Training Loss and Accuracy [Epach 121

Day 8
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: — i o
; ==
4 Day 11 Se?
5
B . ¥
Egash #
Training Loss and Accuracy [Epach 15]
.
T —
:E ==l
i Day 14 —=
|
4
. ¥ ¥
Egah #
Training Loss and Accuracy [Epoch 12]
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Training Loss and Accuracy [Epach 13]
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Day 15
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Epech ®
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Training Loss and Accuracy [Epoch 25]

Day 2 Y

Training Loss and Accuracy [Epoch 16]
)
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—E
= s
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Day 5 \\J

Training Loss and Accuracy [Epoch 16]

B e

¥

Day 8 S

Epach #

Training Loss and Accuracy [Epoch 16]

— — o
e S —

Day 11 e L

Training Loss and Accuracy [Epoch 17]

L 1

oo I W 0

Day 14

S~

Day17 | ~—

FUi 25 A1 Accuracy/Loss YOImMIANUYYTIa0N VGG16+LSTM 1iig1) Epoch Ineidudina

Training Loss and Accuracy [Epech 25]
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Day 3 R

=t

Training Loss and Accuracy [Epoch 16]

S

-LI a4 \————\//x___/«..,__/
__H__xx%-

Day 9
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Training Loss and Accuracy [Epoch 30]
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Tz 25 9z1@@A9D9A Loss 182 Accuracy ¥09015HN CNN+LSTM taag Epoch 4

vy

vy

® IFUFAUINUISHUYD
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b
A o A
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® ITUALAIITHUIYD

=<

41 Loss Y0u s 1a0enugatoyaiin Train
1 o [ 9 = .
3 A1 Accuracy ﬂl@ﬂllﬂﬂﬂ?ﬁ@ﬁﬂﬂﬁﬂﬂlﬂyjaﬂﬂ Train

IUFNIZNED A Accuracy VDD UTIADINUYATOYARN Validation

Y A 9 =3 1 o @ 9 & . .
® [FUANUUYNISHNIID A1 Loss ﬂlﬁ]\i!&‘]ﬂﬁ]'lﬁ@\iﬂ‘]_l"]éﬂellﬂuuﬁﬁjﬂ Validation

Accuracy YDILUVINADY VGGI16+LSTM, VGG16, ResNet50V2, GoogLeNet 1ing DenseNet121

A =2 Y 9 9 N <] ~ 1%
ngnnuagnageufuyavayatIe szganasan NN

0.95
0.90
0.85
0.80
0.75
0.70
0.65

Accuracy

Testing Result

[

=

o

Tunhmnaaselugili 26

Applying stressor

day5 day?7

Model
—-VGG16_LSTM
VGG16
— ResNet50V2
- GooglLeNet [10]
—DenseNet121 [12]

day 9 day 11 day 13 day 15 day 17 day 19

71 26 manuuiuer Tunmisieaniianieavestaihadeunyui lumsnaaes

M1 8 AN lumsseyanznsoayudoyanano UYeNYUTIA8IA 1)

day VGG16+LSTM | VGG16 | ResNet50V2 | GoogleNet | DenseNet121
1 0.69 0.61 0.59 0.64 0.61
2 0.79 0.66 0.75 0.68 0.74
3 0.85 0.69 0.74 0.75 0.8
4 0.84 0.67 0.82 0.77 0.79
5 0.88 0.73 0.82 0.82 0.82
6 0.88 0.75 0.86 0.85 0.8
7 0.93 0.80 0.86 0.89 0.89
8 0.93 0.80 0.89 0.85 0.86
9 0.92 0.80 0.9 0.88 0.88
10 0.91 0.81 0.87 0.9 0.89
11 0.94 0.82 0.9 0.92 0.89
12 0.92 0.82 0.9 0.87 0.89
13 0.91 0.81 0.92 0.91 0.92
14 0.92 0.81 0.92 0.92 0.92
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15 0.89 0.82 0.91 0.89 0.9
16 0.90 0.83 0.91 0.92 0.91
17 0.93 0.81 0.93 0.93 0.94
18 0.92 0.83 0.93 0.91 0.94
19 0.91 0.82 0.92 0.92 0.94

{ <3 ' { a o
110307 26 AU VGGI6+LSTM 1dudthiRuagamsniuean1zaumi oauodau
9 ] A 91 A Ao A A [ [V Y 9 [l A
11 vIaa1sems 1A Accuracy 71 85.32% MU 3 W30 2 TUNAIINAUG1IH1ITY
4 v ' 9 1 1
VIATITOINIT LAZHAIVINHAT Accuracy UYBUVLTIABINAUDILINNIUG DBl OUUVTIAD
Yo 9 A 49! Ao A o o o A o ~ A =< Y
lasudoyagUnmimnyu sulgegan un s dmsunuusraesmihunlSeuiiodus D
Tugedunuusiaesezinm Accuracy ldmnimuuiiassiiaue uale ldsudeyanun
~ < o 1 Y 1 2l A Aq 3
IHBINONIZAT091A1 Accuracy AN 80% Nanua Tagaundeh ldlumsmuin vu
CPU UMY 13.36 sec/Step AU ULULTIA03 CNN Mhwnif580ieu uag 1.72 sec/step
d1M31 VGG16+LSTM taz 11 GPU ldaanduiumassgi 1.67 sec/step dvisunuusians
MhwnfSounou 1ag 0.46sec/step 113 ULVUTIAD9 VGG16+LSTM Iasf 1 Step UA1NINY
é = 1 U o Q o d’ o =) =S 1 U
1 Batch auAWMAY 32 3w dwmsunuudiaes CNN mihwnfssumey tagiauiiny 16
o @ o { I 1 ] o
JUMNAMTDUDUTIA0I VGG16+LSTM Taglumsned 8 (u seazioeaminnuuiudives
HUUTIADI VGG16+LSTM Uudoya Temporal Test Data 11aztu1s1a9 CNN duqiinimn
~ P A Hq Y = o
nfSeuiey vudeyanadoy HazmI 1IN 9 uaaaIan s lumsinuasnage U
= = o q 9 = o
VGG16+LSTM tlasumeununamlslumsinuuudiass VGGie
MW 9 uaaaa1n 15 lumsinuuutiaed VGGI6+LSTM uag VGGI6 uasiaunae lums
Mean 1A oaveNUYTIaed VGG16+LSTM wag uuusiaeulSouileuaus (Baseline

Model)
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15NN 9 na1 lumsdauyudiaes uazannas lumsnaaevveuysiaed VGG16+LSTM

UaguyUI1aeN Baseline

Average training Average training time

time (h:min:sec) (h:min:sec)
Timepoints Timepoints

VGGIl6 VGGl6 . >
Lstm | VGGI6 Lstm | VOG16 -_

0:21:44  0:2:24 0:24:50  6:32:32
0:21:20  0:13:57 0:23:38  4:43:30
0:22:53  0:31:2 0:25:13  4:47:32 185.25 +6.38
02122 1:31:12 0:26:12  7:54:57
0:20:55  1:36:32 0:27:38  7:13:20
n 0:22:56  3:3:36 0:30:41  7:44:10
[ 02646 3:53:20 0:25:32  7:20:44
[ 022:30 5:50:16 0:32:8  5:17:30 -
[T 0:22:44 4:38:12 0:29:1  5:22:56 : :
02321 4496 Ll 0832
xtraction
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