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Abstract

This paper examines a deep convolutional neural network (Deep CNN) for plant recognition in the natural environment.
The primary objective was to compare 4 CNN architectures including LeNet-5, AlexNet, GoogLeNet, and VGGNet on
three plant datasets; PNE, 102 Flower, and Folio. The images in the PNE and 102 Flower dataset include a
complicated background because they were taken in a natural environment. On the other hand, the images in the
Folio dataset are only leaf images that were taken in a laboratory environment using a white background. The
comparison of deep CNN using GoogLeNet and VGGNet Architecture show that GooglLeNet outperformed while

working on the PNE and 102 Flower dataset when using a training time with iterations of 10,000 epochs. GooglLeNet
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also faster than the VGGNet architecture. However, the experiment showed that the VGGNet architecture outperforms

the other CNN architectures on the Folio dataset and used only 1,000 epochs for training. In our experiment, we can

create a model from the deep CNN using GoogleNet architecture, and this is because it showed better results with

the plant images that were taken in the natural environment.

Keywords: Plant Recognition, Deep Learning, Deep Convolutional Neural Network, AlexNet Architecture, GoogLeNet

Architecture, VGGNet Architecture
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Figure 4 The AlexNet architecture.
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Figure 6 The googlLeNet architecture.
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Tas9d3190UD VGGNet (VGGNet Architecture)
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Figure 7 Architecture of VGGNet16.
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magawssnﬂﬂ/(Plant Datasets)

iTaQaWﬁmVLﬁﬁlﬂumuﬁﬁﬂﬁﬁﬁtaéu 3 yadaya
ﬂi:ﬂauﬁmﬂgﬂﬁaga Plants in Natural Environment
(PNE), Foliowaz 102 Flower
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yodoyanssnliifiogludsurndoanesssnma
(Plants in Natural Environment Dataset: PNE Dataset)

Tadays PNE Aauwaluinwidoatuiivsenay
Monssmhaisnuin 10 wia viaas 300 sunw sllaves
Wism"l,ﬁﬁag'alwgwﬁaga PNE U&09619 Table 1 LazdIatind
V2INTIIliUEa sl Figure 8 U mwstaldiduzinm
ﬁagiuéaLL'ma"anmaﬁﬁaJ"maﬁLﬁusaus’mmnmu"l,ﬁ
nauLAzUInMIa UM AN smnaluladnsuinadau
%mmq'%uw§16Iﬂagﬂmwmammﬁmam’mmmﬂ
dwnasiia garnuua gﬂmwmim"l,ﬁnﬂgﬂgﬂﬁwm
Aantasuazduiuay gndasvasauwut (Specie)

anunmelumsiuundszinngdnmwssalsd
lugadaya PNE ldun anuuandrszasnssmlizdia
{1 LATEEU (Color) AUANENIAI 175 ADNNAATLAL
ﬁﬁawan%mwﬂdau TUW UAzUAI (Figure 8 W@t 1) weid
faanlifdwn 5 dszinnfiiluaenlsidun Ussnaude
aanwIILgy wnsma wzdan lunwas 8a1@ (Figure 8
Wi 2, 4-7) aanWNITIaUAzNZAAN (Figure Wi 4, 5)
ﬁgﬂ"uamanvl,w“"L;\i"L@TLﬂu@m@imaamw LRTABNEILARN
Taait fusaslu Figure 8 wadfi 10 uwasfiagling
(Shape) fiflanauandsis Iﬂﬂﬁﬁd@]aﬂ(ﬂu wazaani
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Table 1 List of Thai Plants in the PNE Dataset.

Class No. Plant Name Thai Plant Name
1 Fairy Rose NAAUALY
2 Glory Tree PRRITEEY
3 Antigonia WINTUN
4 Jasminum Auriculatum WNDTA
5 Arabian Jasmine HERR !
6 Wild Water Plum Tunwas
7 Plumeria 88126
8 Rangoon Creeper Wwuilawns
9 Cape of Good Hope RUN
10 Dwarf Ylang-Ylang Shrub gunantdaandt

U

Zn2ada 102 Flower (102 Flower Dataset)

7adaya 102 Flower” L‘ﬂugﬂmwmaaé’]mu 102
mmﬁuf Tﬂmwia:mUﬁuﬁ:gmﬁwnmm&tmwi 40-250
FUnw TINTIFY 8,189 3Unw 1@ 102 Flower Dataset

ugUnmwaenlifinumluludszimadonge (uaasds
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Figure 9) uazgnilulglunsduundszinnaanlsd
(Flower Classification) lagmssnuuniszinniiu 1955ms
SIFT, HOG uaz HSV Color Space Lﬁamqmﬁﬂwmﬁmu
uazli3% svm lumsduundszinnaan’sl

Plumeria Wild Water Arabian Jasminum Antigonia Glory Tree Fairy Rose
Auriculatum

Rangoon

£
3

Cape of

Dwarf Yiang-
Yiang Shrub

Figure 8 Images from the PNE dataset. Each row

shows 3 images from the same category.
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Figure 9  Sample images from 102 Flower dataset.
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Figure 10 Sample images from Folio dataset.
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wan'l‘mﬂaaduazaﬁﬂi'mwa (Result and
Discussion)

Wi TeaiTuil gﬂmwﬁlﬁ’lumﬁ%’ﬂgﬂﬂ%’ulﬁﬁ
WA 256x256 ANLEa lasgatayannuiidiodadin
80:20 Lﬁ@lﬁﬂ%ﬁﬂ;&ﬂ’g@ﬁﬂuf (Training Set) uazdaya
Tanasay (Test Set) auddy 1937 Stratified Cross-
Validation® fnualiswin 5-fold laslddanugndas
(Accuracy) LLa:'Fi’lLﬁﬂdL‘]Jummg’m (Standard Deviation)
fnSunsdssfindsziniaiwnisnasss lasldda
AMUDNAaILLY Top-1 (Top-1 Accuracy) uazlt GPU
GeForce GTX 1060 Ww3d 6GB luninaaas

q@ﬁagaﬁlﬁumiwmaaﬁﬂmu 3 70 Usznay
1 gadaya PNE, 102 Flower Uaz Folio (18azlBuauas
TAT0YAULFAIAY Table 2) Qﬂﬁmﬂﬁﬁawmaau
UseAnBMwueaismasuu3iB3an (Deep Leaming) a1
lassinedseaniisauunuy

ﬂaui’sgﬁu (Convolutional Neural Network: CNN)
Taglasaa$1s (Architecture) fivnuniiail3aufioy
U9znaueie LeNet-5, AlexNet, GoogLeNet uaz VGGNet? '™

Table 2 Overview of plant datasets.

Dataset | Category | Image | Training Test
PNE 10 3,000 2400 600
Folio 32 637 510 127

102 Flower 102 8,189 6,564 1,625

nsusziliunanisnanaslugaioya PNE
(PNE Dataset Evaluation)

fwIuMIeReUAUTaTaya PNE fivsznauly
doayulns 10 vfa Lm:ﬁgﬂmwaguvlmﬁy'aéu 3,000
U lanlE35 Deep CNN Wu13% CNN Aldlaseaie
WUU GooglLeNet ﬁﬁmu@lﬁﬁﬂuﬁﬁ‘hmu 10,000 ¥aU
(Epoch) dananugndes 99.17% %aqaﬁqﬂ MUY
VGGNet (1381331%2% 1,000 waz 10,000 381) a3
(303 97.17 Uaz 97.33% WAL wanaimnlEmsEemn
39717% 10,000 381 WU VGGNet Uaz AlexNet 8@
mmgﬂﬁauﬁwﬁ’uﬁ 97.33% ud VGGNet JAranutiiss
mummgmﬁﬁm’h LEAIININNIINARAINANLTAL
VGGNet lﬁwamwgnﬁaaﬁ"l,&il,ﬁﬂmim:mmﬁmﬁwﬁu
AlexNet
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wndSouisuanasilunisdszunanaves
Deep CNN lunmsnasaue BMNIRUUFIUIU 10,000 FOU
1A5983790UY VGGNet I%Laawluﬂwsﬂi:mawamuﬁﬁ;m
Uszanm 6 Su 7 $2lug (~6.7d) Mudan GoogleNet,
LeNet-5 uaz AlexNet L3an1un13UseNIana ~1.9d, ~14h
LAz ~6.5h AURIAU KAaN1INAaDS PNE Dataset L&AIAY
Table 3

Table 3 Test accuracy comparison of CNN architectures

on PNE dataset.

CNN Number of Epochs / Training Time
Architectures | 1,000 Time 10,000 Time
LeNet-5 88.50+0.14 | ~1.3h | 89.17+2.13 | ~14h
AlexNet 96.67+0.23 ~1.5h 97.33+¢2.18 | ~6.5h
GooglLeNet | 99.04x0.11 | ~4.3h |99.17x1.75| ~1.9d
VGGNet 97.17+0.64 | ~20h | 97.33t0.85| ~6.7d

nsdszifinnanisnaasslugadaya 102
Flower (102 Flower Dataset Evaluation)

ma3uuAeuTeningds Deep CNN Wasiti
FINNWITHIN HSV+SIFT+HOG”I@ﬁmmmaauﬁug@
Toya 102 Flower WuU113% Deep CNN Adlassaouuy
GoogLeNet (13#33 U 10,000 781) HdaIANUYN
@Taagaﬁq@ I@sﬁmwgn@‘faa 78.89% %agon’iﬁ%
HSV+SIFT+HOG fifianagndas 72.8%

mnIsuisulaniz Deep CNN WUTEIWIH
lunai3eu3 10,000 iaulﬁmamimaaaﬁgoﬂ'jwﬁwmu
1,000 58U I@sf[maa%’wﬁlﬁé’mwmmgnﬁaagaqm’%m
MUEAUAB GoogLeNet, AlexNet, VGGNet uaz LeNet-5
lasfidanany QNG04 78.89, 66.38, 64.12 Uz 31.42%
ANUENEU HAEWERL9INNINARBILTAIET Table 4

Table 4 The accuracy of CNN architectures on 102

Flower dataset.

CNN Number of Epochs / Training Time
Architectures | 1,000 Time 10,000 Time
LeNet-5 33.19+0.27 ~4.4h 31.4241.12 | ~1.16d
AlexNet 66.06+1.74 | ~6.3h | 66.38+2.46 | ~1.6d
GooglLeNet 74.98+1.59 ~1.3d 78.89+0.69 | ~4.4d
VGGNet 62.60+0.87 | ~1.19d | 64.12+2.74 | ~17d
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nsdszifinnaniinaasslugndaya Folio
(Folio Dataset Evaluation)

Tuaudde® 1S mamquansuefiasngd
19204M0'l80 (Shape Feature) uazlt Fala unsnvadf
(Color Histogram) $38AL KNN Lﬁafﬁﬂuvlﬁmﬂmﬁaga
Folio 91n41%398321313509nanAdanANNYNa 9
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WUU LeNet-5 uaz AlexNet laslasdan9uuy LeNet-5 Waz
AlexNet 803100 YNGABS 84.25 LAz 85.04% fovins
3EUIUIH 1,000 30U lunmandunu nsn‘iﬁﬁuuﬁﬁw
$nuausoufitindn Henasauft 10,000 T0U §ATIAINY
andasnavanad laslassaiiuuy LeNet-5 Sanagnead
74.02% UazlA398 1MUY AlexNet flanwugndad 73.23%

Hothnanmeaasanawise™ su3ouiey
Aulasdaiauuy GoogleNet nauwuilidasanugn
Fosfilnd1duein lay GoogleNet figamanugnday
87.40% %agaﬂdmﬁm 0.1% UANIRIATIFTIIULL VGG-
Net 1133 Deep CNN ﬁﬁmmgﬂﬁadgaﬁqmmms
NARBITIRNA lasfianugneaiily 91.85% uddasldiom
TumsSouiwudszanm 3 2149 50 whdi (~3.5h) 3nms
NARBILEAIRLAWINIATIETIIULY VGGNet Han1T
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@4 Table 5

Table 5 Test accuracy comparison of CNN architectures

on Folio dataset.

CNN Number of Epochs / Training Time
Architectures | 1,000 Time 10,000 Time
LeNet-5 84.25+0.51 | ~20m | 74.02+0.95 | ~2.5h
AlexNet 85.04+0.48 ~30m 73.23+0.81 ~1.4h
GooglLeNet | 87.40+1.54 | ~3.5h | 82.68+2.41 | ~7.2h
VGGNet 91.85+3.31 ~3.5h 87.49x1.54 | ~1.8d

dyduan1Inaaag (Conclusions)

WiTeatTuil ﬁﬁLaua‘i%nﬂsﬂizqnm“LfLﬁﬂﬁﬂ
MIi3uui3ean (Deep Learning) lasldlasstneszam
W UMLLuUﬂauIQQ%u (Convolutional Neural Networks) 513}0
Uyznavludslassadauuy LeNet-5, AlexNet, Goog-
LeNet uaz VGGNet tialddmsumssiunnwssosld 49

J Sci Technol MSU

"L@‘Tﬁwvlﬂmaauﬁuaq@ﬁagamimvlﬁﬁy’a?;u 3 7@ leiur PNE,
Folio &z 102 Flower Dataset

Nwidsatiuitleidenls NVIDIA Deep Learning
GPU Training System (DIGITS) {lweasiialuminagou
mMaspuidan dlwausadsznanalduunion
UszananamwnWAn (Graphics Processing Unit: GPU)
uazleiianld GPU ju GeForce GTX 1060 Aflvwansig
A3 6GB Wazildnwik NVIDIA CUDA Cores 31471
1152 Core

PMHANINARBINU N IATIZNIUUL VGGNet T
Namimaaagaﬁq@ﬁumﬁaga Folio ﬁlﬁ"ﬁagmmmﬁn
o9 637 gadana uazlidrwausevlumaiFouiifios
1,000 581 §15UlATIFTIILUL GoogleNet Tudnans
‘n@]aaagaﬁqwfiamaauﬁumﬁaya PNE uaz 102
Flower ﬁﬁa‘hmuﬁa;&ahmsﬁwﬁ 3,000 sz 8,189
UMW ewaay %uﬂwﬁa;&m‘hmumﬂ uadaIlsIuIn
soulun1aiSouinans 10,000 sau

wmnTouisuiuszninelassaNInuy Goog-
LeNet uaz VGGNet AT In09T (Layer) Alnatdss
Audsingilassasisuuy VGGNet Toanlumaiioug
winnilasIssuuD GoogleNet udlunisnduiuiie
n_l’%m_u,ﬁm_lé’@mmwugﬂﬁadwuiﬂmoﬁwLmu VGGNet
ﬁé’m']m"]ugnﬁadﬁ@‘ﬁﬂ'jﬂﬂsaﬁwLmu GoogLeNet e
naxeUNUTaYaTa 102 Flower L PNE %a“ﬁa;&aﬁy’maa
qmi‘y{mﬂugﬂmwwaniﬁua:ﬁ"ﬁmguvlm wazgUmwudiaz
gﬂLﬂugﬂmwﬁag’luéaLL'Jﬂﬁawmdﬁﬁwmaﬁﬁﬁwﬁaﬁ
FuTou Lwil,fiamaauﬁ'uq@ﬁaya Folio ﬁLﬂugﬂmwMN
fidnelukamanaslasfmualdfundaduiunadsng
1 1AT989UUY VGGNet ﬁé’mwmmgﬂﬁadgdﬁq@

nnuavaInsdtpagdldihlessnedaniiog
wuuaauliatudsdn lagltlaseainsuuy GoogleNet
mmzﬁm%uﬁﬂﬂiﬁﬁaﬁhLmnwsimvl,ﬁﬁagluémmﬁau
NITITUTR Lﬁadmﬂﬁé'@mﬂ'smgﬂﬁaaﬁga Uz E9T8
aaszuzluMITeus

3%‘11’1553%;?1,%0%531Lﬂuﬁaﬂ“ﬁq@ﬁagagﬂmw

[
o

Fwnnlumaiteud nefliarhlitaanmaiiuiug

Iu NuwIdsaTadald ﬁ]f:ﬁ,’]mﬂﬁﬂmnﬁ'mﬁwmmaﬁaga
QQL%quﬁL%Uﬂ’h Data Augmentation ﬁﬂﬁﬁﬁagaﬁ%ﬂﬁu
msﬁwfnﬁm%u wazldimstnnlauaiug (Transfer
Learning) F99s1 yamzUmm’l,umsl,%ﬂuﬁl,l,a:awmwa

TifidszaninmlunaSouiinaue>



Vol 38. No 2, March-April 2019

naanssndszne

%unuaﬂfu m&umiﬁﬁ%’m LRTNNTANBIAIN

YRINNdumaluladNTNIna e "‘msqu’%um? RS

VOUAUATINAFTATINTHRTTINTAL wadloansy oin

wWonueaa’ Atrsdansaduazduiuanugndaszasms

ﬁuﬁmﬂgﬂmwwssm"l,ﬁnngﬂ

LONF1ID19D9

1.

Le CunY, Matan O, Boser B, Denker JS, Henderson
D, Howard RE, et al. Handwritten Zip Code Recogni-
tion with Multilayer Networks. In: 10th International
Conference on Pattern Recognition. 1990. pp. 35-40.
LeCun Y, Bottou L, Bengio Y, Haffner P. Gradient-
Based Learning Applied to Document Recognition.
In: Proceedings of the IEEE. 1998. pp. 2278-2324.
Ciresan D, Meier U, Schmidhuber J. Multi-column
Deep Neural Networks for Image Classification. In:
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). 2012. pp. 3642-9.
Sirinukunwattana K, Raza SEA, Tsang YW, Snead
DRJ, Cree IA, Rajpoot NM. Locality Sensitive Deep
Learning for Detection and Classification of Nuclei in
Routine Colon Cancer Histology Images. IEEE Trans
Med Imaging. 2016;35(5):1196—-206.

Yalcin H, Razavi S. Plant Classification using Con-
volutional Neural Networks. In: International Confer-
ence on Agro-Geoinformatics. 2016. pp. 1-5.

Li Y, Hong H, Fang T. Hierarchical Segmentation of
Remote Sensing Images by Unsupervised Deep
Learning Features. In: International Symposium on
Computational Intelligence and Design (ISCID). 2017.
pp. 448-53.

Liu Y, Zhou D, Tang F, Meng Y, Dong W. Flower
Classification via Convolutional Neural Network. In:
IEEE International Conference on Functional-Struc-
tural Plant Growth Modeling, Simulation, Visualization
and Applications. 2017. pp. 110-6.

Pawara P, Okafor E, Surinta O, Schomaker L, Wier-
ing M. Comparing Local Descriptors and Bags of
Visual Words to Deep Convolutional Neural Networks
for Plant Recognition. In: 6th International Conference

on Pattern Recognition Applications and Methods

Deep Convolutional Neural Networks for Plant Recognition in the Natural Environment

10.

11.

12.

13.

14.

15.

17.

18.

19.

123

(ICPRAM). 2017. pp. 479-86.

Reyes AK, Caicedo JC, Camargo JE. Fine-tuning
deep convolutional networks for plant recognition. In:
Conference on Conference and Labs of the Evalua-
tion forum (CLEF). 2015. pp. 1-9.

Sladojevic S, Arsenovic M, Anderla A, Culibrk D,
Stefanovic D. Deep Neural Networks Based Recog-
nition of Plant Diseases by Leaf Image Classification.
Comput Intell Neurosci. 2016:1-11.

Mohanty SP, Hughes DP, Salathé M. Using Deep
Learning for Image-Based Plant Disease Detection.
Front Plant Sci. 2016(7):1-10.

Sun 'Y, Liu Y, Wang G, Zhang H. Deep Learning for
Plant Identification in Natural Environment. Comput
Intell Neurosci. 2017:1-7.

Krizhevsky A, Sutskever I, Hinton GE. ImageNet
Classification with Deep Convolutional Neural Net-
works. In: Advances In Neural Information Process-
ing Systems. 2012. pp. 1-9.

Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, An-
guelov D, et al. Going deeper with convolutions. In:
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). 2015. pp. 1-9.

Simonyan K, Zisserman A. Very Deep Convolutional
Networks for Large-Scale Image Recognition. In:
International Conference on Learning Representa-

tions. 2015. pp. 1-10.

. IUAW ?IGL%EIG BRSIRN ’N?Tﬁ!"llLLﬁ'N. IUIMUHNANTT

@‘hLﬁudm“[mamiaﬁﬂﬁﬁuqmmﬁmé’mﬁaammn
WIZT1TENS L‘%aams@LLamumgu"stLLazmuvlﬁﬁau.
g3ung; 2558.

Nilsback ME, Zisserman A. Automated Flower Clas-
sification over a Large Number of Classes. In: Pro-
ceedings - 6th Indian Conference on Computer Vi-
sion, Graphics and Image Processing (ICVGIP).
2008. p. 722-9.

Munisami T, Ramsurn M, Kishnah S, Pudaruth S.
Plant Leaf Recognition Using Shape Features and
Colour Histogram with K-nearest Neighbour Classi-
fiers. Procedia Comput Sci. 2015(58):740-7.

fnd WanTss fagn fedszan waziaddna (in
Uszaw. nadszgndnafiaudlasdoanuuuuiniaas



124

20.

Jakkarin Sanuksan et al.

WATNNINTZANLULLLLE Lﬁ'aﬁ']mymsqngmﬂ%aﬂm
AaNANILADS. 5’1mm§uLﬁaqmnmiﬂszquﬁmms
sedumdundIngndsnalulainousns aseft 6.
5'1mmﬁuLﬁaamnmsﬂs:qu%wmﬁzﬁuma
unAnsnasnalulafismusns a59f 6; 2558. pp.
75-84.

Pawara P, Okafor E, Schomaker L, Wiering MA. Data
Augmentation for Plant Classification Data Augmen-
tation for Plant Classification. In: 18th International
Conference on Advanced Concepts for Intelligent

Vision Systems (ACIVS). 2017. pp. 615-26.

J Sci Technol MSU



