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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
Folid 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.
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Architecture, VGGNet Architecture
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Figure 4 The AlexNet architecture.

Tas98319UUL GooglLeNet (GoogLeNet
Architecture)
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Figure 6 The googlLeNet architecture.

13985191 U VGGNet (VGGNet Architecture)
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Figure 7 Architecture of VGGNet16.

fagawssm1ﬁ (Plant Datasets)
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(Plants in Natural Environment Dataset: PNE Dataset)
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ﬁgﬁmamaﬂvlﬁlajvlﬁlﬂmmL@iumaamw LRZABNEILAR
Taait fAusaslu Figure 8 wadfi 10 etz
(Shape) AflaNuLANFNIAn I@ﬂﬁﬁa@aﬂgu wazaani
ASILH

Table 1 List of Thai Plants in the PNE Dataset.

Class No. Plant Name Thai Plant Name
1 Fairy Rose NRAUAY
2 Glory Tree WL
3 Antigonia WINTUN
4 Jasminum Auriculatum WNITA
5 Arabian Jasmine HERR |
6 Wild Water Plum Tunwas
7 Plumeria 88178
8 Rangoon Creeper Wwuiaws
9 Cape of Good Hope MFUN
10 Dwarf Ylang-Ylang Shrub gnsdaanii

L3

da2aaa 102 Flower (102 Flower Dataset)

q u
qmﬂay}a 102 Flower"’ Lﬂugﬂmwmmaﬁﬁmu 102

AU I@mwia:mﬂﬁug"’gmﬁunmm%\im 40-250
sUnw FINTIEN 8,189 FUn W 1ag 102 Flower Dataset
Lﬂugﬂmwwaﬂvlﬁﬁwuﬁ"uvlﬂsluﬂ‘s:mﬂé'dﬂqw (LEAIAY
Figure 9) wazgnih lulglunsduundszinnaanlsd
(Flower Classification) 1a f_lmﬁﬂl,l,uﬂﬂ‘ixmﬂﬁ?u 15353
SIFT, HOG ez HSV Color Space LﬁaﬂﬁqmﬁﬂwmxﬂLﬂw
uazlf3% svm lunsduundszinnaan’sl
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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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?;ﬂffilﬂﬁFolio (Folio Dataset)
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Lﬁaﬁi‘i'}ﬂmnw‘lﬂﬁ (Plant Leaf Recognition) §28819284
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Figure 10 Sample images from Folio dataset.

wan'l‘mﬂaaduazaﬁﬂi'mwa (Result and
Discussion)
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80:20 Lﬁ@lﬁﬂ%ﬁﬂ;&@’g@ﬁﬂuf (Training Set) uazdaya
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Validation® funual#iswiu 5-fold laslddanugndas
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fnSunsdszfindszinsaiwnisnasss lasldda
AMUDNAaILLY Top-1 (Top-1 Accuracy) uazlt GPU u
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q@ﬁagaﬁlﬂumiwmmﬁ'\mu 3 79 Usznay
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UseAnBnwueaismasuu3il3aan (Deep Leaming) a1
laseinedseaniisauuuy

ﬂauiag%'u (Convolutional Neural Network: CNN)
Taglasaa$19 (Architecture) fivnuniail3aufioy
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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

n1susziiunanisnaaasluzadaya PNE
(PNE Dataset Evaluation)

fwiumMInaseunuTadays PNE fisznauly
doayulns 10 viia LLa:ﬁgﬂmwagu‘lmﬁy’aéu 3,000
suUnw laelii% Deep CNN Wuin3% CNN Aldlassais
LUY GooglLeNet ﬁﬁmumlﬁﬁmuﬁa‘hu’m 10,000 38U
(Epoch) Haamanugndad 99.17% %ag@ﬁq@ ANNAE
VGGNet (1381331%2% 1,000 uaz 10,000 381) Hda31M3
(383 97.17 Uaz 97.33% aUAIGU wavannlEm S
39771 10,000 781 WU VGGNet Uaz AlexNet a1
mmgﬂﬁauvhﬁ'uﬁ 97.33% us VGGNet ananuiiiss
Luuwwmsgwuﬁ@‘iwn'jw LEAIIINNIINARBIRALTOL
VGGNet lﬁwaﬂmugﬂﬁaaﬁ"l,mﬁ@n’ﬁm:malLﬁaLﬁﬂuﬁu
AlexNet

wndSouisuanasilunisdszunanaves
Deep CNN lunmsnasaus BMNIRUUZIUIU 10,000 FOU
1A5983790UD VGGNet I%Laawluﬂwsﬂszuaawauwuﬁﬁ;m
Uszanm 6 Su 7 $2lug (~6.7d) Mudan GoogleNet,
LeNet-5 uaz AlexNet L3an1un13UsenIana ~1.9d, ~14h
Uz ~6.5h AURIAU HAaN1INANDS 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 | 97.33+0.85 | ~6.7d
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n1sdszifinnanisnaasdlngadaya 102
Flower (102 Flower Dataset Evaluation)

msi3puLfiuseningd® Deep CNN waz3sdi
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AUENEU WadWETlFaNNN1INaREILEadEs 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 | 31.42+1.12 | ~1.16d
AlexNet 66.06+1.74 ~6.3h 66.38+2.46 | ~1.6d
GooglLeNet | 74.98x1.59 | ~1.3d | 78.89x0.69 | ~4.4d
VGGNet 62.60+0.87 | ~1.19d | 64.12+2.74 ~17d

nmsdszifinnaniinaaaslugadaya Folio
(Folio Dataset Evaluation)

Tuaudde® 1S mamquansuefiasngd
19204080 (Shape Feature) uazlt Fala unsnved
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(SEUIIUIH 1,000 30U lunendunu mﬁﬁﬁﬂuiﬁw
snuansoufitindu Henasauft 10,000 s0U SATAINY
ONABINALAARY laslasaan9uuy LeNet-5 flanwugneas
74.02% UazlATIR 1MUY AlexNet flanwugndas 73.23%

Worhnanmeaasanawdse™ su3ouiiey
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87.40% %agaﬂ'j%ﬁm 0.1% uAnIRlnTIaIIULL VGG-
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Net L1433 Deep CNN ﬁﬁmmgﬂéfaagaﬁq@mﬂmi
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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

d3duan1snaaag (Conclusions)
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