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Abstract

This paper focus on plant image recognition and classification. Briefly,
we use extended deep neural network - convolution neural network(CNN) to
train models for classifying plant images. For CNN model selection, Incep-
tionV3, Inception-Resnet and Xception are very powerful condidates. These
models can achieve state-of-the-art accuracy. First stage, we train these mod-
els via data augmentation and transfer learning. After experiment, model with
the highest accuracy will be selected to the next stage. In the next stage, try-
ing to reduce error rate, we propose a new method called ”Organ Attribute
Separated Model”. First of all, we divide the original dataset to organ sepa-
rated datasets by organ labels. After plant subdataset generated, we will train
multiple CNN models for every subdatasets and an organ classifier. Combin-
ing all these models to complete organ separated model. Last but not least,

we will do error analysis by extracting features from CNN models.

Key word: Plant image recognition, Convolution neural network,
Transfer learning, Feature extraction, Inceptin network, Separated

model
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Chapter 2
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BHAE  HFLAMOR X ER SR CEBARTRESLE N B IMY
#7% i 3L (activation function) ~ B X E#LE (batch normalization) % % & 4= & J% B /%
HNEREBOTE BBt ERT B 4 - L—RREFEN
BARE) » B GEBES AR ZgFE BASAEIER G TRA
BAOyEs ~ 8> @ WESHER G RBAE AL ST E A HE F A R Ay
45 R A5 LB B (feature maps) ° &8 — & B 0945 LB B BT 0 &5 M B LU HHAT
RGN EBERFME RS S EEBEA GNP R Z AT - A
E R 5 A% E (convolution layer) ~ 2245 /& (fully connected layer) $2 .4t &

(pooling layer) » 4= Figure 2.1F77 °

2.1.1 EHR

1B AR T & K4 A A (convolution) RETHERIE » Eho L sk

S BB ~ ABCEKARR E o MR AWML I E A% (convolution kernel)
AT ABELATIFL > BRZABGBUIHRGOZC > KA FHRE (sliding
window) * # B G EF R AN EREL  BHhI B BRI U ERBEL —
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TR Rt Bk X 42 8 F 5 1E (Label smoothing) 7R 2 F 7 £ 2% 48 3% 22
Mo MALINRERGRE LETER  FERABRERLESL 1 FBES
¥ A%, R R AR 4 B PR R PEIRAE 1 60T Ak o B — AT AE A B I 4R (over-fitting) ° &
B AIRE M OB MM ERE s —EEARBAE > T GTERAR
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B 7% £ 1% (Residual net) [6] » Ak BAT I & 6038 5 7 2 M5 2 % T RUHSIOVE AR
B R EB ARG @S TR MR EBAUE > AR MK R
MW @RI D o BEBA R B T B B E o (R R A A
4 B8 1% 3% R 3L T B L UK K (gradient vanishing) ~ #8 B B Bk (gradient exploding)
A -

B R Ay % BRI - W RB SR EF S I 1 g BEER ™
R B¥ 5 BRATE B ARERBRIER B AT A ) B AR R O
15 AT G 1 e B 74 Y R % AT AT A R B Bk B AT B B 0 e BRR T4
BORGEBG 2R hAESE TSR EE PN AR EB B EKRT
MM R Rl AR - S R BB AR - AT B A R RS D A i
Abrik o ML F M AR s B R 0 R AR L R K 0 Bk
WL -

241 EBHEIEHIE

BTRAEEME  FLLERE THMOMEAT R £ ¥ HF 488 B0k
A3 X A & & EHAL (batch normalization ) [7] @ A& AR JRAT & 4985 89 5 — R BUR
AART AXREWENRGFHEA O FHEA 1> FLEEBRIFRALT AL
PR @ S RAFIER > ER T EEHBE N RABRERYEEE  BR
ERACH B R EE TLBLLBIHE KRG - T e Es-FHRT Y £E
RAE 01 BRI EBREHEAR > K MmAE T EB L -

1 m
pg — — Z T (2.5)
m;3
1 m
05 — > (i — pp)? (2.6)
m;3
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HEBGREN -

RBHF AL Ty ik 0 M H) R T UARAREAL 0 WK BEE X
EHOBMEAG R LA BRRERRPDAEAETHET - A T BB
Wy PR - A% E R e ISR s - AR BRI R e 7 R - (R G 2 B 3w Figure
2130 BB AAT A Mk m R 2] AT & ey s > fE AER A 1R R e B8 SR LR ShdE
TR ARG R o RA R WA R R0 0 Bl R R 634
ST AR B G IR E R B b 0 HeAR R B IR ) T R X o
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Figure 2.13: 7% £ 482545 33

F(z)= F(x) +x (2.9)

— MR IR BE AR A F(r) RIREZEBOPBERR AXANSE F(z) 2
H¥%dmey o AT @G @A #E X Rk ed -

2.4.2 RIRFEEMEBEHE

B EWB B > &6 T AR IR E WO o T RAE R &
BB R & B RS AR T AR £ MEE o f£7% £ 848 (Residual path) #)
3https://arxiv.org/pdf/1512.03385.pdf
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Figure 2.14Ff 7~ °

Relu activation

+
Conv
f
1x1 Conv

Relu activation

Figure 2.14: 2 R 7% % 4 ¥ A54
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Ao b — ik BB AT R B B 6y % 2R 0 AF A kA IR W H) R e Uk 6 8
12 0 4B 48 7T LA B AR B AL 0 4o Figure 21577 7% » ALRE 2 MBI A F 5 4
wed o BEEIHEA P RRAREZEARBG SEBNGERELTR > EH R
Fley b mBBaEma TR RERSEAERARRZ LML  FHTE A
HEERREERRGAE > ARy EHEBABMGELET @ T2
RER S BRARERLGEES > EEBIRAT ISR E R e as
T oo BEEER bt ACRAY BB R B o 3F e )AL IR IR £ MR R ST LA AR [5] 3R
X -

41 h RIR © https://arxiv.org/pdf/1602.07261.pdf
SHE K RIR ¢ https://arxiv.org/pdf/1602.07261.pdf
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Relu activation
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Relu activation
Figure 2.15: A2IR 7% 2 4888 4L 375
2.5 AmIRARIRAY 4B 4G

i o A R AP 48 48 25 (Xception net) [8] 7 AL TR 48 B8 69 48 18 2E A My SR > AL IRAP 48 49
Bty — RIFBEA 1«1 895 AREFHBER MBI - — RO EHRREY
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Te— %R AHRERE > BRARRERAER 1«1 9 EBBEFILEEEER
FoEEA I« EHEBBROERERRA—ROEHAS > SEE e 2Hy
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BRI MBI EER A EHBE R TR DNE S A RBREEE > AN
MIEm o EEAALNARNE RO EAERAE —REE  BURSHAUMHE
0 E ey RGN o EMRIE R A P E

2.5.1 i3 Ae RS ERE

A EAET @ 0 SACTREIEARML 0 AR AR IR A AL e B
A, o KR AL R B B S R f AL T AR 4 EE B B3R 0 4 Figure 2.1689 £ B » b uAT
AL IRAT L2 A S 6 K 40 [ Figure 2.10 » 4% AR A R R IR PR H AR R LA 3 % 3
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Input
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HEEAT FERERA B 1«1 EHERER —E 3«3 ERE B R
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252 pEEXE%

NEEX BB R RN — R —RERAEAGERES [,y 2] £3EBRE
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REBERE > 26060 4FHERE 28 5k A > — A 3+«3 B EMBRENZ
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OB A &R * https://arxiv.org/pdf/1610.02357.pdf

18 doi:10.6342/N'TU201801651



F v,y HA 1 BER AR SR HMEAME - E R MR R {bwtm
S48 ) 45 B 1 2642 89 4 ] e L8 A 0 45 B 26 f+&fublzﬂaﬁé@4=an4,g¥a%
MaE 2R o ‘W

BBRERE M EEZR G ERAZE G4 e sE— #?E—%E‘a%éé’a ir‘iﬁ
SHEE TR W R BIMA 0 T B R AoIE AL T AR I 0 (R B A B 04 45 e
FRRESLE A BEREWERETE ROBFEE - Bivf —A R AN HH
B2 AT —REEN > S—REME—HEHER  PXALEMEERZYR
]T;] o

tayp AL R AT R QXSRS BERGER T LR s X SR F—
FIBF#) A% BRRREB N B ECBREALBB 1«1 W BERELEHM
BHESHAGTF L ROFHMER B33 ZMa LM B—BEHAERY
1«18y BERELRBATE RGFHBEFEFORLF —REFEEH:E4 > 4o Fig
2.17F7 7 °

Concat Concat
3x3 conv 3x3 conv 3x3 conv | 3x3 | |3x3 | |3x3 | |3x3 | |3x3 | |3x3 | |3x3 |
PR Uy
[ ] [ ]
[ [
1x1 conv 1x1 conv
| I
Input Input
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Bl » 2k kol @ RIE @B 0 PR ALEAE F ARG AL RGBS BF > TR B Tk
ERAE IR BR -
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Ko AR —REMR G R A BEXEME > #6983 sk4e Figure 2.20 °

8E KR sRIR © https:/arxiv.org/pdf/1610.02357.pdf
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10 /2R © https://arxiv.org/pdf/1610.02357.pdf
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18 K & 3 (loss function) £ 2 L @& % ey P AR » KRB AL RIREAY & 435
REMAGBMERE > REZERAIBRIE > THRUERBIH S @B L — B
BB % o hofoT 4k 3 B 8 E 91 B 4% 1A (ground truth) A% R AR T AL T — B #EAE
TRt R T ER AR BARE X EIE 0 % EILER S BR
M RAAEEE 0 w848 K R BUA ¥ 3R £ (mean-square error, MSE) $2 5% U
(cross-entropy, CE) » 7R [F] 8948 & i BL ¥ 7> 2 A8 4R 38 092 SR & A R Bl 898k o

261 HFHRE

BERANRMEQENAE ABRAARMNEXMENEE  HEATARGMEEE
AZAE AR AR 8942 £ £ (standard deviation) B & > A AKXk F

Z?:l(@t - yt)2

n
H b0 B ORI A 0§ AR AR — R MBS R TR 8
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BRM oy A B AR AR o A KT § B AR 6 £ E AN MSE
B ME s g AR AR 0 RZE MSE 8 KRB » RIR AWM AR BAZ AR ZERK -

BT REMABBA B § BV ETHRBRE > LR o(wra+0) 0 WA
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BB A w I b BB R DL R AT AR T

aL ’ /
%:(gj—y)o (wz +b)x =7+ o (wr +b) (2.11)
oL . / L
%:(y—y)a(wx—l—b):y—i—a(wx—l—b) (2.12)

M T AKX 0 Hd n A2 E R FE (learning rate) :

L ,
w(—w—na—:w—n*gj*a(wx—l—b) (2.13)

ow

L -
beb—n%:b—n*y*a(wx—kb) (2.14)

KB 248 S XA 80 o (wr + b) TRA — K A G AR ME > B
Pyko W @ Figure 24975 o B8 E X 60 R ARoR 16 T BUAE B I AR KA 1M 6 3
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2.6.2 XA

RB AR ASEB T F RN PR 0 LA MR L R 2R ey EhEs
M FHE AT AN RFEENERLARARE B > B d A% B AR A M
PR o R PRI 00 HARLe T

B =1 S (ylo + (1 y)log(1 - ) @15

EHXBBAR Y H > § A& T KAWL > ERA o(X), w;*; +b)
whiEE xALEWE b AREM (blas)> 0 AFEHE KB L A CE JE > 3K
B RATH w B b BRI AR 0 A X4 T

OL
8wj

;Z znj j kT +b) —y) (2.16)

S (o i ik x+b) —y) (2.17)
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WEE > LR AHERIBEM Y > ERABRKABANMEFHUE N E > @
XX ARHBREIBMEMRS HENEINEEARIN B AL BRE XY
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BHEEORE GHE D A A EEE IR 3K B] &N E 3 & A
> o

@ [13]) B &H bt B R A RIS FE AR B F R £ § A3F
Ry ME» A ENY R ABRKAERT > IXMAELARAFRAEME -
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Chapter 3
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M EARTE  LTRELHIRGENE R A ey B8 % 1% » 4o Figure 3.177
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OS: Ubuntu 16.04
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GPU: Nvidia GeForce GTX 1080 Ti
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Device memory: 12GB

eI

Programming language: Python 3.6.3 & TensorFlow 1.3.0 & Keras

33 BEWRHE
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WA RBETHBAE S WS REAZHECWEERE  —RYVEBE R —B%
FAAA S 3EBEH R F AT > TR R S e H R R B R
WAL RN BIE > B [0,y 3] K EME - Bb x By BRETH AN
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Table 3.1: ImageNet2012 & #} 4&& &g p3k £

BA LR Top-1 EE#EH | Top-5 E#AE | MKk SHHK T

AL RAY 48 48 B 0.788 0.944 23,851,784
HL IR I, E AP LR U 0.804 0.953 55,873,736
A 3 AL TR AT 4 4 BE 0.790 0.945 22,910,480

HETRE G e 3 B RER/ AR > F e Rk — B & 1,000 B4 & 182
BHESE  mAHTEY 500 BAY TRy AR R AF A ey & 0 54 A Top-500
REEREETEBAEY  FBAEAES XL TARERAES XL T H»
BASREYPZE  ARNEAR e B THTREBA -

3FEAE A ImageNet 9 B HE T > WHRERIZWARBRR LHELK > 24 F
ImageNet B & PR M4 £ BREE Top-500 B EEMEBA MG BEE
ERERZRRERLENS > Top-500 5T AMENBER &AM FEELE B M
THEZ L A ELEHEY > FEEAEEINRZOWRETEEREME

Table 3.2: BB 5 #3% €

Batch size 32
Epoch 100

Learning rate 0.045
Decay le-6
Momentum 0.9
Nesterov True

Loss Cross entropy
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Table 3.3: A f&{f F B A ZE & S BB A PR F

B L% Top-1 EE# % | Top-3 E#EF | Top-5 E#F #ﬁ;é‘t&ﬁ '
e R e #s 0.6251 0.7474 0.7880 || 24562
B XA TRE 0.7533 0.8609 0.8908 ||| 1.624
AR IR, £ 0.7726 0.8728 0.8996 1.3866
B XARRE L WK 0.8401 0.9227 0.9423 079663
o 3 FE R 48 B 0.6975 0.8081 0.8433 2.2028
B A5 A AR AL T 48 25 0.8514 0.9273 0.9464 0.9739
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Table 3.7: BB 7 %y %

Type A | Type B | Type C
Accuracy | 0.8903 | 0.9289 | 0.9163

47 doi:10.6342/NTU201801651



94%
93%

92%

91%

90%

89%

88%

87% |
86% |

85%

accuracy

84%
83%
82%

81%

o
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

—Type A Type B Type C

Figure 3.27: & X & B 2 B ARG F oy ik F
353 ELSBER/IHY

BBEBGETRTE T 4EBEE - SRS T AL R U A
B FEE R A - £ A o Figure 3.288 N R, 31717 » WA B L&
BFEA o FR TR LG TRBME 0 A2 KA R S0 8 BT A —

BFHEY - ARG BEBET BB > 133 Provers Peafs Prruir = 1BHFAE

DR BBHGERNE S E - RTORE  ERARERFFAMEAREL AHEY

TFHEAUFRAME - BT BRI B A A ET R B TR e A

' E b R AR B B9 A i h TR AK > LT B MRy TR RME 0 SRS XM
27 % A (Method A) °

FINE B & T ARRE AL F A B (Method B) > £ 7% A F > =874
AHNARNERT TAIRIIIBE  TRAAEHETRNERE S MGk
B#eRER—BAFEAULAR 2B THrBEEVNFINREAEARS AL
AR Rl itey FAER L MBEAR > KR EEIE R ER - MAEF AR £
EABRHMEIAAHREE T EEUGER -

Table 3.8 4B REMILER > BALLRERAMEAKFHESXEEHHEE
BEEHIIBEBG T EXLIRT 100 REK > AT ERO AT SHHAKFHA
EATTHINR 100 REK > AERFOF_FIER - HE=ZFIHWL - 7l R FaIHK
A by 2 %4 % X Method A ~ Method B # /B % B % 48 5 #) = 94k K

il
q>+°

9

n>t

48 doi:10.6342/N'TU201801651



Plant images

Plant images ————

Plant images ———

Flower-specific

classifier

classifier

classifier

Leaf-specific

Fruit-specific

x)

Figure 3.28: # &4 Al

Type A ~ Type B ~ Type C FR1E i 69 B R 448 55 0y TR RN B B L o

b TOEdAERAKF RS XS BRIT 100 RERIGR  RERER
AOGERPRFREZRD BRI BT ZRCEIEF > B akE
o MmERBEHIEAORRELRBEURRELF T HANESTREEH
BRI PRRE R 0 AR AR Top-1 #Hk %
#F T 0.52% > Top-3 $2 Top-5 PR F LA F LM EHA - XA HBaE Y » 5
HiEALRESTEBHARXE LM AT REWME ORI EFARER
DERETFTHEAEELS S EENBARGIREIRMLE - KER L ERASTHIL
WA T ik BB B R AT B ERIPEEE -

WER G Type B BB 4

Table 3.8: % B 58 s 4% A g2k %

Top-1 accuracy | Top-3 accuracy | Top-5 accuracy

Original model 0.8514 0.9273 0.9464
Re-train original model 0.8520 0.9277 0.9457
Method A - Type A 0.8545 0.9272 0.9475
Method B - Type A 0.8530 0.9260 0.9466
Method A - Type B 0.8564 0.9283 0.9477
Method B - Type B 0.8539 0.9265 0.9470
Method A - Type C 0.8548 0.9268 0.9473
Method B - Type C 0.8538 0.9263 0.9474
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