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Appendix A — Network confiouration

Network architecture details:

Fully connected neural network
4 Layers:

e Sigmoid [100]

e Tanh [100]

e Sigmoid [100]

e Sigmoid & [4] Softmax

7 / 5

Convolution neural network | ,]S o |:[/] x32
e 2 Convolutional layers: 3 °

o 64 kemels of size 5x5x3
o 32 kemels of size 5x5x64
After each convolution layer oo
there 1s stride of 2 max poolings 7 _
o Fully connected (with 50% -~ i
dropout) from 32768 (32x32x32) to

e e Y
-~ o A !
1024 (ReLU activation function) 4 1 |a [2
e Fully connected from 1024 to 5 { {
€4 Layer

Kemel 1

Fully connectod

00000

(ReLU activation fimction)

e Softmax ‘3

Output Layer

/.
A Layer 2

128 Layer 1

3

Input layer




Deep neural network

e Performed wih retram (transfer
learning)
e Model: Inception V3 (48 layers)
e Orngmally tramed on ImageNet
Convolution [ AvgPool I MaxPool I Dropout | Fully connected | Softmax
-O'vVIXa
G4 128 128 resized | 256
Tomatoes
Deep NN Train input steps 100000 100000 100000 100000
output accuracy 95.70% 90.50% 89.10% 90.30%
leamning time ~2 hours ~8 hours ~8 hours ~4 hours
Test time per ~7 hours ~7 hours ~7 hours ~7 hours
image
CNN Train input steps 60000 60000 60000 60000
output accuracy 95.44% 91.66% 90.30% 82.00%
learning time 30 minutes | ~9 hours ~9 hours ~30 hours
Test time per 4-5 4-5 4-5 4-5
image minutes minutes minutes minutes




NMINTNM

JIUIN N71VA 2V 1¥p 1200 pa03,|27 .0INI712]1p NINWA 1WA AT bpPnal

D'T7N TIA'Y2 N'7RN'N NIXa wnnwin? nirna (ConvNets) N'X1710117 NINWN
['2 DI2'N DN ,0MAI711 070NN YOWIN N7 N1ANN L9011 .n1mnn 7w
NN NIXK DX 0NN

S0 p" IR "DmM07'9" 0'kraIn DVNTS NN NWAN L,NTN7N N1
DVNIS TINY7 N2 .NIT D'OTAINN N7X D'IVNTD ,0"OX7? D'MNMIATR]
YT X77 D"'M'09IX DIVNIO NITA7 NNYWOKRN K'Y )02 71ITA NN NN n7X

.0 TN

A\

Image Matrix

PR

NANANANANAN

e
P
L]
L+
v
L~

-89
|
el
|
P

Output Matrix

;TN NTINYT NIYNYNAN NIDO0I NI2DY NINYN) n'XI"IIJ.]IPn niodvY |'a

Max-Pooling e
Average-Pooling e
Etc... o

.NQN N2DOWYT 0775 NNK N2DWN DRIIY DN'YIN V79 217'Y 7Y 00NN N71V9n
Average-pooling .nNNTI7N N2OWA '7XN'07N YA WNNWn max-pooling ,XNaIT?
JDNTIZN N2OWN DY 7Y YXINNd wnnwn



Single depth slice
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max pool with 2x2 filters
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Actication functions
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tanh
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Rectified linear unit
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Gaussian

f)=e™

Sigmoid
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Windows n7y9n nd>yna Pycharm 2018 X'n b'N9N AN NAY NTIAVN NA'A0
.10

Python 3.5 — ni>nn Nov
N wIN'waw niMmaon

D29 N72 INK? NN NN NN 1297 NRIMNN 2w 0T TIA'W — OpenCV o
Jeinn

awannn High-level API npaon — Keras (with TensorFlow as backend) e
NI7p2 DN NINWI NINAY

D'2'V' DN DIWN NIWarRn — Numpy e



DATASET

D107 D'YUKXD 7W AI'0 R'N N'N7NNNN NWAN ,ground-truth 0" X71 1NKN
D'X'UN9 7Y N71TA NIMD DI NN 7Y DRIN'0 190N TNK7 .NIMN )INN
.NINNN 2y D'0IDW NN 0DMXI O'Y'ORON JNI7PA N'oN' NYXANN

niTyn nimn 4700 wva 7on "vata" My poionn ,NniMaavn 7w Dataset-n
NIYXNN IM71XY NN DA NN ,90112 .07-'"NN 34 0y 01 7 7001 ,21ma
DITYA 0T DNY'YON

Tomato Big Pink Plum Canario Cherry Cherry Roma
Species Specialties Cluster Specialties
Tomato 24301 3628 48228 29630 460041 Honey Drop 3806
Sub- 3714 3685 Luci Plus Guarapo 46102 Solana 3868
species ALY 180 3691 Tucienne Marchante Kaori Summer Sun 3869
Maggie Star HTP Tyrex Olympicus Senalda 3872
Pink Roma 61 | 11 Whitney Orpheus Shiren
Pink Roma 66 Sonia Kaucana

Table 1 — Tomato species and sub-species used for classification and segmentation

,(D10P NN'S ,0'7T 0'71Y23) N7XD NNINNA bounding-boxes [N07 NWpW (1IN
D'¥'OND DX DN INK?E,NNRMNN 7V D'VNY 'Y NYXINN D'X'OXON NN
A4-1 3 0''wnna nwNNNT [N NN Y700 .0Mpn 210 DWIaP D'NINND

Figure 3 - Manual annotations (scribbles) for tomato part classification. Left —original scribbles, right — derived
patches.
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Figure 4 - Examples of patches for tomato part classification.
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2TIinn .07 TN 7w 010 2 nwnm Patches based neural networks-n n1aona
,2A1'02 NINTAINN NIZ7NAN 7D |2 A1I'0 YXINN 1AW ,'OX7{7 77N NIN [IURIN
J“2-round” XiIn 1wn 7T1MnNI

DONISN 7TIN] WIN'WI RXNIYW TNI'A NIQDY NN 7V NOO0IAN NMIYKIN NYIN
.embedded-I D11 D"'won 7Y yN? mionw 7'yt Y1in 0t ."MobileNet mww

2
.(DSC) Depth-wise separable convolutions-2 wnnwn 77NN ;15> ow?
:2-7 n¥17m1pn N2OW NX 19 DSC

0772 N2OW 77 TA72 TNR 70p7a nwnnwn — Depth-wise convolution e
NIRXINN NX 2A7wnw 1x1 77122 72772 nwnnwn — Point-wise convolution e
.Depth-wise-n N1dW 7w

DUVNI9N 190N NX AT N7 AN n'XWD]IF NOY DM IT NJYIA YIN'Y
» 1210 NRXIND .NYAN 21T NV NY'aD DY nXn AT NIDIA'0 NI D'TN7IN
070 n'XI'7I1]I|7 NINYI NNIY7 NP NN DY DRA'YN

! MobileNet - https://arxiv.org/abs/1704.04861
2 DSC - https://arxiv.org/pdf/1706.03059.pdf
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Dg
DK -—‘_N —
{a) Standard Convolution Filters
1
Dy
D}C — _l?l,.'f —

(b) Depthwise Convolutional Filters

vV /a4

— N —
{c) 1 % 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

Figure 2. The standard convolutional filters in (a) are replaced by
two layers: depthwise convolution in (b) and pointwise convolu-
tion in (c) to build a depthwise separable filter.

Table 4. Depthwise Separable vs Full Convolution MobileNet

Model ImageNet Million Million
Accuracy Mult-Adds Parameters
Conv MobileNet 71.7% 4866 29.3
MobileNet 70.6% 569 4.2
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Type / Stride Filter Shape Input Size

Conv /s2 3x3x3x32 224 x 224 X 3
Conv dw /sl 3x3x32dw 112 x 112 % 32
Conv /sl 1x1x32x64 112 x 112 % 32
Conv dw / s2 3 x3x 64dw 112 x 112 x 64
Conv /sl 1x1x64x 128 56 x 56 x 64
Conv dw /sl 3 x 3 x 128dw 56 x 56 x 128
Conv /sl 1 x1x 128 x 128 56 x 56 x 128
Conv dw / s2 3 x3x 128 dw 56 x 56 x 128
Conv /sl 1 x1x 128 x 256 28 x 28 x 128
Conv dw /sl 3 X 3 X 256 dw 28 x 28 x 256
Conv /sl 1 % 1 x 256 x 256 28 x 28 x 256
Conv dw/ s2 3 X 3 x 256 dw 28 x 28 x 256
Conv /sl 1% 1.%256x 312 14 x 14 x 256
Conv dw /sl 3 X3 x512dw 14 x 14 x 512
Conv /sl 1x1x512x512 14 x 14 x 512
Conv dw / s2 3 x3x512dw 14 x 14 x 512
Conv /sl I x1x512x 1024 T T x512
Conv dw/ s2 3 x3 x 1024 dw Tx7x 1024
Conv /sl 1 x 1 x 1024 x 1024 7 x 7 x 1024
Avg Pool / s1 Pool 7 x 7 7 x 7 %1024
FC /sl 1024 x 64 1x1x64
Sigmoid In place 1x1x64

FC /sl 1024 x 162 1x1x162
Softmax Classifier 1x1x162

MobileNet Architecture

nvan Ny

NI X7 12'01 n7'NNA

7V NIMIXY N1DIM Mobilenet

nwN IT .ImageNet bwa Dataset
NIQA PI'TA A07 N7a10NYW NpIny
Fine- nw1? nyx12 .niz'7nn 1000
NIMIALVPN 190N N1oN "V tuning
7¢ N2 5) xnin 1von?

-N 72V wTNn MR (Nnaavn
1172'y7 1T NnwOn .1n%w Dataset

99 vynd — TINN D'NI2A PI'T 'TINK
NITYN NIRINN AI'02 NN7¥N 'TINX

JI"aavn

NNIAR'TY NIXINNAN N DT DY 1221 )'70N0N DR 77210 2017 11 qunina

Convolution

5184
Fully
Connected
500 Fully
Diept vdse . 5 r Connected
Convolution Point-wise Convolution S
Max-Pooling l

Fully
Connected

XN
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2-round classification

27200 TN [NNMIY DIMRLOR NINYRY 22 NN2N L|IN'RN N0 Nt
:confusion-matrix 7w N'x' "'y MMWOXNN IT NINANT7 NNWONN

Confusion Matrix Over Validation

bad leaf 12.77% 0. 349 1.96% 0.03% 0.56%
fruit 0.13% 0.16%

leaf 0.72% 0.22%
other 0.02% 0.13%

stem 0.53% 0.37% 0.31% 0.21% 12.16%
bad leaf fruit leaf other stem

N7 D1IN1 .N1I0DT7X NXMLVNT qINYYT X'N NI0NN IN'T'R [9IKAY 17 D'W7 N1
'D%7Y 2-2 NRINNN DX A0'Y WUTN 7T 7Y nawnn? NNIX IN2N

21272 [ pRw nipnn 1A% 7127 v 0N nipnn o7 2o e
,'DY2v" 7Y nimnaTnn 1.46%-1 nYI0 7TMnw NIXKA? N2 7'w? namna
NIZ7NNN 2101 [IwRIN A7wa 37 ,"nK" "paio X7 ofy”
Fruit o
Stem o
Other (consists of “leaf”, “bad leaf”, “other) o
97 171 IURIN 2A7wn 7w Other-2 N171700 NI nnn YW wTNn o e

wTNN V79N
NNNN' 190N AT 7 TINY

[IUXIN 7TMmnn N jup 7T 27w 1701 D'YNNYN — NNy (IR At .1
2 IR X7 MY X7R 7272017 K71 RN AT DR DX )02 .aXInY
SN 071NN
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N ,90112 .JIYRIN 27w MI0YW D077 7V 71 Y1 2wn A7 —'n ano .2
Sapna anron 17w 2 NX yNnY
confusion matrix DX ,[IWYRIN 77N [IN'K WNK?7 — D22 21T TINR .3

NWN A7UN DR 7WONT1 K7 NNNWOKRA W'Y ) ,validation setn 7y
271171 v DNAY Dfaxna

2-round nwNNn

T0VX1 X7 971 fruit NP7NN NNt .0M2aY 7w Namn ane'? nxNl [IYXRIN N2
2 1% nX 7'yonY

First Round Classifier

First Round Classifier

Other/Bad Leaf/leaf
Classifying. ..
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I'a 71272 W' ,uITD Lother NP7NNY7 ND"WW NNTR 7W NAIMN a0 Nx¥11 ,NYd
2 27w DX 7'voNn7? nxM 271 other-7 07y

First Round Classifier

— Other/Bad Leaf/leaf
Classifying...

First Round Classifier

Other/Bad Leaf/leaf
Classifying...

Bad Leaf

Second Round Classifier

Classifying...
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1210w 207'9% NN'NNN NP7NNN NN 1NIN 1121 72w 712 5 %W pniva wnnea

210N INK? NAMNN NXIENAINN NNP? NTIT NN JAR? ' T2 D'WIVY nn 770 0712
ground truth '9% loss 2AWN71 NWI2 NNMIPNN NAIMNN NN 11AUNT1 (1T 91N UXIANY)
A0 INN7 MInnn 7w

Convolutional Encoder-Decoder

Qutput

Pooling Indices

RGB Image -Conv + Batch Narmalisation + RelU Seg mentation
I Fooling I Upsampling Softmax

AUTO ENCODER

.Encoder-Decoder 2w 117 nnIT N1LHL'IIX DV NN 'NIT Auto-Encoder
.ground truthn |0 NWI7% NID12IW NIIMNN NWIN NN [ANR? 'TAW XIN 2T7a0n

2V DMAT NILPN N'WXANRND NAIWA TTIP? NHIXN K'Y NTNWIN 7Y [IRIN2 Nbnn
.OITN NN NAMNN DX NIAN RWNINY N9X Decoderny T2 NNIpNN N1awn
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20'NaN 2w IwN P7N2 NN %W NN nn

DY LP'NAN 7V [IYNIN 702 TINA D12 TNTITINNY VN7 1IN7XNY TNNY

NAINNN W NN P IR 1R NN (11127 1277 DN 1R 107NN mobilenetn
JINXI'Y

VINY? 17212000 DX YIRN? 0T WA NPT NN2 NP7 NJIRN 2w nTanw (i
1110 P12 L0 2V WD DR YN 221w1 N3N 11907 721 real timeaw 1xn?
Encoder-1 D'wnnwn 010X 12 1171 Stanford Yw NINXINNN MUY NN '1aY
7¥) NN [PN? N %W n1onn 271 2'00 )nTa nnimn 2w nman 11x 111 Decoder
J2ImMNN NX T™9n? ' Encoder-Decoder

?12%w 1a1on 21?7 1nvan 'N

NTIan oV Nimn Nx) 17w Encoder-Decoder 7w D1IY 027N wiN'wWW 1NNY
122¥N (012182 NI TIRA loss DV NNTAYIENRIMNN 1AV 'V VN2 wnn Nty
NTU'Y 0'2"aNNI NN 2 22 8XI'Y 172 Auto-Encoder 7inn Encodera win'w v
.N2INNN NKX A2 '8 210 NI' TINY? 17w Encoder-decodern 7w nwn?

3 Stanford lectures - https://youtu.be/ByjaPdWXKJ4
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