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Abstract

In this study, tomato maturity was estimated based on deep learning for a harvesting robot.
Tomato images were obtained using a RGB camera installed on a monitoring robot, which was
developed previously, and the samples were cropped to 128 X 128 size images to generate a
dataset for training the classification model. The classification model was constructed based
on convolutional neural networks, and the mean-variance loss was used to learn implicitly the
distribution of the data features by class. In the test stage, the tomato maturity was estimated
as a continuous index, which has a range of 0 to 1, by calculating the expected class value.
The results show that the F1-score of the classification was approximately 0.94, and the
performance was similar to that of a deep learning-based classification task in the agriculture

'.) field. In addition, it was possible to estimate the distribution in each maturity stage. From the
Cheok s results, it was found that our approach can not only classify the discrete maturation stages of
eCcK Tor
updates the tomatoes but also can estimate the continuous maturity.
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F=] 31 Qlom, 2H] Ti/dA| 1AL A HAEARAL L 33, FollE 21, tid= 22 2 24 A 5 534 V)&
B FAE) QA2 2EARIE Q5 7P 4 £3E = Ve R SRR e 1Y T A tidAe] YA,
A Zo] E a5t F2 7|AAZES o]g5to] 7| o] £3= Q). 2| A @ Zhuleh, HA Tl 5
32k °§"o—§—7§§ 7)&0] W2 Q14 59 S 7HH T /1o E5], J2i'd(deep learning) 71&2] 52
B AAA &-go| 7H53 371 7)& o] o] R 2| AL Qlk. G @ 22 shs 7IRE 22 A o] 37HA
%ZO‘(Spatlal feature)?] AH&-FZ0| 7Fs5t0] 2] A8 (heuristic) 7|RF /d*I2] 5 71E Ao v =2 dsS &

0] %31 Q). O H(Chun et al., 2018), 43| E-20] 79 o]u] Q14|88 90% O A47}A] SFAFA] ZTHStefas et al., 2019).

Heid 7|6 £ tiAdA] Q142 thfsH 2HE-E th/Ad o 2 XISE]| 31 Q) O En}E (Benavides et al., 2020; Rong et
al.,, 2021; Zhang et al., 2022), TFZ ] FKLi et al., 2018), 7-OFHHK(Lin et al., 2019) 5 A|Ad o] ZH=2at oL 2} Alk(Fu
etal., 2020; Kang et al., 2020), 2] X|(Li et al., 2020) 5 =X 270l A & X A 50| 2% 1 Qlth. E5], Benavides
52020y EVES O o = HAETh ofugt 2812 I3 ARl AR (peduncle)’HA| BE5HA 2, of2]
7He] At o] FAI x|t LAEE 241 FHHE 87.5%2] FHF L& Q1A]o] 7H55k3lt S Zhang 5(2022)9] A
TollM e ERtE A3} ZARE SAl0 32Hd FE 2 HESH o o) 94%2] 2 W= HolFlch

FEREO A i SEEEY 5)2 YA, AbAlERE o2} 2k o o] whho] H @l o] & i A
7} EntES Aok HIHE SA 02 3% %] 0 H(Seo et al., 2021; Begum and Hazarika, 2022), Seo 51(2021)2] &
FollA= Tl EntES] thefst A 7] 22 s M-8 (color space) A2 35t 6| (green,
breaker, turning, pink, light red, red)2] 3% = B55 90% ©]/42] A& =5 HAFUct ST 45 o] 79 F7t
TAlof| oigk A o) 7t R ook R =atEo] 749 HlolE 2hdl Aol /d-50] 2&2 0] 7] wiZell thet #7gol o
off HiZQl £ S 7] o). ebA, 2Feta= &0l Fol Rz aHgshr| Bt A54Rl gfoz i
7¥e 4= = Wi o] thefsh #7gof &-8-517] EatA ol

2 AFoM = BEOtEL AXZH g4 IS gl = o, /3417 Y (convolutional neural networks,
CNN)} 3 -2AF £4 (mean-variance loss)& ©|-8-510] Ad5E 8 AE2Q1 gL & FrslAnt AA| zHujg7ofl
A FdaA B ekETolE E EsIl o, AN EReteS ot & FE A ERE 4 A gE
el 7193k= o] &5t s =& 7Sk

Materials and Methods
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(Seo etal,, 2021), §QtO &2 H-2A10] 4.3-5-2 weho}r| 4] gFom 2 Ao M= 5}
S E3j| zzto] Ba u1 225 Hoto] AL A B E 2|F IRt tebA, Fde] dare St = 4
25 7}-oP 4474& S45}o] Xdﬁéﬂ‘i’it}.

WMEZ-2- Table 13} 70| green, tuming, pink, red ©A| 212} 374, 124, 402,
98870 = F/J =it ojull, MAd|o| &= 8k, A F, Al TlolEl 2 2F-5F31 o, 242} 472, 472, 9447 0| T

Fig. 1. Tomato annotation and background removement processes for dataset construction.

Table 1. Dataset composition with number of samples by maturity stage.

Type Green Turning Pink Red Total
Train 94 31 101 247 472
Validation 93 31 100 247 472
Test 187 62 201 494 944
Total 374 124 402 988 1,388

MENZTS 0|23 EUlE M4 Wt 2Y

2 AoM s A EntE A AE5E £RE 7IREeE AL A&k 3hs Bkt s &7
Sh5-2 NS4 Y (deep neural networks) 2 E-2 0|85t O A& = 0|5 T (green)Oll A 2hs B A (red)2] A3
SEE0-1AM0]9] ALARI gho 2 BRI

Fig. 2= d&kE sha= Qe BY 4= Hojl Jlom, e @42 TS 5ol SHFHo| H &
o] & o] &3t & B A & S0l epilln} vl 9 A3 Alsbste] Bdl 7] & Z3AIeH| Hoh ASA17

FE2 417 W (convolutional neural networks, CNN)= 53l Y |0, 2 Ao AFEH S+

o
‘Ll o

2= Fig. 33} o] 4719] HIHA1E S S(layer), 1712] 24 A A (fully connected network) &2 softm:

2 AU JPAate] 7]+ 128 X 128 X 3 (width X height X channel) T Allo] ™, SHA]FA 7

E] 37]= 3 X 302 HA| Zoj|A] 5Y5taL, 84435t g2 Rel U (rectified linear unit)yS 0|25t AU H

Fe] &7 A= softmax 771014 47112] 7ol tigt EEgt o= Y5, o] T 7MY =2 FEUE 7
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A[m
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Back-propagation
Train dataset . ] |
(4 classes tomato maturity) e

ern | » Soft-max loss
p F | Soft-max |
» 4(;]1?3:'-5 "-r C » Mean loss
pe—p Variance loss

Fig. 2. Configuration of the model training with mean-variance loss for estimating the continuous tomato
maturity. CNN, convolutional neural network; FC, fully connected.

1% layer 2™ Jayer 3 Iayer 4 layer Last layers
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(size =3 x 3, 64)

Fully connected
net

Softmax

Fig. 3. Convolutional neural networks for classification of tomato maturity. ReLU, rectified linear unit.

22 840 Ang ol §olo] Erke A4ES W 4T F shbw HuEA 53, ol 30 B
o] thget A< TAlol| Tk Biedo] of et wEbA, ERshgolete ZF T A| Ui 2holof oigh K O] 75kl o]
2 Sl G4E9l A4 TR Ealshs o] BRst) B ATelE BRa4 A] /EAel £ugl Anmeus
£=Al(softmax loss) 2] 2l(1), (2)2F 22 Hat-E4F 4] (mean-variance loss)S ©]-8-5F] .M (Pan et al., 2018), Hwt-
HAF£AS EnbE H4mol go] BRe] Ae] BEste] AN ehS L 49 Hio HEA B

(disribution) 3} 2 WAH2] .5 ambiguity)2) ¥Hgo] 7H53 o] Itk 84 F EnkE el chat 44
£ HF FES NG 2o] ATENA 227)S Fo) S5t B met o2 ehiute] Y1 L o] gstn]
AATE ke aFste] 00l 1 AFo]o) ke 7EAIA Bk ol sk SelAt0- 3¢ H4gke A B e

Hoizrel 38 Uyl Ec),
L, =52 (mi—yy) (1)
= N2, @)

Where, L, is mean loss, N is the batch size, m, is the mean of i" sample, y; is the label of i sample, L, is variance loss, and

. . +th
v; is the variance of i" sample.

. 1 K—1 .
Maturity = K—1 ].:01] *Pj 3)

Where, K is number of the classes, j is class number from zero, and p; is the probability of /" class in softmax output.
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1o
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EntE 4 BRskEs2 sk 9 A3 |olg 22 47272 o] 835l A] 3008] BEE AAISHRATE Sh52 915 1t
240 E] (hyper-parameters) 2 8582 o] B 2 Y ®dl 37|& J12fsto] 0.001= A7 5k o, %] 37](batch
sizey= 64, 37 = 8 £ 27} w2 Adam optimizerS ©|-85FTHKim et al., 2020). Hlo|E19] TiFA SHE
o3l & wol| P n)x]= Myt B Y FE-L A5t Hh (4], 1) W A7 W3k 5o glolg &
Z(data augmentationy= 55t T S5 A 0] 7FE2] A2 T4 overfiting) EXHE 2| A3}617] Yl AS
(validation) 0| E] 9] 5 A-50| 7F¢ £ ] 7152 & FF mlo] gho 2 MA5H thKim et al., 2021).

R E2 GPU (GeForce 1080ti, Nvidia, Santa Clara, CA, USA) 7]4+e] A|AE| 0 & 3H&A|7 o Shsm el 7t 2l
7ls 7S et T2 332 python 3.7 & pytorch 1.0 ©]-&5}FAth

4

Results and Discussion

A B g 2 iHEshgol mhE S (loss) ) =5 B (accuracy)= Fig. 49+ o] T Qo &
A A SAlo] B gk % +AE 3=l o, shioolefet 74551]0]‘51

R QAR S 2ok 3k B AT H|olE] B 208] B A7kA] £do] S5 hassto] 508 o] % of
oM o= l=t, shaH|olE o] A9 A &2 02 A4S HRl jbi, AF o8 = 1009 o] % S7tet gas HJ

2] A A7 T 7] ekokek mebA] 1008] vhE ok A] REle] 715X B Ao AF R R
‘é‘xli }\]'%6]'/\/\‘:]'.

100

Accuracy
o w
2 B

=1

Epoch . l . I:po(:h
Fig. 4. Total loss and accuracy for tomato maturity classification by epoch.
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Table 2. Classification performance of tomato maturity estimation model.

Maturity stage (class) Recall Precision F1-score
Green 0.98 0.91 0.94
Turning 0.77 0.94 0.85
Pink 0.83 0.92 0.87
Red 0.98 0.95 0.97
Total 0.94 0.94 0.94
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Fig. 5. Tomato maturity estimation by classification (A) and distribution (B).

Fig. 6. Representative tomato maturity estimation using field images with background.
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Conclusion
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