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Abstract

Improvement of Fruit Image Recognition AI Models Under
Small Data Situations Using Generative Adversarial

Networks

MIMOTO Takumi

In recent years, prediction for agricultural production is important for work-saving
and high added value, and predictions using artificial intelligence (AI) are expected to
be used. One of the applications of Al for agriculture is to counting the number of fruit
from images using deep learning, which requires training data with location information
to detect the location of fruits. However, there is a problem of high cost due to the
time and effort required to create the training data. In this study, we propose a method
to improve the accuracy by artificially generating training data from existing training
data using pix2pix under low number of labels condition. As a conditional image for
pix2pix, we use a simple segmentation image that represents a fruit region from a
dataset for object detection. For pix2pix, training is performed with the addition of the
attention mechanism, the addition of ADA, and the addition of both, and training data
is generated using conditioned images in which fruit regions are removed 10%, 20%,
30%, and from the training data. Combining the generated images with existing data,
the proposed method is validated by training. The experimental results show that the
proposed method is effective because the AP improved by 1.9 points when the training
data are images generated under the condition that the Attention mechanism and ADA

are added. In addition, we will also create a dataset with intentionally reduced training
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data to confirm the effectiveness of the proposed method for small data sets. The results
of the generative model with the addition of the Attention mechanism and ADA, show
that the proposed method reduces the average precision by only 4.7 points, while it
reduces the average precision by 20.8 points without the proposed method at 25% of
the training data. Using the proposed method, it was possible to reduce the training

data to 25% while maintaining accuracy.

key words object detection, small data, pix2pix, data augmentation
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555 D Presicion ¢ Recall 2773 . AP OFFHETEFH X 27 (Confidence) DFENEIZI
~, Precison ¥ Recall #5183 5. TR 3725 0.87 DI, IEL T80 2 D728,
Precision 1% 0.50 £ 72D, Recall 1% 0.66 £7%25. ZDFHE%Z Recall 28 1 72 %5 % THh FHlfG
RAETIZATS. Precison ¥ Recall 25X 4.4 1R L= HOOMIREER ST 2. fERL -5
ORIFRZMTE L7 4.4 R LA Ly DO EER T 5. fER L 724 L > Do ilif
DHEFED AP DfETH 5.

4.7 EERFIE

pix2pix DFEE 21T - 71%12, Attention M, ADA, MiF 2 A 7 b D THEEE 21TV,
2287 — R TREHPEELU DT — &5 10%,20%,30% D REFHER 2 Rz 3 8% — >
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4.7 FEBRTFIE

# 4.4 Yolovh DA =0T X —&
Name Value || Name Value
Ir0 0.01 cls_pw 1.0
Irf 0.01 obj 1.0
momentum 0.937 || obj_pw 1.0
weight_decay 0.0005 || iou-t 0.2
warmup_epochs 3.0 anchor_t 4.0
warmup_momentum 0.8 fl_gamma 0.0
warmup_bias_Ir 0.1 epoch 300
box 0.05 batch-size 16
cls 0.5 img-size 512
x 4.5 THRERDOH
Confidence Result  Precision Recall
0.98 True 1/1=1.00 1/3 =0.33
0.90 False 1/2=0.50 1/3=0.33
0.89 True 2/3=0.66 2/3 =0.66
0.87 False 2/4=0.50 2/3 = 0.66
0.82 True 3/5=0.60 3/3 =1.00

(R1,R2,R3) THBF— X DAEREITS. fER L AEREIRE Y bE P L, X 510504
REZTERL 105 L2bD% P, 205 L72dD% Py &3 5. ERL EIGEBEFD
FET—RIMATTHETNVOEE ZITVEHMEiO L 21T 5 . & #Hillins B2 o 72 5&44T,
Pio, Poo ZHWTHEBZ1TS. 7, fMEX R o 12&HTHE T — 208 % 50%, 25%,
12.5%1218 5 L7 KBEC LD FIHTHEERZ1T S .

¥ 7z, pix2pix ZHEEEITIICHD, K46 IWTRINARNR=NRIRX=ZEHV 5.
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4.7 FEBRTFIE

Precision
o
[e}]
()
6 .;
L]

0.33 :

0.33 0.66 1.0
Recall

4.4 THRSROHID PR i

£ 4.6 pix2pix WV B AL R—8F R — &

data size epoch batch size optimizer learning rate

100% 500 1 Adam 2 x 1074
50% 1000 1 Adam 2 x 107*
25% 1500 1 Adam 2 x 107*
12.5% 2000 1 Adam 2 x10~*
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AETIE, AERZITOANCTHET AV ADA ITHW 2 7 — X IRROE AR 2R 7.

5.1 FREFILICHT ZT—AXLR

TFHEZ VIR LT, HROER 2175 7 — XLk Z W53, B3 S S@EEZ 0%
EHET BT —ZIREH N0 E S hDEREITS . EFSRMF L LTELLITRT 4 DD5%
FCEEZITY. /ML ORIRZR 5. LITRT. fiRkD 6, HL X R EOUEZEX X0 %
BT 2D L TIRD20, MEOKTILHERSINL. 20D TFHETNVIINT 27 —X
sk e LTS 1 olBOEE 2T 5.

£ 5.1 FHETNICHT BT — ZALFRD S

AN i EAET7Vy T EEBE RS B EE HSV
M 1 v v v v v
S 2 v v v v v v
M3 v v v v v v
Mt 4 v v v v v v
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5.2 ADA IZHW 2 7 — &R & #IGHR

#£5.2 FHETNMIHT 37— XILRDOSEMEZ & OFER
ZF1 &tF2 &fF3 &fF4

AP@.5 0.73 0.726 0.723 0.72
Precision | 0.854 0.804 0.839 0.822

Recall 0.612 0.627 0.615 0.621

5.2 ADA ICHW3 5T —421Lak CEin=R

ADA ITHW 2 F—&fkak e LT, KM/, A7V v 7, B, BEREE O BEERZEE D
PR B2 X, M, BUHO BT OILIRD 2 BEEHW 5. HAIBRICANTT 527 —&1C
Z YR NIT = RYLRZAT 5 7o O DRIR 2GR THE 21778 0 7 BRICHEIRERZ1T S .
5.1 1 2 M OIRRZ A U 74558, K 5.2 IZEBREEOHRD A% @A U 7R 2R T.
5.1, 4 5.2 % R U 72 BRICEZZ IR D4R 28 H L T 2 R IE 2RI BV EBSER S
7o, PHIET AV TEOEHE VLG EREEDOIK N L/, TOHBED? HHEVHED S
XD BAEREBRITR > TVWEDBDEHD 7 — XIIRIFITDORVWZ L 35, X 5.3,
5.2 Z LR U 7-FB1C, WIS LM T 2 Z & Tl KE < B 2 HEPERI N2 720
FERTHW2HEIGHRIZ 0.1 &5 5.

5.1 HERETE & L 5.2 JEIHFE 0.2 OEGEF X 5.3 #EILE 0.1 OEIRER
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ARCER

ARETIE, AEBRICBIT SHRETRT.

6.1 BERERZITOHDOEY
6.1.1 pix2pix & A LZERERK

pix2pix ZHWARE LT 6.1 1I2RT & 2 REBRPER SN, FEH T -2 2ZHL
ZMEER Y LTWA 729, R1, R2, R3 e85 — ZICEEBIL TV 22, SFmBIc &
FNTOVARVREFBEHRAINTE ST, AWEGH, 5 REZHE L7 X 5 REHG AKX
iz, SetFilifgRD HEUD bR < REEIRDIE X 21F L CHER © 13 R 2 & 5 REGRIER S,

HIESEIC2ED X 5 Rz Tn 5.

(a) R3 (b) R2 (c) R1

6.1 pix2pix THEMR X N7z H 5
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6.1 [EBRERZITS D DFH

(a) R3 (b) R2 (c) R1

6.2 Attention B2 B L 72 O THEM S N7z Hf5

(a) R3 (b) R2 (c) R1

6.3 ADA ZBIL=d DO TERIN-HEG

6.1.2 Attention ¥EBZEBML7-ETIL TER T NT-ER

Attention B %8 L7727 VT 6.2 1IR3 F & 5 RERHER X L7z, pix2pix TD
FEER & AR R ER 7223, BUD BV 72 REFIROGATICN L TZ=o a2 ERN L TWw» 2 EfIC
ol

6.1.3 ADA ZEMLEEFILTERINI-ER

ADA ZEML7ETNVTH 6.3 1R &5 REBIERS N EE T — X2 EH LR

fFEGZEH L T2 25, R, R2, R3HITTLOEE T — X L B 2 E G2 AR L TWD.
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6.2 ZERREIBRZ I Z 72 E B R

(a) R3 (b) R2 (c) R1

6.4 Attention i ADA Z B L /=3 O THER I N-HEIE

6.1.4 Attention #18, ADA ZEML=EFTILTER SN -ER

Attention ¥ ADA ZEBM L2 E7 LV TH 6.4 1ITRT X 5 REGEER X 7=, ADA
PEIMUZET AT, BN LUIZRETDDHEFAZIN TV S0, K 6.4 Tld, REFEBUTHED
RBULo7BTERINTED, RYEGIGEVWEGVE LTV,

6.2 ZERRERZMRI-FERER

pix2pix & Attention HHETOA&KE G Z BEfE T — X I A 724K 2 K 6.1, ADA, At-
tention + ADA OFEHR%E K 6.2 IR 7. pix2pix, ADA, ADA + Attention ##E T DGR T
&, BEEREWD BREIEINE L2 BIZY, AP OESHEML TB Y HESH ELTW
%. —77, Attension HHE T ORER TIZREFBZ I BR EIEG/NE 725138 AP OfE
PP LTED, HMEOKTAR S5, Attention 2 MZ 2 Z & T, hofER ¥ LT
TEDFE T = 2N T = R EER L T RAREENEZ NS, 2D/, B R RE
DD RN T — R L 127 — 22 AN L TC0 220 EDERRLAEZEEZ S
5. ADA ZHWIHEORRTIE, AVEG L B2 2 E{GZ HVWTEE 2175 TV 359
Eom xR o, AYEiGe R-BIERR 20, FEICHRERREPFEELTVS L E
ZoN5. BEMNRED - Attention + ADA OFERTIZ, TCHEIER IS WEZ £ - 7= Hi{%
EERLTWD e EZ LN 70, AYHEKRE B 2EGETHREENIM ELI-EEZ N5,
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6.3 Attention ¥t ADA DA RLHEI{S % ¥E 0

# 6.1 pix2pix & Attention ¥ T DA RIS % N Z 7= F55H

pix2pix +Attention HEH#
REFIELL | R3 R2 R1 R3 R2 R1
APQ.5 0.702 0.686 0.708 0.709 | 0.706 0.7 0.698
Precision 0.872 0.895 0.882 0.883 | 0.898 0.895 0.869
Recall 0.506 0.458 0.506 0.51 | 0.491 0.481 0.498

# 6.2 ADA r Attention ## + ADA TOAERKHE G % N Z /A58

+ ADA + Attention ¥, ADA
REFIEZL | R3 R2 R1 R3 R2 R1
APQ.5 0.702 0.689 0.708 0.708 | 0.703 0.708  0.711
Precision 0.872 0.873 0.873 0.882 | 0.877 0.894  0.891
Recall 0.506 0.48 0.515 0.508 | 0.497 0.498 0.503

¥ 72, Recall DIEIZZE D 5§ Precision ODEDEIMMERNICH 2 Z & DR TZ 5. FE

TNDEBRTF =R EHOTHBROAER ZIToTWE 70, UL LEBREZ 7 —& 1y M2

2TV B 7 DFRMEH DA U Precision 238 L7z e B Z 505, 2D/, Recall DIEZ
WET BIIFERRFICEN-IREZER L -HEGRE LR T2 e B 12 5.

6.3 Attention #i8¥ ADA D4ERKE{S % &N

AP OFEEN R o 7250 CHEREIRE P, Py SHEINEE, 2B E{To 1R 2K 6.3
WS, PEER» S, #EFIERL LB T % & Precision DESHEMLTED, AP
LOKRA Y FAILELZ. ZOMRID, REFEZHVWSE Z e THREDR L.
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6.4 FET—ZZWO LEHE

# 6.3 Attention HRE r ADA OERHEGZ N X B -8R
Attention #f% + ADA

RBFERL P P Py

mAPQ.5 0.702 0.711  0.72 0.721
precision 0.872 0.891 0.838 0.9
recall 0.506 0.503  0.52 0.516

6.4 FETFT—XZRSLIEE

BT =2 OEE 50%, 25%, 12.5%DEMT, Attention Hf & ADA ZHW/2ARKET
JVTHEGRAERZITV, FREIRIEX 6.5 1RT. £z, IBEZFER L OEBRGERELE 6.4 1R
L, BEFEEZH O BEEOEBRIEREEK 6.5, £ 6.6, £6.7 IR, 87 —&% 50%
WIS LT, RETEEZH VWA Z 8 T Py TILT B4 Y FALEL, 2857 — X %R
HLTOVARWRRE T 2L 0.8 KA ¥ MET LA, BT —&% 25%I12H 5 L7=&M4T
&, BEFEEZH VS LT Pis T16.3 #4 ¥ FAEL, 87— X225 L TOWRVEE
CHET 22 4.5 B4 Y MER L. 87— 2% 125% S L7254 T, REFiEE
W2 Z 2T Py T43.6 KAV AILEL, #ET—XZHO L TOVRWH R R T 2 &
11.3 R4 Y MER L. fRD2 o, BBFEEHVWSL I TALTRAL Y MERT 22, FEZ
A L2 F 2 TF— X 8% 257K 2 Z e AJRETH 5. %72, £ 6.4 DFER LD, %
T—=REH S RVEHE L 50%ITIS LG E THIE L BRIC, Recall DAY 1.2 KA > b
LDEDRBROWRE o7, ZOZe XD, AU LS REBIZHLTY /) T7—>a v z2iTo
72354 Recall DESHESI MR VWEEZ NS, ZDTd, FEHF— X EHINXE 2 L4 D
HETT7 I —FFTI2REDRHEEERS.
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64 FEF—XEWSLISE

K 6.4 RRFIERLTOFEERGR
100%  50%  25% 12.5%

AP@.5 0.702 0.577 0.494 0.153
Precision || 0.872 0.736 0.662 0.261

Recall 0.506 0.494 0.429 0.215

(a) 50% (b) 25% (c) 12.5%

6.5 Attention ¥ ADA ZEBIL -3 O TEK I N-EHIE

#6.5 ¥B7T—X50%
REFERZL | P Ps Po  Pi5 Py

AP@.5 0.577 0.67 0.669 0.678 0.688 0.694
Precision 0.736 0.851 0.865 0.882 0.879 0.887
Recall 0.494 0.458 0.452 0457 0.474 0.478

#6.6 FEFT—%25%
REFERL Py P Pyo Pis Py

APQ.5 0.494 0.606 0.638 0.647 0.657 0.65
Precision 0.662 0.837 0.84 0.86 0.854 0.854
Recall 0.429 0.366 0.412 0.417 0.44 0.421
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6.4 FBF—2EWS LIEHH

£6.7 FEHT—-%125%
BEFERL P P5 P Pi5 Py

APQ@.5 0.153 0.28 0.539 0.589 0.558 0.585
Precision 0.261 0.431 0.789 0.827 0.789 0.786
Recall 0.215 0.183 0.286 0.331 0.302 0.369
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AWK T, GAN O—DTH % pix2pix ZHWTYHEBEHDFE 7 — X DAERELT
W, BFOER T -2 HAEDES I THEDR LEEE T —X 2O T-0DFIE
EREL, IXEMMHT 22007 —& 2y bEAWTEREZIT- 7. KBTI pix2pix I
Attention ##, ADA 23BN U 7= 5:F T8 VR 21T - 72, B4 U 2 S fFiE
ey LCHFEA T — X O RFEFEE — D B2 EiffE Ve, Attention 8 23803
% ¥ RYIEGISE WERAER XN, ADA ZBIT 2 2 ARYEiG e B 2 EES 4R X 1
7o AERREG & BEFEG 2 W CTHIE 7V 2 58 L7:RSR, Attention B + ADA T 1.9
RA Y PEWZ & 2R L. ADA TOEKE R Z HWEZEHRD» O, FBEOM LR h
Fete®, RIS KE S BR2PMENREFL LS BRHERELTWS LB X7,

% 7z, Attention # + ADA OZMATERINCHE 7 — 2% 25% 25 L7 FEBR T,
REFEZHORWEET 208 KA Y MEFT 200 L, BEFELTHVWSE & 4.7 R v
MERT2EITHoTe. TOMRED, 25%F TH¥E 7 — X ZHIR L 72 IREET b K 2
Fsa e NARETH D, BETEEZH VS ZE TEEF — 20V WEETHMELRD 5
xRl LU, BEBEFEEZHOLFEEHITEWT Recall DIENZEDH 53, Precision D
DI T ZHEAARE NI, Z DT, 77— ZHRRCHREMN L2 BIE 3720 Tk, Blos
BT77a—F T 208N H 3L E R
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AWFREAT DT o T, MALLRREERAR SHE 2RI THEEW 2 E0Lr 5
BV LRT. £/, AROBIEZ BRUTHE £ LEHI TRERAEHRARE B Boh#
AL N, B BERICTR  E#H W L E T
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