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Rice Tiller Detection using Deep Learning and Field Robot
Dhirendranath SINGH', Shigeru ICHIURA!, Thanh Tung NGUYEN?, Mitsuhiko KATAHIRA?

Abstract

Growth monitoring is a critical aspect in agriculture production. The application of Artificial Intelligence (Al) and Remote sensing
in agriculture is increasingly being researched as they have the potential to significantly reduce labour necessary for some of the
more tedious tasks. In rice cultivation, the monitoring of tiller number at the vegetative growth stage remains one of the most
tedious and time consuming task at the field level, as it is still being done manually. Thus, a less labour intensive approach is
needed. In this study, we explore the use of remote sensing and deep learning for detecting tiller number of rice plants in field
conditions, at the most active tillering stage. Images for training AI models were collected using a field robot, from an experimental
plot at the Field Science Center, Faculty of Agriculture, Yamagata University, Japan during June 2020. The number of tiller per
plant was manually counted for each plant in the captured images. To determine at which point accurate detections can be obtained,
we explored tiller detection with six data sets of different class ranges; actual tiller number, grouped tillers into 2,3,4 5 tillers per
class and a class range based on the distribution tillers per plant at the growth stage. Models were trained using YOLO V4 algorithm
on the Darknet framework for 30,000 iterations after which they were evaluated for precision, recall and mAP. The trained models
gave low precision (0.11), recall (0.12) and mAP (9.17) for detecting actual tiller number. However, promising results were

obtained; precision (0.64), recall (0.76) and mAP (67.5) using class range based on distribution.

Keywords: crop sensing, deep learning, precision agriculture, rice tiller, YOLO

1. INTRODUCTION

Growth monitoring is a critical aspect in agriculture
production.  Traditional methods involve manual
measurements which are often tedious, time consuming and
only capable of measuring a sample which guides
management decisions for the entire field. Remote sensing
and Artificial intelligence is capable of collecting and
analyzing large amounts of data thereby offering the
opportunity to provide more complete and detailed data for
guiding management decisions. In recent years, the use of Al
and Remote sensing in agriculture is increasingly being
researched as they have the potential to significantly reduce
labour necessary for some of the more tedious tasks. In rice
cultivation, tillering is considered to be one of the most
important agronomic traits, as tiller number per plant plays
an important role in determining effective panicle which is a
key component of grain yield (Bian et al., 2015). Deep
Learning was used by (Deng et al., 2020) to detect
productive tillers in rice, but the method requires exposure
of the cross-section of the culm by harvesting at maturity.
Since the vegetative stage of rice growth provides the best
opportunity for management practice to influence yield (Al-
Khatib et al., 2018), an efficient method to detect tiller
numbers during growth is needed. In this study we explore
the use of YOLOv4 (Bochkovskiy et al., 2020) a fast and
accurate deep learning algorithm to detect tiller number in
rice during active tillering from images captured using a
field robot. It is envisioned that this combination can provide
detailed growth information for an entire field to allow better
management of the rice crop.

2.MATERIALS AND METHODS
2.1 Field Description

Images for training Als were collected from an experimental
plot in which a crop nutrition trial was being conducted at
the Field Science Center, Faculty of Agriculture, Yamagata
University, Tsurouka City, (38°41'52.9"N 139°4920.3"E).
The field was cultivated with the Fukuhibiki (Oryza sativa
L.) variety which is a high yielding Japonica type variety
used primarily for forage (Fukushima, 2012). Ten nutrition
treatments of different rates of phosphorous and potassium
fertilizer were applied to the field in 3 replications providing
a total of 30 test plots.

2.2 Field Robot Outline

The field robot used in this study was specially designed to
traverse the flooded conditions concomitant with irrigated
rice cultivation. Its dimensions are L 1400 mm x W 1200
mm x H 1450 mm with a wheel diameter of 650 mm. The
wheel type is similar to those used on rice transplanting
machines. It weighs approximately 180 kg and is powered
by two 12volt batteries which rotates each of the 4 brushless
electric motors (200W, 3000r/min Orientalmotor, Model
BLVMG620KM-GES, Japan). It has sensors for Temperature
and Humidity (SHT31 module), sunshine (Sanko PV Array
Pryanometer PVSS-01), Airspeed (Powerday Airspeed
sensor), and RTK GPS (Ublox ZED F9P) connected to
Ardupilot’s Pixhwak?2 flight controller. A parabolic antenna
mounted on the top gives a remote-control range of beyond
160 meters and an adjustable camera mount on the front of
the robot holds two Sony action cameras used for image and
video capture.

2.3 Image Acquisition

!Department of Agricultural and Environmental Engineering, Biotic Environmental Science, The United
Graduate School of Agriculture Sciences, Iwate University (UGAS)
’Department of Food, Life and Environment, Faculty of Agriculture, Yamagata University
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Images were captured using a Sony FDR-X3000 action
camera in HD (1920 x 1080 pixels). The camera was
mounted on the robot at approximately 1 meter above the
canopy and had a Field of View of 1340 mm by 820 mm.
Image capture was executed using the cameras remote
function. The locations to capture images were decided by
placing 150 markers in the field (5 per test plot). The robot
was then positioned so that the marker was in the center of
the image frame, and the 4 edges were demarcated with
poles. In each image, 16 plants (4 rows x 4 plants per row)
were captured. In some cases, more than one image was
captured per maker to ensure all plants are fully in the frame.
The data presented in this report focuses on images captured
during June, 2020 at 6 weeks after transplanting.

2.4 Ground Truth data collection

After image capture the tiller numbers, plant height and leaf
color (Konica-mionolta, SPAD-502) of each captured plant
in the image frame was measured manually

2.5 Al Development
(1)Object detection algorithm

In this work we use YOLO V4 (Bochkovskiy et al., 2020)
on the Darknet framework for detecting tiller number of rice
plants. YOLO V4 is the fourth version of the you only look
once (YOLO) algorithm originally developed by Redmon,
Divvala, Girshick, & Farhadi, (2016). Bochkovskiy et al.,
(2020) verified and slected a large number of features from
the ‘Bag of freebies’ and ‘Bag of Specials’ to improve
YOLO v4’s architecture making it faster and more accurate
than all alternative detectors.‘Bag of freebies’ refers to a
group of methods that only changes the training strategy or
only increase the training cost such as data augmentation,
while ‘bag of specials’ refers to those plugin modules and
post-processing methods that only increase the inference
cost by a small amount but can significantly improve the
accuracy of object detection

(2)Tiller Detection

In our previous experiments we annotated plants by visually
judging the appearance of the plant and canopy size based
on which estimated tiller range was assigned. The trained
models gave encouraging results and was used to assess
images from the entire field. In this work, we investigate
methods to improve Al accuracy, by annotating plants with
the manually counted tiller number per plant instead of
visually estimating the number of tiller per plant.

Data Sets

The captured images were duplicated six times to create 6
data sets. For each data set 17 images were selected to create
the test data. The remaining images (223 images) were used
for training models. Each of the 6 training data set were
annotated (Vott Version 1.7.2, Microsoft) with a different

class range, to determine at which point accurate detections
can be obtained. Three approaches to class ranges were used:

- Actual tiller number: plants were annotated with
the manually counted tiller numbers.

- Grouped: classes were derived by using class
ranges of 2, 3, 4 and 5 tillers per class.

- Distribution: based on the 3,468 plants counted,
three classes were determined based on the
distribution of plants at each tiller number (Fig.1)

Al Ther  Grouped2 Goedd  Guupedd  Grovped§

t2 2
t3 13 /\
t4 4 14 F/ \
t5 s s / \
t6 56 58
t7 69 6-10
t8 ] to12
t9 1012
to o0

a b

Figure 1 lllustration of training data set preparation for
each data collection date: (a) Actual and Grouped tiller
ranges, (b) Distribution of tiller ranges.

(3)Training

Training was executed for 30,000 iterations using the
training environment shown in Table 1.

Table 1 Training environment used for Ai development

PC Ubuntu 20.04.1 LTS
Memory 31.3GB
Intel Corei7-6700K CPU @ 4.00 GHz
Processor <8
Graphics GeForce GTX 1080 Ti (11GB)
CUDA 10.2
cuDNN 8
Algorithm/ YOLO v4, Darknet
Framework

(4)Evaluation of models

We evaluated the trained models with the test images at
every 1,000 iterations for average detection rate and mean
Average Precision (mAP). The detection rate refers to the
percentage of plants detected by the model in each image
(Eq.1). Mean average precision (mAP) includes several
important indexes; Intersection of Union (IoU), precision,
recall and F-1 score. loU calculates the overlap ratio between
the boundary box of the prediction and ground-truth.
Precision is the ratio of true positive (TP) or predictions that
correspond to the ground truths to the total number of
predictions made while Recall refers to the ratio of true
predictions and the total of the ground truth positives.
Precision and Recall were calculated by equations 2 and 3
where P is precision; R is recall; 7P is the number of
correctly detected tillers; 7P +FP represents the total
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number of detected tillers; 7P + FN represent the total
number of actual tillers (ground truth).

Equation 1

Number of Plants Detected in Image

Total Plants in Image x100

Detection rate =

Equation 2
Precision — True Positive (TP)
TeCISIOn = e Positive(TP) + False Positive (FP)
Equation 3
True Positive (TP)
Recall =

True Positive (TP) + False Negative ( FN)

The mean average precision (mAP) is simply the mean of
the average precision (AP) for all the classes. The average
precision(AP) is generally defined as the area under the
precision recall curve (P-R curve) and is calculated as the
weighted mean of precisions achieved at each threshold with
the increase in recall from the previous threshold used as the
weight. For evaluations of the models with the test data set,
the ToU threshold was set at 50%.

3. RESULTS & DISCUSSION

Active tillering refers to the growth period when tillers
emerge in rapid succession (Smith & Dilday, 2003). During
this stage the plant is continuously producing tillers some of
which will develop into productive tillers and others which
would die off after peak or maximum tillering. Based on the
manually collected data, the number of tillers per plant at this
stage ranged from 2-37.

Table 4 Results of model evaluations for detecting tiller
numbers at active tillering stage

. # y

Model Wan - & Hlest Training Detection Precision Recall Fl- g mAP

Images Classes Images ) Rate sore 00

Iterations

Actual
Tiller 3 2000 861 ol 012 01l 817 817
Grouped 2 18 2000 854 025 028 026 1943 1516
Grouped3 23 12 17 6000 9303 032 035 033 W8 20U
Grouped 4 9 3000 9.2 037 041 039 82 34
Grouped 5 8 1000 %6.1 052 06 056 3687 3604
Dist. 3 2000 100 064 076 069 4846 6753

The models trained to detect actual tiller numbers had low
performance (mAP 9.17). Among the grouped class ranges,
Grouped) (class range of 5 tillers) had the best performance
(mAP 36.04). The results suggest that these models cannot
accurately distinguish the difference in groups of tillers. The
models annotated based on the distribution of tiller number
per plants gave the most promising results with precision
0.64, recall 0.76, and mAP 67.53. The class ranges of this
model is below 10 tillers, 11-17 tillers and above 17 tillers.
Examples of detections by all models are shown in Figure 1.

Detection rate refers to the percentatge of plants detected by
the model in each image. Detection rate for all models were
generally good and tend to increase as the number of class
decreased. Given the size of the data set remianed the same,
as the number of classes decreased, the number of training
images per class increased.

Figure 1 Examples of detection by models at active tillering
for tiller detections; a) Actual Tiller (mAP 9.17); b)
Grouped 2 (mAP 15.6), ¢) Grouped 3 (mAP 22.1); d)
Grouped 4 (mAP 33.4); e) Grouped 5 (mAP 36.04) and f)
Dist. (mAP 67.53)

4.DISCUSSION

In this work, we used deep learning to determine the tiller
number range from infield images and obtained encouraging
results. Of the three approaches to class ranges, the approach
based on distribution gave the best results (mAP 67.5). This
can be attributed to the wider class range resulting in the
easier differentiation of plant growth level and more training
objects per class. The information provided by this approach
to class range, though not as detailed as the other approaches,
can be used to identify areas in the field where growth is no,
so the necessary measures can be applied. —Insufficient
training data for some classes led to unbalance in the data set
which would have affected the performance of the models.
This will have to be addressed in future work. Deep learning
and computer vision has been increasingly being used in
detecting various aspects of rice growth; heading date
determination (Desai, Balasubramanian, Fukatsu, Ninomiya,
& Guo, 2019), panicle segmentation (Xiong et al., 2017),
panicle counting (Zhou et al., 2019), density estimation (Liu,
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Lu, Li, & Cao, 2020), limited attention has been focused on
tiller detection. Deng et al., (2020) used Faster R-CNN to
detect the productive tillers in rice with relative high
accuracy. The approach, however, focused on the detecting
the productive tillers at maturity, requiring the plant to be
harvested to expose the cross sections of the tillers, thus
there was only one class to be detected; the cross section of
the tillers. On the other hand, our approach detects the range
of tillering based on the whole plant during the different
growth phases of tillering. Earlier efforts Constantino et al.,
(2018); Wu et al., (2019); W. Yang et al., (2011b); Zhifeng
et al, (2016) approached tiller detection from the
perspective of high throughput systems for plant breeding
programs, targeting potted plants, or plants at maturity.
However, our approach targets the infield determination of
tillering at three phases; early, active and peak tillering, with
the view of providing information to guide management
practices for the achievement of optimum yields.

CONCLUSION

In this study we explored deep learning as an alternative
method to detect tillering in rice. We examined tiller
detection at three class ranges; actual, grouped and
distribution at the active tillering phase of rice growth. Our
results show that the models developed could not accurately
distinguish tillers at the individual level. However,
promising results were obtained at the wider class range
(Dist.). The lack of enough data across all of the class ranges
was a limitation that affected the performance of the models
and will have to be addressed in future work. The results
achieved is encouraging as it offers the potential of
providing information of the tillering status of plants over
the entire field, which can be used to guide management
practices.
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R

Investigated on Agricultural Machinery and Post-Harvest Technology in Ethiopia

Mitsuhiko KATAHIRA*

Abstract

In Ethiopia, rice consumption is expanding. However, it is increasing rice imports that domestic rice production is insufficient for the
demand. Thus, there is a need to improve the productivity of domestic rice. Therefore, since 2015, JICA has a EthioRice Project that
contributes to the development of rice research and the rice industry in Ethiopia through the National Rice Research and Training Center
(NRRTC). I investigated post-harvest and pre-harvest of rice cultivation at Federal Agricultural Research Centers under the Ethiopian
Institute of Agricultural Research (EIAR) and NRRTC in Fogera, Amhara Province, from November 25 to December 20, 2019. Plowing
was used long floor type hoe which was pulled by a cow. The plowing depth is about 15cm, and ploughing depth is increasing by plowing
frequency. Amount of hulling, Satake type milling machine, had 390 to 580kg / h, respectively. The hulling recovery was around 80%, the
hulling rate were 97-99%, broken rice rate were 15-36%, and the rice husk contamination rate were minimal. NERICA4 had more broken
rice than Ediget.In NERICA4 and Ediget, the moisture contents were 12.6%, which were lower than 15% at Japanese standard. Thousand
grains weigtt of NERICA4 is lighter than Ediget, and thickness of rice grain is thin, too. Fissures occurred around 50% in NERICA4. This
reason is over-drying and thin grain thickness. The Satake type rice milling machine, which has rice hulling and rice milling simultaneously,
has a friction type rice milling implement located at the lower part of the rice milling machine. The degree of milling is adjusted with the
weight and weight positions attached to tablel. The milling rate of normal setting was 83%, and the milling rates that changed weight and
weight position were 75-80%. These milling rates, compare to 90% in Japan, were so small. That results shows too much cut down on rice.
Decreasing the milling rate as broken rice rate increase.

[Keywords] Ethiopia, agricultural machinery, post-harvest technology, hulling, milling

1. #®#8
TFAET TE KOHEEDIER L TNDAS, ENTORAE

Research, EIAR) 2% F OGN EEERIE Y L 2 —D U & 5T, Amhara
JM Fogera HFUZH SRR L7Z NRRTC ZHUINKAEPECTOEE

DOFEFNHR L TREL TS Z EMDEAEINL TRY | [EpE
KDAFEMYGED RO HILTND, £ 2T, JICA TIE2015 F1 5
[EN7A R FFERHE > 4 — (National Rice Research and Training Center,
NRRTC) 5#{t7"v >~ 7 b [EthioRice Project] ZBHiAL . =F 4t
T TOA KGR E 2 AFEEDFIBIF 59 DFELHEE L T,

TFAET OTELEIBIE (BEED 65%) THY, ZDH b
7K@l Amhara, Oromya, Tigray, SNNP, Somaliand Gambella (D%
INTHEESN TR Y . 2BWEEEIEDDEIED 0.5% L7
BURICHD (FTERL:268%, 77 1 17.6%, VW72 :16.1%,
INEE D 15.7%, REE 1 72%) . Fio, APERTIREHIUR 2ha ABEIC L
TRBUR, /INIREFICX D SIUTRY . KHFHERZS 10%, /1981
BURZD 90% IR T, /INER DRI TR TH 2, K
FEAEDREFE OB NIL, FRRER & Bl bl & L7 bas
EAIN WD,

A TITTT AT NS (Ethiopian Institute of Agricultural

FERATASR, RA b/ ~—_R MEREHATCR LT 2019 4 11 H 25
A2:5 12 H 20 RIZHNT TREZAT > 7o D THRIET 2, AR JICA
& EthioRice Project 2>H O CHEM L= HDOTHY . BUREAIC
WEEERT D,

2. HEAR

(1) BEEMEEORMN

TFAET D Fogera HIKDAFERIL, EITHHLZFDFET T
R CHENE LT e (K1), BRI S BREA T 270,
#4302 DIFGA 2 H T 2[BIFHET 5, FAZ K DPHEEDOFRE I 150m
TH Y FHLEE AT 2 & e ICHREERLS T 28REThH-
7o A L QO D RARIIFEIH G S 220 b 00D, BEREOZEM:
BN D To DA TR S s,

BUTORES A - BREOUGET OV TR, BUROEOS S
BT DT DI DOVEERVETH Y | 30~40PS Fk hT 7 &

*OWTERIERAEE RSN A IERT 1-23
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1 Vertisol HETHORKREIZ &k D444

2 Fogera thXAEEEFFADRKE

ORI ERNCTH B, BHOFESEEA — 7 — T, FE#D 10~
1SPS FhDHAT N T 7 4 ZTT /MBS L CND Y, HIARE Bt
UN2sh, B Vertisol TORED ANTHEAT 5 Z &LV,

() UFE - Rk & Pk

INCREL38H% V=TI 0 G, B & CREBRE T B CEEE <
HOTH T, MYEBIFUT, 1Z5T1 AR LI BICED D
AL B3R & D IR TEE A P U TR TR 1 Rz
W27 L) 7D 2 BT TR Y L BRINDK G DY —
(&K >TWD, ik Tz U7-fiokka himl o &, A4 K B
DT HRHETIINTIT S, BiaERei, AESE~ DR EEY T
MR TED EDORETHS7228, BURRIIER AD3RAE L TR,
EIAR D 6 Z DRI OV CREDSEN G 5 & DR TH
o7, ek, BT FHEECLARETH D,

() BHURERDIRTL

Fogera HIX OREKSEE L, =2 73— OB O Kk 2
AL TERY ., HEKEIERD 65~T5% Tih o1z, Wekidssdd5a8,
FRSITHMDOTEETHHA Y= FITRALTHIAT 5720,

3 Fogera X TOUNFE L 1-FaD = REzIE

K4 HGEE-or-Ris

TE - [X43 ORI L CRER R . OV BA B Ol 7,

5 Fogera thXFEREED T 45 — RFEHKHE
ZRIEIZ 725 TU VU, ZEFT AR BRI TR ANIAS 2 & OF3
T Tz, 723, BIORSKEESIE, K 6 \Rd 4 il
B0 AR, FoRHOIRBRE 2B LT Y | fik b keka sy
BELCHRTT 220D DL ThHoT,

FRICBIL, B DRIERIIRRELIZEBY 65~T15%L 72> T
WD, b h, FUTHHA D KRBT A S 4L, % 20%, %
5~15%BrE GRS : 85~95%) L CHImEN T\ 5 L PSS
Do TR, TN A= TIIEER 2D, KRR L D F
Fhpr & U CHRH SN D720, i S ARk R e E b & E
NWCWD AR S D, & 7230 B, s, FRkolER <
INTEND T80, KRN 2 FOhbEH S D Z Einbo 7
=T & TR U CRERIFOIRIEN RAF & W R A8, ZEENDITE
TUTOWTRRZE R o7,

6 S5 /7BE YRR (NRRTC i)



KN« 2FAET TORDBA hv—_A b & EHEEIT DN T 1

(4) BUE O FEAE FAV - CORIE V) FH

NRRTC Cif, JICA OIAETHiRL L7ZIX 6 (73 #UFE 0 KA

(¥4 /7, SBIOD) 2SEA I TR Y i ~DOfE $,47 5TV,
BTG, WA D R OMRE R 21T > 7o,

B Y R COEERATEIL NERICA4, Ediget (AAL : AATE)
D2 GHET, TN 17kg & 18kg & AV =, FHATAEH L. FHEY
& (kgh) ., ZKEEE (%), BEE (%), FRUKBAE%). W
VKR, IEIVER(%), LK THRIEE), E7KE(%wb) Th D,

W CORUE D OPRRA 7, MR ROEREFR 1 L 212%
TVEIURT, FUHE ORI, BB S 390~580kgh & 720 | fifl
MICERD T, FIHE O VEREIL. ZROBNERDH 80%. 553
97~99%, —%& 0 COMKRARN 15~36%. FIHHRARI DT
H-o72, NERICA4 [FT—FITEENDHHEKD Ediget L0 270>
<72, NERICA4 & Ediget TlE, fHARFDOKIZNTND 12.6%
THY, BAROFHE Y RSy 16% & DKL | BHE Y BER & LGl
IRRIETH T, KT RIEILI NERICA4 3 Ediget & v H#%< |

7 YRR (EE% : Ediget TE% : Nericad)

®1 HEAREORE

Grain Weight Moisture Fissure Paddy componets(%)

Varieties
(g/1000grain)  (%,WB) (%) Brown rice Husk
Nerica4 21.0 12.6 48.7 80.8 19.2
Ediget 24.8 12.6 9.2 78.1 21.9

&2 WREYEREOWREY e
e Hulling capacity Hullinng recovery Hulling rate Crack rate
Varieties
(kg/h) (%) (%) (%)
Nericad 390 78.2 97.1 36.3
Ediget 573 80.0 99.4 14.8

FEEFEMME Y, TRERET NERICA4 73 50% 342 LTz, i
V. BRI RIEOM S NER &V 2D, BIERE LKL, W
nnFEE b ZK 80%. FUE% 20% & 72> CF Y | Japonica fE & [FIZEC
Hotm, R ROMKE, EEBOIRERER & V2D,
728, BLSRIZAADEYETH D 90% L D EV =, u—L B EE
SR TSR EZBUR L D BN S MEDH D,

(6) FkaBR

NRRTC [ ZEA ST L4 2 rIHa 0 #8644 (% 7, SB10D)
ZROWTHERRERZ T o7, HEHET Bdiget (K5 134% wb) |
BERY LTV ED 6kgX3 ThoTz, BRI R 28
LEEDALE % 3 B THIAE 8 CRRE L ZALENDOIIE=R (%)
B U, BRI IARO Tk = FAME L TR

.. Paddy rice

Hulling roll area

Table 3
* Husk
+ immature
grain
Wl —
&3
machine
Table2  Tablel
+ immature - milling rice
grain
* husk
8 Y IEREONEMEE
. Paddy rice
Table 3

Hulling roll
« Husk Sm———— '\\ glaeavlagce:
« immature \ =T 08~12mm

grain
0 .
,,0 s e

Table 2 Table 1

. immature ° milling rice
grain

- husk

9 HEYEAROBHRIHER

&3 WRBYEKETORRMEEE (8 : Ediget)

weight " brown rice milling ricee bran  milling rate
TEST position
(& (kg) (kg) (kg) (%)
TEST1 300 bottom 6.0 5.0 1.0 833
TEST2 300 top 6.0 45 15 75.0
TEST3 600 bottom-top 6.0 4.8 1.2 80.0

*1:Variety is Ediget, Moisutre contents are 13.4(%,wb)
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D, HHEY ERERERIRFAT DB (X8, 9) 1T72> T2, I
0 IR, IR 2 R R A RO GRS T 5,

PRSI AR 3R, EHRE (estl) OHIEAEIL83%, #E
N ETEZ T BROIRHATE 75~80% CZE b U=, kAT AA
D 90% & i LTS L HID 3 F oz o 7o, Hiee K&
T2 LHEROFAE B Z D728, 300g LA FOSEEHH L ik
W% OOV F RS 5 Z L AW TH B,

FEKTIE, S & AOEERLOIREE, 10%LL EOtERIZ L -
THEIKNL S FET D, FRI. NERICA4 (ZZKOmE L, IR
FH Lo DERUERZ N, S5%O%EE LT, B Cldbis
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Gaze Characteristics of Livestock Farmer during Grasping the State of Livestock
using Eye-Mark Recorder

Shinsuke KONNO* - Hideya HIRUMA** -

Kenichi HORIGUCHI*** -

Mitsuhiko KATAHIRA***

Abstract

The number of livestock farmer is decreasing as a result of retirement due to aging of the farmer and lack of the successor. Therefore,

livestock farmers have more domestic animals. Livestock managers generally check state of animal by sight. It is necessary to have the

observant eye cultivated by a lot of experience to accurately grasp the condition of livestock. So, it is not easy for inexperienced livestock

managers in order to accurately grasp the condition of livestock. In this study, we investigated the gaze characteristics of skilled livestock

managers using an eye-mark recorder with the aim of helping beginners to improve their skills. The gazing point was measured by

having the examinees wear eye-mark recorder (EMR9, nac Image Technology Inc.) and observing the estrus state of cow and the health

state of calf. The number of gazing points, gazing time and gazing time per one gazing point were calculated for each gaze item using the

software for analyzing and aggregating gaze target (EMR-dTarget for 9Pro X Ver.4.0, nac Image Technology Inc. / Emovis Corp.) The

skilled livestock manager focused on cow’s body and rump depending on condition of the cow and calf’s face. The skilled livestock

manager had precise observing points and tended to spend time observing points which required attention.

[Keywords] calf, cow, eye-mark recorder, livestock management, skilled livestock manager
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Effects on Accuracy of Object Detection Al by Difference in Green Soybean
Varieties Included in Dataset

Tomohiro MORI*

* Mitsuhiko KATAHIRA**

Abstract

Almost all farmers who cultivate green soybeans use manual sorting, with a work efficiency of 12 kg/h, so a sorting machine must be

developed for quick, accurate detection of green soybean quality. In order to develop such a sorting machine, software is needed to first

detect the green soybeans and then classify their quality based on appearance. In this study, we developed an object detection Al for sorting

of green soybeans based on their appearance. With the goal of establishing a method for collecting image data to create a more accurate

object detection Al, we investigated the effects of 3 different varieties of green soybeans in the dataset on the accuracy of the AI. We set

seven datasets; one for each individual variety with the remaining 4 comprising of different combinations of the three green soybean varieties

and used these datasets to develop Al with YOLOV3. As a result, F-value of the Al trained on the dataset that included images of the green

soybean varieties to be sorted were significantly higher. Therefore, it is necessary to constantly collect images and video data of the target

variety to be sorted when creating an object detection Al for sorting the appearance of green soybeans.

[Keywords] object detection, deep learning, YOLOV3, sorting, variety
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Detection of Species Composition in Mixed Legume-grass Pasture Field
-Second Report-
Ayako Oide* * Katsuyuki Tanaka*

Abstract

Image classification methods are broadly divided into pixel-based classification that use spectral information and object-based

classification that use object information such as shapes and textures. In recent years, Al (artificial intelligence) methods such as machine

learning or deep learning have been combined with these existing methods and applied to issues in various fields. In the field of pasture

production, control of weeds such as broad-leaved dock (Rumex obtusifolius), which has a high seed diffusion ability and hinders the growth

of grasses, is an issue for pasture management. Therefore, the attention has been focused on the methods of identifying grass species by

using UAVs and application of machine learning or deep learning of aerial images. In the first report, the authors verified the accuracy of

grass species identification by processing aerial images with a neural network, and set the task of distinguishing between bitter dock and

legumes. This second report reports the results of examination of effective features for each of pixel-based image classification and object-

based image classification in order to improve misclassification between these grass species.

[Keywords] machine-learning, UAV, weed control, ratio of legume pasture
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