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ABSTRACT: Rice is one of the main economic agriculture products of Thailand. One of factors which cause the decline in
both quality and quantity of such product is the spreading of rice diseases which has Blight and Blast as main diseases. From
the report, both diseases can be infected and destroy rice from the sapling stage to the yield stage with the damage up to
50% for Blight and 0.4% to 100% for Blast. If the diagnosis has been done accurately and in time, the damages can be
diminished with the most effective solution. This research purpose is to implement the deep learning technique used
specifically for recognizing rice blight and blast rice diseases images and developing the classification system for both diseases’
symptom pictures took from the rice fields. The result indicated that the YOLOvV3 deep learning technique has the highest
effectiveness in recognizing both diseases with the average accuracy in blight and blast rice diseases classification at 90.33%
and 86.46% consecutively, while the mean average precision, mean Average Precision (MAP) is at 79.19%. Nevertheless, the
reviewing for correctness YOLOV3 system by testing with a set of non-training pictures of blisht and blast symptoms, the
result showed that accuracy is decline to 87.50% and 74.00% respectively. Moreover, mAP is further decrease when large
number of diseases added to deep learning training. The reduction of effectiveness of deep learning for disease recognition
caused by the poor quality of pictures and the similarity of the disease symptom in many diseases. The successfulness in
developing system using deep learning technique in rice disease recognition based on disease symptom image analysis are
showed in this research. This system can be implemented as a tool for rice farmers to classify rice diseases via mobile
application platform along with plant pathologist advice for more accurate diagnosis.

Keywords: bacterial leaf blight disease; rice blast disease; image processing technique; deep learning
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Figure 1 Rice bacteria blight symptoms showed water-soaked to yellow-orange stripes on leaf blades with wavy

margin and progress toward the leaf base (A-H), bacterial coze on infected rice (I-))

WAUTIUTINME NYalrensveslsalrvestnlardnseAueIN1INNL scale of rice blast disease (IRRI, 2013) WUSNwYLY
013 et sl mmamaﬁiuﬁLLwazgﬂﬁﬁﬂmaﬂﬁwﬁmé‘hm%’nwamﬁmmmlﬁﬂ (Figure 2A) 320U3 Hemenneenudniies T3
wna%immﬂmqu,maLLazsuaUﬁifwma%’mu (Figure 2B-C) s¥fu5 seelsauauvsatling YOUUHARLMNE ALNI R LA
2.5 fadwns wazemuemuszanm 10 - 15 fadwns vareuwnalisediostu (Figure 2D-E) szu7 seelsAn’19Tu YouuNaiTE A
wies S enaa(Figure 2F-H) way Sesu9 seelsren wasvansunasiusariiestu (Figure 1) Tnetuiinamannudastiludomin

WENse UATUTH ANTIRIUT Toum WIEUATATRYSEN WaTNYTYS

Figure 2 Symptoms of rice blast showed eye-shaped lesions (A-C), diamond-shaped lesions (D-F), and the spots enlarge

to spindle-shaped spots with grey/white central part and brownish borders (G-J)
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Figure 3 Diagram shows the process of rice diseases images Identification via Rice diseases Linebot application.
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Table 1 Various type and stage of disease symptoms of rice blast and bacteria leaf blight used in this study.

Disease Symptom No. of Image

Blight Water-soaked to yellow-orange stripes on leaf blades with wavy margin and 1,604

progress toward the leaf base

Infected bacterial leaf blight rice leaf with bacterial ocoze 201
Blast Small diamond-shaped lesions and water-soaked to brown color 365
Eye-shaped lesions brown color with grey spot at the middle of the lesion, 573

size around 2-5 mm. in wide and 10 - 15 mm. in length

Multiple eye-shaped lesions merged as disease progress 1,008

Total 3,751
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4D) FeARaRINUTIBNUYRY Mew (1989)

A —
Figure 4 Bacterial leaf blight disease identification. Colony on NA (A), Xanthomonas oryzae pv. oryzae bacteria

gram staining (B), The PCR detection of Xanthomonas oryzae pv. oryzae (C), Pathogenicity test on KDML
105 using clipping method (D)
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Figure 5 Disease identification of rice blast disease. Colony on RPA (A), Conidial characteristics of P. oryzae under

the light microscope (B), Pathogenicity test on KDML105 by spraying method with spore suspension (C-D)
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gndesedluinadiduszAnsnmaiande YOLOV3 Tnefid ad sanugndesweduiaasg i 79.19% (Table 3) Wuluawi
Kiratiratanapruk et al. (2020) lfsneamily SsdadenlumayoLovs wieldlumsmedeuidadedonm Inefadwudafu 3 nesdu
fafimmuunninaiuludemesinmlsaiiannsoidedeld sustdnsusulsiimaSousnmiunisiuluusosnesiu Sefads
Tusarsanuluszuu Linebot wielidu interface fiasmnsomsldsmmesadarialy Tumsnsaaeurugniedaslénmedielse
vouluuiauaglsalus! Famaaaeuluadailénm fimmemsafiguilsrududliinediunsfindussuy (non training set) e

ffeelshag 200 M armeaeunUIszUUITadelsmveuluwiuarlsalnifemadameFoudiddnluitasnedulanademm
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gndfesgafianeyfinesdu 1 fimmgndedunsifadelsaveuluusie 87.5% was Tsalul 74%, sty 2 ssutiianugnéoduns
avitiadelsaveuluunis 73.5% uae Tsalvsl 84.5% uaziieidu 3 svuullanugnaedunyidadelsaveuluuia 70% uag Tsn
st 79% mudndtu (Table 4) Tnonwdnuarormslsaveulumiaiaslsaluifannsonnaitadelsesdedidnuuromsidaion
fissminennaudlsiiu 10 wuiues Tuimiuanomsegfnaenm uarfudaduuannanmausssuruasnuiinmd
liansanmaidedelsgndes violiaunsaidadsldasdunmiifidnuaensilicade donmluszesinmnaudifu 10
ey uarluiniiuansennsvioutaunalsioginansnm viefuaswosi ud s suniunisiswesssuy fuandluam
Figure6 uas Figure 7 uenainid muinmsifiswiavestsadilvlunmsiannssuumsitadelsad nilnansenulaensoszeiu
augndedumsdinvesruuGeusBeiniianntu Tnenuimnnssuiinaeusasaaoudisdsaluiuaslseveuluuisaslsian
gndedlunmsifaduvedsaldgniesgs Inedaed saugndedumsidedelsalml 86.46% uazanad sarmgniadunis
Aadelsnveuluwis 90.33% luvarinafivviavessalunsiinaeuszuumaiseudiBsdnlulieanesdul faeddus wuin
Anedsmugndedumsitedelsaveuluuisanainio 87.5%, 73.5% way 70.0% AMAWU eenaidennandnunreinisues
vanelsrilenuilnalAsviseraneiu Tnsamnglsaveuluwis Aulselukauias :nmstieguananuazlsalulauuasmaaey
syuunMladenestu 1 uay 2 wuinssuidadudulsaveulumiuasuenesnanisaluiauunsiieanugnisunnnii 75% us
Tunesdud 3 Aflmadialsalusauunatrlilnaoussuundunuiwiviiinmsitededulsevouluwidiamugniesanaady 60%
Tuvaifianad sanugniedunsidadelsalmiluurlinnanesdusine San 74.0%, 84.5% uag 79.0% mudeu lnewuluna
nestui 2 amnsnidadelsaluiliae 84.79% sudennnniuamilsalmiifanuamvansvesensifinainiesdul Wl
Tdadelsfninda uazUssavinmanadunestuil 3 anamniudomndnvazenmslsalmifanalndidestutulsanmly

whdud U lulamativnilananesdun 3 fussansnnlunsitatsanasviae 79.0%

Table 2 Dataset of Rice bacterial blight and Blast disease images used in this study.

No. of image data

Disease Total
Training Set Validation Set Testing Set

Blight 866 205 120 1191

Blast 805 200 120 1125

Table 3 Average Precision (AP) of deep learning models on detecting Rice bacterial Blight and Blast diseases.

Average Precision (AP)

Disease Faster R-CNN  Faster R-CNN RetinaNet RetinaNet Mask R-CNN YOLOV3
Inception V2 ResNet 101 ResNet 50 ResNet 101 ResNet 101 Darknet
Blight 86.22 84.94 29.75 27.84 88.83 90.33
Blast 77.98 63.05 40.89 41.87 84.95 86.46

mAP 70.96 51.86 36.11 35.48 75.92 79.19
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Table 4 Sensitivity of disease diagnosis performance via Application LINE (Rice Disease Linebot) / usage

environment

Experimental Results

model
. Disease False Negative Sensitivity (%)
version True Positive
Misdiagnosed Unidentified
blight 175 11 14 87.50
1 blast 148 1 51 74.00
sum 323 12 65 80.75
blight 147 40 13 73.50
2 blast 169 2 29 84.50
sum 316 42 42 79.00
blight 140 39 21 70.00
3 blast 158 1 41 79.00
sum 298 40 62 74.50

Figure 6 Example of the identification performance of bacterial leaf blight disease based on YOLOv3 model.
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Figure 7 Example of the identification performance of rice blast disease based on YOLOv3 model
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