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Abstract

This paper used the image recognition algorithm model and Detectron2 framework to detect
five types of defective Irwin mangos. The principal object was to recognize five different
diseases concerning Irwin mangos by multi-object instance segmentation. There are five
diseases respectively, poor coloration, anthrax, latex attached, mechanical harming and ink spot
disease. We spent over 500 hours on data cleaning and data pre-processing due to the dataset
(training set + validation set totally 59650 images) offered by vendor is inferior in quality. We
also eliminated 8995 bad images. Finally, the dataset remained 50655 images. Data collection
and data hazard are the significant challenges will face when apply Al to the real-world. Our
research mainly used Mask R-CNN which is the image recognition algorithm of deep neural
networks and transfer learning based on COCO Dataset Pretrained Model makes the detection
results more precise. Then, we used Grabcut algorithm which makes accuracy of instance
segmentation up to 99.9% in data pre-processing stage. Further, we applied X101-FPN
backbone for making neural network deeper which compared to R50-FPN was effectively

improved 90% accuracy. Eventually, we achieve the 67.2 AP in ours experiment.
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Detection.
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# 2 : COCO Instance Segmentation Baselines with Mask R-CNN|[21]

Name Ir train inference train box mask
sched time time mem AP AP
(s/tier) (s/im) (GB)
R50-C4 Ix 0.584 0.110 5.2 36.8 322
R50-DCS5 Ix 0.471 0.076 6.5 38.3 34.2
R50-FPN Ix 0.261 0.043 34 38.6 35.2
R50-C4 3x 0.575 0.111 5.2 39.8 344
R50-DC5 3x 0.470 0.076 6.5 40.0 35.9
R50-FPN 3x 0.261 0.043 34 41.0 37.2
R101-C4 3x 0.652 0.145 6.3 42.6 36.7
R101-DC5 3x 0.545 0.092 7.6 41.9 37.3
R101-FPN 3x 0.340 0.056 4.6 42.9 38.6
X101-FPN 3x 0.690 0.103 7.2 44.3 39.5
4. FH2%
41 FTH &

d B 15¥F & A g ?\‘} 8 '.L’ﬁ _i"%ﬁ:jﬁ;%@_ﬁ;ﬁ;\]ov&r@tﬁfﬁa/’a\“—al]{’%u‘,‘iv}'glﬁ’(Dl)\
BHG DD KB HDI T4 3 ADY L LI pDNE T GRS

g

AR @®D1) HE=D2) RERD3I) EBFEDY ZhRDS)
W15 € = =% T 55 a v §

MR R EEN LT o dok 3977 B R 16 TR T f‘;\raaa‘%f— PR AL B 0
% S7 §oF B (training set & developmentset) » 3435 49650 3% & v = % & &p 48 7 B
PRSP RB R IF S AR B b e A RIETHEER TS RE A
ﬁﬁﬁﬁé%%’kﬂféﬁﬁﬁo
23 B TR FHEREAF L
Grand Train Dev Test Total
ML

Fu it e (D1) 2579 391 Blinded Blinded

Wi g T (D2) 507 90 Blinded Blinded

& B 5 (D3) 23587 3504 Blinded Blinded

%3¢ 7 i£(D4) 15045 1997 Blinded Blinded

2 5 (DS) 2657 298 Blinded Blinded
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(E£13E) HREREA
25000

20000
15000
10000
5000
, H_ _ [l H =

R BREEE 2 KER 2 BB8FRE  EHE
B Train mDev

B 16: &2 =% T §pA + W
42 AR #p = iFE

FHRE RS OTH 0 QF HOR LB S HHEL 4L BRI F AL
PERBEOHRAER . LT )gj%; L RE R R Y e 5 R 8 4 8 B 4E (Multilabel
classification) » ] A(2)5% § ;‘Ju}% F B P Ap w8 g BIR R Y] 4 2. TP, FP, TN, FN &
PR RS '

Macro — F1(F;,ma): F;, ma = 2 *

recallyg*precisionmqg

recally,qg+precisiong,q
Zi5=1 precision; Zfﬂ recall;

where ,precisionma = . ,recall,,, = -
. TP;
precision; = ,recall; = - ()
TP+ FPL TP;+FN;
i=1,2345

TP; = True Positive of classi , FP; = False Positive of class i
TN; = True Negative of classi ,FN; = False Negative of class i

% WA W ST 4R o 4L (Confusion Matr1x) » A E AL AT RR e T
HiEw 3E s B Ao fj\z & Pl dp H(F-score):™ & #7 % e Fx 5 (precision) & 7. ®
(recall) » %EEL’%' 2 7w X2 F L 5 trade-off» § ¥ ;iFPE%I,@ g Tf] € precision; F 2. > F &
N S m@hﬁypﬂﬂm4%$*%f%%ﬁ’ﬂ&i%zﬁﬁﬁﬁoi
BFr2Es = % BTSSR I AR R VFERHRESFE LY F o e(3)F AT
T .
Zf=1precisioni

5

recall,, = = 62.21% 3)
_ recallymg*precisionmg
Fi,ma =2+« recallyg+precisionmg 63.92%
ABE 0 62.67%E 6221% c R HE-HEFE L w I U E S AfemiE vy F o
l*éﬁ#}q & F, — score » % ¥ ¥ 63.92% -

precision,,, = = 62.67%

Zli';=1 recall;
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% 4 : Fi#d baseline 3 ¥ $¥k

Diseases D1 D2 D3 D4 D5

Parameters | s+t wn | @G E | REp | FAE | Rmp
Recall 56.11 55.61 77.19 76.79 60.32
Precision 54.1 50.38 77.19 76.75 54.93
F;-score 54.8 40.43 77.19 76.63 56
43 REHEZK

e gERAE R 0 BT el o e R R RFRRR R A AL PR G RE R
AAE N o — R et T A EE o - T 58 E TR - batch size 4 > #4055
B- g R SRP o Flt i @ FREEE TR AP IRRE R LG S
feveno bAFTAPRY AFRARS EREY « GPUEE X HTLEYN TR &
% & * F| N3k Teslavl00 GPU & 7 03] 3" 3> 8 * 3 £ 960GB 2. VRAM *t#¢ 5 e 52 450
A2 R o

BRSO AP erE Y i@ 8 TR M55 cdxsuper (hi i 71 E CPU 5 8 3%
Tesla v100 » 32 CPU cores @ =848 5= 720GB -

4.4 FEBSE R R R %

AL BB R FRERS R L iR T 54 B K (Average Precision, AP)[17]2¢ £ 1F
mean average precision > & B fFEEHA Y ¥ L2 =R 4k -

S (4T
AP = folp(r) dr (4)
AP B d whif 2 M i E Low AT d M2 fF A 0 6 f]ﬁ'g\‘i oo FlMFRTE L v F
i3 0~1 2> s AP PR 5 0~1 2 B endcle > S B omsincdlf e Tims 2L
FE AR e d B 17 T AN R EER Y R ERRES k> X2
fer L DR E SR pd e a0 Y AR R BRG R F
H2 FEREEARRE AP TIOE T AZE 700 A P L B BRSO RPIREEHRY
RBFARB N BH > KFREFRFR L TREH M RRFR B RBBIEY E
BB RS TE Fi? 2nk By end 7 5 XI01-FPN > d £ 57 4o ji4~ 4~ AP % 26.78
BB FEEESTE 6742AP c A PEB D FERE X Ao 17 it 0 1 X IA m[’%ﬁ_rﬁ
Toe T PR 0% 2 R AR o A R % TR A
PO AR SRR PR AFRR AR AAH KRG FI @R 2R AR
fat MKk aF o £ 5] MaskR-CNN 7 & i85 5 e Tl ihie > Bm A € & i~ e pF e
4 # Fr@i(domain knowledge) 3 B & FA A deioZ LR 0 HITE LSRRG € il
Big s - TP o RRHRE . AF LML o FAFREA DR RET - o
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- e’
@ \ : '
EBLE FL 31 08 fff )=k Epifm S =

W 17 : pmfd s & B

2S5 BRE AP FEBR

description backbone AP APso | AP7;5 | APs APy, APy

original baseline R-50-FPN 26.78 | 55.64 | 51.88 | 4.53 | 32.72 | 61.48
+ train-time augm. R-50-FPN 28.90 | 57.47 | 52.06 | 4.86 | 34.67 | 62.28
+ data distillation R-50-FPN 30.74 | 59.41 | 56.97 | 5.51 | 36.04 | 6491
+ deeper X-101-FPN | 58.49 | 70.03 | 69.90 | 9.74 | 52.57 | 80.71
+ data augmentation | X-101-FPN | 61.35 | 73.15 | 71.54 | 9.84 | 54.45 | 81.34
+ transfer learning X-101-FPN | 63.64 | 74.41 | 73.98 | 10.21 | 55.74 | 81.62
+ test-time augm. X-101-FPN | 67.42 | 79.53 | 75.21 | 10.95 | 57.39 | 83.42

5. RHBEAKEY

AELLARTRL  FRASS FRRBIFRR D RS K o R Rk
2 &7 L REA R BARGIESFTE 22 i34 % > % Mask R-CNN ¢ transfer

learning % BE ¥ HpvF . L % &2 :}?ﬁﬁ;‘r"ﬁ”%*@ - Epdiinse o & X-101-FPN #

SRR o B ART LT 6742AP 2 FifE e 0 E B % R-50-FPN § et

I 91%2 AP @ G AR A ik 2 iR PR RS RIS I - o L ESRS
AR o EFFORELE R 2 R R TR A T MR R

e e

AP EA RN P R R AR AR R A URRR Y AU BREF S F
Fie- HEAFEEERRE o bldcadey P TREARDERT > ¥ Y GAN 27
TR 2 AN A L ER AR R TR ASHR LY 50 2
BHRERRT N6 FHREANGEESTEERAFES B R LU R FER f B
Lz PN BEEHF RN FEFZAISEHE SN N SR BRE g Y el
SR AFHEEE -

6.

ARG FRFREHEE b S FRD Bt Eh R B R
BT Y EARY B OETHRE R Hl o A BREN B T AT EARY R AL X R
WARFGE S - i LR HRAFRRREY A PRIZERT RAES AR
AR R R E R REE TR R AT ORI T o B i SR R
W FA AR ERALIRIAB G BT T S AA PSRRI
FEATZE IR BTN B ERAPF ST -
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