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Recognition of mango fruit diseases based on image
processing and deep transfer learning
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Abstract: [Objective] To realize non-destructive detection of the internal quality of mangoes and disease
identification and classification based on the CT sequence images of mangoes obtained by computed
tomography (CT) equipment. [Method] We used piecewise function method and median filter combined with
bilateral filter to achieve image enhancement, used local adaptive threshold method to achieve binarization
processing, used seed filling method to perform area filling, and used the image difference method to accurately
extract the damaged area in inner tissue of mango fruit. Based on the deep transfer learning model, training and

testing were carried out on unprocessed and processed mango image data. Transfer learning was carried out
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through the AlexNet and GoogLeNet deep learning networks, and hyperparameters were adjusted to complete

the network fine-tuning of the training process. Under different models, the classification results of unprocessed

and processed mango test sets on the model were compared. [Result] Based on the unprocessed data set, the

GooglLeNet model was trained at a learning rate of 0.0002, and the Accuracy and Macro-average were 98.79%

and 98.41% respectively. Based on the processed data set, the GoogLeNet model was trained at a learning rate of

0.0002, and the Accuracy and Macro-average were 100% and 100% respectively. The deep transfer learning

model had a greater improvement in the model classification index of the processed data set than the

unprocessed data set. Based on the same data set and consistent hyperparameters, the classification effect of the

GoogLeNet network was significantly better than that of the AlexNet network. [ Conclusion] While learning

rate is set to 0.0002, the Epoch value is 3, and the Mini Batch value is 64, deep transfer learning training is

carried out based on the GoogLeNet network, and the resulting model is used as the final classification model.

Key words: mango; disease recognition; CT imaging; damaged area extraction; deep transfer learning; image

classification
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a: Mango with spongy tissue disease b: Mango with hollow disease
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n R FII N Precision 17 & IEFEA I 4 SR UHER
#, Recall Fx7r R IERH B IEREA 5 & IEFE AR
Etfi], F1-score & Precision 1 Recall i #1145,
Accuracy 1 & A FEA K 73 SR HER ) 7] . Macro-
average W2 ZR& 1 R REFE PR 1) Precision. Recall £l
Fl-score {5 5., H Fll Accuracy — it H R PPA 15 R
AR o FNERE

3 RS

31 EREGHESE

T B S o I SR S uE SR R U 4R, 4T
EFREE . PR R AR A S R, BIR & IR
Ab BRAR AR AN 2 G A3 R AR . R &
B R BHE 3 K BRETE R CT B A
(2 168 5K), WA =R CT B H (1 924 5k), =
ORISR CT EB (864 5K). & UG AL HE 5 1) £ s
SRS 5 2 ORET IR (2 168 k). Mg 4R 28
T RE R (1924 5K). 20 BB F (864 5K).
HERA SRR X A (1920 5K). 25O HIX
B R (864 K)o IS /KPR T BRI I £
WEke 90°13 3 18 2 1 AR K, B 14 MK 15
SR T ARG BUR A 3 5 SR AN & B AL HE )5
s A H AR 4 J5 R
3.2 MEKREERGLIBHIES

K2 PG A R £ 2 9 I 2R 4R B0 uE B2 AT
AR, BEALECE B 30E 1) 60% 1E A IR,
20% TENIIESE, 20% 1E AL . WZRERIEN
BRI A B BEREAS, I IE S TR B R () 2
HORUG o3 BT (1) RE D1 AT R0 PEAS, W4 2 H
TPl Bz AL e

TR IT 8 2 ) BRI 25 i B W MR ASE R ) )1 2
T Y ERA R B0 WA 2R RN B0 E 453 %, 7E I 25
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Macro-average =
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Fig. 14 Unprocessed mango image
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Fig. 15 Mango image after image processing

S H A EL (Epoch). B¢ /Mt (Mini batch) Al
27 3] R (Learning rate). 154X 1 52 fR IRk
SEAT I BN R AR, IRk AR B EU %, 25 3)l]
SRS [A)ER K, HERf Ze B B USRI . B/
L2 FEAE CPU EANEE RN 304 S 1 1 5, /D
AR, ISRk LR PR . 2% ) 22 P I 25K B
() FESH, 2 ST A, ISR KA R,




B 4 ]

TS, S5 BT R A BEAIR B TEAS 27 ST 2 SRR S iR R 121
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64, AN R B ST AR AR A 7 R BT
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®1 REIBFIEMESHE ROEER)

Table 1 Performance parameters of deep transfer learning model (Unprocessed image)
R EpuES SRSt FEHER%  BERY% FIoE%  SEEHERR%
Model Learning rate Image type Precision Recall Fl-score  Accuracy of model
AlexNet 0.0008  JCIFAET:R Healthy mango 87.58 92.63 90.03 84.88
LR T R 94.90 77.40 85.26
Mango with spongy tissue disease
2O TS Mango with hollow disease 64.84 82.08 72.45
0.0005  JTHIAETZ A Healthy mango 96.02 94.47 95.24 90.22
M HIRAV TR S 93.71 85.19 89.25
Mango with spongy tissue disease
207 T Mango with hollow disease 73.02 90.75 80.93
0.0002  JEJEAET R Healthy mango 97.22 96.77 97.00 94.15
U IV S 96.70 91.43 93.99
Mango with spongy tissue disease
2505 T 5 Mango with hollow disease 82.63 93.64 87.80
GoogLeNet 0.0008  JoHEAETI A Healthy mango 95.55 94.01 94.77 90.73
WA LT R 95.40 86.23 90.59
Mango with spongy tissue disease
750975 15 5 Mango with hollow disease 82.05 92.49 82.05
0.0005  JEHIAETH Healthy mango 98.12 93.61 97.21 95.36
i R R 97.32 94.29 95.78
Mango with spongy tissue disease
20T B Mango with hollow disease 85.49 95..38 90.16
0.0002  JEJEGETE R Healthy mango 99.77 99.08 99.42 98.79
HEE AV S 98.96 98.96 98.96
Mango with spongy tissue disease
20T Mango with hollow disease 96.02 97.69 96.85

SR ER A 4 P 4G A HE A A, B R I 2R TR
JEIT R = I BAY, M| T 2 0P 7 KB VERL A .
AlexNet B %2 > % 0.000 8. 0.000 5 1 0.000 2
N, Accuracy 435 N 84.88%- 90.22% F1 94.15%,
Macro-average 7l 24 83.18%- 88.47% F1 92.93%.
GoogLeNet BRI 2% >] 22 0.000 8. 0.000 5 1 0.0002
T, Accuracy 73 H°N 90.73%- 95.36% A1 98.79%,
Macro-average 73 %l 4 89.14%. 94.38% £ 98.41%.
M2 313N 0.000 5 F10.0002, RIS 2 > A
I RREAM s 5 ) BB RN, IRFEEIT R 22 2 B
BE)rREmRERREH ER—%ET,
GoogLeNet M 2% 1) 73 K2 R B AL T AlexNet
[N

3.3 EEIRLIERIESE

L5 R A 2R B 43 25 LG AR 5], BEATLE &2 ]
FECE I 60% 1E NI 44, 20% 1 N 56 E £,
20% TENIMAREE . EUR A FEH R 4 5 A 2 A B R
LR L, BN 1 2 A 2305 PR 40 DX 3 A 0
I X 8 ] s 9 PR IE K B AR, oA - 25 1 4
EORREAAE . 0 b B ) 4 AR AT LA 2RI,
EARECEAA [ 2 R 3, B/ D HE R E N 64, AW
VA7 ) AR R 73 R . T AlexNet Al
GoogLeNet M 25 Il Z5 A5 R 1) ¢ > 253 75 BUE
0.000 8. 0.0005 F1 0.000 2, HE4TPEREHIFAE . % 2
W TR T & BB AR X R Ak 2 IR R 1 4 K
RESH. T A MR RE IR B R 216,
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Table 2 Deep transfer learning model performance parameters (Processed image)
it FAHE KRESiE FHERY%  BEZRY%  FUME%  EEHERR/%
Model Learning rate Image type Precision Recall Fl-score  Accuracy of model
AlexNet 0.0008  JCHAETEH Healthy mango 100 96.48 98.21 95.39
AR AL DU A X 96.16 97.92 97.03
Damaged area from spongy tissue disease
IR X 86.46 95.95 90.96
Damaged area from hollow disease
TR 2575 5 Mango with spongy tissue disease 93.67 96.10 94.87
25 R TSR Mango with hollow disease 96.71 84.97 90.46
0.0005  JGJET IR Healthy mango 97.42 97.42 98.57 97.40
WAL GV AR XI5 98.44 98.44 98.44
Damaged area from spongy tissue disease
AR X 100 100 95.58
Damaged area from hollow disease
TR 2157 5 Mango with spongy tissue disease 98.18 98.18 96.92
LTSS Mango with hollow disease 90.75 90.75 95.15
0.0002  JGHET IR Healthy mango 100 100 100 100
ISR ALGUR A XL 100 100 100
Damaged area from spongy tissue disease
2 LR AR I, 100 100 100
Damaged area from hollow disease
TR A 2572 5 Mango with spongy tissue disease 100 100 100
LTS R Mango with hollow disease 100 100 100
GoogLeNet 0.0008  JCJET: R Healthy mango 97.93 99.77 98.84 98.05
IS ALGUR A X L 99.21 98.70 98.96
Damaged area from spongy tissue disease
ORI X I 93.51 100 96.63
Damaged area from hollow disease
TR 21572 R Mango with spongy tissue disease 98.42 96.88 97.64
20T R Mango with hollow disease 100 93.06 96.41
0.0005  JoJiET R Healthy mango 100 100 100 100
AL AU XK 100 100 100
Damaged area from spongy tissue disease
AR XK 100 100 100
Damaged area from hollow disease
TE2RAH 215 5 Mango with spongy tissue disease 100 100 100
LT R Mango with hollow disease 100 100 100
0.0002  JEJfET R Healthy mango 100 100 100 100
R ALGUR AR XK 100 100 100
Damaged area from spongy tissue disease
ORI I 100 100 100
Damaged area from hollow disease
T4 L H Mango with spongy tissue disease 100 100 100
T LJFTE R Mango with hollow disease 100 100 100
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AlexNet BATE 52 2] 2 0.0008. 0.0005 F1 0.0002
T, Accuracy 75N 95.39%- 97.40% 1 100%,
Macro-average 73 N 94.95%- 96.93% F1 100%.
GoogLeNet FR7E 2% ] % 0.000 8+ 0.000 5 1 0.0002
T, Accuracy 43 %N 98.05%- 100% Al 100%,
Macro-average 73 7l 4 97.70%- 100% F1 100%. F&
T A —H A A IF 23— BN, GoogLeNet M 4%
13 R B AR T AlexNet %% . GoogLeNet
ZE IR TR B o #2257 21 %05 0.000 5 F1 0.000 2
i, T UG AL PR 215 21 GoogLeNet 43 A5
B, KB T 100% 5 R RE . AHECT T SR AR
Sl B ) T U R 82.3% P, R T B
Faster R-CNN )75 B 18 51 1 34 43 710k B 248 N
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