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Classification of sweet potato black spot disease severity
using dense convolutional networks

ZHANG Shuaijie', CHEN Sisi®, DAI Dan'", LI Yanhong', LIANG Zile', LUO Xugqin®,
HUO Fulong', HU Yanrong'
(1. School of Mathematics and Computer Science, Zhejiang Agriculture and Forestry University, Hangzhou 311300, China;
2. Hangzhou Lin“an District Agricultural and Forestry Technology Extension Center, Hangzhou 311300, China;

3. Hangzhou Lin“an District Agricultural and Rural Information Service Center, Hangzhou 311300, China)

Abstract To address the problem of sweet potato black spot disease caused by Ceratocystis fimbriata,
which severely impacts tuber quality and the safety of processed products, this study utilized images of
sweet potato black spot disease obtained from controlled cultivation environments. Total phenolic content
was selected as an internal quality indicator, while black spot diameter was used as an external appearance
indicator. Machine learning techniques were applied to explore the correlation between these two factors,
and based on the results, disease severity grading was performed. After comparing the detection
performance of ResNet152, VGG19, GoogleNet, EfficientNetB7, MobileNetV2, and DenseNet201 models,
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a novel algorithm that integrates the Spatial Attention (SA) mechanism, Efficient Channel Attention (ECA)
mechanism, and the DenseNet201 network was proposed for the identification of sweet potato black spot
disease. The results showed that: 1) The Pearson correlation coefficient between black spot diameter and
total phenolic content was 0. 93, indicating a strong positive correlation (P<<0.01), which suggested that
external disease symptoms can effectively reflect internal quality changes; 2) Among the models used to
identify different disease grades of sweet potato black spot disease, DenseNet201 achieved the highest
accuracy of 83.93%; 3) The results of Ablation experiments demonstrated that the DenseNet201-SA-ECA
model, which incorporated both SA and ECA mechanisms, achieved a classification accuracy of 96. 8% on
the test set, representing a 12.87% improvement over the original DenseNet201 model and significantly
enhancing the precision of black spot disease identification. Combining biochemical indicators with deep
learning, this study shows that the DenseNet201-SA-ECA model outperforms other convolutional neural

networks in identifying sweet potato black spot disease and can reliably recognize the disease with high
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accuracy.
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Fig. 1 Variation trend of sweet potato black spot diameter
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results of black spot diameter using the K-means algorithm
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FRAZ A LA 3X 3BT . 1 X1 B T M4k, ook
AR R, 3X 3 4 B T R BUB R AE o A
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32 G TE , 24 6 26 R SR, G A0
INE] 256, e Z 5 AR AE I RSE B[ 11242 K, 11214
., 2565 — AL ¥ )2 (TransitionD H 14> 1X 1
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Fig. 6 DenseNet201-SA-ECA model structure
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Table 1 Input and output sizes of each network layer of the DenseNet201-SA-ECA model
i1 AR Input size it R SE Out size
o 2% )2
Network lger ATBPE/(REXGF) M AWE/REXMF) LK
Resolution Channels Resolution Channels
Initial conv2D 224 X 224 3 112 X 112 64
Spatial attention 112 X 112 64 112 X 112 64
Dense block1 112 X 112 64 112 X 112 256
Transitionl 112 X 112 256 56 X 56 128
Dense block2 56 X 56 128 56 X 56 512
Transition2 56 X 56 512 28 X 28 256
Dense block3 28 X 28 256 28 X 28 1792
Transition3 28 X 28 1792 14 X114 896
Dense block4 14 X 14 896 14 X 14 1920
ECANet 14 X 14 1920 14 X 14 1920
Global avgpool” 14 X 14 1920 — 1920
Linear — 1920 — 4

¥ D4 7 ¥4k J2 (Global avgpool) Z J5 % tH R~ A3 2 8 i 50,

Note: @D After the global avg pool layer, the output size only contains the number of channels.

O 256 BRI 128, f Kt 10 3 1 8 25 1] 43 B R s
i RRIE B R ST R (56185, 56182, 128] 4
A A B (Dense block2) 1 12 )2 % FR4H A, 34 K
RN 32, HAFEMEERI R SF R [56 18 %, 56 12 K,
1287, 38 o 12 )72 4 B B0, 4 i 18 250k i 2

512, e At th AR E B RS S [56 18 K, 56 18 &K,
512755 — A3 ¥ 2 (Transition2) A RE T 1< 1 #H
W F 2X 2 Fe R AL J2 # . 3 JE F 512 i 3
256, =% [A] 73 B 8~ | a0 R AR B ORSE Oy [28 1%
R, 2818 %, 256 ;5 =% B (Dense block3) i
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1 RO 1 792, R PR Gy [28 1% p=— L (3)
£, 2814 %, 1792] ;% =4~ ¥ )2 (Transition3) #f TZPQTFIS
BN 1792 W/NE 896, 2 H] 43 HE K 2 | R & F, (4)

fih oy [1418 %, 148K, 896] : lfa — 1M HE £k
(Dense block4) 1 32 24 BUZH ML, # K K 32, fi
AR[14B K, 1414 K, 896], & 3228 M &
T, ey T B B 1920, R AE R OR SF o
(1418 %, 14183, 19201 5 & &40 18 1 2 F1 AL AR
e 1A~ A 3 W 33 4k 2 R 1A — 48 % B 4l
o A P 2 b Ak 2 R A 38 TE R A R BN
P& W0 I8 ) 4 R R AR Bl S 5X 1 i —4E
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ERRRFEAL W RS 145 FE, 4B R,
1 9207 ;42 Ja S 20t Ak J2 %o 4 A4S 4 A1F 38 38 7E =5 2
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M1 920 B EI] 4 5 H 4428 51 4 e g
2.2 EMIERR

ABIFFE Al T E A 2R (AD LA B (R KSR (P)
FE B CFOAE A PR AR PE BE A FE b o VERR R
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A EREA B RE T, 1 B 25 0 s AR G A R A I
FEAH L] o F 4 B0V SR B S5 R 3 T 6 11 38 T
P(E B 2 B P Y B —F8 R . AT

TP+ TN
" TP+ TN+ FP+ FN
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xR2

T 2% TP+ FP+FN

A TP Jg R 7R T 1F A9 TE AR A s TN O st 7Y
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58 Il 2% 78 Windows 10 ¥ /F & 48 b f# JH]
Pytorch fi£ 28 3 47 o 4 BC & {1 45 : Intel Core i9-
10920X 4b ¥ 2% , FE 4 3. 50 GHz, 64 GB W F, KL K&
Nvidia GeForce RTX 3080 & . 4 FH 551 & H
Python3. 9, torch2. 1. 1, cudal2. 1. Il Zxad & rpr, i
FHIE B8 57 ) BOR RS A A g I 2R 3k . B
SROE M T AR~ 2T F 4 0,001, 5% A Adam fit
2% B R E R 0.000 1, #E ik K/ K 64, 1)
2Rk 50%¢ o
3.2 ERHEEITM

AW B K SR ResNet, VGG, GoogleNet,
EfficientNet . MobileNet il DenseNet £ £ i 18 2 P
28 My, 1§ ResNetl52, VGG19., GoogleNet,
EfficientNetB7 ,MobileNetV2 Fl DenseNet201, 7E H
BEMR B FIEAE TR e R, A5 R WAk 2,

6 /> £ Fill 5 R 4 A BY 1 {4 e

Table 2 Performance of 6 basic convolutional network models

BB MERIR/% HEIR/Y% RER/% PAMR/Y% BRR0 RIIGE /s

Model Accuracy Recall Precision F, score Parameter Training time
ResNet152 79.15 78.60 79.39 78.02 58.15 215
VGG19 70.08 69. 94 75.34 68.21 20.03 200
EfficientNetB7 66.51 66. 36 72.91 62.86 63.8 346
GoogleNet 69.21 74.92 69.06 67.14 5.6 102
MobileNetV2 73.51 73.39 76.70 72.48 2.23 102
DenseNet201 83.93 84.83 85. 82 84.79 18.1 169

DenseNet201 B AR T B FeAE , HERG R A 1R K
B F 238003 9135 51 83.93% .84. 83 % .85. 82%
F184.79% o X FP kR BRI LLH T DenseNet201

TRy ) 8 A e AL L IR WL A e AR A A R (8] 4% 328 P
P LA AR R 92D 18 B8 1 2K TR, JE He 3 1
SR E AR ARy RS MILZT,
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() 7 TE B BURE 1 R JE 4 5% s MobileNet V2 Y £ B
AL HERA RN 73,51 %, A S HURAUR 2. 23X 10°,
YRt 1] A Je , 58 102 . 33 fi H ol 98 R %
FRIAEE T Y BRAR TR %, 76 75 BRI AE LR ORI 3l
BeA5 T BAT I B A3 VGG 19 7 I 24 5 1a) Ak fig I
PR 2 0] 0 5, R AR 2 O R ek, 5 20l
2RI K, M AR 200 53 GoogleNet 76 4 i #5 4 I
FHLEH HF 50U 67. 14 % 48 6 68 FR R X

A, AT RE TR R AR RO A, AR BB T o & L
W 4% {f # s ResNet152 () o B 5% F1 4 [0] 5 43 51 Ky
79.15%.78.60% , RIE N A (LS HRK K,
SEON R R TR B T A48 215 s, R HIR)ZSS
P Bl T4 O 2 & 9 RRAE (L AE I SR M sk ik %
B ATSFS# T DenseNet201,

SRR AR FT 45 34 B 28 I 245 A5 R A 1R AT
55 R SR B, AAIE Y SR IR VA B LA T 6 F s AL b
2 I 24 55U A AN [R) G T A b 1 T AR | 4 4 g
JFE I R TR R R R Y A A SRR 2R
BTN EE S ANES I

AR BEA BEA
Sample size Sample size Sample size
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3 8
s 800 ® + 800
5 952 5
& 600 = 600
o o
o 159 [ELE] 400 X 400
X mf
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D
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; ; 8 338 56 z
B
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o o o
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X s (
200 200 200
D 2 10 AN 1067
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TI{E Predicted value
(d) ModileNetV2

T Predicted value
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A, B, C, and D represent the disease grades of healthy, mild infection, moderate infection, and severe infection, respectively.
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Fig. 7 Confusion matrix of 6 basic convolutional network models
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DenseNet201 IEAf iR T 3 688 I FEA ; ResNet152
VGG19 Fl MobileNetV2 43 il 1E #5251 T 3 419,
3045 1 3 194 4~ k¢ A ; EfficientNetB7 Fl
GoogleNet 43 2 5] T 2 890 Ml 3 007 4~ B A .

DenseNet201 1 8 75 % 2K 5 9 KR BB 5+,
0 G 2 A A R A% i R L 2 Sl e A3 E AR TR T
1 089 F1 952 AN A, 3% WY A55 70 R 1% A A4 44 B B 5
BREBRPHEARNGRE, A&ERIFHX 20T,
EfficientNetB7 i 7 fift FfE Al 7™ 5 gk Y 26 51 - R B
o R RE AR B o3 5 R 12 Fn 8 A, H H A 4 Uk
e 2 51 19 % BLAR 2 DenseNet201, A 872 4~ 4% i J&
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YU A B D TR Ry v B R TRVE R . AL
Z T ,DenseNet201 76 % 25 5l FAVIREE RN T 621
FE A S A B R e . GoogleNet, MobileNetV2 Al
VGG 193 B H 2 Bh i [0 R, 75 U3 52 Ao 72 45 11E
iV VA 5 o ResNet]52 FE A ok 2 9 4 i 2, 7
BRI ) EOERR IR T 684 AN REA W& T
AR R ] B A o B R e 28 ) B E AR R T 599 A4
FEAS W 7t Lk 26 55 ) AE Ak 35 25 i 728 i LA —
FELH AR BRI 2 A5 I DenseNet201.

£ I, DenseNet201 FE AR H: &5 280 1Y #¢ i 52 F A
AR R A T A M AR R M A, (H
2R AR L 26 I B Ay 2 AR A A 4R T
23 (8], 284 A FE A B 1R 43 28 Ry v BE UL, AT RE 2 R
T2 JEFE A A Bt 0 A R AR B A A LT S 3R

ook — 0 R BB 4 2SR T, AR BE R AE
DenseNet201 #1 A (f L il 5] A T 25 0] 17 2 S #l
il CSAD FTiE 38 1 2 S WL CECAD o 3% 2 F bL il
AE % 3 98 AR 7R X Ry 5 25 ] A4 IR FIAS (W] G G R AR
() O, o — 25 B8 T+ X 4 fCRR R G e B2 AR L A
7 4 8 4 K B
3.3 DenseNet201-SA-ECA # 8 LL 5
3.3.1 HakiRi

AL SA FI ECA XF DenseNet201 # %1 1 g 1)
R AR R BT T Al X R 4 A R
DenseNet201 .5 A SA #L1il i DenseNet201-SA . 5]
A ECA HL#1 ) DenseNet201-ECA, PL & [/ i} 5] A
SA Fl ECA HL# i DenseNet201-SA-ECA iy 1 fE
TIPTS5 R 0% 3.

®3 BEIMHERILIE R

Table 3 Ablation test performance of each model

i Al WA/ e AER/ 0 KR/ G Foor B/ B IIZREE /s

Model Accuracy Recall Precision F, score Time of training
DenseNet201 83.93 84.83 85.82 84.79 169
DenseNet201-SA 86. 34 87.67 87.45 86. 06 175
DenseNet201-ECA 91.78 90.45 91.12 90.78 172
DenseNet201-SA-ECA 96. 80 96.52 96.53 96.52 160

7£ DenseNet201 F &l 51 A SA HLH J5 , #4 #
HERG R M 83. 93 % $ETF 2 86. 34 %, £ W 25 (Al FE & S
AL 30 ok R A 3 IR b %) S 5 DX, o O R R
fiE 32 5 1B TR 43 28 B IX B B9 RS . Bl A
ECA HL il ) i o 6 % 5 % 48 7+ = 91. 78 %, M kb
DenseNet201 42 FF T 29 7. 854~ H 43 /5, W ECA #L
Tl Ak T 3R] AR AR A DG IBEPE |, 3 BT R R X T
FEAE I R IB 68 01 o #E A 10l 2 FOKS 6 % 05 I,
DenseNet201-ECA 19 2 1 1. T DenseNet201, ¥
W ECA £ 4l #1838 38 )2 WRAE BT A 8. ECA L
il (4 O A T R A8 AN [] 38 18 19 RRAE , 93 $2 908
FG 2 20 Bt TR R s B B, DT 48 T
PR . BRI, ECA ML ZE il 412 25 (0] 47 1 i A7 7
Jry BRAPE 3 B T (E D 2T R T E X

Sl 1) 23 () 43 A5 RN R SRR AE , DRI TE ¥ 7R 4 AR Al
fR 95 BE B . AL, Bl AR 23 [B) ARRAE 1) SA L
WA DL T B 2 A4 F R AR . 2 SA 5 ECA
ML 45 4 1), DenseNet201-SA-ECA 5 # [1 #i if 3
K 96.80% , b F UL T HABALAY X by 5] 200
il A5 A5 D B 8 OC 1 IR 1 4 Jm) 3 T RRAE S RE A 4R
Je A5 (B R AE | DA T 52 B & 2% 95 8 P A% B4 T 8 4
FREE . WA A ST L 0 FRAE £ BUPL
DenseNet201-SA-ECA Il kit 0] 4 48 160 s, 1%
filiF DenseNet201 B A (1 A 5 169 s, 2% B H 76 R IF
e A EE Y [ B s B B A I R
45 B R, SA A ECA HLHI7E 25 [a] 13 1
FRAE 4RI 25 A &3 T EEAE R, SA P Bh A
UG b A PR 22 A BE B T o A R 2 R R Y
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Jai T RFAE T ECA HL I 00 38 28 P A 3 38 0 R 7
B 0, ol S0 H AR Ak G A AR P R T R R A
1) E AR 7 o
3.3.2 RBLEREHIM

F 478 13 DenseNet201-SA-ECA #5 #I7E 495 %
25 g (1R B BE . DenseNet201-SA-ECA 7E i
A P RORS B 2 3 B3 IR T DenseNet201,
Hh il R S A RO 94. 59 %40 5 &= 99. 91% 5
2 P YL SE G DA 83. 85 %0 HE R A 96. 77 Y6 5 v R
SN T2, TAY $RTFZ 93. 95 %6 5 ™ B AR L 4 4% ) A

94.51% /N 4 T+ = 95.44% . 7E A [l K Jy i,
DenseNet201-SA-ECA [A] £ & 80t 3% i % fa
3 A5 I A3 TRT R B2 ¢ 95 L K H1 99. 96 V0 5 B B SR
RGN R Ry 97, 21 %4 5 v B I E R YL AR LAY
HOmE 4y Wk 93.89% FI95.86%, AH Lt
DenseNet201 43 425 T 29 12% 1 15% . X gb gk
R, SA-ECA LI A9 51 A 3548 T+ 7 BB A T
PR A I v R A R I, R A R R
S KRR T 21,21 %, HE— 2B BRI T AR
TEAN 5705 F R WL

%4 DenseNet201 4% 5 DenseNet201-SA-ECA # 2! £ & 5 5 % 4 v #9175 1 68
Table 4 Recognition performance of DenseNet201 model and DenseNet201-SA-ECA model in each disease grade

WRBIR B/ 20

Recognition precision

T E E Y

WU 1%/ %

Recognition recall

Disease grade

DenseNet201  DenseNet201-SA-ECA  DenseNet201  DenseNet201-SA-ECA
i B Health 94.59 99.91 99.23 99. 96
BB R Yt Mild infection 83.85 96.77 89.95 97.21
B R gt Moderate infection 72.74 93.95 81.56 93.89
JZE &Y Severe infection 94.51 95. 44 80. 64 95. 86

hg 3 — 2 56 3IF DenseNet201-SA-ECA #5 £ fiy
PERE , A BF 5248 )1 Grad-CAM J7 845 B T 2 45 751
) H B REA B 7 & . DenseNet201 78 4b # i 22 51 F-
BLATIE 38 32 8l F 6 R 4 09 BUER B, OC 1 AU 43
B, R RE TR o AR T RO AR IE X B (I 8) . L Z
N, DenseNet201-SA-ECA 7 % b (1) 56 5 B Y 4y
HE DX I R BT BE A R (1R 9) , KW SA-ECA #LHI
KRG SR TR AR X JER e KR AE Y 7 AR S R
i H R A R R R R R AR H R A
DenseNet201-SA-ECA #& & () #4 Jy & B B R £ T
PR AR X, 1F— 25 B E T SA-ECA 45 4 1 i

P B0 45 0 o AR b AR BIF 5T il 2 Rk A AR
H AR N TGRS ] # BT SR AR Bl , B0l T B 5
WS R IR A AR AL . 455 R BRI
B MG R R | HE— DR T T R AE R W] 3 5

R BRI E EE . DenseNet201-SA-ECA
TR L I 547 191 o 1 23 30 3 A R (1 10Ca)) , L5 A
FE T 00 ey B B A AR 1 o 5 0 4l 412 LA TP R AIE 1) 7 22
P, SBOINGE S RIFEZ M MHEE TR K,
F NG PEAT B 5 7 27 2] R [F) R AE A9 AR, VIl
SR TN G IE B 1) VB R 25 S W A /DN AR R A AR
AT EIA L R E TR T o BRL R C (E AR VI )
WP T BB 10Ch)) , 3X 75 25 T SA-ECA BLHI 19 51
A B AL AR L B B o B AR T R G
FERFAE , DTN S T 45 2K 0 B o A, (A5 7R B 0 T
PRSI, BEE 2R R AT, U ZRAE 5 50 F 48 1) 4
RAGZ W TR, RUIBIA B & R AP0 2% ) fig
SO . AHIE 5858 o 22 FF 10 10 500 45 B 1R 5 1 5
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(a,) Health (a,) Mild infection (a;) Moderate infection (a,) Severe infection
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Fig. 8 Heat map of sweet potato samples from the DenseNet201 model
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Fig. 9 Heat map of sweet potato samples from the DenseNet201-SA-ECA model
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Fig. 10 Training accuracy and training loss of the DenseNet201-SA-ECA model
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