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Low-resolution Rice Pest Image Recognition Based on SCResNeSt
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Abstract. It was difficult to take high-quality images when pests were still and in close distance in the
natural environment of rice field, which led to the problem that satisfactory identification accuracy could
not be achieved when using the actual environmental identification model detection. A low-resolution rice
pest image recognition method based on self-calibrated convolutions and ResNeSt block for ResNet50
(SCResNeSt) was proposed. Firstly, the enhanced super-resolution generative adversarial networks
(ESRGAN) super partition network was used to enhance the data of low-resolution images to solve the
problem of less effective information about rice pests. In SCResNeSt network, three consecutive 3 x 3
convolutional layers were used to replace the first 7 x 7 convolutional layer to reduce the computational
cost. Using self-calibrated convolution instead of the 3 x 3 convolution in layer 2, through internal
communication, the field of view of each convolutional layer was explicitly extended to obtain part of the
background information of pest images, to enrich the output features. The split-attention network block
(ResNeSt block) was used in the backbone network to further improve the accuracy of obtaining pest
information in the image. Finally, the optimized model was deployed on the mobile terminal, and a
lightweight mobile rice pest identification system was developed. The experimental results showed that
compared with the existing methods, the ESRGAN model could recover the real information about crop

pests, and the SCResNeSt model could effectively improve the performance of rice pest identification, the
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accuracy can reach 91.20% , which showed that the depth model could accurately identify rice pest

types. The research result can provide an important technical basis for the intelligent identification and

control of rice pests, and it would improve the level of rice production informatization.

Key words;
identification system
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Fig. 1 Examples of selected various rice pests

H1 T ARG B b K X > B2 AN 2,
IR GR0 25 5 S SO RS U o Aok BEIR WL
FRLRIE BRI 2, 5 B A 156 175 W8 R, 4 0T 5
Pl U (R R A RO i I R e R
- R ki) KOs R 3 A% BT T T R
B, X KA AL RFONVE IR R R s R
W FEOREKIE 5 BhoK RE H B R R AT R e B Akt
PREHEE 35 (P 2) , TR ol BETR MR e i O 455 J AR
B A AR I o 2 A5 L e I 4 3R A9 B A M R A AL
figk 0B AN R4 7 [ T, 6 0 4R R AR o A 2R K
GEREtGINER Rl B2y £ N WS R Y 2 o S 9
IREAS KL, sk 1 s

fepio0 150 k270

BB
B2 ey smas = A

Fig.2 Data expansion diagram

X1 B3

x1 EHRMEMBELYE

Tab.1 Species and sample quantities of rice pests

3 ENS By 78 ML 4R
JK G AR IR 48 384 11
TR\ A 1 I 48 384 12
a2 1% 43 344 11
B 48 384 12
T W 2% s 53 424 13
T 2R B R it 125 125 31
[iEEadis 140 140 35
B 505 2185 125

2o ad FBHE g it o B, BRAT KRS 3 U BoHE 4R

B P BRI (T
IE T TG 5t a0 A ) A B AG AR O R
& oG 3K T BB B D B BT AN Y
i ) 80, ] 8 2 (7 0 28 SRR R 5 S T o T g o
it KA R MR B R AR, 200 T AR O B AR OK R R
8 45 AIE 2 2], A SOk T = WA (B 55 72 ( Bicubic
interpolation) 47 4 £ N R AE WK 23 Bt R KB
HE G BRI SRR D 2R H R IRE T
KR O UGS AR A 2 o R, X BRI
B 73 F 3 5 MR R AT 1 52 g 3 3 Ak B2 2
e B UG R Y O B
1.2 ROPHRKEEREGTLE

B A 4> BE R A X BT M 2% (Enhanced
adversarial

super-resolution networks,,

ESRGAN) & — il i 1% 75 2L 1 161 1588 43 ¥ 2% 30 1] 2F
FS S SRRSO B, N B T AR IR 4% b i T A
HEIH—4k (BN) 2, FF 51 A T 2 905k 22 %5 5 i e A5
(RDDB) ¥ £ J72 5% 25 X 4% T % 45 M B2 Ml 25 & % 46
P ELAT TR I 2 ORI BN A2 2= I 5 4 TR B 4 T T
FRIERINBE T, RE 85 A7 R0 = B T 1 1, 42 e IR 00
B  ESRGAN Lt SRGAN J5 ¥k 16 o i@ B [ R
(SR bR A5 T B 4r A58 B i . Bk, AR SCR
FH ESRGAN & 43 W 45 XF IS 43 H 5 % l BHR 3E 47
SrA B, e A B, EUR B % B B 3 x 3
UE WA W 1 B BLUZ, Leakly ReLU AF Sy 31 oRi
. RRDB %M EA 5 M EBZ M 2 Rk
25 W 45 A A, 1 4 B2 — A B BUZ . RRDB 1] DL
K758,/ RRDBH 2 5Hm T % —4AA
3 x 3N 64 AFRAE B 45 BLUZ , L3 A RRAF I
VT FCHCHG 4t B . IS bR BE 2 L R i
2, DASEHL 4 i 1R FE B 7 B8 2 B R (SR) EBIR .
Hib B2 5% —MMHF, R2RE - 8/H2
A 3 AMFEE . ESRGAN Bk # an il 3 o , 4l

generative



280 &l #Hl

L

2022 4

ESRGAN 5595 XF 7K A 3 o P 45 0t 4 2 A B4 ) 234
AN 4 R

Kl 3 ESRGAN W%

Fig.3 Network of ESRGAN

R BRI R

(a) 4y Hil

(b) i 5|2
Pl 4 ESRGAN XI55 B s K R L R 1 53 7
Fig.4 Example of ESRGAN superclassification

of low resolution rice pest images
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Tab.2 Evaluation of hypersegmentation image quality
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Tab.4 Accuracy of pest classification %
[ 2 155 AL
1 2 3 4 5 6
AlexNet 60.00 29.60 67.20 76.80 63.20  77.60
Vggl6 82.40 79.20 89. 60 87.20 74.40 88. 80

ResNet— RS 56.00 81.60 87.20 79.20 60.80  84.00
ResNeSt 56.80 86.40 87.20 85.60 75.20  88.00
ResNet50  55.20 71.20 85.60 85.60 72.80  88.00
SCResNeSt  63.20 87.20 92.00 88.00 83.20 91.20

B3R 4 W LLE L TEZ2 M, 250 ESRGAN
P £ b PG 9 SR R 9 73 206 8 T LR BRI
3 RKEBE 2 6 AU I B0 T B HERR AR GR F) T
Belk I RUOKS B, B EAF AlexNet, ResNet50 , ResNeSt
Wiz ol o TR EORS . SEm AR KW, &0
ESRGAN [ £ 4b B, AT DL 751K 43 B 3 KR 45 3
B i IR 2 B A OK R dUER A BUE B
[i] A

A SCHR Y f SCResNeSt 5 12 7 PR 5K B2 5 T 418
T AlexNet, Vggl6 , ResNet50 , ResNet — RS | ResNeSt,
7 JE R B AT 3k 31 92.00% , [k Vggl6 B 2.4 A
TT 5% 5, b ResNetSO [0 2% 15 6. 4 ST 43 155 1% 40 Bt
AR b UK B2 Ry 87.20% 5 45 & o> S IS
([N N i e E S R O BRI i
91.20% , 1 & T Vggl6 & 2.4 4~ @ 70 xi, I
ResNet50 2% =55 3. 2 A7 73 st , U6 W Fr 449 s 1) 9% )2
Y B8 A T ) K e 3 2R A

SO M R AR o SR AR 2 IRV L,



59 1)

W #E 45 2T SCResNeSt [R{H 7 Bk 3K A % He BRI 5 ik

283

K9 Jr7s ,0 s KA AR, 1 R 8 1,2 O
T R0, DRI 4 S R S O e o

0 30 0

€l 9

eS

O 245 35 Vi L I A

TRIE,6 R 2R i o XF 1 24k b B9 0 3 SRR IE B 3 26
FEAS IR

Fig.9 Network confusion matrices
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Tab.5 Results of ablation experiments
FETM4% WM ResNeSt block  SCC HEH %/ %
ResNet50 71.20
ResNet50 Vv 86. 40
ResNet50 vV vV 87.20
ResNet50 Vv 88. 00
ResNet50 Vv vV 88. 00
ResNet50 4 vV VvV 91.20

T2V R 4 R A

H1 2.3 SRR S AT, X Hd kA7 8 o) P R 4
SEAL R, w] 5 i W Az A BRAR T R 23 B R IR S
P 5 45 B0 S B IR 702, KR B B T 1 I 2% 73 26
MR B &R, 7E ResNetS0 [ 2% w1 fil A

ResNeSt f e, i — 20 42 7 B4 b 3 A5 B3R LY
HERPE . S TN AR HES R, AT LA Y HER R
FETH &, X R A AN () 7K R 8 SR O A SR
A, A B HE TR ALY K 2 W 4 1) ISz Y 24565 %2
FOLE T FOER, LT B R E 2 5 850N
RIS, R T O I A R A IR 25 RS T AR
U1 A3 e 2
2.5 #MABEFHRNK

14 SCResNeSt 7 Az [ R AE S #4548 G2 i
% 2% W £% ResNet50 Fll ResNeSt [ 55 1iF 34 1% #4 J7 [&
HEAT X EE, FLAA T B AT AR an 1B 10 B

M 10 fr] DI B, BA 1% G246 B 3% 25 W)
2 TR AR AR B A 000 I3, B S e AT i B B2
BAZEPA R, M2 T, AR HESBUA B T HBRR
D b Al AN S0 X8, PR ) 5 e T 42 5 K R 1)
1 BRI A A RS B SCResNeSt gk 57 1 57
O, AT DLHEAER B 58 M A AR XS, E U
AR 5 iy AR R AE T L 2t 25 A 52 A
5 fE BB A AT EUR .
2.6 LHTRZHIMNH

AAFFEHEET Android Studio {4, B it 58 8 3
N APP, i A 2 AL 58 2 Android T
B, B 5E B T 2 F Android FHLIY A K45 5 T KR
FERPGRE WA, P FILET RS,
H 30T TR K F A5 Sk % o 3 e, B n) 52 b
FAEEG . T PR Sk R AR 1 B Wi BG4 BE %



284 o 1 R A= 20224

(a) JRE

B B g

Software identification results

Fig. 11

3 Hig

-~

(1) S fife phe 52 s A0 I A 77 1l TR 45 o3 i 3 A1 i
BN R S50 R AR A 1R RS, AR BIF 5T R T TR
AR B SEiE H ESRGAN 73 [ 45 4 A1 7 i A< &
PHEAT B M o fifp R AR 23 B AR OK AR T IR 2L
FREAD B R, Y, Sy TR O T B F iy R R
H MR EAEAG B, E ResNetS0 W 2% v fdi ] 5 442
W BUR Y R Z B, 418 i3 HE & £ 1> ResNeSt
block, # T %5 Ht IX 3 A4 ¢ A A, DAGE $2 J 3] A A

(¢) ResNeSt[W2%

(d) SCResNeSt[%] 4%

P10 o0 45 43 A 0 A 0 18

Fig. 10 Network features activated thermal map
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