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FEE : X TE AL BT DL A% SRR AR AT 2% Pl 38 5 3 S M U0 v PR TRUA T v R i PR A3 R I ) B, AR SR R T
— b 1) % 25 %% AR X 4% (Residual dense network, RDN) I T 96 AMLAS it BG4y B Tt . 4 X0 T8 AHLAS it &
1B AL 2 R A5, L RDN SRy 32k W 4 7 L4540 P 5 A T 5% 25 41 (Residual group, RG) B K 224~ 5% 22 38 1 11 8
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Super-resolution Reconstruction of Unmanned Aerial Vehicle Tea Images
Based on Improved RDN Network

BAO Wenxia' WU Yuan' HU Gensheng' YANG Xianjun® WANG Zhenyu'
(1. National Engineering Research Center for Agro-ecological Big Data Analysis and Application, Anhui University, Hefei 230601, China
2. Hefei Institutes of Physical Science, Chinese Academy of Sciences, Hefei 230031, China)

Abstract; It is a relatively economical, flexible and time-effective method to build a visible light sensor
for monitoring of tea growth and diseases, but the resolution of the image will be affected by the flying
height of the UAV. Therefore, an improved residual dense network ( RDN) for super-resolution
reconstruction of UAV tea images was proposed. Specifically, in view of the complex texture of UAV tea
images, taking RDN as the baseline network, residual group ( RG) was introduced into its structure,
combining multiple residual channel attention modules were combined together to treat different channels
differently by introducing an attention mechanism, and paying attention to the high-frequency detail
information of UAV tea images, thereby improving the representation ability of the network; at the same
time, a convolutional long jump structure was designed, using the long-range skip connection with
convolution, to dynamically adjust the weight of the feature after passing through the residual dense block
(RDB), and making better use of the hierarchical feature information of the UAV tea image, thereby
improving the super-resolution of the quality of reconstructed image. The experimental results showed that
the improved RDN network performed better than other algorithms on the test set of UAV tea images, and
the super-resolution reconstructed images had higher peak signal-to-noise ratio and structural similarity.
In the case of quadruple super resolution, it can reach 36. 03 dB and 0.913 2, respectively, which can
provide support for the follow-up research of tea intelligent monitoring.

Key words: tea; image reconstruction; super-resolution; residual group; convolutional long jump

structure
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Fig.1 Data acquisition area
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Fig.2 Partial drone image of tea leaves
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Fig.3 Partially cropped image
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Improved overall framework of RDN network
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Fig.8 Convolutional long-skip structure
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Fig.9 Flowchart of UAV tea image super-resolution reconstruction
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Tab.1 Hardware and software environment configuration

& Hic &
BERS Ubuntu 18. 04 LTS 64-bits
CPU Intel( R) Core(TM) i7 —9700
GPU NVIDIA GeForce RTX 2080Ti
GPU accelerator CUDA 10.1 & cuDNN 7. 6.5
VR HE 2 5T fiE PyTorch 1.5
R A PyCharm & Anaconda
MARE S Python 3.7
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Tab.2 Training parameters configuration
S Bu
NGRS/ (5% x 5% < @) 256 x256 x3
EisTw N 20
Il 3% AR AL 500

22 Wi
A% K FH U AR 15 Mk L0 ( Peak signal-to-noise
ratio, PSNR ) #1 45 # #3 {81 B ( Structural similarity
index,, SSIM ) *"" P VF 4 4 b 0 5 2 P10 15 R ik
A7 PPAl o PSNR G i 3153060 W AR 3R A 22 B) 1Y 22 (R
i it R e 5 B, 22 (/N U] PSNR A9 (R,
RGO /- BOR B E . Hat AR
Vs = 10l 255L\>;§55
A Ly — 07 RR %
Visue——WE(EE B 1L, dB
SERARALLRE TE Z SR AR LS5 M L 22 S 1T

S

(6)

Vo = (22ILLML;,L +C,) (220-ub +ZCZ) (7)
” (w, +u, +C,) (o, +o, +C,)
AP a— IR E o PR E B
b—— 1 2 5 A 4y B R R B
a b WK S (E

Moo My

o .T, a.b W52

T, a F b T 22

C,.C,—HH Voo — 235 ¥4 K D) JiE

Horp S5 A AL EE #E O ~ 1 2Z [a] BU(E, 25 SR b 4%
UE 1, SRR H A R A3 R RGO 5 0 I AR e A
PR EMG ROR AT
2.3 LIXFLE AR
2.3.1 FRZEVE Ry ORI R RE (14 52 1

KT RAIE RG 8 7 41 v % 22 1 78 Bl it

TS PE BE A5 R, 43 ) R FHAS [A] 450 79 RCAB R4
HEAT A5 i RO o PR R S, S A Rk 3
FR o
#= 3 RCAB #EHHEXEEEEEHF M
Tab.3 Effect of number of RCAB modules on

model performance

RCAB BiH ¥ & PSNR/dB SSIM
15 35.91 0.9112
20 36. 00 0.9125
25 36.01 0.9126
30 36.01 0.9127

ke 3 A LAAR Y 3 RCAB 5% 22 BT 1Y
B iy, B B AR 2 M R A BE A BV R T, OF HAE R
I F] 20 2 )5 ITih e 18l T AR S , YRR B R 1k R
25 ~ 30 B, A1 b R O 20 By RO 2% A A 4R
0. 01 dB A s 25 1 S AR f) A kA LA K fR I A 2 Y
PERE, EH RCAB BB O 20 87 25 4>
bR S R AT A BRI R B 4 R I 4
A, 08T YR S R A R AR R R A SR ik
A BUR BRERES A, PR IE Al 26 1 — B, BT 2 M
B PR AR, A5 RN R 4 PR . NS4S
RATRIAR A, 25 RCAB 5% 2 BB Al 1d 20 i,
P RE % 3 — A b ) fie o i 1 (B i — 2 K
I, A B BEBRAS H I F AN BE K 5 L e AR ORIk
A SCHEFE RCAB BEHUBR D 20,
F4 BRKYUKLEHS RCAB BRI F1ER
Xof 15 B4 B 22
Tab.4 Influence of convolutional long-skip

structure and RCAB module on model

RCAB #5 B4 i PSNR/dB SSIM
15 35.94 0.9116
20 36.03 0.9137
25 36. 00 0.912 4
30 35.99 0.9124

2.3.2  N[A] A B AR R Rl 1Y 5

AR SZ 5 DL A AT AT e 2E 1) RDN Ak JE 4R ) 4%
T A 1 x 1 BB K BEER M 45 DL K& RG 5% 22
R I T I AN i EGOR r PrR s RE
SO TSR S RN R S TR . HRERAE 1 x 1 %
FUZFEL Rk B P b e, B 1 x 1 B
TG BL T, >R 8 A 5] 5k e (0 5 iE X fe 2 7 4 119 BT
FR AR [F] B, AN 4R i PORR AR IR R AR R IE .
RSALLEN A 1 x 1 &I 7 Bk IR E 42 ™
Y T L5 FE PSNR #2791 0. 22 dB, X IR IFE T 1 x 1
BRI Bk % 09 A B0t W RE 7E A RG Bk
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J& ,PSNR 55 SSIM f4& J+ 5 05 2. 3%, st r i W] 1 7
RO NP U WESE ORI S <l oS VAN &
0B REALRE 5 AR Al B2 T 2% TR RORE o) B R
YRR 5 24 PR L [R] 4 T F, PSNR I SSIM 73
B35 %] 36.03 dB 1 0. 913 2, Ui B W5 452 He AH H 4
A LUAT R TR X AL 2 TR AR 09 i o) Bk
HEPERE
RS BELRITEE M EE R 0

Tab.5 Effect of each module on performance

Fh 28 N 4% RG Skip + Conv PSNR/dB SSIM
x x 35.75 0.9102
x Vv 35.97 0.9118
RDN
Vv X 36. 00 0.9125
vV vV 36.03 0.9132

T RN AN FZARE RV R AR

2.3.3 R ST HLEI AR AR T BE Y 5 R

N T B E T R AR R A ) RGO
DL TEAR R 1 SE 56 2500 F L8 RGP 6 i 18
£ 77 (Squeeze and excitation, SE ) L K ¥ FHe i 2
Sy e 128 ( Convolutional block attention module,
CBAM) FFEAT LEBE, X L S2Ba 25 R 3k 6 fIran .
6 M LIAE W, ] SE A5, B PSNR $2 Tt
0.20 dB, 13 W] 3 38 {3 8 1 L e 2y ] R R
5 T8 I Y REAE AN A () IS, BB A% 3 Y 4 AR Y
HEEROR ;s R CBAM B PSNR LL A AT SE 452
RUWE oy — S | PR 78 25 (8] b O [R5 ) SO A T A
L1 I g 1 I N [ K VA £ R 3 A N T IS
Rl A CBAM A58 B A X of B 5 A7 4] T 2% i 1A 45 19 4K
ST A LG AR RG B8 PSNR 42 7 0.25 dB,
SSIM L A% 1 e A, S8R AR X B 8o PR, i a5
AN EAT 58 22 JORE A4 T 52 L) R 8 (A R O B
i SR T A AT A v 80 R A2 IR R
B@LEIRT

x6 AREENERITER G
Tab.6 Performance impact of different attention

modules on model

LA PSNR/dB SSIM
RDN 35.75 0.9102
RDN + SE 35.95 0.9117
RDN + CBAM 35.96 0.9120
RDN +RG 36. 00 0.9125
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T HE— A B0 E I B A AR R X JE A HL 2%
VRGO 3 R A 2 SR 7 R ) 9 S 8 4 1 R
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L PRI A5 9 25 R A B0 0 A AN () A 0 R U L ik
TR, WA 7, R T Al LIE e AR RE |,
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Tab.7 Results of comparison between proposed

algorithm and mainstream algorithm

PSNR SSIM PSNR SSIM PSNR SSIM
(x2)/dB  (x2) (x3)/dB (x3) (x4)/dB ( x4)
0.9572 33.17 0.8917 30.18 0.8057
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Fig. 10  Comparisons of visualization results of mainstream deep learning

super-resolution reconstruction algorithms on test set
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