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Fusion of YOLOv5s network and Criminisi algorithm to remove
clouds from agricultural remote sensing images

SONG Huaibo'?,LUO Pengxin'*, WANG Yanan'?,GENG Mingyang'*,
XING Jiaxin*, WANG Shuai'**

(1 College of Mechanical and Electronic Engineering , Northwest A&F University ,Yangling ,Shaanxi 712100, China
2 Key Lab of Agricultural Internet of Things,Ministry of Agriculture and Rural A f fairs,Yangling ,Shaanxi 712100,China)

Abstract: [Objective] A cloud removal method for agricultural remote sensing images based on fusion
of YOLOv5s network and improved Criminisi algorithm was constructed to provide support for acquisition
of surface information and interpretation of surface objects under the interference of clouds. [Method] Fog
and partial thin clouds were removed by dark channel prior (DCP) algorithm based on tolerance mechanism

to improve global image contrast and sharpness of clouds edges. Then,the YOLOv5s deep learning network
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was fused in the threshold segmentation of cloudy area to achieve fast and accurate automatic extraction of
cloud mask. Finally, the Criminisi algorithm was improved through the adaptive adjustment strategy of
sample block size to achieve effective cloud removal and repair of remote sensing images. To verify effec-
tiveness of the proposed algorithm,cloud removal experiments on remote sensing images with different si-
zes of clouds in different locations were carried out,and information entropy, PSNR, MSE,and SSIM were
used as indicators to evaluate the algorithm. [Result] Eight haze images were repaired with the fusion of
YOLOv5s network and the inproved Criminisi algorithm of adaptive sample blocks. The average PSNR of
repaired images was 21. 01 and the average SSIM was 0. 77. Besides, 57 simulated cloud images were re-
paired by this method with averaged PSNR of 28. 59 and averaged SSIM of 0. 93. It was feasible to apply
the improved Criminisi algorithm for cloud removal of remote sensing images. Based on this, the applicabili-
ty of the improved Criminisi algorithm and the impact of shadows on cloud removal were further explored.
The cloud interference of different sizes and positions caused large uncertainty in unknown areas with sig-
nificant impacts on repaired effect. There was shadow block filling when the shadow area was adjacent to
cloudy areas,and the results needed improvement. [Conclusion)] The areas covered by clouds can be effec-
tively repaired with the fusion of YOLOv5s network and improved Criminisi algorithm and more realistic

surface information was kept. Thus,the method can be used for fine perception of agricultural remote sens-

ing information.

Key words: remote sensing images;cloud removal;improved Criminisi algorithm; YOLOv5s;dark chan-

nel prior (DCP) algorithm

18 SR AR 3 S B AR AR
By 4 S5 R 58 U FH Tz B IR R AR 1 3 B
SEREE XE A B R R G E Y B AR
W3 T LU 7 55 2 Ak R 2 Ot i AR
5 Z RARBL I 22 T4 808 1% K 15 20
TSR T R A B AR BRI L R ) F AR
(SRS o g e e R ) A I R~ s A 2
18 B 25 2 Ab PR A HR S PR R SR T
fi.

EARR B L E AT T IR KR L =Tkt
SOOI TR BRSO B R R R
ZWE ST B g B TR L 2 A L A TR 3 2607
o FET G I 75 1k SR T R S B B AME
SN R AN TR B 333 LA A ) 2 3 BE 0 1A O
PEAT 25 AL FEE  HAZ 26 T v T RE R T T o X3
F i iy AR S, o 229 T R S A AR 030 i 2 8 2 i f
W7 R 3 FPE T S0 E . He 0048 T —Fh gk
T % AT e i 203 R 55 5 L BRI ik
AT LU 018 52 2 £ S AE X o M B i T AR R
BRI E RO R AR5 I T —F T
IG5 2 B S T B R a R ERACR .
HUIL T 5 A T R P R = X L bR %
T2 A Y J7 9 1 [ — b DXAS [R] I 220 9 8 = KR
YERZH AT £ B0 T IR AR W i 2 KR T

SCAR JRRH XS L5 AH A3 ] T ) B i ) < HL b 3%
A KB X 4, Zhang U5 R T — b 2 AL SR
i R 22 5 AH R Bl G 19 26 = 070k i) DU RO ik 2
I AR T8 T 2 25 B oK J B AR Y )R, Cao 451
R T —F A R LB I DA IR T R AR
G R B B AR S A TE o R B 5 1R 2 B
TE AR BRI AR 2R 4 (B 15 AR T 24, 8600, {H J2: 7B &%
P AU A1 I — f 5 2 [ 2 I3 R A7 o X LR B 22 I
AAECHE » HLIZE 7 VR R PRI e e 45 A 50 i 7
B IR. BT ARk EER TR T EEE
U BTN T B S 2 G TR AR R B
JE AR BB A G B BEAT B A2 . Cheng SR INT
— R T 2 E AR R R 2 B KR L Ak T
Aib PR AT A5 R A O MR A X TP B B
Criminisi 55" 4 H 9 5 T REA B iy RS B 2 s
AT LA SE BB R A IX B A 5 O BT A — i R
R R R R S B R AR SNBSS T i
BAS T RARCR .

25 BT F OGRS T s £ BR BSOS TR
U B RO S T JEE 2 DX P AR R R 4 7 1 3
FEUT Al BB YRR A AR G R AR S
2 DX A 0 . B RE X R A B XS AT 18 R 1
BREATIIRAFAE . It AN B 5T S M 5 T 22 1
i 18 38 ST 56 (dark channel prior, DCP) % 32 X E 1%



5% 3 3

R - 45 Bl YOLOvSs 5 Criminisi 5835 B9 4l 38 I8 B R 25 2 07 IR 0T 5 145

HEAT AL BRET, O AR R R N R 0 R b, &5 A
YOLOvS5s 5 #1155 8 43 1 LA 3K BORS 8 19 2= )2 52 Wi
DB AR 5 3 o AR AR B K /N 3 N A SR X Crri-
minisi B IEPEAT 0 OF R AR BB LB i
J& A A B W8 AE 15 M L (peak signal-to-noise ra-
tio, PSNR) . ¥ J7 1% 22 (mean-square error, MSE) Fl
ZE #4 #H ol 4 (structural similarity index measure,
SSIMD4 A8 AR X 2 2= 45 R 17 F A . LU b ROl
IR ER I R R A A

L #E5IrE

31'34. 97"ND L IZ A X W AL 20 O 38. 9 km” A B
Wom A TN, BRRE T 2015 4 7 H
15 HAI 201548 7 H 20 H. RERHZEN 2 5 RE
D90 I AR ML AL G 1) 1% Bl AR XU 1S 3k i1 &R 4, H
1 BECE AF JE 5%/R 24 mm /2. 8D 45 3k B9 AH HL
FHT 404 RGB R . AR 5T X 38k B e 30 15 3 an 1
1R, b sl 482 AT I 4R 20 (0 7 Sk R T 460 A
ML Tm . B ek K G S H g & 5
FIFH A Ok % 2 48 A 3h fih & AHAL Y GPS #2028
PEATEUE R4 . A 3R BUFE & B RR A AR 5T it 406
ML RATE R 3 050 m, L4 10 s Sk [a] b5 3R B — ik 14

L1 # # PIGIIE RATER Z [ 1 50 %0 i MR & W 7 ATl
111 #ABEEER BRI T XM 1066 m i KT 240 km/h 9 € AF i i 28 B
I T M K 2 Il B ST 1 R X (96°24730. 44" W, 30° R, EMRLL 8 £ JPEG SUHEAEf#AE SD 26k
96°30' W 96°28" W 96°26" W 96°24" W 96°22' W
3 -4 OS W TO0 W os e | e
30°36' N fat '*, ! 30°36' N
o ki
' ‘ F30°35' N
30°35' N . ‘N
F30°34' N
30°34’ N
F30°33'N
30°33' NA
F30°32' N
30°32' N+ o Q
Kilometersi. = =3

96°§0’W 96°‘28’W

96°26' W

96°24' W 96°22' W

Pl R B R R AT B 4L (R Sk ST SR AR AN T T ] R ORI R O FOR R R

The yellow line is flight route.and the red arrows are the start and end directions of the route.

Partially magnified image shows the imaging system
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Fig. 2 Original image covered by clouds and the images of data augmentation in different ways
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a. Original haze image 1 covered by clouds;b. Result of original haze image 1 preprocessed by DCP;c. Result of original haze image 1

preprocessed by HF;d. Original haze image 2 covered by clouds;e. Result of original haze image 2 preprocessed by DCP;

f. Result of original haze image 2 preprocessed by HF
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Fig. 4 Comparison of two haze images covered by clouds and the results of preprocessing based on DCP and HF
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Table 1 Information entropy of images preprocessed by different algorithms
" {5 B % Information entropy
IEgge JE R R I 3 1 Ak 3 [ 2 0 e 4k 2 _
Original image Processed by DCP algorithm Processed by HF algorithm
1 6. 00 7.25 5.29
2 6.62 7.58 5.90
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Fig. 5 Comparison of extraction results of cloud mask images with the fusion of YOLOv5s and threshold segmentation
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Table 2 Repair results using different sample block sizes
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PSNR MSE SSIM PSNR MSE SSIM

3 37.39 11.87 0.948 7 17 37.42 11.77 0.949 5

9 37.22 12.35 0.948 5 F 3B BER 37.93 10.47 0.950 8
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a. Original haze image 1 covered by clouds;b. Comparison image 1 obtained by PS;c. Image 1 repaired by traditional Criminisi algorithm;

d. Image 1 repaired by method in this research;e. Original haze image 2 covered by clouds;f. Comparison image 2 obtained by PS;

g. Image 2 repaired by traditional Criminisi algorithm;h. Image 2 repaired by method in this research;

i. Original haze image 3 covered by clouds;j. Comparison image 3 obtained by PS;k. Image 3 repaired by traditional

Criminisi algorithm;l. Image 3 repaired by method in this research
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Fig. 9 Comparison of three haze images covered by clouds and the repair results of different methods
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Table 3 Evaluation of cloud removal from haze image by traditional Criminisi algorithm and the method in this research

7k 0 1 25 WA {15 1R 1o Yy e L5 K6 FH DL Qb BRI ] /s
Method Gain of entropy PSNR MSE SSIM Processing time
{445 Criminisi 83k 5
Traditional Criminisi method 0.73 20. 38 707.32 0.75 18415
BT 0.75 21.01 670. 64 0.77 213. 24

Method in this research
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Fig. 10 Comparison of cloud removal results of simulated cloud images
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Table 4 Cloud removal evaluation of simulated cloud images
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Method in this research
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Fig. 12 Comparison of different simulated cloud images and repair results by improved Criminisi algorithm
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Fig. 13 Comparison of cloud removal results for cloud images with shadow based on improved Criminisi algorithm
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