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Ground Cloud Image Recognition-and_Segmentation Technology Based

on Multi-task Learning
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Abstract: Clouds play an important role in weather forecasting. Accurate identification and
segmentation ofiground-based cloud images can effectively guide weather forecasting. Now most
of the existing datasets are only suitable for single task learning, and ground-based cloud image
recognition and segmentation technologies are mostly implemented by single task, thus
identification and detection efficiency are low and the robustness of the algorithm is poor.
Considering these problems, the ground-based cloud image datasets GBCD and GBCD-GT with
labels and suitable for multi-task learning are constructed, based on which a ground-based cloud

image recognition and segmentation joint network model GCRSegNet based on multi-task
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learning is designed. The model firstly extracts shared features through convolutional neural
network, then a special network is designed for each task to extract more recognizable features.
The segmentation network learns shared features to achieve ground-based cloud image
segmentation, and the recognition network combines sharing features and segmentation features to
achieve ground-based cloud image recognition. Through multiple groups of comparative
experiments, it is shown that the network in this paper can accurately represent the features of
ground-based cloud image. Meanwhile the accuracy of the recognition task can reach 94.28%, the
pixel accuracy of segmentation task can reach 93.85%, and mean intersection over.union reach
71.58%, which provides a possibility for practical application.

Key words: ground-based cloud image, image recognition, image segmentation, multi-task

learning
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“AEARBOKIERRL CERRSE, 2021; FRME5F, 2021), HIRAR SR RS TIRA
WMHBELERIRFERH (R, 2021), FrDIAER RGN 2 %) B (e, 2021 Hi
W&, 2019; JIREUAFG), 2018). RATHRN FEHAItE 2 OrREEE T TH HAT B8
H AT, 2 ORI 5 VAT T R s AN AR i 2 N 5, e e 2 S0RL 0 vt 7 ) X 25 8 v WL )=
R XIRAN 2= 7 A AR A O, R B HL IS Zo PG A s I 2 2 F e, % T AT AR
SER AN SO SR T TR 2 (401515 SN R PO AU Ik AR PE CRYB €&, 2021 BN R4S,
2020; HHPY TS, 2020) ALHE T H .

RN A ZOU T AR AR R, A JUAE, KR 23 i 35 2 WL 7 vk /e N L
LI, EHOULIN 3 AR A1) 20 Sansb i 5 2= I oA 2= B, (DU 53 5 52 32 0 RN 26
THE, AL SR BRZ AN 1 o T o i 1) R, i S 2 B B S 7 v Bl 2k iRk
TR VR A ARG ) 1t 2 2 P S E BRI R DG B R o EL T, M 25 BRI AN 43 IR AR
TR . fEHIE = BRI T, Zhang etal (2018) #72 H 3 TR B AR 40 4 WX 4%
1 Hb FE 7= 43 X 4%-.(Ground-Based Cloud Classification with Deep Convolutional Neural
Network, CloudNet), S8 11 R EEZ I 732K, HA RUEM S A e . B ZE M i

(2020) FIFEF % 200 11 KHIE R, @ 58 A I I 2 R B SUR A h s 5k
4 (2021) R B S04 (Lightweight Ground-Based Cloud Image Classification
Network, LCCNet), #&m 1 11 etk = B R0 R, (IRt = BRE WS L. 18
HEEZ B EITH, L0745 (2018) 4t —FhZE TR 3 AT I 4 G AR I 28 -5 R 22 I
2% (Fully Convolutional Networks-Convolutional Neural Networks, FCN-CNN), JJ4&EAME 25 55
28N FCN-CNN 2%, szBLAERS 13 5L 2< o080 JEEARAE (2019) 2 —FhonFral
HERIEGH A WS B, 85 TR B EE R, (B SHERK, K5 KA,
& Dev et al (2019) $#2H —HMERK = Kl /rEIM %% (Deep Network for Nychthemeron Cloud
Image Segmentation, CloudSegNet), #EffiZ#IHIE =&, (HH TR 7T EdE &0 AR
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FRARBHNETH, FEINE I 25 T Hh 3 = B o B ORANT

BRI HE: 2= PR A 7 B R B A ROR , (IR SRR B T = 1
PO, B T I S A, 6 AR SR R 2 R 4 R AT 55 T 5 P 298 A
A (Joint Network Model of Ground-based Cloud Image Recognition and Segmentation,
GCRSegNet), iZARUA IR 5 70 FI P AME S5 Z IBAFAE ARSI, e dbbdt 2 R 5 7
FZACTERERIIR T, ML BT 5557 =), AR SCOTVRAE — A W 2% rh S b 26 2 JE IR ) A 23 S i A
fE5%, JF3R1G T 94.28% )R il ERH AT 93.85%1H) 73 FI HER 2

1 HuJE 7 B AR 42 GBCD A1 GBCD-GT

1.1 VAR E R S ESREME

ASCHHR R AR A 84 (Total Sky Imager, TSI 4 H 78 06—18 I K4 )4, & —Fil
DRI BT R A = B, JEFIH Zhang (1998) FHA AR 2 vk b R 42 11 Hh
BB, AR IR AR . ARYE (R RS ChEA% R, 2003 %, F T
ACFR G FI I 2 B4y N 10 Bl s 28, NRIIE G SHREG 1 78 B, B FiE R S A 11
KK, HRmENE LR,
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Fig.1 Construction method of initial standard ground cloud image dataset
(a) process of establishing the label model, (b) use of label model
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HHAEE AR 2, B J LI 4L (Visual Geometry Group Network, VGG16) (Simonyan
and Zisserman,2014) . VR £ 5% 2= 1 2 [ 2% (Deep residual network, ResNet-152) (He et al,2016 ).
P # LA LS (Dense Convolutional Network, DensNet-201) (Huang et al,2017) #1 LCCNet
W Z8AE LA o ST B B M = (&1 2 2 o I E AN [R R 2 8T 1 T A% 5 SIS R )l
GRIRIGEIRAE, 2 1 B T8 MR S R AE R 20 S 0T B (AR JE 40 X LR p &5 SRR B,
LCCNet fEf#R 2 JEIH MR A0 T HAMRS A, &5 M H LCCNet 4l Bh8da 4k — k3, 153
WL bR I 2 B R 2

F1 FRBBEETERESNIBE IBRIE

Table 1 Comparison of model optimal transfer learning effect under original dataset

Bt ik EHU HERfZE /%
VGG16 3 86.50
ResNet-152 2 87.10
DenseNet-201 2 92.96
LCCNet 2 98.52

HIH] LCCNet BB 73 JEHRAR I & 1b Fram, R e xd B 298] 1 SEFrdr 25 5 1 2%
et bRas, 2 HALY LCCNet TN A B AR T 0.9 WAJVEIA D SIER, SN EE
WhIbRZE . fERIIREEEE LA E S AP ER, 4 HAY 4 LECNet 70 KRIEH I 2 18
B b B S BRI 95% A L, ARG R AL = R B Bk S E M, i
TE BT AR bR v 1 2 P Rt 4
1.2 #Rff GT BiREME

S R E A 7 E AR D O 1, IR 2 REREE— 2 GT BIANIRIZR, 3R

13415 70 RARREN GT Hdlate, AT a2 o
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|
v
A\ 4 REYCrehFita s
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@) Fah UNetz 55 % 3
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Kl 2 bk GT A AR M 2 5 12
(a) TYIZEERL, (b) EUGRIEI5 KB 26
Fig.2 construction method of standard GT dataset
(a) pre-training model, (b) image segmentation and sunlight removal

e B S, T ERUIZR 4> IR (Convolutional Networks for Biomedical
Image Segmentation, UNet), Jif2anfE 2a Frn. KR HLE: = B #1 8 dE 4 Singapore
Whole sky IMaging SEGmentation Database (Dev et al, 2017a), Singapore Whole sky Nighttime
Imaging SEGmentation Database (Dev S et al, 2017b) = ({5, BRI AN G 5E f B e i
15 6768 ik, FFEN UNet 45 (1)1 25504 -

T W1 aE bR i I 2 B R 4 K& 1 R o B 3 5 ROK B o™ g NG T £ i
LR, ZXTtatr, RIKBANIEE S T 2w, Wk 3a Fias, Kb i 2b
FRmAe, MEIEMK GT K. BE5E4T UNet 43R5 HIIE = B O/ DEIG 5 1% ~ Ta i
2SO CTEE I AlD: 18 S < I O N R (= o157 2 A N E P N Y = - DL 2 I E | N R B
Bl 3c fs a4 UG AEREFIBUE 7 145 AR, 1930 2 B KRG a1, 2R il 3d
PR NfgmBdnt BERE, N TLIERKHAEFRE GT K, He WHUR B iR 1 GT k=
K a4k

) ™ (o

K 3 GT HdlE 4L AR A
(@) J5EL,  (b) UNet 7%, (¢ KFEmEE, (d) AXHrHIE
Fig.3 Effect diagram of GT dataset

(a) The original image, (b) Segmentation image of UNet, (c) The sun glare, (d) Segmentation image of this paper

1.3 BB 1%

SRARAIE 5 SR8 78 20 PR S, B FH B A RN (5] 52 A R e s ot A ab b v 3 2 P 3000
RN GT HdE S5 31T B 158, 12 e & (b 5 = R %95 42 GBCD 1 GT % 45 GBCD-GT,
BRI N 2 Fiw.

= 2 ¥im4EE GBCD F1 GBCD-GT #yAk
Table 2 Composition of datasets GBCD and GBCD-GT
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Rz Ac 232 1392

mEz As 222 1332
MW= Cb 64 384
Bz Cc 150 900
EEPA Ci 215 1290
LR Cs 250 1500
M= Cu 212 1272
ME= Ns 72 432
Bz Sc 245 1470
ME= St 123 738
K= No 216 1296
S - 2001 12006
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2.1 BHESF SRR

ZAESS 2P 2 N ORAT 55 UAE 25 2] R 3L M A B AR R I S0 S i R,
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ARSI S B R IR T RS I 2 RRE 4L e FE R T AR Y
LA B RS o A SCR SRS A, KA R 55 B e SR R S B 2 B AR
e, FEESHE, RITMERZ LG

ASSORRAE A, 75 B AT 25 0, BETE 125 T 255 5 T i 2 B R0 AN 7 K A X 2%
BR, SERNE 4 PR . 28880 1 Jeid il CNN SR L SR AE, SR 5 X L SR it —
AL BRI 73 P AME S5 HREE RRAE Ao Jr TR 2% 45 5 3L S RFAE AN 7 BV R AL S D B <
BRI, DU R B W 45 8 b 12 ]

4t 15451 43 Z Elmask
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| N

fiE 1£452: 551 = B2

Bl 4 AT 555 R Ayt Jo P

Fig.4 Principle of multi-task learning model construction
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1x1 HFR 1x1 A ‘ 1x1 A0 ‘
BN+ReLu | BN+ReLu | BN+ReLu |
3x3 3x3 3x3
(r=1) (r=2) (r=3)
BN BN | BN
‘1x1%,‘% ‘ 1x1 HA ‘ ‘1x1%,‘3{

“+ReLu BN+RelLu

K 6 stage H FIREAESEH T

Fig.6 Feature extraction unit in stage

HIEER S

| Share MLP | | Share MLP |

K7 R CBAM
Fig.7 Attention module CBAM

2.2.2 HEI R %

Gy EN W 2% 75 B L R A PR SR B R UG B RSE,  LRRRE LA o B B U E
oy E N 2 1 S B R ot R T, R ERD R SHE, FREERIC a i —A
RN LIRS, i 8a iR ML FRFEHIC a, FRFEHIC b FF @S
REREG, WK 8b Avn. ATVRANAE SR R IRHES %, K concatenate j#iE 5 &
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(@ ()
1x1 %M 1x1 H#

BN+ReLu BN+ReLu

e ] o]
3x3 ]

BN+ReLu BN+ReLu

K8 L RFEFRITASH
(&) ERFEHICa, (b)) ERFEFITD
Fig. 8 Up-sampling unit structure

(a) Up-sampling unit a, (b) Up-sampling unit b

2.2.3 RA ML

W2 Rl 1 LR AEAT 73 31 W 243 508 Rl ARG P . B a3k AR
2ol 1x1 BRABAL, FE IR, RE EEAHIE, A0 SR BECE — R R iE et
WRZEGL, RN, BEREZEMRE th M 2 VR 51 AL I 25 PERE T B Tr) R I i 4ERAALE
58, XHEA RN A R AR [F) 22 () A BB RORFIEE S, IR BIRHE R 2 RIS B &
Jaok LR ARIE R, 20 e EARLIEAT 02, IR B I R K H

1x1 B

K9 RPERR A LTS5
Fig. 9 Feature fusion module structure
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AAE GBCD Al GBCD-GT ##iik b ATik5e, A 1 IRIE M 25 B R IE 7 > BE
BN AR 4% 8:1:1 oy IR dE, SR uESEANIASE, Ik batch_size ¥ 32, epoch 2y
100, WI4fi%>1%H 0.001, fLita%A Adam.

ACEAER R (Accuracy), 1R RMEMZE (Pixel Accuracy, PA). T4 FFHE (Mean
Intersection over Union, MloU) NI IFMHER, tHE A= (2) (3) (4) Fir.

§:TPG) 2
Accuracy =1——
Total
pa___ TP+TN (3)
FN+FP+TN +TP
MIOU :L L (4)

n+1=Z FN+FP+TP

X (2 1, 1=123,..,n(n=11), total HEFEHE; X (3D M @) W, TR
RGP R IERR IEREAS, TN B0 IR I FREAS, PN BB 0 S Uait) TREE A%, FP
NPT AR AR, N R
3.2 HIER R
3.2.1 R FIF XIS

T R GCRSegNet AevfEf 1A ik 2 &, 4 (2% GCRSegNet s Bl 25 8L i) FLAT:
SR R LE R R AT LG, K6 45 Bk 3 fs.

*® 3 LML REELR

Table 3 Performance comparison of classified networks

R 4 A 75 ik TR /%

Inception (Szededy-gt-al;2016) 76.96
VGG16 a 86.90
ResNet-152 — 89.56
MabileNet<V2 (Sandler et al,2018) 91.95
DenseNet<201 - 93.18
CloudNet - 91.87
LCCNet - 93.86
GCRSegNet - 94.28

L RIS S5 R, BARBAAT 52 ST CloudNet 122 8114328 4% (Inverted Residuals
and Linear Bottlenecks, MobileNet-V2) [ #ERfi %45 7 90% LA |-, LCCNet £ &A% | 93.86%,
{H GCRSegNet #Effi 3 =ik 94.28%. HiILiE# GCRSegNet #5571 GEE LI I AMT 55 AT HE T
HERR IR S 2 ], AR ) SR B P FR 4t 1 AT e

IR VEHL 43 BT GCRSegNet 7EHh I8 2 R B AR, Wikl 10 Frow. B Eihh
TMZEH, NN E ST, R AR IE v IE A U B R R % . 1 10 R, 7R
B GCRSegNet H1, K2 2K 1R AZAE 90% LA F, KA Ac #1 Ci BiFhz R BI 3 AE
90%LL T, R N7E GCRSegNet H477E Ac 5 Cc #11 Sc. Ci 5 Cs il Cc 1R M1 -
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RAREs

G & W & & D% M W M C
L 1) 3

10 7 GCRSegNet IR 4 4
Fig.10 Confusion matrix of GCRSegNet model

L} ) AE Cc f Sc
, E XN Ce,

Kt Ac Z 37t >4 Ce #1 Sc; 17 Ci Cs 55 Ce Z IBAFEAHE A HEIN AR, HARHINARR 5,
bz SEC sk S S Wi eE =F =, Wil 11b Fros, 4 N Ce, WX

K11 RiE IR S
(a) Sc\(ZI#iE), Ac (Wi#E) FlCc (HAE), (b) Cc (LAE), Cs CHEHE) FICi (GEAE)

Fig.11 Confusion ground-based cloud images
(a) Sc( red frame ), Ac(blue frame ), and Cc(yellow frame ), (b) Cc( red frame ), Cs(blue frame ), and Ci (yellow

frame)

T Ci GUEBGR, AT RIUL S 2 RT3, HAE D TIR46 rPo R i

J 30 73 B B R P R R4 AR T RAE, R EBOBIRIE S A SRRk,

12 Jr7m o HEBGL S RSy S [ 45 o ROBEAR (R KRR AR 1T, 4] 12b At 126, SARRA AR

FE, (HAERE 12e ol LR B AR =k, [FIFEER 12¢ AT 12d m A7 78 7 11X 2% Xk L

ORI SRRk, K 12d fos. B, BlEEGREE o 0 BIRFIE SR A IR )
P& AR B AR, BETR G = R AR R .
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Bl 12 REE R
(R K, (D) EFRFIE K 256 x 256 , (¢)F Rt ALAFIE K 128 %128 , (d) FRFFHIG a R-EE 128 <128,
(&) L RAFEFIT b FF1E K 256 x 256
Fig.12 Feature map display
(a) original image, (b) feature map of convolution is 256x 256,
(b) (c) feature map of max pooling is 128x128, (d) feature map of up-sampling unit a is
128x128, (e) feature map of up-sampling unitb is 256x 256

Hltt, B FEdE— 1k GCRSegNet #7,  DLHE miH i iz (AT iR S R NG R — 2D A
FLREIRIN U 5 53 %1 22 Pl ik 2= B B AT S5 AL, I8N () RS 2 2] (A EL 5
3.2.2 HE| st bR e

H 2% GCRSegNet 5 I 4 S 1115 S o8| 48 7EAZ R IR % PARISFIAZ I EE MioU
b T, IR RN 4 R .
4 STEIMLE BT

Table 4 Performance comparison of segmentation networks

]

] 2 A5 74 2% 3k BFEMEHEI% ST L%
SegNet (Badrinarayanamet/al, 2017 ) 91.18 69.55
UNet (Ronneberger et'al,2015) 91.65 70.75
DABNet (Li etal,2019) 90.27 65.91
CloudSegNet - 91.97 69.11
GCRSegNet - 93.85 71.58

M FRREG A5 R L, /> EIZ (Deep Convolutional Encoder-Decoder Architecture for
Image Segmentation, SegNet). UNet. ¥ 2 IEXTFRSL N 73 E| /2% (Depth-wise Asymmetric
Bottleneck for Real-time Semantic Segmentation, DABNet) #1 CloudSegNet f] PA 1A% 90%
PLE, HA CloudSegNet 2% 1) PA 1A% 91.97%, MloU k%] 69.11%, {H GCRSegNet ] PA
1% 93.85%, Lt CloudSegNet = i 1.88%, MloU is % 71.58%. M UL Efxf E i IiE B,
}4% GCRSegNet fESKHL AT S5 (AT, REVHERA 7 T AL < ]

40 2% UNet M1 GCRSegNet (56 R R BEAT RIALAL, 48] 13 Fram o MR EL &5 R R 3,
GCRSegNet 1 UNet 3t LLHFIN 220K =44, HXF T 2k = B L G (0 BUR I = 4K
GCRSegNet 7 #IK5FE =T UNet, WEFRL e TR, #3F—DiE T GCRSegNet M4%ft ik
o> BB O A — R R = A
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Kl 13 k= KL R
() J5HE, (b) EMEE, (¢ UNet#ith, (d) GCRSegNet fiith
Fig. 13 Segmentation results of ground-based cloud image
(@ original image, (b) GroundTruth, (c) output of UNet, (d) output of GCRSegNet

3.2.3 BRAKMA oM X B

N T B b 2 BRI AN R AT T A 4, FEAERE Y GCRSegNet 1Rl I 2% ik
ARG > EIRHE,  [F SR IR0 A BIPEATESS A A 409 GCRSegNet* . Jf44 P i
GCRSegNet*f1 GCRSegNet 7F Accuracy- |PA fil MloU Eit47 %t b, 5645 R a1k 5 Fis.

5 BESER ML

Table 5 Comparison of multitasking model performance

A HERHR 1% 1§ R WERIRI% FIRE IR L%
GCRSegNet™ 84.81 81.12 66.65
GCRSegNet 94.28 93.85 7158

MR 45 BRI,  GCRSegNet* % A 7E IR AAE 55 I 43 FIRFAE,  1X50 45
Accuracy. PA Fll MloU 435Ik T- GCRSegNet if 10%-.  12%7F1 5%, iFH] GCRSegNet 1% %Y
Xof M 25 BRI B U AR AE R IR B 70, Sy i3 2= BRI AN 23 BB (19 S Bm B S 4tk T —FhaT AT
kD

A5 2 B B I Tl R A7 B GCRSegNet*Fll GCRSegNet 7 P RE, Wil 14 s . A
R I GCRSegNet 1578 (1 5451 25 bR FUS SICE 8, i3k — 2P GCRSegNet 54172 A0 PR A #
YRS, REAERR IR AN 2 F b <
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—— GCRSegNet

GCRSegNet*

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

] 14 GCRSegNet* Il GCRSegNet %% 5 4571 25 bR KUkt He
Fig.14 Comparison of network Loss between GCRSegNet* and GCRSegNet

3.3 HANASH

Y TR GCRSegNet i i i k& 2 IS0 F0 23 F1 &, #oRI AR A GCRSegNet 7] LA
T = B R =, FERYE =R = E TR S84k, Se8l st = Wl K fE
2018 -9 H 6 H 08, 12, 16. 18 i (dbxlhf, TFFED i pithit = EHad it s, F
F GCRSegNet #5574 {25 R FIWr o IRF = 2, S5 R WEK 6 Fion . ARAE A 4 H S8 A
Nz, HRA AR = &l 50%, HAhKEBISTE 50%LLT, Flln #8811
R RSN, H5 24 B RS TRAT L, IEWIEAL GCRSegNet X K <RI R4 —
SEMAHBNTER

=6 EREWMURSER

Table 6 Model forecast weather results

I E (4E A H
iNp)

7 P 245 Mask nE TR A PFRRS

2018090608 44.18% i i
2018090612 52.94% i} i
2018090616 41.72% i} i
2018090618 6.6% i} i
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1) N TARE . TR I AEE G 5, K TSI RIEREE = 70 e 5 11 R =
Kl GBCD ##adE, 3t 12006 5K: fEBIMZE 31, LERKFHOGAM N TAHE, # GBCD Hith
Sz B RIS R GT B, 5T i hn2s i) GBCD-GT Hida 5, NG SR B 7 85 5E 1 2k
H::H o

2) FET 2SS, Mg T B BRI FIEE M 251578 GCRSegNet,  FEH4 A%
RITEHERAZE Accuracy 1R R AERIZE PA FINFIZZIEEE MloU E 5 AR S BERL3EAT X b, RN
GCRSegNet 175! Accuracy 12| 94.28%, PA A% 93.85%, MloU iA%] 71.58%, 437l L &AL
(R BAESS BORSE T T 0.42%. 1.75%. 0.78%. Ay 1 1IE W] 5 2= R 5 23 SRl 1) A 28
P, AR SCEER GCRSegNet* 1 GCRSegNet 7F Accuracy. PA Fl MloU _FiEATxt Lk, R
B 7 R R 7 TGS A 0 P 280 R B S A T A RS A P RAOR . i e b e R
GCRSegNet J& AT 4} LA A Hh 24 R 47 1), 1IEHH T GCRSegNet 1T PATE 2 4155 Bk -4 K i 4 iy
P& T SEILAER B 2= IR 52081, D9 JE SRR ATk SR I Fe g it 1 —FiRjAT U7 %
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