CN 51'-1546/04 1SSN 1003- 501X (EIJEIJF&)'« ISSN 2094-4019 (R#Hf)

ETREEEFINIEZERE
SfE, R, HEE, FEE &8

S| AA:

&HE, AR, B8, £ ETREESEZINIERBEREZ[]. LB TIE, 2022, 49(4): 210307.

JinZ Z, Fang XY, Huang Y H, et al. Satellite cloud image retrieval based on deep metric learning[J]. Opto-Electron
Eng, 2022, 49(4): 210307.

https://doi.org/10.12086/0ee.2022.210307
s HEA: 2021-09-23; &3 H #5: 2022-01-18

AXRIBX

ZHERIERREHELRRMNEREEEIRG]
VR, &)E, Frad, ZR4N, FHEEE
JE T 2022, 49(9): 220007 doi: 10.12086/0ee.2022.220007

ETREZ IS 77 %

SSCH], XIRIBH, AR, ARG

BT 2021, 48(1): 200062 doi: 10.12086/0ee.2021.200062
ETREZ I[N Z A EAEX RSN

BN, BUIH, Bk, whHEE T

BT 2020, 47(1): 190299  doi: 10.12086/0e€.2020.190299
H EE B E G R REK A BIEB DR

W, B, IR, AR

SE T 2022, 49(12): 220029 doi: 10.12086/0e€.2022.220029

Tt TN L

OEE £ & x4

Opto-Electronic Engineering

http://cn.oejournal.org/oee @ OE_Journal Website


https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://doi.org/10.12086/oee.2022.210307
https://cn.oejournal.org/article/doi/10.12086/oee.2022.220007
https://doi.org/10.12086/oee.2022.220007
https://cn.oejournal.org/article/doi/10.12086/oee.2021.200062
https://doi.org/10.12086/oee.2021.200062
https://cn.oejournal.org/article/doi/10.12086/oee.2020.190299
https://doi.org/10.12086/oee.2020.190299
https://cn.oejournal.org/article/doi/10.12086/oee.2022.220029
https://doi.org/10.12086/oee.2022.220029
https://cn.oejournal.org/article/doi/10.12086/oee.2022.210307?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2022.210307?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2022.210307?viewType=relative-article
http://cn.oejournal.org/oee

Opto-Electronic Engineering Art|C|e

% & x

20225, 55495, 5 4 88

DOI: 10.12086/0ee.2022.210307

g{F”"FE%% > E"J T T

l

Share
weights

Anchor

SR, TR, EEE, FEK, & &
kR BRI TR, WO T 315211 LT e T |

WE: ARz BEEFEETREFRZANEZTHE ARG, RETHATREEEFIN=ESE
?ﬁ%oﬁﬁﬁﬁTﬁéxMD%ﬁﬁz %, VIRREBGZE BB, ETHRETHEOREMLITR
BOGRAETRALERL N EZF K. £R EZ7 DA, RAZAANENEL, REZEZE GRS = B2 EE
ZlF, AWEREZBEERNZATGES D TEREZED, AFEAD%, @i LR = TAH K HHOG Ao EAHE K
ﬁME%%%ﬁ,&%T%%iimﬁ%%&ﬁﬁ%,ﬁ%?ﬁ@%?ﬁ%ﬁ fsbikah b, @A AEF, FEZ
I b & B AR T RS AL, ARERRHMEANEF TR TARME, FRERKN, ALz BESE
Fodb FIRR XA BEHIEE L, AL FE0-F 344 E 3444 (mean average precision, mAP) 45132 2] 75.14% #= 80.14%,
M F gzt oy ik

L9 RASD: AEFT ZAMMA RREBRE

HhESES: TP751 XHEkARRRRD: A

Satellite cloud - —_—

SAEEE, JTIRIR, EEE, & ETWEEE I TREZERR U] LR IR, 2022, 49(4): 210307
JinZ Z, Fang XY, Huang Y H, et al. Satellite cloud image retrieval based on deep metric learning[J]. Opto-Electron Eng, 2022,
49(4): 210307

Satellite cloud image retrieval based on deep
metric learning

Jin Zhuzhang, Fang Xuyuan, Huang Yanhui, Yin Caogjian, Jin Wei"
Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo, Zhejiang 315211, China

Abstract: Due to the traditional cloud image retrieval methods are difficult to obtain ideal retrieval accuracy and
retrieval efficiency, a cloud image retrieval method based on deep metric learning is proposed. Firstly, a residual 3D-
2D convolutional neural network is designed to extract spatial and spectral features of cloud images. Since the
features extracted by the traditional classify-based deep network may have greater differences intra-classes than
inter-classes, the triplet strategy is used to train the network, and the cloud images are mapped into the metric
space according to the similarity between cloud images, so that the distance of similar cloud images in the
embedded space is smaller than that of non-similar cloud images. In model training, the convergence performance
of traditional triplet loss is improved and the precision of cloud image retrieval is increased by adding a constraint
on the distance between positive sample pairs to the lossless triplet loss function. Finally, through hash learning,
the cloud features in the metric space are transformed into hash codes, so as to ensure the retrieval accuracy and
improve the retrieval efficiency. Experimental results show that the mean average precision (mAP) of the proposed
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algorithm is 75.14% and 80.14% for the southeast coastal cloud image dataset and the northern hemisphere cloud
image dataset respectively, which is superior to other comparison methods.

Keywords: deep learning; metric learning; triplet loss; satellite cloud image retrieval
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Fig. 1 Visible band 1 cloud images of different weather
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Fig. 2 Visible band 1 cloud images of different weather systems.

(a) Snow; (b) Frontal surface; (c) Westerly jet; (d) Tropical cyclone
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Table 1 The model retrieval performance of different loss functions in coastal cloud image dataset

Loss P@5/% P@20/% mAP/%
TL 83.61 72.53 64.21
LTL 85.95 76.02 71.64
C-LTL 90.96 78.14 75.14

A2 X ZBHEET RERE DI GBE R M

Table 2 The model retrieval performance of different loss functions in the North hemisphere cloud image dataset

Loss P@5/% P@20/% mAP/%
TL 80.57 79.47 71.23
LTL 87.70 82.55 73.07
C-LTL 85.20 85.63 80.14
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Fig. 6 The effects of the hash code length on model performance
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Fig. 7 Retrieval results of cloudy weather image
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Fig. 8 Retrieval results of westerly jet cloud image
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Overview: Meteorological satellites can monitor weather phenomena of different scales from the air, and the satellite
cloud images obtained by them play an important role in weather analysis and forecast. In recent years, with the
development of meteorological satellite technology, the spatial and spectral resolution of satellite cloud images and the
acquisition frequency of imaging spectrometer have been continuously improved. How to manage massive satellite
cloud images and design an efficient cloud image retrieval system has become a difficult problem for meteorologists.
However, the traditional cloud image retrieval methods are difficult to obtain ideal retrieval accuracy and retrieval
efficiency. Motivated by the impressive success of the modern deep neural network (DNN) in learning the optimization
features of specific tasks in an end-to-end fashion, a cloud image retrieval method based on deep metric learning is
proposed in this paper. Firstly, a residual 3D-2D convolutional neural network was designed to extract spatial and
spectral features of cloud images. Since the features extracted by the traditional classify-based deep network may have
greater differences intra-classes than inter-classes, the triplet strategy is used to train the network, and the cloud images
are mapped into the metric space according to the similarity between cloud images, so that the distance of similar cloud
images in the embedded space is smaller than that of non-similar cloud images. In model training, the convergence
performance of traditional triplet loss is improved and the precision of cloud image retrieval is increased by adding a
constraint on the distance between positive sample pairs to the lossless triplet loss function. Finally, through hash
learning, the cloud features in the metric space are transformed into hash codes, so as to ensure the retrieval accuracy
and improve the retrieval efficiency. Experimental results show that the mean average precision (mAP) of the proposed
algorithm is 75.14% and 80.14% for the southeast coastal cloud image dataset and the northern hemisphere cloud image
dataset respectively, which is superior to other comparison methods.
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