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Prediction of independent sea ice motion in Arctic channel based on
Multiloss-SAM-ConvLSTM
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Abstract: Accurate prediction of independent sea ice motion in arctic shipping lanes is of great guiding significance for
ensuring navigation safety, assessing navigation navigability and dynamically correcting shipping lanes. However, the
traditional optical flow method cannot meet the requirement of "spatio-temporal prediction + semantic segmentation".
In this paper, the sea ice motion data set SeaiceMoving was made based on MERSI-II image and a sea ice motion pre-
diction algorithm based on Multiloss-SAM-ConvLSTM was proposed, introducing weighted FDWloss based on SAM-
ConvLSTM to enhance the acquisition of spatial semantics of each node. Aiming at the imbalanced sample distribu-
tion, we discussed the offset effect of back-end segmentation threshold. The optimal segmentation threshold is deter-
mined by grid search method, which improves the overall prediction result of sea ice motion. The experimental results
indicate that the Kappa coefficient, IOU coefficient and Dice coefficient of the proposed method are 0. 75, 0. 61 and
0. 76 respectively. Compared with SAM-ConvLSTM, they are improved by 0. 1, 0. 12 and 0. 1 respectively. Further-
more, the proposed method can improve the position prediction and shape recovery ability of sea ice after motion and
reduce the "adhesion" of sea ice. In addition, the algorithm can still effectively predict the sea ice motion under the in-
terference of thin clouds, which can provide more accurate technical support for the dynamic planning and route correc-
tion of the Arctic route.
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Fig. 7 The changing trend of each indicator under different segmentation threshold
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Table 4 Comparison of accuracies for motion prediction of sea ice with different methods

MRS Kappa 10U Dice 25U
Multiloss—SAM—-ConvLSTM 98. 46% 0.75 0.61 0.76
SAM-ConvLSTM 97. 88% 0. 65 0. 49 0. 66
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Fig. 8 Independent sea ice motion prediction results by different methods (a-d) manually interpreted images at T to T, (€) results

of sea ice distribution at T, predicted by Multiloss-SAM-ConvLSTM, (f) results of sea ice distribution at T,,, predicted by SAM-

ConvLSTM, (g) real distribution of sea ice at T,



54

AT 25 LT Multiloss—SAM—ConvI.STM (L AR GiIE il 57 ¥ vKE 20 i)

903

loss—SAM—ConvL.STM X i z= ' 7t 37. ¥ vK iz 3y (1) #i
DU RE 7 LA K 24 58 43 K 4R 3h 4 b e A 100 60 B Bk
Bl G I Sl ST v KA R S R AR K g
J1o BARGERAE 9 it o AT =47 Y (f-g) 7] LA
B H], 2Ty, W 2052 ) 25 Y0, S 7 vkl
KR T B, AH T TR (e) W a] UL, Multiloss—
SAM~-ConvLSTM X} iz 8} J5 52 3] 2= 1t #4710 7. ¥ 7K
ATHER AT LLAER 5 7 IR IR . oAb, 55 00 AT
(1R 45 S 3 W A SCAR0E 9 T 8 0 AN 25 Bt B H 4 34
SRR B ROE RSN BT B, T LORS i Al 42
W VKIE 3l 5 AL B 5 e AR S IR AR

3 4ig

BT Wz =5 MERSI- IT L1 BHF5AA% , 6 SAM-
ConvL.STM FY 2 filh E 42 1 T Multiloss—SAM—Convl.-
STM 4 28 Xt AU AR At 388 ik 37 V3 0K 3z Bl A Je e Fn
7% & 3| SeaiceMoving £ 4 48 Hf 37 ¥ UK 7 L/, R
AL FDW loss e 5545 AN - XoF [ 28 Tt il fi
FSEIA) o AT 19X 285 I v e A 4 S8 I 1L )l B 28800
R T AR BN Ee A 0 vz S T 25 R R 5E T 4 1
(AR AU XS 45 TS AR (52 0, IR SE 30 B IiE T Sea-

(b)

(¢)

K9

(d)

iceMoving %4 45 1 e A4 BB 0. 3. LIAKEE 2%
5 28 M K AR A R & 2 BT Rz Ik = A9 vE At
At B A WE 5% X, B Multiloss—SAM—ConvLSTM 5
SAM-ConvLSTM F4 7l 4% S EA7 5 L, S 4% S 3%
AH Multiloss—SAM—ConvL.STM 4% 31 #F-# $8 1 25 58 Jii1
oS, AN a7 1 X 2 7 0 KA 5 2 v )
DU, o pih 37 3 UK AR 1R 52 e o S o 2 ] s
XTI AR ST VKGE AT SR T LA R .

o N S WD S 58 s R LS B
Pt A AT HAGHE R BOR S8 o (B, AT 2%
SAM-ConvLSTM 7£ F51iF £ By 2o F2 v e /> 2 RO
MR A, T 300 288 it /D o R BT K 11 30 5 S5 /N Bk
VR VKA B SRR ) w8 B SRR IR AR AR L, Yo /N I K
EORTTRIIEVE St O B L0 VA2 S TR PO e SR VIEZ
G IR E e A R o e K E ik
BLAil 9 4% SAM—ConvLSTM A B (1 25 ¥ i 47 2lc it | i3
— 4 S AR T b 37 T KGE S TN R )

References

[1] WU Zhan-Kai, WANG Xing—Dong, WANG Cheng. Sea
Ice Distribution Detection Based on FY-3 Satellite MWRI

(e) (f) (2)

W5 NIBES” B T T B TIEE R (2)-(d) T, — Ty A T fi#PE FLE K () Multiloss-SAM-ConvLSTM Tl 14 T, i}

Z UK I3 AT GE () T g0 I 20 1Y ELSEUE ORI () T g 5 22 1) EL ST UK 534 ]
Fig. 9 (a-d) Manually interpreted images at T, to T, (¢) results of sea ice distribution at T, predicted by Multiloss-SAM-ConvL-

STM, (f) real distribution of sea ice at T,, (f) real distribution of sea ice at T,



904 AN NS 0 N ok 41 %

Data [J]. Bulletin of Surveying and Mapping, 2018, 0
(10): 56-60, 65.(RETF, ERA, £ FIHFY-3 1L
B MWRT AU SR Mg oK 53 i [T]. M ez @4 ) , 2018, 0
(10): 56-60, 65.

[2] Petrou Z I, Tian Y. Prediction of sea ice motion with convo-
lutional long short—term memory networks[J]. IEEE Trans-
actions on Geoscience and Remote Sensing, 2019, 57(9) :
6865-6876.

[3] Georgy Ayzel, Maik Heistermann, Tanja Winterrath. Opti-
cal flow models as an open benchmark for radar—based pre-
cipitation nowecasting[J]. Geoscientific Model Development ,
2019, 12(4).

[4] Cheung P, Yeung H Y. Application of optical-flow tech-
nique to significant convection nowcast for terminal areas in
Hong Kong[C]. In the 3rd WMO International Symposium
on Nowcasting and Very Short—-Range Forecasting
(WSN12), 2012:6-10.

[5] Hidetomo Sakaino. Spatio—Temporal Image Pattern Predic-
tion Method Based on a Physical Model With Time—Varying
Optical Flow[J]. IEEE Transactions on Geoscience and Re-
mote Sensing, 2013, 51(5-2).

[6] LiuY, Xi DG, LiZ L, et al. A new methodology for pixel—
quantitative precipitation nowcasting using a pyramid Lucas
Kanade optical flow approach [J]. Journal of Hydrology,
2015, 529(529) :354-364.

[7] SHI Yu-li, SHI Sheng-wei. Research on Accuracy Evalua-
tion of Optical Flow Algorithm in FY4A Infrared Image Ex-
trapolation [J]. Journal of Ordnance Equipment Engineer-
ing, 2021,42(09) :150-158,224.(f7 7, b 75 1 . J6IR
FRLAE FY4A DA SMIE P RO B PRI 72 (7). S22
FEETREM), 2021,42(09) : 150-158,224.

[8] Xingjian SHI, Chen Z, Wang H, et al. Convolutional
LSTM network: A machine learning approach for precipita-
tion nowcasting [C]. Advances in neural information pro-
cessing systems. 2015: 802-810.

[9] Marc’Aurelio Ranzato, Arthur Szlam, Joan Bruna, et al.
Video (language) modeling: a baseline for generative mod-
els of natural videos [J]. arXiv preprint arXiv: 1412.6604,
2014.

[10] Srivastava N, Mansimov E, Salakhudinov R. Unsuper-

vised Learning of Video Representations using LSTMs
[C]. International conference on machine learning.
PMLR, 2015: 843-852.

[11] Wang Y, Long M, Wang J, et al. Predmn: Recurrent
neural networks for predictive learning using spatiotempo-
ral 1stms[ C ]. Proceedings of the 31st International Confer-
ence on Neural Information Processing Systems. 2017:
879-888.

[12] Wang Y, Gao Z, Long M, et al. Predrnn++ : Towards a
resolution of the deep—in—time dilemma in spatiotemporal
predictive learning [C]. International Conference on Ma-
chine Learning. PMLR, 2018: 5123-5132.

[13] Wang Y, Zhang J, Zhu H, et al. Memory in memory: A
predictive neural network for learning higher—order non—
stationarity from spatiotemporal dynamics [C]. Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2019: 9154-9162.

[14] He K, Zhang X, Ren S, et al. Deep residual learning for
image recognition [C]. Proceedings of the IEEE confer-
ence on computer vision and pattern recognition. 2016:
770-778.

[15] Shi X, Gao Z, Lausen L, et al. Deep learning for precipi-
tation nowcasting: A benchmark and a new model[ J ]. arX-
iv preprint arXiv:1706.03458, 2017.

[16]Lin Z, Li M, Zheng 7., et al. Self—attention convlstm for
spatiotemporal prediction [ C]. Proceedings of the AAAI
Conference on Artificial Intelligence. 2020, 34 (07) :
11531-11538.

[17] Kang D, Im J, Lee M I, et al. The MODIS ice surface
temperature product as an indicator of sea ice minimum
over the Arctic Ocean|J]. Remote sensing of environment ,
2014, 152: 99-108.

[18] ZHENG Fu—Qiang, KUANG Ding-Bo, HU Yong, et al.
Refined segmentation method based on U-ASPP-Net for
Arctic independent sea ice [J]. J.Infrared Millim. Waves,
2021, 40(6) : 798-808. (AT, FERED:, W55, 2. J&
T U-ASPP-Net L 2 37 9 vIOKS 400 D7 1% [0 ). 40
SNEERIEFER), 2021, 40(6): 798-808.

[19] ZHOU Ying. The Research on Monitoring the Motion and
Change of the Arctic Sea IceBased on the FY-3 Meteoro-
logical Satellite Data[D]. University of Chinese Academy
of Sciences (HF ERI2EBE K F) , 2013.

[20] ZHOU Ying, GONG Cai-Lan, HU Yong, et al. Extrac-
tion of Sea Ice Information in the Arctic Ocean by Using
FY-3/MERSI Data[J]. Journal of Atmospheric and Envi-
ronmental Optics, 2013, 8(1): 53-59.(J& i, TUE %,
B0, % . Wz =5 MERSI B8 $2 b vk ik vk 5 2
TEMRE]. KSEEHRERZZER), 2013, 8(1):
53-59.

[21] Vaswani A, Shazeer N, Parmar N, et al. Attention is all
you need [C]. Advances in neural information processing
systems. 2017: 5998-6008.

[22]LinTY, Goyal P, Girshick R, et al. Focal loss for dense
object detection [cl. Proceedings of the IEEE internation-
al conference on computer vision, 2017:2980-2988.



