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Abstract Marine oil spill accidents not only result in huge property and economic losses but also adversely affect the
marine ecosystem. The polarimetric synthetic aperture radar (PolSAR) is widely used for marine oil spill detection because
it can record the backscattering information of ground objects comprehensively through various polarization channels. To
detect offshore oil spills more accurately, this study proposes a PolSAR marine oil spill detection algorithm based on a
Dual Encoder-Decoder Net (Dual-EndNet). First, the 30 polarimetric features commonly used for oil spill detection were
extracted from the data, and the top 10 features with high importance for oil spill detection were selected by a random
forest algorithm. Next, using the encoder-decoder as the basic framework, the two branches were designed to input the
PauliRGB images and the selected 10 polarimetric feature images, respectively. These were used to extract the spatial

information and polarization information from the PolSAR images of the oil spill. Then, the two branches of information
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are merged to improve the network performance. Experiments conducted on two Radarsat-2 fully PolSAR oil spill datasets

show that the proposed method has a strong oil spill detection capability, and can effectively distinguish different types of

oil films, including mineral oil, biogenic film, and emulsions.

Key words image processing; remote sensing image classification; polarimetric synthetic aperture radar; deep learning; oil

spill detection; polarimetric feature
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Table 1 Summary of the commonly used polarimetric features

No. Polarimetric feature Equation Explanation
S ~ 2 S 2 3 z
01 SPAN VSI’A\I:‘\SHH| + 2|5Hv ‘ +|5v\f|
. . . 1/3 T is polarization coherence
02 Geometric intensity V= [det (T )] .
matrix
03 VV intensity Vi =|Sw |
04 Copolarization phase difference Ope0= /<( P — Py )2> — (<¢”“ — ¢W>>Z ¢ 1s the phase information
05 Copolarization power ratio Yeco= <| Sun \)>/<\ Svv \2>
< . . .. o <SllllS’{’V>
06 Copolarization correlation coefficient Pco=
(sul ) swel”)
07 Real part of the copolarization cross product rco :| R( <SHHSz'\"> )‘
08 Muller polarization feature M, —
. 2
‘ N Z[Re(S“”Sw)—|Suv\ :|
09 Consistency coefficient p= - p ;
| Sin ‘- + 2‘ Sy |“ + ‘ Syv ‘_
10 Polarizati tteri t H= iplo p A
Z S - i 3Pi i—
olarization scattering entropy 2 gs P PRy
—1 A, 1s eigenvalue calculated
11 Anisotropy A A= AZ T ;{3 from the polarimetric
o coherence matrix
12 Average scattering angle a= 2 pia;
i=1
- . A=A,
13 Anisotropy A, 12 = LA
14 Maximum eigenvalue Amax = max (A1, A5, A5)
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No. Polarimetric feature Equation Explanation
. min(/ll,/lz»/h)
15 Pedestal height Ven=——"r""7
max(/ll, Ass /13)
16 Averaged intensity I=2 X py+ A, X py+ 23 X py
Ae ™ Asnos 2
17 SERD Vsern = At A Asnos = 2<| Siv| >
o <|SHH+SVV|->
18 Polarization feature P P="—"=
<| St — Svv | >
: . e Tot|Tu|’/T
19 Bragg scattering energy proportion n= P - ‘ l“ ‘ / -
VSI’AN VSI’AN
3 3 ? 5
20 Self-similarity parameter V”:z"{?/<2’1f) =tr(TT“>/[tr(T)]“
i=1 i=1
. . . 3 2 3 2
21 Scattering diversity Vo :§<l —|N HF):E 1— H T/trace(T) H1
22 Surface scattering fraction N, = M
VSI’/\\I
23 Combined feature parameter I F= [[ow +H+a+ Alz] /4
24 Combined polarimetric feature H_A, H A,=H (1 — A 12)
25 Combined polarimetric feature H_A HA=(1—A)(1—H)
26 Polarimetric feature Ver Ver= C].g/«/ Ty X Ty
27 Coherence coefficient Cho = | <T12> Vﬂ/<TM><T22>
28 Cross-polarization ratio C=Suy/Shv
29 Degree of polarization Vi = /%[Tr( M'M)/Mfl _ 1}
3
30 Gini coefficient Poi=1—>p!
i=1
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Fig. 3 Experimental flowchart of polarimetric SAR oil spill detection based on Dual-EndNet
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Table 2 Detailed parameters of Dual-EndNet

Kernel )
Stage Layer . Stride  Number
size
Convl 3X3 1 64
Conv2 3X3 1 64
Pooling1 2X2 2
Conv3 3X3 1 128
Encoder
Conv4 3X3 1 128
Pooling2 2X2 2
Convb 3X3 1 256
Conv6 3X3 1 128
Upsamplingl 2X2
Conv7 3X3 1 128
Conv8 3X3 1 64
Decoder )
Upsampling2 2X2
Conv9 3X3 1 64
Conv10 3X3 1 32
Convll 3X3 1 64
) Convl2 3X3 1 64
Feature fusion stage
Convl3 1X1 1 Class number
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Table 4 Ranking of feature importance of random forest

algorithm on dataset 1

Parameter Dataset 1 Dataset 2
Satellite Radarsat-2 Radarsat-2
Product type SLC SLC
Band C C
Polarimetric Quad-pol Quad-pol
Spatial resolution 4.7mX4.8m 4.7mX4.8m
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Polarimetric feature ) Score of
importance
Maximum eigenvalue 8. 0094
Averaged intensity 7.7246
Real part of the copolarization cross product 5.7811
SPAN 5.4079
V'V intensity 4.6914
Geometric intensity 3.7980
Surface scattering fraction 3.0953
Polarization scattering entropy 2.4766
Gini coefficient 2.0543
Polarimetric feature H_A,, 1.5344
Degree of polarization 1.4882
Anisotropy A, 1. 0643
Combined feature parameter I 0. 8130
Consistency coefficient 0.4918
Cross-polarization ratio 0.4261
Self-similarity parameter 0.3293
Scattering diversity 0. 3127
Bragg scattering energy proportion 0.2295
Copolarization correlation coefficient 0.1179
Polarization feature P 0.0575
Pedestal Height 0.0382
SERD 0.0297
Polarimetric feature CT 0.0146
Muller polarization feature M., 0.0067
Copolarization power ratio 0.0022
Average scattering angle 0.0018
Coherence coefficient 0.0013
Combined polarimetric feature H_A 0. 0009
Anisotropy 0. 0009
Copolarization phase difference 0. 0005
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oil film

sea water

El6 g4 1R A 45 2R . (a) PauliGRB; (b)Ground Truth; (¢)P-SVM; (d)F10-SVM; (e)F30-SVM; (1)FP-SVM;
(g)P-CNNj; (h)F10-CNNj; (i)F30-CNN; (j))FP-CNN; (k)P-UNet; (1)F10-UNet; (m)F30-UNet; (n)FP-UNet;
(0)P-FCN; (p)F10-FCN; (q)F30-FCN; (r)FP-FCN; (s) P-PSPNet; (1) F10-PSPNet; (u) F30-PSPNet;
(v) FP-PSPNet; (w) P-Deeplabv3; (x) F10-Deeplabv3; (y) F30-Deeplabv3; (z) FP-Deeplabv3; (ab) Dual-EndNet
Fig. 6 Oil spill detection results on dataset 1. (a) PauliGRB; (b) Ground Truth; (¢) P-SVM; (d) F10-SVM; (e) F30-SVM; (f) FP-SVM;
(g) P-CNN; (h) F10-CNN; (i) F30-CNN; (j) FP-CNN; (k)P-UNet; (1) F10-UNet; (m) F30-UNet; (n) FP-UNet; (o) P-FCN;
(p) F10-FCN; (q) F30-FCN; (r) FP-FCN; (s) P-PSPNet; (t) F10-PSPNet; (u) F30-PSPNet; (v) FP-PSPNet;
(w) P-Deeplabv3; (x) F10-Deeplabv3; (y) F30-Deeplabv3; (z) FP-Deeplabv3; (ab) Dual-EndNet

2412002-8



%60 55 24 81/2023 £ 12 A/ 5B FEHE
5 BRAE 1 OR [R) B kv TR RS B X e

Table 5 Comparison of oil spill detection accuracy of different algorithms on dataset 1

Accuracy /%

Method OA /% AA /% Kappa Fl-score MIoU
Oil spill Sea water
P-SVM 92.08 91.11 91.60 91.59 0. 8319 0.9159 0.8449
F10-SVM 92.71 93.67 93.18 93.19 0.8635 0.9318 0.8722
F30-SVM 93.34 92.45 92.90 92.89 0.8579 0.9289 0.8673
FP-SVM 92.70 94.51 93.57 93.61 0.8714 0.9357 0. 8792
P-CNN 92.50 96. 06 94.18 94.28 0. 8836 0.9418 0. 8899
F10-CNN 93.41 96. 66 94.95 95.03 0.8990 0.9495 0.9038
F30-CNN 95.42 92.53 93.95 93.97 0.8790 0.9395 0. 8859
FP-CNN 93.76 93.67 93.72 93.72 0.8743 0.9372 0. 8817
P-UNet 93.70 94.08 93. 89 93.89 0.8777 0.9389 0. 8848
F10-UNet 93.51 96.62 94.99 95.07 0.8344 0. 9499 0.9045
F30-UNet 93.29 94.96 94.10 94.13 0. 8819 0.9410 0. 8885
FP-UNet 93. 66 96. 46 95.00 95. 06 0.8999 0. 9500 0.9047
P-FCN 92. 35 95.21 93.71 93.78 0.8742 0.9371 0. 8816
F10-FCN 95. 28 96. 32 95.79 95.80 0.9157 0.9579 0.9191
F30-FCN 93.96 90. 53 92.21 92.25 0.8442 0.9220 0. 8554
FP-FCN 94.31 96. 36 95. 30 95. 34 0.9059 0.9530 0.9101
P-PSPNet 93.61 94.98 94.29 94.29 0. 8857 0.9429 0.8919
F10-PSPNet 94.26 96. 52 95. 38 95.39 0.9075 0.9538 0.9116
F30-PSPNet 93.69 95.43 94.55 94.56 0.8910 0.9455 0. 8966
FP-PSPNet 94.50 96. 60 95.54 95.55 0.9107 0.9554 0.9145
P-Deeplabv3 93.70 94.99 94. 34 94.35 0. 8867 0.9434 0. 8928
F10-Deeplabv3 94.31 96.63 95.54 95.47 0.9091 0.9545 0.9131
F30-Deeplabv3 93.72 95.52 94.61 94.62 0.8922 0.9461 0.8977
FP-Deeplabv3 94.60 96. 68 95.63 95. 64 0.9125 0.9563 0.9162
Dual-EndNet 95.78 96. 98 96. 36 96. 38 0.9272 0.9636 0.9297

F 6 Bn g 2 v BEHL ARG I 00 R O E B

Table 6 Ranking of feature importance by random forest algorithm on dataset 2

Polarimetric feature Score of importance Polarimetric feature Score of importance
Maximum eigenvalue 6.1732 Consistency coefficient 1.0919
Averaged intensity 5.4363 Muller polarization feature M., 1. 0002
V'V intensity 3.7743 Average scattering angle 0.9672
SERD 2.8461 Combined feature parameter I 0. 9487
Surface scattering fraction 2.4692 Copolarization phase difference 0.8663
Real part of the copolarization cross product 2. 3569 Anisotropy A 0. 8624
Polarization scattering entropy 2.2217 Polarimetric feature CT 0.8191
Geometric intensity 2.1696 Cross-polarization ratio 0.7499
Gini coefficient 2. 1405 Coherence coefficient 0.7151
Pedestal height 1. 9866 Combined polarimetric feature H_A 0.6912
Combined polarimetric feature H_A |, 1. 6533 Bragg scattering energy proportion 0. 5881
Degree of polarization 1.5632 Scattering diversity 0.5822
SPAN 1.4700 Self-similarity parameter 0. 5810
Copolarization power patio 1. 1308 Polarization feature P 0.5154
Anisotropy A, 1. 1185 Copolarization correlation coefficient 0.5111

2412002-9



% 60 55 24 H1/2023 FF 12 A/ A EXRBFEHE

. mineral oil
emulsion
- biogenic oil

- sea water

B 7 B 4E 2 3 A I 25 5 o (a) PauliGRB; (b)Ground Truth; (¢)P-SVM; (d)F10-SVM; (e)F30-SVM; (1)) FP-SVM;
(g)P-CNNj; (h)F10-CNNj; (i)F30-CNN; (j))FP-CNN; (k)P-UNet; (1DF10-UNet; (m)F30-UNet; (n)FP-UNet;
(0)P-FCN; (p)F10-FCN; (q)F30-FCN; (r)FP-FCNj; (s) P-PSPNet; (1) F10- PSPNet; (u) F30- PSPNet;
(v) FP-PSPNet; (w) P-Deeplabv3; (x) F10-Deeplabv3; (y) F30-Deeplabv3; (z) FP-Deeplabv3; (ab) Dual-EndNet
Fig. 7 Oil spill detection results on dataset 2. (a) PauliGRB; (b) Ground Truth; (¢) P-SVM; (d) F10-SVM; (e) F30-SVM; () FP-SVM;
(g) P-CNN; (h) F10-CNN; (i) F30-CNN; (j) FP-CNN; (k) P-UNet; (1) F10-UNet; (m) F30-UNet; (n) FP-UNet; (o) P-FCN;
(p) F10-FCN; (q) F30-FCN; (r) FP-FCN; (s) P-PSPNet; (t) F10-PSPNet; (u) F30-PSPNet; (v) FP-PSPNet;
(w) P-Deeplabv3; (x) F10-Deeplabv3; (y) F30-Deeplabv3; (z) FP-Deeplabv3; (ab) Dual-EndNet
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e A IURE B . NFE 7T LA Y BT R R vE TR B 4R 2
LR R AT AR R A, Horf OA 5 98.76%, AA

$605F 24H/2023 £ 12 B/BAEREFEHRE
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95.71% F192.28% , AH b H A 5%, pr e Sk ik 8 T
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Table 7 Comparison of oil spill detection accuracy of different methods on dataset 2

Accuracy /%

Method - - — OA /% AA /% Kappa F1l-score MIloU
Sea water Mineral Emulsion Bio-oil
P-SVM 91.09 60. 38 0.00 68.83 89.00 55.08 0. 3989 0.4321 0. 3617
F10-SVM 93.63 44.66 36. 68 86.99 91. 39 65.49 0.4657 0.5149 0.4120
F30-SVM 92.91 42.90 34.68 87.13 90. 64 64.41 0. 4405 0. 5004 0. 3998
FP-SVM 92.79 43.42 36. 34 87.47 90. 56 65.00 0.4389 0. 5066 0. 4044
P-CNN 97.25 93.40 79.43 64.21 96. 56 83.57 0.7352 0.7152 0.6016
F10-CNN 97. 64 86.03 79. 37 83.88 96.92 86.73 0.7562 0.7294 0.6189
F30-CNN 96.93 93.15 64.62 89.77 96.45 86.12 0.7328 0. 7080 0. 6060
FP-CNN 96. 94 92.03 83.77 88.05 96. 55 90. 20 0. 7406 0.7288 0.6212
P-UNet 98.43 86. 47 58.43 67.78 97. 30 77.78 0.7727 0.7002 0. 5954
F10-UNet 98. 47 83.22 73.75 77.77 97.48 83.30 0.7867 0.7867 0.6274
F30-UNet 98. 69 87.70 72.83 81.13 97.88 85.09 0. 8166 0.7693 0. 6645
FP-UNet 98.55 89.45 84.89 82.56 97.92 88. 86 0. 8226 0.7914 0. 6869
P-FCN 98.91 86. 30 72.10 70. 15 97.89 81.87 0. 8148 0.7543 0. 6443
F10-FCN 98. 66 90. 98 88.78 85.54 98.15 90. 99 0.8411 0.8164 0.7149
F30-FCN 98. 06 92.15 83. 14 90. 27 97.63 90. 90 0. 8060 0.7872 0.6818
FP-FCN 98. 26 88. 26 84.43 90.19 97.70 90. 28 0.8090 0.7834 0.6766
P-PSPNet 98. 50 89. 38 89. 69 85.50 97.95 90. 77 0. 8262 0.8012 0.6976
F10-PSPNet 98.42 88.50 86. 37 79.68 97.74 88. 24 0. 8091 0.7798 0.6727
F30-PSPNet 98.70 91.06 88.90 85.56 98.19 91.06 0. 8443 0.8118 0.7113
FP-PSPNet 98.72 91.17 89. 20 86.12 98.22 91. 30 0.8471 0.8181 0.7198
P-Deeplabv3 98.62 89.78 82.32 80.72 97.96 87.86 0. 8247 0.7888 0.6848
F10-Deeplabv3 98. 65 87.72 76.07 83.21 97.89 86. 41 0. 8186 0.7793 0.6733
F30-Deeplabv3 98.79 91. 25 89.70 85.62 98.29 91. 34 0. 8521 0.8218 0.7245
FP-Deeplabv3 98. 87 91.26 89.71 86.68 98.38 91.63 0.8590 0. 8285 0.7329
Dual-EndNet 99. 04 94. 32 95.71 92.28 98.76 95. 34 0.8913 0.8788 0.7952
4z W EndNet #8582 31 1 43501 F T 4 B 45 2 ) 45 2
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