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Study on Improvement of Binary Classification Performance for Ships and
Icebergs Using Polarimetric SAR and Deep Learning Approach
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Abstract

In this study, a method for improving the binary classification performance of ships and icebergs using polarimetric synthetic aperture
radar (SAR) and deep-learning techniques is proposed. A linear transformation is applied to the polarimetric SAR data to generate hybrid
quadrature polarimetric SAR data, which are then incorporated into the existing polarimetric SAR dataset to improve the classification
performance. The experiments employed various convolutional neural network models for training, and the performances of the models
initialized without pretraining were compared. Using a publicly available SAR dataset from Kaggle, the results demonstrated that the
transformation techniques utilizing polarimetric SAR data effectively enhanced the classification performance of ships and icebergs.
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Fig. 1. Polarimetric SAR operation method.
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o2 Ay

Training and Validation loss Training and Validation accuracy

— Tain loss
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(a) =43
(a) Loss
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J2 4. ResNet-50 2d& A3l 7]=H3H(HH, HV) SAR
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Fig. 4. Learning curves obtained from the original polar-
ization (HH, HV) SAR dataset using ResNet-50

model.
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Fig. 5. Learning curves obtained from the original (HH,
HV) & transformed (LH) polarization SAR dataset

using ResNet-50 model.
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0 il @ &0 80 100 0 2 “ @ 8 100

H 2. 7]E93HH, HV) 3% HSHAIHLH) SAR Hlo]H
Alel SVM 2 CNN oJX &7 4% HliL
Table 2. Comparison of binary classification performance
between SVM and CNN using original (HH, HV)
& transformed polarization (LH) SAR dataset.

Classifier |Precision (%)|Recall (%) |F1-score (%)|Accuracy (%)

@ A= g b) A= R SVM 83.59 84.23 83.91 82.57
(a) Validation loss (b) Validation accuracy ResNet-50 9224 89.27 90.70 90.15
J8 6. 7|EHIHH, HV) SAR ©HlolEAlz H3ltH s - _
(LH)E ¥33 SAR tolEAle A% 4% H7 % £ 28 T3 SAR G olAEFlAH CNN 2o
Fig. 6. Comparison of validation performance between the SVMET E& 45 ARAA ¢ 2345 BdS
original polarization (HH, HV) SAR dataset and golstuth T3 CNN g3 SVM 5 HEE 3
the dataset with the included transformed polariza- IR golHE X0 TN BF Ao FAHY
tion (LH). ok % 32 71E9 HolEHAF WIlyE HIRE do
013l o2 WMo R BE LS WrbagTh AW B7F 239 dolEAls &dsto, thkd CNN 2
== Bdo] oA (positive) 2 o] 23t Ho]E] Fo] A o] S AEF ATS s A4S eyt 2 A9
AAZ kAol H &S Ve AL A4 oF A3 M 71E dolEAT £73 =S 9 DenseNet-121
A ElolE FoA Edo] FHOE 53 &S
ougith & AeA ¢ Ao dAsto A E 3. 71£93} SAR HolHAHH, HV)Z W7 K LH)
dr ot AdEe FH8ATh Flscorer FEE A dlolH7t 23d dolHAE &t tgs
Hgo) 23t WFOF FH2 7o) HolE7 EFH CNN &' e] ol 45 ML
AL Tdo A=S s b S4sn oy A9 Table 3. Comparison of various CNN Models for binary
_ © s — ) classification performance using original polariza-
M B F s AFS 2] A ZEER tion (HH, HV) SAR dataset and the dataset with
AlEHo)AE 103] Fefstaon, 7t AddA 4 e the included transformed polarization (LH).
=] o] W 1O 3 |=R =] Ke) 3] Q=0
B7F AR Batghs Aldstel 2o ANAd 5 Dataset Classifier Precision| Recall |F1-score | Accuracy
3 7}atsict. @) | %) | %) | ©%)
£ 1S 7129 YolHATS 388kl SYM CNN Original | , oo | 8781 | 8299 | 8527 | 8358
= ST T = ig] + . . . .
ResNetsO)Sl £F 458 vehdn ¥ 22 way | OErL AL e
L o o Original ResNet-34 8781 | 81.63 | 84.51 | 82.90
AIAEE HolHE 7]E HoleAlel 2ste] SVM OrigintLH | 0% [To301 | 89.62 | 9125 | 90.73
CNN(ResNet-50)¢] 7 A5< Hlagh 2otk i 1 Original | o <o | 8945 | 7924 | 8397 | 8271
OrigintLH 9224 | 89.27 | 90.70 | 90.15
£ 1 7275 ol g A9 . Original | ResNeXt-50| 89.14 | 80.00 | 84.20 | 82.87
# 1. o]”‘?gaag{; H;’LSAR JEIALe] SVM 5t CNN OrigintLH | (32x4d) | 92.55 | 89.15 | 90.81 | 9027
e 45 Hal - Original | DenseNet-12| 9063 | 8130 | 85.66 | 8442
Table 1. Comparison of binary classification performance Origin+LH 1 9216 | 8969 | 9089 | 9031
between SVM and CNN using original polariz- Original | DenseNet-16| 89.71 | 80.00 | 84.49 | 8321
ation (HH, HV) SAR dataset. Origin+LH 1 93.12 | 87.50 | 90.21 | 89.75
Classifier |Precision (%)] Recall (%) [F1-score (%)] Accuracy (%) Oniginal _| BfficienNet-|_85.11 | 7799 | 8136 | 79.53
OrigintLH b0 9245 | 88.15 | 90.22 | 89.71
SVM 39 71.20 507 2% Original | EfficientNet-| 87.15 | 80.00 | 8335 | 8171
ResNet-50|  89.45 79.24 83.97 82.71 Origint+LH bl 92.80 | 8842 | 90.54 | 90.04
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