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Abstract: In this study, a weakly supervised classification method is proposed to classify the Polarimetric
Synthetic Aperture Radar (PolSAR) images based on sample refinement using a Complex-Valued Convolutional
Neural Network (CV-CNN) to solve the problem that the bounding-box labeled samples contain many
heterogeneous components. First, CV-CNN is used for iteratively refining the bounding-box labeled samples,
and the CV-CNN that can be used for direct classification is trained simultaneously. Then, the given PolSAR
image is classified using the trained CV-CNN. The experimental results obtained using three actual PolSAR
images demonstrate that the heterogeneous components can be effectively eliminated using the proposed
method, obtaining significantly better classification results when compared with those obtained using the
traditional fully supervised classification method in which original bounding-box labeled samples are used.
Furthermore, the proposed method with CV-CNN is superior to those in which the classical Support Vector
Machine(SVM) and Wishart classifier are used.
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Fig. 1 Comparison illustration of pixel-level label and bounding-box label for a PolSAR data sample
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(c) Classification result
by CV-CNN
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(d) Refined pixel-level
labels by CV-CNN
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(g) Classification e
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Fig. 8 Pauli-RGB image of the bounding-box labelled sample set of experimental data 2 and its classification results

and refined pixel-level labels with three methods
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(a) Pauli-RGBE
(a) Pauli-RGB image

(b) PhBRPIRE
(b) Pseudo-pixel-level
labels

(e) Wishart /) 3845733845 1
(e) Classification result by
Wishart classifier

(f) Wishartsr 2528 k1L 1
BRP %

(f) Refined pixel-level labels

by Wishart classifier

(c) CV-CNNZr45 R
(c) Classification result
by CV-CNN

(d) CV-CNNA& R
BRYIr2E
(d) Refined pixel-level
labels by CV-CNN

(g) SVM7r L5 R (h) SVMAFIEIIERRER
(g) Classification result %3
by SVM (h) Refined pixel-level
labels by SVM
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Fig. 9 Pauli-RGB image of the bounding-box labelled sample set of experimental data 3 and its classification results

and refined pixel-level labels with three methods
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Fig. 10 Curves of change rate of classification results on
training set of experimental data 1
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(d) Result by weakly-supervised
method with CV-CNN
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(b) Result by fully supervised
method with Wishart classifier
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(e) Result by weakly-supervised
method with Wishart classifier
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(c) Result by fully supervised
method with SVM
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(f) Result by weakly-supervised
method with SVM
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Fig. 11 Classification results of experimental data 1 by fully-supervised and proposed weakly-supervised methods

(a) CV-CNN4&: 4k 1
(a) Result by fully supervised
method with CV-CNN

(b) Wishart 7} %54 i B 45 R
(b) Result by fully supervised
method with Wishart classifier

(c) SVMA & 45 1
(c) Result by fully supervised
method with SVM

(d) CV-CNNF3 i &5 3
(d) Result by weakly-supervised
method with CV-CNN

(e) Wishart /) S545 55 B 45 1
(e) Result by weakly-supervised
method with Wishart classifier

(f) SVMs B4t SR
(f) Result by weakly-supervised
method with SVM
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Fig. 12 Classification results of experimental data 2 by fully-supervised and proposed weakly-supervised methods
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(a) CV-CNNA B &5 31 (b) Wishart /) J$35 4 B 25 R (c) SVMA B i
(a) Result by fully supervised (b) Result by fully supervised (c) Result by fully supervised
method with CV-CNN method with Wishart classifier method with SVM
(d) CV-CNNF5 B 45 1 (e) Wishart/» S48 55 M B 45 (f) SVMES B 45 51
(d) Result by weakly-supervised (e) Result by weakly-supervised (f) Result by weakly-supervised
method with CV-CNN method with Wishart classifier method with SVM
13 SEIGHACH 31 4 M R 5 M R R
Fig. 13 Classification results of experimental data 3 by fully-supervised and proposed weakly-supervised methods
FT 1 TN ERBE (%) DIFEE (%) FKappa R
Tab. 1 Classification accuracy (%), overall accuracy (%) and Kappa coefficient for experimental data 1
Jiik " B RN EEH N1 iied +8 Hith i
CV-CNN& I8 56.43 89.02 99.21 20.37 97.12 80.63 49.86 100.00 30.96
CV-CNNg3 i & 56.14 98.35 85.18 92.72 88.23 89.00 70.87 100.00 85.56
Wishart 4 i B 56.51 81.19  88.15 39.88 54.74 35.49 67.11 0.68 0.11
Wishart§5 £ 61.63 80.52 81.46 85.90 73.71 91.21 63.84 99.71 62.02
SVM A& 85.43 74.37 71.80 67.52 68.37 52.59 78.21 21.05 0
SVMs i 81.77 7320 68.44 58.26 61.42 55.45 75.99 27.18 0
Ik WK Kk A2 A3 AR B BRI Kappa R4
CV-CNNZ: B 48.35 95.74 94.36 91.29 90.41 96.22 76.87 0.7473
CV-CNN35 i & 48.21 93.66 95.69 89.81 81.69 99.37 84.58 0.8323
Wishart 4 & 19.48 97.48 76.32 53.16 80.51 91.81 58.02 0.5440
Wishart §5 15 44.47 87.02 67.36 68.58 37.47 90.13 69.38 0.6674
SVM4x i & 31.42 29.47  39.90 75.97 77.51 67.75 57.09 0.5352
SVM3 i & 36.51 34.76 39.51 70.24 76.72 70.27 56.58 0.5291
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< 2 LMD LREE (%) BIAHEE (%) MKappa R
Tab. 2 Classification accuracy (%), overall accuracy (%) and Kappa coefficient for experimental data 2
Ji A H ik K3, X SRR Kappa Z £
CV-CNN£ & 82.42 90.41 98.79 64.91 82.14 0.7458
CV-CNN#3 5B 93.34 91.38 98.76 75.88 90.02 0.8537
Wishart 4= 158 99.76 55.95 0.05 13.07 36.36 0.1515
Wishart 55 1 B 99.76 34.09 0.01 20.22 34.54 0.1272
SVM 4 & 84.33 59.42 71.18 52.22 73.52 0.6073
SVMF5 & 88.07 52.05 93.66 38.79 70.40 0.5797
< 3 LWHIBIHI D LHKEE (%) BMAHEE (%) FKappa R E
Tab. 3 Classification accuracy (%), overall accuracy (%) and Kappa coefficient for experimental data 3
WiRrS K3, UiEK i WX A WIXB WIXC ARG FE KappaZ#{
CV-CNN4: & 99.37 82.37 7.55 88.89 91.57 74.56 0.6466
CV-CNNi35 & 99.43 91.98 81.84 80.09 82.84 91.05 0.8731
Wishart 4= & 95.58 63.34 23.14 33.05 32.03 45.76 0.3219
Wishart 55 15 & 86.68 61.32 51.52 24.99 31.77 45.92 0.3239
SVM 4 & 85.53 26.71 56.13 23.44 38.99 54.34 0.3802
SVM 5 88.51 27.71 56.55 27.44 35.86 54.87 0.3940
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