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Abstract: The success of deep supervised learning in Synthetic Aperture Radar (SAR) Automatic Target
Recognition (ATR) relies on a large number of labeled samples. However, label noise often exists in large-scale
datasets, which highly influence network training. This study proposes loss curve fitting-based label noise
uncertainty modeling and a noise uncertainty-based correction method. The loss curve is a discriminative
feature to model label noise uncertainty using an unsupervised fuzzy clustering algorithm. Then, according to
this uncertainty, the sample set is divided into different subsets: the noisy-label set, clean-label set, and fuzzy-
label set, which are further used in training loss with different weights to correct label noise. Experiments on
the Moving and Stationary Target Acquisition and Recognition (MSTAR) dataset prove that our method can
deal with varying ratios of label noise during network training and correct label noise effectively. When the
training dataset contains a small ratio of label noise (40%), the proposed method corrects 98.6% of these labels
and trains the network with 98.7% classification accuracy. Even when the proportion of label noise is large
(80%), the proposed method corrects 87.8% of label noise and trains the network with 82.3% classification

accuracy.
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Fig. 1 Loss curves of the classification network trained by
mixed-noisy-and-clean labels (obtained by training ResNet18
with 80% noisy labels after 300 epochs)
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Tab. 2 Number of targets in the training and testing datasets of
the MSTAR dataset

i B EG IgdEg WRHdEg Sdss

251 299 274 573
BMP2 233 195 428
BRDM2 298 274 572
BTR60 256 195 451
BTR70 233 196 429
D7 299 274 573
T62 299 273 572
T72 232 196 428
ZIL131 299 274 573
ZSU234 299 274 573
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Fig. 3 Demo of label correction
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Tab. 3 The correction accuracy with different noise ratio (%)

Hik 40 (36.4) 60 (54.0) 80 (72.5)
BMM-based 98.7 84.8 61.1
LNMC 97.9 92.2 78.1
ARILTT 98.6 97.2 87.8
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Fig. 4 Loss curves of clean and noisy samples
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Fig. 5 Classification accuracy curves
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Tab. 4 The classification accuracy with different noise ratio (%)
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4.5.2 Mixup;Hahstig

NGRS T AN 52 T2 B mixup B 1 58 77 VX
ARSI, R THE RS, SLIG Ul grE &
W S bR LU N80%, SIS R PR AR AN AR SIS 1 B
54295 R — 3

% 5 BRALES0% T 71, To A EIBVER IR 53 245 F
Tab. 5 The classification accuracy with different 71,72 values

under 80% noise ratio

71 72 I RAEE (%)
0.7 0.1 80.8
0.8 0.1 80.9
0.9 0.1 80.9
0.7 0.2 82.7
0.8 0.2 82.3
0.9 0.2 82.5
0.7 0.3 82.2
0.8 0.3 82.3
0.9 0.3 82.3

F 6 BRAEEL40% T 71, T FEIBVERBIMLE 53 2455
Tab. 6 The classification accuracy with different 71,72 values

under 40% noise ratio

B 40 (36.4) 60 (54.0) 80 (72.5)
mixup?’ 89.9 65.6 56.9
BMM-based® 97.3 80.8 64.5
RNSLI 46.1 45.9 41.2
LNMCP! 96.8 87.6 79.6
Prune4ReL 88.4 84.0 2.7
A T7 98.7 94.9 82.3

T HT AR P I — SR A RR R T RE A B AL B TR IE A
PRZE, SCBRME RS ELEIME AR T B EL LG, $5 5 P D Sl oh B bR 2R
FEELH . AT R R A R

71 T2 T IHKERE(%)
0.7 0.1 96.4
0.8 0.1 96.8
0.9 0.1 96.6
0.7 0.2 97.6
0.8 0.2 93.7
0.9 0.2 97.5
0.7 0.3 97.6
0.8 0.3 97.6
0.9 0.3 97.4
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Tab. 7 Ablation study on mixup method (%)
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