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Applications

Image and object-aware Random Erasing

(c) Object detection

(a) Image classification (b) Person re-ID



Algo

rithm 1: Random Erasing Procedure
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Inp

ut : Inputimage I; Image size W and H; Area of
image S; Erasing probability p; Erasing area
ratio range s; and sp,; Erasing aspect ratio
range 7 and 7o.

Output: Erased image [*.
Initialization: p; < Rand (0, 1).
if p1 > p then

end

I* « I;
return /*.

else

while 7True do
Se < Rand (s, sp) x5
re < Rand (r1,72);

H, + /Se X1, We = 1/ 22;

z. + Rand (0, W), y. + Rand (0, H);
ifr. + W, < W andy. + H. < H then
Ie 5 (IEe, Ye, Te + Wea Ye + He);

I(I.) + Rand (0, 255);
I* I
return /*.

end

end

(a) Image classification

Algorithm

L
‘E
"
E

(b) Person re-ID




Applications and Combining with Others

Random cropping
P‘ '—‘ E
andom Erasing

Image and object-aware Random Erasing Random cropping + Random Erasing

(c) Object detection (d) Different augmentation methods



Datasets

3 Datasets

For image classification, we evaluate on four image classifi-
cation datasets, including two well-known datasets, CIFAR-
10 and CIFAR-100 (Krizhevsky and Hinton 2009), a new
dataset Fashion-MNIST (Xiao, Rasul, and Vollgraf 2017),
and a large-scale dataset ImageNet2012 (Deng et al. 2009).
CIFAR-10 and CIFAR-100 contain 50,000 training and
10,000 testing 32x32 color images drawn from 10 and 100
classes, respectively. Fashion-MNIST consists of 60,000
training and 10,000 testing 28x28 gray-scale images. Each
image is associated with a label from 10 classes. Ima-
geNet2012 consists of 1,000 classes, including 1.28 million
training images and 50k validation images. For CIFAR-10,
CIFAR-100 and Fashion-MNIST, we evaluate top-1 error
rates in the format “mean + std” based on 5 runs. For Im-
ageNet2012, we evaluate the top-1 and top-5 error rates on
the validation set.

For object detection, we use the PASCAL VOC 2007
(Everingham et al. 2010) dataset which contains 9,963 im-
ages of 24,640 annotated objects in training/validation and
testing sets. We use the “trainval” set for training and “test”
set for testing. We evaluate the performance using mean av-
erage precision (mAP).

For person re-identification (re-ID), the Market-1501
dataset (Zheng et al. 2015) contains 12,936 images with
751 1dentities for training, 19,732 images with 750 identi-
ties and 3,368 query images for testing. DukeMTMC-relD
(Zheng, Zheng, and Yang 2017; Ristani et al. 2016) includes
16,522 training images of 702 identities, 2,228 query images
of the other 702 identities and 17,661 gallery images. For
CUHKO3 (Li et al. 2014), we use the new training/testing
protocol proposed in (Zhong et al. 2017). There are 767
identities in the training set and 700 identities in the test-
ing set. We conduct experiment on both “detected” and “la-
beled” sets. Rank-1 accuracy and mean average precision
(mAP) are evaluated on these three datasets.



Variations in object detection

4.3 Random Erasing for Object Detection

Object detection aims at detecting instances of semantic ob-
jects of a certain class in images. Since the location of each
object in the training image is known, we implement Ran-
dom Erasing with three schemes: 1) Image-aware Random
Erasing (IRE): selecting erasing region on the whole image,
the same as image classification and person re-identification;
2) Object-aware Random Erasing (ORE): selecting erasing
regions in the bounding box of each object. In the latter, if
there are multiple objects in the image, Random Erasing is
applied on each object separately. 3) Image and object-aware
Random Erasing (I+ORE): selecting erasing regions in both
the whole image and each object bounding box. Examples of
Random Erasing for object detection with the three schemes
are shown in Flg I(C) Image and object-aware Random Erasing
(c) Object detection




Results — Classification

Table 1: Test errors (%) with different architectures on CIFAR-10, CIFAR-100 and Fashion-MNIST. RE: Random Erasing.

Model CIFAR-10 CIFAR-100 Fashion-MNIST
Baseline RE Baseline RE Baseline RE

ResNet-20 121 + 0.17 6.73 4+ 0.09 30.84 £+ 0.19 29.97 + 0.11 4.39 £+ 0.08 4.02 £ 0.07
ResNet-32 6.41 + 0.06 5.66 = 0.10 28.50:-0.37 27.18 4+ 0.32 4.16 £0.13 3.80 & 0.05
ResNet-44 5.53 == 008 5.13 £0.09 252711021 24.29 4+ 0.16 441 + 0.09 4.01 +0.14
ResNet-56 5.31 = 007 4.89 + 0.07 .74 95 9 i, § 92 2369+ 0.35 4.39 £0.10 4.13 +0.42
ResNet-110 5.10 £+ 0.07 4.61 £+ 0.06 203057 22.10 + 0.41 4.40 £+ 0.10 4.01 +0.13
ResNet-18-PreAct 5 1F 018 4.31 £ 0.07 24.50 4+ 0.29 24.03 + 0.19 4.31 £ 0.06 3.90 4+ 0.06
WRN-28-10 3.80 £+ 0.07 3.08 £+ 0.05 18.49 + 0.11 17.73 £ 0.15 4.01 + 0.10 3.65 + 0.03
ResNeXt-8-64 3.54 + 0.04 3.24 4+ 0.03 1927 4=4.30 18.84 4+ 0.18 4.02 £+ 0.05 3.79 + 0.06




Results — Object detection

Table 6: VOC 2007 test detection average precision (%). = refers to training schedule in (Wang, Shrivastava, and Gupta 2017).

Method train set | mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv
FRCN 07 66.9 |74.5 78.3 69.2 53.2 36.6 773 78.2 82.0 40.7 7277 679 79.6 79.2 73.0 69.0 30.1 654 70.2 75.8 65.8
FRCN~* 07 69.1 |75.4 80.8 67.3 599 37.6 819 80.0 84.5 50.0 77.1 68.2 81.0 825 743 699 284 71.1 702 75.8 66.6
A-Fast-RCNN 07 71.0 |744 813 67.6 570 46.6 81.0 79.3 86.0 529 759 73.7 826 832 717 727 374 663 712 78.2 743
Ours (IRE) 07 70.5 |[75.9 78.9 69.0 57.7 46.4 81.7 79.5 829 493 769 679 81.5 833 7677 7T3.2 40.7 T72.8 669 754 74.2
Ours (ORE) 07 71.0 |75.1 79.8 69.7 60.8 46.0 80.4 79.0 83.8 51.6 76.2 67.8 81.2 83.7 768 73.8 43.1 70.8 674 783 75.6
Ours (I+ORE) 07 71.5 |76.1 81.6 69.5 60.1 45.6 822 79.2 84.5 525 787 71.6 80.4 833 7677 739 394 689 69.8 79.2 77.4
FRCN 07+12 |70.0 |77.0 78.1 69.3 59.4 383 81.6 78.6 86.7 42.8 78.8 68.9 84.7 820 766 699 31.8 70.1 74.8 80.4 704
FRCN* 07+12 |74.8 |78.5 81.0 74.7 679 534 856 84.4 86.2 574 80.1 72.2 852 842 776 76.1 453 757 723 81.8 77.3
Ours (IRE) 07+12 |75.6 [79.0 84.1 76.3 669 52.7 84.5 84.4 88.7 58.0 829 71.1 84.8 844 786 76.77 455 7T7.1 76.3 825 76.8
Ours (ORE) 07+12 |75.8 [79.4 81.6 75.6 66.5 52.7 85.5 84.7 88.3 58.7 829 728 85.0 843 793 763 463 763 749 86.0 78.2
Ours (I+ORE) 07+12 |[76.2 [79.6 82.5 75.7 70.5 55.1 85.2 84.4 88.4 586 82.6 739 842 847 788 763 46.7 779 759 83.3 79.3




Results — Re-identification

Table 7: Person re-identification performance with Random Erasing (RE) on Market-1501, DukeMTMC-reID, and CUHKO03
based on different models. We evaluate CUHKO3 under the new evaluation protocol in (Zhong et al. 2017).

Market Duke CUHKO3 (L) CUHKO3 (D)
Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

No 79.87 57.37 67.73 46.87 28.36 25.65 26.86 25.04

Method Model RE

ResNet-18 | veo | 8236 6206 | 7060 5141 | 3607 3258 | 3421  31.20
- o Neraa | No | 82936234 | 7163 4971 | 3157 1866 | 3004 2755
Yes | 8480 6568 | 7356 5446 | 4029 3550 | 3636  33.46
RoNerso | No | B34 6336 | 7199 5129 | 3029 2737 | 2836 2674
Yes | 8524 6828 | 7424 5617 | 4146 3677 | 3850 3475
o No | 7732 5843 | 6750 4627 | 4300  39.16 | 4050 3736
esNet-18

Yes 79.84 61.68 71.81 51.84 48.29 43.80 46.57 43.20

No 80.73 62.65 72.04 51.56 46.00 43.79 45.07 42.58

TriNet | ResNel-34 | yves | 8301 6598 | 7289 5538 | 53.07 4880 | 5321 4803

No 82.60 65.79 72.44 53.50 49.86 46.74 50.50 46.47
Yes 83.94 68.67 12,96 56.60 58.14 53.83 55.50 50.74

No 84.41 65.60 76.82 57.70 42.21 38.13 41.85 38.24
Yes | 87.08 71.31 79.31 62.44 49.43 45.07 48.71 43.50

ResNet-50

SVDNet | ResNet-50




Results — Performance vs level of occlusion

80 I T T | T T

Bl Baseline

70 — —
B Random Erasing

60 — -

50

30

) I II Il

0 ll

0.05 0.25
Occlus ion Level

|

Test Error Rate (%)
FN
o
T

[N}
o
|

Figure 3: Test errors (%) under different levels of occlu-
sion on CIFAR-10 based on ResNetl8 (pre-act). The model
trained with Random Erasing 1s more robust to occlusion.
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