DEBEris

=i 19-44-07-09 The Journal of Korean Institute of Communications and Information Sciences *19-07 Vol.44 No.07
https://doi.org/10.7840/kics.2019.44.7.1299

resizing on the performance of deep neural
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fixed-size input dimension, an input image needs to

°§5§’°ﬂ —11_. :_].. ‘?d'? be resized before testing. In this letter, we use five
image resizing operators to empirically investigate the

, RS impact of each resizing operator on the performance

of the image classifiers. For quantitative evaluation,

Impacts of Image Resizing on the we report Top-5 and Top-1 accuracies of five image
classifiers trained by the ImageNet dataset. We
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classifiers.
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In this letter, we investigate the impact of image

¢ First Author : (ORCID:0000-0002-5608-8473)School of Electrical Engineering, Korea Advanced Institute of Science and
Technology, yhkim1127 @kaist.ac.kr, &-33]<

°  Corresponding Author : (ORCID:0000-0003-3145-6732)Department of Electrical Engineering, Hanbat National University,
peterjung @hanbat.ac.kr, %3]

* (ORCID:0000-0001-9323-8488)School of Electrical Engineering, Korea Advanced Institute of Science and Technology,
changick @kaist.ac.kr
= E 1 201904-045-A-LU, Received April 9 2019; Revised May 1, 2019; Accepted May 3, 2019

1299

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’19-07 Vol.44 No.07

(a)

T2 1. A BAfelAe] o @) R < b) G F8E

Aehf7), () WS 71k 34 <H[s).

A%, (@) 2ALH, (@) F 2N, @ e, 6 W 7

Fig. 1. Examples of image resizing. (a) Original image, (b) image importance map, (c) uniform scaling, (d) center cropping,
(e) letterboxing, (f) content-based cropping, (g) content-based image warping[5].
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Table 1. Top-5 (Top-1) average accuracies of deep neural network-based image classifiers according to image resizing

methods (In percentage)

Image

classifier AlexNet™?

ResNet-18" ResNet-50"! ResNet-101"

Resizing method

GoogLeNetm

Uniform Scaling (US)

77.92 (54.39)

87.18 (66.01)

86.02 (65.21)

88.55 (68.94)

89.47 (70.44)

Center Cropping (CC)

77.45 (53.57)

86.99 (65.60)

86.91 (66.47)

90.05 (71.75)

91.02 (72.95)

Letterboxing (LB)

71.24 (46.50)

84.42 (61.75)

83.52 (61.48)

86.15 (65.37)

88.01 (68.03)

Content-based
Cropping (CBC)

76.58 (52.75)

86.71 (65.15)

86.66 (66.02)

89.93 (71.38)

90.90 (72.86)

Axis-aligned
Deformation (AADIS])

72.71 (48.20)

82.93 (60.74)

82.10 (60.70)

85.43 (65.54)

87.92 (69.63)

1300

www.dbpia.co.kr



(b)

J2 2. 7 Aol 71 71, el Elrtel A el wlsl el e Bels 4] ol (ResNet-101). (a) 2AI1L, (b) ®IE]
2, () g 71 Ak, (&) e 71 ok,

Fig. 2. Examples of images that are more robustly recognized by each resizing operator (ResNet-101). (a) Uniform scaling,
(b) letterboxing, (c) content-based cropping, and (d) content-based image warping[5].
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