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Abstract: Estimating the viewpoint angle of an image is useful for determining robot actions and improving
the accuracy of object recognition. An existing method improves the accuracy of viewpoint-angle estimation
by learning angle regression with supervised data and using a generation task as an auxiliary. The gener-
ation task, which reconstructs an instance of a given image as an image viewed from a different viewpoint,
enhances the learning of the geometric structure caused by the viewpoint changes. In this paper, we improve
the method by dividing the latent features into those that are variant and invariant to the viewpoint changes.
This can efficiently back-propagate only the information necessary for the regression of viewpoint angle es-
timation. The latent features input to the generative decoder for the generation task are divided into those
that vary with viewpoint angle and those that are invariant. In addition, we introduce a data augmentation
that exploits the symmetric characteristics of the objects in the images. We experimentally show that these
ideas can significantly improve the accuracy of angle estimation of the existing method, particularly when
there is little supervision in training.
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Fig. 1 Overview of viewpoint angle estimation. Define the po-
sition of the standard coordinates for the class and es-
timate the camera position at those coordinates. In the
figure, the azimuth angle # and elevation angle ¢ are

estimated.
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FIZRERR A2 TDL Y a—Xp oG 6N EERIC A
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fr S BB ERBZ W THEGREMN 21T 28T, HE
BN OELZEIFO Ly M7 =7 I EHEEIETNS.
Fig. 2 Overview of the networks used for viewpoint an-
gle estimation. Figure 2a shows a network where the
viewpoint angle estimation is performed by regression
alone. Figure 2b shows a network where regression is
supplemented by a generative task. Figure 2c shows
a network where the latent representation of the au-
toencoder is separated according to the presence or ab-
sence of 3D rotation dependency.In Figures 2b and 2c,
the viewpoint angles obtained from the regression are
transformed into a 3 X 3 rotation matrix, and the latent
representation in 3D space is rotated by multiplying the
rotation matrix by the latent variable obtained from the
encoder in the generation task. By performing image
generation using the rotated latent representation, the
loss of the image generation is propagated to the net-

work of regression.
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BHROZYa—XE5 2507 vy 2hdih, ZRFRD
Tuy ZIZIE 2D conv EBAEEN, 2 BHDOA NS A K
%213 % 2 e CHEHAMEEEZ T TWs. HMEHO T
a—-XE, BEEAOZ Y a—-—XEFICLHMKTH 3.
¥ 72, EGERKOEKICIE Parceptual loss 23] ZHWT
W5,

4.3 ERER
BERIHODE e, AAREEGRERF L7 — 238k
PEALEBRERER 1IWORT. EAREZEGERF L
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D, DETZFEEHALLGEPRDBEESEV &N
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® 1 HRAEMERE. (OREICHANT, BIERID)
#H| (Separete) & 7 — Z 4Lk (Data Augmentation) % Z 3
ZHEALGEOM T THREDS Lo TH D, BIER
BRonEle 7 — 28R %2 FRIZEA L7258 (Separate &
Data Augmentation) 23 b FFENE N &2 H 5. ¥
HOIZ X 2B
Table 1 Accuracies of viewpoint angle estimation.
Compared to the conventional method, the accuracy
is improved in both cases where latent representation
separation and data augmentation are introduced re-
spectively, and the highest accuracy is obtained when
latent representation separation and data augmenta-
tion are introduced simultaneously. *Reproduction

by the authors.

100% 10% 1%

Mariotti+[1]* 93.6 89.3 779
Separate 93.7 89.8 79.2
Data Augmentation 95.3 91.1 82.8

Separate & Data Augmentation | 95.3 91.4 83.3

£ 2 BERAOBRIERCAIAEHRERE cOBRK.
te#iE, 3D [EEZEH S 2 X7 FLOEZEE - 3D [HlHE
ZHWALEOARY MLVOEERR) 2RT. L1 oRor
XW—BREPRLBR>TWR Iy h b, 7B, Z2
TOHKTIE, FAREEGE W7 — 245k B
filid AR AT, BERBODEOAZEHSET
W5, FEHELIZK LML
Table 2 The relationship between the compositions of
the latent representations and accuracies of
viewpoint angle estimation. It can be seen that
the accuracy is best when the ratio is 1:1. Note that in
this comparison, data expansion and self-supervised
learning using left-right reversed images are not ap-
plied, only latent representation segmentation is ap-

plied. *Reproduction by the authors.

100% 10% 1%
Mariotti+[1]* | 93.3  89.3  77.9

Ours (3:1) 93.7 89.8 785
Ours (1:1) 93.7 89.8 79.2
Ours (1:3) 93.7 893 1785
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5. FC 11 TREIZ B 2GEDLETD TR IZEWNT
ROBENEL BB BTN b. ZOMENIS, R10D
HERCTIIBAERHADZENZ 1:1 OETIT-oT05,
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