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Abstract: Inrecent years, LIDAR simulators have increasingly attracted attention for training machine learning models for scene
understanding. However, discrepancies between simulated and real-world environments can impair model performance. To
mitigate the issue, this paper introduces a deep generative model for LIDAR domain adaptation built upon generative adversarial
networks. Our approach jointly learns the distributions of LiDAR range, reflectance, and raydrop. We demonstrate its generation

fidelity and diversity on the KITTI-360 dataset.
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Fig.2 Logarithmic representation of images

EEPREET SRR S

B 2175 2 & C, AR i) 72 BriEE - )48
RERIC X B3 D IREIE L SRR EET 5 2 L AT
x5,

DUSty v2 P, EEEEAIINC & o THGEZ A3 %
—a2—FNVERHE G 2E8A$ 522 T, DUSty v T
HRZE X 7= B - SRR O SRS 3515 B 2R
FRARIE %R ZIZ L72d D TH 3. DUSty v2 DEKART
3, BEAFCMA T, SEBCHET L —F DM
SR A, Jhif) 2 AL, T 2 EEREHES X
ORABHERZ 1T 5. ﬁﬁm&KHﬂ7f&k/b
ZHOWERTIE, EEEGONE - ZRECBVT
mﬁwﬂ%hﬁéﬁ %bemé

32 REEEE4LV) T DENM

AWFFETIX %3, DUSty vinve D FREE(E - RABRER
DOHNIETREZBMT 2. KEEER, YKDH
BRBIRICH R T 2/ ER->TB D, Wikt
TRV T—=2aYEORKRMMBXAZICERETH 5.
X 112, KITTI 7—&t v b V2B 2 EHEEE G e K
BRSO %R

33  IRBEERORNBRIA

IREEEBRO XA F I v 7 L D3P0 E IR 2
MBS D, ¥ — 2RO M7 2238 D3R #E v 72
%ﬂ%ﬁﬁ%é.$ﬁ%fd,%ﬁﬁ%ﬂ&®ﬂﬁﬁﬁ
RKBE GAN IHEHAT 5 Z 2T, HfEEZL 5 5iFH

BEHZDOX A FIv 7Ly PWEZNS. K212, 7T
DIEBERD - WEERE - NEPERERIE 2 Lhi 3 5.

34  XESEEICET 5%

A EE TR 7 W EEERER B % DUSty v2 (2B H L7235
&, UEEEH ) 2 RIEH T O D BEER SRR R v 7R B %
RNz, ZOMEE RS 57012, FHEHEH
x DI BRIEME (x = 0) [HEDEZRIZOWTRDE Y
1B Lok ZEAT 2 Z 8 THEEERBIT 5.

Lmask = max (0, —x +¢€), (1)

72720, e BHFBEERERDINALNR—IFT X —&KT
BHD. Loasx V&, ERIRFEROHOSHIELE & B
ML 3. X 312 Lonask DEIEC X 2 HHEEEH 0
Bz

» Vo - —
w/0 Lmask é“‘ -0 ¢ é’LG : ff
Tl LA —— =
B e T T e
s - £ g—:’m v 2 S =

Fig.3 Effect of the mask regularization term £,
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Table 1 CNN based Gan
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Fig.5 Generated examples of DUSty V2-based methods
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