CVPR
#2089

000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

CVPR 2020 Submission #2089. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Self-Supervised Deep Visual Odometry with Online Adaptation
— Supplementary Material —

Anonymous CVPR submission

Paper ID 2089

1. Network Architecture

The detailed network architectures of DepthNet,
PoseNet and MaskNet are shown in Table 1, 2, 3. All con-
volutions, deconvolutions and convLSTM are followed by
layer normalization (LN) and ReLU activation except for
the output layer.

2. Analysis of online adaptation for VO

The problem of online adaptation for VO is very hard,
especially when we require that the estimated trajectory in
the unseen environment should be close to the ground truth.

Despite some recent works on stereo matching and stere-
o depth estimation [5, 4, 3] claim that they are able to get
reasonable matching and depth in unseen environments af-
ter hundreds of online refinement process, these methods
use stereo images and the baselines between two cameras
are known, which significantly simplifies the online learn-
ing problem. In contrast, our method uses only monocular
images and the relative pose between consecutive images
are unknown. The network needs to adapt online for better
pose and depth estimation simultaneously, which is much
harder than stereo matching or depth estimation.

Besides, even if the VO network adapts to the new en-
vironment after hundreds of updating (maybe 500-2000
frames), previous estimations still have large errors. As the
errors are accumulated, the trajectories are getting more and
more drifted with time (shown in Fig. 2). This indicates
that in order to get a better trajectory, the estimation error
should be small at the beginning of online adaptation, and
the network has to adapt itself as fast as possible so as to re-
duce accumulated error. It can be seen from Fig. 2 that our
method achieves promising online adaptation performance
compared with other baselines. We select some complicat-
ed and challenging trajectories from KITTI [2] 00-10, in-
cluding multiple turns, loops and sharp turns. If the pose
estimation goes wrong at one turn, the trajectory will drift
afterwards, no matter how accurate it estimates later. These
results demonstrate that our method is able to get small es-
timation error at the beginning of domain shift, and adapts

quickly to the new environment.

3. Pretrain on Carla

We use Carla [ 1] simulator to create virtual images under
different conditions in the virtual city (shown in Fig. 1). We
use these collected images to pretrain our network together
with other baselines, and test them on KITTI odometry [2]
dataset. The results are shown in Fig. 2.
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108 162
109 163
110 Block Operation Filter size ~ Stride  Output size (heightx width x channel) 164
11 Input 1 128 x416%x3 165
112 Convolution Tx7 2 64x208x32 166
113 Convolution Tx7 1 64x208x32 167
114 Convolution 5x5 2 32x104x64 168
115 Convolution 5x5 1 32x104x64 169
116 Convolution 3x3 2 16x52x128 170
117 Convolution 3x3 1 16x52x128 171
118 Convolution 3x3 2 8x26x256 172
Encoder Convolution 3x3 1 8x26x256
19 ConvLSTM 3x3 1 8x26%256 173
120 Convolution 3x3 2 4x13x256 174
121 Convolution 3%3 1 4x13%256 175
122 ConvLSTM 3x3 1 4x13x256 176
123 Convolution 3x3 2 2Xx7x512 177
124 Convolution 3x3 1 2Xx7Tx512 178
125 ConvLSTM 3x3 1 2x7Tx512 179
126 Deconvolution 3x3 2 4x13x512 180
127 Concatenation - - 4x13x768 181
128 Convolutior} 3x3 1 4x13x512 182
129 Deconvolution 3x3 2 8x26x256 183
Concatenation - - 8x26%x512
150 Convolution 3x3 1 8x26x256 184
131 Deconvolution 3x3 2 16x52x128 185
132 Concatenation - - 16x52x%x256 186
133 Convolution 3%3 1 16x52x 128 187
134 Convolution 3x3 1 16x52x1 188
135 Sigmoid (get disparity d1) - - 16x52x1 189
136 dy =100 x d; + 0.01 - - 16x52x1 190
137 Deconvolution 3x3 2 32x104x64 191
138 Bilinear upsampling from d; - 2 32x104x1 192
139 Concaten.atlon - - 32x104x129 193
140 Convolution 3x3 1 32x104x64 194
141 Convolution 3x3 1 32x104x1 195
Decoder Sigmoid (get disparity d2) - - 32x104x1
142 dy = 100 x da + 0.01 - - 32x104x1 196
143 Deconvolution 3x3 2 64%208% 32 197
144 Bilinear upsampling from d» - 2 64x208x1 198
145 Concatenation - - 64 %208 %65 199
146 Convolution 3x3 1 64x208x32 200
147 Convolution 3x3 1 64x208x1 201
148 Sigmoid (get disparity ds) - - 64x208x1 202
149 d3 =100 x d3 +001 - - 64 x208x 1 203
150 Deconvolution 3x3 2 128x416x32 204
151 Bilinear upsampling from d3 - 2 128x416x1 205
152 Concatenation - - 128 x416x65 206
Convolution 3x3 1 128 x416x32
153 Convolution 3x3 1 128x416% 1 207
154 Sigmoid (get disparity da) - - 128x416x1 208
155 d4 =100 x dy4 + 0.01 - - 128x416x1 209
156 Output dy 128x416x1 210
157 211
158 Table 1. Detailed DepthNet architecture, which is basically the same as the DepthNet of SfMLearner [6] but much more lightweighted. 212
159 The output is disparity d4 (inverse depth). Then depth D= i. 213
160 214
161 215
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216 Block Operation Filter size  Stride  Output size (height x width x channel) 270
27 Tnput I, Dy, Tr—1, Dis 128x416x8 2
218 Convolution Tx7 2 64x208% 16 2r2
219 Shared encoder ConvLSTM 3x3 1 64x208% 16 ks
220 Convolution 5%5 2 32x104%32 274
221 ConvLSTM 3x3 1 32x104x32 275
222 Convolution 3x3 2 16x52x64 276
223 Translation estimation ¢, ¢y, ConvLSTM 3x3 1 16x52x64 277
224 Convolution 3x3 1 16x52x%3 278
295 Fully Connected - - Ix1x 3 279
226 Convolution 3x3 2 16x52x64 280
297 Rotation estimation 7, 7y, 7 ConvLSTM 3x3 1 16x52x64 281
228 golrllvoéution . 3x3 1 116><152 ><33 282
u onnecte - - x1x
229 Output 6-DoF pose tz, ty,tz, e, 7y, T2 : 1x1x6 283
230 284
231 Table 2. Detailed PoseNet architecture. 285
232 286
233 Block Operation Filter size ~ Stride  Output size (height x widthx channel) 287
234 Input warping residual 128x416x%x3 288
235 Convolution TxT 1 128x416x16 289
236 Convolution 5x5 1 128 x416x32 290
237 Encoder Convolution 5%5 1 128 x416x32 291
Convolution 3x3 1 128 x416x 1
223 Sigmoid - - 128x416x 1 ;Zi
240 Output mask M 128x416x%1 294
2a Table 3. Detailed MaskNet architecture. 295
242 296
243 Road with moving cars Tunnel Overpass 297
244 4 298
245 299
246 300
247 301
248 302
249 Gas station 303
250 — 304
251 : g 305
252 306
253 307
254 308
255 309
256 310
257 311
258 312
259 313
260 314
261 315
262 . 316
063 Rainstorm 117
264 318
265 319
266 320
267 . - 321
268 322
269 Figure 1. Different types of scenes we collected by Carla [ 1] simulator. 323
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324 378
325 379
326 380
327 381
328 382
329 383
330 384
331 385
332 386
333 Seq. 02 Seq. 03 387
25009 A —eeee Ground Truth 600 . Ground Truth
334 SMLearner - Ground Truth 1000 - SfMLearner 388
335 —— Vid2Depth SfMLearner Vid2Depth 389
336 2000 + — Zhanetal. 500 - —— Vid2Depth 500 J Zhan et al. 390
337 — GeoNet - — Zhanetal. GeoNet 391
1500 — SAVO 400 4 | —— GeoNet SAVO
338 Ours \ —— SAVO 600 Ours 392
339 1000 - 300 - // —— Ours 393
340 B — N £ / E 400 394
N 500 4 L O ~ N
341 7N 00l 395
342 \ 200 - 396
343 °] \~/ 100 ] S 397
)
344 500 ) 0 398
345 01 399
346 ~1000 — ~200 - 400
347 . i . . —1004 . . . . . . 401
348 -500 0 500 1000 -100 0 100 200 300 400 200 402
x (m) X (m)
349 403
350 Seq. 07 Seq. 08 404
351 500 405
. 1. Ground Truth | |- Ground Truth 1400 - Ground Truth 406
——— SfMLearner - 3?;;”’;? SfMLearner
353 500 1 — Vid2Depth 1500 _ znanetal 1200{ vid2Depth 407
354 —— Zhanetal. —— GeoNet Zhan et al. 408
4004 —— GeoNet —— SAVO 1000 - GeoNet
o — S:\(;Oe —— Ours SAVO 409
356 1000 - ' Ours 410
357 3004 — Ours 800 411
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358 = E = 412
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359 =1 Nl 413
360 100 / 400 4 ) 414
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363 \ 417
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366 x (m) x (m) x (m) 420
367 421
368 Figure 2. Results of various methods pretraining on Carla and online testing on KITTI 00-10. We select some complicated and challenging 422
369 trajectories from these 11 sequences, including multiple turns, loops and sharp turns. 423
370 424
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