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025 1. Dataset 079
026 Examples of filtered images Figure 1 and Figure 2 show examples of images filtered out by our data creation pipeline from 080
027 the raw MannquinChallenge video clips. These examples include images captured by fisheye cameras, and images with large 081
028 regions of synthetic background or moving objects. 082
029 083
030 Examples of human keypoints images Figure 3 shows example images of human keypoints predicted by Mask-RCNN [4]. 084
031 For visualization purpose, we perform morphological dilation to original keypoint image to make each keypoint location more 085
032 visisble. Moreover, we use different color to visualize different human joints keypoints. 086
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050 Eigure 1: .Examples. of filtered images. First row shows the images captured by fisheye cameras and second row shows the 104
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141 Figure 3: Examples of keypoints images. Top rows depicts examples of original images and bottom row depicts corresponding 195
142 human keypoint images with different color indicating different human joints. 196
143 197
144 198
145 Depth cleaning examples Figure 4 shows examples of our depth cleaning method for MVS depth, as described in Section 3 199
146 of the paper. The regions circled in yellow show MVS depth with and without our proposed depth cleaning method based 200
147 on Equation 1 in the paper. Our cleaning method removes incorrect depth values. These depth maps serve as supervision in 201
148 training, thus careful filtering has large impact on our performance, as demonstrated in our TUM RGBD experiments. 202
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2:3 2. Derivations and additional mathematical details Z?
218 We provide detailed derivations of our inputs to the depth prediction model (Section 4 in the paper). 272
219 Suppose we have relative camera pose R € SO(3),t € R? from source image view I° to reference image view I” with 273
220 common intrinsic matrix K estimated from visual SfM system. In addition, we also compute forward flow F' from I" to I°, 274
291 and backward flow B from I° to I". Let p denote the 2D pixel position in I”, and p’ = p + F(p) the corresponding 2D pixel 275
999 position in I* that is warped by F'(p); we denote such positions in either R? pixel space or R* homogeneous space based on 276
223 context. 277
224 2.1. Depth from motion parallax 278
225 279
296 We estimate our initial input depth from optical flow and camera motion using Plane-plus-Parallax (P+P) representation [6]. 280
297 Note that P+P is typically used to estimate the structure component of the scene with respect to a reference plane, either a 281
208 scene plane or a virtual one. In our case, we use P+P as means to cancel out the relative camera rotation and to efficiently 282
229 invert the flow field to a depth map. Therefore, we set the reference plane to be at infinity. 283
230 Let IT denote a real or virtual planar surface, and let df; denote the distance between camera center of source image I° and 284
231 plane II, H is distance between the 3D scene point corresponding to 2D pixel p and II. It can be shown (See Appendix of [0] 285
90 for complete math derivations) that 086
233 287
234 H tp) H 288
P=put PPy — 5 Kt (1)
235 Y Dpp(p)dy Y Dpp(p)dy 289
236 H (t Kt) @) 290
=Puw + 575 {[3Pw —
237 Dy (p)dl; (3] 291
238 292
239 where D, (p) is initial estimated depth at p in reference image I"; 38} is the third component of translation vector t, and 203
240 Pw is the 2D image point in " that results from inverse warping the corresponding 2D pixel p’ = p + F(p) in I° by a 204
241 homography A: 205
242 296
243 _Ap 3 297
244 Puw = 7 3 298
azp
245 T 299
n
246 where A = K(R+t—; VK1 300
247 dpy 301
248 T, : . ‘ . 302
249 where a3 is the third row of A, and n’ is normal of plane II with respect to the camera of source image I°. Note that the 303
250 original paper [6] divides the P+P representation into two cases depending on whether T, = 0, but we combine these two 204
051 cases into one equation shown in Equation 2 by simple algebraic manipulations. 205
050 Now, if we set plane II at infinity, using L’Hopital’s rule, we can cancel out H and df; and obtain following equations: 206
253 % 307
t — Kt

254 3| Pw

5 p = pu + L ) 308
255 Dy (p) 309
257 pp Hp*pwHQ ’ 311
258 A 312

1% ’ -1

259 where py, = —=— and A" = KRK 313
260 a P 314
261 We use P+P representation to estimate initial depth because we found it more efficient and robust for dense depth estimation 315
262 compared with standard triangulation methods, which are usually used with sparse correspondences. Equation 4 can also be 316
263 extended to multiple frames with importance weights by formulating it as a weighted least square problem. 317
264 318
265 2.2. Confidence 319
266 Recall the confidence value at each pixel p in the non-human (environment) regions £ of the image is defined as: 320
267 321
268 322
269 C(p) = Cir(P)Cep(P)Cpa(P) ®) 323
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324 C}- is a confidence based on left-right consistency between the estimated forward and backward flow fields. That is, 378
325 Cir(p) = max (0,1 — r(p)?), where 7(p) = ||F(p) + B(p’)||2 is the forward-backward optical flow warping error. 379
326 C.p gives low confidence to pixels where the flow field and the epipolar constraint disagree [3]. Specifically, C.,(p) = 380
827 max (0,1 — (y(p)/7)?), where geometric epipolar distance v(p) is defined as: 381
328 382
329 383
330 () = Ip'" Fp| © 384
331 o 2 2 385
332 \/(Fp)m + (Fp)py 386
333 7 L. . , h 387
334 where F = K" [t], RK~" is the fundamental matrix and (F'p)[; is the i"" element of Fp. 388
. 2N\ 2 ,
335 Chpa(p) is a confidence based on parallax angles: C,(p) = 1— (W) [11], where 3(p) = cos™! (%), 389
223 and b(p) = K ~!p is a bearing vector at p in I", and b(p’) = K ~!p’ is a bearing vector at p’ in I°. ig?
338 2.3. Losses 392
339 . . . . 393
340 Our loss is computed on log-space depth values and consists of three terms (Section 4.3 in the paper): 394
341 Lg = Lmse + a1 Lgrad + (L, + L2)). (7 395
342 396
343 Scale-invariant MSE. Lyse denotes the scale-invariant mean square error (MSE) adopted from [2]. This loss term computes 397
344 the squared, log-space difference in depth between two pixels in the prediction and the same two pixels in the ground-truth, 398
345 averaged over all pairs of valid pixels. Intuitively, it penalizes differences in the ratio of depth between two predicted depth 399
346 values relative to the same ratio in the ground truth: 400
347 401
348 ) 402
349 1 1 403
350 Luse = > R(p)’ - N > R(p) ®) 404
351 pel pel 405
352 . R 406
353 where R(p) = log D(p) — log Dy (p), and D is predicted depth and Dy is ground truth depth. 407
354 Multi-scale gradient term. We use a multi-scale gradient term to encourage smoother gradient changes and sharper depth 408
355 discontinuities in the predicted depth images [10]: 409
356 410
357 1 411
258 Lona =Y N > (IVaRs(p)| + |V, Ra(p)]) ©) a1
359 =0 pel 413
360 where subscript s of R, and I, indicates scale s and NN, is the number of valid pixel at scale s. a4
361 415
362 Multi-scale, edge-aware smoothness terms. To encourage smooth interpolation of depth in texture-less regions where MVS 416
363 fails to recover depth, we add a simple smoothness term at multiple scales based on the first- and second-order derivatives of a7
364 images [12]: 418
365 s 419
366 Ll = exp(—|VIs(p Vlogﬁ P (10) 420
s =Y g L (VLY ios Dip) 2
368 s 422
369 L2 = exp(—|V2I,(p)])|VZ1o D P (11) 423
e =Y g X p TV g Dip) i
371 425
372 We create S = 5 scale image pyramids using nearest-neighbor down-sampling for both multi-scale gradient and smoothness 426
373 terms. 427
374 428
375 429
376 430
377 431
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a3z 2.4. Error Metrics 486
433 487
434 Recall in Section 5 of our main paper, we measure 5 different error metrics based on scale-invariant RMSE (si-RMSE). 488
435 Here we provide definition of each error metric. Notice we can use similar algebraic manipulations to those proposed in [9] to 489
436 evaluate all terms in time /inear in the number of pixels. 490
437 Recall that D is the predicted depth and Dy, is the ground truth depth, and we define R(p) = log D(p) — log Dy (p). 491
438 Recall we also define human regions as H with N, valid depth, non-human (environment) regions as £ with IV, valid depth, 492
439 and full image region as I = H U £ with N = N, + N}, valid depth. 493
440 Specifically, si-full measures si-RMSE between all pairs of pixels, giving the overall accuracy across the entire image and 494
441 is defined as follows: 495
442 ) 1 . . 2 496
443 sifull = — 3~ >~ ((log D(p) — D(q)) ~ (log Da(P) — Dee(a) ) 12
444 pelqel 498
1
445 2 499
o = w3 2> (R(p) — R(a)) (13) -
447 pefact 501
8 - > > R(p)*+ R(q)* — 2R(p)R 14 02
44 =2 (p)” + R(q) (p)R(q) (14) 5
449 pel qel 503
450 1 504
451 =5 (VDR +NY R@?-2) R(p))_ Rla) (15) 505
452 pel qel pel qel 506
453 507
454 2 508
455 =5 |V > R R(®))_ Rl (16) 509
456 pel pel act 510
4s7 si-env measures pairs of pixels in non-human regions £, giving accuracy of the environment, and is defined as: o1
458 512
459 . 1 - - 2 513
seo sicenv = — >~ 3" ((log D(p) — D(q)) ~ (log Da(P) — D () an -,
461 ¢ pefacs 515
1
462 =57 2_ 2 (R(p) — R(a)® (18) 516
463 € peg C]ES 51 7
464 518
465 2 2 519
=— [ N, R — R R 19
Jo. NZ > R(p)*-> R(p)>_ R (19) oo
467 pee pee ace 521
468 si-hum measures pairs where one pixel lies in the human region # and one lies anywhere in the image, giving accuracy for 522
469 people, and is defined as : 523
470 524
471 . 1 ( A 3 ) 2 525
si-hum = log D(p) — D — (log D -D 20
o NN > Y ((og D(p) — D(q)) — (log Dg(p) — Du(a)) (20) o
473 peact 527
1 2
474 = VN, > > (R(p) - R(@) 1) 528
475 peH qel 529
476 1 ) ) 530
i = NN, > > R(p)*+ R(q)* — 2R(p)R(q) (22) 531
478 pPEH qel 532
479 1 ) , 533
480 =y (V2 R+ Ny R@ =23 R(p)) R(a) (23) 534
481 pEH qel pEH qel 535
482 (24) 536
483 537
484 Furthermore, si-hum can further be divided into two error measures: si-intra measures si-RMSE within #, or human 538
485 539
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22? accuracy independent of the environment, and is defined as zg:
542 1 A A 2 596
s siintra = <3 > 3~ ((log D(p) — D(a)) — (log Du(P) — Dr(a1) ) 25 Ly
544 1h pEH a€H 598
o =57 2 2 (B(p) ~ R(@)’ (26) 599

h peH aen 600
547 601
548 2 602
oo =z | N z;{R(p)2 - z;{R(p) Z;{R(Q) @
550 Pe pe ac 604
551 si-inter measures si-RMSE between pixels in H and in £, or human accuracy w.r.t. the environment and is defined as: 605
552 606
553 1 ) 607
554 sicinter = ——— > 3" ((log D(p) — D(@) — (log D (p) ~ Ds(a)) (28) 08
555 elVh peH qee 609
556 1 ) 610
ot = N, 2 2 (RP) -~ Rla) 29 e
558 pEH q€€ 612

1
o = N L O B(p) + R(@) - 2R(p)R(a) o o
561 peH acs 615
562 1 616
563 = v | > R()?+Ny> R(q?-2> R(p)> R 31 617
564 i peH q€e€ pPEH qeé 618
565 (32) 619
566 620
567 3. Implementation Details 621
22§ We use FlowNet2.0 [5] to estimate optical flow because we found it handles large displacements well and preserves sharp 2;2
=70 motion discontinuities. We use Mask-RCNN [4] to generate human masks and optionally human keypoints. The predicted 6o
masks sometimes have errors and miss small parts of people, so we apply a morphological dilation operation to the binary
571 . . . . . 625
human masks to ensure that the masks are conservative and include all the human regions. We normalize human keypoints

572 between 0 and 1 before we feed them into network, if needed. 626
573 Our networks architecture is similar to that of [1] except that we replace all the nearest neighbor upsampling layers with 627
574 bilinear upsampling layers since we found such simple modification could produce sharper depth boundaries while slightly 628
575 improve performance. We refer readers to [1] for full details of network architectures. 629
576 Our network predicts log depth in both training and inference stages. During training, we randomly normalize the input 630
577 log-depth before feeding it to the network by subtracting a value sampled from between the 40 and 60 percentile of valid 631
578 input log D,,. During inference, we normalize input log-depth by subtracting the median of log(D,,). Additionally, during 632
579 training, we randomly set to zero the initial input depth and confidence (with probability 0.1) to tackle the potential situation 633
580 where input depth is not available (e.g. camera is nearly static or estimated optical flow is completely incorrect) in inference 634
581 stage. When we input human keypoints into network, we also use the depth from motion parallax Dy, with high confidence 635
582 (Cir > 0,C¢p > 0 and Cp, > 0.5) at these locations as ground truth if MVS depth Dyys is not available. 636
583 For our experiments we train our networks for 20 epochs from scratch using the Adam [8] optimizer with initial learning 637
584 rate of 0.0004 and we halve the learning rate every 8 epochs. During training, we firstly downsample all images to a resolution 638
585 of 532x299, use a mini-batch size of 16, and perform data augmentation though random flips and central crops so that input 639
586 image resolution to the networks is 512x288. We set hyperparameters in our loss terms a; = 0.5, aa = 0.05 based on 640
587 our validation set. For the experiments on the TUM RGBD dataset, we downsample ground truth to 512x384 and perform 641
588 morphological erosion with radius 2 to ground truth for all evaluations since we found depth from RGBD sensor is not well 642
589 aligned with image edges due to synchronization and small regions of depth captured by depth sensors are usually attributed to 643
590 outliers due to sensor noise. Additionally, we downsample images to 512x384 for our network, and we downsample input 644
591 images to provided default image resolutions for other state-of-the-art single-view and motion stereo models (since we found 645
592 input default resolutions always produce the best performance for other methods) and upsample their depth predictions to 646
593 512x384 before we measure the error metrics. 647
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64 4, Human Mesh Reconstruction 7oz
649 703
650 We provide a qualitative comparison to a state-of-the-art parametric human model fitting approach [7] on one of our videos. 704
651 As can be seen in Figure 5, the model fitting fails to capture the complex poses of the limbs of the the human. Parametric 705
652 model fitting also does not capture fine details such as clothes and hair. 706
653 707
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(a) Image (b) Dmvs w/o depth cleaning (¢) Dmvs w/ depth cleaning

Figure 4: Effects of proposed depth cleaning method. See regions circled in yellow. Proposed depth cleaning method using
Eq. (1) in our main paper removes outliers of MVS depth Dyys significantly.
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