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GarmentTracking:

Task Definition

Dataset: VR-Folding

Category-Level Garment Pose Tracking DD ,,l
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VR-Folding. We first create a real-time VR-based recording system named VVR-Garment. Then the £ £
: : : : : =P
volunteer can manipulate the garment in a simulator through the VR interface. With VR-Garment, g2
we build a large-scale garment manipulation dataset called VVR-Folding. Our tasks include flattening é
Pose — — and folding, which contain much complex garment configurations.
(Output)

Category level Garment Pose Tracking. We focus on the

pPOse .traCkmg. problem In .garment mampU|at'On (eg ____________ sequence tracking (shown in the lower part), our prediction still keeps high consistency with GT, while
flattening, folding). | n this setting, we do not have the priors ,#a_:m‘ Stage 1 NOCS predictor e - | GarmentNets outputs a series of meshes that lack stability.
of the human body like previous works for clothed humans. A - . k. B o wemod o Folding Flattoning
E:Z':]t?':: : {:ngi:}ﬁ‘ : Self-Attention - | I_E“EE - _bi PC NO(’_‘(; Ll:’:lSS IDgltS 1_ ltﬂ'l'a.t'lﬂll P . A3cm T AScm T Dcor‘r ~L Dcha.mf ~L Dnocs wL AScm T AlOcm T Dco*rfr wL Dcho,mf Jr Dnocs Jr
| pointNOCS ;| e , ?????? L | (refined) GarmentNets | N/A | 0.8%  21.5%  6.40 1.58 0221 | 13.2%  59.4%  10.54 3.54 0.135
[nputl-‘m; ‘l ;o A e PC NOCS class logits — Shirt Ours GT | 29.8% 85.8%  3.88 1.16 0.051 | 30.7% 83.4%  8.63 1.78 0.105
" jmmmmmmm e , [\ __pomtcioud ., -t ResUNet3D | (raw) . Ours Pert. | 29.0% 85.9%  3.88 1.18 0.052 | 25.4%  81.6% 8.94 1.85 0.109
Cha”enges for Garment Perceptlon previous | : - Sered Weight - (sparse) X : | next GarmentNets | N/A | 16.2%  69.5%  4.43 1.30 0162 | 1.5%  424% 1254 1.19 0.185
iteration | i v ! | [feration Pants Ours GT | 47.3% 94.0%  3.26 1.07 0.039 | 31.3% 78.2%  8.97 1.64 0.113
o Tal ! | (I TIIT]T] Stage 2 ! | Ours Pert. | 42.8%  93.6%  3.35 1.10 0.039 | 30.7%  76.9% 9.55 2.71 0.143
Infinite DoF | I L, 655 66 —{"Cfggg;l:g‘“‘ -> N()%js refiner | I GarmentNets | N/A | 10.3% 53.8%  5.19 151 | 0148 | 21.6% 57.6%  9.98 213 | 0.174
. : ! | | s ey | Top Ours GT | 37.9% 85.9% 3.75 0.99 0.051 | 36.5% 69.0%  9.41 1.59 0.113
® Severe Self-OCC|u5|0n | 2\. \ mesh NOCS (refined) Ours Pert. | 36.6% 86.1%  3.76 1.00 0.051 | 33.5%  68.1% 9.61 1.62 0.116
e Thin St t s e GarmentNets | N/A | 1.1%  30.3%  6.95 1.89 0230 | 0.1%  7.0% 1848 5.99 0.287
In ructure > Skirt Ours GT | 23.5% 71.3%  4.61 1.33 0.060 | 5.4% 39.4%  16.09 2.02 0.199
___________________________ r Ours Pert. | 22.8%  70.6%  4.72 1.36 0060 | 2.3%  355%  16.55 2.15 0.207
. G€MLP Stage 3
Cha”enges for Tracklng Problem £ NOCS positon embbecing | WYATD Field mapper * surface T The quantitative results in VR-Folding dataset. In general, our method outperforms GarmentNets in
> Input qa"’p‘e “HE all metrics by a large margin. On the challenging A,.., metric in Folding task and A..., in Flattening task,
. I -fram metr n -» No backward propagation Qutput: ¢ : volume volume GarmentNets has very low performance (e.g. 0.8% in Shirt Folding), while our method achieves much
ow O use Inter d e QGO e y d warp field feature UNet3D feature Hioh ( 29 0% in Shirt Fold ) ioh " hod
- - S I igher scores (e.g. 29.0% 1n shirt Folding), whicn proves that our method can generate more accurate
Correspondence mform'atlon TR The overview of GarmentTracking. Given the per-point NOCS coordinate of the first frame and a rough canonical predictions in videos compared to Garmenthets. Our method also outperforms GarmentNets on mean
* How to make the tracking prediction -KIng. PErp . . . J correspondence distance and chamfer distance, which proves that our method can do well in both
bust t ti ti 0 shape (mesh NOCS), our tracking method takes two frames of the partial point cloud as input. In stage 1, the NOCS ose estimation and surface reconstruction tasks. Even with perturbation on first-frame poses (Ours
ronust to p(_)se €S 'mff‘ |0r_‘ errors._ predictor will generate an inter-frame fusion feature and predict raw NOCS coordinates. In stage 2, the NOCS refiner \F/)vith Pert. in Tab. 1). our method only shows m.inor erforrrw)wance oss (e.q. 37.9% — 32 % in To
* How to achieve tracklng In real-time? will refine the NOCS coordinates and the canonical shape simultaneously. In stage 3, the warp field mapper will . | o Y . P 9. of ' P
Folding) compared to using ground-truth as first-frame pose.

Garment Tracking Pipeline

predict the warp field which maps from canonical space to task space.

The qualitative results of pose estimation for unseen instances in VR-Folding dataset. In the long
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Category level Garment Pose Tracking (Ours)

We focus on the pose tracking problem in garment manipulation (e.g. flattening,
folding). In this setting, we do not have the priors of the human body like

Predicted previous works for clothed humans.
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Challenges for Garment Perception
* Infinite DoF

Non-Rigid 4D Reconstruction!?! » Severe Self-Occlusion
* Thin Structure

Challenges for Tracking Problem

* How to fuse Inter-frame geometry and
correspondence information?

1] Cheng Chi, et al. Garmentnets: Category-level pose estimation for garments via canonical space shape completion. In . "
* How to make the tracking prediction robust to
Proceedings of the IEEE/CVF International Conference on Computer Vision, pages 3324-3333, 2021 nose estimation errors?
2| Aljaz Bozic, et al. Neural non-rigid tracking. Advances in Neural Information Processing Systems, 33:18727-18737, 2020. . How to achieve tracking in real-time?
3] Yang Li, et al. 4dcomplete: Non-rigid motion estimation beyond the observable surface. In Proceedings of the |[EEE/CVF

nternational Conference on Computer Vision, pages 127/06-12/716, 2021.
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VR-Garment Platform JéNEVwIzS ﬁs

(a) The recording environment (b) The steps to record flattening (first-person view) (¢) The re-rendered data
1) Load current garment (2) Grab the garment (3) Start recording (1) RGB Image (2) Mask
4) Swing the garment (5 Flatten the garment  (6) Stop recording  (3) Depth Image (4) Mesh with NOCS label

The pipeline of our Virtual Realty recording system (VR-Garment). (a) A volunteer needs to
put on a VR headset and VR gloves. (b) By following the guidance of a specially designed Ul, the
volunteer begins to collect data efficiently. (c) After recording, we re-render multi-view RGB-D
images with Unity [6] and obtain masks and deformed garment meshes with NOCS labels.
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Figure 2. The examples of Folding task.
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The overview of GarmentTracking. Given the per-point NOCS coordinate of the first frame and a rough canonical shape (mesh NOCS), our
tracking method takes two frames of the partial point cloud as input. In stage 1, the NOCS predictor will generate an inter-frame fusion feature
and predict raw NOCS coordinates. In stage 2, the NOCS refiner will refine the NOCS coordinates and the canonical shape simultaneously. In
stage 3, the warp field mapper will predict the warp field which maps from canonical space to task space.
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Experiment Result

. Folding Flattening

Type Method nit. AScm T A5cm T DEGT‘T‘ \L Dchﬂ,mf lr Dnﬂcs lr Aﬁcm T Al[]r:m T DEDT"T l' Dchamf Jf Dnﬂcs ~L
GarmentNets | N/A 0.8% 21.5% 6.40 1.58 0.221 13.2% 59.4% 10.54 3.04 0.135

Shirt Ours GT | 29.8% 85.8% 3.88 1.16 0.051 | 30.7% 83.4% 8.63 1.78 0.105
Ours Pert. | 29.0%  85.9% 3.88 1.18 0.052 25.4% 81.6% 8.94 1.85 0.109
GarmentNets | N/A | 16.2%  69.5% 4.43 1.30 0.162 1.5% 42.4% 12.54 4.19 0.185

Pants Ours GT | 47.3% 94.0% 3.26 1.07 0.039 | 31.3% 78.2% 8.97 1.64 0.113
Ours Pert. | 42.8%  93.6% 3.39 1.10 0.039 30.7% 76.9% 9.55 2.71 0.143
GarmentNets | N/A | 10.3%  53.8% 5.19 1.51 0.148 21.6% 57.6% 9.98 2.13 0.174

Top Ours GT | 37.9% 85.9% 3.75 0.99 0.051 | 36.5% 69.0% 9.41 1.59 0.113
Ours Pert. | 36.6%  86.1% 3.76 1.00 0.001 33.5% 68.1% 9.61 1.62 0.116
GarmentNets | N/A 1.1% 30.3% 6.95 1.89 0.239 0.1% 7.9% 18.48 2.99 0.287

Skirt Ours GT | 23.5% 71.3% 4.61 1.33 0.060 5.4% 39.4% 16.09 2.02 0.199
Ours Pert. | 22.8%  70.6% 4.72 1.36 0.060 2.3% 35.5% 16.55 2.15 0.207

Input

Quantitative results on VR-Folding dataset

GarmentNets

Qualitative results on VR-Folding dataset

Ours
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(Input) .
VR-Folding. We first create a real-time VR-based recording system named VVR-Garment. Then the Q %0

volunteer can manipulate the garment in a simulator through the VR interface. With VR-Garment, %g

Pose we bulld a large-scale garment manipulation dataset called VVR-Folding. Our tasks include flattening 3 <
(Output) \ and folding, which contain much complex garment configurations. g

Category level Garment Pose Tracking. We focus on the Garment Tracking Pipeline

: : : : The qualitative results of pose estimation for unseen instances in VR-Folding dataset. In the long
pose tracking problem in garment manipulation (e.g.

seqguence tracking (shown in the lower part), our prediction still keeps high consistency with GT, while

flattening, folding). In this setting, we do not have the priors | T T T T . S : U e ) GarmentNets outputs a series of meshes that lack stability.
. . | HEEEgnaEEnas ] ! ‘ P P e T
of the human body like previous works for clothed humans. R ,é S M T i
Pmi: ;-Etﬁﬁi‘:ig : : S AT _',,I 'f!"i""** F“ﬁ‘.::; —l-: i;i’:ﬁ;i fﬁ I_L.ﬂ’_ T‘ype Method nit. A3cm T AScm T Dcor‘r ~L Dcha.mf ~L Dnocs wL A5cm T AlOcm T Dco*rfr wL Dcho,mf Jr Dnocs Jr
iteration SR I elf- Attention | =t .. 1 |iteration
| pomtNocs | ! L?????? i TN s et GarmentNets | N/A | 0.8%  215%  6.40 158 | 0221 | 132% 594% 1054 | 354 | 0.135
_ ! I T TIT] | PC NOCS class Iogits Shirt Ours GT | 29.8% 858%  3.88 1.16 0.051 | 30.7% 83.4%  8.63 1.78 0.105
\ A ResUNet3D .ﬁ (raw) | AR Ours Pert. | 29.0% 85.9%  3.88 1.18 0.052 | 25.4%  81.6%  8.94 1.85 0.109
Cha I Ienges fOr Garment Percepthn L 1 Shared Weight! (sparse) AR X o : v v GarmentNets | N/A | 16.2%  69.5%  4.43 1.30 0.162 | 1.5%  424%  12.54 4.19 0.185
Frawrcoes : : HD'SS' ;ldkltttlarll tilnn I—»' :—m Pants Ours GT | 47.3% 94.0%  3.26 1.07 0.039 | 31.3% 78.2%  8.97 1.64 0.113
e |Infinite DoF : ! B : . Ours Pert. | 42.8%  93.6%  3.35 1.10 0.039 | 30.7%  76.9%  9.55 2.71 0.143
, . 1Y E PC per—pﬂim)‘ N Stage2 | Co GarmentNets | N/A | 10.3%  53.8%  5.19 1.51 0.148 | 21.6% 57.6%  9.98 2.13 0.174
e Severe Self-Occlusion ! : — feature NOCS refiner | | Top Ours GT | 37.9% 85.9%  3.75 0.99 | 0.051 |36.5% 69.0%  9.41 1.59 | 0.113
' mesh NOCS (ﬂ)r y === ' _ mesh NOCS (refined) , Ours Pert. | 36.6% 86.1%  3.76 1.00 0.051 | 335%  68.1% 9.61 1.62 0.116
o " Input?: point cloud > GarmentNets | N/A | 1.1%  30.3% _ 6.95 1.89 0239 | 01%  7.9%  18.48 5.99 0.287
Thin Structure '|' %, L;E_ Skirt Ours GT |23.5% 71.3%  4.61 1.33 | 0.060 | 5.4% 39.4% 16.09 | 2.02 | 0.199
= Ours Pert. | 22.8%  70.6%  4.72 1.36 0.060 | 2.3%  355%  16.55 2.15 0.207
I MLP Stage3 | _gw [ L . . |
Cha”enges for TraCklng Problem . Warp Field mapper The quantitative results in VR-Folding dataset. In general, our method outperforms GarmentNets in
NOCS position embbeding | . . . . : . .
ONocse °! -*- all metrics by a large margin. On the challenging A,.., metric in Folding task and A, in Flattening task,

How to fuse inter-frame geometry and
correspondence information?

How to make the tracking prediction
robust to pose estimation errors?

How to achieve tracking in real-time?

. =»p Input

- -» No backward propagation E

¥ warp field |

Qutput:

............................

The overview of GarmentTracking. Given the per-point NOCS coordinate of the first frame and a rough canonical
shape (mesh NOCS), our tracking method takes two frames of the partial point cloud as input. In stage 1, the NOCS
predictor will generate an inter-frame fusion feature and predict raw NOCS coordinates. In stage 2, the NOCS refiner
will refine the NOCS coordinates and the canonical shape simultaneously. In stage 3, the warp field mapper will
predict the warp field which maps from canonical space to task space.

GarmentNets has very low performance (e.g. 0.8% in Shirt Folding), while our method achieves much
higher scores (e.g. 29.0% in Shirt Folding), which proves that our method can generate more accurate
predictions Iin videos compared to GarmentNets. Our method also outperforms GarmentNets on mean
correspondence distance and chamfer distance, which proves that our method can do well in both
pose estimation and surface reconstruction tasks. Even with perturbation on first-frame poses (Ours
with Pert. in Tab. 1), our method only shows minor performance loss (e.g. 37.9% — 36.6% In Top

Folding) compared to using ground-truth as first-frame pose.
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