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Motivation Method Results
Semantic Scene Reconstruction Building 3D Segmentation Map Verified our method on the NYUDv2 dataset [4].
A task of incrementally building a dense, semantically Dense SLAM | ' Trained U-Net excluding Celling, Picture, TV, and Window.
annotated 3D map in real-time e [0 estimate camera poses and build a 3D map Accuracy
IsSsue RGBD SLIC Superpixel Segmentation D o — _ _
In real-world, many types of objects exist. e Distance metric using CIELAB color, normal, ¢ npu rea”i Table: Quantitative comparison. Supervised methods vs open set method (ours)
However, most approaches [1, 2] assume closed world. and image Cc?ordlnates . Classes in training data Novel classes
Agglomerative Clustering SLIC SLAM Method _ _ — — Mean loU
Our Approach ® Merge Supel‘pixels tO prOdUCG ObjeCt-Ievel Segments ¢ ¢ Bed Book Chair Floor Furn. Obj. Sofa Table Wall | Caeil Pict. TV ~ Wind.
e Based on similarity in color, geometric distance in 3D, |[Agglomerative Updating 3D U-Net[3] | 50.3 224 36.6 556 36.9 27.3 484 33.8 551 - i i i i

it\/ i Clusterin Segmentation Ma
Incrementally segment both learned and unseen classes and convexity in shape J . P 2] | 62.8 27.3 42.6 68.4 44.6 246 450 423 268| - - - - _

Key ideas to meke clusters
e Utilize deep features for grouping learned object classes

e Utilize geometric features for grouping unseen object classes

Picture (Unknown) Picture (Unknown) 3D Segmentatlon Map Update _
AP —— _ | e Update the 3D map using the 2D segmentation result
' B | of current frame

Ours |64.2 223 418 674 56.2 28.6 493 41.0 63.2|29.3 28.7 52.2 53.9 46.1
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Incremental Clustering

Online Feature Extraction
Assign and update the following features
to each region in the 3D segmentation map
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Scene 3D Segmentation Map Clustered 3D Map Supervised method [2]

Fig.1: Qualitative results. The proposed method discovers various classes
iIncluding both unseen classes and the classes in the training dataset.

*'- g
N

Scene , Discovered Classes ® _ i - -
iy Deep fea_tures To recognize Iearned object cla!sses EfflCl ency
e Geometric features - To recognize unseen object classes T
Overview ® Entropy - To estimate the reliability of the deep features 3 [U-Net3]] || | Average processing time: 93.2 ms/frame (10.7 Hz)
TN 4 Ny 8= i il i { || | Space complexity: # of regions x dimension of features
=N\ u L. g
Building 3D Segmentation Map fszg(u) T , T —T'+1 o g Geometric Deep Entro | . 200 = 10" | _
+ Eljj Feature Feature U dart)g £ $ 100} — Baseline  — Ours|
i : Deep feature assigned to region I; of the 3D segmentation map S Update Update P : @ 150 S 00} — 5
5, ": Feature map of U-Net, R: Camera view of the 3D segm. map ;‘_:‘:I:_':::::::'_:'_':_'_'_‘_'_'_‘_':_:':_'_:::'_ B R N— = 100 TR AL S 187 /,
i} : @) i ; ; Lo |
* | 3D Segment Clustering 2 | |3 § sof _ S w0
InpSutt RGBD 8 Incremental Clustering — e Compute affinities between each region using the | §% Affinity |, [Graph-based S | | | | g { | | | E
" [Online Feature| ,[ 3D Segment || Result assigned features with weighting based on entropy | 32 [Computation| ™| Clustering | - T e oo e 300 00 S0
. . e : . a @
Extraction Clustering e Feed the affinity matrix to Markov clustering . _ _ _ _ _
) e Fig.2: Runtime analysis. The processing Fig.3: Memory usage. The baseline
Building 3D Segmentation Map w; = - l"N, w; = ; lf'N time is stable even though the 3D map assigns features to each element,
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BWN =

e Associate objects of the same class and discover new classes e;;: Entropy assigned to region I; , N: Number of learned classes Membership for Each Segment




