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Volumetric Instance-Aware Semantic Mapping and
3D Object Discovery
Margarita Grinvald, Fadri Furrer, Tonci Novkovic, Jen Jen Chung, Cesar Cadena, Roland Siegwart, Juan Nieto

Abstract—To autonomously navigate and plan interactions in
real-world environments, robots require the ability to robustly
perceive and map complex, unstructured surrounding scenes.
Besides building an internal representation of the observed scene
geometry, the key insight towards a truly functional understanding of the environment is the usage of higher-level entities
during mapping, such as individual object instances. This work
presents an approach to incrementally build volumetric objectcentric maps during online scanning with a localized RGB-D
camera. First, a per-frame segmentation scheme combines an
unsupervised geometric approach with instance-aware semantic
predictions to detect both recognized scene elements as well as
previously unseen objects. Next, a data association step tracks
the predicted instances across the different frames. Finally,
a map integration strategy fuses information about their 3D
shape, location, and, if available, semantic class into a global
volume. Evaluation on a publicly available dataset shows that the
proposed approach for building instance-level semantic maps is
competitive with state-of-the-art methods, while additionally able
to discover objects of unseen categories. The system is further
evaluated within a real-world robotic mapping setup, for which
qualitative results highlight the online nature of the method. Code
is available at https://github.com/ethz-asl/voxblox-plusplus.
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I. INTRODUCTION

R

OBOTS operating autonomously in unstructured, realworld environments cannot rely on a detailed a priori
map of their surroundings for planning interactions with
scene elements. They must therefore be able to robustly
perceive the complex surrounding space and acquire taskrelevant knowledge to guide subsequent actions. Specifically,
to learn accurate 3D object models for tasks such as grasping
and manipulation, a robotic vision system should be able
to discover, segment, track, and reconstruct objects at the
level of the individual instances. However, real-world scenarios exhibit large variability in object appearance, shape,
placement, and location, posing a direct challenge to robotic
perception. Further, such settings are usually characterized by
open-set conditions, i.e. the robot will inevitably encounter
novel objects of previously unseen categories.
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(a) Object-centric Map

(b) Ground Truth Instance Map

(c) Semantic Instance Segmentation

(d) Geometric Segmentation [7]
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Fig. 1: Reconstruction and object-level segmentation of an office scene using
the proposed approach. Besides accurately describing the observed surface
geometry, the final object-centric map in Figure (a) carries information about
the location and 3D shape of the individual object instances in the scene.
As opposed to a geometry-only segmentation from our previous work [7]
shown in Figure (d), the proposed framework prevents over-segmentation of
recognized articulated objects and segments them as one instance despite
their non-convex shape (blue circle), assigning each a semantic category
shown in Figure (c). At the same time, the proposed approach discovers
novel, previously unseen object-like elements of unknown class (red circle).
Note that different colors in Figure (a) and Figure (b) represent the different
instances, and that a same instance in the prediction and ground truth is not
necessarily of the same color. Progressive mapping of sequence 231 from
the SceneNN [8] dataset is shown in the accompanying video available at
http://youtu.be/Jvl42VJmYxg.

Computer vision algorithms have shown impressive results
for the tasks of detecting individual objects in RGB images
and predicting for each a per-pixel semantically annotated
mask [1], [2]. On the other hand, dense 3D scene reconstruction has been extensively studied by the robotics community.
Combining the two areas of research, a number of works
successfully locate and segment semantically meaningful objects in reconstructed scenes while dealing with substantial
intra-class variability [3]–[6]. Still, these methods can only
detect objects from a fixed set of classes used during training,
thus limiting interaction planning to a subset of the observed
elements. In contrast, purely geometry-based methods [7], [9]
are able to discover novel, previously unseen scene elements,
under open-set conditions. However, such approaches tend to
over-segment the reconstructed objects and additionally fail to

