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Abstract— Accurate semantic mapping is challenging for
mobile robots in previously unseen environments, as vision-
based SLAM pipelines are often sensitive to occlusion, viewpoint
variation, and environmental clutter. We integrate topologi-
cal object descriptors into Kimera Semantics for object-level
semantic mapping and show that the topological recognition
stage achieves higher recognition accuracy than YOLOvVS8 and
DINOv2 RGB/RGB-D baselines across clutter levels and tra-
jectories.

I. INTRODUCTION

Accurate semantic mapping is essential for mobile robots
operating in previously unseen environments. Semantic
SLAM addresses this problem by jointly estimating the
robot pose and building scene representations with seman-
tic annotations, enabling tasks such as object manipula-
tion and autonomous operation. Many existing semantic
SLAM pipelines rely on vision-based deep learning models
for object detection, segmentation, and recognition [1]-[3].
However, these methods are often sensitive to clutter, occlu-
sion, and environmental variation, which degrade recognition
performance and the resulting semantic map. Topological
descriptors capture domain-invariant 3D shape structure and
have shown robustness to occlusion and viewpoint variation
[4], [5]. In this work, we integrate topological object de-
scriptors into a semantic SLAM pipeline, namely Kimera
Semantics, for object-level labeling and reconstruction in
previously unseen cluttered environments.

II. METHODOLOGY

Fig. 1 provides an overview of the full semantic SLAM
pipeline. Kimera Semantics provides visual inertial odom-
etry (VIO)-based state estimation and 3D semantic mesh
reconstruction [6]. In the standard pipeline, semantic labels
are generated by a 2D semantic segmentation network [7],
[8] and later fused with depth information. In our pipeline,
object masks are first extracted from each RGB image
using a NanoSAM-based instance segmentation network [9],
with spatial prompts from a YOLOv8 object detector [10].
These masks are combined with the RGB-D input to obtain
the corresponding object point clouds. Since the descriptor
targets an object-scale structure [4], we filter out point
clouds corresponding to large environmental regions and
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Fig. 1. Overview of the proposed pipeline. RGB-D input is processed
using YOLOv8 and NanoSAM to generate segmentation maps and object-
level point clouds. 3D heuristics remove background and large structures
(red). Topological descriptors (TOPS/TOPS2) are computed at checkpoints
and classified with THOR2. The labeled point clouds are transformed to
the world frame using VIO and integrated into a TSDF, where labels are
propagated via ray casting and fused through Bayesian updates to produce
the final metric-semantic mesh.

background clutter using heuristics based on distance, size,
and point cloud density. We also maintain an exponential
moving average objectness score across frames to reduce
false positives [11]. At selected checkpoints along the trajec-
tory, we compute topological descriptors, TOPS and TOPS2,
for each object point cloud and perform recognition using
THOR?2 [5]. The resulting object labels are then propagated
along the scene reconstruction meshes. Each labeled point



cloud is transformed to the world frame using the VIO
estimates and integrated into a truncated signed distance field
(TSDF) representation. We transfer labels to nearby surface
voxels using bundled ray casting, and update voxel class
probabilities through Bayesian fusion at each checkpoint.
The final output is a global mesh whose vertices are assigned
the most probable semantic label. Fig. 2 shows the results at
different stages of the pipeline and the final reconstruction.

III. EXPERIMENTAL RESULTS

We evaluated object recognition within the integrated
semantic mapping pipeline on nine YCB object classes
[12]. THOR2 was compared with three baselines: YOLOVS,
DINOvV2+CNN [13], and DINOv2 Depth [14]. In the latter,
RGB images and depth maps, encoded from one to three
channels, are processed using a frozen DINOv2 backbone,
and the resulting RGB and depth features are fused using an
MLP. All baselines were fine-tuned on the UW-IS-Occluded
dataset [4] using only non-occluded scenes. The experi-
ments were conducted in low (3-4 objects), medium (5-7
objects), and high clutter (6-8 objects) scenes with increasing
occlusion. For each clutter level, we evaluated 18 scenes,
each traversed using two trajectories: a standard trajectory
with front and back views, and a varied trajectory with
a 45°viewpoint offset. Recognition was performed at two
and three checkpoints for the standard and varied trajectory,
respectively.

At each checkpoint, accuracy was computed as the fraction
of correctly recognized objects in the scene. The checkpoint
accuracies were averaged to obtain a scene-wise accuracy.
Table I reports the mean recognition accuracies and 95% con-
fidence intervals across all scenes with the same clutter level
and robot trajectory, and Table II presents the corresponding
mean Intersection over Union (mloU) results. mloU scores
are computed by comparing the predicted and ground-truth
semantic labels at the voxel level for each reconstruction.
The final mIoU is obtained by averaging across all classes,
excluding unlabeled voxels.

Table I shows that THOR?2 achieves the highest recogni-
tion accuracy across all clutter levels for both trajectories.
The advantage is more pronounced in medium and high
clutter scenes, where occlusion is more severe. DINOv2-
based baselines remain competitive in low clutter scenes, but
degrade more noticeably as clutter increases, while YOLOvS8
performs worst overall despite a modest improvement on the
varied trajectory. The mloU results in Table II show similar
trends across clutter levels and trajectories. THOR2 consis-
tently achieves the highest mloU, indicating an improved
overall quality of the semantic reconstruction. The complete
semantic mapping pipeline operates at 1.2 Hz on a LoCoBot
platform, equipped with an Intel RealSense D435 camera
using an on-board NVIDIA Jetson AGX Xavier.

IV. DISCUSSION AND CONCLUSIONS

In our experiments, most methods showed lower accuracy
under the varied trajectory, consistent with the increased
viewpoint change and occlusion in those trials. YOLOvVS8

was an exception: although its performance remained below
that of THOR2 and DINOvV2, its accuracy improved under
the varied trajectory. We attribute this somewhat unexpected
trend to lighting conditions. The standard trajectory was
more directly aligned with the primary light source, increas-
ing glare, whereas the angled trajectory reduced specular re-
flections. As an appearance-based detector, YOLOvVS appears
to have benefited from these conditions. DINOv2 was less
sensitive to reflections but struggled more with objects of
similar color or partial shadowing, while THOR2 remained
more robust across these cases.

The RGB baselines underperformed the methods that
incorporate depth, but THOR2 achieved higher accuracy
even among depth-based methods. Notably, this advantage
was obtained without any real-world training data: THOR2’s
topological and color descriptor are computed from point
clouds and trained exclusively on synthetic data, alleviating
the need for the large-scale labeled datasets that deep learn-
ing baselines are constrained to. These results highlight that
topology-based geometric approaches remain valuable, even
as learning-based methods become increasingly prevalent.

However, THOR2 showed limitations when the center of
an object was heavily occluded, when the objects leaned
against each other, or when the rack partially occluded the
object. More broadly, all the methods were sensitive to under-
and over-segmentation. Improving segmentation accuracy,
particularly during robot motion, remains an area of future
work. The current pipeline also depends on an object detector
to provide spatial prompts for segmentation. Replacing this
stage with geometry or motion-based alternatives [15]—[17]
is a promising direction for future work. Overall, these
results show that topological descriptors can be integrated
into Kimera Semantics to provide a more robust object-level
labeling pipeline in unseen cluttered environments, which
can support mobile manipulation tasks in the future.
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Fig. 2. Sample results from two experiments. YOLOv8 generates bounding boxes (i.e., spatial prompts) for NanoSAM instance segmentation, and THOR2
performs object recognition on the resulting object point clouds. Reconstructions using THOR?2 labels are compared with those from the closest baseline,
DINOvV2 Depth. Red boxes on the reconstruction indicate incorrectly labeled objects.
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