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Abstract— Semantic mapping based on the supervised
object detectors is sensitive to image distribution. In real-
world environments, the object detection and segmentation
performance can lead to a major drop, preventing the use
of semantic mapping in a wider domain. On the other
hand, the development of vision-language foundation models
demonstrates a strong zero-shot transferability across data
distribution. It provides an opportunity to construct gen-
eralizable instance-aware semantic maps. Hence, this work
explores how to boost instance-aware semantic mapping
from object detection generated from foundation models.
We propose a probabilistic label fusion method to predict
close-set semantic classes from open-set label measurements.
An instance refinement module merges the over-segmented
instances caused by inconsistent segmentation. We integrate
all the modules into a unified semantic mapping system.
Reading a sequence of RGB-D input, our work incrementally
reconstructs an instance-aware semantic map. We evaluate
the zero-shot performance of our method in ScanNet and
SceneNN datasets. Our method achieves 40.3 mean average
precision (mAP) on the ScanNet semantic instance segmen-
tation task. It outperforms the traditional semantic mapping
method significantly.

I. Introduction

Istance-aware semantic mapping in indoor environ-
ments is a key module for an autonomous system to
achieve a higher level of intelligence. Based on the
semantic map, a mobile robot can detect loop more
robust [1] and efficiently [2]. The current methods rely
on supervised object detectors like Mask R-CNN [3] to
detect semantic instances and fuse them into an instance-
level semantic map. However, the supervised object
detectors are trained in specific data distribution and
lack generalization ability. In deploying them in other
real-world scenarios without fine-tune the networks, their
performance is seriously degenerated. As a result, the
reconstructed semantic map is also of poor quality in
the target environment.

On the other hand, foundation models have been
developing rapidly in vision-language modality [4] [5].
Multiple foundation models are combined to detect and
segment objects. GroundingDINO [6], the latest State-
of-the-Arts (SOTA) open-set object detection network,
reads a text prompt and performs vision-language modal
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Fig. 1: Our system reads a sequence of RGB-D frames.
The vision-language foundation models detect objects
in open-set labels and high-quality masks. The SLAM
modules generate a camera pose and a global volumet-
ric map. Our method incrementally fuses the object
detections from foundation models into an instance-
aware semantic map. A reconstructed semantic map from
ScanNet scene0011 01 is shown.
fusion. It detects objects with bounding boxes and
open-set labels. The open-set labels are open vocab-
ulary semantic classes. GroundingDINO has achieved
52.5 mAP on the zero-shot COCO object detection
benchmark. It is higher than most of the supervised
object detectors. Moreover, the image tagging model
recognizes anything (RAM) [7] predicts semantic tags
from an image. The tags can be encoded as a text
prompt and sent to GroundingDINO. Vision foundation
model segment anything (SAM) [4] generates precise
zero-shot image segmentation results from geometric
prompts, including a bounding box prompt. SAM can
generate high-quality masks for detection results from
GroundingDINO.

RAM, GroundingDINO, and SAM can be combined
to detect objects in open-set labels and high-quality
masks. All of these foundation models are trained using
large-scale data and demonstrate strong zero-shot gen-
eralization ability in various image distributions. They
provide a new approach for the autonomous system to
reconstruct a generalizable instance-aware semantic map.
This paper explores how to fuse object detection from



foundation models into an instance-aware semantic map.

To fuse object detection from foundation models, two
challenges should be addressed. Firstly, the foundation
models generate open-set tags or labels. However, the
semantic mapping task requires each constructed in-
stance to be classified in close-set semantic classes. A
label fusion method is required to predict an instance’s
semantic class from a sequence of observed open-set
labels. Secondly, SAM is operating on a single image. In
dense indoor environments, SAM frequently generates
inconsistent instance masks at changed viewpoints. It
results in over-segmented and noisy instance volumes.
Refining instance volumes integrated from inconsistent
instance segmentation results is the challenge. However,
these challenges have not been considered in traditional
semantic mapping works. If foundation models are di-
rectly used in a traditional semantic mapping system,
they reconstruct semantic instances in a less satisfied
quality.

To address such challenges, we propose a probabilistic
label fusion method following the Bayes filter algorithm.
Meanwhile, we refine the instance volume via merging
over-segmentation and fuse instance volume with the
global volumetric map. The label fusion and instance
refinement modules are incrementally run in our system.
As shown in Figure 1, reading a sequence of RGB-D
frames, FM-Fusion fuses the detections from foundation
models and runs simultaneously with a traditional SLAM
system. Our main contributions are:

e An approach to fuse the object detections from
vision-language foundation models into an instance-
aware semantic map. The foundation models are
used without fine-tune.

o A probabilistic label fusion method that predicts
close-set semantic classes from open-set label mea-
surements.

o Instances are refined to address inconsistent masks
at changed viewpoints.

o The method is zero-shot evaluated in ScanNet [8].
It outperforms the traditional semantic mapping
method significantly. We further evaluate it in
SceneNN [9] to demonstrate its robustness in other
image distributions.

IT. Related Works
A. Vision-Language Foundation Models

The image tagging foundation model RAM [7], recog-
nizes the semantic categories in the image and generates
related tags. The open-set object detector, such as GLIP
[10] and GroundingDINO [6], reads a text prompt to
detect the objects. The text prompt can be a sentence
or a series of semantic labels. It extracts the regional
image embeddings and matches the image embedding
to the phrase of the text prompt through a grounding
scheme. The network is trained using contrastive learning
to align the image embeddings and text embeddings.
The detection results contain a bounding box and a set

of open-set label measurements. SAM [4] can precisely
segment any object with a geometric prompt. It is
trained with 11M images and evaluated in zero-shot
benchmarks. SAM demonstrates strong generalization
ability across data distribution without fine-tune. The
combined foundation models read an image and detect
objects with open-set labels and masks. We denote them
as RAM-Grounded-SAM.

The foundation models have been applied in a series
of downstream tasks without fine-tuning. Without se-
mantic prediction, SAM3D [11] projects the image-wise
segmentation from SAM to a 3D point cloud map. It
further merges the segments with geometric segments
generated from graph-based segmentation [12]. SAM is
also combined with a neural radiance field to generate a
novel view of objects [13]. On the other hand, combining
the SAM or other foundation models with semantic
mapping is still an open area.

B. Semantic Mapping

SemanticFusion [14] is a pioneer work in semantic
mapping. It trains a lightweight CNN-based semantic
segmentation network [15] on the NYUv2 dataset. Se-
manticFusion incrementally fuses the semantic labels,
ignoring the instance-level information, into each surfel
of the global volumetric map. In Bayesian fusing the
label measurement, the semantic probability is directly
provided by the object detector. Relying on a pre-trained
Mask R-CNN on the COCO dataset, Kimera [16] uses
similar methods to fuse semantic labels into a voxel map.
It clusters the nearby voxels with identical semantic
labels into instances. Kimera further constructs a scene
graph, which is a hierarchical map representation. Based
on Kimera, Hydra [2] utilizes the scene graph to detect
loops more efficiently.

On the other hand, Fusion++ [17] directly detects
semantic instances on images and fuses them into
instance-wise volumetric maps. It further demonstrates
that semantic landmarks can be used in loop detection.
Later methods use similar methods to construct semantic
instance maps but utilize the semantic landmarks in
novel methods to detect loops [1] [18].

Rather than a pure dense map such as a surfel map
or voxel map, Voxblox++ [19] first generates geometric
segments on each depth frame [20]. If the object detection
masks the complete region of an instance, it can merge
those broken segments generated from geometric seg-
mentation. Then, the merged segments with their labels
are fused into a global segment map through a data
association strategy.

The main limitation of the current semantic map-
ping methods is the lack of ability to generalize. The
supervised object detection networks are trained with
limited source data. Considering the majority of target
SLAM scenarios do not provide annotated semantic
data, object detection can not be fine-tuned on the
target distribution. To avoid the issue of generalization,



Kimera has to experiment in a synthetic dataset [16],
including some experiments that rely on ground-truth
segmentation. Lin etc. [1] sets up an environment with
sparsely distributed objects to reconstruct a semantic
map. Voxblox++ evaluates a few of the 9 semantic
classes in 10 scans. Although they propose novel semantic
SLAM methods, the semantic mapping module prevents
their methods from being used in other real-world scenes.
To enhance robustness in the distribution shift, our
method fuses the object detections from foundation
models to reconstruct the instance-aware semantic map.
We evaluate its zero-shot performance on the ScanNet
semantic instance segmentation benchmark. It involves
20 classes in the NYUv2 label-set and evaluates their
average precision(AP) in 3D space. We also show the
qualitative results in several SceneNN scans, which have
been used by the previous semantic mapping works.

III. Fuse Multi-frame Detections
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Fig. 2: System overview of FM-Fusion

A. Overview

As shown in Figure 2, FM-Fusion reads an RGB-D
sequence and reconstructs a semantic instance map. Each
semantic instance is represented as f = { L, v}, where L
is its predicted semantic class and v is its voxel grid map.
L, is predicted as a label ¢, over the NYUv2 label-set L..
At each RGB-D frame {I*, D'} at frame index ¢, RAM
generates a set of possible object tags. The valid tags
are encoded into the text prompt ¢'. GroundingDINO
generates object detections with each of the detection
2. = {vi, si, ¢' }i, where y; is the predicted open-set label,
s; is the corresponding similarity score and ¢! is the
frame-wise text prompt. For each z}, SAM generates an
object mask my.

B. Prepare the object detector

We first construct open-set labels of our interests L,.
RAM generates various tags. Many of them are not corre-
lated with the pre-defined labels £.. The labels of interest
can be selected by sampling a histogram of measured
labels for each semantic class in L.. In the ScanNet
experiment, we select 38 open-set labels to construct £,.
Only the tags belonging to £, are encoded into the ¢
and sent to GroundingDINO. GroundingDINO matches
each detected object with the tags in the text prompt.
The tags in ¢' and label measurements {y;}; in each 2},
are all from the label-set £,.

In a single image frame, RAM can miss some objects
in its generated tags due to occlusion. The missing tags
further cause GroundingDINO to detect objects incor-
rectly. It is a natural limitation of running foundation
models on a single image. To address it, we encode the
detected labels in adjacent frames into the text prompt.
The augmented text prompt ¢t = ¢t UU?, where ¢t is the
valid tags from RAM and U* is a set of measured labels in
previous adjacent frames. All the tags in ¢t and labels in
U! belong to the £,. The text prompt augmentation can
reduce the missing tags generated from a single image.
More complete tags improve the detection performance
of GroundingDINO.

C. Data association and integration

In our system, each instance maintains an individual
voxel grid map v, similar to Fusion4++ [17]. Mean-
while, the SLAM module integrates a global TSDF map
[21] separately. The advantage of separating semantic
mapping and global volumetric mapping is that false
or missed object detection can not affect the global
volumetric map. So, in each RGB-D frame, all the
observed sub-volumes are integrated into the global
TSDF map despite the detection variances.

In each detection frame, data association is conducted
between detection results and volumes of the existing
instances. Specifically, the observed instance voxels are
first queried. They can be searched by projecting the
depth image into the voxel grid map of all the instances.
If an instance is observed, its voxels are projected to the
current RGB frame. For a detection z}, and a projected
instance f;, their intersection over union (IoU) can be
calculated Q(zL,f;) = :Z’;G:j, where my, is a detection
mask and r; is the projected mask of an existed instance.
If Q(zf,f;) is larger than a threshold, the detection k is
associated with instance j.

After data association, we integrate the voxel grid
map of matched instances accordingly. Those unmatched
detections initiate new instances. An instance voxel grid
map v is integrated using the traditional voxel map
fusion method [21]. Specifically, we raycast the masked
depth of a detected object and update all of its observed
voxels.

D. Probabilistic label fusion

As shown in Figure 3, an object is observed by
GroundingDINO across frames. Each generated detec-
tion result z; = {v;,si,q¢'}; contains multiple label
measurements ¥;, the corresponding similarity score s;
and a text prompt ¢', where y; = om,0m € L,. Based
on the associated detections, we predict a probability
distribution p(L!{ = ¢,), where ¢, € L. and t is the
index of the image frame.

We follow the Bayes filter algorithm [22] to fuse open-
set label measurements and propagate them along the
image sequence. The input to the Bayesian label fusion
is detection result z}, semantic probability distribution
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Fig. 3: GroundingDINO detects a bookshelf and gener-
ates multiple open-set label measurements across frames.
Our label fusion module predicts its semantic class in
NYUv2 label-set £, from label measurements in £,.

at the last frame p(L:™!), and a uniform control input
ut. And it predicts the latest semantic probability
distribution p(L%).

Algorithm 1: Bayes Filter for Label Fusion
Input: p(LL1) Z;tg = {yi,siaqt}iE[O:J)v ut =1
Output: p(Lt)
for ¢, € L. do

Prediction:

(1)
ﬁ(Li =cp) = p(Li_l =cp) (2)

Measurement Update:

P(Ly = cn) = np(2k| Ly = cn)P(LE = cn) (3)

p(Li = cp)
= ) Py, 51, 0" |LE = en)p(L] = cn)
(4)
P(yi, si,q' Ly = cn)
= p(silyi,a's Le = en)p(yi, ¢’ | L = Cn()5)

p(yi7qt|L§ = Cn) = p(yi = Om, Jom, € qt|L§ = Cn)
(6)

end

The key part in our Bayesian label fusion module is
the likelihood function p(y;,s;,q'|Lt = ¢,), as shown
in equation (5). The score likelihood p(s;|yi,q", Lt =
¢n) is given by GroundingDINO, while label likelihood
p(yi, q'|LL = ¢,) should be statistic summarized. Since
GroundingDINO can only detect a label y; if it is given in
the text prompt, the label likelihood can be transmitted
as equation (6). Jo,, € ¢* denotes the detected label o,
exists in the text prompt ¢'.

Here, we further expand the label likelihood in equa-
tion (6) into two conditional probabilities,

p(yz = O, dopy, € qt|Li = Cn)

= p(Yi = om|Tom € q, LZ = ¢p)p(Fom € qt|Lg = cn)

(7)

ﬁ(Li = Cn) = p(Lz = CTL|L271 = Cnyut)p(L271 = Cn)

The first term is a detection likelihood while the second
term is a tagging likelihood. They can be statistically
summarized using the detection results from Ground-
ingDINO and tagging results from RAM. We follow the
equation (7) to construct a label likelihood matrix over
om € L, and ¢, € L.. In the ScanNet training set, we
sample 35,000 image frames with tagging results, detec-
tion results, and ground-truth annotation to summarize
the statistics. In the Bayesian update step in equation
(5), the label likelihood between each pair of {0, ¢, } can
be queried from the constructed label likelihood matrix.
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Fig. 4: The label likelihood matrix p(y; = 0m,Jo, €
q'|Ls = ¢,,) summarized in ScanNet is shown on the left.
Each column represents a specific true semantic class ¢,
while each row represents a measured open-set label 0,,.
On the right, it is a manually assigned likelihood matrix.

As shown in Figure 4(a), parts of the constructed
label likelihood matrix are visualized, while the complete
likelihood matrix involves the entire £, and L.. For
comparison, we construct a manually assigned label
likelihood matrix similar to Kimera. As shown in Figure
4, the statistic summarized likelihood matrix is quite
different from the manually assigned one. In the statisti-
cal label likelihood, each semantic class can be detected
by its similar open-set labels at various probabilities.
Those cells beyond the diagonal can also have likelihood
values, indicating the probability of falsely measured
labels. The summarized likelihood matrix following equa-
tion (7) describes the probability distribution of label
measurements reasonably.

In actual implementation, the multiplicative measure-
ment update in equation (3) frequently generates over-
confident probability distribution, which is also reported
in Fusion++ [17]. It causes p(L!) can be easily dom-
inated by the latest measurement z| even if previous
label measurements are all different with z.. As a result,
in the measurement update, we propagate the probability
distribution by weighted addition.

Pzl L) + (t = 1)p(LY)

p(LY) = "

(8)

Then, the predicted semantic class for each instance
at frame t is argmax., p(LL = ¢,).



Fig. 5: An example of an inconsistent instance mask
generated from SAM. In each of the three frames,
different areas of the bed are segmented.

IV. Instance refinement
A. Merge over-segmentation

Although SAM has demonstrated promising segmenta-
tion on a single image, it generates inconsistent instance
masks at changed viewpoints, as shown in Figure 5.
The inconsistent masks prevent a correct data associ-
ation between detections and observed instances. Those
mismatched detections are initialized as new instances
and cause over-segmentation, as shown in Figure 6(a).
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Fig. 6: The visualization shows instance voxel grid map
(a) before and (b) after the merge.
The inconsistent instance mask is a natural limitation

for image-based segmentation networks, including SAM
and Mask R-CNN. To address it, we utilize spatial
overlap information to merge the over-segmentation. For
a pair of instances {f,,f,} at detection frame ¢, where
f, is volumetric larger than fj, their semantic similarity
o(f,,£5) and 3D IoU Q(f,, ;) are calculated,

o(fa, ) = p(L;(a)) - (LL(D)) (9)
Vo UVy

Qfa, £) = (10)

vy

where p?(Lg(a)) is the normalized semantic distribution,
v is an instance voxel grid map and v is the inflated voxel
grid map. The voxel inflation is designed to enhance 3D
ToU for instances with sparse volume. It can be directly
generated by scaling the length of each voxel in v. If the
semantic similarity and 3D IoU are both larger than the
corresponding thresholds, f, is integrated into the voxel
grid map of f, and further cleared from the instance
map. As shown in Figure 6(b), over-segmented instances
caused by inconsistent object masks are merged.
B. Instance-geometry fusion

The instance-wise voxel grid map can contain voxel
outliers due to noisy depth images being integrated. On
the other hand, the global TSDF map is a precise 3D
geometric representation. It is because the global TSDF
map integrates all the observed volumes in each RGB-D
frame, while instance volume only integrates a masked
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Fig. 7: Illustration of the instance-geometry fusion.
Geometric points are extracted from the global map.
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RGB-D frame if the corresponding instance is correctly
detected. To filter voxel outliers, we fuse instance-wise
voxel grid map v with the point cloud P extracted from
the global TSDF map. As shown in Figure 7, those
voxels in v that are not occupied by any point in P
are outliers and have been removed. The fused voxel
grid map represents the instance volume precisely.

V. Experiment

We chose the public dataset ScanNet and SceneNN
to evaluate the semantic mapping quality. In ScanNet,
30 scans from its validation set are used. We evaluated
its semantic instance segmentation by average precision
(AP). In another experiment, we selected 5 scans from
SceneNN and evaluated the generalization ability of
our method. The SceneNN scans are also used by the
previous method [19]. In all the experiments, camera
poses are provided by the dataset.

We compared our method with Kimera and a self-
implemented Fusion++. To enable Kimera to read open-
set labels L,, we converted each label in £, to a
semantic class in NYUv2 label-set £.. The hard asso-
ciation between {L,,L.} are decided by an academic
ChatGPT Then, Kimera can reconstruct a point cloud
with semantic labels. To further generate instance-aware
point cloud, we employed the geometric segmentation
method known as ”Cluster-All” [23]. It clusters the
nearby points with identical semantic labels into an
instance. Cluster-All is applied as a post-processing step
on the reconstructed semantic map from Kimera. Notice
that Cluster-All is very similar to the post-processing
module provided by Kimera. But we use Cluster-All
for convenient implementation. Meanwhile, Fusion++ is
implemented based on our system modules. Compared
with the original Fusion++ method, the main difference
is that our implemented version does not maintain a fore-
ground probability for each voxel. Instead, we updated
the voxel’s weight and filter background voxels using
their weights. In experiments with traditional object de-
tection, we used a Mask R-CNN backbone with FPN101
image backbone. We evaluated a pre-trained Mask R-
CNN and a fine-tuned Mask R-CNN. The pre-trained
one is trained in COCO instance segmentation dataset,
while we also fine-tuned it using ScanNet dataset.

In implementation, we utilized Open3D [24] toolbox to
construct the global TSDF map and instance-wise voxel
grid map. The global TSDF map is integrated for every
RGB-D frame, while our method and all baselines run in



Method cab. bed cha. sof.

tab. door win. bkf. pic. cou. desk cur. ref.

show.toi. sink bath.oth,

M-CNN& Kimera 0.0 6.4 10.0 25.1 17.3 0.0 0.0
M-CNN& Fusion++ 0.0 27.1 3.7 147 44 0.0 0.0

00 00 0.0 0.0 00 246 0.0 104 43 0.0 0.0 5.4
00 00 00 0.0 00 239 00 46.6 20.0 0.0 0.0 7.8

M-CNN*& Kimera 27.8 55.5 18.7 0.0 0.0

M-CNN*& Fusion++ | 7.1 22.0 31.2 0.0 13.3 12.5 15.0

16.5 33.1 31.2 129 23.3 3.9 26.0 0.0 75.0 60.0 22.7 60.0 0.0 25.9
11.5 28.5 0.0 0.0 18.1 0.0 0.0 0.0

40.1 0.0 0.0 11.1

G-SAM &Kimera 32.5 21.0 16.8 54.5 21.7 26.0 31.5 45.3 21.9 87 3.9 24.8 29.6 0.0 50.0 9.4 46.2 0.0 24.7
G-SAM & Ours 4.6 46.2 49.2 39.6 37.3 19.5 12.0 50.4 44.0 3.8 8.9 15.5 66.7 82.2 100.041.5 75.0 30.7 40.3

TABLE I: Evaluate Kimera, the implemented Fusion++4, and the proposed method on ScanNet using 30 validation
scans. We report APsq at 50% IoU threshold for each semantic class. M-CNN denotes Mask R-CNN, M-CNN* is
fine-tuned Mask R-CNN, while G-SAM refers to RAM-Grounded-SAM.
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Fig. 8: The reconstructed instance map using RAM-Grounded-SAM in ScanNet scene0011, scene0435 and scene0633
(from top to bottom). The falsely predicted semantic classes in (a) and (b) are highlighted in red circles, while spatial
conflicted semantics are in yellow. All semantic maps are colored following the NYUv2 color map and instances are

colored randomly.

every 10 frames to integrate the detected instances. In
all the experiments, the RGB-D images are in 640 x 480
dimension and the voxel length is set to be 1.5 cm. The
experiment is run on an Intel-i7 computer with Nvidia
RTX-3090 GPU in an offline fashion.

A. ScanNet Evaluation

In the instance segmentation benchmark, as shown
in Table I, semantic mapping based on Mask R-CNN
can only reconstruct a few of the semantic categories.
It is because the pre-trained Mask R-CNN is trained
using COCO label-set and those new semantic classes in
NYUv2 label-set are predicted with 0 AP. Even for those
predictable semantic classes, the pre-trained Mask R-
CNN suffers from the issue of generalization and achieve
low AP5q scores. In experiment with fine-tune Mask R-
CNN, although the mean AP is improved, they still
reconstruct a few of semantic classes with 0 AP. We also
notice that Kimera performs significantly better than
the implemented Fusion++. We believe the difference

comes from their different map management methods.
Unlike Kimera ignores the instance-wise segmentation,
Fusion++ maintains instance-wise volumes and requires
data association. But the fine-tuned Mask R-CNN still
generate detections with noisy instance masks, causing
a large amount of false data association. As a result,
Fusion++ generates instances with too many over-
segmentation and maintains a low AP score.

The results demonstrated that semantic mapping
based on supervised object detection can be easily
affected by image distribution, label-set distribution and
annotation quality. On the other hand, boosted by
pre-trained foundational models RAM-Grounded-SAM,
both Kimera and our method reconstructed semantic
instances in higher quality than semantic mapping meth-
ods based on the supervised object detection.

However, simply replacing object detectors with foun-
dation models could not utilize the maximum potential
of the foundation models. Compared with Kimera us-
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Fig. 9: A visualized example at ScanNet scene0025_01. (a) A falsely predicted instance caused by manually assigned
likelihood is highlighted in a red circle, while the spatial conflicted semantic predictions are highlighted in yellow.
(b) Proposed semantic result. (c) Over-segmentation is highlighted in yellow. (d) Our refined instances.

ing RAM-Grounded-SAM, our method achieved +15.6
mAP5o. The boosted performance comes from two as-
pects. Firstly, our probabilistic label fusion predicts se-
mantic class in higher accuracy. As shown in Figure 8(a),
Kimera predicts semantics of some sub-volumes falsely.
Since Kimera updates the label measurements with a
manually assigned likelihood probability and ignores the
similarity score provided by GroundingDINO, it is easier
to be affected by false label measurements. Secondly,
Kimera ignores the instance-level segmentation and re-
constructs many over-segmented instances. Some of them
are predicted with different semantic labels, as shown in
Figure 8(a) and 8(c). However, our method is instance-
aware. Each instance volume is maintained separately.
Our instance refinement module merges over-segmented
instances caused by inconsistent instance masks at
changed viewpoints. We further fused instance volume
with a global volumetric map. Hence, our instances
volumes are spatially consistent and relative precise, as
shown in Figure 8(d).

Method | Prm. Aug. Likelihood Refine mAPs5g
A v Manual Assign v 35.9
B X statistic v 34.1
C v statistic X 23.4
Ours v statistic v 40.3

TABLE II: Ablation study of FM-Fusion. Prm. Aug.

denotes text prompt augmentation.
The rest of the ScanNet experiment focus on evalu-

ating each module of our method through an ablation
study. As shown in Table.Il, the text prompt augmenta-
tion, probabilistic label fusion with statistic summarized
likelihood, and instance refinement all improve the re-
constructed semantic instances.

A visualized example of the Ablation-A is shown in
Figure 9. As shown in Figure 9(a), Ablation-A predicts
an instance falsely, similar to Kimera. It also predicts
overlapped instances with over-confident semantic prob-
ability distributions. They can not be merged during
refinement due to their low semantic similarity. So, the
over-segmented instances can not be merged, as shown
in Figure 9(c). On the other hand, our method pre-
dicts the corresponding semantic classes correctly. The
over-segmented instances are predicted with a similar
semantic probability distribution and have been merged
successfully, as shown in Figure 9(b) and 9(d).

To sum up, simply replacing traditional object detec-
tors with RAM-Grounded-SAM to construct the seman-
tic map improves the semantic mapping performance
significantly. However, false label measurements, incon-
sistent instance masks, and missed tags in the text
prompt still exist in foundation models. They limit
the performance of semantic mapping. We consider
those limitations of foundation models. Compared with
Kimera using RAM-Grounded-SAM, our method further
improves mAP5o by +15.6.

B. SceneNN evaluation

In the SceneNN experiment, we kept using the label
likelihood matrix P(y; = om,30m € ¢'|Ls = cp)
summarized in ScanNet and compare it with Kimera.

As shown in FigurelO, Kimera reconstructed some
instances with false labels and over-segmentation, similar
to its recomnstruction in ScanNet. On the other hand,
our semantic prediction is more accurate and signifi-
cantly less over-segmentation. The quantitative results
can be found in Table III. Although our statistical
label likelihood is summarized using ScanNet data, we
have not observed a domain gap in implementing it in
SceneNN. One of the reasons is that foundation models
preserve strong generalization ability. RAM-Grounded-
SAM maintains a similar label likelihood matrix across
the image distribution. For example, a door is frequently
detected as a cabinet in both ScanNet and SceneNN
datasets, which are highlighted in red in Figure9(a) and
FigurelO(a). Hence, our statistical label likelihood can
be used across domains.

096 206 223 231 255 All

Kimera | 52.0 29.9 286 34.0 375 411
Ours 63.1 69.7 375 388 25.0 49.7

TABLE III: SceneNN Quantitative results (mAPgs).
C. Efficiency

Base Scaling

Foundation RAM 28.5 ms i
Models GroundingDINO 120.7 ms -
SAM 464.4 ms -

Projection 307ms 63.4 ms/obj

FM-Fusion Data Assoc. 47.1ms 9.7 ms/obj

Integration 71.9ms 14.9 ms/obj
Total 1039.6 ms -

TABLE IV: Runtime analysis for each frame in ScanNet.
So far, the system run offline. As shown in Table. IV,
the total time for each frame is 1039.6 ms. Although



(a) Kimera Semantic
Fig. 10: Reconstructions in SceneNN 096. False semantic and over-segmented instances are highlighted in red circles.

(b) Our Semantic

it is not a real-time system yet, many modules can be
optimized in the future. SAM-related variants have been
published to generate instance masks faster [25]. In FM-
Fusion, a few modules are implemented with Python, the
efficiency can be further improved by deploying it with

C++. That would be one of our future works.
VI. Conclusion
In this work, we explored how to boost instance-aware

semantic mapping with zero-shot foundation models.
With foundation models, objects are detected in open-
set semantic labels at various probabilities. The object
masks generated at changed viewpoints are inconsistent
and cause over-segmentation. The current semantic map-
ping methods have not considered such challenges. On
the other hand, our method uses a Bayesian label fusion
module with statistic summarized likelihood and refines
the instance volumes simultaneously. Compared with the
baselines, our method performs significantly better in

ScanNet and SceneNN benchmarks.
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