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Abstract— Semantic 3D mapping, the process of fusing depth
and image segmentation information between multiple views
to build 3D maps annotated with object classes in real-
time, is a recent topic of interest. This paper highlights the
fusion overconfidence problem, in which conventional mapping
methods assign high confidence to the entire map even when
they are incorrect, leading to miscalibrated outputs. Several
methods to improve uncertainty calibration at different stages
in the fusion pipeline are presented and compared on the
ScanNet dataset. We show that the most widely used Bayesian
fusion strategy is among the worst calibrated, and propose a
learned pipeline that combines fusion and calibration, GLFS,
which achieves simultaneously higher accuracy and 3D map
calibration while retaining real-time capability and adding only
525 learned parameters to the pipeline. We further illustrate
the importance of map calibration on a downstream task by
showing that incorporating proper semantic fusion to an indoor
object search agent improves its success rates.

I. INTRODUCTION

Semantic segmentation models output a distribution over
a set of classes for each element in the scene, and the
probability of the most likely class is called the model’s
confidence. The field of confidence calibration measures
and aims to reduce the disparity between a model’s confi-
dence and its actual measured performance and has been
widely studied in 2D vision tasks [1, 15, 27, 31, 60].
Calibrated uncertainty estimates can be crucial to decision
making in many fields, such as autonomous driving [23,
42] and medical imaging [31, 33, 47], as it allows for more
cautious action under uncertain conditions, improving safety
and reliability. Semantic 3D mapping is an active research
topic that seeks methods to build 3D maps in real-time while
also leveraging image segmentation models from computer
vision to label objects in the scene [30], and has numerous
applications in robotics. However, the problem of confidence
calibration in semantic 3D maps has yet to be addressed.

In this paper, we articulate a general overconfidence
problem in semantic fusion calibration in which the semantic
estimates in the 3D map develop significant overconfidence
(Fig. 1). We highlight the unintuitive result that map overcon-
fidence is not mitigated by the use of well-calibrated image
segmentation, and is instead a result of the fusion strategy.
Possible causes of this phenomenon include independence
assumptions used in the fusion strategy, sensitivity to outliers,
and viewpoint distribution biases. Moreover, we show the
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Fig. 1: The problem of fusion overconfidence: standard Recursive
Bayesian semantic fusion [30] produces overconfident 3D semantic
maps with low uncertainty (bottom) in error regions even when the
2D semantic segmentation images are well-calibrated (with uncertainty
correlating to errors, see top). [Best viewed in color.]

most widely used fusion strategy, Recursive Bayesian Update
(RBU) [30], to be especially susceptible to overconfidence.

We identify several approaches to mitigate these prob-
lems and show that adopting alternative fusion strategies,
like Naı̈ve Averaging [29], tend to improve calibration. We
introduce a method for calibrating the image segmentation
model via Temperature / Vector Scaling [15] to directly
optimize the calibration of final fused maps. Moreover,
we present Generalized Learned Fusion Strategy (GLFS),
an end-to-end trainable framework that learns logit Vector
Scaling, sample weighing, and fusion method in a unified
fashion, while remaining real-time capable. Experiments
on the ScanNet dataset show that these strategies improve
map calibration without degrading accuracy. Finally, we
show the utility of better calibrated maps in a robotics
application. In an object-goal-navigation task [6], better
calibrated maps lead to performance improvements as the
agent can better handle overconfident segmentation model
outputs through leveraging diverse object viewpoints for
reliable detection. Software for all methods and experi-
ments is publicly available at https://github.com/ joaomcm/
Semantic-3D-Mapping-Uncertainty-Calibration.

II. RELATED WORK
Semantic mapping aims to create a labelled 3D map

of the environment from a sequence of RGB-D images
or depth readings. Individual frames are given to semantic
segmentation models to produce pixel labels that are fused
into estimates for each map element. Methods vary in their
choice of map representation, such as voxels [2, 21, 29,
44, 46], surfels [30, 48], points [19, 51], Neural Radiance
Fields [26] or sparse Gaussian Processes [61], and some
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methods identify objects as sub-elements of the map [14, 48,
51]. The overconfidence problem generally exists across map
representations. Methods also vary in the choice of SLAM
back-end, semantic segmentation model, and fusion strategy.
Existing fusion strategies include Recursive Bayesian Update
(RBU) [2, 5, 21, 30, 32, 35, 44, 46], histogram/weighed
average-based strategies [6, 14, 29, 49, 52] and learning-
based aggregation [13, 26, 53, 61]. Although most past work
focuses on reconstruction accuracy or efficiency, overconfi-
dence has also been noted [29, 32]. It has been addressed via
assorted methods such as using averaging fusion [29] and
sample weighing via epistemic uncertainty from Bayesian
neural networks [32], but a systematic study of semantic map
calibration, as we do here, has not yet been done.

Calibration is an important topic in deep learning due to
observed model overconfidence using standard training meth-
ods [15, 25, 55]. Model calibration is most often assessed
using reliability diagrams [37], which relates a model’s con-
fidence to the likelihood that it is correct. The most widely
used metric is Expected Calibration Error (ECE) [15, 34],
and a variety of post-hoc calibration methods have been used
to recalibrate models including Temperature and Vector Scal-
ing [15] and Platt scaling [43], with many more extensions
aimed at better calibrating multi-class predictors [16, 24] or
Detectors [27]. The literature has also identified many issues
with ECE, in particular for multi-class classification [16, 39],
like class frequency dependence, sensitivity to bin number,
and non-differentiability [4]. Calibration has not yet been
applied to semantic fusion because the “model” in this case is
the output of a large set of image segmentation model outputs
fused into a segmentation of a 3D map element (voxel). This
paper proposes to measure and optimize the calibration of an
entire semantic fusion pipeline, which requires simultaneous
optimization across all views and voxels.

Maps with calibrated uncertainty are helpful in several
applications. Past work has used semantic uncertainty as
an objective for next-best-view problems for improved se-
mantic reconstruction [12] or as information gain objectives
for active map exploration [2]. We apply this to object
goal navigation (ObjectNav), where an agent, placed in an
unknown environment, navigates to a specific object (e.g.,
”chair”) using posed RGB-D observations [3]. We show that
improved calibration in semantic fusion increases the success
rates of a recent ObjectNav agent [58] while using the same
base segmentation model for semantics.

III. BACKGROUND
We begin with a brief summary of semantic 3D mapping,

focusing on voxel representations [8, 10, 38]. Each entity in
the voxel grid encodes geometry [38] (such as occupancy or
signed distance field), appearance (e.g., colors), and semantic
or instance labels [17, 54] (in the form of a categorical
probability vector). Given a series of sensor observations, the
fusion procedure aggregates the information from different
viewpoints over time into each voxel.

The mapping algorithm (fusion) takes as input a series
of RGB-D images and poses It = {(Ct,Dt,Tt)}t=1,...,T ,

where Ct ∈ RH×W×3 is the RGB color, Dt ∈ RH×W is
the depth and Tt ∈ SE(3) is the pose generated by SLAM.
The output of the metric reconstruction is a voxel grid
V = {vi = (δi, wi,γi)}i=1,...N that encodes the geometry
of 3D space. Each voxel vi represents geometry attributes at
a 3D location and contains three values: a signed distance to
the nearest surface δi, a weight wi used for averaging, and,
optionally, a color tuple γi.

At every time t, we perform metric reconstruction fol-
lowing the procedure described in Nießner et al. [38] and
obtain the reconstructed surface mesh using the marching
cubes algorithm [28].

A. Semantic Fusion

Given the geometric representation, semantic fusion ad-
ditionally assigns a semantic label li to each voxel vi. To
achieve this, semantic information is extracted from 2D
image observations across viewpoints and integrated over
visible voxels. A class probability vector si ∈ RK is associ-
ated with the voxel vi where the k-th element represents the
probability that the voxel belongs to the semantic category
k: sik = P (li = k|I1,...,T ), ensuring

∑
k sik = 1. Each

incoming image It is segmented to generate a semantic map
St ∈ RW×H×K . Then, for each voxel vi visible on frame t,
we project it into image coordinates and query its semantic
class vector stik (accounting for visibility). This value is
designated as the likelihood probability: P (li = k|It) = sti.
We wish to model the posterior of the voxel label given these
observations: P (li = k|I1,...,T ).

McCormac et al. [30] proposed the Recursive Bayesian
Update (RBU) formula, which assumes independence be-
tween observations and approximates the posterior through
Bayes’s Rule as:

si = P (li|I1,...,T ) ∝ P (li)
∏

t∈Fi

sti, (1)

P (li) representing a prior distribution and Fi the set of
frames in which vi is observed. Multiplication is performed
element-wise. Assuming a uniform prior, si = 1

Z

∏
t s

t
i,

where Z normalizes si into a valid probability vector. This
approximation can be recursively estimated via si ← 1

Z sis
t
i.

In practice, this update is done in log space after a Laplace
smoothing of sti for numerical stability. Although other fu-
sion methods exist (Sec. V-A), RBU remains the most widely
used thanks to its simplicity and probabilistic interpretation.

B. Measuring Map Calibration

We now discuss and present a few ways to measure
3D mapping miscalibration. Let the ground truth label of
a voxel vi be l∗i , and its estimated posterior of belonging
to class k, sik. Let πi denote the top-1 label of voxel vi,
πi = argmaxk(sik), and hi denote its predicted confidence,
hi = maxk(sik). Further, let there be N total labelled voxels.

The most widely used metric is Expected Calibration
Error (ECE) [15, 34]. Partition the interval [0,1] in O
uniformly-spaced bins Bb and match each sample to a bin
by its h(vi) value. Define bin confidence as the mean
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Fig. 2: Illustrating potential causes of fusion overconfidence. [Best viewed in color.]

value of the model’s confidence for samples within the bin
Conf(Bb) =

∑
hi∈Bb

hi

|Bb| and define the mean bin accuracy

Acc(Bb) =
∑

hi∈Bb
1[πi=l∗i ]

|Bb| . The ECE is then the weighted
difference between bin accuracy and confidence, ECE =∑O

b=1
|Bb|
N |∆(Bb)| where ∆(·) = Acc(·)− Conf(·).

ECE is ill-suited for evaluating multi-class calibration
since it is skewed by performance on common classes [16,
39], and in 3D mapping, classes may have orders of magni-
tude more voxels than others. Many alternatives have been
proposed to address these flaws [16, 24, 39]. Top-Label
ECE (TL-ECE) [16] performs binning conditioned on the
predicted classes. It associates a sample with bin Bbk if
h(vi) ∈ Bb and πi = k, and calculates a bin-weighted error:

TL-ECE =

O∑

b=1

K∑

k=1

|Bbk|
N
|∆(Bbk)| (2)

However, this metric is still heavily influenced by class
frequency, since it weighs contributions to the metric by
|Bbk|
N . We provide in this paper an alternative measure

of calibration, which is agnostic to class frequency, mean
Expected Calibration Error (mECE). Similarly to Class-
Conditional ECE [24], it is obtained by calculating a class-
conditional ECE for every class, but unlike Kull et al.
[24], that bin predictions based on h(vi) and πi, we bin
predictions based on h(vi) and the ground truth class,
l∗, and take the average value across classes. This avoids
the calibration failure case of a predictor obtaining perfect
calibration by always predicting the most common class with
the confidence given by its frequency. Thus, binning Bbk∗ is
conditioned on l∗ = k, and mECE is defined as:

mECE =
1

K

K∑

k∗=1

O∑

b=1

|Bbk∗ |
∑O

b=1 |Bbk∗ |
|∆(Bbk∗)|, (3)

retaining the notion of ∆(·) from before.
We argue that this metric better captures the overall

behavior of the 3D calibration model across all relevant
classes, since it weights classes equally, i.e., miscalibration of
a class’ bins is scaled relative to their own class’s frequency.
The high-level difference between mECE and TL-ECE is
analogous to the difference between mIoU and f-mIoU - i.e.
mECE avoids drowning out minority classes.

IV. THE FUSION OVERCONFIDENCE PROBLEM
Accuracy and calibration are the two principal desiderata

for semantic 3D mapping. If we cannot guarantee 100%

accuracy, we at least expect our predictions to be well-
calibrated. For instance, if we predict that a voxel is a sofa
with a 60% probability, denoted as sik = 0.60, then this
prediction should be correct about 60% of the time. If a
model consistently gives confidence scores that exceed its
actual performance, it is deemed overconfident. Such over-
confidence is often observed in 2D image-based perception
tasks, and various uncertainty calibration strategies have been
employed to address it [16, 24, 27].

However, calibration in 3D semantic mapping remains
unaddressed. As briefly noted by prior work [29], The Recur-
sive Bayesian Update [30] in Eq. 1 tends to produce highly
overconfident 3D semantic maps. We further illustrate this
phenomenon in Fig. 1. Note that despite the fact that the 2D
semantic cues exhibit only mild miscalibration, the resulting
fused map using RBU displays severe overconfidence, or
worse disparity between accuracy and confidence.

Fusion overconfidence can have a few different causes,
some of which are illustrated in Figure 2:
Uncalibrated 2D Segmentation: Many image-based seman-
tic segmentation models are poorly calibrated [27]. In par-
ticular, models trained with cross-entropy loss often demon-
strate overconfident behavior [15]. Integrating overconfident
estimates with RBU will result in an overconfident 3D
prediction due to its sensitivity to outliers.
Incorrect Independence Assumption: RBU assumes that
observation likelihoods are independent, overlooking depen-
dencies across views and 2D model biases. These biases exist
in 2D deep models due to a variety of reasons, such as dataset
collection biases [27], leading to a “double-counting” effect
(Figure 2a). For instance, if a calibrated model consistently
predicted s = (0.49, 0.51) across 50 neighboring viewpoints,
RBU would predict class 2 with 88% confidence, even
though each observation contributes little evidence overall.
Sensitivity to Outliers: As pointed by Morilla-Cabello et
al. [32], a single overconfident input can drastically change
the RBU posterior, as in Figure 2b. Laplace Smoothing of
semantic likelihoods mitigates but does not fully solve this.
Viewpoint Coverage Dependence - Most data collection
in the real world cannot guarantee a well-covered, uniform
sampling of viewpoints. This inevitably results in a lack of
dense coverage, e.g., one might only see the sofa from a
certain angle. If deep models are sensitive to viewpoints [27],
as in Figure 2c, this can lead to confident errors.
Non-Uniform Viewpoint Density - Similarly, if the camera
trajectory lingers longer in one region than another, as shown



TABLE I: Quantitative Analysis of Logit Scaling: 2D calibration is
insufficient to produce well-calibrated 3D semantic maps.

Model Calibration Pixel mECE ↓ Voxel mECE↓

Segformer
None 0.124 0.451
2D Temperature 0.114 0.450
3D Temperature 0.546 0.176

ESANet
None 0.187 0.292
2D Temperature 0.159 0.294
3D Temperature 0.656 0.177

in Figure 2c, positional biases in the model can steer it
towards overconfidence, despite good pose diversity.
Metric Mapping Errors - Errors in geometric map recon-
struction, whether from depth sensing errors or uncertainties
in metric reconstruction, can result in spurious 2D-3D asso-
ciations, leading to overconfident or inconsitent predictions.

Notably, 2D overconfidence is only a small contributor
to fusion overconfidence. We calibrate two semantic seg-
mentation models: Segformer [54] and ESANET [50] with
Temperature Scaling on 21 scenes from ScanNet [9]. We
then reconstruct another set of 100 scenes using RBU fusion
for both uncalibrated and calibrated models. Table I shows
the mECE of the RGBD image pixels and the mECE of the
voxels of the fused map. Traditional 2D calibration improves
pixel mECE but voxel mECE is barely changed. In contrast,
we will introduce a 3D temperature scaling method for
calibrating voxel mECE directly, leading to maps that are
much better calibrated. Surprisingly, segmentation models
that are calibrated to yield better calibrated maps can be
quite uncalibrated at the pixel level!

V. METHODS
We identify and discuss three classes of approaches to

address fusion overconfidence in the context of real-time
semantic mapping: alternative fusion strategies, down-
weighting or filtering samples and calibrating the se-
mantic segmentation model. Finally, we also present a
generalized method that simultaneously learns the fusion,
weighting, and image segmentation calibration to optimize
3D calibration metrics without harming model accuracy.

A. Other Fusion Strategies
Alternative fusion strategies have been proposed to address

some of the limitations of RBU. The Histogram fusion
approach considers each image label as a “semantic vote”
in favor of a class. The element probability is then given by:

si ∝
1

T

T∑

t=1

1[k = argmax sti] (4)

(For brevity, treat the voxel as being visible at all t =
1, . . . , T ). This strategy is widely used in ObjectNav [7, 45],
panoptic segmentation [14] and outdoor reconstruction [52].

The Naı̈ve Averaging idea treats the image segmentation
likelihoods as fractional votes for each class [29, 49, 52]:

si ∝
1

T

T∑

t=1

sti (5)

Both histogram voting and averaging voting integrate the
semantic logits additively, which compromises their prob-
abilistic interpretation. However, they are less sensitive to
overconfident prediction outliers.

A final alternative we consider is the Geometric Mean of
likelihoods, as a logical extension of Naı̈ve Averaging

si ∝
(

T∏

t=1

sti

) 1
T

, (6)

which is also performed in log space after Laplace smoothing
of sti for numeric stability. The geometric mean has the
advantage of being less sensitive to outliers and is less prone
to ”double-counting” compared to RBU.

Other alternatives exist, like max-fusion [59] and deep
learned fusion [53, 57], but are likely to be more susceptible
to outliers [59] or not real-time capable [53, 57].

B. Sample Weighting
Since semantic segmentation models and depth sensors

can exhibit distance and pose related biases [27], one might
not wish to give all observations equal weights in fusion [8].
As such, each of the integration strategies above can be
modified to use weights to capture some degree of confidence
in each pixel’s contribution to the 3D element in dimensions
orthogonal to the image segmentation confidence. For exam-
ple, Curless and Levoy [8] propose to weigh samples based
on the estimated normal and distance to the camera, Küppers
et al. [27] proposes image-position-based calibration of un-
certainties, and Qiu et al. [44] propose a quadratic sample
weight based on voxel distance to camera to reflect a
”segmentation distance sweet-spot”. Recent work proposes
to weigh samples based on estimated epistemic uncertainty
using Monte-Carlo dropout on segmentation networks [32],
which is ill-suited for real-time applications.

C. Calibrating Image Segmentation via Logit Scaling
The final category of approaches we consider is to cali-

brate the confidence in image segmentation likelihoods sti.
In this paper, we consider two baseline calibration methods,
Temperature and Vector Scaling, known to work well in 2D
semantic tasks [15]. Let the image semantic likelihoods be
St = σSM (λt), where λt are the segmentation model logits
and σSM is the softmax function. Define a temperature pa-
rameter τ and a calibrated likelihood as St(τ) = σSM

(
λt

τ

)
.

Given a calibration metric Ω such as mECE, 2D temperature
scaling minimizes calibration error of all images over τ :

τ = argmin
τ

Ω
(
{St

u,v(τ) ∀u, v, t}
)
. (7)

Vector scaling uses a per-class scaling vector τ ∈
RK and scales the logits classwise as St

uv(τ) =

σSM

({
λt
u,v,k

τk
∀k = 1, . . . ,K

})
.

This paper introduces a new concept of 3D Temperature /
Vector scaling. The calibration metric is no longer assessed
over images but rather over the fused voxels of the map.
For each voxel vi, its estimated posterior is a function of τ ,
si(τ) = Fusion(s1i (τ), . . . , s

T
i (τ)), where Fusion(. . .) is

any of the described methods in Section V-A. This can then
similarly be optimized in vector and temperature variants:

τ = argmin
τ

Ω({si(τ) ∀vi ∈ V}) (8)

Logit scaling is usually performed with multiple image
sequences, seeking to minimize the mean calibration error.



D. Generalized Learned Fusion Strategy (GLFS)

Finding the optimal mix of fusion, sampling, and logit
scaling strategies is cumbersome. We address this challenge
by introducing a generalized learned fusion strategy, GLFS.
The key idea is to use differentiable gating variables to switch
between various integration strategies and to make both the
temperature and sample weighting learnable as in Eq. 9

si ∝ G e(Σtα(wt
i ln(s

t
i(τ)))) + (1−G)Σtα

(
wt

is
t
i(τ)

)
(9)

where α =
(

(1−ϵ)
Σtwt

i
+ ϵ
)

is a gating variable that interpolates
between RBU and Geometric Mean, while G is a gating
variable that balances between the arithmetic mean and the
geometric mean for integration. wt

i weighs the importance
of each pixel contributing to the final voxel semantics and τ
represents the logit scaling vector.

This unified procedure generalizes to all the listed fu-
sion strategies and incorporates logit adjustments via vector
scaling and pose-dependence adjustments through learned
sample weighting. When τ = 1 and wt

i = 1 ∀i, t, it
reduces to RBU, Geometric Mean, and Naı̈ve Averaging
when (G, ϵ) = (1, 1), (1, 0), (0, 0), respectively. Similarly,
it reduces to histogram fusion when |τ | → 0 and (G, ϵ) =
(0, 0). Thus, this model is capable of capturing the behavior
of all fusion strategies we have detailed.

To account for pose biases in segmentation models, wt
i

comes from a learned look-up-table, M , which takes as
entries πt

i (i.e, the post-scaling predicted class of the pixel
associated with this voxel at this time), dti, the distance from
this voxel to the camera, and αi

t, the incidence angle between
the camera ray and the current estimate of the surface normal
at that voxel, hopefully capturing the effects of the weighing
heuristics through learning. We define θ = (τ,G, ϵ,M), and
the calibration error is defined as mECE({si(θ)∀i}).

However, mECE is not directly end-to-end trainable be-
cause it is not differentiable, so we use a differentiable
analogue, DECE [4], for which we can also define its mECE
equivalent, which we call mDECE. Our overall loss function
balances calibration with accuracy:

L = η mDECE(si(θ), l
∗
i ) + NLL(si(θ), li

∗) (10)
where η scales the calibration term relative to the accuracy
term (Negative Log Likelihood). This loss simultaneously
promotes uncertainty calibration while minimizing the com-
promise in prediction accuracy. The calibration model param-
eters are then learned through backpropagation with PyTorch
[41], leveraging voxel caching for efficiency.

VI. EXPERIMENTS

A. Segmentation Models and Datasets

To evaluate the effect of different strategies on 3D fusion
calibration, we perform reconstruction experiments on the
ScanNet Dataset [9] using two different semantic segmen-
tation models: Segformer [54] and ESANet [50]. These are
representative segmentation networks for RGB and RGB-D,
respectively. Moreover, they utilize two differing backbone
architectures: Vision Transformers [11] and Convolutional
Neural Networks, [18]. to help us evaluate the generality of

the various calibration strategies. Segformer was pretrained
on the ADE-20K dataset using the b4 backbone [20] and
ESANet was pretrained on the NYU v2 dataset [36]. Both
models were then finetuned on ScanNet’s 20 classes on a
subset of every 30-th frame of the train split recordings of the
ScanNet dataset, with their classification head trained from
scratch. We implement mapping strategies using Open3D’s
real-time GPU-based dense SLAM implementation [10].

We divided the scans from the ScanNet V2 validation set
into calibration training (79 scans), calibration validation (21
scans), and calibration testing (100 scans). Since there are
multiple scans for the same scene, we make sure there is no
scene overlap between testing and validation/training sets.

B. Mapping Calibration Experiments
We compare the calibration and accuracy of the fusion

strategies and 3D calibration methods described in Sec. III.
Bayesian optimization [40] is used for temperature and

vector scaling, using the mECE metric and Upper Confidence
Bound (UCB) acquisition function with β = 1, the Mattern
2.5 kernel and 1000 maximum samples. The models were ini-
tialized with a sweep of 50 temperatures in log space between
the maximum and minimum temperatures for temperature
calibration (0.01, 200). Then, we narrowed the search for
the vector scaling parameters to be closer to the optimal
temperature scaling parameter, allowing temperatures to be
within a 50% difference of each optimized value. A similar
log-scale diagonal sweep is performed as initialization for
the vector parameters - as well as 30 random samples.

Results are reported on the calibration test split using
ground-truth poses. Figure 3 plots calibration (mECE, TL-
ECE, and Brier Scores) vs accuracy (mIoU). We observe a
clear tradeoff between accuracy and calibration. Temperature
scaling tends to somewhat improve calibration with minimal
degradation in accuracy, but vector scaling is often highly
detrimental to accuracy for sometimes modest calibration
improvements. Averaging-based fusion is generally a strong
performer. Our learned model typically exceeds other meth-
ods in either accuracy or calibration, improving calibration
without degrading accuracy, as intended. We also found
that the ESANet model proved harder to calibrate. GLFS
parameter optimization was achieved in under 30 hours on
an NVidia RTX A40 needing less than 15 GB of VRAM and
GLFS reconstruction was at most 15% slower than baseline
reconstruction algorithms due to normal estimation overhead.

Qualitative results comparing RBU to our learned method
are shown in Fig. 4. The error-uncertainty disparity for RBU
is high, demonstrating severe overconfidence. In contrast,
GLFS is less confident in its mistakes, improving mECE.
C. Object Goal Navigation Experiments

We integrate our semantic fusion pipelines with a recent
modular Object Goal Navigation agent, PEANUT [58]. We
use our live metric-semantic reconstruction pipeline to gener-
ate a 3D semantic point cloud with different fusion strategies,
which is then projected into the 2D plane and overlaid over
PEANUT’s obstacle and exploration map. During the pro-
jection, points get binned based on their ground coordinates
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and on πi for each point. Then, the average of the point
confidence predictions within that (x, y, l) bin represents the
confidence of the class l being in (x, y) on the 2D map. This
semantically fused map is fed to PEANUT’s goal prediction
network without finetuning it to the new distribution of
semantic maps due to time constraints. Besides the semantic
fusion, the only major difference between our version and
PEANUT is that we perform detection by thresholding the
fused 2D semantic map, i.e., on the projected si, while
PEANUT’s detection of an object is performed by thresh-
olding an image-level confidence through a Mask-RCNN
model [17]. Finally, we apply connected component analysis
to the goal map, retaining only the largest goal connected
component to account for voxel misprojections. We finetune
a Segformer [54] model on a set of training images from
random exploration on HM3D v0.1 [56] as our agent’s
semantic segmentation. We evaluate the performance of the
agent under 3 different conditions: On vanilla PEANUT, by
thresholding Segformer’s semantic mask in image space, and
on our semantically fused implementation with both RBU
(Fusion-RBU) and Naı̈ve Averaging (Fusion-NA) fusion. For
each mixed model, we tune PEANUT’s hyperparameters,
like collision radius and semantic detection threshold, on the
first 500 validation episodes of the 2022 Habitat ObjectNav
challenge, and evaluate it on episodes 500-999 of the same
challenge. ObjectNav metrics [3] of these agents and a
ground truth segmentation ablation, presented in Table II,
show that the empirically better calibrated 3D Naı̈ve Aver-
aging fusion can result in higher agent success rates when

TABLE II: Object goal navigation performance on HM3D-val for various
variations of PEANUT and (standard error of the mean). The calibration
strategies studied in this paper generally improve performance.

Map Type Segmentation SPL ↑ Success Rate ↑ SSPL ↑ DTG ↓
NDF [6] GT 0.384 (0.0132) 0.724 (0.0200) 0.401 (0.0123) 2.876 (0.2534)
NDF [6] Segformer 0.295 (0.0130) 0.596 (0.0220) 0.328 (0.0121) 3.764 (0.2639)
Fusion-NA Segformer 0.312 (0.0132) 0.604 (0.0219) 0.347 (0.0120) 3.576 (0.2589)
Fusion-RBU Segformer 0.314 (0.0134) 0.596 (0.0220) 0.351 (0.0123) 3.549 (0.2595)

compared to Chaplot et al. [7]’s Neural Deterministic Fusion
(NDF) or the overconfident RBU, at the expense of requiring
more evidence to detect target objects, resulting in slightly
worse SPL.

VII. CONCLUSIONS AND FUTURE WORK
We introduce the problem of semantic calibration in real-

time capable metric-semantic mapping pipelines and show
that better calibration can be achieved through an end-to-
end unified approach to semantic fusion, GLFS, without
sacrificing segmentation performance. We also show that
better semantic fusion improves the performance of modular
ObjectNav agents when using the same semantic segmenta-
tion model by providing robustness to outlying predictions.

Three avenues are considered for future work: First, we
want to quantify the effects of other calibration strategies
like position-dependent calibration [27] and Dirichlet cal-
ibration [24] on 3D semantic map calibration, and novel
3D specific calibration procedures. Second, we wish to
investigate how ObjectNav agents can better leverage 3D
semantic uncertainty to guide their exploration [2] and how
that would affect their performance. Finally, we would like
to study the quantification and improvement of uncertainty
in open-set metric-semantic maps [12, 22].
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