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Abstract— Many indoor workspaces such as warehouses, lab-
oratories, and retail spaces are quasi-static: their global geomet-
ric layout remains permanent, but local semantics change con-
tinually. These spaces often have repetitive geometry, dynamic
clutter, and perceptual noise that makes standard vision-based
localization brittle. We present Distributional Semantic Monte
Carlo Localization (DS-MCL), a particle filter for robust global
localization that treats scene semantics as statistical evidence
over object categories rather than fixed-quantity landmarks. DS-
MCL fuses a geometric depth likelihood with a category-centric
semantic similarity, utilizing a precomputed bank of semantic
viewpoints to perform inverse semantic proposals for fast, tar-
geted hypothesis generation on low-cost hardware. We evaluate
DS-MCL across two environments. In a rigorously controlled
quasi-static environment, DS-MCL achieves a 97% global local-
ization success rate, heavily outperforming geometric and fixed-
semantic baselines. Furthermore, in a 3,500 sq. ft. operational
retail store, leveraging an open-vocabulary vision pipeline, DS-
MCL significantly outperforms fixed-quantity baselines (62% vs
42% success). By modeling semantics distributionally, DS-MCL
resolves geometric aliasing and provides an infrastructure-free
building block for reliable autonomy in dynamic real-world
environments.

I. INTRODUCTION

Many real-world indoor environments are quasi-static:
their global geometric layout (e.g., walls, structural shelving)
remains permanent over long time horizons, but their local
semantic contents change continually. In these settings, tra-
ditional geometry-based particle filters like Adaptive Monte
Carlo Localization (AMCL) [1] suffer from severe perceptual
aliasing due to visually repetitive geometry. Furthermore, dy-
namic clutter and noisy observations routinely violate static
map assumptions, leading to rapid particle impoverishment
[2]. Consequently, robust, start-anytime global localization
in these GPS-denied environments remains a critical open
problem for reliable robot autonomy.

To address these challenges, we present Distributional
Semantic Monte Carlo Localization (DS-MCL, Fig. 1), a
semantic particle filter tailored for robust global localization.
Unlike prior explicit semantic approaches that treat detected
objects as discrete landmarks with fixed quantities [3]–[6],
DS-MCL models semantic features as probabilistic distri-
butions over object counts and spatial arrangements. This
representation captures the intrinsic variability of real-world
environments, preserving the statistical structure necessary
for stable observation-driven localization even as local object
configurations continuously fluctuate.
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Fig. 1. An overview of DS-MCL in a quasi-static environment. Tradi-
tional depth-based observation models struggle with geometric aliasing in
repetitive aisles (B). DS-MCL introduces an inverse semantic model that
injects targeted particles based on probabilistic semantic cues (C), breaking
the aliasing and enabling robust global localization.

Our core technical contributions are twofold:
• A semantic mapping and observation design that en-

codes object collections as statistical distributions over
counts and arrangement, providing inherent robustness
to semantic perturbations and geometric ambiguity.

• A real-time, inverse observation model-based particle
filter that leverages this representation on low-cost,
vision-based hardware to efficiently propose and evalu-
ate high-quality global pose hypotheses.

II. RELATED WORK

A. Vision and Semantics-Based Localization

Particle filter-based localization methods such as Monte
Carlo Localization (MCL) and its adaptive variant AMCL
[1] remain standard for onboard robot localization due to
their scalability and integration with modern navigation
frameworks [7]. However, their reliance on static geometric
maps and depth data makes them brittle in quasi-static
environments where geometry is repetitive or transient.

This limitation has driven research toward semantic lo-
calization [8]. Earlier work augments geometric maps with
explicit, object- or region-level labels that serve as long-
term landmarks for place recognition and drift reduction [4]–
[6]. Text-based cues have also proven effective as distinctive
features in structured indoor spaces [3]. More recent efforts
adopt implicit semantic representations, encoding spatial and
semantic structure jointly in learned neural fields [9]. How-
ever, these methods often assume stable semantic identities



Fig. 2. The semantic map overlaid on the occupancy grid. Each voxel stores
a distribution over object class counts. Ray casting on this layer yields the
expected semantic vector comprising class counts, distances, and angles.
Left: Controlled Environment, Right: Operational Retail Store.

and fixed counts, assumptions that rarely hold in quasi-static
domains where objects are moved, occluded, or replaced.

Recent deep visual localization methods [10], [11] demon-
strate impressive accuracy but require server-grade compute,
precluding real-time use on wearable edge devices. Fur-
thermore, while modern visual SLAM [12] excels at local
tracking, it typically requires extensive exploration to achieve
global localization against a prior map, limiting instanta-
neous recovery. In contrast, DS-MCL treats environment
contents as statistical, count-based semantic distributions,
directly addressing quasi-static dynamics while remaining
lightweight enough for compute-constrained platforms.

III. OUR APPROACH

DS-MCL builds on the particle filter framework, augment-
ing standard depth likelihoods with a probabilistic semantic
observation model. The joint observation model factors ge-
ometric and semantic likelihoods as:

p(zt | xt ,m) = η pd(zd
t | xt ,md) ps(zs

t | xt ,ms), (1)

where η is a normalizer, md and ms are the geometric and
semantic maps respectively, and zt = (zd

t ,zs
t ) are the depth

and semantic observations.

A. Semantic Mapping and Distributional Representation

DS-MCL maintains a hybrid map combining a 2D oc-
cupancy grid of traversable space built using off-the-shelf
mapping algorithms [13] with a coarse 3D semantic layer
(Fig. 2). The semantic map discretizes the volume into
20× 20 cm cells in (x,y) and 30 cm in z, a resolution
selected to balance real-time ray-casting efficiency with
the typical spatial footprint of retail inventory. Rather than
storing discrete object centroids, each voxel stores a running
distribution over observed object classes and their counts.

To demonstrate perception-agnostic scalability, we popu-
late this map using two distinct pipelines:

a) Pipeline A (Closed-Set Semantics): For controlled
benchmarking with a known number of classes, we utilize
a YOLOv9 detector fine-tuned on the SKU-110K dataset
[14] to extract generic bounding boxes. A ResNet50-based

classifier then assigns these to manually defined application-
level classes. Grouping underlying item variations into a
small category set provides robustness against local churn.

b) Pipeline B (Self-Supervised Category Discovery):
To demonstrate zero-shot scalability for real-world deploy-
ment, we combine YOLOv9’s class-agnostic proposals with
a pre-trained DINOv3 Vision Transformer to automatically
discover latent semantic categories via clustering, bypassing
the need for manual annotation.

Objects detected via either pipeline are projected into the
map frame. Given pixel coordinates ũuu = [u,v,1]⊤ at the
bounding box’s median depth Zc, the 3D world position
XXXw is computed as XXXw = tttwc +ZcRRRwcKKK−1ũuu, where KKK is the
camera intrinsic matrix, and RRRwc and tttwc denote the camera-
to-world rotation matrix and translation vector, respectively.
We refine each estimated position along the camera ray
using Bresenham’s line algorithm [15] until it aligns with
the nearest occupied cell in the geometric map, preventing
minor misalignments due to depth noise.

B. Semantic Observation Model

DS-MCL generates a semantic observation zs
t from the

live camera view. This concatenates three sub-vectors: (i) a
class-count vector vc, (ii) a mean range vector vd , and (iii)
a mean bearing vector vθ .

To compare live and expected observations, we define a
composite similarity:

S(zs, ẑs) = αScounts +βSdistance + γSangle (2)

We normalize vc to form a categorical distribution and
compare it via Jensen–Shannon divergence (JSD). Defining
P and Q as the normalized count distributions and M =
1
2 (P+Q), we set Scounts = 1− JSD with:

JSD(P ∥ Q) =

√
1
2

C

∑
i=1

(
P(i) log P(i)

M(i) +Q(i) log Q(i)
M(i)

)
. (3)

By comparing normalized distributions rather than absolute
counts, this formulation provides inherent robustness to
perception failures. The spatial components vd and vθ are
compared using L2 distances. We map the unbounded range
error ddistance to Sdistance = 1/(1+ddistance), while the bounded
angular error dangle is scaled by the camera’s field-of-view
(FOV) as Sangle = 1− (dangle/FOV).

C. Depth Observation Model

We use the depth image to incorporate geometric infor-
mation. Given the expected range ẑ(k) for the k-th beam
computed using CDDT-accelerated ray casting [16], we use
the beam end-point mixture [1]:

pd(z
d,(k)
t ) = wh phit +ws pshort +wm pmax +wr prand, (4)

incorporating local Gaussian noise (phit), dynamic obstacles
(pshort), and sensor failures (pmax, prand).



D. Inverse Semantic Model for Global Localization

The key innovation of DS-MCL is an inverse semantic
model that proposes high-quality pose hypotheses directly
from live semantic observations. We precompute expected
semantic observations ẑzzs(xxx,ms) for discretized poses over
the free space and cache them in a hashmap. We also build
a reverse index mapping each product class to the poses
from which it is visible. Algorithm 1 summarizes the online
execution of the particle filter.

Algorithm 1 Online Localization with DS-MCL
Input:

Current sensor data: image it , depth dt , odometry ot
Pre-computed map data: semantic vectors ẑs(x)

Output: Updated particle set Pt+1
Initialize: Particle set Pt sampled uniformly over free space
1: while True do
2: Pt ←MotionModel(Pt ,ot)
3: zs

t ← GenerateSemanticVector(it ,dt)
4: x̂← ExpectedPose(Pt ,Wt)
5: ẑs

t ← CalculateExpectedSemanticObs(x̂)
6: sim← CalculateSemanticSimilarity(zs

t , ẑ
s
t )

7: if sim < τsim and ∥zs,count
t ∥1 > τκ then

8: C← GetObservedClasses(zs
t )

9: Candidates←
⋃

c∈Cclass to poses[c]
10: Scores← [S(zs

t , ẑs(x)) for x ∈ Candidates]
11: TopPoses← GetTopK(Candidates,Scores,k)
12: Pt ← InjectParticles(Pt ,TopPoses)
13: Wdepth← DepthObservationModel(Pt ,dt)
14: Wsem← SemanticObservationModel(Pt , it ,dt)
15: Wt ←Wdepth⊙Wsem
16: else
17: Wt ← DepthObservationModel(Pt ,dt)
18: end if
19: Wt ← NormalizeWeights(Wt)
20: Pt ← Resample(Pt)
21: Pt+1← Pt
22: end while

IV. HARDWARE AND EXPERIMENTAL
EVALUATION

A. Hardware and Form Factors

To meet the constraints of low-profile platforms, DS-MCL
uses compact vision sensors: an Intel RealSense D455 RGB-
D camera and a T265 VIO camera for odometry, evaluated
across wearable (chest-mounted) and cart-mounted configu-
rations. We adopt these form factors to reflect practical com-
pute constraints and to stress-test the method under depth-
camera noise (lower scan frequency and point density than
LiDAR) [17]. Importantly, because wearable and compact
cart setups preclude the use of reliable wheel encoders, the
system relies entirely on the T265’s Visual-Inertial Odometry
for particle propagation, making it a purely vision-based
localization stack. Onboard processing was conducted on a
Dell G15 laptop (Intel Core i7-11800H, NVIDIA RTX 3060).

The full localization pipeline achieves real-time throughput
of 9.6Hz without requiring LiDAR or wheel encoders. For
the wearable use case, we intentionally avoid the usability
barriers of handheld devices [18] and the social stigma of
head-mounted systems [19].

B. Baselines and Metrics

We benchmark against two purely geometric baselines:
Monte Carlo Localization (MCL) and its adaptive variant
(AMCL) [1]. We also compare against a Fixed Quantity
Landmark (FQL) baseline, which represents standard seman-
tic localization approaches [3], [4] by treating detected object
classes as having fixed, deterministic counts. For fairness, all
methods utilized 1,500 particles and the same odometry and
RGB-D streams.
Metrics and Convergence Criteria. Following established
conventions, we evaluate DS-MCL via:
• Global Localization Success: A trial is a success if

convergence occurs within the first 95% of the trajectory
and remains converged until the end.

• Tracking Success: The percentage of trials that con-
verge and remain strictly within the convergence thresh-
olds until the end of the sequence.

• Convergence Time (s): The duration from initialization
to the beginning of the final convergence for successful
trials.

• Global RMSE (G-RMSE): The Absolute Trajec-
tory Error (translation and rotation) computed post-
convergence for trials that successfully globally local-
ized.

We declare convergence when the estimated pose is within
0.7 m translation (representing a standard human standing
reach [20]) and π/4 rad rotation of the ground truth.

C. Domain A: Controlled Cluttered Environment

To validate our approach against absolute ground truth,
we first evaluate in an environment instrumented with an
OptiTrack motion-capture system. The space was densely
stocked with 150 items across 14 categories. We tested four
conditions (25 trials each): Cart-mounted, Wearable, Dy-
namic Obstacles, and Sparse Semantics (25-50% of objects
randomly removed).

TABLE I
GLOBAL LOCALIZATION IN CONTROLLED ENVIRONMENT

Method Success (%) Time (s) G-RMSE (m/rad) Tracking (%)

MCL 15% 1.06 0.41/0.27 10%
AMCL 10% 17.41 0.34/0.05 10%
FQL 90% 4.07 0.42/0.23 59%
DS-MCL 97% 1.07 0.36/0.28 66%

As shown in Table I, geometric methods collapse due
to aliasing. DS-MCL achieves 97% global localization suc-
cess and a 66% tracking rate, vastly outperforming the
deterministic Fixed Quantity Landmark (FQL) baseline. The
gap between global success (97%) and continuous tracking
(66%) stems from transient dynamic occlusions and sparse



Fig. 3. Qualitative results from the controlled environment showing ground
truth (blue) and DS-MCL estimated poses (red). Lighter to darker shading
denotes the temporal progression of the trajectories.

semantic signals that occasionally push the pose belief out-
side the strict tracking threshold. DS-MCL proved resilient
to dynamic occlusions and sparse semantics, demonstrating
that probabilistic semantic tie-breaking maintains spatial
consistency despite active interference. Figure 3 highlights
DS-MCL’s ability to rapidly converge to the ground-truth
trajectory despite ambiguous geometry.

D. Domain B: Large-Scale Operational Facility

To demonstrate zero-shot scalability, we deployed DS-
MCL in a 3,500 sq. ft. operational store using Pipeline B.
Because instrumenting a public retail space with a motion-
capture system is infeasible, ground truth for the evaluation
trajectories was established via RTAB-Map SLAM [21].

TABLE II
REAL-WORLD OPERATIONAL FACILITY EVALUATION

Method Glocal Loc. % Tracking % G-RMSE (m/rad)

Real Vision (RGB + Depth)
MCL 8% 6% 0.30/0.25
FQL 42% 38% 0.41/0.09
DS-MCL 62% 40% 0.34/0.12

Upper-Bound (Ground-Truth Semantics, No Depth)
FQL 82% 70% 0.41/0.31
DS-MCL 98% 92% 0.35/0.27

In this highly aliased environment (Table II), DS-MCL
achieved 62% success under real noisy vision. In an upper-
bound ablation utilizing flawless ground-truth semantics, DS-
MCL achieved 98% success compared to FQL’s 82%. This
proves that modeling semantics as continuous probability
distributions inherently extracts more robust localization sig-
nals than fixed-quantity representations.

V. DISCUSSION AND LIMITATIONS

Fig. 4. Perception failure modes in real-world facilities: motion blur,
inconsistent lighting, and partial object captures pose challenges for reliable
semantic extraction.

While DS-MCL significantly improves localization in
quasi-static environments, limitations exist. Like all map-
based localizers, we assume an a priori map; updating the
semantic layer as major inventory overhauls occur is an
operational consideration. Second, the system is constrained
by perception failure modes (Fig. 4). Sustained perceptual
degradation will eventually delay inverse proposals and
weaken forward likelihoods.

Furthermore, while framed generally, this robust spatial
grounding serves as a critical prerequisite for downstream
human-centered applications. In assistive robotics, particu-
larly within navigation aids designed for people with visual
impairments, start-anytime operation is crucial for shared-
control use cases. In these settings, users typically invoke
assistance on demand rather than relying on continuous, fully
autonomous guidance [22], [23]. DS-MCL’s rapid global
pose estimation provides the essential infrastructure-free
spatial grounding required by such systems to reliably enable
other downstream tasks conditioned on robust localization
[24].

VI. CONCLUSION

We presented DS-MCL, an approach for vision-based lo-
calization in quasi-static environments that models semantics
as distributional evidence over object categories. By coupling
this representation with an inverse semantic proposal mech-
anism, the filter remains highly informative under semantic
drift and generates targeted global pose hypotheses when
geometry is severely aliased. By resolving the aliasing that
undermines standard filters, DS-MCL paves the way for more
resilient mobile service robots and assistive devices operating
in the wild. Future work includes lightweight embedded
implementations, integration with downstream navigation
stacks, and continuous online maintenance of the semantic
layer.
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