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Abstract

Floorplans provide a compact representation of the
building’s structure, revealing not only layout informa-
tion but also detailed semantics such as the locations
of windows and doors. However, contemporary floor-
plan localization techniques mostly focus on matching
depth-based structural cues, ignoring the rich seman-
tics communicated within floorplans. In this work, we
introduce a semantic-aware localization framework that
jointly estimates depth and semantic rays, consolidating
over both for predicting a structural-semantic probabil-
ity volume. Our probability volume is constructed in a
coarse-to-fine manner: We first sample a small set of
rays to obtain an initial low-resolution probability vol-
ume. We then refine these probabilities by performing
a denser sampling only in high-probability regions and
process the refined values for predicting a 2D location
and orientation angle. We conduct an evaluation on two
standard floorplan localization benchmarks. Our exper-
iments demonstrate that our approach substantially out-
performs state-of-the-art methods, achieving significant
improvements in recall metrics compared to prior works.
Moreover, we show that our framework can easily in-
corporate additional metadata such as room labels, en-
abling additional gains in both accuracy and efficiency.

1. Introduction

Camera localization is a longstanding problem in com-
puter vision, with significant applications in 3D recon-
struction [19, 25–28], augmented reality [11, 16, 23,
29, 31], and navigation [20, 24, 30, 32, 36]. Localiza-
tion within indoor environments is especially challeng-
ing due to the absence of reliable GPS signals and the
complexity of reasoning across multiple floors and lay-
ers. Hence, to bypass complicated 3D model-based lo-
calization techniques, prior work [7, 8, 12, 13, 15, 35]
has explored the problem of localizing camera observa-
tions within a provided 2D floorplan map by matching
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Figure 1. Floorplan localization using a raw binary floor-
plan (middle row) often yields ambiguous predictions. In this
work, we utilize a richer, yet readily available, representation:
a floorplan enhanced with semantic labels (bottom row). We
present an approach that supercharges floorplan localization
with semantic rays, enabling for resolving localization ambi-
guities, as illustrated by the comparison on the right.

depth-based structural cues.
However, while floorplans offer a compact and

lightweight scene representation, structural cues within
floorplans often correlate with multiple candidate loca-
tions, particularly for environments with repetitive or
symmetric layouts. Consider the example in Figure 1.
Can you localize the input image within the floorplan?
Provided with just a raw (walls only) floorplan, room
corners are indistinguishable and hence localization is
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highly ambiguous, as can also be observed by the prob-
abilities predicted by the state-of-the-art F3Loc [7] tech-
nique (middle row, right). To resolve such ambiguities,
we are interested in utilizing a slightly different repre-
sentation: a semantics-aware floorplan, such as the one
illustrated on the bottom row of Figure 1.

Accordingly, we introduce a semantic-aware ray-
based localization framework that integrates semantic
cues with depth-based predictions. In particular, we
propose a semantic prediction network that predicts ac-
curate semantic ray representations along with optional
additional metadata (such as room labels) from a sin-
gle RGB image with a limited field-of-view. We pro-
cess these rays to compute a semantic probability vol-
ume, which is then fused with depth information for con-
structing a structural–semantic probability volume.

Our framework follows a coarse-to-fine localization
strategy. We first operate over a low-resolution im-
age for an efficient floorplan search. This initial search
yields the Top-k candidate locations. Finally, we refine
these candidates and select the best match using a high-
resolution ray representation. By adopting this coarse-
to-fine approach, our method effectively constrains the
localization search to the most promising regions while
keeping the computation cost feasible.

Our experiments demonstrate that our approach
yields improvements by factors ranging from two to
three across most metrics compared to the state-of-the-
art technique [7], upon which our method is built. This
substantial gain underscores the effectiveness of fusing
semantic and depth ray predictions into a unified prob-
ability volume. We further show that our coarse-to-
fine strategy offers a flexible tradeoff between accuracy
and computational cost, with performance consistently
improving as larger candidate sets (Top-k) are evalu-
ated—making our method adaptable to diverse task re-
quirements. Moreover, incorporating additional meta-
data further enhances precision, leading to significantly
improved localization accuracies.

Explicitly stated, our contributions are:
• We introduce a semantic ray prediction network that

receives a single RGB image as input.
• We propose an efficient and unified framework that

fuses semantic and depth ray predictions into a
structural–semantic probability volume, which effec-
tively resolves localization ambiguities.

• Results that demonstrate that significant improve-
ments over state-of-the-art methods.

2. Related Work

Visual Localization. The task of visual localization has
received ongoing attention throughout the past several
decades. Traditional approaches often rely on image re-

trieval or on a 3D Structure-from-Motion (SfM) model
of the environment. In the image retrieval paradigm,
methods such as NetVLAD [1] or RelocNet [2] com-
pare a query image against a database of labeled im-
ages. Once the closest match is found, the query pose
is approximated by the retrieved image’s pose. Other
methods explicitly construct a 3D SfM model of a scene
to establish 2D–3D correspondences between the query
image and the reconstructed 3D structure [19, 25–28].
After matching local image descriptors to 3D points, ro-
bust solvers estimate the 6-DoF pose.

Recent learning-based pipelines deviate from clas-
sical 2D–3D matching. Scene-coordinate regression
methods predict dense 3D coordinates for every pixel
in the query image [6, 29, 31], whereas pose regression
methods directly estimate the 6-DoF camera pose via
neural networks [16, 32, 36]. Although promising for
single-scene scenarios, these methods must be retrained
or fine-tuned to handle new environments.

Floorplan Localization. Prior work addressing the task
of floorplan localization primarily focused on depth-
based cues, leveraging image-derived depth predictions
or sensors, to match depth obtained from floorplans. In
particular, LiDAR-based methods [3, 4, 18, 34] utilize
precise laser scans but restrict usability on most mobile
devices. Alternative sources of geometric cues, includ-
ing semi dense visual odometry (SDVO) [8], or point
clouds from depth cameras [14], can circumvent heavy
LiDAR hardware.

Earlier works compare extracted room edges directly
to the 2D layout [5], often assuming knowledge of
camera or room height [5, 8]. Other approaches, are
embedding RGB images and floorplans into a shared
metric space in order to do the localization. For in-
stance, LaLaLoc [13] uses panoramic depth layout im-
age which is rendered at known heights at different
locations within the floorplan, where the localization
is done by doing similarity in the embedded space.
LaLaLoc++ [12] removes the hight assumption by em-
bedding the entire floorplan into the feature space. How-
ever, these approaches often require an upright camera
pose [12, 13], making them less flexible for hand-held
or head-mounted devices. F3Loc [7] localizes by pre-
dicting depth rays from a given image and generating
probability volumes that indicate the likelihood of each
the depth prediction to a particular location on the floor-
plan. Although effectively leverages geometric cues
from depth maps, it does not incorporate semantic in-
formation, which may reduce its robustness in environ-
ments with repetitive structures or occlusions.

Semantic-based cues are less commonly used for in-
door localization, but several works have utilized them
for this task. Wang et al.[33] extracts scene texts from
images in large indoor spaces and performs localiza-
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tion by matching this text to the floorplan. SeDAR [21]
uses a CNN to extract semantic labels from an image
and perform Monte Carlo localization. By contrast to
our single-image localization framework, it depends on
sequential images and depth sensors. PF-Net [15] ap-
plies a differentiable particle filter with a learned ob-
servation model, relying on a computationally-intensive
embedding process that yields limited performance for
the single-image scenario. SPVLoc [10] matches cap-
tured images to panoramic renderings to estimate loca-
tion, leveraging additional height information present in
these renderings. Similarly, Kim et al. [17] perform lo-
calization by using a pre-captured 3D map of the envi-
ronment. Our approach does not assume the availibity
of these additional cues. LASER [22] treats the floor-
plan as a set of points and synthesizes view-dependent
features, including the semantic label of each point, for
matching purposes. They embed images into circular
features, which are then compared to pose features in
the same embedded space. By contrast, we model the
semantics as fine-grained ray predictions. Furthermore,
unlike these prior works, our approach can operate over
images with non-zero pitch and roll.

3. Method

In this work, we propose a floorplan localization frame-
work that jointly estimates semantic and depth rays to
infer the 2D camera location and orientation relative to a
given floorplan. Specifically, we assume that we are pro-
vided with an RGB Image I ∈ Rh×w×3, where h and w
denote the height and width of the image, respectively,
and a 2D floorplan map F ∈ {0, 1, 2, ..., C}H×W , rep-
resented as a matrix of dimensions H ×W , where each
element is assigned a semantic label from C unique se-
mantic categories, with zero denoting empty space. The
semantic categories we consider in our work are wall,
window and door, but our framework could easily incor-
porate additional categories (e.g, staircases, columns).

Our objective is to predict the camera’s 2D loca-
tion (x, y) and orientation angle θ at which the im-
age I was captured. That is, given the observation
OI,F = (I, F ), our goal is to infer the location param-
eters SI,F = (x, y, θ). To this end, we adopt a proba-
bilistic framework by modeling the posterior distribu-
tion p(SI,F | OI,F ). We discretize the camera pose
space as S = {Si} and define a probability volume
P ∈ RĤ×Ŵ×O where each element P (Si) represents
the posterior probability p(Si | OI,F ) for a candidate
pose Si. Here, Ĥ and Ŵ denote the number of dis-
cretized cells in the x and y dimensions, respectively,
and O represents the number of orientation bins. The

final predicted camera pose is then given by

ŜI,F = argmax
Si∈S

p(Si | OI,F ).

We proceed to provide background (Section 3.1),
prior to introducing our semantic prediction network
(Section 3.2), which constructs a semantic probability
volume. We then describe how it is fused with depth
cues to perform floorplan localization (Section 3.3). Fi-
nally, we provide training and implementation details
(Section 3.4); additional details can be found in the sup-
plementary material. An overview of our approach is
provided in Figure 2.

3.1. Background: F3Loc
Our work builds upon F3Loc [7], a recent technique that
estimates depth rays for performing floorplan localiza-
tion given a single image or image sequence. We briefly
outline several key components from their work that pro-
vide background for our framework. For additional de-
tails, we refer readers to their work.

Depth Rays Prediction. Given a query image, a depth
prediction network estimates per-column depth values
that capture the distance from the camera to the nearest
wall along specific angles. These values are then linearly
interpolated to produce a fixed set of equiangular depth
rays r̂d ∈ Rl that represent the floorplan depth, with l
denoting the number of predicted rays.

Estimating Depth Probability Volume. For every can-
didate location (x, y) on the floorplan and each discrete
orientation θ, a corresponding set of reference rays is
generated based on the floorplan’s geometry. The pre-
dicted depth rays are compared with these reference
rays to compute a likelihood score for each grid cell
and orientation, resulting in a three-dimensional proba-
bility volume Pd ∈ [0, 1][Ĥ,Ŵ ,O]. For instance, given
a 10m × 7m floorplan discretized at 0.1m with 10◦

increments in orientation yields a probability volume
Pd ∈ [0, 1][100, 70, 36].

The final camera 2D location and orientation are de-
termined by selecting the grid cell with the highest like-
lihood in the probability volume. This process maxi-
mizes the posterior probability, thereby estimating the
camera’s x and y coordinates as well as its orientation.

3.2. Adding a Semantic Prediction Network
To utilize semantic cues for performing floorplan local-
ization, we propose to add a semantic prediction net-
work that first predicts semantic rays, and then processes
these for constructing a semantic probability volume.
We provide additional details in what follows, and then
present an optional room type prediction component,
which can be utilized if room labels are available.
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Figure 2. Overview of our pipeline. The input image is processed to generate depth rays, semantic rays, and optionally additional
metadata (e.g., room type prediction). We interpolate the ray predictions to a low-resolution representation and generate the depth
probability volume Pd and the semantic probability volume Ps (optionally masked according to the room type prediction). These
probability volumes are then fused to form the structural-semantic probability volume Pc for efficient coarse localization. Finally,
we refine the candidate poses using high-resolution ray predictions and predict the final 2D camera location and orientation, visu-
alized with an arrow on the right.

Figure 3. Overview of our semantic prediction network that
predicts a set of semantic rays through the Semantic Ray
Branch (top) and an optional room type value—e.g., Living
Room—through the Room Classification Branch (bottom).
The room type is used for extracting the mask Mroom, as vi-
sualized on the bottom right.

Semantic Rays Prediction. Unlike the continuous
depth values estimated in prior work, the semantic rays
should correspond to semantic categories, which are rep-
resented as a set of discrete classes. Therefore, we con-
struct a network that produces a semantic ray represen-
tation r̂s ∈ {1, . . . , C}l from the image, where each ray
is classified into one of C semantic categories. We pro-
vide an overview of our semantic ray prediction network
in Figure 3.

As illustrated in the figure, our semantic network ar-
chitecture leverages a pretrained ResNet50 backbone to
extract robust, high-level features from an input RGB
image I . After reducing the feature channels using a
CNN and projecting them into a lower-dimensional sub-
space, positional encodings are computed to preserve
spatial information. Two sets of learnable tokens are in-
troduced: a set of l ray tokens responsible for predicting
the semantic ray representation r̂s and a single (optional)
CLS token dedicated for representing global room clas-

sification information.
A single-head cross attention module integrates these

tokens with the flattened spatial features, yielding re-
fined tokens that capture both global context and local
details. In the ray branch, the refined ray tokens are first
processed by a self-attention block that enables each to-
ken to interact with all others, thereby aggregating com-
plementary contextual information. The enriched tokens
are then passed through an MLP to produce per-token
semantic logits, which after normalization form the final
semantic ray vector r̂s. If room labels are available in
the dataset, a similar network processes the CLS token
for room type prediction, as we further detail later.

Estimating Semantic Probability Volume. To obtain
the semantic probability map, Ps ∈ [0, 1][Ĥ,Ŵ ,O], we
first need to interpolate the l predicted semantic rays.
Regular linear interpolation—which prior work used for
depth estimation—is unsuitable in the context of dis-
crete labeling since interpolating between class labels
can produce non-valid or semantically meaningless re-
sults. Instead, we propose a voting-based interpolation
scheme: We reduce the original equiangular rays to the
desired count by applying a majority vote within a small
neighborhood. We use a window of three rays, assign-
ing the label that appears most frequently in that window
to the center target ray; see the supplementary material
for the full algorithm. Next, we compute the score for
each set of rays by taking the L1 difference between the
predicted semantic labels and the reference labels. The
score is then exponentiated and normalized to form the
semantic probability volume Ps, which quantifies the
likelihood of each candidate pose based on the align-
ment between the semantic rays and the candidate pose.
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Room Type Prediction. In addition to predicting se-
mantic rays, our semantic network can optionally also
predict the room type, which corresponds to the room
from which the input image was taken. This is achieved
by processing the CLS token in the semantic network
(see Figure 3). If the predicted room probability exceeds
a threshold Troom, the predicted room type is then used
to construct a mask Mroom from the polygons associated
with that room type. For example, if the model predicts
a Living Room label with high confidence, the mask
Mroom retains only the regions corresponding to the liv-
ing room by setting all other areas to zero. Let P̃ denote
the original probability volume, then the masked proba-
bility volume P is computed as:

P = Mroom ⊙ P̃ ,

where ⊙ denotes element-wise multiplication, thereby
filtering out all the probabilities which are not in the liv-
ing room and substantially narrowing down the search
space. A detailed analysis of room type distributions
and the model’s prediction accuracy is provided in the
supplementary material.

3.3. Floorplan Localization via a Structural–
Semantic Probability Volume

We obtain the final probability map by generating the
depth probability map Pd, following the procedure de-
scribed in Section 3.1, and the semantic probability map
Ps, according to the approach detailed in Section 3.2. To
leverage both semantic and geometric cues, we fuse the
two probability maps using a weighted combination:

Pc = ws · Ps + wd · Pd,

where ws denotes the weight given to the semantic cues,
while wd = 1 − ws represents the weight of the depth
cues. These weights are determined using a held-out val-
idation set, as further detailed in Section 4. Note that
as both Ps and Pd are generated from interpolated rays,
which we refer to as low-resolution rays (see Figure 4,
predicted), and hence the initial probability volume Pc

is also in low resolution.

Location Extraction. Our approach follows a coarse-
to-fine strategy to achieve precise localization while
maintaining computational efficiency. Given Pc, we first
extract the Top-k candidate poses from the structural-
semantic probability volume based on their scores, en-
suring that each candidate is separated by at least δres
in translation. Next, for each candidate, we generate an
augmented set of orientations by perturbing its original
angle in increments of ±δang up to a maximum deviation
of ∆max, resulting in the final augmented set:

[0,±δang,±2δang, . . . ,±∆max].

Image Floorplan Rays
Low Resolution High Resolution

GT Predicted GT Predicted

Figure 4. Comparing low-resolution and high-resolution rays
with our coarse-to-fine approach. Given an input image
(left), we construct a structural–semantic probability volume
by comparing low resolution ground-truth and predicted rays
(center). Location extraction from this coarse volume directly
often yields significant errors, as illustrated with the yellow ar-
rows. Results are refined only for the Top-k candidate poses
by comparing the high resolution ground-truth and predicted
rays (right). This allows for efficiently extracting more accu-
rate predictions, as further detailed in Section 3.3.

At each candidate location, we compute the corre-
sponding high-resolution ground-truth depth and seman-
tic ray representations, yielding l rays per candidate
location. These ground-truth rays are then compared
against the original predicted l rays using a similarity
metric (see supplementary material for metric details).
For a visual comparison of the high-resolution ground-
truth and predicted rays, please refer to Figure 4. The
candidate with the highest similarity score is selected as
the final predicted location.

This coarse-to-fine refinement process effectively
leverages the full resolution of the predictions, which
were initially interpolated for runtime efficiency, to
achieve more precise localization. Note that there is a
tradeoff between accuracy and computation time: finer
resolutions yield improved precision at the expense of
increased computational load. This tradeoff is illustrated
in Figure 4. As can be observed, comparing low res-
olution rays often yields inaccurate predictions. For in-
stance, environments with multiple semantic objects can
suffer from loss of critical details (e.g., the left door is
omitted in the middle row) in the low-resolution predic-
tion, which can lead to misclassification, further moti-
vating the refinement step. We present a quantitative
analysis of this tradeoff in the supplementary material.

3.4. Training and Implementation Details
Both networks are trained in an end-to-end manner. For
depth prediction, an L1 loss supervises the predicted
depths against ground-truth depth maps. For semantic
prediction, a cross-entropy loss is applied to the pre-
dicted semantic labels. If room labels R are available
in the dataset, an additional cross-entropy loss is used
for the room label, and the network is trained to opti-
mize both objectives jointly. As in prior work, data aug-
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mentation techniques—including virtual roll-pitch aug-
mentation—are employed to improve robustness to non-
upright camera poses. The networks are optimized us-
ing the Adam optimizer with an initial learning rate of
1 × 10−3. We use a floorplan resolution of 0.1m and
an angular granularity of 10◦. We set the number of
predicted rays to l = 40 and interpolate these to 7 rays
during the coarse stage of localization. For the Location
Extraction module, we use δres = 0.1m, δang = 5◦, and
∆max = 5◦, and refine our results using Top-5 poses.

4. Results
In this section, we present a comprehensive evaluation
of our localization method. We begin by introducing
the datasets we use in our experiments, followed by a
discussion of the baselines we compare against and the
evaluation metrics. The main results are reported in Sec-
tion 4.1. We conduct an ablation study to assess the con-
tributions of various components of our approach in Sec-
tion 4.2. We report results for our approach under two
conditions: one in which room labels are not utilized
(denoted as Ourss) and another in which room labels are
employed to further refine the predictions (denoted as
Oursr). Additional experiments and qualitative results
are provided in the supplementary material.

Datasets. We conduct experiments on two popular
datasets: Structured 3D (S3D) [37] and ZInD [9]. S3D
is a synthetic dataset containing realistic 3D renders of
3,296 houses. We use the fully furnished version of S3D,
as employed in previous works. ZInD consists of 1,575
unfurnished homes containing only panoramic images.
We crop these panoramas to perspective views with an
80° field of view (as was done in S3D), and generate a
fixed-size dataset from the resulting images. For both
datasets, we follow their official train and test splits.

Baselines. We compare our approach against two base-
lines: F3Loc [7] (considering the single-image local-
ization component) and LASER [22]. We also report
performance using an ORACLE ray prediction. This or-
acle ray prediction simulates the best possible perfor-
mance achievable by our pipeline using ground truth
depth and semantic rays. Note that the Oracle ray pre-
diction baseline does not incorporate room-aware fea-
tures. For F3Loc, results on the ZIND dataset are ob-
tained from our experiments by running their publicly
available code on the dataset, as the original paper does
not include results on this dataset. We also use the pub-
licly available implementation of LASER. Additional
details are provided in the supplementary material.

Metrics. Following prior work [7, 22], we report recall
metrics computed at distance thresholds of 0.1 m, 0.5 m,
and 1 m. We also report recall for predictions with an

S3D R@

Method 0.1m 0.5m 1m 1m 30°

LASER 0.7 6.4 10.4 8.7
F3Loc 1.5 14.6 22.4 21.3
Ourss 5.42 41.87 53.52 52.61
Oursr 5.70 45.53 58.78 57.49
ORACLE 61.00 93.84 94.87 94.57

ZInD R@

Method 0.1m 0.5m 1m 1m 30°

LASER 1.38 11.06 17.55 13.64
F3Loc 0.67 7.90 15.07 11.46
Ourss 2.98 24.00 33.96 29.30
Oursr 3.31 26.60 38.01 31.86
ORACLE 26.42 60.85 67.69 65.13

Table 1. Recall performance on the S3D and ZInD datasets.
The table reports recall at thresholds of 0.1 m, 0.5 m, 1 m,
and 1 m with a 30° orientation tolerance for LASER, F3Loc,
our approach without room labels (Ourss), our approach with
room labels (Oursr), and an Oracle ray prediction.

orientation error bounded to less than 30° (at the 1 m
threshold). Recall is defined as the percentage of pre-
dictions that fall within these thresholds.

4.1. Quantitative Evaluation
Results are reported in Table 1. On both S3D and ZinD,
our method more than doubles F3Loc’s and LASER
performance across all thresholds. Notably, consider-
ing S3D over the R@1m30° metric—which reflects the
quality of matches between the predicted and actual
camera views—in comparison to F3Loc, our method im-
proves by more than three times. Room type predictions
yield improvements of 9.2% in R@1m30° on the S3D
dataset and 8.7% on the ZInD dataset. We include an
additional experiment in the supplementary material that
evaluates F3Loc with our refinement module, demon-
strating that both the semantic rays and our refinement
module provide significant performance gains.

We observe that significant performance improve-
ments are also achieved for a very fine-grained re-
call metric of 0.1 m, boosting performance from 1.5%
(F3Loc) to 5.7% with our approach on S3D. We attribute
this to our coarse-to-fine strategy, which effectively re-
fines the coarse location estimates into precise predic-
tions, as further validated in our ablation study.

Figure 5 presents qualitative examples that illustrate
how the integration of floorplan semantics with precise
depth cues enables our pipeline to effectively resolve lo-
calization ambiguities. For instance, in the third row, we
can see that F3Loc, which does not use semantics, inter-
prets this image as a blank wall, while LASER misinter-
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Input Image Floorplan Ours F3loc LASER

(0.43m, 17◦) (3.32m, 97◦) (2.57m, 92◦)

(0.17m, 07◦) (3.74m, 90◦) (0.70m, 89◦)

(0.47m, 3◦) (7.99m, 83◦) (4.81m, 95◦)

Figure 5. Qualitative comparison of our method with F3Loc
and LASER. Warmer colors correspond to regions with higher
probabilities. Below each map we report the localization error
in meters and degrees. We use arrows to visualize the ground
truth location (magenta) and the predicted location (white).

prets the window size and predicts an incorrect location.

4.2. Ablation Study
We demonstrate the effect of incorporating each com-
ponent of our method on overall localization perfor-
mance. Specifically, we conduct the following abla-
tions: (1) Base, which corresponds to computing the
structural-semantic probability volume and selecting the
maximum probability without any additional refine-
ment. (2) Removing semantic interpolation (denoted
as –Interpolation), where we replace our majority vot-
ing interpolation with a simple linear interpolation fol-
lowed by rounding. (3) Adding room predictions (de-
noted as +Room), where we assess the effect of integrat-
ing room type predictions into our localization pipeline.
(4) Adding refinement (denoted as +Refine), which as-
sesses our coarse-to-fine approach, which refines our
localization extraction via the Top-K candidate poses.
(5) Adding room predictions and refinement (denoted as
+Room&Refine), which combines both components.

From the results in Table 2, we can see that on the
1m 30° metric, the addition of our refinement mod-
ule improves performance by 8.6% relative to the base-
line. This indicates that a substantial amount of infor-
mation is lost during the initial interpolation process if
not properly addressed, thereby strongly motivating the
use of coarse-to-fine strategies in our Location Extrac-
tion module. We also observe a significant improvement
of 11.5% from the room prediction component, which is
discussed in further detail in the supplementary material
and visualized in Figure 6. Finally, our majority voting
interpolation approach contributes an additional gain of
0.9% compared to a simple interpolation strategy. When
combining all these improvements, our method achieves

Method 0.1m 0.5m 1m 1m 30°
Base 4.65 38.35 49.40 48.44
– Interpolation 4.73 38.44 48.91 47.99
+ Room 5.12 42.92 55.57 54.04
+ Refine 5.42 41.87 53.52 52.61
+ Room&Refine 5.70 45.53 58.78 57.49

Table 2. Ablation study, evaluating the effect of incorporating
the different components in our pipeline on the S3D dataset.

Input Image Floorplan Base +Room +Refinement

Bedroom (6.84m, 15◦) (2.2m, 16◦) (0.16m, 25◦)

W/C (3.74m, 85◦) (1.22m, 84.4◦) (0.12m, 1◦)

Figure 6. Qualitative comparison of using room predictions
and our coarse-to-fine refinement approach. Below each map
we report the localization error in meters and degrees. Warmer
colors correspond to regions with higher probabilities. Over-
laid on the estimated probabilities, we show the ground truth
location (magenta) and the predicted location.

an overall enhancement of 18.6% on the 1m 30° metric
relative to our base model.

In Figure 6, we illustrate the impact of incorporat-
ing room type predictions alongside the location extrac-
tion module. The figure clearly demonstrates how these
components refine the probability volume by narrowing
down the candidate poses, which in turn improves over-
all localization accuracy.

We analyze the impact of different combinations
of predicted depth and semantic features on the S3D
dataset. Figure 7 summarizes the recall performance
for various depth and semantic weight configurations
used to compute the structural-semantic probability vol-
ume. In Figure 8 we visualize examples from two ex-
treme scenarios (depth only and semantic only) and
from the configuration adopted in our work ([ws, wd] =
[0.4, 0.6]), selected according to the validation set.

As can be observed from Figure 8 (and also reflected
in Figure 7), relying solely on semantic rays tends to
produce a more diffused probability volume with multi-
ple ambiguous candidate locations. This occurs because
most images contain a single semantic object of a stan-
dard size, allowing an accurate ray pattern to be fitted
in more than one location. Similarly, depth cues alone
also suffer from ambiguity, particularly in repetitive en-
vironments or when the image captures three or fewer
walls, which leads to uncertainty in the localization es-
timate. However, when these semantic cues are com-
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Figure 7. Recall vs. weight combinations on the S3D test
set. The plot shows the recall metrics for four different thresh-
olds: 0.1m, 0.5m, 1m, and 1m 30◦. The x-axis displays the
weight combinations in the order (ws, wd). A vertical dashed
line at ws = 0.4, wd = 0.6 highlights the weight combination
selected using the validation set.

Input Image Floorplan Probability Volumes

Depth Semantic Structural
Semantic

(3.67m, 178◦) (1.94m, 162◦) (0.09m, 2◦)

(7.08m, 179◦) (9.49m, 71◦) (0.15m, 1◦)

(7.85m, 168◦) (2.59m, 8◦) (0.13m, 2◦)

Figure 8. Qualitative Comparison of Depth-Only, Semantic-
Only, and Fused Structural-Semantic Probability Volumes.
Below each map we report the localization error in meters
and degrees. Warmer colors correspond to regions with higher
probabilities.

bined with depth rays, the resulting probability volume
becomes significantly more concentrated. This integra-
tion effectively filters out spurious candidates and sharp-
ens the localization estimate.

Additionally, the supplementary material offers a de-
tailed analysis of how varying the Top-K candidates in-
fluences localization refinement, along with additional
experiments that motivate various design choices, such
as using hard thresholds in multiple steps of our pipeline.

Runtime Analysis
We report runtime performance breakdown in Table 3,
using the same parameters employed in Table 1 with

K Prediction Loc Refin Total

1 0.038± 0.119 0.174± 0.033 0.141± 0.073 0.364± 0.142

3 0.033± 0.093 0.154± 0.026 0.356± 0.119 0.554± 0.157

5 0.034± 0.103 0.155± 0.029 0.577± 0.185 0.778± 0.218

Table 3. Performance breakdown over different Top-K values.
Each entry is mean± std (s). Prediction denotes the ray pre-
dictions, Loc refers to the localization process, and Refin rep-
resents the refinement stage, during which candidate locations
are evaluated by computing the ground truth rays.

varying K values. As shown in the table, the per-image
inference time increases with the number of candidate
refinements, K, reflecting the additional computations
required during refinement. All experiments were con-
ducted on a single CPU without multithreading to avoid
introducing bias. Future work could explore paralleliz-
ing the refinement stage by computing all ground-truth
rays simultaneously for further speed-up. Importantly,
even at K = 5—the setting we adopt in our work, the
inference time remains reasonable, striking a practical
balance between computational cost and improvements
in localization accuracy. We further observe that the pre-
diction and localization steps require similar amounts of
time, while the refinement step grows monotonically as
K increases.

5. Conclusion

In this work, we presented a semantic-aware localization
framework that extends floorplan-based camera local-
ization by fusing semantic labels with geometric depth
cues. Our approach leverages a novel semantic ray pre-
diction network alongside an established depth estima-
tion method to generate a semantic-structural probabil-
ity volume, which significantly improves localization
accuracy, especially in environments with repetitive or
ambiguous structural patterns.

Our extensive experiments on the S3D and ZInD
datasets demonstrate that integrating semantic cues ef-
fectively resolves depth-based ambiguities and con-
sistently outperforms state-of-the-art methods such as
F3Loc and LASER. Ablation studies confirm that a bal-
anced combination of depth and semantic information,
coupled with a coarse-to-fine localization strategy and
the use of room labels, yields optimal performance.

Looking forward, extending our framework to incor-
porate additional semantic labels and other modalities,
such as textual information, promises to further enhance
localization robustness in challenging indoor settings. In
general, our approach represents an important step to-
wards accurate and reliable indoor localization systems
by effectively leveraging semantic and geometric cues.
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