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Abstract—1In this paper, we introduce a new method that
first utilizes 3D Gaussian splatting in street-level localization
problem. Robust localization with street-level real-world images
such as street view is a major issue for autonomous vehicle,
augmented reality (AR) navigation, and outdoor mobile robots.
The objective is to determine the position and orientation of a
query image that matches a street view database composed of
RGB images. However, given the limited information available
in the street view images, accurately determining the location
solely based on this data presents a significant challenge. To
address this challenge, we propose a novel method called
renderable street view map-based localization (RSM-Loc). This
approach enhances the localization process by augmenting 2D
street view images into a renderable 3D map using 3D Gaussian
splatting, to resolve street-level localization problems. Upon
receiving a query RGB image without geometry information,
the proposed method renders 2D images from a pre-made
renderable map and compares image pose similarities between
the rendered images and the query image. Through iterations of
this process, the proposed method eventually estimates the pose
of the given query image. The experimental results demonstrate
that RSM-Loc outperforms the baselines with neural-field-
based localization. Additionally, we conduct deep analysis on
the proposed method to show that our method can serve as a
new concept for the street-level localization problem.

I. INTRODUCTION

Street-level localization is one of the key problems across
many applications such as autonomous vehicle [1] and
augmented reality (AR) navigation for mobile phones [2].
While GPS sensors are commonly employed for outdoor
positioning, their accuracy diminishes in areas with ‘urban
canyons’ like Manhattan, New York, where tall buildings
can block or distort signals [3], making precise location
determination difficult. Mostly, many methods utilize high
definition (HD) maps which include detailed 3D information
of urban scenes such as lanes, traffic lights, and traffic
signs to overcome this issue. However, creating an HD
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Fig. 1. An overview of the proposed method. The objective of the method is
to determine the 6-DoF pose of an input query image based on the renderable
street view map.

map requires high-quality processors and sensors such as
3D LiDAR, which are expensive both in terms of cost and
computational requirements [4]. Therefore, a new approach
that can function even with low-precision data is required.
Recently, some researches focus on utilizing street view
images with standard definition (SD) maps without any 3D
information of the scene [5]—[8]. Mostly, these methods focus
on finding correspondence between street view images and
pre-collected SD map patches. Even though these studies
require low computational burden and memory compared
to the HD map-based methods, they are unable to estimate
precise location since SD map is expressed in an abstracted
format. Also, they are vulnerable in dynamic objects such as
cars and pedestrians which are not considered in the map.
To overcome these issues, we propose a new concept
of street-level localization method by using 3D Gaussian
splatting [9] named renderable street view map-based lo-
calization (RSM-Loc). RSM-Loc is the first street-level lo-
calization method that utilizes 3D Gaussian splatting scene
representation to street view images. RSM-Loc aims to
estimate the position and orientation of a RGB image using
a renderable street view map (RS-Map) generated by 3D
Gaussian splatting. Our approach does not necessitate any
pre-existing 3D geometric data, such as HD maps; instead, it
solely relies on street view image data. To avoid noisy pixels
of reconstructed image, we use key point extraction and
matching to compare significant pixels. With the matching
results, the proposed method actively search to estimate its
position. Figure 1 shows the overview of RSM-Loc.

We demonstrate RSM-Loc in StreetLearn dataset [10] and
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compare it with existing 3D rendering-based localization
methods. To evaluate our approach, we use two datasets
that covers the streets of Manhattan, New York: StreetLearn
Manhattan and Touchdown [11]. We divide the datasets
into two categories for map construction and queries. The
Manhattan dataset is utilized for constructing the RS-Map,
while the Touchdown dataset is employed to supply query
images for validating localization problem.
Overall, the contributions of our work include:

o We propose RSM-Loc, the first work that uses 3D scene
representation for street-level real-world image-based
localization task.

e The proposed method resolves the problem of monoc-
ular visual localization only with RGB images without
using any key frames that have both 2D and 3D features.

o The paper presents the concept of ‘render, compare,
and update’ to address the challenge of image-based
localization.

II. RELATED WORK

1) Street-Level Localization: Street-level localization with
street view image methods have been frequently studied
recently. [5] proposes a set of 16 dimensional vectors named
embedded space (ES) feature which represents corresponding
image and map tile pairs. With the power of deep learning,
the method estimates the most similar top-N map tiles
by four street view images given. [6] utilizes the feature
of [5] for street-level tracking problem. They apply ES
features of multiple map tiles as observations in Monte Carlo
localization to prove its efficiency. OrienterNet [7] proposes
neural map matching which matches gravity-aligned input
image and GPS-priored SD map. They transform both input
image and SD map into the same domain and conduct BEV-
map matching. SNAP [8] improve the concept of neural map
proposed in OrienterNet into multi-modal neural map with
multiple street view images and satellite images. Due to this
improved neural map, the method can cover broader region
than OrineterNet.

2) 3D Rendering on Street View: Researchers have been
developing methods for 3D reconstruction with street view
images. Block-NeRF [12] suggests reconstructing block-by-
block individually with NeRF [13]. This method enables
NeRF to be expanded in broad regions such as streets.
Matrixcity [14] make synthetic city dataset named matrixcity
for city scale NeRF research. Simulation-based environment
makes it possible to get dynamic scenes from ground to
aerial, and their ground-truth camera poses. With the recent
advancement in 3D Gaussian splatting [9], many researchers
are trying to apply this technology to reconstruct realistic
street scenes. DrivingGaussian [15] introduces a method
for modeling complex driving scenes with two modules:
incremental static 3D Gaussians and composite dynamic
Gaussian graphs. These two modules enable the description
of both static and dynamic urban driving scenes with no blur.
Street Gaussian [16] divide scene representation into point-
based background model and foreground object model. This

approach make it possible to decompose foreground objects
for editing applications.

3) Neural Field-Based Localization: With the rise of 3D
rendering technology such as neural radiance fields (NeRF),
researchers try to apply them to solve localization problem.
Loc-NeRF [17] apply NeRF [13] and Monte Carlo localiza-
tion method to estimate the position of moving robots. They
compare pixel-by-pixel between reconstructed image created
with NeRF and query image and use the pixel similarity to
solve the problem. Since simply comparing pixels in images
does not guarantee performance due to the noise present
in the reconstructed images, they apply tracking methods
to address the issue. However, there still exists ambiguous
result of the method since comparing query image with
noisy reconstructed image can derive high computational
cost result which is undesirable for the problem. Also, this
approach requires multiple sequential images for accurate
localization since the method utilizes tracking.

III. METHODS

The main purpose of RSM-Loc is to find the position of
the street-level RGB input image Igyery using a renderable
map created by street view images. For this purpose, we
utilize 3D Gaussian splatting [9] for composing the RS-Map.
Utilizing the RS-Map, the proposed method renders images
on specific locations on the RS-Map referred to as anchors,
and extracts significant pixels on the rendered images. By
iteratively comparing these significant pixels between the
rendered images and y¢ry, and updating the anchors, RSM-
Loc ultimately identifies the scene within the map that
corresponds to Igyery. The overall process for RSM-Loc
is described in Figure 2. We assume that the approximate
location within a radius of 100 meters is known beforehand,
through GPS or other means.

A. 3D Renderable Map

The data that are used for composing the RS-Map are RGB
image and its latitude, longitude, and orientation. We define a
set of latitude, longitude, and orientation in this data as initial
anchors {A},.., AN} € A and compose 3D renderable
map as RS-Map Mpg € {R¥map*WmapXLmar A} H, ...
Winap, and Ly, 4, stand for the height, width, and length of
3D Gaussisan splatting training result, respectively. To sum,
RS-Map consists of two types of data: renderable data based
on 3D Gaussian splatting and initial anchors.

Given that the proposed method operates under the as-
sumption of a prior approximation within a maximum radius
of 100 meters, we divide the dataset into blocks, following
the approach outlined in [12], to construct the RS-Map.
Centering on each intersection, we define initial anchors
on the roads extending in four directions. In this context,
the RS-Map covers an area with a maximum radius of 100
meters. The StreetLearn dataset consists of equirectangular
images, which we transform into eight directional images
with a 45-degree angle. Furthermore, to capture the skyline
of the city without interference from on-road obstacles such
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Fig. 2. An overall process of the proposed method. To construct a renderable street view map (RS-Map), the proposed method uses 3D Gaussian splatting
and searches for the pose that matches the given query image. We start by placing anchors at initial positions. Poses of each anchor are updated by
comparing the query image with the images rendered from their pose. Since the rendered images include noisy pixels, we select significant pixels for the

comparison by using local feature extraction.

as pedestrians and cars, we utilize upper-view images angled
at 30 degrees for map building.

B. Localization

The localization process consists of three steps: rendering,
comparison, and updating. In other words, our approach
entails rendering images at the anchor points, followed by
comparing visual features between these rendered images
and the query image. Subsequently, RSM-Loc updates the
3D pose of the anchors sequentially.

In the rendering step, the anchor poses are initialized on
RS-Map Al, ..., AN which are distributed on the road. This
ensures that RSM-Loc does not commence from inappro-
priate initial positions, such as within a building. RSM-
Loc starts by rendering images at the initial positions and
compare the rendered images Iix}’ ...,Ii‘{\, with the input
query image Igyery-

In the comparison step, there exists some noises on the
rendered images due to the quality of SfM for training
3D Gaussian splatting. In this regard, evaluating each pixel
individually entails considering unwanted pairs, including
those resulting from noise. To circumvent this issue, we
extract significant pixels by exploiting visual key point
detection, and perform key point matching to compare two
images. We use Superpoint [18] with Brute-force algorithm
for comparing two images. Using robust significant pixels
allow for the exclusion of noisy pixels when comparing the
query image with the rendered images, focusing solely on
meaningful pixels that contain information for the compari-

son step. Despite inaccuracies, noises, or missing data in the
3D renderable map scenes, our method can localize itself
without relying on a perfect 3D reconstruction.

In the update step, the pose of the anchors are adjusted
based on the estimated pose [R|t] with the matched features.

t=Cy, 0 UWXUT, )]
R=UW VT, 2)

where Cy is a scaling factor for translation, and ® denotes
element-wise multiplication. U and W are orthogonal ma-
trices and X is a diagonal matrix derived by singular value
decomposition during pose estimation. In this way, we can
determine the values of rotation R}, ..., RY and translation
t}, ...tV for updating the pose at i*" step where i € [1, M).
A new set of anchors Al ..., AN, is created after the
update step. By repeatedly rendering images, comparing, and
updating for M steps, the anchors eventually converges to
the scene of the Iyyery. In the end, we can obtain the final
estimated transformation [R¥|t*] from initial pose to final
pose of k' anchor as follows:

R* =Ry -Ry-.. Ry - Ry, 3)
th = REtM f REtb + 4 RE, iR, 4+ RE, R @)

where £k = 1,...,N which are anchor indices. To derive
the final pose estimation result, we select the anchor Aﬁ
within the least relative error in rotation compared t0 Igyery
as the ultimate outcome. Note that only the relative rotation
and translation between the two images are the metrics used
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Fig. 3. Qualitative results of RSM-Loc and Loc-NeRF. Left columns of (a)
and (b) are query images from Touchdown dataset and right columns are
rendered images. (a) Qualitative result of RSM-Loc (b) Qualitative result of
Loc-NeRF with particle filter.

to determine the validity of the outcome. Additionally, to
expedite the process, we terminate it before reaching step
M if the relative rotation and translation meet the threshold.

However, since the derived transformation [RE|tX] is
based on the image coordinate, we have to translate
the transformation into the world coordinate. As the ini-
tial anchors of the RS-Map contain the initial latitude,
longitude, and orientation on the world coordinate, we
can derive the pose matrices on the world coordinate
([MRar[Mtar], ..., [VRoxv [t 4x]) using the RS-Map. Using
the derived transformations from equation 3 and 4 on the
image coordinate, we can use the following equation to
compute the final world-coordinate pose from the selected
anchor AX:

Rpimat =7 R-1R" - L R-VR,x )
tpinal = tax + o ¥ R-T5, (6)

where a transform matrix from world to image is

0 0 1
rR=1-1 0 0], @)
0 -1 0
and L R is an inverse of T R. The scale parameter o rep-
resents the ratio of distances between the world coordinate
and the image coordinate, which can be calculated by

N DV 4

AL

Vi#j.  (8)

_ItA{||2 ’

Wta; — Wt ysll2 and [['t4i — 't 452 represent Euclidean
. 1 T, 1 .

distances between two initial anchor points on the world
coordinate and on the image coordinate, respectively.

In summary, the final pose on the world coordinate is
obtained by transforming the pose of the anchor with the
smallest relative rotation error on the image coordinate, as
derived from Equation 3, to the world coordinate using
Equation 5 and 6.

IV. EXPERIMENTS
A. Dataset

We apply RSM-Loc into Manhattan and Touchdown
dataset from StreetLearn. We opt for Manhattan, New York
as our testing location due to its abundance of tall buildings,
facilitating an evaluation of pose estimation encompassing
not only position and heading but also roll and pitch orienta-
tion. Also, an ‘urban canyon’ environment like this serves to
validate the necessity of the proposed method. Both datasets
cover Manhattan in New York, but the images were taken at
different times, location, and under different circumstances
such as weather and traffic. We select intersections that are
surrounded by tall buildings, which is characteristic of urban
canyons, for our experiments. To address the visual local-
ization problem using our proposed method, we utilize the
Touchdown dataset as a source of query images (validation
set) and the Manhattan dataset for constructing the RS-Map.

The datasets contain 1664x832 sized equirectangular
panorama RGB images, position (latitude and longitude),
altitude, orientation (roll degree, pitch degree, and heading
degree) of the panoramic camera, list of directly connected
neighbors, and captured date. We utilize equirectangular
panorama RGB image, position, and orientation for creating
RS-Map. We split the equirectangular panorama image into
eight RGB images with 45-degree angle, each with a size of
832x832. In order to leverage permanent features such as
buildings in street view, we utilized images with a 30-degree
roll on the image coordinates. Also, since both Manhattan
and Touchdown datasets in StreetLearn aim to solve language
ground tasks for agents in street environments [11] they do
not provide camera transformation matrix for the datasets.
Therefore, we estimate the transformation from world to
image as shown in Equation 7.

B. Qualitative Results

Figure 3a illustrates an example of RSM-Loc episode. The
query image on the left side is taken from the Touchdown
dataset, and the rendered image on the right side is generated
from RS-Map. The episode begins with a query image and
a rendered image that do not share any common features
(i = 1). RSM-Loc searches for rendered scene that overlaps
with the query image. Following movements based on the
matching results, the proposed method identifies overlapping
scenes (¢ = 13) and aligns itself within the scene (¢ = 18).
Our method avoids the problem of blur noises in the rendered
scene by extracting the significant pixels. The blocking
noises caused by fumes in the query image, which the
rendered image does not have, do not affect our method
either. Eventually, the proposed method successfully locates
its pose that matches the query image. To compare with Loc-
NeREF, as shown in Figure 3b, we use a radius of 10 meters,
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TABLE I
TRANSLATION AND ROTATION ERROR

RSM-Loc (Proposed)

Loc-NeRF [17] (Single Image)

Loc-NeRF [17] (Particle Filter)

Error Radius 160 m  50m 20m 10m 100m 50m 20m 10m 100m 50m 20m 10m
Translation  Mean | 23.70 1515 827 721 5642 3019 1327 690 2377 1867 754 255
(m) Median | 1132 973 729 657 5555 3050 1410 695 2417 1620 735 242
Rotation Mean | 0.68 067 030 037 168 163 175 182 240 235 218 224
(rad) Median | 010  0.09 007 006 162 159 167 169 260 236 229 222
Heading Mean | 052 045 022 026 285 275 276 268 254 252 236 226
(rad) Median | 0.04 004 0.02 003 238 234 233 234 260 248 226 219

as Loc-NeRF is designed for areas under 10 meters. Since
particle filter is based on the sequential multiple images,
query images change in the result as described in the left
column.

C. Quantitative Results

We follow the standard evaluation metric for position and
orientation accuracy as [19]. For the positional error, we
measure Euclidean distance of estimated position p.s; and
ground truth position pg; as |[pest — Pgt||2. To measure the
orientation error, we compute minimum angle 6 that satisfies
the equation below:

2cos(]0]) = tr(R;thest) -1, )

where Rg; is ground truth rotation matrix calculated from
orientation data of the dataset and R.,; is estimated ro-
tation matrix derived by RSM-Loc. We also examine the
heading-only error, which is a crucial factor for street-level
localization problem. The overall quantitative results of the
experiments are shown in Table 1.

We compare our method with neural-field-based localiza-
tion method, Loc-NeRF [17]. Loc-NeRF employs a parti-
cle filter, necessitating multiple sequential images, whereas
RSM-Loc is a single-shot localization method. We first com-
pare pose error with likelihood from the ‘measurement step’
used in Loc-NeRF. In this case, we select one image with
the lowest weight calculated using the method. Additionally,
we compare Loc-NeRF integrated with particle filter. For the
prediction step of the particle filter, ground truth odometry is
provided to Loc-NeRF. In Table I, Loc-NeRF demonstrates
translation errors that are either less than or comparable to
those of RSM-Loc in small areas under 20m. However, it
fails to correctly estimate its orientation, which is indeed a
wrong estimation. We vary the radius of the testing area from
10m to 100m. Note that the median rotation error for RSM-
Loc remains below 6 degrees across all testing areas, while
the median heading error remains under 3 degrees, regardless
of the testing area. As Loc-NeRF is only designed for small
indoor areas of 1 x 0.5 x 3.5m, its efficacy decreases with
larger testing areas.

D. Ablation Study

1) Initial State with or without Overlapping Scenes: We
perform extra experiments to demonstrate that RSM-Loc can
locate itself irrespective of the overlap portion. To test the
performance of RSM-Loc, we change the heading value of

Initial State

Final State Query

Odeg

45 deg

90 deg

135 deg

180 deg

y.

Fig. 4. Ablation study for RSM-Loc. Given a query image, we vary the
heading value of the initial state from O to 180 degrees and test whether
RSM-Loc is able to find its final pose that corresponds to the query image.
The proposed method can successfully locate the scene of the query image,
regardless of what its initial state is.

the initial state from O to 180 degrees and see if it can match
the given query image with the correct scene. Figure 4 shows
the result of the ablation study. The correct scene is found
for both overlapping scenes, such as those with an initial
heading of 0 or 45 degrees, and non-overlapping or less-
overlapping scenes, such as those with an initial heading
of 90, 135, or 180 degrees. Since our method is based on
the 3D Gaussian splatting, there exists some 3D Gaussian-
shaped noises on the rendering images. Despite the presence
of noises on the rendered images, the significant pixel ex-
traction process effectively avoids utilizing these noises and
accurately identifies the pose. Furthermore, in overlapping
scenes (0 and 45 degrees), the proposed method fine-tunes
translation to precisely match into the query image.

2) Robustness on Environmental Change or Rendering
Noise: Additionally, we analyze the results of our method
to demonstrate the effectiveness of the proposed approach.
Figure 5 serves to visually represent the qualitative analysis
of RSM-Loc. Figure 5a shows the results of environmental
changes between the dataset used for query image (Touch-
down) and the dataset employed for constructing the RS-
Map (Manhattan). In the first two rows, the query image
has buildings on the red box whereas rendered image from
RS-Map does not have. The third row illustrates the weather
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(@) (b) (c)

Fig. 5. Additional results of RSM-Loc. (a) Environmental changes between
query image and mapping image. The first and second rows indicate the
presence of a new building, while the third row indicates the presence
of leaves depending on the seasonal variation. (b) Localization on noisy
rendering results. Even in the presence of noise in the rendered images, the
proposed method yields correct results by comparing only the valid parts
of the images. (c) Failure case of RSM-Loc. During the update step, if
rendering occurs from too disparate viewpoints, resulting in the absence of
valid pixels, the process fails.

variations between the scenes in the Touchdown dataset and
the Manhattan dataset. Despite these environmental changes,
RSM-Loc successfully aligns with the query image. The
rotation errors for first, second, and third row are 3.81, 3.67,
and 9.87 degrees, respectively. The translation errors are
6.87, 10.64, and 5.07 meters, and heading errors are 0.81,
2.11, and 10.43 degrees, respectively. Figure 5b demonstrates
the impact of rendering quality on RSM-Loc. Despite lower
rendering quality, the proposed method accurately determines
its pose by considering only the valid parts of the image.
The rotation errors for first, second, and third row are 2.77,
1.15, and 9.92 degrees, and translation errors are 7.54, 6.87,
and 9.04 meters, respectively. The heading errors are 0.59,
0.01, and 0.23 degrees, respectively. This demonstrates that
the effectiveness of the proposed method does not rely on a
perfect rendering process.

3) Failure Cases: Figure 5Sc illustrates a failure case of
RSM-Loc. If the viewpoint observes invalid areas such as the
ground or inverted scenes, as depicted in the right column
of the Figure 5c, a scene mixed with black and 3D Gaussian
noise is displayed. In this case, since there are no valid parts,
the proposed method fails in estimating the position.

V. CONCLUSION

In this paper, a new street-level localization method with
3D Gaussian splatting named RSM-Loc is proposed. RSM-
Loc is the first work that utilizes the advantages of 3D Gaus-
sian splatting methods into street-level localization problem.
To filter out noisy pixels of the reconstructed images, we
utilize key point detection to extract significant pixels and
key point matching for comparing the images. The experi-
ments demonstrate that the proposed method achieves high
performance in solving the localization problem with real-
world images compared to the neural-field-based localization
method. Additionally, we deeply analyze our method on
diverse situations to show that our method can be a new
concept for street-level real-world visual localization.
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