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Abstract
A long-standing concern with GPS-based location sensing is its
vulnerability to satellite signal loss. This may arise from adversar-
ial attacks or natural causes such as urban canyons. Today, there
are no real alternatives to GPS for providing absolute global co-
ordinates. We address this concern by introducing TerraSLAM, a
new global positioning system that uses a 3D GIS model to bridge
relative and absolute coordinate systems, thereby enhancing visual
SLAM to function as a global positioning solution. TerraSLAM of-
fers localization accuracy and efficiency comparable to GPS-RTK
even in GPS-denied settings. Extensive evaluation on drone lo-
calization scenarios shows that TerraSLAM achieves an average
global positioning accuracy of 0.21𝑚 and a 99th percentile within
0.67𝑚, outperforming advanced GPS solutions by over 70% (0.72𝑚)
and 80% (3.62𝑚). Additionally, when integrated with ORB-SLAM3,
the localization latency per frame is 16.7𝑚𝑠 , achieving a 60% re-
duction compared to the baseline of 41.3𝑚𝑠 . Code is available at
https://github.com/cmusatyalab/TerraSLAM.
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1 Introduction
The Global Positioning System (GPS[1]) and related Global Naviga-
tion Satellite Systems (GNSS1), like BeiDou[2] and Galileo[3], pro-
vide essential global and absolute geospatial coordinates—longitude,
latitude, and altitude (Fig.1(a))—that are foundational for modern
industries such as aviation, maritime, and transportation[1]. Today,
numerous autonomous devices like drones, robots, and vehicles
1For simplicity, we use GPS to represent GNSS solutions in this work.
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Table 1: Overall System Performance Comparison

Solution Accuracy (m) Latency (ms) Global Coordinates

Mean P99 Mean P99 Normal GPS-Denied

GPS 3.77 10.61 <10 <10 ✔ ✗

DGPS 0.72 3.62 10-15 10-15 ✔ ✗

RF[14, 15] 0.5-1 2-3 10-20 20-30 ✗ ✗

Radar[16, 17] 0.1-0.5 1-2 20-30 30-40 ✗ ✗

SLAM[18–20] 0.1-0.5 1-2 30-50 60-80 ✗ ✗

TerraSLAM 0.21 0.67 16.7 31.9 ✔ ✔

Ground truth from GPS-RTK with post-processing[21].

need GPS for tasks like surveying[4], disaster response[5], and
autonomous driving[6], all of which require precise and reliable
global geospatial coordinates for navigation.

However, as demonstrated in Table 1, GPS frequently encoun-
ters localization errors over 10 meters in environments like urban
canyons or dense foliage, failing to meet the precision demands
of autonomous technologies[7–9]. While differential GPS (DGPS)
and real-time kinematics (RTK) enhance accuracy, they rely on
densely pre-deployed ground stations, increasing costs and lim-
iting universality[10, 11]. In scenarios like military zones where
satellite services are typically attacked and denied, devices cannot
receive GPS signals, rendering all GPS-related technologies ineffec-
tive. Generally, GPS unreliability and denial are escalating issues,
impacting a wide range of areas and technologies[1, 12, 13].

As alternative localization solutions for mobile devices, a broad
spectrum of systems based on RF signals[14, 15, 22–24], radar[16, 17,
25, 26], and vision[8, 27–29] have recently emerged. Among them,
visual Simultaneous Localization and Mapping (SLAM), noted for
its precision and minimal sensor dependency (i.e., only a monocu-
lar camera), has become pivotal in drone flight control and robotic
operations[30–32]. As shown in Fig.1(b), SLAM processes continu-
ous image sequences to determine the camera’s pose and generate
an environmental model (i.e., a set of 3D map points)[18–20].

Unfortunately, these technologies merely provide coordinates
within user-specified, relative, and local coordinate systems, rather
than geospatial, absolute, and global ones like GPS. For instance,
SLAMyields relative locations based on the camera’s initial frame[30].
To pursue global coordinates, they inevitably depend on GPS; hence
still face GPS shortcomings. We therefore ask:
“As computer vision techniques—particularly visual SLAM—rapidly
advance, how can we transform SLAM from local positioning into a
global localization method comparable to GPS?"

In this work, we answer this question and demonstrate that
SLAM’s advanced capabilities can enable mobile devices to locate
in geospatial space. Recent advancements in 3D geographic infor-
mation system (GIS) present the key opportunity. 3D GIS services
are extensively leveraged in urban planning, industrial inspection,
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Figure 1: TerraSLAM is the first work exploiting (c) to bridge
the gap between (a) and (b).

and agriculture to visualize geospatial data with 3D models, en-
hancing user interaction and improving property management
efficiency[33, 34]. Prominent platforms like Google Earth[35] and
ArcGIS[36] showcase the wide coverage of GIS services.

Our key insight is illustrated in Fig.1. As shown, most points
in 3D GIS models possess global geographic coordinates [34]. Ad-
ditionally, these models can align with point clouds generated by
SLAM to calculate a coordinate transformation matrix. Such a dual
linkage provides the connection between local SLAM and global
GPS coordinates (detailed in §4.1). However, translating the insight
into a practical system and elevating visual SLAM to a general-
purpose localization service on par with GPS face two challenges.
•Extremeheterogeneity between SLAMandGISmodels. Envi-
ronmental point clouds generated by SLAM and those from 3D GIS
models exhibit significant differences in density, scale, and orienta-
tion. Additionally, those pre-established GIS models are frequently
outdated across various regions. Creating a transformation matrix
between such heterogeneous point clouds is generally regarded as
an NP-hard problem[9, 37] and traditional Iterative Closest Point
(ICP) based solutions [38] fail to address these discrepancies.
• Considerable discrepancies in SLAM and GPS localization
latency.As a visual-based technique, SLAMachieves high-precision
localization via computationally intensive methods for local and
global location optimization[31, 32]. On mobile devices, this of-
ten exceeds 40𝑚𝑠 per frame, paling in comparison to GPS chips
which can operate at over 60Hz (16.7𝑚𝑠). Such inefficiency also
hinders SLAM from replacing GPS, in services requiring frequent
localization, like drone flight control[39, 40].

We tackle the above challenges and propose TerraSLAM, the
first system to elevate visual SLAM, originally a local positioning
technology, to deliver global geospatial (Terra-) coordinates by
fully leveraging the GIS model as a bridge. TerraSLAM can deliver

global coordinates with accuracy and efficiency comparable to GPS-
RTK, especially in GPS-denied environments. TerraSLAM contains
two key plug-in modules, as described below.

Firstly, we introduce a Semantic-based World Alignment frame-
work to align 3D environmental point clouds from SLAM with
those from the GIS model with semantic information assistance.
On this basis, we calculate a transformation matrix that converts
localization results from local to global coordinates (§4); Secondly,
we propose a Hierarchical SLAM Acceleration strategy, which en-
compasses a suite of methods designed to speed up SLAM, while
maintaining high accuracy (§5).

We have applied TerraSLAM to drone localization scenarios,
evaluating its capability to obtain geospatial coordinates in various
environments. Table 1 presents the overall performance compari-
son of TerraSLAM relative to current practices. The experiments
involved over three hours of drone flight data, capturing more than
360,000 video frames. Evaluation results show that TerraSLAM
achieves an average localization accuracy of 0.21𝑚 with a 99% tail
accuracy of 0.67𝑚, improving accuracy by 71% and 81% over main-
stream DGPS, respectively. Additionally, TerraSLAM reduces the
average frame processing delay to 16.7ms, a 60% decrease compared
to the original ORB-SLAM3.

In summary, this paper makes the following contributions.
(𝑖) We propose TerraSLAM, the first system to elevate SLAM out-
puts from constrained, human-defined local coordinates to univer-
sal, global coordinates even in GPS-weak or denied environments.
(𝑖𝑖) We show that GIS models can bridge SLAM and GPS coor-
dinates. We further propose two plug-in modules for a practical
system that makes the accuracy and efficiency of TerraSLAM com-
parable to GPS-RTK.
(𝑖𝑖𝑖) We deploy TerraSLAM in drone localization scenarios, and
present extensive evaluation results to demonstrate its superior
performance.

2 Background and Related Work
2.1 Localization Services
GPS and related GNSS localization services are vital for navigation
and mapping, using trilateration from three or more satellites to
determine positions. However, inaccuracies often arise from atmo-
spheric delays affecting satellite signals[1]. Differential GPS (DGPS)
reduces errors by referencing ground-based or cellular stations [10].
GPS Real-Time Kinematic (RTK) achieves centimeter-level preci-
sion via carrier phase enhancement and, when raw data is fur-
ther post-processed, can reach sub-centimeter accuracy[11]. Recent
enhancements use filters to optimize DGPS exploiting historical
trajectories[41]. However, all these methods rely heavily on GPS
signals and falter in satellite denial scenarios[1, 12, 13].

As sensors proliferate on mobile devices, diverse localization
technologies employing inertial measurement units (IMU)[42–44],
radio frequency (RF) signals[14, 15, 23, 24, 45, 46], visual images[8,
27–29, 47], millimeter-wave radar[16, 25, 26], and LiDAR[48–51]
have developed, achieving accuracy down to sub-meter and cen-
timeter levels. RF-Diffusion[52] establishes a time-frequency diffu-
sion theory, and proposed the first generative diffusion model for
RF sensing and localization with millimeter-level accuracy. How-
ever, these methods provide locations only within local rather
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Figure 2: Visual SLAM and Visual Odometry

than GPS global coordinate systems[30]. Recent works leverage
OpenStreetMap[53] and Google Street View[54] images for global
positioning, but achieve only approximate region-level locations
with errors over 5𝑚[55, 56]. In summary, there are no real alterna-
tives to GPS for providing accurate global coordinates.

2.2 Visual SLAM
Visual SLAM, a cornerstone in robotics, has been intensively studied
for decades[30]. It involves simultaneously constructing a model of
the environment and estimating the robot’s state within that space.
These systems commonly utilize monocular[57, 58], stereo[18], or
RGB-D cameras[59]. Top-ranked implementations include LSD-
SLAM[57], VINS[60], and ORB-SLAM[61]. We use monocular ORB-
SLAM3[19] to illustrate how SLAM operates. As shown in Fig.2(a),
three interconnected modules calculate the camera’s pose and cre-
ate an environmental 3D model from input images.
• Visual Odometry (VO) extracts 2D ORB feature points from
each video frame and estimates camera poses (i.e., location and ori-
entation) based on spatial geometry from feature matching between
frames, as illustrated in Fig.2(b). However, due to cumulative errors
in 2D feature extraction and matching, visual odometry offers only
a rough estimate of the camera’s pose.
• Local Mapping (LM) utilizes nonlinear optimization algorithms,
like Bundle Adjustment (BA[62]), to refine camera poses and gen-
erate new 3D map points by optimizing feature points within a
defined local time window.
• Loop Closing (LC) identifies and further corrects cumulative
errors by recognizing previously visited locations (e.g., repeated
paths, similar scenes). It applies global BA to refine the entire map,
ensuring consistent and accurate mapping over long durations.

Although SLAM technology has significantly advanced, two ma-
jor issues hinder its application as a general-purpose localization
service: (𝑖) SLAM outputs are confined to a local coordinate system,
using the camera’s initial position as the origin and pixel distances
for scale, both vastly different from GPS’s global coordinates; (𝑖𝑖)
The visual feature extraction and matching in VO, and the opti-
mizations in LM and LC, are computationally intensive for mobile
devices[31, 63]. Recent studies explore edge computing to boost
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mobile-side running efficiency[31, 32, 64]. edgeSLAM2[65] reshapes
the edge-assisted SLAM paradigm by unleashing the power of on-
chip intelligence, outperforming existing methods on resource-
constrained devices. TerraSLAM directly optimizes these modules,
which is orthogonal and complementary to existing works.

2.3 3D GIS Services and Models
“A geographic information system (GIS) is a conduit that connects
data to geographic maps, transforming originally static database
entries–such as industrial production, agricultural, and urban mobil-
ity information–into observable, analyzable, and interactive elements
through GIS models”[33]. Today, 3D GIS models are the cornerstone
of GIS, offering comprehensive three-dimensional representations
of physical spaces in world coordinate systems, serving as contain-
ers for data visualization and analysis. Additionally, as industries
increasingly digitize, 3D GIS models themselves have gradually
become valuable digital assets for businesses[34].

The popularity of 3D GIS services has also surged due to tech-
nological advances. Improvements in GPS-RTK and computer vi-
sion have yielded effective algorithms for creating high-precision
3D models in world coordinate systems using cameras[66] and
LiDAR[17]. Furthermore, the evolution of 3D GIS platforms has
significantly advanced GIS technology. Systems like ArcGIS[36]
provide tools for easily creating customized 3D GIS models and
services. Moreover, well-known platforms such as Google Earth[35]
and Apple Map[67] offer 3D GIS models for many global locations,
expanding the reach of 3D GIS models and services. Amid this trend,
we leverage the detailed geographical and geometric information
behind 3D GIS models to bridge SLAM and GPS coordinate systems.

3 System Overview
The system architecture of TerraSLAM is depicted in Fig.3. Notably,
TerraSLAM does not introduce a new SLAM algorithm; rather, it
includes two plug-in modules, Semantic-based World Alignment
(SWA) and Hierarchical SLAM Acceleration. They are compatible
with most existing SLAM algorithms, enabling them to provide
global geospatial coordinates for mobile devices in real-time.

As for the specific data flow, when images are input, visual SLAM
continuously determines the camera’s location and generates envi-
ronmental point clouds in SLAM’s local coordinate system. During
this process, the Hierarchical SLAM Acceleration strategy, with its
three plug-in sub-modules, accelerates the Visual Odometry, Local
Mapping, and Loop Closing stages, significantly reducing localiza-
tion latency to levels comparable with current GPS solutions (e.g.,
DGPS). Subsequently, the Semantic-based World Alignment module
aligns the generated SLAM point clouds with pre-acquired 3D GIS
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Figure 5: Comparison of SLAM and 3D GIS models. (a) and (b)
show a factory setting, while (c) and (d) depict a university.

models (from platforms like Google Earth or ArcGIS, or through
manual surveying). It calculates a coordinate transformation matrix,
which will be eventually leveraged to translate localization results
from local to global coordinates.

4 Semantic-based World Alignment
4.1 Coordinate System Description
Three coordinate systems are utilized during model alignment as
depicted in Fig.4(a). The local SLAM and global GPS coordinate
systems serve as the input and output systems, respectively. 3D
GIS models are typically positioned in the Earth-Centered Earth-
Fixed (ECEF) coordinate system[68], which can be geometrically
converted to and from GPS coordinates using the Earth’s radius
and eccentricity [69]. Additionally, both ECEF and SLAM systems
employ Cartesian coordinates, which allow for transformations
from SLAM to ECEF using an affine transformation matrix, denoted
as 𝑻ES in Fig.4(b).
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4.2 Design Insight and Workflow
To calculate the vital 𝑻ES , a straightforward approach involves us-
ing the classic ICP algorithm to optimize it through point cloud
registration[37]. Specifically, with point clouds in the SLAM coor-
dinate system, {𝑝S

𝑖
}, and the GIS model point clouds in the ECEF

system, {𝑝E
𝑖
}, ICP determines 𝑻ES by optimizing the function:

min
𝑻 E
S ,𝜎 (𝑖 )

∑︁
𝑖

∥𝑻ES 𝑝
S
𝑖 − 𝑝

E
𝜎 (𝑖 ) ∥

2, (1)

where 𝜎 (𝑖) represents the optimal correspondence mapping be-
tween the point clouds. An affine transformation matrix is typically
a 4×4 matrix with 12 degrees of freedom, allocated for scaling (3),
shearing (3), translation (3), and rotation (3). Therefore, to optimize
𝑻ES from Eq.1, we require at least 12 pairs of well-matched points.
However, even with recent enhancements [9, 38], ICP assumes sub-
stantial overlap between point clouds from two coordinate systems
and minimal differences in scale, orientation, and density. These
assumptions are invalid when significant disparities exist between
the SLAM and GIS model point clouds, as illustrated in Fig.5.

To tackle this challenge, we introduce the SWA workflow de-
picted in Fig.6. Our key design insight is initially establishing
coarse model alignment during the offline initialization phase us-
ing advanced 3D visual techniques, such as point cloud semantic
segmentation[70, 71] and spatial matching[72]. Such methods over-
come the challenges of aligning SLAM with GIS models across
varied scales, orientations, and densities. The outcome of this phase
is an initial transformation matrix, 𝑻rough, which lays the founda-
tion for further refinement. During the online fine-tuning phase, our
enhanced ICP algorithm refines 𝑻rough to achieve greater precision
in model alignment, resulting in 𝑻fine. This refined matrix facilitates
converting points from the SLAM coordinate system to the ECEF
and eventually the global coordinate system.

It is important to note that in TerraSLAM, the computationally
intensive offline initialization phase is required only once and can
be performed on a server. Specifically, for any scenario, once the
first device conducts a site survey and collects environmental im-
ages, TerraSLAM will compute and store 𝑻rough in its GIS database
(detailed in §6). This matrix is calculated once and can be used
continuously; thus, subsequent devices utilizing TerraSLAM in the
same setting need not undergo offline initialization again. Despite
environmental variations encountered by subsequent devices or the
potential obsolescence of the GIS model, the offline phase provides
only a preliminary matrix for refinement. Precise adjustments are
made during the online fine-tuning phase, where 𝑻fine is finalized
and GPS coordinates are acquired in real-time. We describe the
details of this two-step process in §4.3 and §4.4 below.
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Figure 7: Semi-Dense Mapping and Alignment Results. (a) and (b) show the results of semantic segmentation and model matching on a
large scale; (c) and (d) provide a zoomed-in view of a building, highlighting semantic contours and corners.

4.3 Offline Initialization
4.3.1 Semi-Dense Mapping. Given a series of video frames from a
site survey, TerraSLAM initially runs an offline semi-dense mapping
module. In this phase, advanced visual SLAM frameworks capable
of generating and optimizing semi-dense or dense point clouds,
such as ColMap[73] and other DNN-based SLAM algorithms[74],
are employed to create a more detailed SLAM environmental model.
As shown in Fig.5, compared to the sparse point clouds generated
by real-time SLAM during the online phase (e.g., ORB-SLAM3[19],
LSD-SLAM[57]), the point clouds produced in the offline phase are
denser, offer stronger environmental representation, and contain
richer color and semantic information. However, despite differ-
ences in appearance, both types of point clouds are located within
the same SLAM coordinate system, as they are both optimized
from video sequences and share similar original point and pixel
scales. The transformation matrix 𝑻ES calculated using the semi-
dense model can also be applied in the online phase with those
sparse models.

4.3.2 Model Semantic Segmentation and Matching. We employ
PointNet++[71] to perform semantic segmentation on both the
generated dense model and the 3D GIS model. Subsequently, based
on the segmentation results, we extract key objects that are easily
distinguishable from various angles and remain static over long
periods. In this work, our focus is on leveraging buildings and roads
to roughly match the scale and orientation between the models as
shown in Fig.7(a).

For model alignment, we initially calculate the corner coordi-
nates for each segmented road and building, as exhibited in Fig.7(c).
We then set the centroid of the largest building in the scene as the
new reference origin. From this origin, we compute relative vectors

to each corner, resulting in two vector sets for roads and buildings,
{𝒓𝑖 } and {𝒃𝑖 }. These procedures are applied to both the semi-dense
model in the SLAM coordinate system and the GIS model in the
ECEF coordinate system. Similar to Eq.1, we solve for 𝑻rough by:

min
𝑻rough,𝜎 (𝑖 )

∑︁
𝑖

∥𝑻rough𝒓𝑺𝑖 − 𝒓
𝑬
𝜎𝑟 (𝑖 ) ∥

2 + ∥𝑻rough𝒃S𝑖 − 𝒃
𝑬
𝜎𝑏 (𝑖 ) ∥

2, (2)

where 𝜎 (𝑖) still represents the correspondence mapping.
Furthermore, to address the variations in segmentation results

across different models and inherent discrepancies between SLAM
andGISmodels, we implement random sample consensus (RANSAC)
to enhance the robustness of Eq.2. RANSAC[18] involves running
multiple iterations of Eq.2 by randomly selecting subsets of {𝒓𝑖 } and
{𝒃𝑖 } during each round of optimization, and eventually choosing
the optimal 𝑇rough for the output.

4.4 Online Fine-Tuning and Globalization
4.4.1 Transformation Matrix Fine-Tuning. When subsequent mo-
bile devices run visual SLAM, the online phase aligns the GIS model
with the newly generated sparse SLAM model to optimize 𝑻fine.
As mentioned above, 𝑻rough aligns the SLAM and ECEF coordinate
systems in scale, origin, and orientation, enabling refinement us-
ing the ICP algorithm. To boost accuracy and efficiency, we adopt
two strategies from the Open3D ICP library[75]: (𝑖) we enhance
traditional ICP with Fast Point Feature Histograms (FPFH) and
normal vectors to assess the geometric similarity of point clouds;
(𝑖𝑖) we down-sample the GIS model, focusing on corners and line
features to enhance processing speed. The final model alignment is
illustrated in Fig.7(b) and Fig.7(d), showing SLAM point clouds that
are scaled, rotated, translated, and attached to GIS models. The
online optimization module is activated every 200 frames during
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Figure 8: Illustration of Progress Local Mapping. The blue
dashed line shows the intermediate result by VO; the red area
denotes the reliable area based on historical trajectory.

SLAM operations, where it generates a batch of 3D map points.
Optimizing 𝑻fine based on 𝑻rough can run in real-time with latency
<2𝑚𝑠 on a lightweight Ubuntu laptop (details in §6).

4.4.2 Global Coordinates Acquisition. After obtaining 𝑻fine, we can
transform the camera’s local SLAM coordinates 𝒑 into the ECEF
as 𝑻fine𝒑 = (𝑥𝐸 , 𝑦𝐸 , 𝑧𝐸 ). Finally, leveraging the World Geodetic
System 1984 (WGS-84[69]) earth ellipsoid model, we can obtain the
camera’s GPS coordinates:

lon. = arctan 2(𝑦𝐸 , 𝑥𝐸 ), (3-a)

𝑁 =
𝑎√︁

1 − 𝑒2 · sin2 (lat.)
, (3-b)

lat. = arctan
©­­«
𝑧𝐸 + 𝑒2 · 𝑁 · sin(lat.)√︃

𝑥2
𝐸
+ 𝑦2

𝐸

ª®®¬ , (3-c)

alt. =

√︃
𝑥2
𝐸
+ 𝑦2

𝐸

cos(lat.) − 𝑁, (3-d)

where 𝑎 is Earth’s semi-major axis and 𝑒 its first eccentricity. Cal-
culating latitude should iteratively optimize 𝑁 and lat. within the
implicit expressions, Eq.(3-b) and Eq.(3-c), until convergence.

5 Hierarchical SLAM Acceleration
5.1 Design Goal and Insight
The design goal of our proposed hierarchical SLAM acceleration is
twofold: Firstly, to enhance the speed of visual SLAM on mobile
devices or cloudlets, matching the latency of existing GPS solu-
tions on drones and robots (e.g., DGPS with latency around 15𝑚𝑠).
Secondly, the acceleration modules should be portable, easily inte-
grating as plug-ins into various SLAM systems, particularly those
using keyframes and map points, with minimal code adjustments.
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Figure 9: Illustration of Recursive Loop Closing. The high-
lighted frames are leveraged for BA optimization.

To achieve these goals, we design three sub-modules within
TerraSLAM to enhance all three SLAM components, as depicted
in Fig.3. As mentioned in §2.2 and current practice [31, 32], the
computationally intensive tasks in SLAM include the operations on
visual features in VO, and the complex BA optimization in LC and
LM. To handle the former, we leverage a GPU-Accelerated VO strat-
egy. Specifically, the input image is divided into 256 patches, and
each patch undergoes feature extraction, descriptor computation,
and inter-frame feature matching in parallel on GPU cores. The
acceleration is compatible with advanced GPUs on edge servers or
cloudlets (e.g., NVIDIA RTX/A/H series) and lightweight GPUs on
mobile devices (e.g., NVIDIA Tegra and Pascal series). Currently,
we focus on ORB features, and TerraSLAM supports all ORB-SLAM
variants[18–20, 61].

To accelerate BA optimization in LC and LM, we recognize that
runtime heavily depends on window size 𝑤 , which theoretically
scales quadratically, 𝑂 (𝑤2). Existing approaches often use a fixed
𝑤 (e.g.,𝑤 = 10), but we propose dynamically adjusting𝑤 based on
the current tracking state. For instance, stable tracking and accurate
VO estimates negate the need for a large𝑤 , while poor VO tracking
necessitates a larger𝑤 for detailed optimization. In TerraSLAM, we
leverage this insight in LM and LC optimizations, introducing two
hierarchical solutions as detailed below.

5.2 Progressive Local Mapping
We introduce a progressive local mapping module to accelerate the
LM in SLAM. As shown in Fig.8, after VO estimates the pose for
the current video frame 𝐼𝑘+𝑤 , LM conducts local BA using frames
and map points within a sliding window of size𝑤 , enhancing pose
accuracy for 𝐼𝑘+𝑤 . In TerraSLAM, we dynamically adjust𝑤 based
on a reliable region R𝑘+𝑤 calculated from positions and velocities
of frames from 𝐼𝑘−𝑤 to 𝐼𝑘−1:

R𝑘+𝑤 =
{
𝑃𝐼𝑘+𝑤 ∈ R

3 |


𝑃𝐼𝑘+𝑤 − 𝑐𝑘+𝑤

 ⩽ 𝑟𝑘+𝑤

}
,

𝑐𝑘+𝑤 = 𝑃𝐼𝑘+𝑤−1 +
𝑃𝐼𝑘+𝑤−1 − 𝑃𝐼𝑘

𝑤
, 𝑟𝑘 =

𝑃𝐼𝑘+𝑤−1 − 𝑃𝐼𝑘
3𝑤

.
(4)
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Algorithm 1: Recursive Loop Closing
Input: Set of keyframes {𝐼 𝑗 | 𝑗 ∈ [𝐼start, 𝐼current]}; Sliding

window size𝑤
1 Perform initial bundle adjustment on frames from
[𝐼start, 𝐼start+𝑤] ∪ [𝐼current−𝑤 , 𝐼current].

2 if Camera location of 𝐼current−𝑤 is within the reliable region
from 𝐼current−𝑤−1 then

3 Recursive Loop Closing completed.
4 return
5 else
6 𝐼temp ← 𝐼current−𝑤
7 while 𝐼temp > 𝐼start do
8 Perform bundle adjustment on frame set

[𝐼temp−𝑤 , 𝐼temp+𝑤].
9 if Camera location of 𝐼temp−𝑤 is within the reliable

region from 𝐼temp−𝑤−1 then
10 Recursive Loop Closing completed.
11 return
12 else
13 𝐼temp ← 𝐼temp−𝑤

If the VO’s intermediate result lies within R𝑘+𝑤 , indicating sta-
ble motion (see Fig.8(a)), we reduce 𝑤 by half, maintaining accu-
racy while cutting optimization time to a quarter. Conversely, an
outcome outside R𝑘+𝑤 as illustrated in Fig.8(b) indicates dynamic
movement, requiring full-window BA for detailed optimization.

In numerous applications like drone inspections and robotic sur-
veying, where stable environmental observation is crucial, device
acceleration typically does not experience sudden changes. Ac-
cording to our tests, most frames align with the scenario depicted
in Fig.8(a). Overall, progressive local mapping can reduce the time
spent on LM optimizations by approximately 50% (§7.5).

5.3 Recursive Loop Closing
In SLAM systems, loop closing significantly corrects cumulative
errors and enhances positioning accuracy. However, it also con-
tributes to prolonged localization latencies. Typically, for keyframes
that activate loop closing, localization latency can spike to over
100ms. Taking a real LC example, as depicted in Fig.9(a), a drone
flies over a lawn and counterclockwise around a building. The sys-
tem identifies content similarities between video frames 𝐼120 to 𝐼124
and 𝐼30 to 𝐼34, triggering the LC. Subsequently, SLAM performs a
global BA optimization on these 95 frames (highlighted in Fig.9(b))
and their associated 3Dmap points. Similar to the local mapping dis-
cussed earlier, with an 𝑂 (𝑛2) algorithmic complexity, this process
significantly increases system latency.

However, in TerraSLAM, we observe that the drone’s flight tra-
jectory is relatively stable, and SLAM tracks the camera’s pose
effectively, resulting in minimal cumulative error when loops are
detected. This observation implies that a blanket optimization of
all data within a loop may be unnecessarily heavy-handed. Based
on this insight, we propose a recursive loop closing strategy, whose
pseudocode is presented in Algorithm 1. The rationale behind it
is that since localization errors progressively accumulate from the
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start (𝐼30) to the current (𝐼124) frame, our optimization should pro-
ceed in the opposite direction: starting with the most recent frames
and map points detected in the loop to address larger errors first
(Line 1 in Algorithm 1), and recursively moving the optimization
window backward (Line 7–Line 13) until the cumulative error is
within acceptable limits or the window reaches the start frame
(Line 2 and Line 9).

Returning to the example in Fig.9, TerraSLAM initially utilizes
the current frames where the loop is detected for BA optimization,
specifically from 𝐼115 to 𝐼124 and 𝐼30 to 𝐼39, as shown in Fig.9(c).
After this initial optimization, if the position of 𝐼115 falls within the
reliable region R115—calculated from 𝐼114 as described in §5.2—no
further LC operations are needed. However, if 𝐼115 is outside R115,
TerraSLAMwill extend the optimization to include frames from 𝐼110
to 𝐼120 for further refinement, as depicted in Fig.9(d). Such recursive
optimization continues moving backward until a frame falls within
the reliable region or reaches the starting frame 𝐼30.

6 Implementation
TerraSLAM’s API for supporting different GIS sources. To
effectively utilize various GIS data sources and enhance data reuse,
TerraSLAM introduces a unified API comprising three key compo-
nents as illustrated in Fig.10.
• Pre-fetch API. When TerraSLAM starts, the API first checks
a local GIS database to determine if the required GIS model and
corresponding SLAM-to-GPS coordinate transformation matrix are
cached locally. If a cache hit occurs, these matrix will be directly
leveraged by TerraSLAM for global positioning.
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Table 2: Dataset Description
# Factory-A (F-A) Factory-B (F-B) University-A (U-A) University-B (U-B)

Total Frames 120,000+ 120,000+ 60,000+ 60,000+

(Jul.–Sep.) Sample
Image from

Drone

(Oct.–Dec.)
Sample Image
from Drone

Lighting Normal / Under-Exposure Normal / Under-Exposure Normal / Over-Exposure Normal / Over-Exposure

3D GIS Model

Model Staleness Moderate-outdated Outdated Up-to-Date Up-to-Date

• 3D GIS API. If the required 3D GIS model is missing (i.e., a
cache miss), this API fetches the necessary 3D GIS model from
multiple online 3D GIS platforms like ArcGIS[36], Google Earth[35],
or OpenTopography[76]. When the system starts, the API fetches
3D GIS models (or 3D point cloud) from GIS sources within a radius
of 10𝑘𝑚 around the drone’s rough initial GPS position. Once fetched,
these models will be utilized by TerraSLAM.
• SaveCache API. After fetching these GIS models and computing
the SLAM-to-GPS coordinate transformation, the API saves both
the model and the corresponding transformation matrix back to
the local GIS database for future usage.
TerraSLAM for drone localization.We implement TerraSLAM
for real-time global geospatial localization on drones, using a DJI
Phantom 4 Pro as shown in Fig.11b. The online localization part
of TerraSLAM is built upon ORB-SLAM3 and is readily portable to
other SLAM systems that utilize keyframes and map points. Due
to the absence of onboard computing resources on the drone, we
relayed its video frames in real-time through RTSP to an Ubuntu
laptop configured with an Intel i7-8650U 1.90GHz 4-core CPU and
a lightweight 256-core NVIDIA PascalTM GPU, which can be lever-
aged for VO acceleration. Recently, an increasing number of drones
and robots have been equipped with advanced computing resources,
such as the Nvidia Jetson TX2 and AGX Xavier. The laptop we cur-
rently use for processing, which has comparable computational
capabilities, demonstrates that TerraSLAM can be directly deployed
onboard in the future.

The offline part of TerraSLAM leverages ColMap[73, 77] for
semi-dense mapping and PointNet++[71] for point cloud semantic
segmentation, running on a cloudlet equipped with an AMD Ryzen
Threadripper 7960X 24-Core CPU and dual Nvidia RTX 4090 GPUs.
The offline computation, required only once, aligns the SLAM, ECEF,
and GPS global coordinate systems. In our factory setting, the cold
start to completion of this computation takes around 2 hours.

7 Evaluation
7.1 Experimental Methodology
Field Studies.We conduct drone global localization experiments
across four representative scenes near a university and a factory
(denoted F-A, F-B, U-A, U-B), as depicted in Fig.11a and Table 1.
Our experiments, spanning six months, gather over 360,000 frames
under varied seasonal, weather, and lighting conditions to eval-
uate the robustness of TerraSLAM. Additionally, the accuracy of
GIS models varies across scenes: university models are regularly
updated and highly precise, whereas factory models are less main-
tained. Specifically, model F-A is moderately outdated, and F-B
is significantly outdated, missing updates like new buildings and
lawn renovations. These challenging conditions further validate
TerraSLAM’s effectiveness in environments where GIS models are
infrequently updated, demonstrating its robustness across more
common scenarios.
Ground Truth Acquisition. We assess localization accuracy
within the global ECEF coordinate system. Our ground truth is
from GPS-RTK equipment, which includes a mobile rover with a
dual-frequency GPS antenna mounted on the drone (Fig.11b), and a
ground station (Fig.11c). We collect raw GPS data from both the mo-
bile rover and ground station for post-processing kinematic (PPK)
optimization. The results are then transformed into the ECEF coor-
dinate system to serve as ground truth. A synchronizer is mounted
on the drone’s camera controller and provides 𝜇𝑠-level synchro-
nization accuracy between GPS and camera readings, crucial for
aligning localization results and measuring system latency.
Baselines. To fairly demonstrate TerraSLAM’s capabilities against
standard GPS, which often has an error exceeding 3 meters, we
also deploy differential GPS (DGPS) as a baseline. DGPS, crucial for
mobile and vehicular localization, uses dual-frequency GPS anten-
nas and differential algorithms to enhance accuracy by periodically
updating GPS results with correction signals from cellular base
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Figure 12: Overall SystemPerformance Comparison. (f) highlights the key components of a violin plot, which is used in the visualizations
of Fig.12(e), Fig.13(c), Fig.13(d), and Fig.14(a).

stations. In our experiments, the RTK ground station provides cor-
rection signals every 5 seconds to the mobile rover for DGPS. We
also use state-of-the-art technology to smooth DGPS results in real-
time[41], allowing further comparison with TerraSLAM’s accuracy.
Additionally, to validate TerraSLAM’s portability, we integrated it
with various SLAM systems, including original ORB-SLAM3[19],
PL-ORB[20], and ORB-SLAM3 with dense mapping (Dense-ORB),
and compared their performance.

7.2 Overall Performance
7.2.1 Accuracy. We first evaluate TerraSLAM against two GPS-
based technologies, DGPS and DGPS enhanced with a smooth-
ing function (Smoothed-DGPS). The results, depicted in Fig.12(a),
demonstrate TerraSLAM’s superior performance. With an average
localization accuracy of 0.21𝑚, TerraSLAM outperforms Smoothed-
DGPS and DGPS by 62.4% and 71.2%, respectively. Furthermore,
at the 99th percentile, TerraSLAM achieves a localization accu-
racy of 0.67𝑚, compared to 0.98𝑚 for smoothed DGPS and 3.62𝑚
for standard DGPS, surpassing these systems by 31.7% and 81.5%,
respectively.

We analyze TerraSLAM’s localization accuracy across scenarios,
as shown in Fig.12(b). In environments F-A, F-B, U-A, and U-B,
TerraSLAM outperformed smoothed DGPS by over 45%, achieving
localization accuracies of 0.23𝑚, 0.39𝑚, 0.15𝑚, and 0.23𝑚, respec-
tively. Notably, TerraSLAM exhibited significantly lower variance,
approximately 0.13, compared to 0.4 and 0.65 for smoothed-DGPS
and DGPS. The results highlight TerraSLAM’s superior global po-
sitioning capabilities, especially in GPS-challenged environments
such as F-A and F-B, where excessive metal construction materials
disrupt signal reception. In these settings, TerraSLAM achieves
more reliable results than traditional advanced GPS solutions.

7.2.2 Latency. We then evaluate the latency of each system. We
define latency for TerraSLAM as the processing time per frame,

and for DGPS and smoothed-DGPS as the algorithm delay in opti-
mizing GPS results based on correction signals. The measurements,
shown in Fig.12(c), depict that TerraSLAM’s average latencies in
environments F-A, F-B, U-A, and U-B are 14.1𝑚𝑠 , 15.2𝑚𝑠 , 12.8𝑚𝑠 ,
and 20.3𝑚𝑠 , respectively. These results are higher than DGPS by
around 5–8𝑚𝑠 but lower than DGPS w/Smooth by 2–4𝑚𝑠 . Notably,
GPS-based solutions demonstrate consistent latency across differ-
ent scenarios with minimal variance. However, as a vision-based
solution, TerraSLAM experiences more variance in processing times
due to varying visual textures across scenes, with variances noted
as 2.7, 2.5, 3.6, and 3.9 in different scenarios.

We further focus on TerraSLAM itself to explore its impact on
the efficiency of the original SLAM system (i.e., ORB-SLAM3 in
this experiment). The results, displayed in Fig.12(d), reveal that
the average latency per frame and P99 latency of ORB-SLAM3
decreased from 41.2𝑚𝑠 and 57.2𝑚𝑠 without TerraSLAM, to 16.7𝑚𝑠

and 31.8𝑚𝑠 with TerraSLAM, respectively. Additionally, the latency
distribution became more concentrated. The above performance
illustrates TerraSLAM’s effectiveness in accelerating SLAM. The
contributions brought by each module within TerraSLAM will be
detailed in subsequent evaluations (§7.5).

7.2.3 TerraSLAM’s performance in different scenarios. TerraSLAM’s
accuracy and latency across four different scenarios are illustrated
in Fig.12(e), with average and P99 values previously reported in
comparative experiments. Fig.12(e) clearly shows the worst local-
ization accuracy in scenario F-B, with average and P99 values at
0.31𝑚 and 0.48𝑚 respectively. Such decreased precision is due to
the outdated GIS model in the F-B area, as shown in Table 1, which
affects coordinate alignment accuracy. Regarding latency, the U-B
scenario, characterized by many overexposed images, necessitates
more time-consuming visual feature extraction and matching. This
results in an increase of 3𝑚𝑠 and 8𝑚𝑠 in average and P99 latency,



MobiSys ’25, June 23–27, 2025, Anaheim, CA, USA Jingao Xu, Mihir Bala, and Thomas Eiszler, et al.

0 100 200 300 400 500
#Frame

0

10

20

30

CP
U 

Us
ag

e 
(%

) TerraSLAM
ORB-SLAM3

(a) CPU Usage Measurements

400 405 410 415 420
#Frame

0

10

20

30

40

La
te

nc
y (

m
s)

LM
LC

TerraSLAM ReducedTerraSLAM Reduced

(b) Latency of Each Module and Frame

U-A
Normal

U-A
Overexp.

U-B
Normal

U-B
Overexp.

0.0

0.1

0.2

0.3

0.4

Lo
ca

liz
at

ion
 E

rro
r (

m
)

0

10

20

30

40

La
te

nc
y p

er
 F

ra
m

e 
(m

s)

(c) Impact of Lighting (Over-exposure)

F-A
Normal

F-A
Underexp.

F-B
Normal

F-B
Underexp.

0.0

0.1

0.2

0.3

0.4

0.5

Lo
ca

liz
at

ion
 E

rro
r (

m
)

0

10

20

30

40
La

te
nc

y p
er

 F
ra

m
e 

(m
s)

(d) Impact of Lighting (Under-exposure)

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Localization Error (m)

0.0

0.2

0.4

0.6

0.8

1.0

CD
F

Slow
Normal
Fast

(e) Impact of Different Flight Speed

0.0 0.5 1.0 1.5 2.0
Localization Error (m)

0.0

0.2

0.4

0.6

0.8

1.0

CD
F

Up-to-Date
Moderately Outdated
Outdated

(f) Impact of 3D GIS Model Staleness

Figure 13: System Robustness and Resource Overhead Evaluation

respectively, compared to scenario U-A. More detailed analysis is
presented in a later section §7.4.

7.3 Resource Overhead
We select a continuous segment of 500 frames from a flight tra-
jectory in scenario F-A and record the CPU usage when running
on the Ubuntu Laptop described in §6. As shown in Fig.13(a), Ter-
raSLAM achieves an average CPU usage of 7.8%, compared to 14.8%
for the original ORB-SLAM3, reducing CPU consumption nearly
by half. Additionally, TerraSLAM experiences fewer CPU usage
peaks, with a maximum usage of only 15.3%, compared to 28.2%
in the original ORB-SLAM3. Given that SLAM is a foundational
yet lower-level localization task for drones, reducing resource con-
sumption in this area frees up computational resources to support
higher-level applications.

We further provide a detailed zoom-in analysis from Frame #400
to #420 to illustrate how TerraSLAM accelerates the local map-
ping and loop closing modules. As shown in Fig.13(b), TerraSLAM
reduces latency for pose optimization within the local mapping
module by approximately 24.6% to 56.5% per frame. The PLM mod-
ule (§5.2) dynamically selects optimization window sizes based
on the stability of VO tracking. Typically, for frames with stable
tracking status, the optimization window can be reduced by half
compared to the original ORB-SLAM3, substantially decreasing
both latency and computational resource consumption.

For the Loop Closing module, every frame has to undergo loop
detection. Since this process consumes only a small fraction of com-
putational resources (e.g., latency within 3𝑚𝑠), TerraSLAM does
not propose a dedicated acceleration module for it. However, when
a loop is detected, such as at frame 406, the RLC module (§5.3) will
accelerate loop closing optimization. As illustrated in Fig.13(b), Ter-
raSLAM notably reduces latency from 43.5𝑚𝑠 to 22.4𝑚𝑠 , achieving
a 48.5% reduction, which considerably lowers the overall computa-
tional overhead of SLAM.

7.4 Robustness Evaluation
7.4.1 Impact of Lighting. As a vision-based technique, the robust-
ness under varying lighting conditions is critical because changes in
lighting significantly affect image quality. Figures 13(c) and 13(d) il-
lustrate how different lighting conditions, specifically overexposure
and underexposure, impact TerraSLAM’s performance.

Fig.13(c) shows that overexposure due to direct sunlight hitting
the drone’s camera in the U-B scenario (as detailed in Table 1) re-
duces the clarity of visual textures, thereby significantly degrading
SLAM performance. Under normal lighting, average localization
accuracies for U-A and U-B are 0.09𝑚 and 0.13𝑚, respectively. In
overexposed conditions, these accuracies deteriorate to 0.13𝑚 and
0.2𝑚, marking a decline of approximately 44% and 54%. In the U-B
scenario, the P99 accuracy escalates from 0.28𝑚 to 0.45𝑚, accom-
panied by tracking loss occurrences. Underexposure similarly im-
pacts system accuracy, as shown in Fig.13(d). Compared to normal
lighting, the average localization accuracy in dark (underexposed)
environments for scenarios F-A and F-B decreases by 57% (i.e., from
0.09𝑚 to 0.21𝑚) and 52% (i.e., from 0.14𝑚 to 0.29𝑚), respectively.

Regarding latency, the instability of the visual odometry module
in extracting sufficient visual features frequently necessitates more
complex optimization processes in the local mapping module. For
instance, joint optimization of tracking and mapping results over
extended frame windows is required more often, increasing com-
putational demand. Additionally, in ORB-SLAM, extracting enough
visual features often involves adding computational layers to the
image pyramid[61], further adding to computational overhead.

Under normal lighting conditions, Fig.13(c) shows average laten-
cies for scenarios U-A and U-B at 11.2 ms and 17.1 ms, respectively.
However, under overexposed conditions, latency increases to 16.3
ms and 25.2 ms, representing increments of approximately 46% and
47%. Fig.13(d) further illustrates latency increases under underex-
posure conditions in scenarios F-A and F-B, from 11.3 ms and 21.2
ms under normal lighting to 17.6 ms and 28.7 ms, respectively. In
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particular, P99 latency exceeds 36 ms in both U-B (overexposed)
and F-B (underexposed) scenarios, adversely affecting the real-time
performance of TerraSLAM.

Despite these challenges, TerraSLAM demonstrates better ac-
curacy compared to DGPS under overexposed and underexposed
conditions. The broader adoption of HDR cameras could help miti-
gate these lighting-related performance issues.

7.4.2 Impact of Flight Speed. We further test the localization accu-
racy of TerraSLAM at varying flight speeds within the F-A scenario.
As shown in Fig.11a, the total flyable length of the factory build-
ing area is around 400 meters. We conduct multiple flights over
this distance in different durations and classify the average flight
speed as Fast (i.e., > 10𝑚/𝑠), Normal (5-10𝑚/𝑠), and Slow (< 5𝑚/𝑠).
The results, shown in Fig.13(e), indicate that at slow, normal, and
fast speeds, TerraSLAM achieved average localization accuracies
of 0.08𝑚, 0.14𝑚, and 0.21𝑚, respectively, with P99 accuracies of
0.16𝑚, 0.31𝑚, and 0.51𝑚. In practical applications such as industrial
inspections and environmental surveying, drones/robots typically
fly/run at moderate speeds (classified as slow or normal in this
experiment). In these scenarios, TerraSLAM consistently delivers
high-precision global localization.

As for high-speed flying (i.e., speed > 10𝑚/𝑠), in our experiments,
the drone is equipped with a 60 FPS rolling shutter camera, which is
prone to motion blur and rolling shutter effects, making the visual
features in the input video frames less distinct and thus reducing
TerraSLAM localization accuracy. However, advancements in cam-
era technology will enable the deployment of higher frame rate
cameras (e.g., 100FPS), which can mitigate these issues.

7.4.3 Impact of GIS Model Staleness. The staleness of the GIS
model critically impact the alignment accuracy between the SLAM
and GPS coordinate systems in TerraSLAM, thereby significantly
influencing its performance. To assess the effect of GIS model stale-
ness on TerraSLAM’s accuracy, we explore scenarios with varying
model recency. As described earlier and shown in Table 1, U-A and
U-B have up-to-date GIS models, while the F-B’s model is mostly
outdated with new buildings and updated lawns not reflected; F-A
faces some changes in building contours.

Experimental results, depicted in Fig.13(f), reveal that under
three degrees of model staleness, TerraSLAM achieves mean ac-
curacies of 0.12𝑚, 0.19𝑚, and 0.43𝑚, with P99 accuracies of 0.58𝑚,
0.72𝑚, and 0.92𝑚, respectively. The model deterioration causes a
substantial increase in mean localization error, tripling in scenarios
where the model is outdated. However, even in such worst-case,
TerraSLAM maintains higher accuracy compared to DGPS systems,
underscoring its effectiveness against model aging. Technically, as
long as the primary buildings and roads within the scene remain
relatively unchanged, our proposed SWA can align the SLAM and
GPS coordinates. This feature broadens TerraSLAM’s applicability,
as it operates effectively without relying exclusively on highly accu-
rate or frequently updated GIS models. Models from widely covered
sources such as Google Earth and other map tools are sufficient to
support TerraSLAM’s functionality.

7.4.4 Impact of Different Computing Devices. Table 3 illustrates the
performance of TerraSLAM on running various devices as detailed
in §6. When deployed on a mobile platform such as the Nvidia

Table 3: TerraSLAM Performance on Different Devices

Device Cost Accuracy (m) Latency (ms)

Mean P99 Mean P99

Nvidia Jetson TX2 $700 0.32 0.89 25.7 43.3
Ubuntu Laptop $2,000 0.21 0.67 16.8 31.9

Cloudlet (RTX 4090) $10,000 0.18 0.62 9.2 21.2

Table 4: Average Point Alignment Error (m)

Matrix F-A (Aug.) F-A (Nov.) U-A (Aug.) U-A (Nov.)

𝑻rough 0.57 0.44

𝑻fine 0.033 0.045 0.018 0.031

Jetson TX2, TerraSLAM achieves a mean accuracy of 0.32𝑚 and a
P99 accuracy of 0.89𝑚, with mean and P99 latencies of 25.67𝑚𝑠 and
43.28𝑚𝑠 respectively. The performance improves on our Ubuntu lap-
top and reaches its peak on the cloudlet, showcasing the benefits of
increased computational power. These improvements are primarily
due to the increased efficiency in visual feature extraction and the
faster execution of optimization algorithms that benefit from higher
processing power. With the advent of new computing architectures
like Neural Processing Units (NPU) on mobile devices, TerraSLAM
is poised for promising real-time, high-accuracy localization across
an even wider array of applications and environments.

7.5 Ablation Study
7.5.1 Performance of SWA. In the F-A and U-A, we evaluate model
alignment in August and November, respectively. We calculate the
average point alignment error, derived by dividing the total residual
of Eq.1 by the number of points in the generated SLAM point clouds.
The offline part of SWA, responsible for calculating the initial 𝑻rough,
is computed only once in Aug., with subsequent online refinements
of 𝑻fine based on 𝑻rough. As shown in Table 4, model alignment
based on 𝑻rough yields an average alignment error of 57𝑐𝑚 for F-A
and 44𝑐𝑚 for U-A. After online fine-tuning, the error is reduced
to 3.3𝑐𝑚 and 1.8𝑐𝑚 in Aug. and to 4.5𝑐𝑚 and 3.1𝑐𝑚 in November.
The degradation observed in November is attributed to seasonal
vegetation changes, causing accuracy discrepancies between the
real-world and the GIS model (shown in Table 1). Focusing on
robust features like buildings and roads in SWA ensures alignment
stays within an acceptable range, supporting accurate localization.

7.5.2 Performance of Hierarchical SLAM Acceleration. The hier-
archical acceleration module (§5) in TerraSLAM includes three
sub-modules: GPU-accelerated VO (GA), progressive local mapping
(PLM), and recursive loop closing (RLC), each enhancing a specific
SLAM component. We begin with basic ORB-SLAM3, incrementally
adding GA, PLM, and RLC, transforming it into the full TerraSLAM
system. We document the system’s accuracy and latency improve-
ments following each module’s integration.

Experimental results in Fig.14(a) show GA integration reducing
average system latency from 40.3𝑚𝑠 to 24.6𝑚𝑠 , improving accuracy
from 0.15𝑚 to 0.11𝑚 through more efficient ORB feature process-
ing. The introduction of PLC further reduced latency to 19.8𝑚𝑠

by optimizing over 𝑤/2 time windows, slightly increasing accu-
racy to 0.12𝑚. RLC subsequently cut P99 latency from 31.2𝑚𝑠 to
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Figure 14: Ablation and Portability Study

22.4𝑚𝑠 , a 28% drop, by streamlining time-intensive loop closure
detection. The final accuracy is maintained at 0.14𝑚. Currently, our
PLM and RLC’s optimization is based on𝑤/2. This parameter can
be adjusted according to specific scenario requirements to achieve
a better accuracy-efficiency tradeoff.

7.6 Portability of TerraSLAM
We evaluate TerraSLAM’s adaptability by incorporating it into
three distinct SLAM systems: (𝑖) PL-ORB, which enhances the ORB-
SLAM framework by integrating point and line features for VO; (𝑖𝑖)
Dense-ORB, which optimizes dense point cloud maps rather than
traditional sparse ones in LM; and (𝑖𝑖𝑖) ColMap, unlike the former
two systems, requires global optimization and dense mapping for
each frame and operates offline, typically providing camera pose in-
puts for NeRF[78], 3D Gaussian Splitting[79], etc.. As demonstrated
in Fig.14(b), integrating TerraSLAM enables these systems to output
global coordinates, with ColMap, Dense-ORB, and PL-ORB achiev-
ing average accuracies of 0.07𝑚, 0.13𝑚, and 0.16𝑚, outperforming
baseline (0.21𝑚) by 66.7%, 38.2%, and 23.8%, respectively.

Fig.14(c) shows that integrating TerraSLAM on three real-time
systems reduced average frame latencies to 17.2𝑚𝑠 (baseline ORB-
SLAM3), 24.9𝑚𝑠 (PL-ORB), and 56.2𝑚𝑠 (Dense-ORB), marking de-
creases of 57.2%, 53.2%, and 25.6% respectively compared to those
without TerraSLAM. Overall, TerraSLAM could improve opera-
tional efficiency across different systems, demonstrating portability.
However, it has not yet been optimized for additional visual fea-
tures (as in PL-ORB) or complex optimization algorithms (as in
Dense-ORB), resulting in less pronounced improvements than ORB-
SLAM3. Future work may focus on extending optimizations to
accommodate diverse features and algorithms.

8 Limitation and Discussion
We discuss the limitations and future directions to broaden the
applicability of TerraSLAM.
3DGISModel Availability.Currently, fine-grained 3DGISmodels
remain relatively limited. However, we anticipate significant growth
in their availability due to rapid advancements in platforms like
ArcGIS[36], Google Earth[35], Apple Map[67], and Microsoft Bing
Map[80], which have greatly expanded GIS accessibility. Public
datasets such as OpenTopography [76] also offer extensive global
3D point clouds, providing alternative GIS sources for improved
usability. Additionally, pre-built GIS models are already common
in industrial and military settings. Our work has proposed a well-
defined API (described in §6) to leverage GIS models from diverse

sources, positioning our system to readily benefit as GIS model
coverage continues to expand.
3D GIS Model Quality. The accuracy and effectiveness of Ter-
raSLAM closely depend on the GIS models’ quality, precision, fresh-
ness, and real-world relevance. Our current experiments provide
initial evidence that TerraSLAM can still outperform DGPS even
when the GIS models are outdated or imperfect (§7.4.3). Future
work includes (𝑖) developing robust matching algorithms that
leverage semantic information and advanced alignment methods
to handle outdated or incomplete GIS models, and (𝑖𝑖) designing
joint optimization algorithms to balance errors from SLAM point
clouds and GIS inaccuracies. Another promising future direction
is enabling TerraSLAM to leverage lighter-weight, up-to-date, and
widely available image datasets, such as Google Street View[54] or
OpenStreetMap[53] for global reference.

9 Conclusion
We have presented the design and implementation of TerraSLAM,
the first system that transforms visual SLAM’s localization results
from local to global coordinate systems, positioning it as a viable al-
ternative to GPS. We show 3D GIS models can act as a bridge to link
the SLAM and GPS coordinate systems. At the core of TerraSLAM
are two plug-in modules, semantic-based world alignment and hi-
erarchical SLAM acceleration, that work hand-in-hand to enhance
TerraSLAM’s global localization accuracy and efficiency. Extensive
evaluations in real-world drone localization scenarios demonstrate
its superior performance.
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