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Abstract—In this work, we propose a solution that leverages
geospatial data to initialize the monocular visual-inertial nav-
igation system. For Visual-Inertial Navigation Systems (VINS)
operating on UAVs, the ability to perform initialization and re-
localization in mid-air is essential. However, degenerate motion
can cause VINS to lose scale, making traditional initialization
algorithms less reliable. To address this issue, we fuse geo-
graphic information in the initialization process, and utilize
a learning-based feature matching algorithm to associate the
information with inertial states. The proposed approach demon-
strates adaptability to the degenerate motions of UAVs and
significantly surpasses the estimation accuracy of conventional
VINS initialization algorithms. Compared to methods that assist
initialization by using a laser-range-finder (LRF), the proposed
method solely relies on low-cost satellite imagery and elevation
information. We evaluate the proposed approach on a large-
scale UAV dataset, and compare with existing methods. The
results demonstrate the superior effectiveness of the proposed
method.

I. INTRODUCTION

Navigation of Unmanned Aerial Vehicles (UAVs) pri-
marily depends on the Global Positioning System (GPS),
yet the localization results are degraded by obstructions,
multipath effects, and electronic interference. The Visual-
Inertial Navigation System (VINS) effectively addresses this
challenge by fusing angular velocity and acceleration data
from the Inertial Measurement Unit (IMU) with observations
of visual features from a camera. This integration enables
the estimation of a UAV’s pose in six degrees of freedom (6
d.o.f). However, visual tracking is fragile during fast motion
of UAVs. In addition, visual features are situated at a distance
far from the UAV, which further exacerbates the difficulty in
estimating their positions. The excessive accumulated drift
is also detrimental for reliable estimation. All these issues
make airborne VINS prone to failures. Therefore, in-flight
initialization when the algorithm fails is particularly crucial
for VINS on UAVs.

VINS initialization involves determining the system’s ini-
tial states using visual and inertial data, including attitude,
position, velocity, and the biases of gyroscopes and ac-
celerometers. Since the scale of positions and velocities is
unobservable using merely monocular visual measurements,
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Fig. 1: Overview of the geospatial data-aided visual-inertial
initialization.

traditional monocular VINS algorithms rely on inertial mea-
surements to recover the correct scale [1], [2]. However, such
an approach requires the UAV to undergo sufficient motion
to provide the IMU with adequate excitation. Achieving this
can be challenging during rectilinear trajectories or zero
acceleration motion, which UAVs frequently encounter [3].
Given the matching between the viewpoint of downward-
facing cameras on UAVs and the satellite imagery, we
propose a method that utilizes geospatial data, i.e., longitude,
latitude and elevation, to enhance the initialization of VINS.
Specifically, through learning-based visual place recognition
(VPR) and feature matching methods, the geospatial data
is associated with the visual features in the onboard image.
Then, the matched geospatial data is used to obtain fully
observable states during flight, enhancing the accuracy and
reliability of the initialization. The main contributions of this
work could be summarized as:

o We propose a hierarchical framework for coarse-to-fine
geospatial data association. The framework achieves
efficient image retrieval based on global image descrip-
tors extraction, followed by the utilization of a deep
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learning-based approach for local features matching for
cross-domain images.

o Using the proposed solution, reliable initialization in
degraded motion scenes can be achieved without the
need for additional sensors. Also, the proposed scheme
estimate complete initial states including 6 d.o.f poses,
velocities, the bias vectors of inertial sensors and fea-
ture positions. Relying on these results, the subsequent
estimations by VINS can be seamlessly employed.

II. RELATED WORK

As shown in Fig. 1, the initialization task consists of
two main components: aerial visual localization and in-
ertial state estimation. For aerial visual localization, the
most critical challenge is to overcome the differences in
acquisition time, season, and perspective between satellite
and airborne images to achieve their alignment. A neural
network based method NetVLAD for extracting image global
descriptors was proposed in [4], which learns to aggregate
local descriptors. In [5] a segmentation network was used to
extract scene information, enabling localization based solely
on a downward-facing camera and satellite maps. Patel et
al. [6] aligned aerial images with satellite images using a
dense mutual information method, followed by estimating the
UAV’s pose using a Kalmen-filter algorithm. Then, Bianchi
et al. [7] studied the storage and computational cost issues
by training an encoder to compress images into a low-
dimensional representation. Fragoso et al. [8] proposed a
domain-adaptive image transformation network to transform
images from different seasons to the same domain, thereby
enabling matching and localization. Addressing the similar
issue, Kinnari et al. [9], [10] trained an image similarity
network that is invariant to seasons and used particle filtering
for localization. Based on NetVLAD, a real-time pose esti-
mation scheme was proposed for UAVs localization in [11],
where satellite images and 3D reconstruction models were
utilized to recover the pose via Perspective-n-Point (PnP). In
general, the aforementioned works adopted a coarse-to-fine
framework. This process begins with the extraction of a low-
dimensional vector from the onboard image, which is then
matched with a satellite database to identify the most similar
image. Then a further localization is performed to achieve
a more refined estimation. Inspired by these works, we
also employ this framework, which allows us to efficiently
associate geospatial data.

Given that VINS has 4 unobservable states, i.e., the
3D global position and yaw [12], its initializer can only
assume the initial values in these directions to be zero, and
then recover the rest variables. In [1], this problem was
formulated to a quadratic constrained least-squares problem
and a closed-form solution was provided. Qin et al. [2]
proposed a robust initialization system, which aligns vision-
only structure to the pre-integrated IMU measurements and
recovers the metric scale, velocity, gravity vector, and gyro-
scope bias. The system was employed in VINS-Mono [13]
as its initializer. To estimate states in the global frame, Qin et
al. [14] utilized geographic data from GPS to realize globally

consistent state estimation, where odometry results were only
used to constrain relative states. A similar fusion framework
was introduced in [15], which obtained 2D geographic data
from satellite images rather than GPS. The estimators pro-
posed in [16], [17] maintained the inertial states in the East-
North-Up (ENU) frame. The relative transformation between
the ENU and VINS frame was explicitly estimated, and
then used to transform the states to the ENU frame. The
aforementioned algorithms in [14]-[17] all required VINS
to complete initialization first before estimating pose in the
global frame. However, since the initialization process is
short, and the UAVs usually undergo constant acceleration
motions during this process, the traditional initialization
tends to fail. In addition, for a UAV flying at altitudes over
150 meters, all features are usually distant from the camera,
which results in larger depth estimation errors. Although it
has been proven effective to use laser-range-finder (LRF)
measurements in the initialization process [18], adding a
sensor capable of measuring heights over 150 meters leads
to an undesirable increase in the UAV’s size, cost, weight,
and power consumption. Moreover, since the aforementioned
algorithms cannot provide initial states in the global frame,
the relative transformation between the VINS and the global
frames still needs to be estimated, which is complex and
time-consuming. To tackle these issues, in this work, we
leverage 3D geospatial data to directly provide reliable
and accurate initial states for VINS in the ENU frame,
establishing a foundation for a global navigation system that
is independent of GPS.

III. SYSTEM OVERVIEW

The overview of the system is illustrated in Fig. 1. We
propose a coarse-to-fine localization algorithm that begins by
performing aerial visual place recognition to achieve rough
localization, that is, identifying the satellite map tile that
most closely matches the onboard image. Next, we extract
Superpoints [19] from both the onboard and corresponding
satellite images, and use Superglue [20] to achieve feature
matching between the cross-domain images, establishing as-
sociations between local features and latitude, longitude. The
elevation data is then retrieved using the features’ position
from a digital elevation map (DEM). Utilizing the 3D-
2D correspondences, a PnP is implemented to estimate the
camera’s poses, and a linear equation system is constructed
based on IMU’s pre-integration to recover the velocities.
Finally, visual measurements, inertial measurements, and
geographic information are formulated as a maximum like-
lihood estimation problem to optimize the initial states.

IV. METHODOLOGY
A. Offline Data Processing

As shown in Fig. 2, offline data processing includes
preparing a satellite image database and a masked DEM.
First, to achieve aerial visual place recognition, we crop the
satellite image of the predetermined flight area into tiles,
whose resolution is determined by the approximate flying
height and the camera’s field of view. Then we extract global
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Fig. 2: Offline data preparation for satellite map database
and masked DEM.

descriptors from each satellite tile using an encoder, which
is described in Section IV-B, thereby forming a database.
We use a DEM map to obtain the elevation information of
the area. Given the typically inaccurate elevation information
for buildings, we utilize the earth science cloud platform
AI Earth to extract buildings from the entire satellite map
and create a masked elevation map based on the extraction
results, excluding the elevation information on buildings.

B. Aerial Visual Place Recognition

To achieve aerial visual place recognition, we employ a
learning-based method to extract a discriminative descriptor
of the image, and two steps are involved: feature extraction
and feature aggregation. Specifically, ResNet [21] is chosen
as the backbone to extract an H x W x D feature map
M, where H and W denote the map’s height and width
respectively, and D is the length of the features’ descriptors.
Generalized Mean Pooling (GeM) [22] is then used to group
the extracted features M and aggregate them to a global

descriptor:
HxW é
( > f3> )

where f; € RP is a per-pixel feature. The extracted
global descriptor is retrieved in the aforementioned pre-built
database, and we select the tile with the most similar descrip-
tor as the matched image. Then a local features matching is
performed between the matched tile and onboard image via
Superpoints and SuperGlue. We consider the visual place
recognition successful and proceed to the next step if there
are enough features after the Random Sample Consensus
(RANSAQ) test.

C. Geospatial Features Matching

After retrieving the satellite tile image, local feature
matching is performed to associate geospatial data to vi-
sual features. The matched features located on buildings
are removed using the masked satellite map described in
Section IV-A. The keyframe I, represents the first onboard
image that successfully matched a satellite tile. Suppose
that I matches n local features to the satellite tile Sp,
whose observation sets are Zy := {fy,...,f,—1} and Sy :=
{g0,-.-,8n—1} respectively. Then each feature’s position

Ep,, in the ENU frame can be calculated via the following
mapping function:

B Ij ILL(U.‘]J - %H) + TE .
Py, = |Yi| = |—n vgj—g)—FyN ,Vjed{o,...,n—1}
Zj h(g;)

2)
where p represents the resolution of the satellite image in
meter per pixel, g; = [ugj,vgj]T is the raw observation of
the j-th feature in the image coordinate, H and W denote
the width and height of the tile image respectively, g and
yp are the east and north coordinates of the tile’s center
in the ENU frame, and h(-) refers to the elevation looked
up from the masked DEM map. It is worth noting that the
extracted Superpoints are also tracked across consecutive
frames, and the observations are utilized for state refinement
in Section IV-E.

D. Initial States Recovery

The purpose of this step is to recover the initial states.
Given all positions of the matched features and their obser-
vations, the camera poses {%R, Epc,},Vie{0,...,k—1}
can be calculated using PnP, then the inertial rotation and
position are calculated subsequently by:

AR=FRT{R 3)
"pr, = Fpe, + TR pr “)
where YR and “p; are calibrated camera-IMU extrinsics

parameters. The position of the i-th frame can be also
evolved from the initial timestamp via:

Epr, = Ppr, + Pvi, At — 5 Egnt? + DR a; ()

where At; = t; — to, Pg is the fixed gravity vector in the
ENU frame. The position preintegration term *c; from ¢ to
t; is defined by:

/ / AR (a,, — by — ny) duds (6)
to Jito

where a,,, is the measured acceleration, b, and n, are the
bias and noise vector respectively, and 2AR is the relative
rotation of the inertial frame from time u to ¢g. Given (5),
the velocity of the first keyframe can be expressed by:
IopT
2Ry (D)

1
plq; - EPIO - §EgAt12 -

We can then construct a linear equation system as:

AtiEV[O = B

AtiIg EV[0 = Ep pIo — = gAt 2 %RTOQZ B
H.,_/
A b
®)
and calculate the initial velocity via:
-1
L= (ATA) "ATb. 9)
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Then the rest velocities for ¢ € {1,...,k — 1} can be
recovered by:

E E

vy =V, — EgAti + SRTO,@i (10)

where the velocity preintegration °3; from ¢, to ¢; is defined
by:

t;
08 = / AR (a,, — b, — n,) du. (11)

to

The piecewise constant measurements model proposed in
[23] is used to calculate the position preintegration term “cy;
and velocity preintegration term °3;. The rough estimates
for all matched features’ positions are directly taken from
the results in Section IV-C. Note that we assume the biases
are both zero in this stage, and leave them to be refined in

the next stage.

E. Maximum Likelihood Estimation

We follow the similar approach of OpenVINS initializer
[24] for refining the state, which includes the following
components:

.
x=[xj, - x]_, Fpg Ppy._] (12
x;, = [gqg" Pp; PEv] bl bl] (13)

where ii(j represents the unit quaternion defining the rotation
R(éi(j) = iiR, the initial values of b,; and b, ; are
assumed to be zero, and there are totally &k keyframes and n
global features. The maximum likelihood estimation is then
formulated as a nonlinear least-square problem:

min {370 = 71 (0) [Bos + Y llze = helx) [0
+ Z ”Epg - Eﬁg”fagl} (14)

where 77(x) represents the residual of inertial measurements,
which is used to constrain the relative states of consec-
utive keyframes using orientation, position and velocities
calculated in Section IV-D and preintegration terms. The
measurement z. is raw observations of a feature, and h.(x)
is the projection function of the camera model. Readers
are referred to [25] for more details. Given that the states
have become fully observable with the features’ global
information, we have removed the prior cost associated with
unobservable directions in the original OpenVINS initializer
[24] and introduced a positional cost term for the visual
landmarks. As shown in (2), the position prior 2 Py is derived
using the geospatial data, and “p, denotes the estimated
positions in the state vector x.

E Global State Estimation

After the initial states recovery step, the states can be con-
tinuously estimated under the framework of multi-state con-
straint Kalman filter (MSCKF). To eliminate the position and
yaw drift, we include the positions of geospatial landmarks
in the state. The geospatial landmarks are tracked using
Superpoint and SuperGlue across frames. Considering the
learning-based feature matching is time-consuming, FAST

| The ground truth trajectory
© The estimated initial positions|
* Starting Point

(b) Jimo Flight Area

Fig. 3: The flight areas, ground truth trajectories, and initial
positions of the two datasets

corners [26] are still detected and tracked using the optical
flow method [27] in another thread to constrain consecutive
states. The state vector of our geospatial data aided visual-
inertial system includes current inertial state x;, a set of ¢
historical poses x¢, a set of m standard SLAM features x
[28], a set of n geo-referenced features xq:

-

X; = [ x}r xg X; Xg] (15)
- T

xp=[ga" Fpj Pvi bl b ] (16)

Lioi T E_T LiceT ELT T
xo=|5'a el . gd Pel ] (D)
T
xr = [ pj, “pj, ., | (18)
.
xa = [ "py, "py,_, | (19)

Besides the update using visual observations, a Kalman filter
update is performed for the j-th geospatial feature in the state
using the position measurement in (2):

Zj

Yj| = 2y
j

= Epgj + l’lgj (20)

where the noise vector ng, is assumed to be zero-mean white
Gaussian.

V. EXPERIMENTS
A. Experimental Setup

To comprehensively validate the robustness of the algo-
rithm, we include two flight trajectories in our experiments:
one in a rural area and the other in an urban area. The
trajectory in the rural area is acquired from our collected
datasets, where a UAV flies over the rural region of Jimo,
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Fig. 4: Image retrieval examples.

Fig. 5: Comparison of different feature matching methods.
NNM here denotes the nearest neighbor matching method.

Tsingdao [29]. The UAV is equipped with a downward-
facing camera, rigidly attached to the body frame (IMU
frame), and also featured a downward laser range finder,
aligned parallel to the optical axis of the camera. During
the flight, image data, inertial data, ranging data, as well as
GPS coordinates and altitude are collected.

Considering the convenience of obtaining ground truth,
we collect the dataset of urban scenes in a simulation
environment. We first use aerial images to perform offline
3D reconstruction of an area in Haidian District, Beijing,
and then import it into Airsim [30]. Next, we set up the
UAYV model and sensor models, and conduct an online flight
in the simulation environment, collecting timestamps, noisy
sensor data, and ground truth data during the flight. The
sensor configuration mirrors that of the Jimo Flight, with
the additional collection of global pose ground truth for
subsequent comparisons.

In Fig. 3, aerial views of the two test areas are presented.
For the Jimo flight, the UAV flies at an altitude of approxi-
mately 150 meters with a speed of around 8 m/s. The UAV
in the Haidian flight, on the other hand, flies northwest at
an altitude of 300 meters. The airspeed of the UAV was set
between 16 to 20 m/s. The flight lengths for the rural and
urban trajectories were set to 1800 meters and 3000 meters,
respectively.

Position Errors of the Haidian Dataset
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Fig. 6: Position errors in different directions, where ‘err-
E(N/U)’ denotes the error in the east (north/up) direction.

B. Geospatial Data Association

In the aerial visual place recognition process, we use the
output feature of the 4th convolutional block of ResNet101
network. Additionally, we fine-tune the GeM aggregation
layer with a self-built training dataset, which contains a
large number of satellite images from different years. For
the Haidian flight, the satellite map database consist of 1248
tiles and the entire area of selected map is about 13.63
square kilometers. We adopt the service mechanism of the
Robot Operating System (ROS) to achieve aerial VPR. In
the initialization node, the image retrieval client requests the
VPR service every 0.8 seconds. Upon receiving a request, the
retrieval server executes the VPR algorithm and returns the
index of the most similar tile. Following this, the RANSAC
test described in Section IV-B is then performed. If this
retrieval is successful, the matched features are tracked for
later calculation; otherwise, the process is repeated with the
latest frame. The retrieval achieves 79.9% recall rate at top
1, which means most frames can find the correct satellite tile
in the first time, and the recall rate reaches 94.8% at top 5.
Some examples are shown in Fig. 4. In regions characterized
by roads and buildings, the model is capable of guaranteeing
successful retrieval. Conversely, in areas lacking texture, the
performance of retrieval tends to deteriorate.
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Fig. 7: Velocity estimated values and errors of different
algorithms at different time instants. The cross here indicates
that the state diverged in the subsequent estimates.

Time Comsuption of the Haidian Dataset

N

;
2 —O6— Geoinit

S 10 —&— OV-init | |
B LRF-init

3

38 ]
5 h
S

o 6F J
£

F o 5 g ——o-, 5—~_ 4

4 : 2 : To=s
80 100 120 140 160 180

Start Time (s)
Time Comsuption of the Jimo Dataset

Ai/llté

. . . . .
150 200 250 300 350
Start Time (s)

<
T
I

o

&

Time Consumption (s)

IS

Fig. 8: Time consumption of different algorithms.

Learning-based approaches have been demonstrated to
exhibit superior robustness to variations in acquisition time,
lighting, environmental and perspectives changes when com-
pared to traditional handcrafted feature matching methods
[19], [20]. As shown in Figure 5, the combination of Super-
point and Superglue is effective in matching local features
between the satellite tile and the onboard image, whereas the
traditional SIFT method struggles with such cross-domain
matching. In order to achieve faster feature matching speed,
we accelerated the model using TensorRT based on [31].
The image resolution is 960 x 540, and 1024 Superpoints
are extracted from each frame. Speeds of 10 fps and 5 fps
are achieved on an NVIDIA-1660ti graphics card for image
retrieval and local feature tracking, respectively.

C. Initialization Results

The estimated initial positions at different initialization
moments are presented in Fig. 3. It is shown that the
algorithm’s estimated positions are distributed near the true
trajectory, with a root-mean-square error of 5.85 meters

gs ‘
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£ —E— OV-init
2o LRF-init | |
8
i
s 1
s
S E D ////’EL\\\\F
50 . e 4 B : S p
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Fig. 9: Orientation errors of different algorithms at various
initial moments during the Haidian Flight.

and 2.79 meters respectively for the urban and rural areas.
Additionally, the position errors in the east, north, and up
directions are depicted in Fig. 6. Notably, the error in altitude
of the Haidin dataset is larger than those in the other
two directions, a discrepancy that can be attributed to the
lower accuracy of the DEM. We use the open source DEM
from ALOS PALSAR with a resolution of 12.5 meters. To
facilitate comprehensive comparison, we define the following
variations of different initialization algorithms:

o Geo-init: Using geospatial information only during the
initialization process.

¢ Geo-full: Continuous integration of geospatial infor-
mation during the estimation process, as introduced in
Section IV-F.

e OV-init: The original initialization algorithm of Open-
VINS.

o LRF-init: Using range measurements only at the time
of initialization.

o LRF-full: Using range measurements both during the
initialization and state update processes [3].

To evaluate the effectiveness of different initialization
algorithms in estimating velocity, the velocity errors at
different starting times are presented in Fig. 7. It can be seen
that the velocity errors of the original OpenVINS dynamic
initializer are noticeably larger, which can be attributed to
the unobservable scale problem. The results of the range-
aided initialization algorithm, referred to as LRF-init, are
also included in Fig. 7. The Root Mean Square Error
(RMSE) for this method is slightly larger compared to our
method, with values of 0.95 m/s versus 0.83 m/s for the
urban flight, and 1.28 m/s versus 0.95 m/s for the rural
flight, respectively. This comparison indicates that leveraging
geospatial information enables achieving an observable scale
without using additional sensors.

The comparisons of the time consumption of different
algorithms are shown in Fig. 8. For the Haidian flight,
we set an initialization time of 4 seconds and used 5
keyframes for optimization with both OV-init and LRF-
init. In contrast, for the Jimo flight, we set the initialization
time to 5 seconds. Due to the difficulty of recovering the
correct scale, a shorter duration makes OV-init difficult to
converge. For the Geo-init algorithm, due to the additional
time required for geospatial feature matching, we reduce the
number of keyframes to achieve similar time consumption.
The results show that the OV-init takes the longest time
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TABLE I: Experimental Results at Different Start Time. Green is the best, while blue represents the second best, and ATE-*
and Ori-* denote the absolute trajectory errors and orientation errors of different algorithms respectively.

Start Time 70s 80s 90s 100s 110s 120s 130s 140s 150s 160s 170s 180s 190s
duration 170.63  160.63  150.63 140.63 130.63 120.63 110.63  100.63 90.63 80.63 70.63 60.63 50.63
ATE-Geo-init 97.38 129.95 76.90 70.79 100.54 75.95 74.82 73.34 33.61 49.00 51.79 23.41 12.58
ATE-Geo-full 10.13 11.43 9.90 8.95 10.59 10.08 11.77 9.26 11.79 8.37 6.24 12.28 8.98
ATE-OV-init 305.06 569.24  353.01 415.52 53640 492.15 249.04 389.33 349.13 37796 231.78 211.23 failed
ATE-LRF-init  177.81 174.89 17476  229.66 85.07 121.34  182.55 79.86 71.52 48.48 59.31 18.56 13.19
ATE-LRF-full 41.03 55.15 44.73 41.27 87.37 36.61 16.58 38.49 19.92 20.47 31.11 13.78 13.69
Ori-Geo-init 2.45 1.61 2.37 2.44 2.01 2.08 2.04 2.37 2.80 1.22 1.71 1.68 1.08
Ori-Geo-full 1.12 0.75 1.12 0.83 1.13 0.92 1.11 1.04 1.20 1.02 0.74 0.85 1.15
Ori-OV-init 3.48 4.01 5.13 11.85 5.50 3.98 1.85 2.99 4.35 18.95 2.98 2.40 failed
Ori-LRF-init 2.18 2.09 2.80 5.19 3.88 141 3.09 2.63 2.10 2.94 1.96 2.05 2.23
Ori-LRF-full 2.12 2.02 2.44 2.95 4.10 2.19 1.05 3.56 1.19 2.40 2.23 1.79 1.78

1200 seconds and 110 seconds of Haidian flight), but generally

Traj-gt matches the performance of LRF-init at other time instants.

Jooo —el Additionally, we compared the orientation RMSE of dif-

?»;/F'T:n ferent algorithms on the Haidian dataset, with the results

LRF-ful shown in Fig. 9. Considering that the yaw of the other two
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Fig. 10: Trajectories and altitude estimation results.

to successfully estimate the initial states. This is because
traditional initialization algorithms struggle to correctly es-
timate the scale at certain moments, leading to difficulties
in convergence for subsequent optimizations. Success can
only be achieved through repeated initialization processes.
In contrast, LRF-init has the shortest time consumption.
The initialization method of Geo-init takes longer time at
moments of failure in airborne image retrieval (i.e., at 80

algorithms is unobservable, we only evaluated pitch and roll
here. From the results, it can be seen that the original OV-
init algorithm has the highest angular error (1.21 degrees),
the LRF-init algorithm performs the best (0.23 degrees), and
the Geo-init algorithm is intermediate (0.46 degrees).

D. State Estimation Results

Following the state’s initialization, we compare the per-
formance of different algorithms in subsequent estimation.
Table I presents the Absolute Trajectory Error (ATE) in
meters and RMSE results of attitude estimation in degrees
for different algorithms in the Haidian flight dataset. The
estimated trajectories and altitudes starting from 70 seconds
are presented in Fig. 10. It is evident that LRF-init and Geo-
init are more accurate than OV-init, suggesting that initial
state scale observability enhances subsequent state estimation
performance. Benefitting from the higher estimation accuracy
of velocity and attitude, Geo-init outperforms LRF-init in
subsequent estimations. However, the errors of these two
algorithms are still significant, as the scale and pose drift
during the subsequent estimation process. The results for
LRF-full show that maintaining scale observability through
range measurements significantly reduces pose error com-
pared to LRF-init. However, Fig. 10 reveals that LRF-full’s
trajectory still experiences drift when compared to the ground
truth. This occurs because the global 3D position and yaw
remain unobservable, leading to accumulated errors in these
dimensions. On the other hand, the errors of Geo-full remain
within a specific range, thanks to the continuous fusion
of geospatial information. For the trajectory with various
lengths, the ATE and orientation RMSE are remained around
10 meters and approximately 1 degree respectively. Note that,
as shown in Fig. 9, although the LRF-init algorithm has
higher accuracy in estimating roll and pitch angles at the
initial moments, its overall orientation error surpasses that of
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the algorithm using geospatial data due to the unobservability
in its yaw direction.

VI. CONCLUSION

We introduce a novel framework for monocular visual-
inertial estimators to directly initialize their states in the
global frame. Specificly, initial pose, velocity and feature
positions under the ENU frame as well as biases of IMU,
are provided for subsequent state estimation. Aerial visual
place recognition on satellite images database enables coarse
localization, while deep learning-based feature matching
algorithms enable successful fine-matching, realizing the
association of geospatial information with features. Initial
guesses of the pose and velocity are obtained using PnP
and solving a linear equation system, respectively, and sub-
sequent maximum likelihood estimation further optimizes
the estimated results. The proposed algorithm achieves 5.85
meters and 2.79 meters in the urban and rural areas respec-
tively. Furthermore, the improved accuracy in velocity and
attitude estimation helps enhance the accuracy of the subse-
quent nonlinear filter-based visual-inertial estimator. Feature
matching in certain outdoor areas, such as mountainous and
river regions, remains challenging and is a focus of future
research.
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