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Abstract Obtaining absolute pose based on pre-loaded satellite images is one of the important

means of autonomous navigation for small Unmanned Aerial Vehicles (UAVs) in Global Naviga-

tion Satellite System (GNSS) denied environments. Most of the previous works have tended to

build Convolutional Neural Networks (CNNs) to extract features and then directly regress the pose,

which will fail when solving the challenges caused by the huge viewpoint and size differences

between ‘‘UAV-satellite” image pairs in real-world scenarios. Therefore, this paper proposes a

probability distribution/regression integrated deep model with the attention-guided triple fusion

mechanism, which estimates discrete distributions in pose space and three-dimensional vectors in

translation space. In order to overcome the shortage of the relevant dataset, this paper simulates

image datasets captured by UAVs with forward-facing cameras during target searching and auton-

omous attacking. The effectiveness, superiority, and robustness of the proposed method are verified

by simulated datasets and flight tests.
� 2024 Production and hosting by Elsevier Ltd. on behalf of Chinese Society of Aeronautics and

Astronautics. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
1. Introduction

In recent years, outdoor UAVs have seen exponential growth

in commercial, 1 military, 2 and civil 3 applications, such as
search and rescue, 4 reconnaissance, 5 and suicide attacks. 6
Almost all of these applications require accurate absolute pose
estimation of the UAV during flight, which refers to finding
the position of the UAV in the world frame and the attitude

in the navigation frame. Nowadays, absolute pose estimation
mainly relies on satellite/inertial integrated navigation systems
in outdoor large-scale scenarios. 7–8 However, satellite signals

are naturally susceptible to multi-path interference, intentional
jamming, or spoofing by an adversary; the low-cost inertial
navigation errors increase sharply over time without the assis-

tance of GNSS and will cause catastrophic ramifications. In
such cases, with the development of image processing and
computer vision, lightweight, low-cost, high-accuracy, and
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fast-computing vision sensors are desired to aid navigation to
improve the survivability of UAVs.

Although visual odometry has been extensively studied and

formed mature theory, 9 it has not yet reached a practical level,
especially in outdoor long trajectory conditions. Worse still, it
cannot provide the absolute pose. With the ample, free, GPS-

aligned, high-resolution, open-source satellite images covering
the vast majority of the world, 10 the method of UAV absolute
pose estimation based on pre-loaded satellite images has

become a hotspot. The main advantage of the vision-based
absolute pose estimation is its inherent immunity to drift over
time. However, images from UAVs and satellites are often
taken by different sensors, at different time, with different

levels of illumination and different resolutions. Estimating rel-
ative pose from heterologous and significantly different image
pairs is the core of vision-based absolute pose estimation,

which makes the methods based on a template or sparse fea-
ture descriptors often fail. 11 Thus, researchers have focused
on deep learning-based methods for feature match and relative

pose estimation recently. Bianchi et al. 12 first pre-encoded the
satellite images on the desired flight path based on the deep
learning model and then encoded the UAV images during

the flight in the same model, to obtain the pose through the
comparison with the satellite image features. Wu et al. 13 pro-
posed a multi-stage Lucas-Kanade deep learning algorithm to
refine the UAV geo-localization results iteratively, making full

use of the global texture information. Sui et al. 14 designed a
fast detector-free two-stage matching method based on a per-
spective transformation module and the minimum Euclidean

distance, which acquired great improvement in the robustness
of the weak texture and viewpoint data. However, these meth-
ods depend on the assumption of a downward-facing camera,

which is a major limitation: Either installing an additional
camera, which imposes a burden on cost, computational
power, and weight; or equipping the gimbal to adjust the view-

ing angle at intervals, which causes a trade-off between the
autonomous navigation and primary tasks, such as safe flight
and target searching. 15.

There are two main solutions to the problem of the cross-

view pose estimation from ‘‘UAV-satellite” image pairs.
Firstly, the camera image is ortho-projected based on the prin-
ciple of perspective projection transformation and CNN

focuses on learning the feature-matching relationship between
the aligned image pairs. Kinnari et al. 16 proposed a matching
metric between the orthorectified UAV and satellite images,

which relaxes the requirement of the downward-facing camera,
but strictly relies on the assumption of local planarity of the
environment, thus not suitable for areas with large terrain
and building undulations, such as urban, mountainous, and

suburban. Tian et al. 17 introduced a generative adversarial
network to correct the UAV images and then trained a CNN
to estimate pose, which imposes higher requirements on the

precision acquisition of initial pose. Nowadays, researchers
preferred the second end-to-end learning approach, 18–19

restricted by the resolution of the onboard camera and compu-

tational cost. This method usually employs a Siamese-CNN
framework 20 to extract view-invariant features. Shetty et al.
21 built a cross-view geolocation network to acquire the

weighted absolute pose estimation of UAV, consisting of the
scene localization network and camera localization network.
Ding et al. 22 proposed a cross-view matching method based
on building classification. Chen et al. 23 pre-encoded the ter-
rain map of the known flight area and used a combination
of CNN and Perspective-n-Point solvers to obtain a refined

UAV pose during flight. However, these methods only con-
sider a small viewpoint difference, where the camera pitch

angle 2 �90
�
;�45

�� �
. The challenging scenario where the cam-

era is fully forward-facing is not involved. Meanwhile, the pre-

loaded satellite images are all cropped to a small size to acquire
accurate matching, resulting in the large storge. Therefore, the
absolute pose estimation method based on pre-loaded large-

scale satellite images for UAV is still in the preliminary explo-
ration stage.

Previous works 24–26 show that estimating a discrete distri-

bution, or a heatmap over a quantized output space, is consis-
tently superior to direct regression on the continuous space.
Inspired by this, researchers proposed probabilistic depth

models to estimate the relative poses between image pairs.
Chen et al. 27 decomposed the relative pose into direction vec-
tors and then predicted the discrete distribution, improving the
estimation accuracy. However, the method needs to decouple

the image information caused by the translation and attitude
change, and the predicted translation is scale-free, which
makes the method complex and impractical.

In order to solve the difficulty of global pose estimation
based on large-scale satellite images for small UAVs equipped
with forward-facing cameras, this paper proposes a probability

distribution/regression integrated deep model with the
attention-guided triple fusion mechanism, namely, Pd/Re-Net
with AGTFM. The proposed model enables autonomous glo-

bal navigation of small UAVs in GNSS-denied environments.
The main contributions of this paper are presented as follows:

(1) An absolute pose estimation method of UAV based on

large-scale satellite images is proposed, which is a deep
learning model combining probability distribution
branch and direct regression branch. By analyzing the

continuity of different attitude characterization parame-
ters during UAV search and attack targets, an attitude
estimation branch based on von Mises-Fisher (vMF)

distribution has been established. Considering the bal-
ance between the improved performance and increased
model complexity, a translation estimation branch based
on fully connected layers has been established.

(2) An attention-guided triple fusion mechanism is pro-
posed to improve the feature extraction module. By
assigning higher weights to the viewpoint-invariant fea-

ture regions and introducing the local detail features, the
process of ‘‘focus and zoom in” of human eyes is simu-
lated to enhance the estimation accuracy.

(3) Considering that the real-scene UAV dataset is very
scarce, we simulate the flight data of UAVs with various
poses using Google Earth Studio and quantitatively

prove the performance of the proposed method. Fur-
thermore, the flight test has been conducted to verify
the validity and robustness.

The rest of the paper is structured as follows. Section 2 illu-
minates the structure of the proposed Pd/Re-Net with

AGTFM model in detail, including the parameterization of
the discrete distribution, the attention-guided triple fusion
mechanism, and the translation estimation module. Section 3
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introduces the dataset built in this paper, as well as the results
of the simulation and the flight experiment. Section 4 con-
cludes the paper.

2. Method

2.1. Overview

Given a set of pre-loaded large-scale satellite images of the tar-

get area and the images captured by the UAV during flight, the
goal is to directly obtain the relative pose between the image
pairs through an end-to-end deep learning model, and then

acquire the absolute pose of the UAV. The framework of the
UAV absolute pose estimation method proposed in this paper
is shown in Fig. 1. Firstly, the Siamese architecture is con-

structed, where two feature extraction networks have the same
structure and share the same weights to process the input
images. Inspired by PoseNet, 28 the feature extraction network
is based on the GoogleNet architecture 29, with 22 CNN layers

and 6 inception modules. In our Pd/Re-Net with AGTFM
model, the last classification layer of GoogleNet is changed
to the fully connected layers, and the attention-guided triple

fusion mechanism is introduced to improve the estimation
accuracy. Next, the extracted high-dimensional image embed-
dings are concatenated and input into two different branches

of attitude estimator and translation estimator respectively.
The attitude estimator branch is mainly composed of a spher-
ical decoder 27, which maps the image pairs to the discrete

probability distribution of the column vectors in the rotation
matrix. The expectations of the distribution are regarded as
the prediction of the rotation matrix. The translation estimator
branch is composed of two fully connected layers, and the

translation vector is obtained by direct regression.

2.2. Attitude estimator

2.2.1. Attitude representation parameters

Attitude transformation can be represented with quaternions,

Euler angles, rotation matrix, and equivalent rotation vector,
whose continuity will have an important impact on the fitting
ability of the neural network. Therefore, we analyze the conti-
nuity variation of these representations when the UAV per-

forms a combat task near the target. At this time, the roll c
changes slightly, the pitch h 2 �50o; 0o½ � and the head
w 2 �180o; 180o½ �.

First, the discontinuity of Euler angle is very intuitive and
easy to find when w ¼ �180o or w ¼ 180o.
Fig. 1 Overview of proposed Pd
Second, when the East-North-Up (ENU) frame is taken as
the navigation frame (n), the rotation matrix between the body
frame (b) and the navigation frame can be defined as

Rn
b ¼

cwcc � swshsc �swch cwsc þ swshcc

swcc þ cwshsc cwch swsc � cwshcc

�chsc sh chcc

264
375 ¼

R11 R12 R13

R21 R22 R23

R31 R32 R33

264
375
ð1Þ

where sX ¼ sinX; cX ¼ cosX; ðX ¼ h; c;wÞ.Then, the rotation

matrix between UAV and satellite images is expressed as the
product of multiple continuous representations:

Rsat
uav ¼ Rn

uav � Rn
sat

� �T ð2Þ
which is continuous undoubtedly.

Next, quaternions Qn
b ¼ q0 q1 q2 q3½ �T can be com-

puted from the rotation matrix:

Qn
b ¼

q0

q1

q2

q3

26664
37775 ¼

R32�R23

4q1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þR11�R22�R33

p
2

R12þR21

4q1

R13þR31

4q1

h iT
;R11 P R22 þ R33

R13�R31

4q2

R12þR21

4q2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�R11þR22�R33

p
2

R23þR32

4q2

h iT
;R22 P R11 þ R33

R21�R12

4q3

R13þR31

4q3

R23þR32

4q3

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�R11�R22þR33

p
2

h iT
;R33 P R11 þ R22ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þR11þR22þR33

p
2

R32�R23

4q0

R13�R31

4q0

R21�R12

4q0

h iT
; others

8>>>>>>>>>><>>>>>>>>>>:
ð3Þ

Qsat
uav is given as the product of two quaternions:

Qsat
uav ¼ Qn

uav �Q
�
n
sat ð4Þ

where the quaternion from the satellite image to navigation
frame Qn

sat is constant:

Qn
sat ¼ q0 q1 q2 q3½ �T ¼ �0:7071 0:7071 0 0½ �T ð5Þ
As described in Eq. (3), a discontinuity point occurs when

the judgment condition changes. During the flight of the
UAV for the search and attack mission, the discontinuity

always occurs when R33 P R11 þ R22 is no longer satisfied, that
is,

cw >
chccðch þ ccÞ �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1þ 2chccÞs2hs2c

q
ð1þ chccÞ2

ð6Þ

An illustration is shown in Fig. 2, where the quaternion

changes with the head angle when h ¼ �20o; c ¼ �10o. From
Eq. (6), the intermittent point occurs when w � �63:03o,
which is consistent with the results shown in Fig. 2.

The equivalent rotation vector can be obtained through
quaternions:
/Re-Net with AGTFM model.



Fig. 2 Quaternion variation with yaw angle.
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revð Þnb ¼
2 arccosðq0Þ

sinðarccosðq0ÞÞ

q1

q2

q3

264
375 ð7Þ

where it is also discontinuous.

Consequently, the rotation matrix is chosen to represent the
attitude, of which the probability distribution and discretiza-
tion will be further analyzed.

2.2.2. von Mises-Fisher distribution

The rotation matrix R 2 SOð3Þ can be split into three column
vectors R ¼ r1 r2 r3½ �, where each component is a unit vec-

tor. Thus, the task of relative attitude prediction between
‘‘UAV-satellite” image pairs can be converted to estimate a

set of direction vectors r1; r2; r3 2 S2. Assuming that the vec-

tors are independent of each other, we can predict the proba-

bility distribution of each vector over the S2 space and then use

the expectation of the distribution as the predicted value of the
vectors. The von Mises-Fisher distribution is a continuous
probability distribution on the (n� 1) dimensional sphere

Sn�1, which can be seen as a spherical simulation of a normal
distribution. 30 The density of the von Mises-Fisher distribu-
tion for a n-dimensional random unit vector, x, is given by

pðx; l; jÞ ¼ jn=2�1

ð2pÞn=2In=2�1ðjÞ
� ejlTx ð8Þ

where l is the mean direction, which plays a role similar to that
of the expectation in a normal distribution; j is the concentra-

tion parameter and is non-negative, whose reciprocal plays a
role similar to that of the variance in a normal distribution;
31–32 In=2�1 denotes the first kind of (n/2 � 1)- order modified

Bessel function.

Given N samples from a vMF distribution, the mean direc-
tion can be estimated as follows:

l̂ ¼
PN

i¼1xi

kPN
i¼1xi k2

ð9Þ

In this paper, the learning problem based on the von Mises-

Fisher distribution is defined as follows. Given a set of ‘‘UAV-
satellite” image pairs, the objective is to learn a vMF distribu-
tion for every pair parameterized by ji; lif gði ¼ 1; 2; . . . ;NÞ in
S2 space. An illustration is given in Fig. 3. The top and the sec-
ond rows present ‘‘UAV-satellite” image pairs with different
relative attitudes, of which the 3D directional vectors from

the vMF distribution on the S2 sphere are shown in the last
three rows for different values of j. It can be observed that
the concentration of the distribution around the mean direc-

tion becomes higher as j increases.
For a set of image pairs, the ground truth rotation matrix is

denoted by R	 ¼ r	1 r	2 r	3½ �. Taking r	1 as an example, the
vMF distribution with r	1 as the mean can be calculated by

Eq. (8). Then, the Fibonacci lattice method 33 is used to sample
64 � 64 discrete points uniformly on the sphere, and the set of
the corresponding vMF distribution values of each point can

be expressed as p r	1
� �

. The same operations are processed for

r	2 and r	3, acquiring p r	2
� �

and p r	3
� �

. Therefore, the rotation

matrix R	 can be mapped into a discrete vMF distribution over
the attitude space SO(3):

C	ðR	Þ ¼ C	ðr	1; r	2; r	3Þ ¼ pðr	1Þ; pðr	2Þ; pðr	3Þ
� � ð10Þ

For each direction vector in the rotation matrix,brjðj ¼ 1; 2; 3Þ, the proposed network model directly predicts

the vMF distribution values of the same 64 � 64 points sam-

pled on the S2 sphere, p brj� �ðj ¼ 1; 2; 3Þ. The prediction of the

vMF distribution of the rotation matrix can be denoted as

ĈðR̂Þ ¼ Ĉðr̂1; r̂2; r̂3Þ ¼ pðr̂1Þ; pðr̂2Þ; pðr̂3Þf g ð11Þ
And C	 R	ð Þ is abbreviated as C	, and ĈðR̂Þ is abbreviated

as Ĉ for convenience.

The estimation of the rotation matrix can be regarded as
the mean value of the distribution, which can be derived from
Eq. (9) as

R̂ ¼ r̂1 r̂2 r̂3½ � ð12Þ
In order to supervise both the rotation matrix and its prob-

ability density distribution simultaneously, the loss function of
the proposed network is composed of two parts. One is the loss

of the predicted direction vectors, which is expressed as the
cosine similarity between two 3D unit vectors:

Ldir
bR;R	
	 


¼
X3
i¼1

1� r	i
� �Tbri

k r	i kk bri k
 !

ð13Þ

The other is the loss of the predicted distributions, which
provides dense supervision for each discrete point:

Ldis Ĉ;C	� � ¼ Ldis ĈðR̂Þ;C	ðR	Þ
	 


¼
X3
i¼1

k pðr̂iÞ � pðr	i Þ k2
� �2 ð14Þ

Hence, the total vMF loss function for rotation matrix esti-
mation of the deep learning model is

LvMFðR̂; ĈÞ ¼ Ldir R̂;R	
	 


þ aLdis Ĉ;C	� � ð15Þ

where a is the distribution loss weight.
In general, the rotation matrix predicted by the network

model often fails to meet the orthogonalization requirement,

so we additionally introduced the SVD algorithm for orthogo-
nalization, 34 which has been widely used in rotation estima-
tion tasks.



Fig. 3 Relative attitude samples and corresponding vMF distributions with different values of j.
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2.2.3. Attention-guided triple fusion mechanism

There is ample information in large-scale satellite images, and
the traditional feature extraction network, GoogleNet, is diffi-
cult to evaluate the validity among various information. Thus,

it is difficult to accurately extract the most relevant areas with
UAV images. Worse more, after successive convolution and
pooling operations, the pixel-level local features in the image

embeddings extracted from GoogleNet are gradually lost.
However, for the ‘‘UAV-satellite” image pairs with strong
viewpoint differences, which share little information, this local
feature will play an important role in estimating the relative

pose.
The human eye’s idea of image matching is worth learning:

find the region with the highest degree of match in an image

pair first, and then focus on that region and concentrate on
the details. Enlightened by this thought, we propose an
attention-guided triple fusion mechanism to improve the fea-

ture extraction module, achieving the process of ‘‘focus and
concentrate” between image pairs to acquire more accurate
pose estimation.

The optimized feature extraction network structure is

shown in Fig. 4. First, in order to adaptively focus on areas
generating a significant impact on the pose estimation results,
the channel attention mechanism, Senet, 35 is introduced in

both the two auxiliary regression modules and the final regres-
sion module in GoogleNet. Senet models the interdependencies
among channels, acquires the importance of each feature chan-

nel by learning, then enhances useful features and suppresses
useless features accordingly. Next, the obtained image embed-
dings 1–3 at different levels are all input into the attitude esti-

mator. And the relative attitude estimation parameters with
comprehensive characterizations are acquired, which include
two auxiliary attitude distribution estimations and the final
attitude distribution prediction of the network.

The auxiliary attitude distribution estimations are only
used in the training process, optimizing the network parame-
ters by gradient descent, so the network can pay attention to

both global semantic information and local pixel details.

2.3. Loss calculation

As shown in Fig. 1, for a pair of ‘‘UAV-satellite” images, the
proposed Pd/Re-Net with AGTFM model extracts feature
first and then outputs two auxiliary attitude distribution



Fig. 4 Structure of proposed attention-guided triple fusion mechanism.
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estimations bCa;iðbr1;br2;br3Þði ¼ 1; 2Þ, final attitude distribution

prediction of the network Ĉfðr̂1; r̂2; r̂3Þ and the relative transla-

tion prediction T̂ ¼ DÊ DN̂ DÛ
� �

in the training phase,

where DÊ;DN̂;DÛ represents the projection of the relative
translation between the drone and satellite image capture

points in three directions on the navigation frame. The label
of the model is the camera transformation between ‘‘satellite-
UAV” image pairs, including the relative translation

T	 ¼ DE	 DN	 DU	½ � and the rotation matrix R	.
The total loss Ltotal consists of translation estimation loss

Ltran and attitude estimation loss Latt. The least square error

is chosen as the translation estimation loss while the attitude
estimation loss includes three-level rotation matrix losses. We
summarize the total loss algorithm in the training phase in
Algorithm 1.

Algorithm 1. Total loss.
Input: a pair of ‘‘UAV-satellite” images, labels T	;R	ð Þ
Output:Ltotal

1. Substitute R	 into Eq. (8) to obtain C	, where the column

vectors in R	 are taken as the mean of the vMF distribution.

2. Input the pair of images into the model to obtain

Ĉa;i ð̂r1; r̂2; r̂3Þði ¼ 1; 2Þ,Ĉf ð̂r1; r̂2; r̂3Þ and T̂.

3. According to Eq (9), calculate the mean of

Ĉa;i ð̂r1; r̂2; r̂3Þði ¼ 1; 2Þ and Ĉf ð̂r1; r̂2; r̂3Þ, to obtain R̂a;iði ¼ 1; 2Þ
and R̂f.

4. Substitute R̂a;iði ¼ 1; 2Þ, R̂f and R	 into Eq. (13) to obtain

Ldir R̂a;i;R
	

	 

ði ¼ 1; 2Þ and Ldir R̂f;R

	
	 


.

5. Substitute Ĉa;i ð̂r1; r̂2; r̂3Þði ¼ 1; 2Þ, Ĉf ð̂r1; r̂2; r̂3Þ and C	 into Eq.

(14) to obtain Ldis Ĉa;i;C
	� �ði ¼ 1; 2Þ and Ldis Ĉf;C

	� �
.

6. Obtain LvMF R̂f; Ĉf

	 

and LvMF R̂a;i; Ĉa;i

	 

as Eq. (15).

7.Latt ¼ LvMF R̂f; Ĉf

	 

þP2

i¼1wiLvMF R̂a;i; Ĉa;i

	 

;wi 2 ð0; 1Þ

8.Ltran ¼ T̂� T	� �2
9.Ltotal ¼ Ltran þ Latt
3. Experiment and analysis

3.1. Dataset

Pairs of UAV and satellite images from 3 different cities across

England are created for our dataset. For our standard dataset,
the training, validation, and test sets all are images from
Oxford and Cambridge. For our generalized dataset, the train-
ing and validation sets are from Oxford and Cambridge while

the test sets are from London.
We use Google Earth Studio to simulate small UAV images

with various poses firstly. For each of the cities, we define sev-

eral central points around which the flight curves are set, and
record the flight video with 30 frames per second. The flight
altitude is about 80–120 m. Each UAV image is defined by

L; k; h; h; c;wf g, where L; k and h represent the latitude, longi-
tude and altitude respectively, the pitch h 2 �50o; 0o½ �, the roll
c 2 �10o; 10o½ �, and the head w 2 �180o; 180o½ �.

Secondly, we extract a corresponding satellite image of the
chosen cities from Google Map. The altitude of the center
point of the satellite image is 1000 m, and the longitude and
latitude are the same as that of the central points of the

UAV flight curves. All the satellite images cover an area of
about 2 km � 1 km, with 0� heading, i.e., are aligned with
the North direction. All the pairs of images are scaled to a

fixed size of 224 � 224 pixels.

3.2. Evaluation metrics

In this paper, the average absolute errors of the translation and
Euler angle are reported to evaluate the estimation accuracy of
the proposed method. Additionally, the proposed Pd/Re-Net

with AGTFM model directly outputs the direction vectors in
the rotation matrix, and thus the geodesic error 36 is also
reported to evaluate the estimation accuracy of the unit vectors
intuitively.

The geodesic error of the rotation matrix between the esti-
mation and the ground truth is:
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d/ ¼ arccos
trace R̂ R	ð ÞT

	 

� 1

2
ð16Þ
3.3. Discussion on the design of proposed Pd/Re-Net

The GoogleNet is initialized with the pre-trained weight on the
Cambridge Landmark dataset. 28 Then, the Pd/Re-Net with

AGTFM model is trained with loss weights a ¼ 8� 107,

w1 ¼ w2 ¼ 0:3. SGDM optimizer 37 with a learning rate of
0.001 is chosen. The batch size is 20. And the ground truth
distributions are generated by the von Mises-Fisher distribu-
tion with j ¼ 10.

3.3.1. Comparison with state-of-the-art methods

To verify the correctness of our continuity analysis and the

advantage of the proposed model, we compare the perfor-
mance of multiple variants of our model on both the standard
dataset and the generalized dataset. For analyzing the effec-
tiveness of our approach to attitude estimation, we focus on

the two main questions: ‘‘rotation matrix versus other attitude
representations” and ‘‘probability distribution versus direct
regression”. Therefore, the regression baselines include net-

works that directly regress the rotation matrix, equivalent
rotation vector, Euler angle, and quaternion, which are repre-
sented as Re-Net-R, Re-Net-Rv, Re-Net-E, and Re-Net-Q

respectively. All the regression baselines are constructed by
changing the parameters of the last fully-connected layer in
Rpnet. 38 Probabilistic baselines include models that estimate

the probability distribution of equivalent rotation vectors,
Euler angles, and quaternions respectively, which are repre-
sented as Pd-Net-Rv, Pd-Net-E, and Pd-Net-Q correspond-
ingly. The probability distribution model of the equivalent

rotation vector is built on the basis of DirectionNet-R 27 by
adding a parallel branch to estimate the two-norm of the
equivalent rotation vector; 3D-RCNN 39 estimates Euler

angles with a discrete von Mises distribution over the quan-
tized circle; the probability distribution model of the unit
quaternions is built at resolution 163 over the 4D unit sphere

as well. All the above baselines share the same image encoder
architecture and are without the proposed attention-guided tri-
ple fusion mechanism.

As illustrated in Tables 1–2, our Pd/Re-Net model outper-

forms all baselines on each metric on both the standard and
the generalized dataset. Besides, both show the same following
laws: Prediction based on the probability distribution is consis-

tently better for each angle when we compare the Pd/Re-Net
Table 1 Comparison of attitude estimation by different methods o

Model name Estimation parameter Attitude rep

Pd/Re-Net Probability distribution Rotation ma

Pd-Net-Rv Equivalent r

Pd-Net-E Euler angles

Pd-Net-Q Quaternion

Re-Net-R Regression Rotation ma

Re-Net-Rv Equivalent r

Re-Net E Euler angles

Re-Net-Q Quaternion
model with the Re-Net-R model, which benefits from the accu-
rate estimation of attitude uncertainty. However, the same
improvement is not observed apparently when the attitude is

represented by the discontinuous equivalent rotation vector
or the quaternion. The circular normal distribution does not
help at all when represented by the Euler angle, even per-

formed worse. These results confirm that the continuity analy-
sis and the selection of attitude representations are important.

For translation estimation evaluation, we focus on the main

question of ‘‘probability distribution versus direct regression”.
DirectionNet-T 27 predicts the translations without scale from
the rotation-free image pairs. We use the Direction-Net-T
model without de-rotating as the baseline, which added an

additional branch layer to estimate the scale and is represented
by Re-Net-T. Tables 3–4 report the mean absolute errors of
the translation estimates on the standard and generalized data-

sets, respectively. It is concluded that the probability distribu-
tion layer does not play an important role in the improvement
of translation estimation accuracy, especially on the general-

ized dataset. Considering that the probability distribution
layer will increase the number of model parameters and com-
putational complexity, the proposed Pd/Re-Net model, which

predicts translation by regression, can provide a good trade-off
between improving performance and increasing model
complexity.

In addition, it can be seen that for the rotation matrix rep-

resentation with good continuity, the results on the standard
dataset are always better than those on the generalized dataset;
however, for the other attitude representations, due to the

poor continuity, the appearance of intermittent points will
affect the fitting ability of the network and some outliers will
appear. Therefore, the results on the standard test set are

sometimes slightly larger than those on the generalized test
set for the other attitude representation methods. For the
translation prediction, the accuracy on the standard dataset

is always superior to that on the generalized dataset by com-
paring Tables 3–4. As a result, the suitable input parameters
with good continuity can better exploit the strong fitting ability
of neural networks, which also proves the significance of the

analysis of the various attitude representations.
However, ‘‘Satellite-UAV” image pairs, in reality, are often

significantly different as discussed in Section 1, posing a huge

challenge to the UAV absolute pose estimation based on the
pre-loaded satellite image. And the usage of simulated datasets
with wide availability is one of the main approaches to address

that. Therefore, in the following discussions and analysis, we
will mainly focus on the performance of the proposed model
on generalized datasets.
n standard dataset.

resentation dh(�) dc(�) dw(�)

trix 1.34 2.32 5.78

otation vector 15.45 14.00 59.82

7.24 145.18 121.11

15.29 3.75 62.28

trix 1.96 2.8 9.44

otation vector 8.65 5.63 90.79

5.22 40.64 60.79

2.08 5.94 15.9



Table 2 Comparison of attitude estimation by different methods on generalized dataset.

Model name Estimation parameter Attitude representation dh(�) dc(�) dw(�)

Pd/Re-Net Probability distribution Rotation matrix 4.14 3.16 49.95

Pd/Re-Net-Rv Equivalent rotation vector 8.31 7.06 55.94

Pd/Re-Net-E Euler angles 12.57 253.81 102.88

Pd/Re-Net-Q Quaternion 12.48 6.01 90.00

Re-Net-R Regression Rotation matrix 7.5 7.35 65.11

Re-Net-Rv Equivalent rotation vector 18.26 6.44 88.87

Re-Net E Euler angles 4.54 107.05 86.90

Re-Net-Q Quaternion 6.77 8.69 88.65

Table 3 Comparison of translation estimation by different

methods on standard dataset.

Model dE mð Þ dN mð Þ dU mð Þ
Pd/Re-Net 9.28 10.35 6.41

Re-Net-T 5.46 1.6 9.22

Table 4 Comparison of translation estimation by different

methods on generalized dataset.

Model dE mð Þ dN mð Þ dU mð Þ
Pd/Re-Net 87.94 42.31 20.53

Re-Net-T 81.82 47.10 9.88
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3.3.2. Robustness analysis

Figs. 5–6 show the performance of the proposed Pd/Re-Net
model with different satellite image scales and view angles,
compared with the Re-Net-R method. It can be seen that as

the satellite image shooting heights increase, the larger the size
of the satellite image, the more interference information irrel-
evant to the UAV image, and the greater the error of attitude

estimation using the regression method, while with the increase
of the view difference between the ‘‘UAV-satellite” image
pairs, the shared information becomes less, which also brings
trouble to the regression model. However, the proposed Pd/

Re-Net method consistently exhibits higher estimation accu-
racy and stability, which demonstrates that the Pd/Re-Net
Fig. 5 Estimation error under variou
model quantifies the uncertainty of pose predictions correctly
and is able to model ambiguous and challenging cases.

It should be extra explained that the roll axis and yaw axis
of the UAV are aligned when the view difference is within the
range of 0� to –20�, limited by Google Earth Studio. Hence

neither the probability distribution model nor the regression
model can achieve highly accurate estimation within this
range.

3.3.3. Discussion on the choice of concentration parameter

Fig. 7 compares the effect of different values of concentration
parameter j in the Pd/Re-Net model on attitude estimation

accuracy. The highest prediction accuracy is obtained for all
the metrics when j = 10. As shown in Fig. 3, when j = 1,
the directional samples are greatly scattered, which is a chal-
lenge for the learning ability of the neural network at the res-

olution of 642 set in this paper; when j = 50, the samples are
concentrated near the mean, making the model susceptible to
outliers and not robust to complicated scenarios, thus causing

a decrease in accuracy. Therefore, j = 10 is reasonable under
the design of the proposed Pd/Re-Net model.

3.4. Visualization and ablation study

In Fig. 8, we visualize the feature maps extracted by the pro-
posed attention-guided triple fusion GoogleNet as described

in Section 2.2.3. Given a pair of ‘‘satellite-UAV” images in
Figs. 8(a)–(b), we generate three levels of feature maps from
Pd/Re-Net and Pd/Re-Net with AGTFM, respectively in
Figs. 8(c)–(h) and Figs. 8(i)–(n). It is illustrated that the feature

maps in the first level extract more pixel-level detail informa-
tion, such as the texture, corner, and other relevant informa-
tion of the point and its adjacent points, those in the last

level extract target-level global semantic information, and
s satellite image shooting heights.



Fig. 6 Estimation error under various viewpoint differences between ‘‘satellite-UAV” image pairs.

Fig. 7 Attitude estimation error under various concentration

parameters.
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those in the second level extract both. Additionally, the feature
maps extracted by the model with the attention mechanism

better align with the semantics of the images and provide more
high-level information that highlights informative regions. For
example, the big lawns in Fig. 8(b) are taken as visually sal-

ience features, which are more significant in location in
Fig. 8(l).

Furthermore, the ablation study is conducted to quantita-

tively evaluate the effectiveness of the proposed attention-
guided triple fusion mechanism, as illustrated in Fig. 9, where
‘‘a-f” stands for the model with an attention-guided triple
fusion module; ‘‘f” is the model optimized by the triple fusion

module only, where the three image embeddings at different
levels extracted from GoogleNet are used to estimate the atti-
Fig. 8 Visualization of feature maps extracted fr
tude; ‘‘a” is the model optimized by an attention module only,
where the image embedding 3 extracted from the GoogleNet

improved by Senet is used to estimate the attitude; ‘‘/” is the
original Pd/Re-Net model without any extra module. We
observe that the attention-only mechanism can improve the
estimation accuracy to a certain extent by highlighting the

key regions. Meanwhile, the fusion-only module fuses the
pixel-level details of both ‘‘key regions” and ‘‘unimportant
regions” simultaneously, interfering with the model, resulting

in little help on attitude estimation, especially in the roll and
yaw. It is concluded that compared with the GoogleNet, our
proposed network can not only focus on the key regions but

also enlarge local details, amplifying valuable information
and resulting in more accurate results.

3.5. Flight experiment

In order to verify the robustness of the proposed Pd/Re-Net
with AGTFM model in real scene, in January 2023, we used
DJI Matrice 600 Pro with a forward-facing camera, to take

UAV images of an industrial area in the suburbs of Beijing.
The flight height is about 70–90 m. Three sets of images are
captured with camera pitch angles of 0�, –10�, and –50�, exam-

ples of which are shown in Figs. 10(a) - (c). The corresponding
satellite remote sensing image over the industrial area is
acquired from Google Map, covering an area of about 2.5 k
om Pd/Re-Net and Pd/Re-Net with AGTFM.



Fig. 9 Ablation study results.

Fig. 10 Examples in flight test dataset.

Fig. 11 Flight test results estimated by Pd/Re-Net with AGTFM and Re-Net.
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Table 5 Comparison of pose estimation errors by different methods on flight test dataset.

Pitch Model dE mð Þ dN mð Þ dU mð Þ dh(�) dc(�) dw(�) d/(�)

0� Pd/Re-Net with AGTFM 74.90 35.71 10.13 10.26 2.57 87.49 85.65

Re-Net 187.60 42.38 82.11 33.57 33.25 88.55 124.91

–10� Pd/Re-Net with AGTFM 111.62 25.29 8.34 4.14 1.28 75.91 74.87

Re-Net 191.60 29.00 80.26 19.50 28.89 105.47 80.33

–50� Pd/Re-Net with AGTFM 79.76 40.22 30.42 8.66 1.65 73.51 72.47

Re-Net 205.48 89.45 59.40 73.15 26.59 91.91 89.92

Table 6 Comparison of computational cost pose estimation

by different methods on flight test dataset.

Model Model size (MB) MFLOPs

Re-Net 65.60 24.43

Pd/Re-Net with AGTFM 95.60 90.96

Intel Movidius Myriad 2 VPU 4096 100,000
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m � 1.2 km, which was updated in April 2021, as shown in
Fig. 10(d). It is obvious in Fig. 10 that the satellite image dif-

fers considerably from the real-time images in terms of illumi-
nation, movement of small objects (e.g., vehicles and trailers),
changes in large structures (e.g., building additions and demo-

litions), trees, etc., due to the weather, different shooting times,
and seasons. Consequently, the flight test dataset is more com-
plex and challenging than the simulated one. The estimation

results are shown in Fig. 11 and Table 5. It can be seen that
the direct regression network has a sharp increase in the pose
estimation error in the real flight scenario, while our network
shows better accuracy and robustness. In addition, since we

did not use any temporal continuous information or inertial
information, the results oscillate severely in Fig. 11, which
could be improved by building a vision/inertial integrated nav-

igation model.

3.6. Computational cost

In Table 6, we provide a detailed computation comparison
between the proposed Pd/Re-Net with the AGTFM method
and the traditional method, Re-Net, which is an important

algorithmic aspect when deployed on the Vision Processing
Units (VPU) of the small UAV. As indicated in Tables 5–6,
although the designed Pd/Re-Net with AGTFM model adds
an additional 272.2% computational complexity and 45.73%

number of parameters, the average improvement in translation
estimation accuracy is 244.85% and attitude estimation accu-
racy is 528.96% during the actual flight, which also exhibits

higher robustness facing the challenging scenarios with strong
viewing angles and satellite scale differences. We believe that
the small additional computational cost incurred by the Pd/

Re-Net with the AGTFM model is justified by its contribution
to model performance. In order to evaluate the practical appli-
cation capability of our model, the performance parameters of
the VPU used in current small consumer-grade UAVs are also

given in Table 6, as exemplified by the Intel Movidius Myriad
2 VPU employed by the DJI Spark mini-UAV. It is concluded
that the proposed model is fully deployable in this VPU, even

without any lightweight design. As a result, the proposed Pd/
Re-Net with the AGTFM model is suitable for a wide range
of application platforms and maintains a good balance

between performance gains and increased model complexity.

4. Conclusions

In order to solve the difficulty of relative pose estimation
between ‘‘UAV-satellite” image pairs with large viewpoints
and scale differences, and to improve the autonomous naviga-

tion capability and survivability of small UAVs in a GNSS-
denied environment, this paper proposes a probability distri-
bution/regression integrated deep model with the attention-

guided triple fusion mechanism. The following conclusions
can be drawn from this study:

(1) In this paper, a deep model combining probability distri-

bution and regression is developed for accurate estima-
tion of the von Mises-Fisher distribution in attitude
space and the 3D vectors in translation space. The atti-

tude is represented by a rotation matrix with good con-
tinuity, which significantly improves the fitting ability of
the neural network compared to other representations,

such as equivalent rotation vectors, Euler angles, and
quaternions. Then the built model learns the von
Mises-Fisher distribution for each direction vector in

the rotation matrix and exhibits higher estimation accu-
racy compared to the direct regression approach. Mean-
while, the translation is estimated by direct regression,
which reduces the complexity of the network model as

well as maintains a high estimation accuracy of the
network.

(2) This paper proposes an attention-guided triple fusion

module, which enables the feature extraction module
to focus more on the beneficial region to the relative
pose estimation and amplifies the pixel details of that

region, thus improving the estimation accuracy of the
model.

(3) The performance of the proposed method is validated by
simulated datasets and flight tests, indicating that our

proposed Pd/Re-Net with AGTFM model consistently
shows better estimation accuracy, robustness, and gener-
alization ability compared to direct regression networks.

In the future, we consider adding inertial sensors to further

improve the estimation accuracy and robustness of the system.
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