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Abstract

Due to the inability to receive signals from the Global
Navigation Satellite System (GNSS) in extreme conditions,
achieving accurate and robust navigation for Unmanned
Aerial Vehicles (UAVs) is a challenging task. Recently
emerged, vision-based navigation has been a promising and
feasible alternative to GNSS-based navigation. However, ex-
isting vision-based techniques are inadequate in addressing
flight deviation caused by environmental disturbances and in-
accurate position predictions in practical settings. In this pa-
per, we present a novel angle robustness navigation paradigm
to deal with flight deviation in point-to-point navigation tasks.
Additionally, we propose a model that includes the Adap-
tive Feature Enhance Module, Cross-knowledge Attention-
guided Module and Robust Task-oriented Head Module to
accurately predict direction angles for high-precision navi-
gation. To evaluate the vision-based navigation methods, we
collect a new dataset termed as UAV_AR368. Furthermore,
we design the Simulation Flight Testing Instrument (SFTI)
using Google Earth to simulate different flight environments,
thereby reducing the expenses associated with real flight test-
ing. Experiment results demonstrate that the proposed model
outperforms the state-of-the-art by achieving improvements
of 26.0% and 45.6% in the success rate of arrival under ideal
and disturbed circumstances, respectively.

Introduction

The Unmanned Aerial Vehicle (UAV) is a remotely con-
trolled unmanned aircraft equipped with sensors and Global
Navigation Satellite System (GNSS). Typically, UAVs rely
on GNSS for precise positioning and continuous adjustment
of flight angles towards the end point. However, various fac-
tors, such as environmental conditions (e.g., buildings, and
mountains), weather conditions (e.g., rain, snow, fog), and
magnetic interference often result in UAVs receiving weak
or no signals from GNSS. Recently, vision-based navigation
has emerged as a promising alternative to GNSS-dependent
navigation, thanks to the constant availability of scene im-
ages and affordable image acquisition equipment.

The point-to-point navigation is a typical method in
vision-based navigation, serving crucial applications such
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as cargo transportation, package delivery, and crop cultiva-
tion. Existing point-to-point navigation can be grouped into:
classification-based and matching-based methods.

The former classifies the acquired image [k into a cat-
egory with a specific position. Then, the direction guid-
ance is computed by the category position and the ideal
end point. However, flight deviations commonly occur as
a result of wind and other disturbances. As shown in Fig-
ure 1 (a), the UAV in the deviated position flies with the
direction guidance (denoted by the red dash line with an
arrowhead). Following this guidance can result in cumula-
tive position errors or even a wrong flight route. The latter
matches the acquired image [ in the deviated position with
a set of candidate images {I*} within a specific area near
the ideal position. Then, the direction guidance is computed
by the matched position and the ideal end point. Although
the matching-based approach has improved accuracy com-
pared to classification-based method, it still has limitations
including the requirements for significant storage space and
time-consuming matching operations. Moreover, Figure 1
(b) shows that incorrect matching will lead to a wrong flight
direction (denoted by the red dash line with an arrowhead).
In sum, the aforementioned techniques are two-stage meth-
ods that firstly predict the position and then calculate the di-
rection angle. Due to the disturbances in realistic scenarios,
both of them are not efficient in solving flight deviation.

In this paper, we propose a novel angle robustness navi-
gation paradigm, aimed at effectively addressing flight de-
viation caused by disturbances in realistic environments. As
depicted in Figure 1 (c), in contrast to the traditional two-
stage methods, the proposed paradigm directly predicts the
angle based on historical frames, in order to adaptively find
the correct direction. Specifically, an angle robustness nav-
igation model that incorporates several key modules is put
forward. The Adaptive Feature Enhance Module extracts
sequential visual features from previous images, while the
Cross-knowledge Attention-guided Module integrates path
semantic information within the embedding sequences. To
enhance robustness against environmental disturbances, Ro-
bust Activation Module is presented as an additional com-
ponent of the Robust Task-oriented Head Module.

Furthermore, we collect a new dataset termed as
UAV_AR368 and design the Simulation Flight Testing In-
strument (SFTT) using Google Earth. The SFTI is a testing
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Figure 1: Comparison between the existing methods (a) Classification-based, (b) Matching-based methods and (c) Ours. (a)
and (b) involve predicting the position and then calculating the direction angle. The inaccurate position prediction will lead to
cumulative flight errors. In contrast, our method (c) directly predicts the direction angle and effectively solves flight deviation.

tool capable of simulating diverse flight scenarios with dis-
turbance factors like random wind, cutout, rain, and bright
variation. By leveraging SFTI, we can efficiently evaluate
the vision-based point-to-point navigation methods in real-
world settings in a cost-effective manner. Experiment results
show that the proposed method significantly improves the
success rate of arrival by 26.0% and 45.6% under the ideal
and disturbed circumstances respectively.

Our contribution is therefore the first angle robustness
navigation paradigm and model against flight deviation in
realistic scenarios. We depart from the conventional two-
stage navigation methods and adopt a more robust approach
of directly predicting the direction angle. To enable effi-
cient evaluation of vision-based navigation methods, a new
dataset named UAV_AR368 and a flight testing tool called
SFTI are introduced. Extensive experiment results demon-
strate that the proposed method achieves success rate im-
provements of 26.0% and 45.6% under ideal and disturbed
circumstances respectively, compared to the state-of-the-art.

Related Work

Existing vision-based UAV navigation methods can be cate-
gorized into four main types: obstacle detection and avoid-
ance, map-independent navigation, map-building naviga-
tion and point-to-point navigation. The first one (Zhu et al.
2016; Giusti et al. 2016; Kahn et al. 2017; Gandhi, Pinto, and
Gupta 2017; Lillicrap et al. 2019; Chen et al. 2022) primar-
ily concentrates on detecting and avoiding obstacles along
flight routes. In this paper, we focus on the latter three tech-
niques most related to our work.

Map-independent Navigation. This method navigates
UAVs only by extracting features from surrounding circum-
stances instead of relying on maps. It mainly serves in-
door corridor navigation (Kim and Chen 2015; Chhikara
et al. 2021) and outdoor autonomous driving naviga-
tion (Smolyanskiy et al. 2017; Kim and Canny 2017). Xu
et al. (2016) incorporated a novel FCN-LSTM architec-
ture leveraging scene segmentation side tasks to improve
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autonomous driving performance. Unlike map-independent
navigation, our approach focuses on navigating the UAV to
the specific end point by learning knowledge from maps.

Map-building Navigation. In complex navigation envi-
ronments, generating maps proves to be an effective solu-
tion. Map-building systems have been widely used in au-
tonomous and semi-autonomous fields with the rapid de-
velopment of visual simultaneous localization and mapping
(SLAM) technology (Mur-Artal and Tardos 2017; Pire et al.
2017). A 3D LiDAR SLAM was presented by Lu et al.
(2023) for the localization of autonomous vehicles through
encoding unordered point clouds with various resolutions.
To reduce the influence of dynamic objects, Lv et al. (2023)
introduced SIIS-SLAM based on sequential image segmen-
tation integrating the optical flow dynamic detection mod-
ule. Although the SLAM algorithm is mature, its steps in
practical applications are relatively complex. In addition, the
performance of SLAM tends to diminish in outdoor navi-
gation scenarios with drastic environmental changes, com-
pared to indoor settings.

Point-to-point Navigation. This approach firstly deter-
mines the position of the UAV and then calculates the
flight angle towards the intended end point. Zheng, Wei,
and Yang (2020) introduced a new multi-view multi-source
benchmark for UAV-based geolocalization task, termed as
University-1652. This seminal work has spawned several
impressive works. Zhang et al. (2021) designed dense lo-
cal feature descriptors for improving positioning accuracy.
Wang et al. (2022) and Zhuang et al. (2022) proposed a dual
branch framework against the problem of real-time images
with extreme appearance changes. Apart from classification-
based techniques, matching-based systems have also been
employed in certain studies. To make full use of difficult
positive samples, Ge et al. (2020) presented fine-grained
image-region similarity. Wang et al. (2020) proposed a
square-ring feature partition strategy to extract key fea-
tures. In order to avoid the fine-grained information lost, Dai
et al. (2022) designed the Feature Segmentation and Region
Alignment (FSRA) to enhance the model’s ability to under-
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Figure 2: Architecture overview of the proposed method. Firstly, the Adaptive Feature Enhance Module extracts both sequential
feature-level and position-level features R!, R”. Then, the Cross-knowledge Attention-guided Module integrates these seman-
tic features to a global perspective embedding Z , ;. Finally, the Robust Task-oriented Head Module utilizes the embedding to

adaptively predict the direction angle 6.

stand contextual information. Lin et al. (2022) introduced
RK-Net to learn a viewpoint-invariant visual representation.

Although the classification-based method is fast and sim-
ple, it is susceptible to serious flight deviation due to a sin-
gle positioning error. Upon this, the matching-based method
employs finer-grained matching operations to improve ac-
curacy, but it requires substantial storage space and time.
Moreover, it still suffers from flight deviation issues. In sum,
the above methods are unable to address flight deviation in
realistic environments.

Task Definition

In this section, the angle robustness point-to-point naviga-
tion paradigm is defined formally. Given the previous frames
X (X1,Xs,...,Xxk) captured by the UAV camera,
where K is the number of frames, the task is to train a
network that predicts a direction angle 6 within the range
of (—180°,180°]. This angle serves as the navigation com-
mand. Unlike traditional two-stage approaches that firstly
predict the position and then calculate the direction angle
based on the predefined end point as depicted in Figure 1 (a)
and (b), the angle robustness paradigm directly outputs the
direction angle in an end-to-end manner thereby addressing
flight deviation efficiently.

Method

Now we describe the proposed angle robustness point-to-
point navigation model in detail. Our method takes a se-
quence of K continuous frames X = (X1, Xs,...,Xk)
along with an end point frame X, as input (X > 1). It
predicts a direction angle 6 as the navigation command.
Here, X refers to the frame at the current timestamp,
while (X1, Xo,..., Xk_1) indicate the previous historical
frames. Particularly, a frame X}, € X is a tuple (Ix, Py)
composed of a captured image [, and corresponding coor-
dinate P, € R2.

Figure 2 shows the overall framework of the proposed
method. To begin with, the Adaptive Feature Enhance Mod-
ule represents the image and position sequence as two em-
beddings R’ and R”, separately by the Feature Guidance
Module and Displacement Guidance Module. Then, the
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Transformer-based (Vaswani et al. 2017) Cross-knowledge
Attention-guided Module merges local sequential features
to a global perspective embedding Z7_ ;, which will be sent
to the subsequent Robust Task-oriented Head Module to pre-
dict the direction angle 6 adaptively. In order to improve the
robustness of the model against disturbed situations, Robust
Activation Module is incorporated into the Angle Prediction
Head. Furthermore, two auxiliary heads are introduced to
facilitate the model’s understanding of complex scenarios.

Adaptive Feature Enhance Module

The Adaptive Feature Enhance Module is proposed to ex-
tract sequential visual semantic information from the input
X in a computational efficient manner. To achieve this, it
introduces a Feature Guidance Module and a Displacement
Guidance Module to extract key features.

Feature Guidance Module. We follow (Howard et al.
2019) and employ MobileNetV3-Small pre-trained on Im-
ageNet (Russakovsky et al. 2015) as the backbone to ex-
tract valuable information. Specifically, given a frame Xj, =
(Ix, Py),(1 < k < Kork = e), the Feature Guidance
Module denoted as F,,(-) with parameter set w, takes the
image [y, as the input and generates a feature embedding Ri
from the global average pooling layer:

Ri = F (I}). (1)

Displacement Guidance Module. Apart from the
feature-level information, the position-level information
along the route is further provided by the Displacement
Guidance Module so that the navigation model is able to
generate more robust and accurate navigation commands.
Formally, for the k-th frame X, = (I, Py), the displace-
ment is defined as
Ppi1—Pg
[ Pot1—Prll,’

APk:{(l if1<k<K,

ifk=Kore.
Next, the Displacement Guidance Module denoted as
Fy () with parameter set 1), performs a shift add and a lin-

ear projection to map the displacement vector APy to an
embedding RY:

AP+ =AP, 1,1 <k<Kore,

2

i Y

3)
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RE = Fy(APy). “4)
With the two components of the Adaptive Feature En-

hance Module, the model input is mapped into a token se-
quence Z as follows:

Zy, = Fy(Rj, ® RY), (5)
Z: [21)Z27"'7Zk‘7"'7ZK)ZK+1]7 (6)

where @ represents the concatenation operation, and Fy(-)
denotes a linear projection with parameter set ¢. Through
the concatenation and projection operations, position off-
set and image rotation information are incorporated into the
feature embedding Zj, which greatly promotes the model’s
ability to extract essential features from realistic images.

Cross-knowledge Attention-guided Module

In order to capture the interactive features present in the
historical frame sequence, the Cross-knowledge Attention-
guided Module based on Transformer is put forward. In-
spired by Radford and Narasimhan (2018), the Cross-
knowledge Attention-guided Module is designed as a
decoder-only Transformer. To be specific, the module con-
sists of a learnable Positional Embedding layer, a Dropout
layer and L identical decoder layers. Each decoder layer is
composed of a Masked Multi-Head Attention layer and a
Feed Forward Network (FFN).

Let F.(-) denotes the Cross-knowledge Attention-guided
Module with parameter set €. The output Z’ is obtained by
applying this module as follows:

Z' = F.(2). ©)

Similar to Z, Z’ is composed of K + 1 tokens denoted as
{Z,’C}kKjl1 Instead of preserving the entire sequence, only
the (K + 1)-th token Z7, ; which contains sufficient image
and angle features is adopted to predict the direction angle.

Robust Task-oriented Head Module

Angle Prediction Head. This head is presented to pre-
dict the direction angle adaptively. A LayerNorm layer and
a FFN layer constitute its backbone. To improve the ro-
bustness of the model against various environmental dis-
turbances, a Robust Activation Module is incorporated be-
tween the LayerNorm layer and FFN layer additionally. The
Robust Activation Module is composed of a HardTanh ac-
tivation function, a FFN layer and another HardTanh layer,
where the FFN layer reduces the feature dimension of Zj. |
to half of its original dimension.

Formally, the Angle Prediction Head denoted as F,(-)
with parameter set vy, takes Z%,, as input and generates
a vector (sin @, cos d). Here, 0 refers to the direction angle
in degrees within the range of (—180°, 180°]. The direction
angle is represented in the format of a vector including sine
and cosine values for the following reasons:

Firstly, since the concerned task is point-to-point naviga-
tion, the direction from the start point to the end point re-
mains fixed. This representation strategy divides the plane
into four fine-grained quadrants thereby making it easier to
determine the overall direction and decreasing the possibil-
ity of serious flight deviation caused by one-time prediction
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error. Secondly, this strategy saves search space. As once the
overall direction is determined, the other three quadrants can
be disregarded. Finally, predicting sine and cosine values si-
multaneously facilitates model learning. If the output angle
is simply predicted within the range of [—1, 1] and then lin-
early converted into the range of (—180°,180°], there is a
risk that the angle may exceed the allowable range. In this
case, the angle can only be rigidly truncated, which impairs
the model’s learning of nonlinear relationships. In contrast,
the angle in degrees is calculated based on the arctangent
value in our method:

in 0
0 = arctan(>”) = 7 x 180°, (8)
cos 6
and then converted into the correct range:
0— 0 4+ 180°, if sinf > 0 and cosf < 0, )
|6 —180°, if sinf < 0 and cosf < 0.

Upon this, even if the output sine and cosine values exceed
the range of [—1, 1], the arctangent value is still within the
allowable range, ensuring the degree value of the direction
angle is always reasonable. Consequently, the representation
strategy avoids truncation defects and promotes the model’s
learning of nonlinear relationships.

To enhance the cognitive capability of the model in com-
plex scenarios, two auxiliary heads have been designed in-
cluding the Current and the Next Position Prediction Head.

Current Position Prediction Head. The Robust Ac-
tivation Module is omitted from this head compared
to the Angle Prediction Head. Formally, given a label
space with C categories in the dataset denoted as C
{classy, classy, ..., classc}, the Current Position Predic-
tion Head F, () with parameter set o maps the feature
Z1¢, to a C-dimensional embedding p € R®, which repre-
sents the class probabilities of the current position of UAV.

Next Position Prediction Head. This head has the same
components as the above head. Differently, the Next Posi-
tion Prediction Head Fg(-) with parameter set 3, predicts
the class probabilities o € R of the next position of UAV.

Simulation Flight Testing Instrument
Validation Process

During testing, the coordinates of the images along the route
cannot be obtained from GNSS, except for those of the start
and the end points. In other words, at the beginning, only two
frames are fed into the model: the start point X1 = (I, P)
and end point X, = (I, P.). Then, the model predicts the
direction angle (sin 01, cos #1) and calculates the next posi-
tion Py: Py = P, + (sin by, cos 1) x D, where D is the UAV
flight distance each flight step. Following the procedure de-
picted in the next subsection, (X7, Xa, X,) is obtained as
the model input of the next prediction step. Apparently, each
prediction step increases the input length by 1. The above all
processes are repeated until the input length (excluding X.)
exceeds K, then the earliest frame is discarded to maintain
a constant input length. The testing route is considered com-
plete when the UAV successfully reaches the predefined end
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point within 25 m / 50 m, or the number of flight steps ex-
ceeds 250, or the UAV flies out of the designated map range
of 5328 x 2300m?:

|

where P, indicates the ideal end point position, and Py
refers to the predicted position at the current timestamp.

PE—FKH < 25 or ‘
2

p. - FKH2 <50, (10)

Setting of SFTI

In order to achieve efficient evaluation of vision-based navi-
gation methods in real-world settings, we present the Simu-
lation Flight Testing Instrument (SFTI) using Google Earth
as its satellite images are very similar to realistic UAV im-
ages. It is assumed that the UAV is flying parallel to the
ground, with a pitch of 90° and a flight distance of 30 m
each flight step. The ideal flight altitude is 80 m. The coun-
terclockwise rotation angle from the eastward direction line
is positive, and the clockwise rotation angle is negative. The
role of the SFTT in each prediction step is as follows: Firstly,
the direction angle is predicted and the coordinate of the next
position is calculated. Secondly, since there are cases that
the UAV needs to adjust the flight parameters or encoun-
ters wind, the Horizontal Position Deviation (Random Wind,
One-way Wind) and / or Vertical Position Deviation (Alti-
tude) are added to the original position. Thirdly, the screen-
shot is captured on Google Earth based on the adjusted po-
sition. Fourthly, imgaug (Jung et al. 2020) library is utilized
to process the screenshot to imitate random environmental
disturbances, including Environmental Conditions (Cutout),
Weather Conditions (Rain, Snow, Fog) and Lighting Condi-
tions (Bright). Finally, the model input for the next predic-
tion step is obtained. Figure 3 shows the examples of the
ideal and disturbed testing environments.

Experiments
Experiment Settings

Datasets. We collect a new dataset termed as UAV_AR368
containing 368 routes and 56,880 images on the topic of
UAV point-to-point navigation. Specifically, the UAV adopts
a speed range of [5,15] m / s and flies at an altitude range
of [60,100] m to capture 184 routes to cope with situa-
tions where flight parameters need to be adjusted during
testing. Each route is over 5,800 m. Each image has a res-
olution of 320 x 180 and is accompanied by corresponding
GNSS coordinate. Due to the challenges of capturing images
under extreme weather conditions, imgaug library is em-
ployed to process these images and generate additional 184
routes, including Cutout, Rain, Snow, Fog, and Bright. In
sum, UAR_AR368 is a multi-domain and multi-scale dataset
with various environmental conditions and field of view size.
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Finally, the dataset is classified into 100 categories based
on geographical positions and split into a training set with
45,398 images and a testing set with 11,482 images.

To our knowledge, there are no publicly available datasets
for UAV point-to-point navigation tasks. Existing datasets
related to UAV missions are aimed at solving UAV lo-
calization problems, and composed of discrete regions,
such as University-1652 (Zheng, Wei, and Yang 2020) and
CVUSA (Workman, Souvenir, and Jacobs 2015). In con-
trast, our dataset mainly focuses on the point-to-point navi-
gation from the start point to the end point which requires
continuous routes. This consideration has prompted us to
propose our own dataset.

Implementation Details. The value of K is 5 (excluding
X.). All input images are randomly cropped and resized to
224 x 224. The dimensions of Ri, RkP, 2y, Z,’C are 576, 512,
512, 512. The dimension, depth, and hidden dimension of
the Cross-knowledge Attention-guided Module are 512, 4,
and 1024. An eight-head strategy is adopted in the Masked
Multi-Head Attention layer. The dropout rate is 0.1. The ar-
chitecture is optimized by AdamW optimizer with a learn-
ing rate of le-3 and a weight decay of 0.1. The CosineAn-
nealingWarmRestarts is employed as the learning rate de-
cay scheduler and Task-Uncertainty Loss (Kendall, Gal, and
Cipolla 2017) is used as the loss function. The model is
trained for 120 epochs with the batch size of 128. We con-
duct 100 and 160 flight tests with a length of over 5,800 m
for ideal and disturbed environments. D is set to 30 m.

Baselines. Eight vision-based methods are compared in
the experiments: 1) MobileNetV3-Small (Howard et al.
2019); 2) ResNet18 (He et al. 2015); 3) ViT-B/16 (Dosovit-
skiy et al. 2020); 4) FSRA (Dai et al. 2022); 5) RK-Net (Lin
et al. 2022); 6) LPN (Wang et al. 2020); 7) Backbone, which
removes the Displacement Guidance Module from the pro-
posed architecture; 8) Backbone-FC, which removes the Ro-
bust Activation Module from the proposed architecture.

Evaluation Metrics. To compare the performances of
vision-based approaches, seven evaluation metrics are em-
ployed in the experiments: SR@25, SR@50, MEPE, MRE,
MRD, Inference Time and Storage. The first two metrics
represent the Success Rate of arrival within 25 m and 50
m from the end point. The MEPE represents the Mean End
Point Error on the premise of successful arrival. The MRE
and MRD denote the Mean Route Error and Mean Route
Distance on the premise of not deviating from the prescribed
route, respectively. Furthermore, to illustrate the efficiency
of vision-based methods, Inference Time and Storage are
compared. The units of MEPE, MRE, MRD are meters (m),
while Inference Time and Storage are measured in millisec-
onds (ms) and megabytes (MB). The maximum deviation
range for MRE and MRD is set to 200 m.
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SR@25 1 SR@50 1 MEPE | MRE | MRD 1 Inference

Type Method Time Storage
w/o w/ w/o w/ w/o w/ w/o  w/ w/o w/
MobileNetV3 0.0% 0.0% 0.0% 0.0% - - - - - - 9.0 0.0
Classify ResNet18 0.0% 0.0% 0.0% 0.0% - - - - - - 58.0 0.0
ViT-B/16 0.0% 0.0% 0.0% 0.0% - - - - - - 102.0 0.0
FSRA 3.0% 1.9% 7.0% 3.8% 283 242 111 109 232 207 265.0 247.9
Match RK-Net 1.0% 0.6% 3.0% 1.9% 334 388 108 113 420 291 203.0 122.6
LPN 3.0% 1.3% 4.0% 3.8% 20.1 33,5 106 107 171 172 174.0 166.3
Anele Backbone 6.0% 3.1% 8.0% 3.8% 219 16.7 59 61 579 618 40.0 0.0
R bg ¢ Backbone-FC  74.0% 21.9% 74.0% 356% 153 268 30 41 3783 2288 41.0 0.0
obus Ours 100.0% 67.5% 100.0% 78.8% 13.2 197 20 31 4484 3820 49.0 0.0

Table 1: Experiment results w/o and w/ disturbances on UAV_AR368. SR@25, SR@50 (The Success Rate of arrival within
25 m and 50 m from the end point), MEPE (The Mean End Point Error on the premise of successful arrival, with the unit
of meters), MRE and MRD (The Mean Route Error and the Mean Route Distance on the premise of not deviating from the
prescribed route, with the unit of meters), as well as Inference Time (ms) and Storage (MB) are reported. 1 represents that larger
values are better. | represents the opposite. When the SR@25 and SR@50 are 0.0%, the measurements of MEPE, MRE, and
MRD are not possible, as indicated by the symbol “-”. Bold indicates the best results.

200 MRE 200 MRE 200 MRE

start end  start end  start end

==Successful route ==Ideal route

200 MRE 200 MRE 200 MRE
100 100 100
start end start end start end
3t
5
=
2 .
4
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(b) LPN (c) Ours

Figure 4: Visualization results w/o and w/ disturbances on UAV_AR368. The subgraphs in the coordinate systems above indicate
the MRE along the testing routes. The gray dash-line boxes below illustrate the flight routes generated by different methods,
where the successful and ideal routes are denoted by green / blue / red and black lines.

Quantitative Comparison Results and 45.6% higher than that of the baselines. It also achieves

The experiments are conducted on the UAV_AR368 dataset. SR@50 of 100.0% and 78.8% in ideal and disturbed situ-
In Table 1, classification-based methods fail all flights with ations, which is 26.0% and 43.2% higher than that of the
success rate of 0.0%. They incorrectly classify the ini- baselines. Additionally, the MEPE of Ours is around 13.7%

tial images, leading to severe direction error. Although the lower than the MEPE of the baselines, in ideal condition.

matching-based methods improve the success rate to around To verify the robustness of distinct techniques during
3.0%, they are still unable to meet the requirements for flight, MRE and MRD are reported. The MRE of Ours is
high-precision navigation. In contrast, the proposed angle less than that of the baselines (20 m vs. 30 m; 31 m vs. 41
robustness method produces superior performance. Specifi- m). Ours achieves an MRD that is nearly 1.2 and 1.7 times
cally, the proposed method achieves SR@25 of 100.0% and that of the baselines in ideal and disturbed situations. More-
67.5% in ideal and disturbed environments, which is 26.0% over, the proposed architecture has only 10.7 M #Params and
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Candidate

SR@25 1

SR@50 1

MEPE |

MRE |

MRD

Inference

Method . Storage
Number w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ Time
25 30 0.6% 50% 25% 257 342 107.0 111.0 261.0 239.0 286.0 187.8
FSRA 33 30% 19% 7.0% 3.8% 283 242 111.0 109.0 2320 207.0 265.0 247.9
41 20% 06% 60% 4.4% 335 358 107.0 110.0 247.0 229.0 278.0 308.0
17 0.0% 00% 00% 0.0% - - - - - - 176.0 88.3
RK-Net 25 1.0% 0.6% 3.0% 19% 334 388 108.0 113.0 420.0 291.0 203.0 122.6
33 0.0% 00% 10% 13% 463 398 116.0 1140 286.0 258.0 190.0 161.8
9 1.0% 13% 3.0% 38% 290 335 106.0 107.0 168.0 172.0 162.0 88.0
LPN 17 30% 00% 4.0% 13% 201 445 106.0 106.0 171.0 168.0 174.0 166.3
25 1.0% 06% 20% 25% 31.1 288 106.0 1060 170.0 177.0 211.0 244.5

Table 2: Experiment results on the ablation study on the number of candidate images for matching-based methods. The meanings
of the symbols T, J, and “-” are consistent with those in Table 1. Bold indicates the best results.

AFEM CAM CPH NPH RAM w/o w/
X v v v v 0.0% 0.0%
v X v v v 0.0% 0.0%
v v X v v 63.0%  32.5%
v v v X v 68.0%  47.5%
v v X X v 0.0% 0.6%
v v v v X 74.0%  21.9%
v v v v v 100.0% 67.5%

Table 3: Ablation results on different model components.
SR @25 is reported. Bold indicates the best results.

419.7 M FLOPs, which is friendly to the UAV with limited
memory and computing power. The inference time of Ours
is only 49 ms, and no additional space is required beyond
the deployment space for the model. To sum up, the angle
robustness approach enables more accurate, robust and effi-
cient point-to-point navigation for UAVs.

Qualitative Visualization Results

Figure 4 depicts the visual results w/o and w/ disturbances.
We can see that the proposed method achieves lower MRE.
In addition, the tested successful routes of Ours are closer to
the ideal route compared to the matching-based baselines.
In disturbed environments, even if the UAV deviates during
flight, the proposed method can still effectively correct the
subsequent directions. These findings demonstrate that the
proposed model is able to predict more robust and accurate
direction angle compared to previous approaches.

Ablation Study

Ablation experiments on different model components are
conducted and SR@25 in ideal and disturbed environments
is reported in Table 3. Six novel components are consid-
ered: 1) Adaptive Feature Enhance Module (AFEM); 2)
Cross-knowledge Attention-guided Module (CAM); 3) Cur-
rent Position Prediction Head (CPH); 4) Next Position Pre-
diction Head (NPH); 5) Robust Activation Module (RAM).
We can see that the removal of the AFEM and CAM results
in the success rate of 0.0%, which proves their significant

impact on semantic feature extraction and incorporation. It
can be observed that the removal of the CPH and NPH re-
duces the SR@25 to 63.0% and 68.0%, respectively, indi-
cating their crucial roles in enhancing the model’s compre-
hension ability in complex scenarios. If two heads are both
deleted, the success rate directly drops to 0.0%. Moreover,
the RAM with HardTanh activation performs well by facili-
tating a more stable training process.

In addition, Table 2 presents the experiment results on
the ablation study on the number of candidate images for
matching-based baselines. We can see that the best number
of candidate images for FSRA and RK-Net approaches is 33
and 25, while the best number for LPN approach is 17 and 9
in ideal and disturbed environments, respectively.

Discussion and Future Work

From Table 1, it can be seen that the point-to-point naviga-
tion model still cannot achieve 100.0% success rate in dis-
turbed testing environments. Possible reasons include multi-
ple aspects: 1) insufficient training samples in the dataset; 2)
single kind of testing routes with limited ground truth direc-
tion angles in the dataset; 3) the model may be over-/under-
fitting. We will explore the latent reasons in the future work.
In this paper, we verify the proposed model on limited
route samples. In fact, the model can be extended to a gen-
eral pre-training navigation framework capable of achieving
arbitrary flight navigation, within a country, state, or even
the world in GNSS-denied scenarios. We will focus on ex-
ploring the extension of the proposed method in the future.

Conclusion

In this paper, we propose an angle robustness navigation
paradigm to effectively address UAV flight deviation in re-
alistic environments. Upon this, an angle robustness naviga-
tion model is designed to directly predict the direction angle.
Moreover, we collect a new dataset named UAV_AR368 and
design the Simulation Flight Testing Instrument (SFTI) us-
ing Google Earth, which can evaluate the performance of
various navigation methods. Experimental results demon-
strate that the proposed paradigm and model are practical
solutions for vision-based navigation in realistic scenarios.
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