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FW-ORB-SLAM: A Monocular Visual SLAM Algorithm for
Flapping-Wing Flying Robots

Zheng Zhongl, Shou Chen!, Qiang Fu!, Jiubin Wang], Wei He?, Fellow, IEEE

Abstract—Visual simultaneous localization and mapping
(SLAM) is of great significance for flapping-wing flying robots
(FWEFRs) to enhance their autonomous navigation capabilities in
complex environments. However, during the motion of FWFRs,
there are intense image vibrations accompanied by significant
illumination changes, which would prevent existing visual SLAM
algorithms from being directly applied to FWFRs. Therefore,
this paper proposes a modified ORB-SLAM3 algorithm called
FW-ORB-SLAM for FWFRs. First, we adopt the fast Fourier
transform (FFT) method to map the original images to the
frequency domain. Then, based on the characteristic flapping
motion of the FWFR, we decompose the frequency domain jitter
to obtain stabilized images. Moreover, to mitigate the impact of
illumination variations on feature point tracking during outdoor
flight, a local adaptive contrast enhancement method is proposed,
which enhances the stability of feature point tracking and
augments the robustness of the SLAM algorithm. Finally, flight
experiments carried out using our self-developed FWFR named
U-Dove demonstrate that FW-ORB-SLAM outperforms the state-
of-the-art ORB-SLAMS3 algorithm, which provides insights into
performing vision-based SLAM tasks for the FWFR.

Index Terms—Biologically-Inspired Robots, SLAM.

I. INTRODUCTION

LAPPING-WING flying robots (FWFRs), representing a

novel class of biomimetic robots, have attracted substan-
tial attention in recent years owing to their exceptional maneu-
verability and stealth capabilities [1]. Due to the biomimetic
design and flight patterns, FWFRs offer superior advantages
in camouflage compared to rotary-wing and fixed-wing aerial
vehicles. Equipped with visual sensors, FWFRs can be broadly
deployed in missions including environmental reconnaissance,
aerial surveying, and military reconnaissance. The successful
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execution of these tasks is heavily dependent on the au-
tonomous navigation capabilities of the FWFR. Research on
simultaneous localization and mapping (SLAM) constitutes a
critical component in augmenting the autonomous navigation
abilities of these robots [2].
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Fig. 1: Detailed component diagram of U-DOVE.

Visual SLAM is extensively employed in robot navigation
and generally contains modules such as visual odometry, back-
end optimization, and loop closure detection [3]. Certain state-
of-the-art methods have exhibited remarkable performance,
encompassing feature-based methods such as PTAM [4] and
ORB-SLAM3 [5], direct methods like LSD-SLAM [6] and
DSO [7], and multi-sensor fusion methods including VINS-
Fusion [8] and Kimera [9]. However, owing to the flapping
characteristics of the FWFR and the dynamic illumination
variations in outdoor environments, existing visual SLAM
methods are not directly applicable to FWFRs [10]. The
GRIFFIN project [11] conducts research on outdoor visual
SLAM for FWFRs by utilizing event cameras. But the event
camera is costly and not well-suited for the routine tasks of
the FWFR.

Nowadays, there are some studies on vision-based capabil-
ities of the FWFR, such as target detection, target localization
and obstacle avoidance. Nevertheless, research on outdoor
visual SLAM for these robots remains a significant gap. The
principal challenges contain high-frequency visual jitter due
to flapping and illumination variations in dynamic outdoor
environments. Furthermore, there is a scarcity of visual SLAM
datasets for the FWFR, which are essential for validating the
accuracy of different algorithms.
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To deal with the aforementioned challenges, we develope
our own FWFR platform named U-Dove, as shown in Fig. 1.
Based on this platform, we propose a modified ORB-SLAM3
algorithm called FW-ORB-SLAM for outdoor visual SLAM
customized for FWFRs, thereby facilitating research on the
autonomous navigation of FWFRs. The primary contributions
of this study are as follows:

o We analyze the causes of image instability for FWFRs
and introduce a frequency domain decomposition algo-
rithm using the fast Fourier transform (FFT) to decom-
pose high- and low-frequency jitter in FWFR images.
Filters are then designed to achieve image stabilization.

o We design an adaptive image contrast enhancement and
color correction algorithm to deal with the challenges
posed by drastic outdoor illumination variations, thereby
enhancing the accuracy of localization.

o Experiments are conducted on both the self-constructed
dataset and the open-source FWAF-VID dataset [12].
These experiments verify the effectiveness of the pro-
posed algorithm and provide directions for future re-
search.

The remainder of this paper is structured as follows. Section

IT presents a concise overview of related research. A detailed
description of our SLAM system is provided in Section
III. Section IV introduces the comprehensive experimental
configurations and presents the results obtained from our
self-developed dataset. Section V introduces our experiments
on the open-source FWAF-VID dataset, and discusses the
advantages and limitations of this algorithm. Finally, Section
VI provides a summary of our SLAM system and presents
potential avenues for future research.

II. RELATED WORKS
A. Electronic Stabilization

Cameras offer advantages such as light weight, low power
consumption, and rich image information, making them well-
suited for deployment on FWFRs [13]. Many researchers have
already conducted image stabilization studies for FWFRs, in-
cluding both mechanical and electronic stabilization methods.

In the realm of mechanical stabilization, Fu et al. [14] draw
inspiration from the double-concave structure of eagle eye
to design a two-degree-of-freedom gimbal system with two
cameras of different focal lengths. The dual cameras work col-
laboratively to balance wide-angle and telephoto perspectives
dynamically, with the gimbal movements counteracting the
high-frequency vibrations encountered during flight, thereby
minimizing image blur and jitter. Pan et al. [15] develop
a three-degree-of-freedom stabilizer specifically adapting to
the flight dynamics of FWFRs, which addresses changes in
posture and position. They also establish a dynamic and
kinematic model of the stabilizer and devise a coordinated
control strategy to ensure image stabilization.

Turning to electronic stabilization, Ye et al. [10] model the
jitter resulting from the periodic flapping motion, and offer
an alternative to traditional gimbal-based techniques. They
introduce an adaptive trajectory adjustment algorithm based
on jitter frequency, enhancing stabilization under complex

motion. However, the algorithm robustness is compromised
by uneven feature point distribution, leading to trajectory
distortion. Liu et al. [16] leverage the distinct vibration patterns
of the FWFR in flight, using the oriented fast and rotated
brief (ORB) algorithm for feature extraction and matching to
estimate motion. They estimate the flapping period from image
features and design a dynamic sliding-window mean filter for
motion filtering and stabilization, but the algorithm robustness
in complex environments is limited. Yang et al. [17] optimize
camera placement and image processing algorithms to mitigate
the impact of vibrations on image quality and apply real-
time image processing to counteract flight-induced vibrations,
although the method’s effectiveness is diminished under vari-
able illumination conditions. Wang et al. [18] suggest a hybrid
method that merges Kalman and low-pass filtering to address
high-frequency jitter in video sequences from micro FWFRs,
with optimized corner detection and optical flow computation
for improved stabilization. Nevertheless, this approach is not
well-suited for outdoor FWFR operations. Ye et al. [19]
propose a binocular vision system based on long and short
focus for image stabilization, which does not require GPU
support and meets low-latency online requirements. At the
same time, Ye et al. [20] also propose an image stabilization
method of FWFRs based on IMU data, which solve the
problem of optical flow tracking failure.

In summary, mechanical stabilization methods predomi-
nantly use gimbals, which unfortunately add to the payload
and decrease the endurance of FWFRs. Electronic stabilization
methods, while adding no payload, often do not fully consider
the unique flight characteristics of FWFRs, resulting in com-
plex algorithms that lack robustness in real applications. In this
paper, we propose a practical frequency domain decomposition
algorithm using FFT to decompose the high and low frequency
jitter of FWFR image, and then design a filter to achieve
electronic image stabilization.

B. Image Enhancement

Histogram equalization, a technique extensively employed
in image enhancement, is particularly effective in enhanc-
ing image contrast [21]. This is achieved by redistributing
the image brightness histogram to approximate a uniform
distribution, thereby enhancing contrast. Techniques such as
adaptive histogram equalization [22] and constrained contrast
adaptive histogram equalization [23] are designed to preserve
hue while enhancing contrast. Additionally, algorithms like
brightness-preserving bi-histogram equalization [24] and bi-
nary sub-image histogram equalization methods have been
developed. However, histogram equalization can lead to over-
enhancement and other distortions. To address this, methods
such as multi-scale Retinex with chromaticity preservation
[25] and the use of multiple scale Gaussian filters have been
proposed. Nevertheless, these methods often result in unre-
alistic phenomena such as over-enhancement and whitening
in the enhanced images. To mitigate these issues, Fu et al.
[26] propose a methodology that globally adjusts the initial
estimated illumination and locally enhances contrast, which
is then recombined with the reflectance to obtain the final
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Fig. 2: Overall system architecture is outlined as follows. The system processes monocular images through image stabilization and local
adaptive contrast enhancement, then performs image tracking and generates keyframes, and then performs local mapping. If it returns to the
same area, it performs loopback detection and local optimization.

enhanced image. Wang et al. [27] introduce a multi-layer
representation-based image contrast enhancement method that
significantly improves robustness under dynamic illumination
conditions but presents challenges in adapting to different
images.

Deep learning methods are also commonly used in image
enhancement. In the MSR-Net methodology, Shen et al. [28]
manually curate high-quality data using photoshop software,
followed by the application of random brightness adjustments,
contrast reduction, and gamma transformation to produce en-
hanced images. However, this process entails manual prepro-
cessing of the images. Zhang et al. [29] suggest incorporating
hyperparameters and the Retinex model into the network
architecture, which is a strategy that may potentially introduce
noise. Jiang et al. [30] propose leveraging a generative adver-
sarial network framework to learn the distribution of normally
illuminated images, thereby constraining the brightness and
contrast of the enhanced outcomes, although this method
exhibits constraints in its adaptability to dynamic scenes. Luo
et al. [31] propose a low-light image enhancement framework
based on multi-view correlation, which performs well in noise
suppression, detail retention and color consistency. Xie et al.
[32] propose a method to restore low-light images to normal-
light images through optimal global illumination distribution
and clear local details, and achieve good results.

In the field of image enhancement, deep learning algorithms,
while powerful, require substantial computational resources
and are limited in their applicability. Traditional methods are
often employed for overall image enhancement and may not
focus on local details, which can result in over-enhancement of
the image. In this paper, a local adaptive contrast enhancement
algorithm is proposed to focus on the local details of the image
to deal with the problem of illumination variations.

I1I. METHODOLOGY
A. System Overview

The comprehensive system architecture of FW-ORB-SLAM
is illustrated in Fig. 2. The system input comprises monocular
images acquired by the FWFR platform. These images un-
dergo electronic stabilization and contrast enhancement pro-
cesses prior to the extraction of ORB feature points, as shown
in the orange part of Fig. 2. Image tracking is performed,
and keyframes are generated. Subsequently, local mapping is
conducted. When returning to the same area, loop detection
and local optimization are carried out.

B. Video Stabilization Process

Firstly, the optical flow method is utilized to monitor the
variations in optical flow between successive image frames.
For two successive image frames, denoted as Frame [I; and
Frame I, the optical flow u = (u,v) indicates the displacement
of each pixel over the time interval Ar. The position of each
pixel is denoted by x = (x,y). The fundamental equation is
presented in Eq. 1.

12(X+u,l):11(x,l) (1)

We use the Farneback method [33] to get u. Select a local
window in the image, centered at pixel (x,y) and with a size
of 2n+1) x (2m+1), as illustrated in Eq. 2:

x+n  py+m
E(u) :/ / (I(x,1) —I(x+u,t + 1)2dxdy  (2)
x—n Jy—m

Through the minimization of the aforementioned energy
function E(u), the optical flow vector u for each pixel is
derived.

Subsequently, the optical flow magnitude, defined as the
norm of the optical flow vector, is calculated to represent the
displacement signal d(¢) in the image, as presented in Eq. 3.

dt) = Vur+12 3)
Then, the FFT transforms d(¢) into the frequency domain

as D(f):
() = Fa0} = [ _dwe P ar @

where j signifies the imaginary unit, and f indicates the
frequency.

Given that the #-th frame of the video contains n feature
points, the pixel coordinates of the i-th point (i € [1,n]) are
(xi,¢,¥i,r). Similarly, its pixel coordinates in the (r — 1)-th
and (r+ 1)-th frames are (x;,—1,yi—1) and (X ;1,Yi141),
respectively. Due to the varying jitter acceleration of each
feature point, a(¢) is computed as follows:

1 n
Wk Ve =20+ (0 4 -2 )

Next, the flapping frequency can be estimated by peak
detection and period segmentation based on a(¢) [10], and
the corresponding flapping frequency is set as the cutoff
frequency f.. The FFT result D(f) can be decomposed into
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the high-frequency component Dygp (f) and the low-frequency
component Doy (f) as follows:

. _ D) fl>fe

Dhlgh(f) N {0 otherwise ©
_ D) I fe

Diow(f) = {0 otherwise ™

To transform the high-frequency and low-frequency com-
ponents back to the time domain, we apply the inverse
fast Fourier transform (IFFT). The IFFT of the high-
frequency component Dyign(f) and the low-frequency com-
ponent Doy (f) can be expressed as follows:

{dhigh(t) =7 {Dyign(f)}
dlow(t) = <gzhil{Dlow(f)}

As for the separated high-frequency and low-frequency
signals, the high-frequency signal dhien(f) is the effect of
motor vibration, which is removed by a low-pass filter. The
low-frequency signal djow(?) is the effect of flapping, and a
sliding window filter is designed based on the estimation of
the flapping frequency to achieve image stabilization [16].

(®)

C. Image Contrast Enhancement

The local mean value is calculated as illustrated in Eq. 9:

1 x+Wfly+§’—1
Lg(i, J) )
H*xW =

up =
=X
where B denotes a local image block, up represents the average
value of the image block, and Lp represents the corresponding
grayscale matrix of B. Besides, (x,y) represents the central
coordinate of local image block B; H and W denote the height
and width of the image, respectively. Once the local mean
value u of the block B has been calculated, the local variance
op can be computed as follows:

1 x+W—1y+H—-1

v & L Ly(i, ))* — up

OB =

(10)

The average value of the local image patch is regarded as
the low-frequency component. Subtracting this low-frequency
component from the input image patch yields the high-
frequency component. Additionally, an enhancement control
factor is introduced to regulate the degree of enhancement
of the high-frequency component, thereby preventing over-
enhancement and over-saturation. Moreover, an enhancement
cutoff factor is introduced to prevent excessive enhancement.
The local contrast adjustment is carried out using Eq. 11, as
detailed below:

LEB(i7j) = MB+(X(LB(i,j) _MB)7(X < ﬁ7
Lep(i, j) = ug+ B(Ls(i,j) —up),a > B.
where @ represents the enhancement control factor, 3 is the

enhancement cutoff factor, and Lgp denotes the enhanced local
image block.

Y

Next, guided filtering is employed to denoise and preserve
edges in the enhanced local image block, as shown in Eq. 12.

Lng(i7j) = & (i, )L (i, 7) + v (i, J)

where x(i,j) and v(i, ) are the linear coefficients within the
local image block, and Ly, is the guided image obtained
through normalization.

The enhanced image is then color-corrected by converting
it to the CIELAB color space. The retention of color channels
is determined based on the pixel intensity of channels a and b.
Color differences in other channels are compensated to make
the image color appear more natural. Let /. denote the average
of channels a and b in the color space.

12)

H W
H*Wzlz i,j)c € {a,b}

e= (13)

Based on the computed average color value, color balance
compensation is applied to the other channels. After the color
balance compensation, the balanced values for channels a and
b are denoted as I, and I, respectively.

I,—1I, _

loe =lat 7= 11 I, < I,
b+I (14)

Ie =T+ 220, I, > I,

R A b

where I, represents the pixel intensity of region a and I,
represents the average pixel intensity of region a. I, represents
the average pixel intensity of region b and I, represents the av-
erage pixel intensity of region b. We present a flowchart of the
image stabilization and local adaptive contrast enhancement,
as illustrated in Fig. 3.

IV. EXPERIMENTAL RESULTS

The experiments are conducted on a Jetson ORIN NANO
equipped with a 6-core CPU, running Ubuntu 20.04. The
evaluation metric employed is the Absolute Trajectory Error
(ATE) [12], measured in meters. The trajectory is aligned
with the ground truth (i.e., onboard GPS data) utilizing SE(3)
Umeyama alignment [5] prior to evaluation. To mitigate the
randomness in the experimental outcomes, all the following
results are derived from the average of ten repetitions. The
parameters of U-Dove are shown in Table 1.

TABLE I: Parameters of U-Dove.

Parameter Value
Wingspan 80 cm
Body Weight 230 g
Flight Speed 5-10 m/s
Maximum Payload 100 g
Flapping Frequency 6-10 hz

A. Flapping-Wing Dataset

As shown in Fig. 1. U-Dove consists of GPS, gear reduction,
brushless motor, flight controller, electronic speed controller,
data radio, battery, receiver, servo motor, camera and image
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Local adaptive contrast enha.ncement

Fig. 3: Flowchart of the image stabilization and local adaptive contrast enhancement.

transmission module. The monocular dataset for FWFRs is
collected using the platform U-Dove equipped with a vista
camera. The ground truth trajectory values are recorded by
the onboard GPS. To facilitate reference for interested re-
searchers, some collected original images are provided, and
the repository containing these original images is available at:
https://github.com/asdfghjkl623/FW-ORB-SLAM.git

The dataset includes image data from four flight trajectories:
straight (FW-01), slight turn (FW-02), sharp turn (FW-03), and
circular (FW-04), as illustrated in Fig. 4. Table II summarizes
the flight distance, flight duration, image resolution, and flight
scenario of the flapping-wing dataset. All trajectories are col-
lected outdoors, featuring an image resolution of 1920x 1080
pixels. The flight distances range from 163 m to 461 m. The
four trajectories of FW-01~04 basically include the common
flight modes of FWFR. The flight distances of the FW-
01~04 trajectories increase progressively, while their turning
curvatures become increasingly larger.

TABLE II: Summary of the monocular dataset for FWFRs including
aspects such as flight distance, flight duration, image resolution, and
flight image scenario.

Trajectory Length(m) Time(s) Resolution(pixel) Scenario
FW-01 163.29 17.8 19201080 Outdoors
FW-02 255.26 29.8 1920x 1080 Outdoors
FW-03 356.28 42.8 19201080 Outdoors
FW-04 460.35 59.8 19201080 Outdoors

B. Video Stabilization Experiments

Image jitter for FWFRs is primarily caused by the coupling
of wing flapping motion with motor vibration. As illustrated
in Fig. 5, the jitter does not follow a regular pattern in the time
domain. Real-time processing under conditions of turning or
wind disturbance presents significant challenges.

Note that the wing flapping motion exhibits high amplitude
and low frequency characteristics, whereas the motor vibration
presents low amplitude and high frequency characteristics. We
map the vibration from the time domain to the frequency
domain using FFT, and separate the wing flapping motion from
the motor vibration through frequency domain transformation
and the application of a low-pass filter. Image jitter frequency
caused by flapping-wing, estimated by Eq. 5, serves as the
threshold for the low-pass filter. As depicted in Fig. 6, the
red curve indicates the separated wing flapping motion, which
exhibits clear upper-lower symmetry and conforms to the
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Fig. 4: Collecting the true value graph of the trajectories of the
flapping-wing dataset. (A): Straight trajectory; (B): Slight turn tra-
jectory; (C): Sharp turn trajectory; (D): Circular trajectory.

flapping pattern. The green curve represents the separated
motor vibration, characterized by its high frequency nature.

After separating the high- and low-frequency jitter using
FFT, we perform jitter compensation for each frequency band
to obtain stabilized images. To validate the effectiveness of the
jitter reduction algorithm, we assess the stabilization effect on
the FW-01~04 trajectories using Peak Signal-to-Noise Ratio
(PSNR) [34] (in dB) as the metric. The larger the PSNR
value, the higher the video stability. As shown in Table III,
the deep-learning-based image stabilization method NNDVS
[35] and the proposed image stabilization method are also
evaluated. The proposed method consistently stabilizes all four
test trajectories, with enhanced video stability observed for
each. As shown in Table III, with PSNR as the evaluation
index, the image stabilization effect of ORB-SLAM-stab is
11.74% higher than that of NNDVS, and 19.08% higher than
that of ORB-SLAM3. At the same time, when using the
NNDVS algorithm, it also takes up a lot of GPU resources, and
the running time of the algorithm is significantly prolonged.
Notably, ORB-SLAM3 integrated with the image stabilization
module proposed herein is designated as ORB-SLAM3-Stab.
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TABLE III: PSNR of the image stabilization effect tested on FW-
01~04.

Trajectory ORB-SLAM3[dB] NNDVS[dB] ORB-SLAMS3-Stab[dB]
FW-01 23.26 25.14 27.13
FW-02 22.76 23.97 26.95
FW-03 22.94 24.16 27.25
FW-04 21.87 23.52 26.83

C. Image Contrast Enhancement Experiments

During outdoor flight, FWFRs are subject to influences such
as illumination change, which can result in uneven distribu-
tion or instability of feature points, thereby necessitating a
considerable amount of time to track and update these points.
Enhancing image contrast and achieving a more uniform
color distribution can mitigate this issue. Fig. 7 (A) presents
the original image, while Fig. 7 (B) shows the image after
local adaptive contrast enhancement. It is evident that the
enhanced image exhibits a more uniform color distribution,
thereby facilitating feature tracking. The ORB-SLAM3-Stab
algorithm with the addition of the proposed adaptive contrast
enhancement module is named as FW-ORB-SLAM.

Original

—— Original Image jitter

Displacement(pixels)

0 200 400 600 800
Frame Index

Fig. 5: Video jitter before image stabilization.

High and Low Frequency Decomposition

Displacement(pixels)
«

—— High-Frequency Image jitter
— Low-Frequency Image jitter
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Frame Index

Fig. 6: Illustration of high-frequency jitter and low-frequency flapping
after Fourier domain decomposition. Low-frequency flapping aligns
with the FWFR’s flapping pattern.

The tracking thread involves feature extraction, pose predic-
tion, and keyframe selection. Analyzing its average runtime
during FW-ORB-SLAM operation provides a more accurate
assessment of the proposed image enhancement algorithm’s
effectiveness. As shown in Fig. 8, experiments on the FW-
01~04 trajectories reveal that compared with ORB-SLAM3-
Stab, FW-ORB-SLAM with image enhancement significantly

Fig. 7: Comparison of images before and after local adaptive contrast
enhancement. (A) represents the image before enhancement. (B)
represents the image after enhancement.

reduces the tracking thread’s average time consumption, high-
lighting the effectiveness of the proposed local adaptive con-
trast enhancement algorithm.
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Fig. 8: Average consumption time of the tracking thread for FW-
ORB-SLAM and ORB-SLAM3-Stab.

D. Comparative experiments

To assess the effectiveness of FW-ORB-SLAM, the ATE
serves as the evaluation metric. The localization accuracy of
the FW-ORB-SLAM algorithm is evaluated on the FW-01~04
trajectories. As illustrated in Table IV, the original ORB-
SLAM3 algorithm fails to operate successfully due to the
strong jitter in FWFR images, and is marked as x. Although
the ORB-SLAM3-Stab algorithm can run successfully after
the addition of the proposed image stabilization module, its
localization accuracy remains relatively low. Compared with
ORB-SLAMZ3-Stab, FW-ORB-SLAM with the addition of the
local adaptive contrast enhancement module enhances the
localization accuracy by about 50%, because we reduce the
influence of illumination variations on localization.

TABLE 1IV: Use ATE to evaluate the overall consistency of the
trajectory for different SLAM algorithms.

Trajectory ORB-SLAM3[m] ORB-SLAM3-Stab[m] FW-ORB-SLAM[m]

FW-01 X 0.0232 0.0125
FW-02 X 0.0713 0.0397
FW-03 X 0.2120 0.1364
FW-04 X 0.3606 0.1567

V. DISCUSSION

To clarify the advantages and limitations of our algorithm,
localization experiments are conducted on the FWAF-VID
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Fig. 9: The CPU and memory usage on Jetson, where red indicates CPU usage and blue indicates memory usage. (A) CPU and memory
usage on FW-01. (B) CPU and memory usage on FW-02. (C) CPU and memory usage on FW-03. (D) CPU and memory usage on FW-04.

dataset [12], with Indoor16 and Indoorl7 trajectories selected
for testing. Indoor16 is an entirely dark indoor trajectory, while
Indoor17 represents an indoor trajectory with alternating bright
and dark conditions. Both trajectories involve continuous
large-scale turns.

The ATE values of ORB-SLAM3 and FW-ORB-SLAM
are tested under the Indoorl6 and Indoorl7 trajectories, as
shown in Table V. Results indicate that FW-ORB-SLAM
fails and cannot achieve localization in dark environments.
In alternating bright and dark environments, it works, with
positioning accuracy 6.8% higher than that of ORB-SLAM3.
Overall, the positioning accuracy of FW-ORB-SLAM de-
creases significantly in alternating light and dark conditions
and fails entirely in complete darkness. Robust positioning in
dark environments will be addressed in future work.

TABLE V: Use ATE to evaluate the overall consistency of the
trajectory for different SLAM algorithms.

Trajectory ORB-SLAM3[m] FW-ORB-SLAM[m]
Indoor16 X X
Indoor17 14.41 13.42

Fig. 9 shows the real-time CPU and memory usage of FW-
ORB-SLAM running on the FW dataset, indicating that it can
operate in real time on the commonly-used Jetson airborne
board. Table VI presents the processing frames per second
(FPS) of FW-ORB-SLAM on the Jetson board, revealing a
real-time running frame rate exceeding 12 FPS with CPU

usage below 50%. Since the image size of the collected FW
dataset is 1920 x 1080 while that of Indoorl7 is 640 x 480,
the FPS on Indoor17 is higher than that on the FW dataset as
shown in Table VI. The system frame rate can be increased to
15 FPS by reducing the image size, enabling real-time process-
ing requirements to be met during the general stable cruising of
FWEFRs. In general, the FW-ORB-SLAM algorithm proposed
in this paper can satisfy the requirements for airborne real-
time processing during stable in-air endurance, while the CPU
and memory usage on the airborne board remains unsaturated.
Future work will focus on improving the computational speed
of the algorithm via parallel computing, thereby enhancing the
real-time processing capability in terms of FPS.

TABLE VI: Running frames per second (FPS) of FW-ORB-SLAM
algorithm on Jetson.

Trajectory FW-01 FW-02 FW-03 FW-04 Indoorl7

FW-ORB-SLAM 12.8 133 13.4 12.3 15.1

VI. CONCLUSIONS

In this paper, we propose a visual SLAM algorithm tailored
for FWFRs on the basis of ORB-SLAM3. We find that the
image jitter for FWFRs is primarily caused by the coupling
of low-frequency, high-amplitude wing flapping motion with
low-amplitude, high-frequency motor vibration. We transform
this jitter from the time domain to the frequency domain for
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decomposition, and subsequently perform electronic image
stabilization based on the decomposition results. Moreover,
to deal with illumination change during FWFR flight, we
employ a local adaptive contrast enhancement method to
enhance the stability of feature point tracking, thereby increas-

ing

the robustness of the algorithm. Extensive experiments

have demonstrated the superior performance of the proposed
visual SLAM algorithm. In the future work, we will continue
to improve the robustness of the algorithm in challenging
environments. At the same time, we will improve the FW-
ORB-SLAM algorithm via parallel computing to improve the
running speed of the algorithm, so as to improve the real-time
processing of speed.
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