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Abstract: Since Visual Simultaneous Localization and Mapping (VSLAM) inherently requires in-
tensive computational operations and consumes many hardware resources, these limitations pose
challenges to implementing the entire VSLAM architecture within limited processing power and
battery capacity. This paper proposes a novel solution to improve the efficiency and performance
of exchanging data between the unmanned aerial vehicle (UAV) and the cloud server. First, an
adaptive ORB (oriented FAST and rotated BRIEF) method is proposed for precise tracking, mapping,
and re-localization. Second, efficient visual data encoding and decoding methods are proposed for
exchanging the data between the edge device and the UAV. The results show an improvement in the
trajectory RMSE and accurate tracking using the adaptive ORB-SLAM. Furthermore, the proposed
visual data encoding and decoding showed an outstanding performance compared with the most
used standard JPEG-based system over high quantization ratios.

Keywords: ORB-SLAM; UAV; mapping; localization; tracking; visual data compression; edge-
assisted computing

1. Introduction

Autonomous navigation systems estimate, perceive, and comprehend their surround-
ings to accomplish tasks such as path tracking, motion planning, obstacle avoidance, and
target detection [1,2]. Over recent years, researchers have devised various localization
approaches specifically for UAVs, including vision-based techniques. VSLAM can effec-
tively reduce drift in state estimation by revisiting the previously mapped regions since
it generates a globally consistent map estimate [3,4]. However, VSLAM encounters com-
plex computations and consumes massive hardware resources due to the extensive image
processing algorithms for detecting, matching, tracking, and mapping the features of the
captured surrounding environment. To reduce size and save energy, recent studies have
researched offloading computationally extensive VSLAM processing tasks to edge cloud
platforms, while the substantial tasks are kept on the mobile device. The offloaded func-
tionalities often comprise optimizing maps through local and global bundle adjustment
and detecting or removing unnecessary information from maps [5–7]. Many studies in
the literature have explored edge-assisted VSLAM techniques, focusing on transferring
data from the mobile device to the edge cloud. Such techniques include Cloud framework
for Cooperative Tracking and Mapping (C2TAM) [8], Swarm Map [9], and collaborative
VSLAMs [10,11]. The partitioned VSLAM demands special attention to exchanging the
visual information between the UAV and edge cloud using efficient encoding and decoding
algorithms. These algorithms should provide the highest compression ratios and shorter
execution times and perceive visual data quality required for VSLAM operation [12]. The
contribution of this paper is as follows:
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• A novel adaptive ORB-SLAM workflow is introduced to enrich the number of strongly
detected features. Additionally, it maintains accurate tracking and mapping operations
of VSLAM.

• Efficient visual data encoding and decoding methods are developed, which can be
effectively integrated within the VSLAM architecture to achieve a higher compression
ratio without adversely affecting visual data quality.

The paper is organized as follows: Section 2 presents the adaptive ORB-SLAM method.
Section 3 explains the proposed visual data encoding and decoding methods. The results
are illustrated in Section 4. Finally, conclusions and suggestions are given in Section 5.

2. Adaptive ORB-SLAM Method

This section explains the proposed adaptive VSLAM (for a detailed explanation of
the traditional VSLAM, the reader is referred to [13]). To enhance the performance of the
tracking and mapping process in the VSLAM system, the first solution proposes updating
the ORB algorithm, which is used in the detection and extracting of the features. Figure 1
presents the flowchart of the feature-based V-SLAM step by step, starting from preparing
the video and ending with loop closure.
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Figure 1. Adaptive ORB-SLAM architecture.

The mounted camera on the UAV captures video footage, which is then processed
to extract frames and adjust them, resulting in a resolution of 640 × 480 pixels. The
output of this process yields a collection of frames, forming the database for this work.
Next, the detect and extract feature will take place. By adaptively selecting the appropriate
parameters, the process of detecting and extracting features will repeat until finding suitable
parameters that achieve the highest number of the extracted features. After finishing the
process of adjusting parameters, the process of matching features will start. This process
will continue until the loop closes. The proposed adaptive ORB-SLAM method introduces a
new algorithm for VSLAM. These adaptive adjustments increase the number of map points
per frame using a strict adaptive threshold to ensure robust tracking and mapping and, as
a result, benefit autonomous UAV navigation. Conversely, traditional methods that use
fixed parameters (scale factor, the number of levels, and the number of points) are effective
in environments containing strong features and minimal change. However, in dynamic
environments with frequent changes, adaptive parameters prove to be more effective.
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3. Visual Data Encoding and Decoding Methods

The substantial volume of real-time visual data can rapidly exhaust computational
resources, particularly in environments characterized by limited resources. Consequently,
compressing visual data is essential to mitigating the effects of processing bottlenecks and
reducing energy consumption. This compression reduces overall data size, facilitating
more efficient storage, bandwidth utilization, and computational processes. Furthermore,
compressed visual data accelerate communication between distributed systems, such as
edge devices and cloud servers, thereby enabling real-time collaboration and decision-
making. Figure 2 illustrates the block diagrams of the proposed encoding and decoding
methods. Typically, the encoding system is deployed on the UAV to compress captured data,
while the decoding system is deployed on the edge device to reconstruct the original data.
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The proposed methods employ discrete cosine transforms (DCT) as a transformation
to frequency domain for its simplicity and effectiveness followed by quantization. The
DCT forward and inverse transforms are given in Equations (1) and (2), respectively [14].
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∑
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where 0 ≤ u ≤ n − 1, 0 ≤ v ≤ m − 1, 0 ≤ x ≤ n − 1, 0 ≤ y ≤ m − 1, and c(u) and c(v) are
given below:

c(u) = c(v) =

{
1√
2

i f u = 0, v = 0
1 i f u > 0, v > 0

(3)

A proposed coefficient reduction algorithm is implemented to further reduce the
quantized coefficients based on three random keys, as shown in the following equation:
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EDi =
3

∑
j=1

Dj · Kj, (4)

where K1, K2, K3 are the encoding keys, ED1, ED2, . . .., EDi are the encoded data, D1, D2, . . .,
Dj are the input data, and i,j are the indices of encoded data and input data, respectively.
This algorithm effectively reduces every three coefficients into one single coefficient with
the aid of encoding keys. The decoding algorithm works on the edge device using the same
steps but in a reversed manner. A fast binary search algorithm is implemented to retrieve
the original reduced data with the aid of the same keys used in the encoding phase.

4. Experimental Results

The presented system is implemented and simulated on MATLAB R2022a (MathWorks,
Natick, MA, USA), running on an Intel i7-12700H processor (Intel Corporation, Santa
Clara, CA, USA) along with 32 GB of RAM. The recorded video frames are resized into
640 × 480 spatial resolution. The following subsections show the results of the enhanced
edge-based VSLAM system.

4.1. Testing and Validation of the Adaptive ORB-SLAM Approach

Experimental results show that the use of adaptive ORB parameters and an adaptive
threshold enhances the VSLAM algorithm for tracking and mapping. Figure 3 shows the
comparison results of the estimated camera trajectory of the proposed method along with
the actual camera trajectory; it shows all the map points of the surrounding environment.
As a result, by computing the root-mean-square error (RMSE) of trajectory estimates, the
adapted threshold and parameters get the absolute RMSE of 0.20123 for the key frame
trajectory and 2.6907 for the old algorithm, which depends on fixed parameters.
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Figure 3. The graph of the comparison between the estimated trajectory and the actual cam-
era trajectory.

The results illustrating the performance of both the adaptive and conventional ORB
methods in a dynamic environment are shown in Table 1. A potential downside of using
the proposed method with adaptive parameters results in increased computation time,
which tends to be longer compared with other methods. Compared with the new method,
the computational time is approximately (3 min 15.56 s) to complete the process from start
to finish, including tracking and plotting the uploaded ground truth data and comparing
the RMSE. In contrast, the traditional ORB feature detection and extraction method takes
about (02 min 19.59 s) for the same process.
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Table 1. A comparison between the conventional and the proposed adapted algorithm.

Test No. Scale
Factor

Num
Levels

Num
Points Threshold RMSE Performance Time

[min:s]

Traditional algorithm 1.2 8 600 40 2.0697 02:19
Test1 1.4 9 800 50 2.012 03:10
Test2 1.5 10 1000 55 1.9987 04:15
test3 1.6 11 1200 60 1.898 03:50

Adapted method adaptive adaptive adaptive adaptive 0.20123 03:15

4.2. Visual Data Encoding and Decoding

The proposed algorithms of encoding and decoding are integrated within the VSLAM
architecture. The captured frames are processed and encoded on the UAV. The encoded
data are sent to the edge for implementing the rest of the VSLAM tasks. Table 2 shows the
encoding and decoding performance of the implemented system. The result is compared
to a traditional VSLAM architecture employing the standard JPEG, which is the most
used in machine vision applications due to its simplicity [15]. The results demonstrate
outstanding performance compared with identical VSLAM employing JPEG compression.
The proposed system showed a robust operation against server quantization values (Q),
and it still worked properly up to Q = 100. After this value (i.e., Q = 125), the proposed
system failed to find the trajectory correctly. In contrast, the VSLAM system employing
the JPEG failed to estimate the trajectory up to Q = 25. This is attributed to the additive
JPEG compression noise, which can be seen clearly through the affected values of the
structured similarity index measure (SSIM) and the peak-to-noise ratio (PSNR). However,
the execution time of the proposed method is still higher than for the corresponding
JPEG-based system due to the additional blocks for reducing the data. Nevertheless, the
execution time gets closer at a higher compression ratio, which could significantly decrease
this difference. Harnessing the high capabilities of cloud platforms could speed up the
decoding execution time. Moreover, an efficient hardware implementation could also
decrease the execution time of the encoding system using advanced techniques such as
parallel processing techniques rather than sequential operation in MATLAB.

Table 2. A sample frame performance comparison between the proposed and JPEG-based VSLAM.

Sample
Frame No.

Original
Size [KB] Q

VSLAM-Based Proposed Method

Compressed
Size [KB] PSNR SSIM Compression

Ratio %
Encoding
Time [s]

Decoding
Time [s]

1029 439

10 14.679 34.2990 0.9420 96.7 1.0373 39.9312
15 12.344 33.3807 0.9343 97.2 0.8941 11.7414
20 10.918 32.8027 0.9286 97.5 0.8686 5.4861
25 9.963 32.4911 0.9234 97.7 0.8017 3.1809
50 7.277 31.6654 0.9013 98.3 0.7006 1.1124
75 5.881 30.7682 0.8789 98.7 0.7376 0.9004
100 4.997 29.6547 0.8596 98.9 0.6805 0.8666
125 - - - - - -

VSLAM-Based Standard JPEG

Q Compressed
Size [KB] PSNR SSIM Compression

Ratio %
Encoding
Time [s]

Decoding
Time [s]

10 39.4 29.7012 0.8403 91.0 0.6012 0.6071
15 31.6 26.9786 0.8031 92.8 0.3417 0.5327
20 25.8 24.8070 0.7685 94.1 0.3134 0.5309

25–125 - - - - - -
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5. Conclusions

In this paper, a novel method for enhancing the localization and mapping process
in the VSLAM algorithm in dynamic environments is presented. The enhancement was
achieved using adaptive ORB parameters instead of fixed ones during the map initializa-
tion step. These parameters automatically adjust to achieve optimal detection and feature
extraction. The results from this step are used in feature matching between frames, which is
also optimized through an adaptive threshold. These improvements followed by proposed
encoding and decoding algorithms enable the UAVs to deploy in low-scale resource devices.
The experimental results show a percentage decrease in the RMSE of around 92.52% for
key frame trajectory (in meters) compared with the traditional algorithm. Additionally, it
shows that the proposed method remains robust up to 98.9% of input frame compression
ratio with better PSNR and SSIM compared with the conventional JPEG-based architecture.
This research can be extended to optimize the proposed methods for seamless multi-device
synchronization, enabling smooth transitions between virtual and physical worlds in meta-
verse applications. Additionally, developing lightweight algorithms and efficient hardware
implementations ensures high-quality immersive experiences on resource-constrained
devices like AR (Augmented Reality) and VR (Virtual Reality) headsets, without compro-
mising performance or battery life. Finally, implying the proposed methods in edge–cloud
collaboration will help support large-scale virtual environments with low latency.
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