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ABSTRACT

KEYWORDS

Fleets of autonomous mobile robots are becoming ubiquitous in
industrial environments such as logistic warehouses. This ubiquity
has led in the Internet of Things field towards more distributed network architectures, which have crystallized under the rising edge
and fog computing paradigms. In this paper, we propose the combination of an edge computing approach with computational offloading for mobile robot navigation. As smaller and relatively simpler
robots become more capable, their penetration in different domains
rises. These large multi-robot systems are often characterized by
constrained computational and sensing resources. An efficient computational offloading scheme has the potential to bring multiple
operational enhancements. However, with the most cost-effective
autonomous navigation method being visual-inertial odometry,
streaming high-quality images can induce latency increments with
a consequent negative impact on operational performance. In this
paper, we analyze the impact that image quality and compression
have on the state-of-the-art on visual inertial odometry. Our results indicate that over one order of magnitude in image size and
network bandwidth can be reduced without compromising the
accuracy of the odometry methods even in challenging environments.This opens the door to further optimization by dynamically
assessing the trade-off between image quality, network load, latency
and performance of the visual-inertial odometry and localization
accuracy.
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1

INTRODUCTION

Accurate localization and mapping are two of the pillars behind
fully autonomous systems [1, 2]. Over the past two decades, much
attention has been put into solving the simultaneous localization
and mapping (SLAM) problem [3–5]. What has been a mostly offline
or offloaded method due to its computational complexity is now
a widely implemented real-time algorithm that runs on on-board
computers in mobile robots [6]. Among the different sensors that
can provide motion estimation, a visual-inertial system can produce
one of the best price-accuracy ratios [7], with cameras and inertial
measurement units having prices of several orders of magnitude
lower than 3D lidars [8].
In recent years, research into visual-inertial odometry (VIO) as
part of the SLAM problem has attracted increasing interest due to
the low price and ease for cross-platform implementation, among
other benefits [5]. Visual-inertial odometry has potential for multiple applications, including augmented reality (AR) [9, 10], aerial
robotic navigation. The current state of the art can achieve very
high accuracy even in a dynamic and challenging environment,
both for monocular [11] and stereo vision [12]. Mature algorithms
such as RAVIO [13] or VINS-Mono [14] have raised the level of
autonomy of drones and small robots with existing hardware, and
multiple open-source datasets such as EuroC has been published,
pushing the research in this area forward [15].
While visual-inertial odometry enables low-cost and accurate autonomous operation for small mobile robots, it still requires robots
to have a minimum of computational resources available on their
on-board computers. Most of the current research efforts are focused on algorithmic level optimization to achieve higher levels
of accuracy and reliability in visual odometry on different hardware platforms. This has led to high-accuracy methods enabling
long-term autonomy with efficient loop closure mechanisms [14].
However, small units such as flying robots usually have constrained
resources, including limited power and computational capabilities
or reduced storage. In this situation, an aspect to consider is how to
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reduce the robots’ computational burden while maintaining the VIO
algorithm’s high performance. If multiple cameras are utilized to
reduce the blind angles for obstacle avoidance, path planning, and
mapping, then the computational burden can increase considerably.
This can have a significant impact on the performance and ability
to autonomously navigate a complex environment in small mobile
robots, including aerial drones. If additionally, multiple robots are
operating in the same environment, accurate localization is essential to secure their operation and avoid collisions. In a multi-robot
system where robots have equivalent sensing capabilities, the offloading part of the data processing can be a solution that not only
increases the reliability of the system but also reduces the unit cost
of each robot as the hardware can be simplified. In an industrial
environment with large numbers of autonomous robots operating
within a controlled area, reducing the cost of each robot can have a
direct impact on the industrial ecosystem as a whole.
In recent years, some researchers have introduced the cloud robotics concept, in which the capabilities of small mobile robots can
be enhanced by moving part or most of the computationally intensive data analysis tasks to a cloud environment [16, 17]. Nonetheless,
streaming data to the cloud has the potential to significantly reduce
the overall system reliability with uncontrolled latency or unstable
network connection [18, 19]. We extend the recent trend in the IoT
towards more decentralized network architectures with the fog and
edge computing paradigms [20–22]. Edge computing crystallizes
the idea of keeping the data processing as close as possible to where
the data originates. With this approach, raw data is processed at the
local network level instead of the cloud, decreasing the latency and
optimizing the network load [23]. Furthermore, savings in hardware platforms and overall power consumption can be optimized
with proper integration of edge computing [24]. In this work, we
have moved the VIO computation towards a smart edge gateway to
open the possibility for more intelligent, yet simple, large teams of
autonomous robots that rely on edge services for offloading most
of their computationally intensive operation.
The main motivation behind this paper is to study the optimal
relationship between image quality and accuracy of a monocular
visual odometry algorithm in a computational offloading scheme.
Finding the proper trade-off between accuracy and image size has
a direct impact on the computational resource consumption, algorithm runtime, network latency and, in consequence, the number
of robots that can be supported simultaneously from a single smart
edge gateway. Our goal is to provide a benchmark of the compression rate’s influence on the VIO algorithm. To address these
issues, we employ the state of art VIO algorithm VINS-Mono [14]
and analyze its performance on an open dataset, the EuRoC MAV
dataset [15], with varying image compression rate and picture quality. Our results show that the computational offloading scheme can
be optimized in terms of bandwidth usage without compromising
the accuracy of the visual odometry algorithm. Furthermore, decreasing the image quality reduces the processing time at the edge
gateway. Therefore, finding the appropriate compression rate not
only optimizes the network load but also enables a single gateway
to handle the odometry for a larger number of connected robots.
The main contribution of this paper is on analyzing the performance of the state-of-the-art in monocular visual odometry with
varying image quality and compression settings. We utilize the
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Figure 1: EuRoC dataset samples. Subfigure (a) shows a sample of the easier environment for odometry, while (b) shows
the harder dataset.
JPEG standard and examine the performance of a monocular visual odometry algorithm with the JPEG image compression setting
varying from 1% to 100%. The implications of this study can be
significant in a computational offloading scheme; an image size
reduction of up to two orders of magnitude can be achieved without
a significant compromise on odometry accuracy.
The remainder of this paper is organized as follows. In Section
2, we overview related works utilizing computational offloading
for visual odometry in mobile robots, mostly with a cloud-based
approach. In Section 3, we introduce the basic concepts behind
visual odometry, as well as specific algorithms utilized in this paper
(VINS-Mono). Section 4 then introduces the methodologies, experimental setup and results, which provide insight towards the optimal
image quality to be chosen to minimize network.At last.Section 5,
conclude a conclusion and discuss the possible future work.

2

RELATED WORK

The problem of SLAM has been traditionally considered either as
an offline problem, where all accumulated data is utilized to rebuild
the path, or an online problem for real-time image analysis with an
on-board computer. However, if a large fleet of robots is considered,
then a computational offloading scheme can considerably bring the
cost down. To the best of our knowledge, computational offloading
has been considered for mobile robot navigation a mapping only
from the cloud computing point of view with cloud-centric architectures and data processing in powerful servers where the algorithms
can be easily run in parallel at maximum efficiency. Yun et al. proposed a robotics platform to be deployed in cloud servers, RSE-PF,
for distribution visual SLAM where data from different robots was
aggregated and combined in the cloud [16]. An average network
latency of approximately 150 ms was reported (round trip). Even
with almost instantaneous data processing at the cloud servers, this
either limits the image analysis rate to around 6 frames/second or
induces a delay when parallel RX/TX channels are utilized. In the
first case, an on-board computer such as a Raspberry Pi 4 or an
NVIDIA TX2 could be able to provide a similar o better frame rate,
while in the second case an accurate estimation of network latency
must be available at the robot in order to interpret properly the
processed information that the cloud servers return. The maximum
number of robotic units that could be supported simultaneously
was not reported; however, the authors utilized WebSockets in order
to save bandwidth compared to HTTP. Dey et al. proposed a similar
offloading scheme in which a multi-tier edge+cloud architecture
was introduced [17]. Rather than concentrating on analyzing the
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Figure 2: Ground truth and odometry reconstructed paths
with the easier dataset.

Figure 3: Ground truth and odometry reconstructed paths
with the easier dataset.

performance, the authors shifted the research focus towards defining and solving an optimization problem in order to maximize the
performance of the multi-tier architecture by offloading different
processes to different layers. Their approach was to utilize integer
linear programming for optimization of offloading design decisions
utilizing the network bandwidth as a variable and adding latency
constraints.
In this paper, we extend our previous work in progress report
where we analyzed the effect of image compression on the performance of visual odometry [25]. In contrast with the cloud-centric
approach that can be found in the literature, we propose the offloading at the local network level following the main design ideas of
edge computing. With this method, we are able to keep the benefits
of cloud-based offloading (optimization of energy consumption and
simplification of on-board hardware) while reducing the latency
and increasing the network reliability due to a single connection
being used and allowing for more tight bandwidth and network
management control. We focus on finding the right trade-off between odometry accuracy and performance in terms of frame rate
and latency.

time based on sensor data without any prior knowledge, and to
speculate on its own relative location based on this map.

3

MONOCULAR VISUAL INERTIAL
ODOMETRY

Visual Odometry(VO) is a part of Visual SLAM (VSLAM) .VO focuses
on the local consistency of the robot movement trajectory, using
real-time data to predict robot egomotion. The goal of SLAM is to
achieve global consistency between odometry and maps. So VO
can be used as a building block for VSLAM, before tracking all the
camera’s historical data to detect loop closure and optimize the
map.

3.2

3.3

The SLAM problem

SLAM is an abbreviation for Simultaneous Localization And Mapping. SLAM was a term first utilized in the field of robotics but
has been applied in many other fields afterward, mostly involding
computer vision, virtual reality or augmented reality. It enables
robots to construct a map of the surrounding environment in real

VINS-Mono

VINS-Mono adopts a non-linear optimization-based sliding window
estimator to predict a robot’s position and orientation. This approach begins with the measurement preprocessing which will collect sensor data to detect feature and IMU pre-integration. Through
the initialization procedure, all values for bootstrapping the subsequent nonlinear optimization-based VIO will be calculated. The VIO
with relocalization modules tightly fuse integrated IMU measurement processing, feature observation, and redetected features from
a loop closure scheme. Finally, the pose graph module implements
global optimization to reduce drift.

4
3.1

Visual Odometry: Monocular VS Binocular

Visual-Inertial Odometry (VIO) is an algorithm that combines camera and IMU data to implement SLAM or state estimation. The
advantage of binocular VO is that it can accurately estimate the
motion trajectory and is able to recover the exact physical units. In
Monocular VO, it is only possible to obtain information regarding
what the object has moved as a certain number of relative units
in a given direction, while the binocular VO is able to map these
relative units to a metric system representing the real length or
size. However, for objects that are far away, the binocular system
degenerates into a monocular system. Monocular visual odometry has gained increasing attention in recent years because of the
lower price and ease of automatic calibration. However, the data
processing is more challenging.

EXPERIMENT AND RESULTS

We have utilized an open-source dataset, the EuRoC dataset, in
order to evaluate how the performance of the VINS-Mono algorithm
varies when the image quality is reduced [15]. This is an initial
approach and we have utilized the standard JPEG compression
algorithm since it provides a high range of possible compression
rates through its image quality parameter. For instance, given a
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Figure 4: VINS-Mono error in the easier dataset.
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Figure 7: Average round trip latency with a UDP server.
Table 1: Execution time of the different processes and network latency for a subset of image qualities.
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Figure 5: VINS-Mono error in the harder dataset.
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Figure 6: Execution times: feature extraction (red) and pose
estimation (blue).
sample from the EuRoC dataset that has a size of 362 kB in PNG
format, its size in JPEG ranges from 6.7 kB with 1% quality and
226 kB for 100% quality setting.
The EuRoC dataset is a binocular + IMU dataset for indoor micro
aerial vehicles (MAV). It contains two scenes, one is a machine hall,
and the other is a normal room. The dataset uses the flying robot
AscTec Firefly as a data acquisition platform. It is equipped with

binocular camera MT9V034 and an IMU ADIS16448. The camera
frame rate frequency is 20hz, and the IMU frequency is 200hz. The
authors utilize a Vicon motion capture system and Leica Nova MS50
as ground-truth for benchmarking odometry algorithms. Due to the
stable and reliable data provided, it has currently become a popular
dataset [26, 27].
Our experiments have focused on the analysis of two parameters: the latency of the network and the accuracy of the odometry
algorithm. We have also analyzed the processing time required
for the feature extraction process and the pose estimation process
for each of the image compression ratios. We have utilized two
subsets of the EuRoC dataset which are considered easy and hard
for visual inertial odometry algorithms, due to the extraction of
less or more features. Samples from these two subsets are shown
in Figure 1, where it can be seen that the image corresponding to
the harder set is much darker and less features can be consequently
detected. In fact, in this case, even if an image compression ratio
of 5% has an impact of around 25% of the error at the end of the
sample path (0.8 m error with 5% quality versus 0.65 m with 100%
quality), and 1% quality renders a final error of around 1.1 m. In
the harder dataset, however, only up to 5% image quality allows for
a convergent path, as with 1% quality the algorithm is unable to
calibrate the camera and IMU and the path diverges from the start.
The errors accumulated with the VINS-Mono odometry algorithm
over the easier and harder paths are shown in Figures 4 and 3, respectively. These indicate that the data quality can be reduced to
as little as 10% without compromising the performance, while 50%
quality gives the best performance in a harder environment. In the
easier case, a 10% quality image matches the best performance with
minimal odometry error while achieving two orders of magnitude
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of reduction in the network latency with respect to broadcasting a
raw image.
The two main processes in which an odometry algorithm can
be divided are feature extraction and pose estimation. The distribution of the execution times of these processes for a range of
image qualities (1% to 100%) is shown in the boxplot in Figure 6,
which have been obtained utilizing a 64-bit Intel Core i7-4710MQ
CPU with 8 cores at 2.50 GHz. Each of the distributions has been
calculated with 1000 images for which the different compression
rates have been applied. While the feature extraction process has
an execution time that remains constant with the increasing image
quality, the pose estimation increases as more features are found
in higher quality images. The network latency has an overhead
effect that varies from under 1% (image qualities under 10%) to over
700% (100% image quality) when compared to the data processing
time (feature extraction and pose estimation). The distribution of
round-trip latency for a subset of image qualities is shown in the
boxplot in Figure 7, where samples of 100 images have been utilized
to calculate each of the distributions.

5

CONCLUSION AND FUTURE WORK

We have evaluated the impact of image compression and quality in
a visual inertial odometry algorithm. Our results show that image
quality can be reduced up to a certain threshold, which depends
on the ability of the algorithm to extract features from the environment, without a significant impact on odometry accuracy. This
opens the door to the utilization of an efficient computational offloading scheme with edge computing. In turn, this enables the
simplification of hardware onboard robots, a consequent reduction
of power consumption and the ability to utilize a single edge gateway to offload the odometry computation from multiple robots. The
latency of the network adds an overhead between 0.3% and 780%
with respect to the processing time. In both datasets considered,
a low accuracy loss could be achieved reducing the image quality
to as much as 10%, where the network overhead is below 1%. In
consequence, the offloading scheme does not induce significant
delays to the odometry and has the potential to even improve the
performance in terms of frame rate with more powerful edge gateways. The proposed edge computing offloading scheme can bring
multiple benefits to a large multi-robot system, from cost reduction
and energy efficiency to increased performance and reliability.
In future work, we will evaluate a wider range of odometry algorithms and image compression methods. We will also compare the
execution time of the odometry algorithms on typical on-board computers utilized in aerial robots with multiple instances of the same
algorithm running in parallel giving support to multiple robots.
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