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ABSTRACT
Autonomous mobile robots (AMRs) have been widely utilized in
industry to execute various on-board computer-vision applications
including autonomous guidance, security patrol, object detection,
and face recognition. Most of the applications executed by an AMR
involve the analysis of camera images through trained machine
learning models. Many research studies on machine learning focus
either on performance without considering energy efficiency or on
techniques such as pruning and compression to make the model
more energy-efficient. However, most previous work do not study
the root causes of energy inefficiency for the execution of those
applications on AMRs. The computing stack on an AMR accounts
for 33% of the total energy consumption and can thus highly impact
the battery life of the robot. Because recharging an AMR may
disrupt the application execution, it is important to efficiently utilize
the available energy for maximized battery life.

In this paper, we first analyze the breakdown of power dissipa-
tion for the execution of computer-vision applications on AMRs and
discover three main root causes of energy inefficiency: uncoordi-
nated access to sensor data, performance-oriented model inference
execution, and uncoordinated execution of concurrent jobs. In order
to fix these three inefficiencies, we propose E2M, an energy-efficient
middleware software stack for autonomous mobile robots. First,
E2M regulates the access of different processes to sensor data, e.g.,
camera frames, so that the amount of data actually captured by
concurrently executing jobs can be minimized. Second, based on a
predefined per-process performance metric (e.g., safety, accuracy)
and desired target, E2M manipulates the process execution period
to find the best energy-performance trade off. Third, E2M coordi-
nates the execution of the concurrent processes to maximize the
total contiguous sleep time of the computing hardware for maxi-
mized energy savings. We have implemented a prototype of E2M
on a real-world AMR. Our experimental results show that, com-
pared to several baselines, E2M leads to 24% energy savings for the
computing platform, which translates into an extra 11.5% of battery
time and 14 extra minutes of robot runtime, with a performance
degradation lower than 7.9% for safety and 1.84% for accuracy.
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1 INTRODUCTION
An Autonomous Mobile Robot (AMR) is mainly composed of me-
chanical parts (e.g., wheels, engine, etc.), sensors (e.g., camera), and
computing hardware (e.g., CPU, GPU) that allow the robot to au-
tonomously drive and perform a pre-defined set of jobs. Due to
their relatively low cost, high flexibility, and high reliability, vari-
ous AMRs have been designed and employed in several industry
applications [4, 10, 25]. For example, an AMR can be programmed
to patrol the fences of a private area so that the security team can be
timely notified of intrusions. Typical jobs for AMRs include security
patrol, object detection, and face recognition [40]. However, the
correct operation of an AMR is strictly dependent on its limited bat-
tery life. Therefore, it is important to ensure high energy efficiency
to maximize the battery life of AMRs.

Some previous studies have focused on reducing the energy con-
sumption due to themechanical parts of the AMR. For example, they
propose solutions to dynamically find the most energy-efficient
path to reach a certain location [3, 5, 8, 15]. However, these so-
lutions do not take into consideration the computational portion
of the AMR’s energy consumption. In fact, as we show in Section
3, the computing resources of a typical AMR can account for the
33% of the total energy consumption. The most common applica-
tions of AMRs use machine learning models in computer-vision
applications. Thus, in order to improve the energy efficiency of the
computing resources of an AMR, it is important to focus on the ex-
ecution of computer-vision based applications. Unfortunately, most
previous research studies on such applications either focus mainly
on performance [28, 29, 42] or employ pruning and compression
techniques to make the trained model more energy efficient [46].
To the best of our knowledge, no previous work has yet studied the
energy efficiency of AMRs during the execution of computer-vision
based applications.

Due to the above-described shortcomings of existing literature
on AMRs, in this paper we first conduct an in-depth study of the
computer-vision application execution on AMRs to profile its en-
ergy consumption and to discover the main sources of inefficiency.
We find two main sources of high energy consumption across
various applications: access to sensor data and model inference.
Accordingly, we find three main inefficiencies for these two en-
ergy sources. First, uncoordinated access to sensor data. Each
computer-vision process directly interacts with the sensors, e.g.,
camera, of the AMR to acquire data, e.g., camera frames. As a re-
sult, N concurrently executing processes may acquire N camera
frames for inference within a short period of time. If the N ac-
quired frames are similar to each other, using one of the N frames
for all the concurrent processes would not change their inference
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results, which leads to energy waste for acquiring more camera
frames than necessary. Second,performance-oriented model
inference execution. A computer-vision process on an AMR con-
tinuously performs frame acquisition and model inference without
waiting time, i.e., without delaying the next frame acquisition and
inference time. Although this execution mode ensures high perfor-
mance (e.g., safety, accuracy), it also prevents the computing hard-
ware (e.g., CPU, GPU) to reach deep sleep states for energy savings.
Third, uncoordinated execution of concurrent jobs. Multiple
executing inference processes executing concurrently, even with
a per-process optimized waiting time, may still prevent the com-
puting hardware from reaching the deep-sleep state. In fact, most
computing systems can reach the deep sleep state only after a cer-
tain amount of time has passed. Thus, uncoordinated waiting times
may cause the computing hardware to never reach the necessary
contiguous idle time to enter the sleep state.

In order to address the above described ine�ciencies, we propose
E2M, a generalized energy-e�cient middleware for autonomous
mobile robots. E2M consists of four major components: sensor
bu�er, performance analyzer, energy saver, and coordinator. The
sensor bu�er is designed to capture the sensor data (e.g., camera
frames). It allows to coordinate the concurrent access to sensor data
and reduce the total amount of data collected for energy savings.
The energy saver pro�les the energy consumption of the executing
processes based on their waiting times. The performance analyzer
pro�les the performance of each running process based on a prede-
�ned per-process metric and desired target. The coordinator collects
the information about energy consumption and performance analy-
sis to �nd the best waiting times for each process that maximize the
contiguous idle time of the computing hardware for energy savings
while ensuring good performance for each process. In practice, the
coordinator controls the waiting time by controlling the feed time
of sensor data to each process.

In summary, this paper makes the following three contributions:

� We analyze the computational energy consumption of au-
tonomous mobile robots and �nd three main sources of inef-
�ciency: uncoordinated access to sensor data, performance-
oriented model inference execution, and uncoordinated exe-
cution of concurrent jobs.

� We propose an Energy-E�cient Middleware (E2M) for au-
tonomous mobile robots to �x the three ine�ciencies. E2M
coordinates the access of processes to sensor data and coor-
dinates the execution of the processes to maximize energy
savings while ensuring good performance.

� We develop a prototype of E2M on a real-world AMR and
test it on a real scenario. Our experimental results show that
E2M leads to 24% energy savings for the computing platform,
which translates into an extra11:5%of battery time and 14
extra minutes of robot runtime, with a performance degra-
dation lower than 7.9% for safety and 1.84% for accuracy.

The rest of the paper is organized as follows. Section 2 studies the
related work. Section 3 describes our analysis of the AMR's energy
consumption. Sections 4 and 5 describe the design of E2M and
its implementation, respectively. Section 6 evaluates the proposed
solution. Section 7 proposes a discussion on the limitations and
future work of E2M. Section 8 concludes the paper.

2 RELATED WORK
Autonomous mobile robots can autonomously execute a large va-
riety of jobs with little to none human intervention. On the other
hand, one major limitation of AMRs is their limited battery life,
which leads them to often interrupt the executing job and reach the
nearest available charging station. In order to increase the battery
life of AMRs, a variety of approaches have been proposed by related
work.

Previous studies have proposed to �nd the most energy-e�cient
path for robots to move to a certain location or to cover a large
area [2, 3, 5, 8, 15, 45, 47]. Other solutions coordinate various AMRs
to optimize their charging scheduling [6, 20, 21, 23, 24, 32, 35� 37].
Most of the above studies focus on the energy consumption of the
robots due to the mechanical parts. Di�erent from all the above
solutions, in this paper we focus on the computational energy
consumption, which can account for the 33% of the total energy
consumption.

The energy consumption of robots is mainly in�uenced by the
type of task allocated to its computational unit. To this end, a lot
of work has been done to �nd the best task allocation strategy
for AMRs [9, 11, 19, 27, 31, 34, 43]. For example, some approaches
attempt to move tasks across robots to save energy considering
the distance from the target area or the energy allowance [41, 48].
Other solutions propose to ensure the continuous coverage of a
single task (e.g., multiple drones to follow a car) by moving the task
across robots in relation to their energy budget [7]. However, none
of the above solutions have considered how to minimize the task
execution energy consumption on the robots.

A large portion of jobs executed by robots are related to com-
puter vision, which exploit cameras and machine learning models
to make the robots more intelligent and autonomous. While some
related studies focus mainly on performance [28, 29, 42] without
considering the energy consumption, other solutions focus on prun-
ing and compression techniques to make the trained model more
energy e�cient [ 38, 46]. However, none of these studies focus on
how those applications are executed on the computing hardware
of the robots. Note that we still need to manage the computing
resources energy consumption, even if every application running
on the multi-purpose AMR is pruned. This is because we want to
ensure a desired level of performance for each application running
on the AMR. However, when multiple applications run concur-
rently in a shared environment, they are likely to slow down each
other [12, 13, 18]. As a result, the amount of computing resources
utilized may increase, which may lead to increased energy con-
sumption. E2M is proposed to address this problem and ensure
the desired applications performance while minimizing the AMR's
computing resources energy consumption. In particular, we �nd
that it is possible to improve their energy e�ciency by introducing
a short waiting time in each application, which trades o� perfor-
mance for lower energy consumption. In addition, we study how
to coordinate the waiting times of concurrently executing applica-
tions to minimize the energy consumption due to capturing camera
frames and running model inferences. To the best of our knowledge,
this is the �rst work to study and improve the energy e�ciency of
executing computer-vision applications on AMRs.
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3 POWER ANALYSIS OF AN AMR
The deep learning based approach has been widely used in au-
tonomous driving applications. However, currently most of the
proposed methods are performance driven without considering the
energy consumption. In this section, we �rst describe our experi-
mental setup used to execute the experiments. Second, we analyze
the power breakdown of a real AMR platform. Third, we analyze
the power breakdown of computer vision processes to identify the
highest sources of energy consumption. Finally, we analyze the
e�ect of the waiting time of processes on the computing power
dissipation.

3.1 Experimental Setup
In order to characterize the energy consumption of autonomous mo-
bile robots, we analyze an indoor autonomous mobile robot called
HydraOne [44]. The HydraOne platform is shown in Figure 1(b).
Di�erent from many heavy-weight AMRs used for one speci�c
application (e.g. moving heavy objects), we consider multi-purpose
AMRs, which can run various computer-vision applications con-
currently. The user can decide which applications to execute at any
time. For example, multi-purpose AMRs can be used in retail stores
to help managers execute applications such as understanding out-
of-stock items, guaranteeing price integrity, con�rming product
showcases, and identifying hazardous conditions [1]. Thus, multi-
purpose AMRs do not necessarily need to be heavy-weight. The
HydraOne con�guration is a representative design of such robots
with multiple concurrent computer vision applications running
on it. In particular, HydraOne is a full-stack research and educa-
tion platform and includes mechanical components, vision sensors,
computing hardware, and communication system. All resources
on HydraOne are managed by the Robot Operating System (ROS).
Figure 1(a) shows the hardware design of HydraOne. Two leopard
cameras [26] and an RPLiDAR [39] are connected to the computing
platform via USB cable. RPLiDAR is a 2D laser scanner that pro-
vides 360 degree laser range scanning. The results of a set of data
points in space is calledpoint cloud. An Nvidia Jetson TX2 board
is used as the computing platform [33]. One Arduino Mega 2560
board with two motor driver boards are used to control HydraOne.
Two 3S Lipo battery is used to power the whole system: one for the
computing platform; the other for the wheels. The capacity of each
3S Lipo battery is 5000mAh.

On top of HydraOne, we implement a deep learning based end-
to-end free space detection application and an object detection
application. Unfortunately, existing navigation applications can-
not be used in our experiments because they are not designed and
trained in our environment. As a result, we designed and trained a
Convolutional Neural Network (CNN) called HydraNet to achieve
end-to-end free space detection, where the input is the frame from
camera and the output is the controlling command, i.e., linear and
angular speed to the robot. The training dataset, which contains
the image frames labelled with control messages, is obtained by
a human remotely controlling HydraOne. There are �ve convo-
lutional layers and four Fully Connected Network (FCN) layers
in HydraNet. The convolutional layers are designed to perform
feature extraction. The �rst three convolutional layers have a5 � 5
kernel and a2 � 2 stride. The last two convolutional layers have

a non-strided convolution with a3 � 3 kernel. The �lters of these
�ve layers are 24, 36, 48, 64, and 64, respectively. Four FCN layers
are designed as the decision maker for the driving and lead to two
output values of linear and angular speed. The number of cells in
each FCN layer are 512, 100, 50, and 10, respectively. Based on the
experience of industry practice and a series of experiments, we
choose Recti�ed Linear Unit (ReLU) as the activation function for
all nine layers. The RPLidar is used in this context to collect data
about objects distances. For object detection, we choose the combi-
nation of MobileNet and Single Shot MultiBox Detector (SSD) [30].
Through replacing the lightweight depthwise separable convolu-
tion layer with standard convolution layer to reduce the number of
computations, MobileNet becomes more suitable for the resource-
constrained AMRs platform [17]. Furthermore, SSD is a widely used
deep learning model for objection detection.

The power dissipation of the computing platform and sensors is
measured using Watts Up Pro Electricity Consumption Meter [16],
which records both the current and real power every second. The
power dissipation of the wheels is measured using the Lipo battery
charger, which records the energy consumption. The error of power
dissipation is less than 1 percent and it is ignorable. The reason
why we use two di�erent meters is that we have two batteries
installed on HydraOne, one powering the locomotive mechanisms
(e.g., wheels) and the other one powering sensors and computing
resources. We run HydraOne with free space detection and object
detection for 10 minutes and use the charger and the Watts Up Pro
to measure the energy consumption. Then we calculate the average
power dissipation based on the energy consumption and running
time. When the batteries are fully charged, HydraOne platforms
can run with HydraNet and MobileNet-SSD for approximately two
hours.

3.2 AMR Power Breakdown
Figure 2 shows the power dissipation of the entire HydraOne plat-
form. We run HydraNet and MobileNet-SSD on HydraOne for 10
minutes. The total power dissipation of HydraOne is 39.1W. From
Figure 2, we can see that the locomotion of HydraOne (Wheelsin
the �gure) consume over half of the total power dissipation, the
power dissipation of computation is 33%, and that of the sensors
is 11%. Out of the 33% of computational power dissipation, the
model inference of HydraNet and MobileNet-SSD consume 10%
and 12% of the total power dissipation of the robot, respectively.
The remaining 10% indicated withotherin the �gure includes the
power dissipation of the operating system and sensor drivers.

As we can observe from this analysis, each implemented applica-
tion may further increase the total computational power dissipation.
Actually, in many cases, AMRs may have to run more than two ap-
plications. For example, a surveillance AMR may implement, other
than the free space detection and object recognition application,
additional applications for face recognition (to timely detect the
identity of intruders), self-diagnostic, and other third-party applica-
tions deemed necessary by the user. This fact leads to the following
observation:

Observation 1: The AMR's computational power dissipation can
highly in�uence its autonomy. It is thus necessary to optimize the
computing system of AMRs for high energy e�ciency.
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