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Abstract—In multi-automated guided vehicle (AGV) environ-
ments, inefficient service placement increases energy consump-
tion, and charging cycles, lowering battery lifespan. Conse-
quently, minimizing energy consumption is key for maintaining
operational efficiency and sustainability. Additionally, the un-
predictable arrival of service requests in multi-AGV systems can
lead to system saturation. However, previous research overlooked
the energy costs of on-device computation, especially under
dynamic service arrivals. To address these challenges, this work
proposes an energy minimization service placement algorithm
(EMSPA). The results demonstrate that EMSPA outperforms a
baseline random selection (RS) algorithm for different numbers
of AGVs, services, and tasks per service, reducing normalized
energy consumption by up to 2.34% and improving mean
service acceptance rates by up to 16.09% with lineal execution
time overhead. Further, EMSPA outperforms a queue-aware
scheduling and deadlock mitigation strategy (QASDMS) in terms
of processing power ratio by over 58.94%.

Index Terms—Task Planning, Planning, Scheduling and Coor-
dination, Swarm Robotics.

I. INTRODUCTION

N smart manufacturing, industrial devices like automated

guided vehicles (AGVs) with embedded computing execute
both physical (e.g., navigation) [1] and computational tasks
(e.g., decision-making). While this reduces latency and enables
new applications, poor energy management in multi-AGV
systems often causes disruptive recharging cycles, increased
downtime, and significant productivity loss [2]. Moreover,
onboard task execution improves responsiveness, but it also
consumes significant energy and may overload computa-
tional resources.

Furthermore, unpredictable service arrivals in industrial
environments [3] exacerbate placement complexity, causing
delayed or blocked services when system capacity is exceeded.
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Thus, placement strategies must consider service and task re-
quirements, AGV capabilities, energy constraints, and system
responsiveness. The work in [4] explored AGV task offloading
to reduce task completion time. Other works targeted en-
ergy savings by optimizing AGV paths, travel distances, and
speed [5]. Adaptive planning strategies for energy efficiency
were also proposed in [6]. However, most approaches focused
on optimizing path planning, neglecting the energy cost of
local computation under dynamic service arrivals with varying
computational and communication resource needs, location
requirements, and tasks per service. Further, most works
disregarded communication aspects, which can lead to delays,
reduced data rates (DR), and potential service disruptions [7],
hindering AGV operation efficiency.

This work addresses these gaps through two research ques-
tions: (i) How to optimize service placement among AGVs to
balance performance and energy consumption under dynamic
workloads and data rate constraints? (ii) How does central
processing unit/graphics processing unit (CPU/GPU)-bound
processing energy influence placement decisions in resource-
constrained AGVs? To answer them, this work proposes an
energy minimization service placement algorithm (EMSPA)
to optimize service allocation under dynamic arrivals, which
jointly considers computational load, energy use, and data
rate reliability. Unlike prior works, EMSPA aims to optimize
sustainability objectives and support service completion rates
by accounting for CPU/GPU-dependent processing costs and
bandwidth constraints. Evaluation results show that EMSPA
reduces energy consumption by up to 2.34% and increases
mean service acceptance by up to 16.09% compared to
a baseline random selection (RS) algorithm, and reduces
the power processing ratio by over 58.94% in relation to
the queue-aware scheduling and deadlock mitigation strategy
(QASDMS) [3]. These improvements are consistent across
different AGV, service, and task configurations, demonstrating
EMSPA’s reliability in various scenarios.

The paper is organized as follows. Section II reviews related
work. Section III introduces the system model. Section IV for-
mulates the energy minimization problem. Section V presents
the proposed solution. Section VI discusses evaluation results
and Section VII concludes the paper.

II. RELATED WORK

Multi-AGV systems enhance industrial efficiency, acting as
mobile computing platforms to reduce latency and reliance on
external servers. However, their limited battery and processing
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capacity make efficient service placement, based on AGV
capabilities and service demands, crucial for performance and
fleet coordination under dynamic conditions.

Prior research on service placement in AGV systems has
focused on reducing energy consumption and delays while
improving throughput. However, many overlooked real-time
dynamics, such as unpredictable request arrivals and fluc-
tuating resources. Liu et al. [4] presented a reinforcement
learning-based task offloading scheme optimizing execution
time and conflict resolution. Although this study neglected dy-
namic service arrival, which is critical in real-world industrial
settings, other works considered this dynamic behavior [3],
[8]-[10]. Bergmann et al. [8] introduced a vehicle assignment
strategy to minimize completion time and increase throughput
under dynamic task flows, but overlooked the computational
consumption of AGVs. In [3], [9], dynamic job arrivals were
modeled as continuous and unpredictable processes by using
a Poisson distribution. A similar distribution was considered
in [10], where a centralized system continuously collects real-
time information about new tasks. However, these works did
not consider energy implications.

TABLE I
PLACEMENT METHODS IN MULTI-AGV ENVIRONMENTS.
Optimization Energy Dynam.
’ Ref. ‘ Task type ‘ objective dependency arrival
3] movemfnt, completion time X v
processing
[4] processing completion time X X
movement, makespan, distance, time,
[5] : . ) X
production energy, quality energy coefficient
completion time, distance, load,
(61 movement energy AGV weight X
machine and
[8] movement AGV utilization, X v
throughput
[9] production makespan X v
[10] movement travel, tardiness cost X v
movement, . .
[11] production, mgkespan, idle dlstgnce,'speed, X
time, energy idle time
setup
distance,
[12] movement energy speed, load X
[3] production, satisfaction, no. of load, time, X
) movement AGVs, energy AGV weight
[14] movement makespan speed X
[15] movement energy, task deadline distance v
Our movement, CPU-GPU
. energy . v
work processing consumption

In this regard, the authors of [11] presented a multi-objective
placement model for machine processing and AGV transport
that jointly optimizes makespan, machine idle time, and energy
consumption. Minimizing energy also requires careful task
assignment and path selection in real-world scenarios [5],
[12]. The work in [5] employed an optimization algorithm
to reduce both makespan and energy consumption, while the
work in [12] introduced an energy benchmarking framework
to evaluate path planning efficiency. Similarly, the paper in [6]
employed a grid map-based approach in a two-stage optimiza-
tion algorithm to minimize task completion time and energy
consumption. The authors of [13] used a multi-objective ap-
proach to reduce energy consumption and maximize customer
satisfaction across production cycles, linking energy consump-
tion to the AGV load transported. Riazi et al. [14] aimed to
minimize energy consumption and service completion time

by modifying AGV speeds. The research in [15] proposed
a dual-class AGV strategy for handling dynamic tasks while
conserving energy. However, the focus of these works was
mainly related to optimizing energy consumption associated
to distance, speed, and load, disregarding the optimization of
computational resources. Although the impact of processing
was recently considered in [3], [4], the focus of these works
was completion time optimization, disregarding the substantial
contribution of on-board processing to an AGV’s total power
consumption [2]. In addition, these works neglected the effect
of imperfect communication channels, which is unrealistic in
industrial settings. Table I compares the analyzed works.

Unlike previous research, this work proposes a dynamic
multi-AGV service placement strategy with the objective of
minimizing processing-related energy consumption. A realistic
scenario is assumed with communication-related constraints
and unpredictable, dynamic service arrival times.

III. SYSTEM MODEL

This section introduces a dynamic service placement model
for multi-AGV scenarios. A centralized orchestrator manages
AGVs and placement requests [16], with a dedicated module
executing the placement algorithm, and an AGV controller
issuing navigation and loading/unloading commands' [16].

A. Communication Channel Model

Communication in industrial multi-AGV environments is
challenging because, unlike fixed computational resources, the
data rate of AGVs varies significantly due to vehicle movement
line-of-sight obstructions from obstacles links between access
points (APs) and AGVs. To model these propagation effects,
we adopt the attenuation factor approach from [18], which
combines precision and scalability for industrial settings. Un-
der this model, the received power at distance d, from an
AP is calculated using a ray-casting algorithm. Considering
a reference path Py(dy) representing the power at a nearby
reference distance dy from the AP, a given path loss exponent
7, the number of obstacles of material type e (m.), a loss
factor associated with material e (PF,), and the number of
material types FE, the received power at a distance d, from
the AP is expressed as:

E
dy
Par, (dz) = Po(do) = 107 - In —= — > me-PF. (1)
0 e=1

The downlink data rate DR; of AGV i at a distance d, from
the AP is defined in terms of Pyp,(d,) as follows:

Ny - B '

This calculation accounts for the channel bandwidth B and the
noise spectral density Ny, assuming a lossless uplink channel
for simplicity as per [7] (note that critical control packets are
transmitted in the downlink). The DR capacity CPF of AGV
1 depends on propagation effects along its entire planned path
during task execution, as per (2). It is defined as the minimum

DR;(d,) = B -log, (1 + )

I'The trade-offs between centralized and decentralized control systems are
out of the scope of this paper. Interested readers may refer to [17].
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data rate found by sampling the instantaneous DR at regular
intervals along the trajectory, a value used to assess the AGV’s
ability to host a given task.

B. Service Requests

In this work, a service s € S, S = {1,...,5} is an
ordered set of tasks 7 with predefined requirements for a
multi-AGV environment. A task t;; € 7, is the smallest
unit of work an AGV executes as part of service s. The
ordered set of sequential tasks 7T, associated with a service s
is expressed as Ty = {ts | k € K}, Ks = {1,..., K},
where t, j represents the k-th task associated with service s,
and K, represents the ordered set of indices corresponding
to all tasks associated with service s. Service requests arrive
dynamically at the orchestrator, following a Poisson distribu-
tion with arrival rate A, [3]. The service placement algorithm
allocates tasks based on AGV positions and resource capacity,
ensuring that computational and communication demands are
met. It is assumed that this decision is communicated to a
central controller, which commands service execution orders
to AGVs, as per [16].

Two task types are considered: movement-related (e.g.,
goods transportation) and processing-only (e.g., data process-
ing, collaborative collision avoidance). It is assumed that both
movement-related and processing-only tasks require computa-
tional resources. A binary parameter (, j represents the task
type, being (s = 0 for processing tasks and (s, = 1 for
loading tasks. The requirements of each task ¢, ; are defined
as the tuple R j:

_ ST RAM CPU GPU DR

RSJG - {Rs,kvRs,k VRs,k 7Rs,k 7Rs,k ’
[ max

Rs,k:’ Lsres Ysres Ldsts Ydsty Tg k }

Parameters Rig,RﬁfM,Rg,f U,Rff U define the computa-
tional requirements of each task in terms of storage (ST),
random access memory (RAM), CPU, and GPU, respectively.
RQ,? is the minimum DR requirement for task t ;. For
loading tasks, source and destination positions are given by
Tsre, Ysre aNd Tase, Ydst, and the load to be carried by Rf’ K
AGVs are assumed to move at a known and constant
average speed v;, following a pre-planned route. Without loss
of generality, for the purpose of service placement evaluations
that is of interest in this work, AGVs are assumed to follow a
shortest path routing algorithm [19]. The placement algorithm
presented in Section V must ensure that the AGVs meet the
computational and communication requirements for each task,
considering both the computational availability of AGVs and
the quality of the communication channel along the route.
The completion time for each task depends on its nature.
For loading tasks, the time is calculated based on the path
traversed by the AGV and its velocity to the source and,
subsequently, to the destination. For processing tasks, there
is no source and destination node, and AGVs can process the
data at any location. Both types of tasks have a maximum time
requirement for task completion, defined as 7.7

3)

C. Autonomous Guided Vehicles (AGVs)

In the system model, a set Z of AGVs is considered for task
allocation. The normalized capacity of AGV ¢, 1 < ¢ < I,

is represented by the vector c; of initial available resources,
namely ST, RAM, CPU, GPU, load weight, and DR. Formally,
this vector is expressed as:

c; = {CST, CRAM CCPU cGPU ¢ PRy - (4)
The current availability vector a; of AGV ¢ is defined as:
a; = {AST ARAM ACPU AGPU p¢ ADRY - (5)

where AFT, ARAM = ACPU - AGPU and APE represent the
normalized availability in terms of storage, RAM, CPU, GPU,
and data rate on AGV ¢, respectively. The AGV controller
provides the AGV’s velocity v; and its current location (z;, ;)
at any given time. The load availability of an AGV is denoted
by Af. The time needed for an AGV to complete a task, 7;,
depends on the task type as follows:

Ti(tsk) = B Fop, ifCr=0,
Z ’ - di src dsre,ds 3
o X + #“7 if Cs,k = 17

V4
where I, is the computational complexity of task ¢, with
respect to a benchmark task /3. The execution duration of pro-
cessing tasks depends on the task computational complexity
and on the computational resources of AGV i, and that of
movement-related tasks depends on the time to move AGV i
from location to source and from source to destination.

(6)

D. Energy Consumption

This paper follows the computational energy model
from [2], where the power consumption PW; of the computing
platform of AGV ¢ depends on its CPU and GPU usage,
even when idle. The relationship between CPU and power
consumption is modeled as:

34.9,  Pepu; > 0.75,
—56.2p2,,, + 88Pcpu, (7)
+0.51,  Pepu, < 0.75,

where pcpy, 18 the normalized CPU consumption of AGV ¢, Vi,
i.e. pepu, = CEPU — ACPU . Further, the relationship between
the GPU and power consumption is given by:

7.6 - Dopu, + 24Dgpu, + 0.006 f,,
+0.3ty, +11, f, < 800,

143p2 .. + 23pgpu, + 0.04f,,
+2t,, — 66, fy, > 800,

where pgp,,; is the normalized GPU consumption of AGV i,
Vi, i.e. Pgpu; = CiGP U _ AiGP U, Finally, the overall power
consumption of AGV i is given by:

PWi = (Pchu,y + Pngui + Pothersq:) /77(:1' + POffi? (9)

where Poipers; 1S the power consumption of other components,
7¢; is the energy transmission efficiency, and P,y is the
power consumption of the platform in standby state. For
simplicity, and without loss of generality, constant average
AGV weight and speed with no stops are assumed. Although
the relevance of energy consumption associated to mechanical-
related parameters such as weight and speed is acknowledged,
these factors fall outside of the scope of this paper. Interested
readers may refer to [2] for an overview of the effect of these
parameters on AGV power consumption.

P chu,; =

PWopu, ®)
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IV. SERVICE PLACEMENT PROBLEM WITH ENERGY
MINIMIZATION OBJECTIVE

This work aims to minimize energy consumption while
meeting all task requirements in the dynamic environment
described in Section III. Upon the arrival of a new service
placement request, the service placement module must select
the most energy-efficient AGV for each task in the service. The
energy minimization process is triggered upon the dynamic
arrival of a service’s first task, ¢51, or when a subsequent
task ¢, ;41 becomes available after its predecessor completes.
Each task placement is treated as an independent optimization
iteration, where the algorithm allocates resources efficiently
while minimizing energy consumption. To support this pro-
cess, an optimization problem is formulated to determine the
most energy-efficient AGV for task placement.

Let 0 = [p1,p2, - ,pr-1] denote the ordered set of
currently running task requests, where each p,., 1 <r < R—1,
corresponds to a served request for task ¢ i, and pp represents
the next request to be served. The decision variable X, ; is
defined as:

)1, if tsp from request pg is assigned to AGV 1,
Xorsi = 0, otherwise.
(10

Considering that R — 1 requests have been successfully
allocated and are running in the system, the resource availabil-
ity of AGV ¢ can be expressed as a function of its capacity
c; and of the requirements of request pr associated to ¢y,
rop = {R5L, REAM ROPU RGPV R?, RPEY as:

R—1
a; =c¢; — Z Tsk ' Xpr,i» Vi€L
r=1

On the basis of the definitions in (7) and (8), the utility
function U is expressed as a function of variable CPU and
GPU consumption?, as follows:

Y

T
U= PWi(pepu; +Pgpu; + Xpni - (ROEY +RILY))
- (12)
The target energy minimization optimization problem results:
minimize U (13a)

Xpr,i

subject to  Xpn.i- Rop < APT, VieZ, (13b)
Xpnyi - REPM < ARAM i e T, (13¢)
Xpni - RSFY < APPU, Viel, (13d)
Xpnii - REFY < AGPU WieT, (13e)
Xpni RS, <AL, Viel, (13f)
Xpni - RO < APR, VieT, (13g)
Ti(tsk) < TR", Vi€, (13h)
Xopi <1 =1 G, Viel. (13i)

The optimization objective in (13) minimizes the average
power consumption across AGVs during the placement of

2Note that frequency fg; and temperature t4, in (8), along with Pyipers;»
Te;» and Py fi in (9), are considered fixed constants values. For a detailed
analysis of PWyp.,,, interested readers may refer to [2].

task request pr. Constraints ensure that the capacity of
AGYV i meets the requirements for storage (13b), RAM (13c),
CPU (13d), GPU (13e), load weight (13f), and DR (13g) for
any given task t,j. Constraint (13h) enforces that the task
is completed within the task’s maximum allowable time. An
additional constraint specifies that AGVs can host only one
loading task simultaneously (13i). A parameter [; is intro-
duced, taking the value 1 if an AGV ¢ has an active loading
task at the time of request pr placement, and 0 otherwise.

V. ENERGY MINIMIZATION SERVICE PLACEMENT
ALGORITHM

The dynamic nature of task arrivals and fluctuating channel
conditions in multi-AGV environments introduces significant
complexity, resulting in a mixed-integer optimization problem
that is NP-hard [20]. To solve the problem in (13), this work
proposes a heuristic, named EMSPA, to reduce computational
energy consumption by assigning each task to the AGV
that results in the lowest system-wide power consumption,
while satisfying all constraints. EMSPA adopts a constrained
exhaustive search over feasible AGVs. By assessing only
AGVs that meet placement criteria, EMSPA identifies the
assignment with the lowest incremental energy cost. This low-
complexity approximation of the optimal solution guarantees
a local optimum for each task allocation.

Algorithm 1 EMSPA
1: Input: A,t,;,  Output: best_AGV, min_PW
2: best_AGV < None; min_PW <« 0; total_PW <«
0; candidate_AGV_array < {}

3: for i € 7 do

4:  if Constraints (13b)-(13h) hold then

5: if (sx =0 or ((sx =1 and [; = 0) then
6: candidate_AGV_array <1

7: end if

8: end if

9: end for

10: if candidate_AGV_array is empty then
11: i, is rejected; best_AGV <— None

12: else

13:  for ¢ € candidate_AGV_array do

14: for y €7 do

15: p/cp'u,j «— pCP”j +R€C:kPU’ p;;puj — pngj +RS]1:U
(f j = i; else Plyy, < Pepuss  Pypu, < Pgpuy)

16: total PW « total PW+ PW;(pLpy,, Pypu,)

17: end for

18: if min PW=0or total PW < min_PW then

19: min_PW < total_PW; best_AGV < ¢

20: end if

21:  end for

22: end if

23: return best_AGV, min_PW

EMSPA is presented in Algorithm 1. EMSPA maintains
an AGV availability matrix A = {a;,aq,--- }, which tracks
the current resources and location. Upon receiving a new
event, EMSPA distinguishes between two types: arrival (i.e.,
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a request to place a task) and finish (i.e., a notification that a
task has been successfully finalized). Because service tasks
are sequential and interdependent, a finish event for one
task makes the next task eligible for placement. For arrival
events, EMSPA updates the availability matrix A with the
latest AGV resource availability from the orchestrator, and
location data from the AGVs controller. If the preceding
task is completed, EMSPA calculates the additional power
consumption associated with placing the new task on each
eligible AGV. It then selects the AGV that minimizes total
system consumption and updates the AGV availability vector
accordingly. Once the task is executed, a finish event is issued,
and AGV resource availability and location information are
updated again.

The algorithm operates iteratively to account for the dy-
namic nature of asynchronous incoming service requests. E.g.,
during the time between the completion of task ¢, ; and the
start of the next task ¢ ;41 in service s, a new service s + 1
may arrive. In such cases, the first task of the new service
s+ 1, ie., tsy1,1, must also be placed. While tasks from
different services can run in parallel, tasks from the same
service are assumed to be interdependent and thus are managed
sequentially [5], [11]. EMSPA handles such interleaved task
arrivals seamlessly. Note that EMSPA follows a greedy, task-
by-task placement strategy, which may not ensure global
energy optimality over time. However, this limitation can be
overcome by applying predictive or batch-based scheduling to
improve long-term performance.

VI. PERFORMANCE EVALUATION
A. Methodology

EMSPA is evaluated in a Python-based simulation of a
multi-AGV setting with a heterogeneous fleet and varying
service configurations. AGVs are equipped with different
commercially available computing platforms. > AGV spec-
ifications are randomly selected among the aforementioned
configurations to reflect realistic deployment diversity. Con-
stant speeds are sampled from a uniform distribution in the
range [5,10] m/s, while their load capacities are 100 kg.
AGVs communication and obstacles characteristics follow
the specifications in [24]. A virtual factory environment of
100x100 meters is considered with six fixed obstacles, whose
positions remain static throughout the experiments. Service
requests arrive following a Poisson process with a fixed rate
As = 0.1, reflecting the stochastic nature of industrial tasks.
Each service consists of a sequence of tasks with require-
ments drawn from uniform distributions. The CPU utilization
modeling for movement tasks follows a benchmark profile
from [25], with a mean of 2.56%, standard deviation of 3.92%,
and values ranging from [0, 24.87%]. For processing tasks,
average CPU utilization is 1.56% with a standard deviation
of 3.02%, and values are distributed between [0, 16.62%].

3The selected platforms and their thermal design power (TDP) are Intel(R)
Core(TM) i7-8700 CPU (65W TDP) [21], GeForce RTX 3090 GPU (350W
TDP) [22], and NVIDIA Jetson Xavier modules (AGX Xavier Industrial
(20W-40W TDP), AGX Xavier 32GB (10W-30W TDP), Xavier NX 16GB
(10W-20W TDP), and Xavier NX 8GB (10W-20W TDP) [23]).

It is assumed that the normalized consumption values for
RAM, storage, and GPU are of similar magnitude to CPU con-
sumption for movement tasks, across both types of tasks. The
normalized consumption profile of the JETSON ORIN NANO
SUPER platform [25] is used as a baseline to map resource
consumption in the heterogeneous fleet of AGVs considered
in this work. Task execution times vary uniformly between
[8,72] seconds, reflecting realistic variability as in [26]. DR
requirements are sampled from a uniform distribution in the
range [1, 2] Mbps and for load weight between [1, 2] kg. Each
simulation is repeated 30 times, with results reported using
95% confidence intervals. AGV configurations, task arrivals
and requirements vary across repetitions, allowing analysis of
EMSPA’s performance under diverse operational conditions.
EMSPA is evaluated against two baselines: a RS algorithm that
assigns tasks randomly among AGVs that satisfy constraints
(13b)-(13i), as in [27], [28]; and the QASDMS [3], that
minimizes the total time required to complete tasks.

TABLE II
SCENARIO SIMULATION PARAMETERS.

[ Scenario [ No. AGVs |  No. services [ Tasks per service |
1 5 20, 30, 40, 50, 60 3,57
2 3,5,7,9, 11 40 3,57

Two experimental scenarios are defined. Scenario 1 eval-
uates EMSPA’s performance with respect to RS’s under in-
creasing workloads by varying the number of services and
tasks per service. Scenario 2 analyzes the performance of
EMSPA with respect to RS for varying number of AGVs.
Scenario settings are detailed in Table II. The following per-
formance metrics are evaluated: completion time (CT), total
energy consumption (E'C'), service acceptance rate (SAR), and
performance efficiency (I'). C'T is the total time to execute all
services, indicating placement efficiency and execution speed.
Total energy consumption refers to the cumulative energy used
by all AGVs over time, i.e.:

cr 1

EC =YY PW;-Ar,

7=0 i=1

(14)

where PW,; is the power consumption of the i-th AGV at
time 7. The performance efficiency parameter provides the
algorithm efficiency in terms of normalized energy savings
with respect to service throughput:

I'=(1-FEC)-SAR, (15)

where EC = EC/BEC, and BEC is the baseline energy
assuming all AGVs operate at full CPU and GPU load. The
service acceptance rate refers to the ratio of accepted service
requests, indicating system throughput.

B. Experimental Results

In both Scenario I and Scenario 2, total EC predictably in-
creases with system load (i.e., more services, tasks or AGVs),
as shown in Fig. 1. In Scenario 1, for a fixed number of AGVs,
EMSPA consistently achieves lower energy consumption than
RS (Fig. 1a). This trend highlights EMSPA’s effectiveness in
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enhancing energy efficiency by strategically placing tasks in
the AGV that minimizes computational energy consumption.
For Scenario 2, Fig. 1b demonstrates that total energy con-
sumption (EC) also increases with the number of AGVs, as
expected due to the lager number of active computing AGVs.
However, as the number of AGVs increases, the performance
gap in terms of energy consumption also increases between
EMSPA and RS. This is attributed to the increased resource
diversity which, in turn, enhances EMSPA’s ability to find
lower-power task placement solutions. However, for scenarios
with over 7 AGVs, the perceived energy consumption differ-
ence for all task configurations starts decreasing because the
consumption of the services decreases with respect to available
resources, and AGVs have minimal resource occupation for
both algorithms. Nevertheless, EMSPA outperforms RS in
configurations with 5, 7, 9, and 11 AGVs. Note, however, that
an exception is observed in the 3-AGV configuration with five
and seven tasks per service. In this configuration, resource
saturation causes RS to frequently fail constraint (13i) and
reject more services. This lower SAR results in lower total
energy consumption for RS in this specific high-saturation
case, highlighting a trade-off.

Fig. 2 illustrates the direct relationship between the com-
putational workload (Fig. 2b) and the instantaneous power
consumption (Fig. 2a) of an AGV’s computing platform. The
period of peak utilization, which corresponds to maximum task
concurrency in the simulation, directly translates to a peak
power consumption of nearly 140W. This increased utilization
results in a corresponding increase in power consumption for
each component, as depicted in Fig. 2a. It shows a trend where
power consumption is a non-linear function of workloads. This
approach accounts for the significant power consumption of
the computing platform, a critical optimization factor often
overlooked in the analyzed related works. Specifically, for the
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Fig. 3. Performance for different configurations.

configuration with 40 services and 7 tasks per service in Sce-
nario 1, the power consumed by the CPU and GPU averages
50.4% of the total computational platform power consumption,
demonstrating the importance of these parameters.

Fig. 3 includes performance for different configurations. The
trade-off between EC and SAR is depicted in Fig. 3a for
Scenario 1, where it can be seen that EMSPA outperforms
RS for both metrics. Specifically, EMSPA achieves mean
EC reductions of 0.68%, 1.31%, and 1.72% for 3, 5 and
7 task per service, respectively, with values up to 2.09% in
the configuration with 5 AGVs, 60 services and 7 tasks per
service, demonstrating an increasing trend with the number of
tasks per service due to order statistics effect. The significance
of this improvement is particularly relevant when considered
in absolute terms, given the relatively large share of power
consumption associated to processing in AGV platforms.
Fig. 3a also depicts the performance in terms of SAR. For
EMSPA, the service acceptance rate is 100% across all con-
figurations, while RS suffers from resource fragmentation and
constraint violations, particularly under high load. As system
load increases, the probability of all AGVs being occupied
with loading tasks is higher due to resource fragmentation.
Thus, constraint (13i) cannot be met, since AGVs can only
host one loading task at a time, leading to a lower SAR for RS.
This finding is consistent with results in Fig. 1a. On average,
EMSPA outperforms RS in terms of SAR by 0.98%, 5.61%
and 11.89% for 3, 5 and 7 tasks per service, respectively.

Fig. 3b presents FC and SAR evaluations, respectively,
for Scenario 2. According to this figure, FC' decreases as
the number of AGVs increases. This indicates that EMSPA’s
power-saving decisions become more effective with system
scaling, since the availability of additional AGVs provides
EMSPA greater flexibility in placing new tasks to mini-
mize overall energy use. Thus, EMSPA becomes increasingly
successful in finding energy-efficient placements as system
complexity and scale grow, resulting in a less than proportional
increase in total EC. EMSPA achieves mean EC savings
over RS of 0.45%, 0.80%, and 1.16% for 3, 5, and 7 tasks
per service, respectively, with differences up to 2.34% in the
configuration with 7 AGVs, 40 services and 7 tasks per service.
Consistently with the results in Fig. 1b, for a scenario with 3
AGVs, EC is lower for RS than for EMSPA, when resource
saturation is higher, as seen in configurations with 5 and 7
tasks per service. For other configurations, the positive EC gap
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Fig. 4. Performance efficiency (I") evaluation.

between EMSPA and RS decreases for an increasing number
of AGVs, as total energy consumption becomes dominated by
AGYV idle power consumption. Since excess energy required
to execute tasks is relatively small compared to their baseline
consumption, both algorithms produce increasingly similar
EC for configurations with a higher number of AGVs. Similar
to Scenario 1, potential EC savings increase with the number
of tasks per service.

As the number of AGVs increases, SAR also improves
for EMSPA and RS, as depicted in Fig. 3b. However, the
performance gap between EMSPA and RS decreases as the
number of AGVs increases. For a low number of AGVs,
EMSPA achieves load balancing, yielding additional free
space across AGVs to place the services, in contrast to RS,
which leads to blocking with higher probability. However, as
the number of AGVs increase, RS achieves a similar SAR
compared to EMSPA for over 7 AGVs configurations, thanks
to the additional resource availability to host the services.
Similar to Scenario 1, in Scenario 2, the performance gap
between EMSPA and RS increases with the number of tasks
per service. On average, EMSPA outperforms RS in terms of
SAR by 2.70%, 8.02%, and 16.09% for 3, 5, and 7 tasks per
service, respectively.

Performance efficiency (I') evaluations are given in Fig. 4a
and Fig. 4b for Scenario 1 and Scenario 2, respectively,
demonstrating that EMSPA outperforms RS for all configu-
rations. In Scenario 1, EMSPA obtains higher performance
efficiency values than RS, showing higher joint efficiency re-
lated to SAR and EC, across all the configurations. However,
performance efficiency slowly decreases with the number of
services; intuitively, this is due to an increase in EC and
a decrease in SAR for a higher number of services relative
to available resources, according to the results in Fig. 3a,
respectively. In Scenario 2, EMSPA also outperforms RS in
terms of performance efficiency. This result is consistent with
the findings in Fig. 3b, where it can be observed that the
EC decreases with an increasing number of AGVs; and SAR
converges to its maximum as the number of AGVs increases.
In the 3 AGVs setup with 5 and 7 tasks per service, despite
the enhanced EC performance of RS over EMSPA, the per-
formance efficiency in Fig. 4b indicates a better performance
of EMSPA. This result holds for configurations with five and
seven AGVs. However, for configurations of over seven AGVs,
EMSPA and RS yield comparable values of I', due to similar
outcomes in terms of SAR and EC. However, EMSPA still
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achieves and improved I' over RS.

Fig. 5a and Fig. 5b evaluate EMSPA against QASDMS
in terms of processing power ratio for a variable number
of services and AGVs, respectively. The processing power
ratio measures the fraction of the total power consumed by
the AGVs dedicated to active processing tasks. For both
scenarios, EMSPA consistently outperforms QASDMS, as it
activates fewer AGVs, reducing idle power consumption. This
makes EMSPA more efficient in reducing processing power
and optimizing AGV utilization. The trends in processing
power ratio for EMSPA are consistent with the EC' shown in
Fig. 3a and Fig. 3b, as both metrics are driven by the system
workload and AGVs computational capacity. In Scenario 1,
higher workloads lead to increased processing power and total
power consumption, exhibiting a similar trend. In Scenario 2,
although processing power consumption decreases with the
number of AGVs for both EMSPA and QASDMS, QASDMS
activates more AGVs than EMSPA, leading to a higher pro-
cessing power ratio. Specifically, EMSPA’s processing power
ratio is on average 58.94%, 62.52%, and 63.14% lower than
QASDMS in Scenario 1 for 3, 5, and 7 tasks per service,
respectively. In Scenario 2, EMSPA outperforms QASDMS
by an average of 60.33%, 65.0%, and 66.37%, respectively,
for the same number of tasks per service.

C. Execution Time Costs

The performance of EMSPA is computed with respect to RS
through numerical evaluation in terms of total execution time,
which is presented in Fig. 6a and Fig. 6b for Scenario 1 and
Scenario 2, respectively. Both EMSPA and RS exhibit similar
completion times across configurations.

This is expected, as EMSPA primary objective is not to
minimize completion time, and the inherent randomness in



8 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED NOVEMBER, 2025
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

task processing durations and AGV movement for loading
operations introduces variability in the completion times for
both algorithms. However, the results indicate an average in-
crease in EMSPA with respect to RS of 0.34% for Scenario 1,
attributed to the additional processing overhead required by
EMSPA for each task placement decision. Results from Sce-
nario 1 show a lineal increase in total execution time as the
number of services is scaled, which demonstrates EMSPA’s
low complexity. Fig. 6b shows that Scenario 2 also exhibits
an increasing trend in completion time with a greater number
of tasks per service, although the number of AGVs does not
significantly impact the overall simulation completion time.
Although a higher number of AGVs leads to a higher service
acceptance rate, the dynamic arrival of services can still result
in increased completion times. Consequently, the completion
times remain quite similar for simulations with the same
number of tasks per service, regardless of the number of
AGVs. For Scenario 2, the time taken by EMSPA is on average
0.63% higher than for RS. QASDMS outperforms EMSPA
in completion time under non-saturated scenarios, with mean
and maximum reductions of 0.25% and 2.29%, respectively,
in Scenario I; and of 0.12% and 2.20%, respectively, in
Scenario 2, demonstrating the favorable trade-off between
energy and time efficiency achieved by EMSPA. QASDMS
incurs higher times when the system reaches saturation, in
exchange for increased SAR; in such scenarios, EMSPA
achieves the most favorable efficiency in terms of energy and
time efficiency.

VII. CONCLUSION

This work proposed EMSPA, a service placement approach
for multi-AGV systems considering loading and processing
tasks under dynamic task arrivals. The algorithm was designed
to enhance energy efficiency while satisfying computational
and communication constraints. Simulation results show that
EMSPA outperform a RS method, achieving up to 2.34%
lower normalized energy consumption compared to RS and up
to 16.09% improvement in service acceptance rate. Further,
compared to the QASDMS approach, EMSPA reduced the
processing power ratio by over 58.94% at a cost of less
than 2.29% increase in completion time. These results vali-
date EMSPA as an effective energy-aware service placement
solution for heterogeneous multi-AGV environments. Future
work will extend EMSPA toward global optimization, by
incorporating batch-based task placement as well as predictive
knowledge about future task arrivals, leading to an increased
global system performance.
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