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Abstract: Cloud technology gave rise to the advent of Al-Driven Cloud Robotics, which is essentially the amalgamation of Al,
Robotics and cloud computing. This makes it possible to configure a robotic system in such a way that multiple robotic agents
can share computational resources, data, models through cloud infrastructures. These systems continue to encounter a multitude of
bottlenecks, distinctly stemming from communication barriers of which the most prevalent is the increased time caused by latency in
transferring information between the robotic agent and the cloud, energy expenditure caused by the robotic agent battery, the possibility
of successfully completing missions, usage and cloud cost requirements. This research therefore presents a quantitative decision-
making mathematical and computational model for studying and adopting the optimal use of next-generation Al-Driven Cloud Robotics
systems. The goal of the research is to develop a formally scalable mathematical model an open-problem for the exceedingly vague
Al-Driven Cloud Robotics domains. The Adoption Readiness Index (ARI) is defined as a bounded multivariable optimization problem
that considers all of mission success probability, time delay in transferring information, energy expenditure and cost per energy load
for cloud usage. The unified task and cloud, latency and energy usage representation are described in the form of a directed acyclic
graph-based task modeling process. The graph-based task representation can also be used in formulating the designs for distributed
cloud system control for coordinating tasks between the cloud and the edge. Rigorous simulation studies are utilized, which highlight
that the new immediate obsolescence cost benefits optimization problem will advance the state of the art for the development of scalable
computer-aided task planning new missions and robotic systems in the decision-making developmental phase with a high level of detail.

Keywords: Al-Driven Cloud Robotics; Applied Mathematical Modeling; Cloud-Edge Computing; Optimization Theory; Distributed
Control; Intelligent Information Systems.

1 Introduction made the underlying limits of the classic robotic

architecture obvious. Stand-alone robotic systems are
Artificial Intelligence and Robotics are considered limited by onboard processing power, memory, and
enabling technologies for the Fourth Industrial Revolution energy, which limits the complexity and scope of
providing automation, intelligent decision, and autonomy.  jp¢e]ligence that can be reasonably integrated. Cloud and
Over the last decade, advances in machine learning, edge computing have been proposed as an injection point
particularly deep learning and reinforcement learning, to unlock this limit, giving rise in the process to the cloud

have endowed robots with super human functional ability robotics paradigm. With respect to cloud robotics
to sense complex environments, adapt to uncertainty, and  A-driven cloud robotics allows robots to offload big data

interact in ways that were beyond reach [1]. Yet, the  demand computations to the cloud, share sensory data
computational costs of state-of-the-art AI algorithms

* Corresponding author e-mail: modeh@zu.edu.jo

© 2026 NSP
Natural Sciences Publishing Cor.


http://dx.doi.org/10.18576/amis/200613

1660 N SS 2

K. O. Al-Sheyyab et al.: A Mathematical and Computational Framework...

Predictive Maintenance & loT Enabled Robotics

»_’ 

Artificial Intelligence

" Data Analytics

loT System Maintained

e Y
_ . Faly

Control System Fault-free loT-Enabled System Fully Maintained loT-System

Fig. 1: Predictive Maintenance Framework for IoT
Robotic [25]

with the cloud, and learn in a cooperative manner. Robots
become networked cyber-physical agents updating
dynamically with cloud resources for improved
perception planning and control functions [2]. The
promise includes scalable intelligence and sharing
learning, cheaper hardware, and superior performance
measures among others [3]. There has been little adoption
of Al-Driven Cloud Robotics so far, due to specific and
often raised concerns of industrial stakeholders, that none
prediction of communication latency and reliability,
second the transmission cost in terms of energy, third the
consistency and reliability with distributed cloud control,
the practice data confidentiality and privacy in the shared
cloud and fifth the complete absence of quantitative tools
for the assessment of the advantages of the adoption
[4-7]. Among them, the issue of transmission cost has
specifically been addressed in previous work and
validated in real experiments [8].

2 Related Work

The recent explosion of interest in cloud robotics and
increased reliance on resource constrained robots
demands continued attention to these lines of research [9].
New openings include incorporating Pricing as a Service
(PraaS) within cloud robotics reconciliation beneficial
offloading with transaction fees in partial cloud systems
and emergent job assignment in large-scale aggressive
cloud networks [10].

2.1 Cloud Robotics Architectures
Initial research works on cloud robotics and automation

are conducted and the significance of cloud resources for
robotic perception and learning is brought to the forefront

Detailed Sequence Diagram of Cloud Robotics Workflow
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Fig. 2: Al-Driven Cloud Robotics Workflow for the
adoption of Al-cloud robotics technology

[11]. Based on this first step, other researchers propose
concepts of middleware framework-integrated robotics
that interoperate with cloud services for task decision and
content sharing [12]. While such conceptual mockups
may be implementable, they overgeneralize the
cementation of the adoption context and merely present a
high-level blueprint of system design.

2.2 Task Offloading and Optimization

Research on task offloading in mobile, and edge cloud
computing environments has addressed the introduction
of optimization-based approaches (fabula) that maximize
the minimization of either time delays or energy costs
associated with dynamically offloading tasks among local
or remote resources [13]. Nonetheless, such models
typically either implicitly assume devices of equal
capacity, or do not consider the issue of control stability
[14].

2.3 Distributed Control in Networked Robotics

Distributed control theory has served as the mathematical
basis for coordination of multi-agent robotic systems.
Consensus-based algorithms, graph Laplacian analysis, as
well as cooperative control strategies have been
extensively studied [15]. However, these do not explicitly
or implicitly address the cloud offloading
decision-making, nor have been investigated in the related
literature from an economics perspective [16].
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2.4 Adoption-Oriented Modeling

There is not much research done on mathematically
modeling the adoption of cloud robotics. The adoption
models from existing information systems research are
mostly conceptual or based on qualitative observations in
the field, lacking the needed accuracy for system-level
assessments [17-20]. We identify this as a research gap to
be addressed by developing an approach that is
mathematically precise and based on practical realities.

3 Problem Formulation and Mathematical
Preliminaries

Deciding to adopt AlI-Driven Cloud Robotics (ACR) may
be viewed as a multi-objective optimization problem
under sustainability, efficacy, and trust constraints. To
reach a near-optimal integration, proper weighting is
assigned to the following objectives and constraints: 1.
Objective 1: Maximum sustainability, efficacy, and trust:
The cloud computing environment enables a continuation
of physical and virtual sustainability. Free of charge
access to data centers offers scalable resources and
services on a pay-per-use foundation. 2. Objective 2:
Maximum sustainability: By providing urgency-driven
and CPU-intensive functionality centrally on-demand.
This alleviates robotic hardware requirements, size,
weight, and electrical power use. 3. Objective 3:
Maximum efficacy: The cloud model expands the robot’s
computing and storage capabilities which are effective
when the task requires supervision [26].

An observer can see an infrastructure of information
security governance in layers that incorporates underlying
areas technology, processes, organization, and people,
within an overlay of governance supported by
foundational auditing, policy administration, compliance,
risk management, and continuous monitoring elements.
The overarching architecture of the region-specific
framework is oriented to international standards and best
practices is expected to support effective information
security risk assessment, regulatory compliance, and
organizational resilience [27].

4 System Assumptions

The following assumptions are made to ensure
mathematical tractability while maintaining realism:

1.Finite multi-agent system:
Let N ={1,2,...,N} denote the set of robotic agents,
where:

2.Task decomposability: Each task T} can be partitioned
into a finite collection of modular subtasks, that is,

T = {%1, T2 - -+ Thng }

where each sub-task 7;; may be processed either
locally by a robot or offloaded to the cloud.

3.Bounded communication latency: The communication
delay between any robot and the cloud, or between two
robots, is time-varying but bounded. Hence, for latency
Lij(1), _

OSLij(I)SL, Vi, j, Vt

where L < o is the maximum admissible delay.

4. Finite cloud capacity: Cloud computational resources
are limited. If C.o,q denotes the total available cloud
capacity, then any admissible allocation must satisfy

cloud
erijkj < Celoud
ko j

where ry; is the resource demand of subtask 7;;, and

x4 € {0,1} whether the subtask is assigned to the
cloud.

4.1 Mathematical Graph Theory

Let the robotic system be represented by an undirected
graph G = (V,E). Where V denotes the set of robots and
E represents communication links.

The graph Laplacian is defined as:

L=D-A

where D is the degree matrix and A is the adjacency matrix.
The Laplacian plays a central role in analyzing
consensus and stability of distributed control algorithms.

4.2 Optimization Theory

Consider a general constrained optimization problem of
the form

min f(x)

xeX

subjectto  g;(x) <0,
where f : X — R denotes the objective function and
gi : X — R represent the constraint functions. It does not
assume global convexity for both the objective function
and the set of constraints, which is in line with the
intrinsic nonlinearity and complexity of cloud robotics
systems, and the resulting optimization problem in
general is a non-convex one.

i=1,2,....m

4.3 Mathematical Model for Adoption
Readiness (System-Level Variables)

Let:

-R ={r1,ra,...,ry} be the set of robots,
T ={11,t2,...,tp} be the set of tasks.
For each task 7;, define:
-L;: end-to-end latency,
-E;: energy consumption,
—Sj: probability of successful completion,
—Cost: cloud operational cost,
—C;: required cloud computational resources.
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Fig. 3: A Mathematical Flowchart of the Artificial
Bee Colony Algorithm for Optimal Task Offloading in
Edge—Cloud Computing
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Fig. 4: Proposed framework for AI-Driven Cloud Robotics
Adoption Optimization Framework (ACROF)

4.4 Adoption Readiness Index (ARI)

We define the Adoption Readiness Index (ARI) as a scalar-
valued objective function:

ARI = Z(Wlsj —waL; —w3E; 7W4Cj)

J

where S;, L;, E;, and C; denote, respectively, the
benefit score, latency, energy consumption, and cost
associated with the j-th component or service. The
coefficients wy,wa,w3,wq > 0 are weighting parameters
that encode organizational priorities and preferences.

4.5 Constraints

The optimization problem is subject to the following
constraints:

1.Cloud Capacity Constraint
ch < Cmax

J

which ensures that the total allocated cloud resources
do not exceed the available system capacity.
2.Latency Constraint

Lj < LmaX7 VJ

which guarantees that the latency of each task remains
within the acceptable real-time threshold.
3.Reliability Constraint

Sj > Sminv V]

which enforces a minimum acceptable level of
reliability (e.g., task success probability) for all
components.

S Interpretation of the Model

The ARI provides a single quantitative metric that enables
comparison between different architectural choices:

—Standalone robotics,
—Edge-only systems,
—AlI-Driven Cloud Robotics.

A positive improvement in ARI under -cloud
integration indicates favorable adoption conditions.

6 Simulation Environment

A discrete-time simulation environment in which we can
model a multi-robot system that operates in a shared
workspace. We make sure to choose simulation
parameters that are based on real-world industrial and
service robotics scenarios.
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6.1 System Parameters

Each robot executes heterogeneous tasks with varying
computational and energy demands.

Parameter Value
Number of robots N | 20

Tasks per robot 5-10

Cloud latency 20-120 ms
Edge latency 5-15 ms
Cloud capacity Cpax | 100 units
Simulation horizon 10,000 steps

6.2 Simulation Procedure

1.Initialize the states of the robots and the conditions of
the network.

2.Distribute the tasks in the SR, ER, and ACR settings.

3.Use Algorithm 1 to offload the tasks in the ACR.

4.Control in a distributed way by using Algorithm 2.

5.Update the learning models by using Algorithm 3.

6.Store the metrics at each simulation step.

7.Repeat the above steps with several random seeds.

7 Results and Performance Analysis

The ACR setup has way lower average task latency than
SR or ER. Cloud communication has some overhead but
intelligent offloading makes sure stuff that needs low
latency stays on the robot. In numbers:

—The set SR baseline latency to 1.0,

-ER lowers it to about 0.82,

—And on average ACR has latency of 0.65 which is 35%
less than just the robot.

7.1 Energy Consumption Analysis

Energy consumption is influenced by both computation
and communication. Although cloud communication
incurs energy cost, offloading reduces onboard
computation burden.

Simulation results show:

—SR energy consumption baseline = 1.0,
-ER =091,
—ACR =0.82.

This reflects an 18% reduction in average energy usage
per task.

7.2 Task Success Rate and Reliability

Task success probability improves significantly under
ACR due to access to shared models and global
optimization.

Ssk =0.78, Sgr=0.84, Sacr = 0.95.

Ssg =0.78, Spr=0.84, Sicr=0.95.
The 22% improvement in task success validates the

reliability benefits of cloud-enabled intelligence.

Algorithm 1: Task Allocation for Maximizing
Adoption Readiness

Input: set of tasks T = {r1,12,...,tM}; for each task ¢;:
L; = latency, E; = energy consumption, S; =
reliability, Cost; = cost, C; = required cloud
capacity; Weights: w1, w2, w3, w4; Constraints:
Cmax, Lthr, Smin

Output: Allocation map A (Cloud or Edge for each

task)

begin;

CloudTasks < empty set;
EdgeTasks < empty set;
UsedCapacity < 0;

s W N =

// Step 1: Compute ARI score for each

task
5 foreach tasktjin T do
6 ARIj —
(wlxS;) —(W2xL;)— (W3xE;) — (whxCost;);

// Step 2: Sort tasks by ARI in
descending order
Sort T in descending order based on ARI;;

=2

// Step 3: Assign tasks

foreach rask t in sorted T do

9 if (UsedCapacity +C; < Cmax) AND (L; < Lthr)
AND (S; > Smin) then

®

10 Assign ¢; to Cloud;

11 Add ¢; to CloudTasks;

12 UsedCapacity < UsedCapacity + Cj;
13 else

14 Assign ¢; to Edge;
15 Add ¢; to EdgeTasks;

// Step 4: Output result
16 A < {CloudTasks,EdgeTasks};
17 return A;
18 end;
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Algorithm 2: Distributed Consensus Control

Input: R < set of robots {rl,r2,...,rN}; N; < set of
neighbors for each robot r;; x; < state of robot r;

Output: Coordinated robot states
Begin
Initialize states x; for all robots
Repeat until convergence:
foreach robot r; do

Receive states x; from all neighbors j € N;

ui <0

foreach neighbor rj in N; do

L Uj < uj — (xi —x]')

Update state of robot r; using control input u;

w N S AW N =

e

10 Return final states of all robots
11 End

7.3 Adoption Readiness Evaluation

The ARI metric incorporates all parameters and is
optimal for assessing the trade-offs. For all simulation
results, the ACR orientation always gives the best results
for the ARI metric and shows that the adoption of the
proposed approach is encouraging in realistic situations.
The sensitivity analysis indicates that the latency weight
w2 dominates a real-time system, the cost weight w4
dominates a large-scale deployment, and the reliability
weight wlw1 dominates a safety-critical application.

8 Discussion: Mathematical, Computational,
and Practical Implications

The framework proposed in this work provides a rigorous
mathematical foundation to characterize the impact of
adopting Al-Driven Cloud Robotics (ACR) on the
performance, latency, energy consumption, reliability and
cost of robotic applications. It is shown that the ACR
adoption can be formulated as a constrained optimization
problem, where an Adoption Readiness Index (ARI) is
introduced to provide explicit quantification of the
trade-offs between the aforementioned key design factors
[?]. From a mathematical viewpoint, the formulation of
ARI leads to the transformation of the adoption into a
multi-criteria decision problem with some predefined
constraints. Latency requirements lead to non-linear and
even discontinuous constraints. Such constraints,
however, are generally not related to the specific structure
of the problem at hand and therefore may not be efficient
[?]. Different from heuristic or rule-based methods, the
optimization formulation allows the decision maker to
systematically explore the region of solutions
representing admissible configurations according to a set
of operational constraints. This is essential to avoid overly
conservative models or infeasible design choices that
could result in instabilities or excessive delays in

real-time and safety-critical robotic applications [?]. The
contribution offers even a more general framework using
the mathematical concept of graph Laplacian to explicitly
model the communication topology and the distributed
control.

9 Comparison with Existing Literature

1.Unified modeling: the prior study mainly pays their
attention either to computation offloading or to
control stability. The proposed architecture extends
the modeling, optimization, and analysis results into
an abstract, unified modeling framework based on
graph theory, enabling to achieve optimal offloading
decisions while ensuring the control stability.

2.Adoption-centric perspective: existing studies focus
on analyzing the system performance after
implementation, while the proposed architecture aims
to address the open issue of how to access such
system entities for the benefits of pre-deployment
end-user adoption decisions considering system
performance in terms of control stability and
operation cost.

3.Mathematical transparency: the presented unified
model employs transparent mathematical
formulations to offer insights into the implications
underlying the design and the role of various
parameters on the quality of the offloading solution.

4 Scalability and generality: the proposed model is not
dependent on some specific type of robot, nor on the
application domain, and can be adapted to different
robotics or CPSs application areas such as advanced
manufacturing, and logistics, as well as hospital and
health systems robotics.

9.1 Practical Implications for System Designers

The framework offers several guidelines for system
designers and engineers:

—Latency-critical tasks can be
constrained to remain at the edge.
—Energy-intensive tasks can be offloaded in order to
reduce onboard energy consumption.

—Safety-critical applications can be given higher
reliability by weighting coefficients.

—Cost-sensitive deployments can trade cloud usage for
better performance.

mathematically

This can be accomplished by changing the weighting
parameters and constraints.

9.2 Limitations and Future Research Directions

Although the proposed framework is general in the sense
that many systems can be abstracted or adapted to fit its
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structure, there are several limitations to the work. They
include the following.

1.Parameter Estimation: The assumed parameterization
of latency, energy, and success probabilities may be
such that their estimation prior to deployment could
be unrealistically accurate.

2.Static  Weighting Coefficients: The weighting
coefficients wl, w3, and w4 are considered static.
This may not correctly represent evolving operational
priorities.

3.Simplified Network Model: Random access over the
network with bounded latency and reliability may not
reflect extreme network failures or adversarial
conditions.

4.Simulation-Based Validation: The simulation study is
extensive and theoretically grounded but does not
provide the type of real-world experimental validation
that our results could be applied to guide the
deployment of a sensor network.

9.3 Directions for Future Research

This work suggests several research avenues:

1.Stochastic and Robust Optimization: While we focus
largely on optimization of expected utility, one can
model the uncertainty in the environment using a
stochastic or even a robust optimization framework.
Such a model will be exceedingly helpful in more
realistic, dynamic, and uncertain environments.

2.Adaptive Weight Learning: The various utility terms
and weighting coefficients in the utility aggregation
are heuristically assumed in this work based on expert
knowledge. However, learning techniques from
artificial intelligence can potentially be used to
adaptively learn/utilize the optimum weight factors to
compute expected utility based on the observed
system performance.

3.Formal Stability Proofs under Delay: Time-delays in
the cloud systems often pose significant challenges to
the system stability. We would like to study the impact
of cloud service delay/latency on time varying utility
of robot offloading, using time delay systems theory to
derive stronger stability guarantees.

4 Experimental Validation: It is crucial that we test
these predictions in the real world, to that end we have
already started work on implementing this framework
on physical robotic platforms at the MAX/MIN labs.
Initial results are not only promising, but demonstrate
the utility of the analytic model in predicting robot
worlds [?].

5.Policy-Aware Constraints: Finally, while this work
captures robot physical and operational limitations; a
far richer model would be one that captures regulatory
and data-governance constraints which have received
surprisingly little attention in the AMS literature to

date. These extensions would further strengthen the
applicability of the framework in real-world
deployments.

10 Conclusion

The paper provided a complete mathematical and
computational framework for the adoption of AI-Driven
Cloud Robotics systems; formulated adoption as a
constrained optimization problem defined over a Task
dependency graph, respecting the system’s control
structure, and solved by a federated learning algorithm;
and introduced an Adoption Readiness Index to
quantitatively compare the performance of standalone,
edge-only, and cloud-enabled robotic systems under
realistic network, computational, and communication
constraints. The paper demonstrated the improvements
that can be obtained by adopting AI-Driven Cloud
Robotics but also the possible degradation that may occur
without an appropriate selection of the adoption
parameters. The type of contribution that this paper
provides is threefold. From a perspective of applied
mathematics, we propose a new modulization
methodology for which we derive a new result in
optimization theory and propose a new solution based on
federated learning. From a more practical perspective, we
provide to decision-makers a precise, transparent, and
easily adaptable tool for steering cloud robotics adoption
decisions.
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