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Abstract: Advanced manufacturing systems increasingly require robotic automation that synchronize production processes, 

while considering energy consumption and cyber-physical security. This study presents an integrated optimized robotic process 

automation and business process management (ORPABPM) framework for secure and energy-efficient Industry 5.0 

manufacturing. The framework connects business-process modelling and task orchestration with physical robot control, 

industrial monitoring, adaptive learning, and execution feedback. Its energy-efficient automation for robotics (EEAR) 

algorithm identifies energy-intensive operations and optimizes task scheduling and resource allocation, while the robotic 

adversarial threat detection (RATD) algorithm monitors sensory inputs and planning behavior to detect and mitigate blind-

spot and planner attacks. The framework was evaluated on a hybrid hardware-in-the-loop manufacturing testbed integrating a 

programmable logic controller, CNC machinery, an industrial Internet of Things adaptor, Rockwell Automation RSEmulate, 

SimKit, and MATLAB. Experiments covered workloads of up to 72,000 tasks and assessed execution accuracy, energy 

consumption, throughput efficiency, and attack-induced error. The complete framework achieved 99.3% task-execution 

accuracy, completed up to 46,000 tasks while consuming 135 kWh, and maintained approximately 95% throughput efficiency 

at 40,000 completed tasks. Under blind-spot and planner attacks, the corresponding error rates were limited to 0.035% and 

0.053%, respectively. These results indicate that jointly integrating process intelligence, energy-aware scheduling, and 

adversarial-threat detection can improve the operational efficiency and resilience of cyber-physical robotic manufacturing 

systems. 

Keywords: Optimized robotic process automation; business process management; energy-efficient automation; secure 

industrial robotics; intelligent automation. 

 

1. INTRODUCTION 

Business operations are intricate processes that can 

significantly benefit from the utilization of specialized 

management tools [1]. Business process management has 

emerged as a prominent discipline encompassing 

methodologies, strategies, and resources for the design, 

implementation, management, and analysis of business 

processes [2]. Cost reductions, more flexibility, time 

efficiency, improved quality, and operational sustainability 

are among the several advantages associated with BPM [3]. 

Nevertheless, more robust answers are required due to the 

challenges presented by the volatility of the global market 

and the complexities of modern corporate management [4]. 

Despite the presence of advanced management technologies, 

their effective utilization often requires a comprehensive 

understanding of internal processes, which typically involves 

human involvement [5-6]. Moreover, no singular strategy or 

technology will guarantee success, compelling firm 

executives to continually seek and develop improved 

solutions [7]. Successful business implementation integrates 

three critical elements: people, process, and technology. 

BPM effectively integrates these elements by using 

technology as a supporting tool rather than a transformative 

force, aligning process design with strategic business 

objectives, and relying on human participants for 

implementation [8]. Automation has become imperative for 

reducing costs and minimizing human errors as industrial 

improvements influence all facets of daily life [9–12]. In this 

context, efficient robotic process automation utilizes the 

existing automation capabilities of BPM [13–14]. Robotic 

process automation (RPA) facilitates automation without 

necessitating significant alterations to foundational systems 

or processes, as it replicates user actions using graphical user 

interfaces [15-16]. The application of appropriate RPA 

techniques is essential for optimizing operations and 
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minimizing company expenses [17]. RPA is effective for 

tasks characterized by low-skilled labor that are susceptible 

to human error [18]. Such solutions enhance process 

accuracy and compliance while conforming to established 

organizational standards. Additionally, RPA improves the 

flexibility, scalability, and adaptation of systems, which is 

essential for workflow optimization. This optimization is 

crucial as it allows organizations to respond to market 

fluctuations and operational demands with enhanced agility 

[19]. Despite the numerous enhancements provided by RPA, 

its implementation may prove challenging. These factors can 

undermine the potential benefits of RPA programs, including 

unrealistic expectations and issues with managerial 

communication [20]. Therefore, to circumvent these issues 

and attain the intended enhancements in organizational 

productivity and process efficiency, these technologies must 

be implemented with a definitive, strategic approach. 

Despite advances in robotic process automation and business 

process management, existing approaches primarily focus on 

deterministic software bots and structured workflows. Their 

integration typically supports process modelling, workflow 

orchestration, compliance, and repetitive interface-level 

automation but provides limited support for cyber-physical 

environments involving robots, sensors, programmable logic 

controllers, industrial machines, and enterprise systems. 

Consequently, physical robotic control, real-time telemetry, 

energy-aware task allocation, adaptive policy learning, and 

adversarial-threat mitigation Consequently, we generally 

handle physical robotic control, real-time telemetry, energy-

aware task allocation, adaptive policy learning, and 

adversarial-threat mitigation as separate functions. as 

separate functions. This fragmentation prevents existing 

approaches from jointly optimizing business objectives, 

robotic execution, resource utilization, energy consumption, 

and the integrity of sensory and planning data. Also, most 

current frameworks don't offer integrated protection against 

blind-spot and planner attacks that can change how robots 

see, act, and make decisions. 

To address these limitations, this study proposes 

ORPABPM, a closed-loop cyber-physical framework that 

integrates BPM-guided process design with robotic control, 

continuous monitoring, adaptive learning, energy-efficient 

execution, and adversarial-threat detection. The energy 

efficient automation for robotics (EEAR) algorithm detects 

energy intensive processes and optimizes task scheduling 

and resource allocation. The robotic adversarial threat 

detection (RATD) algorithm detects and mitigates attacks 

against sensory inputs and planning decisions. Execution 

feedback is continually fed back to the learning-adaptation 

component to update control policies and improve 

subsequent decisions. Thus, ORPABPM allows coordinated 

optimization across the business-process and physical-

execution layers, jointly accounting for performance, energy 

and security requirements. Fig. 1 shows the proposed 

architecture with business-process intelligence, secure and 

energy-efficient robotic execution, closed-loop feedback, 

adaptive learning and human supervision. 

Fig 1. Architecture integrating business process intelligence, security-aware automation, energy-efficient execution, closed-

loop feedback, and human-in-the-loop supervision 

 

1.1. PAPER ORGANIZATION 

The rest of this paper is organized as follows: 

Section-2 highlights the most important aspects of the 

present contributions in the related work. Section-3 provides 

the problem formulation for an efficient integration. Section-

4 describes the planned integration of BPM and ORPA, as 

well as the integration methodology. Section-5 shows the 

results of the experiments. Section-6 covers the benefits and 
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drawbacks of the proposed work. Finally, section-7 

summarizes the entire work. 

1.2. RESEARCH CONTRIBUTIONS 

Keye contributions of this article are summarized as follows: 

▪ Optimized robotic process automation with business 

process management is ensured by employing an end-

to-end process algorithm that helps in real-time 

monitoring of the task assignment and task delivery.  

▪ The robotics for business automation is performed using 

five phases: strategic design, strategic business 

modelling, robot control, robot monitoring for 

automation data, and efficient customer experience. 

These processes ensure business automation and 

enhance the energy efficiency of robotic automation. As 

a result, energy is preserved, and the task completion 

process is optimized across various operational contexts. 

▪ The energy efficiency is confirmed using energy-

efficient automation for robotics (EEAR), an algorithm 

that automates the business tasks. The EEAR involves 

the following steps: identification of energy-intensive 

process, analysis of current workflows, design of ORPA 

solution, ORPA implementation in a live environment, 

monitoring, and evaluation. 

▪ By integrating ORPA with BPM, our approach 

significantly reduces management-related expenses and 

accelerates business operations. The efficacy of this 

integration is validated by a systematic problem-

formation process, which highlights its capacity to 

revolutionize automatic business process management 

to ensure enhanced performance, functionality, and cost 

efficiency. 

▪ The robotic automation process often fails because of 

two prevalent attacks: planner and blind spot. The 

RATD algorithm effectively addresses these attacks, 

enhancing system security by identifying and mitigating 

them in real time. The RATD algorithm oversees and 

modifies the robot's sensory inputs and decision-making 

mechanisms, ensuring maximal efficiency and 

robustness against adversarial threats. This addition 

significantly enhances the durability and robustness of 

robotic automation across diverse applications. 

 

2. RELATED WORK 

This section delineates current state-of-the-art 

methodologies. Sgarbossa et al. [21] demonstrates how one 

of the typical and challenging management and control 

issues is the logistics system. The warehouse's rationale is 

well-explained, and this helps to explain why it uses less 

time, energy, and money than it needs to. Additionally, the 

significance of contemporary technologies such as radio-

frequency identification (RFID), the Internet-of-Things 

(IoT), and artificial intelligence (AI) is discussed. However, 

no implementation of these emerging technologies is 

provided. Al-Talib et al. [22] introduced IoT-based smart 

warehouse management systems (ISWMS). This method 

aids in enhancing the systems' real-time visibility, 

responsiveness, and efficiency as well as in preventing 

counterfeiting and inventory shortages. However, the 

proposed system is limited to the monitoring process.  Žunić 
et al. [23] proposed the application of AI for the warehouse 

control and management system (AIWCMS). The stock 

management, initial product allocation, stock-to-choosing 

zone transfer procedure, order picking, transport, and 

tracking operations are all supported by the AI-based 

application for optimal management. However, the proposed 

application focuses on digitalization management support, 

but no physical support is provided. Tan et al. [24] improved 

the effectiveness of the management system, increase 

production, and save costs, a thorough, in-depth review of 

current literature is recommended. The present issues with 

the examined papers' deployment of RFID-IoT in the supply 

chain are also explored in this work. Four key SCM 

viewpoints have been used to develop the conceptual 

framework model: product development, shipping and 

distribution, inventory, and retail store.  Bazza et al. [25] 

introduced a model-driven architecture method for robotic 

real-time business intelligence applications | This study 

presents a Model-Driven Architecture (MDA) methodology 

to facilitate robotic-based real-time business intelligence. 

The framework facilitates automation, real-time data 

integration, and effective decision-making by integrating 

robotics into business intelligence platforms. The authors 

illustrate how the proposed method enhances 

responsiveness, diminishes latency, and facilitates dynamic 

business operations. Concentrating on the design and 

implementation of an MDA framework for robotic-driven 

real-time business intelligence, emphasizing its advantages 

for automation and decision-making. Patrício et al. created 

an RPA-AI architecture in 2025 for Industry 5.0, automating 

rule-based business operations with AI for data analysis and 

smart decision-making. The platform automates human-

machine communication to improve business operations and 

digital transformation. It automates structured and 

unstructured data processing and AI decisions. Human-

centric automation, operational efficiency, manual labor, and 

error reduction improve in Industry 5.0. AI-RPA integration 

may require considerable infrastructure and technological 

skills. System functionality and framework evaluation 

require high-quality data and industry validation. A 

knowledge-intensive adaptive business process management 

framework for dynamic business processes was presented by 

Kir and Erdogan (2021) [27]. The framework handles 

knowledge-driven tasks that require human competency and 

context for decision-making and process execution. BPM 

changes knowledge and processes.  The framework 

improves process management by modeling complicated 

knowledge-based occupations and adapting processes to 

changing business conditions. Decision-making, process 

adaptability, and complex, unanticipated task management 

rise. Conceptual process modeling and adaptive management 

go beyond industrial experiments and execution. Tsang et al. 

(2024) explain that RPA has the potential to digitize supply 

chains and logistics. RPA automates logistics duties that are 



 

8  

based on rules, such as the synchronization of enterprise 

system data, inventory updates, shipment tracking, and order 

processing. While supporting corporate infrastructure, 

logistics information systems, and RPA agents automate data 

management and process execution. Data entry by software 

robots expedites supply chains. Efficiency is enhanced 

through the implementation of supply chain automation. 

Reduced operational errors, expedited information transfer 

through the logistics platform, and reduced human 

interaction. Productivity is enhanced through the 

implementation of real-time data processing and supply 

chain coordination. RPA facilitates digital transformation by 

automating operations without requiring system 

modifications. Setting up logistics RPA is a challenging task. 

Complex supply chain frameworks may be impeded by 

unstructured corporate activities and data types. The 

implementation process may be impeded by technical 

updates for legacy system integration. Complex judgment 

and unstructured decision-making cannot be automated by 

rules. Research and implementation are necessary to scale 

RPA and influence large-scale logistics. Ivanov [29] 

described the Industry 5.0 framework as a combination of 

resilience, sustainability and human-centricity. The study 

highlighted the need for next-generation manufacturing 

systems to find a balance between operational performance 

and workforce participation, environmental responsibility 

and resilience to disruptions. This perspective provides an 

important strategic foundation for sustainable and human-

centred industrial automation. However, the framework is 

primarily conceptual and does not provide an executable 

architecture that connects business-process management 

with physical robotic control, energy-aware task allocation, 

adaptive learning, and adversarial-threat mitigation. 

Ataka and Sandiwan [30] developed a robot-navigation 

method based on deep reinforcement learning. Their 

approach enabled a mobile robot to learn navigation 

behaviour through repeated interactions with its environment 

and reward-based policy improvement. The results 

demonstrated the ability of reinforcement learning to support 

adaptive robot control under changing environmental 

conditions. Nevertheless, the method focuses on robot-level 

navigation and does not consider enterprise workflows, 

business-process constraints, industrial energy consumption, 

cybersecurity threats, or coordination between BPM 

decisions and robotic task execution. Hosseini and Hahn [31] 

experimentally investigated the energy consumption of a six-

degree-of-freedom UR3e industrial robot during trajectory 

planning. They showed that the energy consumption of 

robots depends on the robot’s trajectory and movement 
parameters . The authors also stressed the need for obtaining 

experimental data on the energy consumption of robots. 

However, the analysis concentrates on the motion and 

trajectory of an individual industrial robot. It does not 

connect energy measurements with business-process 

selection, multi-stage workflow orchestration, task 

allocation, operational throughput, attack resilience, or 

adaptive policy improvement. Alharthi and Brandão [32] 

examined physical and digital adversarial attacks against 

grasp-quality networks used in robotic manipulation. Their 

results showed that adversarial perturbations can change the 

grasp predictions and compromise the reliability of the 

learning-based robotic operations. However, it only provides 

grasp-quality prediction and does no integrated defence 

mechanism for business-enabled robotic automation.  

Schlegel et al. [33] investigated the factors influencing the 

successful implementation of robotic process automation 

projects. They identified organizational, technical, 

managerial and process-related factors influencing RPA 

adoption and business-process automation results in their 

analysis. The study is useful in planning and management of 

software-based automation initiatives. However, it mostly 

considers software robots and enterprise business processes, 

and does not consider physical industrial robots, 

programmable logic controllers, sensor-based control, 

learning-based adaptation, energy-aware execution, or 

robotic adversarial attacks. Collectively, existing studies 

have advanced Industry 5.0, learning-based robotic control, 

energy-aware robotics, adversarial robotic security, and 

business-process automation. However, these capabilities 

are generally investigated independently rather than as 

interconnected components of an industrial automation 

system. Existing approaches do not provide unified 

coordination between enterprise-level business processes 

and physical robotic execution. They also offer limited 

support for jointly optimizing task accuracy, energy 

consumption, operational throughput, and security under a 

common control framework. Energy management methods 

concentrate on trajectories of single robots. Learning-based 

methods optimize behavior of robots without considering 

business objectives and workflow constraints. Similarly, 

robotic-security studies generally address specific perception 

or manipulation attacks without examining their effects on 

energy efficiency, workflow completion, and operational 

continuity. Current solutions are mainly designed for 

software robots and provide insufficient support for physical 

robots, industrial sensors, programmable logic controllers, 

adaptive control policies, and real-time attack mitigation. 

Therefore, a significant research gap remains in developing 

a closed-loop architecture that integrates business-process 

modelling, physical robotic control, continuous monitoring, 

energy-efficient execution, adaptive learning, and 

adversarial-threat mitigation. The proposed ORPABPM 

framework addresses this gap by combining BPM-guided 

robotic automation with EEAR-based energy optimization, 

RATD-based security, and feedback-driven policy 

adaptation. The proposed method also provides energy 

efficiency using five processes (strategic design, strategic 

business modeling, robot control, robot monitoring for 

automation data, and efficient customer experience). Table 1 

lists the characteristics and limitations of current approaches. 

processes. 
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TABLE I.  Contemporary contributions of existing studies of business process management 

Approaches Study Focus Core Approach 
Application 

Context 

Evaluation 

Method 

Real-Time 

Automation 

Energy-

Efficiency 

Consideration 

Security/Reliability Key Strengths Limitations/Gaps 

Nalgozhina et 

al. (2022) [2] 

Robotics in 

business 

processes 

Robotics–BPM 

integration 

Enterprise 

automation 

Empirical 

observations 
Partial 

Partial; reported 

efficiency gains 
Not addressed 

Integrates 

robotics with 

BPM and 

improves 

process 

efficiency 

Lacks scalable 

implementation, 

intelligent 

adaptation, and 

integrated security 

Sgarbossa et al. 

(2020) [21] 

Logistics-

system 

challenges 

Conceptual 

logistics 

framework 

Logistics and 

supply-chain 

management 

Conceptual 

discussion 
No Not addressed Not addressed 

Identifies the 

need for 

automation 

technologies in 

logistics 

No operational 

implementation or 

robotic-control 

validation 

Al-Talib et al. 

(2021) [22] 

Smart-

warehouse 

management 

IoT-based 

monitoring 

Smart 

warehouses 

System 

proposal 
Partial Partial Limited 

Improves 

warehouse 

visibility and 

responsiveness 

Focuses mainly on 

monitoring; lacks 

adaptive robotic 

execution 

Žunić et al. 
(2020) [23] 

AI-supported 

warehouse 

control 

AI-assisted 

decision support 

Warehouse 

operations 

System-level 

evaluation 
Partial Not addressed Limited 

Supports stock 

management, 

picking, 

transport, and 

tracking 

No physical 

robotic 

integration, 

security 

evaluation, or 

energy 

optimization 

Tan et al. (2019) 

[24] 

RFID–IoT use in 

supply chains 

Literature 

review and 

conceptual 

model 

Supply-chain 

systems 

Systematic 

literature 

review 

No Not addressed Limited 

Provides 

comprehensive 

analysis of 

RFID–IoT 

applications in 

SCM 

Does not provide 

an executable 

operational 

framework 

Bazza et al. 

(2020) [25] 

Robotic real-

time business 

intelligence 

Model-driven 

architecture 

Business 

intelligence 

Framework 

validation 
Yes Partial Limited 

Enables real-

time robotic 

business 

intelligence and 

data integration 

Not designed for 

BPM-wide 

automation, 

energy 

optimization, or 

robotic security 
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Patrício et al. 

(2025) [26] 

RPA–AI 

integration for 

Industry 5.0 

AI-enabled 

robotic process 

automation 

Intelligent 

enterprise 

automation 

Framework 

evaluation 
Partial Not addressed Limited 

Supports 

intelligent 

process 

automation and 

human–machine 

collaboration 

Requires high-

quality data and 

infrastructure; 

limited physical-

robot and 

industrial 

validation 

Kir and 

Erdoğan (2021) 
[27] 

Knowledge-

intensive 

adaptive BPM 

Knowledge-

based adaptive 

process 

management 

Dynamic 

business 

processes 

Conceptual 

framework 
Partial Not addressed Not addressed 

Supports 

context-aware 

decision-making 

and process 

adaptation 

Does not address 

physical robotic 

control, energy 

efficiency, or 

adversarial attacks 

Tsang et al. 

(2024) [28] 

RPA in logistics 

and supply-

chain 

digitalization 

Rule-based 

software 

automation 

Logistics and 

supply chains 

Application-

oriented 

analysis 

Yes Partial Limited 

Automates order 

processing, 

inventory 

updates, 

tracking, and 

enterprise-data 

synchronization 

Limited handling 

of unstructured 

decisions; difficult 

legacy-system 

integration and 

large-scale 

deployment 

Ivanov (2023) 

[29] 

Human-centric, 

sustainable, and 

resilient 

Industry 5.0 

Viability-based 

Industry 5.0 

framework 

Manufacturing 

and supply-

chain systems 

Conceptual and 

theoretical 

analysis 

No 

Sustainability 

considered at 

strategic level 

Resilience 

considered 

conceptually 

Integrates 

human-

centricity, 

sustainability, 

and resilience 

Does not provide 

an executable 

robotic-control, 

BPM, energy-

management, or 

security 

architecture 

Ataka and 

Sandiwan 

(2023) [30] 

Learning-based 

robot navigation 

Deep 

reinforcement 

learning 

Mobile-robot 

navigation 

Simulation-

based 

evaluation 

Yes Not addressed Limited 

Enables 

adaptive 

navigation 

through reward-

based learning 

Does not consider 

BPM objectives, 

industrial 

workflows, energy 

consumption, or 

cyberattacks 

Hosseini and 

Hahn (2024) 

[31] 

Industrial-robot 

energy 

consumption 

Experimental 

trajectory-

energy 

estimation 

UR3e industrial 

robot 

Physical 

experimental 

evaluation 

Yes 
Directly 

addressed 
Not addressed 

Provides 

experimentally 

measured 

energy 

consumption for 

Does not integrate 

energy 

optimization with 

BPM, adaptive 

learning, 
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robot 

trajectories 

throughput, or 

security 

Alharthi and 

Brandão (2024) 

[32] 

Adversarial 

attacks on 

robotic grasping 

Physical and 

digital attacks 

on grasp-quality 

networks 

Robotic 

manipulation 

Physical and 

digital attack 

experiments 

Yes Not addressed 

Directly evaluates 

adversarial 

vulnerability 

Demonstrates 

the effects of 

adversarial 

attacks on 

robotic grasp 

prediction 

Does not provide 

BPM integration, 

energy analysis, 

workflow-level 

protection, or 

closed-loop 

mitigation 

Schlegel et al. 

(2024) [33] 

Successful RPA 

project 

implementation 

Organizational 

and technical 

factor analysis 

Business-

process 

automation 

Empirical 

analysis 
Partial Not addressed 

Organizational 

reliability 

considered 

Identifies 

managerial, 

organizational, 

process, and 

technical 

success factors 

Focuses on 

software robots; 

lacks physical 

robotic control, 

energy 

optimization, 

adaptive learning, 

and adversarial 

security 

Proposed 

ORPABPM 

Secure, adaptive, 

and energy-

efficient 

business-

enabled robotics 

Integrated 

ORPA–BPM, 

EEAR, RATD, 

and feedback-

driven learning 

Industry 5.0 

manufacturing 

Hybrid 

hardware-in-

the-loop 

evaluation, 

ablation study, 

and statistical 

analysis 

Yes 

Directly 

optimized using 

EEAR and 

tasks/kWh 

Blind-spot and 

planner-attack 

mitigation using 

RATD 

Unifies BPM, 

physical robotic 

execution, 

adaptive 

learning, energy 

optimization, 

real-time 

monitoring, and 

security 

Requires broader 

multi-industry and 

full-scale physical 

deployment 

validation 
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3. PROBLEM FORMULATION FOR EFFICIENT 

INTEGRATION 

In this section, we delineate the mathematical model 

employed in designing a class of robots, denoted as R, tasked 

with the surveillance of extensive populations and the 

automation of diverse business operations, denoted as O. The 

model specifies the need for bidirectional capability in these 

robots, ensuring comprehensive monitoring in a full 360-

degree scope. The operational parameters defining R's 

surveillance and business process automation functions are 

articulated herein. This includes a set of functions that enable 

the robot to execute business tasks depicted in Figure 2, 

which illustrates various applications of robotics in logistics 

and industrial settings, each demonstrating robots' roles 

within an enterprise resource planning (ERP) system. The 

top portion of the figure shows three different robots engaged 

in transporting tasks within distinct environments: a 

warehouse (a), a narrow storage aisle (b), and an office (c). 

Each robot is equipped to handle tasks suitable for its 

environment, ranging from carrying single large boxes to 

managing multiple packages on a trolley. To mathematically 

encapsulate a model that integrates both spatial and 

functional variables for a robot capable of omnidirectional 

monitoring and managing automated business activities, we 

must define a system that includes components for both 

positional control and task execution capabilities.  

Let 𝑥(ݐ) be the position vector in a three-dimensional space, 

representing the robot’s special coordinates at time ݐ, and ݂(ݐ)  be a vector of functional states or conditions that 

represent the robot's operational status or task-specific 

metrics at time t. This includes variables like operational 

mode, task completion status, energy levels, etc. The control 

input vector is (ݐ)ݑwhich influences both the robot's position 

and its functional states. This might include translational and 

rotational velocities for movement and signals or commands 

for task operations. The dynamics of the robot that integrate 

spatial and functional variables can be modeled using 

coupled differential equations that represent the evolution of 

both types of variables under the influence of the control 

input 𝑥′(ݐ) = (ݐ)𝑥ܣ + (ݐ)′݂ (1)                                (ݐ)𝑥ܤ = (ݐ)݂ܣ +  (2)                             (ݐ)ݑ݂ܤ

Where 𝑥′(ݐ) and ݂′(ݐ) are the derivatives of the spatial and 

functional vectors, respectively, representing the rate of 

change of these variables, ܤ𝑥  and ݂ܤ  are matrices that 

define how the control inputs affect the spatial and functional 

variables. 

We can get simultaneous control and monitoring of the 

robot’s position and functional capabilities, providing a 
comprehensive framework suitable for tasks that require 

both mobility and specific operational actions. The control 

inputs (ݐ)ݑcan be designed to achieve desired positions and 

functional outcomes, thus supporting complex tasks like 

omnidirectional monitoring and automated business 

management. The coupling between 𝑥(ݐ) and ݂(ݐ) via the 

control input (ݐ)ݑ  emphasizes the integrated approach to 

managing both spatial and functional aspects, ensuring that 

the robot can adapt dynamically to the demands of its 

environment and tasks.  The structure of Equation (2) 

provides a robust theoretical foundation for developing 

advanced robotic systems capable of versatile operations in 

complex environments, such as those found in modern 

business or industrial settings. We may utilize the process 

that takes into consideration the overall amount of available 

space as well as the spatial requirements of each robot to 

determine the maximum number of robots that can be 

arranged inside a certain area or scope. In settings like 

manufacturing floors, warehouses, or other places where 

maximizing space usage is essential, this is very helpful. 

Let us assume that ܣ௥ be the area required by a single robot. 

This includes the robot's physical footprint plus any 

additional space needed for maneuvering or operational 

safety. The total area required by the robots ܣ௧  can be used 

to distribute. The packing efficiency of the system is η, 
which accounts for the practical aspects of arranging robots 

in a given space. This can include the geometry of space, the 

shape of the robots, and any necessary access lanes or buffer 

zones between robots. η typically ranges from 0 to 1, where 
1 represents perfectly efficient packing. Thus, the maximum 

number of robots ܰ௠௔௫  that can be placed in the available 

area can be estimated by the following equation: ܰ௠௔௫ = .ߟ⌋ ௥ܣ⌊௧ܣ                                                      (3) 

This equation (3) provides a straightforward method to 

estimate the maximum number of robots that can be 

efficiently arranged within a specific area. Adjusting ߟ 

allows for consideration of less-than-ideal conditions, such 

as irregular room shapes or additional space needed for robot 

operations beyond their physical footprint. 

Equation (3) is particularly useful in the planning and layout 

phases of facility management, ensuring that the space is 

used efficiently while accommodating all necessary robotic 

equipment. This method can be adapted or refined based on 

specific operational requirements or constraints, such as 

varying robot sizes, the inclusion of dynamic spaces for robot 

movement, or different robot shapes that might affect the 

packing density. To describe the two-dimensional movement 

of a robot and to calculate the distance between two robots, 

we need two sets of equations: one for the kinematic 

description of the robots' positions over time and another for 

the Euclidean distance between their positions at any given 

time. For each robot, assume it moves in a two-dimensional 

plane described by ݃  and  ℎ  coordinates. Let's denote the 

positions of Robot 1 and Robot 2 at time 1ݐ  as  (ݐ)1݌ ,(ݐ)1݃}= ℎ1(ݐ) }  and (ݐ)2݌ = ,(ݐ)2݃} ℎ2(ݐ) }  respectively. 

Thus, the kinematic equations for robot-1 and robot-2 can be 

determined as follows: 

Robot-1: ݃1(ݐ) = ݃1, 0 + ,1ݒ ݃. ݐ + 12ܽ1 , ݃. =(ݐ)ℎ1  &&  2ݐ ℎ1 , 0 + ,1ݒ ℎ. ݐ + 12ܽ1 , ℎ                      (4) 

Robot-2: 
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(ݐ)2݃ = ݃2, 0 + ,2ݒ ݃. ݐ + 12ܽ2 , ݃. =(ݐ)ℎ2  &&  2ݐ ℎ2, 0 + ,2ݒ ℎ. ݐ + 12ܽ2 , ℎ.  (5)               2ݐ

Where ݃௥ , 0 and ℎ௥ , 0 are the initial coordinates of the robot ݎ at the time ݐ = ௥ݒ ,0 , ݃௥ and ݒ௥ , ℎ௥ and the components of 

the initial velocity of the robot ݎ, and ܽ௥ , ݃ and ܽ௥ , ℎ are the 

acceleration components of the robot ݎ. 

The distance between two robots should be calculated. Thus, 

the distance ݀(ݐ) between the two robots at any time ݐ can 

be calculated using the Euclidean distance formula in two 

dimensions: ݀(ݐ) = (ݐ)2݃}√ − 2{(ݐ)1݃ + {ℎ2(ݐ) − ℎ1(ݐ)}(6)            2 

The equation (6) calculates the straight-line distance between 

the two points described by the robots' coordinates at time ݐ. 

The kinematic equations (4) and (5) describe how each robot 

moves over time, considering their initial positions, 

velocities, and accelerations in the plane. The distance 

equation (6) is crucial for tasks such as collision avoidance, 

formation control, or coordination between robots, as it 

provides a dynamic measure of separation between the 

robots. Thus, monitoring ݀(ݐ) over time helps in enforcing 

safety protocols, ensuring optimal spacing for task 

efficiency, or maintaining formation in tasks involving 

multiple robots. To formulate an equation that captures the 

high-dimensional probability ℎܲ  used to define a bi-

directional robot operating in an environment with multiple 

people and various objects, we can consider the probability 

as a function of the robot's capability to interact effectively 

and safely with both humans and objects in the environment. 

 

Fig 2. Closed-loop Industry 5.0 framework for intelligent 

monitoring, adaptive path planning, and robotic material-

handling operations 

 

This interaction is bi-directional in the sense that the robot 

needs to both influence and adapt to the environment based 

on the actions of the people and the presence of objects. The 

robot must be capable of both responding to changes in the 

environment caused by humans and objects and initiating 

actions that humans and objects must react to. This 

probability measures the likelihood that the robot can 

successfully navigate and manipulate within its environment 

without causing disruptions or accidents, considering the 

complex and dynamic nature of the environment. 

Let us assume the factors that influence the high-dimensional 

probability ℎܲ  of the robot that requires the sensory 

capabilities of the robot ܵ , which enables it to perceive 

humans and objects accurately. The cognitive capabilities of 

the robot ܥ௥ is of paramount significance, as it reflects the 

robot’s ability to make decisions based on sensory input. The 

responsiveness of the robot ܴ௘ can improve the ability of the 

robot to act on cognitive decisions effectively. The 

environmental complexity ܧ௖ plays an important role, which 

includes the number of people, the density and diversity of 

objects, and the overall dynamism of the environment. Thus, 

probability can be modeled as follows: ℎܲ = ݂(ܵ, ܴ௘, ௖ܧ ,  ௥)                                             (7)ܥ

where ݂  is a function that combines these factors into a 

single probability measure. A possible specific form of this 

function, assuming independence of factors for 

simplification, could be: ℎܲ = .ߙܵ)݂ .ߚ௥ܥ ܴ௘ߛ. ݁−ா೎ఋ)                                 (8) 

Where ߙ, ,ߚ ,ߛ ߜ  are coefficients that weigh the relative 

importance of each factor, ݁−ா೎ఋ  reflects the impact of 

environmental complexity, and ߜ  is a parameter that 

determines how quickly ℎܲ  decreases with increasing 

complexity ܧ௖. 

Equation (8) helps in designing and programming robots for 

environments like factories, warehouses, or public spaces 

where multiple human-robot interactions and object 

manipulations occur simultaneously. It also guides the 

development of AI and machine learning models for robots, 

emphasizing the enhancement of sensory, cognitive, and 

responsive capabilities relative to the complexity of the 

operating environment.  

To model a complex and high-dimensional probability for a 

nonlinear process involving the interaction between a robot 

and a business environment, we can conceptualize a process 

that integrates multiple pathways or interactions and breaks 

them down into sub-intervals for detailed analysis. This can 

be particularly useful in understanding and optimizing the 

intricate dynamics of robot-business interactions over time 

and space. 

The high-dimensional probability should be required to 

measure the likelihood of successful interactions ℎܲௗ  

between the robot and various elements of the business 

environment, factoring in the complex, nonlinear nature of 

these interactions. The robot needs pathways ௥ܲ  that 

represent different interaction routes or operational 

sequences that the robot can undertake within the business 

environment. Thus, high-dimensional probability for the 

likelihood of successful interactions ℎܲௗ  can be modeled as 

a product of conditional probabilities across all pathways and 

their respective sub-intervals: ℎܲௗ = ∏௜=1௡ (∏௝=1௠೔ p௜௝∣D௜௝  )                                    (9) 

Equation (9) is particularly useful for simulation and 

planning in advanced robotics applications, where 
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interactions with a dynamic business environment are crucial 

for operational success. It aids in predicting and enhancing 

the overall effectiveness of robotic systems within complex 

and variable business settings. 

Here, ݊  denotes total pathways under consideration, ݉௜  is 

the number of sub-interval points in each pathway of the 

robot, Dij represents dynamics at each sub-interval point ݆ in 

pathway ݅, reflecting the interaction complexity and decision 

requirements, p௜௝  is the probability that the robot 

successfully navigates the interaction at the sub-interval 

point ݆  in pathway ݅ ,  and ∏௝=1௠೔  calculates the joint 

probability of success across all sub-intervals in a single 

pathway. 

For a robotic system that monitors business activities, the 

process that captures the dynamic interactions and 

requirements across multiple nodes, such as distribution and 

destination points, while accounting for the robot's physical 

characteristics, should be constructed.  

Let us assume there are the two critical nodes Nd and Nsin 

the system, where Nd is the distribution node, and Ns  is the 

destination node. The physical weight of the robot Wr 

influences its operational efficiency and capability. Thus, 

minimal familiarity level Fmin  is required for the ease of 

operation that the robot achieves when interacting with 

business activities, particularly when activities are relocated. 

The link strength Li,j quantifies the strength of connectivity 

or interaction between the robot positioned at node i  and 

business activity at node j. 
To express the system's performance SP, which depends on 

these nodes and the robot's characteristics, we can develop a 

function that integrates these variables: ܵ௉ = ∑ ݅, ݆ ∈ {݀, .௜,௝ܮ{ݏ )௠௜௡ܨ ௥ܹ ,  ௜௝)                       (10)ܨ

where  ݅, ݆  iterate over the nodes ݀  (Distribution) and ݏ 

(destination), ܮ௜,௝ is the strength of the link between nodes ݅ 
and ݆ (which could involve data or material transfer, and is 

influenced by the robot's efficiency at these nodes), ܨ௜௝ is the 

familiarity level at nodes ݅  and ݆  (which adjusts based on 

whether business activities are relocated opposite to the 

robot’s position), and ܨ௠௜௡( ௥ܹ , (௜௝ܨ  is a function that 

combines the robot’s weight and the familiarity level. This 
could be defined as ܨ௠௜௡( ௥ܹ , (௜௝ܨ = ி೔ೕௐೝఛ  where ߬  is a 

parameter that determines how weight impacts performance. 

The business monitoring activity enhancement process Ϋ can 

improve efficiency and can be determined as follows: Ϋ= 11 + ݁−Ԓ.(௉−்)                                                   (11) 

Here, Ԓ is a scaling factor that adjusts the sensitivity of the 

monitoring response, ܶ  is a threshold that defines the 

expected performance level for adequate monitoring, and ݁−Ԓ.(௉−்)  is an exponential function that models the 

responsiveness of the system based on the performance score ܲ. 

 

Equation (11) helps in optimizing the placement and 

operational parameters of robots to enhance monitoring and 

automation processes in a business environment. This 

approach is particularly useful in logistics, warehousing, and 

other sectors where precise and efficient robot deployment is 

critical to operational success. The variable monitoring time 

for each robot ݐ௥,௜  based on its weight, data transmission 

rates, and the complexity of the activities can be determined 

as follows: ݐ௥,௥ = ௔௖௧௜௩௜௧௬ܥ . ௥ܴ௦௘௡ௗݓ . ܴ௥௘௖௩ , .ݎ ௥ɠܨ                                     (12) 

Here, (ݐ௥,௥)  variable time allocated for robots to monitor 

specific business activities, ௔௖௧௜௩௜௧௬ܥ   is the measure of the 

complexity of the business activities being monitored, which 

influences the monitoring time required, ܨ௥  is a parameter 

that quantifies the range of functions each robot performs, 

influencing the allocation of monitoring time, and ɠ  is a 

scaling factor that adjusts the influence of the robot's 

functionality on its monitoring time. 

We may combine these individual times, adjusted by the data 

rates, into a system-level monitoring efficiency ௦ܶ௬௦௧௘௠  to 

capture this relationship for all robots in the ORPABPM 

system: 

௦ܶ௬௦௧௘௠ = ∑ ( ௔௖௧௜௩௜௧௬ܥ . .௥ܴ௦௘௡ௗݓ ܴ௥௘௖௩ , .ݎ ௥ɠ)்ೃܨ
௜=1                      (13) 

where ோܶ is the number of robots in the system. 

If we also consider the efficiency of data handling in the 

system, which might depend on the collective data 

throughput and individual robot contributions, we can 

introduce a data efficiency factor (η):  η = 11 + ݁−ώ(∑ ோೞ೐೙೏.ோೝ೐೎ೡ,௜.ி೔ೌ೅ೃ೔=1 )                       (14) 

where ώ  is a parameter adjusting the sensitivity of the 

system to deviations in data rates from a threshold. 

Combining the monitoring times with the data efficiency 

factor, the overall system efficiency can be modeled as: System Efficiency = η ⋅ ∑ ( ௔௖௧௜௩௜௧௬ܥ . ௜ܴ௦௘௡ௗݓ . ܴ௥௘௖௩ , ݅. ௜௔)்ೃܨ
௜=1         (15) 

To formulate a detailed process that determines the cost of 

deploying robots in a business environment, considering the 

variety of tasks they perform, their weights, and the amount 

of data they manage, we can consider a comprehensive 

model that includes several factors affecting costs. The cost 

of installation (ܴ௖,  includes the cost of the robot itself and (ݎ

the setup cost. The physical weight of the robot ( ௥ܹ) may 

affect the cost due to materials and transport. It requires a 

functionality score (ܨ௥) , which quantifies the range and 

complexity of tasks performed by the robot ݎ . The robot 

should have data handling capacity ܦ௥  that is the amount of 

data the robot ݎ  can process or manage, which affects 

operational efficiency  ܧ௥  and maintenance costs ܯ௥. Thus, 

the cost for each robot can be modeled with a balance that 

incorporates these variables, reflecting both initial and 

ongoing costs: 
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ܴ௖ , ݎ = ௕ܥ) + ௪ܥ . ௥ܹ + .௙௨௡௖ܥ ௥ܨ + ௗ௔௧௔ܥ . ௥ܦ + ௖௢௣ܥ . +௥ܧ ௠௔௜௡௧ܥ .  ௥)                                     (16)ܯ

where ܥ௕  is the base cost of the robot, and ܥ௪ ௙௨௡௖ܥ , ௗ௔௧௔ܥ , , ௢௣ܥ   and ܥ௠௔௜௡௧  are cost-efficient for weight, 

functionality, data handling, operational efficiency, and 

maintenance, respectively. ܭ is a scaling factor to adjust the 

overall cost estimate to current market or economic 

conditions.  

To determine the total cost of installing all the robots 

required to monitor business operations, we sum the 

individual costs: ܴ஼,௧௢௧௔௟ = ∑ ܴ௖,௥்ೃ
௜=1                                              (17) 

Considering volume discounts or efficiency gains from 

deploying multiple robots, we can introduce a discount factor 

Ð that reduces the total cost based on the number of robots: ܴ஼,௧௢௧௔௟ = Ð(݊). ௕ܥ)ܭ}∑ + .௪ܥ ௥ܹ + ௙௨௡௖ܥ . ௥ܨ + .ௗ௔௧௔ܥ ௥்ೃܦ
௜=1+ .௖௢௣ܥ ௥ܧ + ௠௔௜௡௧ܥ .  ௥)}                  (18)ܯ

where Ð(݊) is a function that decreases with increasing ݊n, 

reflecting economies of scale. 

We can obtain a detailed method for estimating the cost of 

deploying robots to monitor business operations, considering 

various factors that affect both initial and ongoing expenses. 

It allows businesses to plan financially for the deployment of 

robotic systems, considering the complexities and benefits of 

such investments. This comprehensive approach ensures that 

all relevant costs are factored into the decision-making 

process, optimizing the balance between performance, 

functionality, and cost. 

To synthesize these metrics into a single process that 

provides a composite measure of expected outcomes ܧ𝑥௢ , 

we can use a weighted sum approach where each dimension 

is assigned a weight reflecting its relative importance: ܧ𝑥௢ = ாܹ . ܧ + ஼ܹ . ௦ܥ + ோܹ . ܴ + ௉ܹ . ௥ܲ + ஽ܹ . ௦ܦ       (19) 

Where ாܹ , ஼ܹ , ோܹ , ௉ܹ ஽ܹ  are weights assigned to 

efficiency, cost savings, reliability, process improvement, 

and decision support, respectively. These weights should sim 

0 to 1 to normalize the outcome measure, and E, Cs, R, Pi, Ds 

are the normalized scores for each dimension. It provides a 

comprehensive assessment of the expected outcomes from 

implementing an ORPABPM system by integrating key 

performance metrics. It helps stakeholders understand the 

overall impact of the system in quantifiable terms, guiding 

decision-making about further investments and operational 

adjustments in the ORPABPM strategy. This approach 

allows for flexibility in emphasizing different aspects of 

performance according to business needs and can be adapted 

over time as those needs change. 

 

4. PROPOSED INTEGRATION OF SECURE ROBOTIC 

PROCESS AUTOMATION WITH BUSINESS PROCESS 

MANAGEMENT  

The ORPABPM encourages organizations to view 

themselves as a collection of highly integrated processes. 

The ORPABPM comprises architecture and stages for 

integration of BPM and ORPA. 

▪ ORPABPM architectural Design  

▪ ORPABPM optimization process 

 

4.1. ORPABPM ARCHITECTURAL DESIGN 

We present a comprehensive architecture designed to 

seamlessly integrate ORPA with BPM systems, achieving an 

optimal operational state for ORPA systems. This 

architecture serves as the technological bedrock for 

facilitating connections between ORPA and BPM, 

simplifying the fusion of ORPA processes into the broader 

organizational structure. The capability to invoke ORPA 

functions directly from a BPM platform is a current 

technological reality, with this integration revealing the 

particularities of their interaction. Beyond its utility in 

refining business processes, BPM forms a critical bridge 

linking organizational goals with customer expectations, 

managing processes from start to finish with finesse. The 

architecture unfolds across three distinct but interconnected 

strata, as illustrated in algorithm 1. The base stratum consists 

of the technical infrastructure, which not only enables the 

automated execution of tasks but also equips the system with 

the necessary IT provisions to support higher-order 

functionalities. Ascending to the middle stratum, there is a 

focus on process-level operations with tools for real-time 

monitoring, ensuring that inputs are received and handled 

with immediacy. The zenith of this structure is the strategic 

tier, where behavior analysis transpires, drawing on key 

performance indicators to refine and guide the overarching 

business strategy. Collectively, these layers form a robust 

framework that not only streamlines process execution but 

also aligns it with strategic business outcomes, thereby 

enhancing organizational agility and performance. 

 

Algorithm 1: End-to-end process for effective 

management using BPM 

1. Initialization: {Tl:technical level; Pl: Process 

level; Bl:behavioral level; AO: Automated 

operation; Rtm: Real-time monitoring, Ba: 
behavioral analysis; T: Task; ∀Tt 

2. Input: {Tl, Pl, Bl} 

3. Output: {AO, Rtm, Ba} 

4. Set T  

5. Activate BPM  

6. For T = 0; T ≤  ∀Tt; T + + 

7.        Process AO = Tl ⇚ T 

8.       If AO ≅ γ then 

9.           Process Rtm = Pl ⇚ T 

10.        End if 

11. If Rtm ≅ γ then 

12.     Process Bl = Ba ⇚ T 

13. End if 

14. End for 

15. Return T 
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Algorithm-1 illustrates an efficient end-to-end management 

method. Step-1 sets the variables that will be utilized by 

algorithm-1. Steps 2-3 depict the input and output processes. 

Step 4 demonstrates how to deliver tasks to the model, after 

which tasks will be assigned. Steps 5-7 depict the activation 

process of the BPM model, and tasks are passed to the first 

level of BPM (technical level) to be processed automatically. 

If an automated operation process is completed, tasks are 

completed at the process level and real-time monitoring is 

undertaken, as described in steps 8-10. Steps 11-14 illustrate 

how the behavioral level process is launched, and activities 

are processed for behavioral analysis. Finally, at step 15, the 

tasks are fully accomplished.   

The main goal of setting up a software robot for a business 

is to determine what kinds of workflows should be 

automated. It implies that the process must be repeatable and 

determinable using human rules. because it might not harm 

a company's whole IT solution. For instance, it is simple to 

switch off the "robot" and adjust the automated steps if the 

workflow must be changed or a new one is to be established. 

As a result, the cost of production is significantly falling 

while operational performance is increasing. Since neither 

approach can completely replace the other, both are widely 

employed in digital transformation initiatives and are built 

for automation. BPM offers a more thorough method by 

enabling integration with other outside technologies. ORPA, 

in contrast, is best used for automating repetitive operations 

because it is not intended for a specific application. BPM is, 

in a larger sense, the ongoing activity of recording, 

deciphering, assessing, and enhancing the processes that 

direct a company's everyday operations. Implementation 

specifics should be contained in BPM abstractions to prevent 

a significant amount of development work each time a 

business wishes to automate an ORPA operation. Therefore, 

the goal of this part is to present an architecture that enables 

the methodical integration of ORPA and BPM systems. A 

system that serves as a link between the BPM and ORPA and 

domains is specified by the integrated architecture. Without 

requiring human involvement, the system enables the 

creation and execution of a robotically automated task within 

the course of an increased business process. Configured 

process models should only provide the specification of the 

process to automate, not the actual implementation. Because 

of this, process designers simply need to define the inputs 

and outputs of an activity and need not worry about 

technological specifics. The system architecture adheres to 

the following principles assuming that both ORPA and BPM 

systems are already configured separately and capable of 

functioning on their own: It is non-invasive since neither of 

the separate systems' functionality is restricted. Additionally, 

architecture is not dependent on any one BPM or ORPA 

provider. 

The use of robots with BPM can improve the performance of 

business processes as depicted in Figure 3, which 

demonstrates the comprehensive view of how optimized 

robotic process automation integrates into various stages of 

a product lifecycle managed by an enterprise resource 

planning (ERP) system. Robots improve safety and 

productivity by automating physically hard and precise 

activities, starting with the extraction of raw materials. The 

next step of the process is manufacturing, where robots 

improve quality control and production speed. Robots help 

with the transportation stage of the manufacturing process, 

which simplifies distribution and logistics. Robots help in the 

use and reuse phase of the lifecycle, ensuring that products 

are maintained and effectively reused, increasing their 

lifespan. Finally, robots sort and process waste materials 

during the disposal and recycling stage, maximizing 

recycling efforts and supporting sustainable practices. 

 

Lemma 1: Integration of robots with business automation 

makes faster event cycle time for achievable outcomes. 

 

Proof: The simultaneous analysis of robot and business-

level performance is possible by merging discrete and 

continuous models within the integrated business.  The 

process of integration results in a state change and dynamic 

activity. Before beginning the continuous dynamic 

simulation, signal conversion from event-based to time-

based is required, along with input parameters. The order of 

actions or programs to be run in each state defines the 

dynamic robot inputs for industrial equipment. 

A robot initiates the event ܴ௘  in the discrete model that 

activates both transitions from 1ݐ to 2ݐ and dynamic model 

instigation (set ϑ=0) concurrently. During the stochastic 

period Š, the robot event monitoring system (REMS) sends 
back the transition to the state 1ݐ. The procedure continues 

until deterministic time ϑ∆Š . Let us assume that the 

integration of robots with business automation is a single 

input event ܴ௘௩ resulting in continuous and discrete outputs. 

The discrete output of the robot ܴௗ௢  is a vector ὕ 

representing the event's cycle time. The time-series vectors 

of the robot denoted by the matrices ύ1  and ύ2  are the 

continuous outputs that provide achievable outcomes. Thus, 

the discrete output of the robot can be calculated as follows: ܴௗ௢ = ⌈ܴܵ௘ ⌉ ύ1 = ⌈݇௜௡(1), . . . , ݇௜௡(ϑ)⌉  ύ2= ⌈݇௦௩(1), . . . , ݇௦௩(ϑ)⌉                       (20) 
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Fig 3.  Integrated ORPA–BPM architecture for ERP-centric robotic automation across the closed-loop product 

 

where, ܴܵ௘ is the number of input events, ݇௜௡ is the constant 

input vector for business automation, and ݇௦௩ is the constant 

state variable vector for the robot 

Figure 4 shows an architectural design for incorporating 

ORPA into BPM. It focuses on the many components and 

their interactions inside the system. The process is initiated 

at the top of Figure 4 by the architectural design for ORPA 

in BPM. The process starts with the design phase, which is 

overseen by design participants. These individuals are in 

charge of developing the blueprint for the business 

processes. The process generator (illustrated on the left) 

feeds into the vault, which serves as a repository for process 

definitions. The process engine uses these definitions to 

carry out business processes. The integrator at the bottom 

guarantees that various system components along with 

applications communicate easily via the BPM adaptor. 
Certain operations inside business processes can be 

automated by employing the applications invoked that are 

linked to the processing engine. The ORPA adapter acts as a 

bridge between the BPM system and ORPA components, 

allowing for easier communication and data flow. The 

operator supervises the entire process and ensures that the 

ORPA system works effectively, which connects with the 

design participants. To refine and optimize automated 

operations, the operator and the ORPA process designer 

collaborate. This designer also uses the ORPA model vault, 

which stores many ORPA models and templates for 

subsequent use. The controller is critical in managing 

deployed robots, guaranteeing that they complete duties 

correctly and effectively. The ORPA process generator 

collaborates with the controller to develop new automated 

processes utilizing specified models and templates. Overall, 

this architectural design seeks to improve 

business operations by utilizing ORPA, increasing 

efficiency, and eliminating manual intervention. The 

integration of BPM and ORPA components allows for the 

automation of complicated procedures, resulting in increased 

productivity and consistency. 
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Fig 4. Architectural design for integration of ORPA with BPM 

 

Definition-1: Business process management is investigated in 

conjunction with its discrete-state representation. In the 

context of a certain input event, optimized robotic process 

automation gathers parameters that might aid in speedier 

performance. A deterministic model is used to investigate 

state-space variables and outcomes. Business activities may be 

examined as a system with inputs, outputs, and state variables 

in their most basic form. The automation of robots can be 

illustrated by a differential equation given as Ŵ = ,ݒ)݂ ,ݓ  .(ݐ

where, ݒ is the vector of continuous state variables, ݓ denotes 

the continuous input vector, and ݐ is the continuous time. 

4.2. ORPABPM OPTIMIZATION PROCESS 

Business process design is critical for attaining the objectives 

of a business, as it involves developing innovative processes 

from the ground up. This technique is critical for teams to 

develop scalable and easily replicated workflows that are 

both efficient and well-defined. This is especially important 

at the launch phase of new businesses when strategic 

planning for the production and delivery of goods and 

services is essential. Business process design is not confined 

to new organizations; established businesses utilize this 

methodology when introducing new processes or 

dramatically restructuring current ones. This redesign can be   

done formally and systematically. Implicit techniques in 

business process design include target visualization and 

proactive planning, which aid in the optimization and 

refinement of processes without totally modifying current 

systems. The design step is exceptionally complicated within 

the contexts of ORPA and BPM when involving four distinct 

types of designs: product, business, execution, and 

enterprise. Product design is focused on designing goods that 

meet consumer needs and standards. Business design is the 

process of structuring a corporation to successfully support 

its strategic goals. Execution design is concerned with the 

operational aspects of successfully implementing business 

plans. Enterprise design attempts to align each organization's 

operations with the larger business goals, guaranteeing every 

process development or innovation contributes to the overall 

business goals. Each of these design elements is crucial to 

guarantee that business processes are not only efficient but 

also linked with an organization's long-term strategic goals, 

thus improving its overall profitability and stability.  

The business process management paradigm increases 

organizational efficiency by breaking down each level of 

handling processes into actionable components. This 

methodical approach allows for the creation of comprehensive 

lists of criteria and requirements tailored to each specific 

business case. By dividing the managerial process into several 

stages. Managers can comprehensively evaluate every facet of 
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business operations with the use of BPM. Moreover, BPM 

leverages robotic automation to support several phases of 

organizational management, such as execution, design, and 

surveillance. When the ORPA is integrated with BPM, 

it expedites these procedures while boosting precision and 

effectiveness. Robots can handle laborious and data-intensive 

jobs, freeing up human resources for more strategically 

important tasks that call for human expertise. A robust 

structure for overseeing and enhancing business operations 

can be produced with the integration of human 

supervision and robotic operations. BPM enables a thorough 

understanding and control over the workflow by offering a 

clear structure for breaking down and managing business 

activities. This guarantees that every aspect of the operation is 

in line with the mission of the organization to achieve 

common goals. Through a rigorous process, all operational 

aspects are guaranteed to be optimized, which leads to greater 

operational outcomes, higher organizational performance, and 

better resource management. The five phases that make up the 

BPM lifecycle are modified to create the ORPA-aware 

lifecycle, as shown in Figure 5. 

It provides a comprehensive framework for integrating BPM 

and ORPA to be capable of performing business automation 

processes successfully.

 
Fig 5. Architectural design features of ORPABPM 

 

The BPM is displayed at the bottom and feeds into a 

convoluted design process that consists of business, product, 

execution, and supporting design concepts in addition to 

operational and management design. Logical and physical 

models, as well as information from the data and process 

models, are used in these designs. The modeling, optimization, 

and execution phases of the BPM are covered in the 

framework's main sections. Optimization improves execution, 

which is determined by four important factors: leverage, 

focus, accountability, and engagement. Optimization is 

demonstrated to be effective based on linear optimization 

techniques. A variety of monitoring types are shown above the 

core BPM processes. These include financial services, 

context, compliance, beneficiaries, and result monitoring. 

These types of monitoring contribute to overall organizational 

monitoring, which may also incorporate inputs from a robot 

network, thus emphasizing the automation process. Finally, 

the right side of the figure shows the transition from BPM and 

monitoring outputs into practical applications, which are 

proved using algorithm 2, application prototypes, and the user 

view. Furthermore, it indicates the practical application and 

visualization of the processes designed and optimized through 

BPM and ORPA integration. This integration improves a 

thorough and dynamic approach to organizational process 

management, emphasizing continuous monitoring and 

adaptation through technological and procedural innovations. 

The integration of ORPA with BPM leads to energy efficiency 

for performing the tasks that are provided in algorithm 2. 
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Algorithm 2: Energy-efficient process for automating 

business tasks using robotics features 

1. Initialization: { ௜௣ܧ : Energy-intensive processes; ܤ௣ : 

Business processes; ܧ௖௦: Energy consumption process;ܤ௣௠: 

Business process management; ݋ݎ݌ : Process;ࣔÐ: Current 

workflow; ࣔÐ(ࢋ): Inefficient current workflow; ܲ݋ݎ௧: Total 

processes; ܶݏ : Tasks; ܴ௣௔ : Robot process automation; Ŝ: 
simulated outcomes; ܯ௣௥௢ : Monitoring process; ܯ௥ : 

Monitoring reports; ܧ௘௚ : Energy efficiency goals; ௢ܯ  : 

Monitoring; ܲ݋ݎ௜௠: Improved process} 

2. Input: { ௦ܶ; ;௧݋ݎܲ  {݋ݎ݌ 

3. Output: {ܲ݋ݎ௜௠;  {௘௚ܧ

**// Step 1: Identify Energy-Intensive processes 

4. Initiate ܧ௜௣ 

5. Set ܤ௣ 

6. Assign ܧ௜௣ =   ௖௦ܧ

**// Step 2: Analyze current workflows 

7. For ݋ݎ݌ = 0; ≥ ݋ݎ݌  ݋ݎ݌  ;௜௣ܧ + + 

8.         compute ߲Ð=ܤ௣௠ 

9.         Identify ߲Ð ∈  ߲Ð(݁) 

10. End for  

**// Step 3: Design ORPA solution 

11. For ݋ݎ݌ = 0; ≥ ݋ݎ݌  ݋ݎ݌  ;௜௣ܧ + + 

12.         Calculate ܶݏ ∈  ௧݋ݎܲ

13.         Simulate ܶݏ with ܤ௣௠ 

14.         Optimize ܴ௣௔ with Ŝ 

15. End for 

       **// Step 4: Implement ORPA in Live environment 

16. For ݋ݎ݌ = 0; ≥ ݋ݎ݌  ݋ݎ݌  ;௜௣ܧ + + 

17.        Deploy ܴ௣௔ =  ݋ݎ݌

18. End for 

**// Step 5: Monitor and evaluate 

19. Perform ܯ௥ = ܴ ← ]௣௥௢ܯ ௦ܶ] 
20. While (ܯ௥  ! =  (௘௚ܧ

21.             Update ܴ௣௔ = ௥ܯ + (ܴ௣௔[ܵܿݐ݌݅ݎ]) 

22.             Show ܯ௥ ←  ௢ܯ

23. End while  

**// Step 5: Monitor and evaluate 

24. Repeat ܯ௥  && ௦ܶ  
௜௠݋ݎܲ .25 =   [௥ܯ ]݉ܫ
26. If ܲ݋ݎ௜௠ = ݈ݑ݂ݏݏ݁ܿܿݑܵ  then // Continue until no further 

improvements are perceived  

27.    Go to step-2 

28. End if  

 

Algorithm 2 integrates the features of ORPA and BPM for 

energy efficiency. The algorithm starts by fetching a list of all 

business processes explained in step-1. Each process is then 

analyzed to quantify its energy consumption, and most energy-

intensive processes are identified for further analysis and 

optimization. Step-2 analyzes current workflows for each 

energy-intensive process, the current workflow is analyzed 

using BPM tools to identify inefficiencies, such as 

unnecessary steps, delays, or energy-intensive tasks that might 

be automated. Step-3 provides a design ORPA solution. The 

ORPA scripts are developed for tasks within the processes that 

are repetitive and predictable, which can be automated to save 

energy. These scripts are first simulated within the BPM 

model to assess their impact and optimize them for better 

performance and energy efficiency. Step-4 implements ORPA 

in Live environment. The optimized ORPA scripts are then 

deployed to operate in the live environment. This step 

integrates ORPA into the existing business process managed 

by the BPM system. Step-5 shows monitoring and evaluation 

processes. The performance of the integrated system (BPM + 

ORPA) is continuously monitored. Key metrics to monitor 

include energy consumption and process efficiency. Based on 

these reports, ORPA scripts may be adjusted to enhance 

efficiency further. Step 6 iterates to improve the working 

process. The algorithm includes a feedback loop to continually 

assess the results and make iterative improvements. If 

monitoring reports suggest that improvements are possible, 

the process cycles back, further analyzing and optimizing 

workflows. This algorithm systematically integrates ORPA 

with BPM to enhance energy efficiency in business 

operations, ensuring that both systems work together to reduce 

waste and improve performance. 

4.2.1. STRATEGIC DESIGN 

To accomplish a company's objectives, brand-new 

procedures must be made from scratch. This assists teams in 

creating scalable, easily replicable procedures and 

workflows that are efficient and well-defined. When new 

businesses begin thinking about how they will create and 

distribute their goods and services, they participate in 

business process design at the design stage. When businesses 

install wholly new processes or restructure current ones, they 

are also engaging in business process design. Organizations 

may carry this out subtly or in a more structured and official 

manner. A goal of visualization and an action plan are only 

two examples of an implicit method used in business process 

design. The design of the ORPABPM consists of four types 

(product design, business design, execution design, and 

enterprise design). To express the design of a robot using a 

horizontal projection along the y-axis mathematically, we 

can define it in terms of coordinates. Typically, horizontal 

projection in the context of robotics or any object modeling 

refers to projecting a three-dimensional object onto a two-

dimensional plane. 

If we consider a 3D point on the robot described by 

coordinates (𝑥1, 𝑥2, 𝑥3), the horizontal projection along the 

y-axis would typically project this point onto the 𝑥ݕ-plane. 

This means the y-coordinate is disregarded in this projection, 

simplifying each point to (x, z) 

The mathematical representation of this projection for any 

point on the robot can be written as ܲ(𝑥1, 𝑥2) =(𝑥1, 𝑥3) 

where P is the projection operator that maps (𝑥1, 𝑥2, 𝑥3), to 

( 𝑥1 ,  𝑥3 ), effectively eliminating the y-component of the 

point. 

Thus, if the robot's design in 3D is defined by a set of points 

or a function ݂(𝑥1, 𝑥2, 𝑥3) , the design as viewed from a 

projection along the y-axis can be described by:  ௣݂௥௢௝(𝑥1, 𝑥3) = f(𝑥1, 𝑥2, 𝑥3), ∣ 𝑥2 = 0                   (21) 
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Here, ݂݆݋ݎ݌(𝑥,  represents the 2D function or set of points (ݕ

describing the robot when viewed with a projection that 

ignores the y-axis values. 

 

When discussing the concept of vertically projecting along 

the z-axis in a physical or mechanical context, typically, we 

are concerned with the forces acting along that axis due to 

gravity. For a robot of mass ܴ௠ , the force due to gravity 

when projected vertically along the z-axis can be quantified 

using Newton's second law of motion. 

 

If we denote the force due to gravity as ܨ௚ , it can be 

calculated as the product of the mass of the robot ܴ௠ and the 

acceleration due to gravity ݃. Considering the orientation of 

our coordinate system where the z-axis is positive upwards, 

the force of gravity will act in the opposite direction, i.e., 

downwards. Thus, the gravitational force can be expressed 

as follows: ⃗݃ܨ = ܴ௠. ݃.  (22)                                              ݖ̂

Here, ̂ݖ  represents the unit vector in the z-direction. This 

equation explicitly incorporates the direction of the 

gravitational force, aligning with the conventional 

representation of vectors in physics where the negative sign 

indicates that the force is acting opposite to the positive z-

axis direction. This downward gravitational force is a 

fundamental factor to consider in any dynamic calculations 

involving the robot's movement or stability. 

To formulate an equation that determines the resultant torque 

around the X-axis due to an overhanging distance and tilting 

angle of a robot, we can use the principle of moments 

(torques). The moments must balance for static equilibrium, 

or their sum gives the net torque if dynamics are considered. 

If we assume the robot's center of mass is located at the 

overhanging distance ݀௢from the central pivot (x-axis), the 

torque due to gravity can be calculated by considering the 

component of the gravitational force that acts along the line 

of the overhang when the robot is tilted by an angle ߠ. 

The gravitational force acting downward at the center of 

mass of the robot is ܴ௠. ݃ . The lever arm is effective in 

causing rotational torque around the X-axis. Given a tilt ߠ, it 

is ݀௢  because the effective lever arm length reduces) (ߠ)ݏ݋ܥ 

as the tilt increases). 

Thus, the torque ߬ around the X-axis due to the gravitational 

force can be expressed as: ߬ = ܴ௠. ݃. ݀௢ ,  (23)                                               (ߠ)ݏ݋ܥ

where ݀௢  is the overhanging distance (length of the lever 

arm beyond the pivot point), ݀is the distance between the 

contact points or the effective width of the base around which 

torques are being calculated, ߠ  is the tilting angle of the 

robot relative to the vertical axis (assumed to be in radians 

for simplicity),  ܴ௠   is the robot’s mass, and ݃  is the 

acceleration due to gravity. 

 

This torque tends to rotate the system further about the X-

axis. Under equilibrium conditions—or when calculating the 

net torque for dynamic analysis—all forces and torques must 

be considered, including those produced by supports and any 

additional weights. However, based solely on your query, the 

equation for the torque caused by the robot's weight due to 

its geometry and orientation relative to gravity would be as 

described. To formulate the equation representing the non-

slipping condition based on the Coulomb friction law, we 

consider the relationship between the normal force and the 

frictional force. The frictional force that prevents slipping is 

proportional to the normal force exerted by a surface on the 

robot, multiplied by the friction coefficient. According to the 

Coulomb friction law, the frictional force that must be 

overcome to initiate sliding is given by: ܨ௙ = ௡ܨ ×  ௙                                           (24)ܥ 

where ܨ௙  denotes the frictional force, ܥ௙  is coefficient of 

friction, and ܨ௡ represents normal force. ܥ௙  is the coefficient of friction between the robot and the 

surface that is the non-slipping condition which implies the 

tangential force ܨ௧ exerted on the robot must not exceed this 

frictional force ܨ௙. Thus, the equation for the non-slipping 

condition can be expressed as: ܨ௧ ≤ ௙ܥ .  ௧ remains lessܨ ௡. Ifܨ

than or equal to ܥ௙ .  .௡, the robot will not slipܨ

This ensures that the horizontal forces due to motion or 

external forces are within the limits set by the frictional 

interaction between the robot and the surface, thus 

preventing slipping. This is a critical condition for ensuring 

stable movement or positioning of robots, especially in 

environments where traction is a concern. 

We use the concepts of static friction as outlined by 

Coulomb's law to mathematically determine the non-slipping 

requirement for a robot. The non-slipping criterion 

guarantees that any lateral forces that may cause the robot to 

slip are offset by the frictional force generated by the surface. 

The maximum static friction force ܨ௙  that can be exerted by 

a surface on the robot, preventing it from slipping, is given 

by the product of the coefficient of static friction ݏߤ and the 

normal force exerted by the robot on the surface. For the 

robot to maintain a stable position without slipping, the 

lateral force ܨ௟  acting on the robot must not exceed this 

frictional force that should be ܨ௟ ≤ .ݏߤ  ௡ܨ

In the context of a robot, this helps in designing control 

systems that ensure the robot operates within safe traction 

limits, especially on surfaces where slipping is a risk, such 

as on slopes or slick surfaces. To frame an equation for the 

design of a robot, we must consider various physical and 

mechanical principles that guide the structural and functional 

attributes of the robot. However, such an equation can vary 

widely depending on the specific design goals, such as 

stability, maneuverability, or efficiency. The stability of a 

robot, particularly one that needs to maintain balance while 

performing activities or navigating environments, can be 

determined by comparing its center of mass to its base of 

support. 

A robot is considered stable if the Stability Index ூܵ  is less 

than 1. This means that the projection of the center of mass 

falls within the base area of the robot. The position of the 

robot ܽܯܥ௥ can be modeled as follows: 
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௥ܯܥܽ = (݉௥ . ܽ௥)ܯ ௥ܯܥܾ (25)                              = (݉௥ . ܾ௥)ܯ ௥ܯܥܿ (26)                             = (݉௥ . ܿ௥)ܯ                             (27) 

where ݉௥  denotes the mass of the robot; ܽ௥ , ܾ௥ , ܿ௥  are 

coordinates of the center of the mass of the robot; and ܯ௥ is 

the total mass of the robot. 

Equations (25-27) help engineers at the design stage by 

assisting in locating the center of mass so that the robot 

remains stable whether it is moving or stationary. To 

maximize stability, modifications might be made to the base 

dimensions or the mass distribution. This is especially 

important for designs that require the robot to work on 

uneven terrain or in different orientations. The functioning 

of a business management robot might be based on how well 

it can process tasks, communicate, and interact with others 

in its operating environment. Let's simplify this into an 

equation (28) that encompasses these elements: ܧ௥ = ௣ܶ௦ × 100௧ܶ                                       (28) 

Where ܧ௥  denotes the efficiency of the robot; ௣ܶ௦  is tasks 

processed successfully; and ௧ܶ is total tasks. 

 

Business process integration is important for performance, 

so the business integration score ܤூௌ should be determined. ܤூௌ = ௖ܤ + ௔ܤ +  ௦                                                   (29)ܤ

where ܤ௖  is business compatibility; ܤ௔  is the business 

adaptability; and ܤ௦ is the business scalability. 

 

Hypothesis 1: Integrating Robot Process Automation with 

Business Process Management can significantly improve the 

energy efficiency of organizational processes by optimizing 

resource utilization and minimizing waste. The hypothesis 

states that the joint implementation of ORPA and BPM 

reduces the total energy consumption ܧ௧௢௧௔௟  in an 

organization by automating energy-intensive tasks and 

refining process workflows. 

Proof: Let  ܧ௜௡௜௧  be the initial energy consumption of a 

process before the implementation of ORPA and BPM. After 

integrating ORPA and BPM into the process, let ܧ௙௜௡௔௟  be 

the new level of energy consumption. The hypothesis can be 

tested by the equation: ∆ܧ = ௜௡௜௧ܧ − ௙௜௡௔௟ܧ                               (30) 

where ∆ܧ represents the reduction in energy consumption, 

and a positive value indicates an improvement in energy 

efficiency. The integration of ORPA automates repetitive 

and high-volume tasks that were previously manually 

executed, reducing operational times and the energy used 

during these periods. Simultaneously, BPM optimizes the 

process flow, eliminating unnecessary steps and ensuring 

that energy is only used when and where it is truly needed. 

To provide proof, consider the energy usage ܧ in a process 

as proportional to the time ݐt the process runs and the number 

of resources ∆ݎ it utilizes: ܧ = ݇. .ݐ  (31)                                       ݎ∆

Here, ݇ is a constant of proportionality that depends on the 

type of process and equipment used. By introducing ORPA, 

the time ݐ is reduced due to faster processing speeds and the 

elimination of human-induced delays. Similarly, BPM may 

reduce ∆ݎ, the number of resources used by improving the 

process design: ݐ௡௘௪ = ௢௟ௗݐ . (1 − ᾠ), ௡௘௪ݎ∆ = ௢௟ௗݎ∆ . (1 − ᾲ)             (32) 

Here, ᾠ and ᾲ are the fractions by which time and resource 

use are reduced, respectively. Thus, the new energy 

consumption ܧ௙௜௡௔௟  becomes: ܧ௙௜௡௔௟ = ݇. ௡௘௪ݐ . =௡௘௪ݎ∆ ௢௟ௗݐ)݇ . (1 − ᾠ)). ௢௟ௗݎ∆ . (1 − ᾲ)     (33) ܧ௙௜௡௔௟ = ௜௡௜௧ܧ . (1 − ᾠ). (1 − ᾲ)                             (34) 

Substituting back into the delta equation: ∆ܧ = ௜௡௜௧ܧ − ௜௡௜௧ܧ . (1 − ᾠ). (1 − ᾲ)= ௜௡௜௧ܧ . (ᾠ + ᾲ − ᾠᾲ)                          (35) 

This equation (35) quantifies the reduction in energy 

consumption attributable to efficiency gains from both 

ORPA and BPM. The positive values of ᾠ and ᾲ indicate 

efficiency improvements should lead to a positive ∆ܧ , 

validating the hypothesis that ORPA and BPM integration 

enhances energy efficiency. 

 

4.2.2. UNIFIED ROBOTIC BUSINESS PROCESS  

A robust business model is essential for both emerging and 

established companies, outlining strategies for profitability, 

estimated costs, and details of products or services offered, 

alongside the targeted clientele. Within this strategic 

framework, our research introduces the ORPABPM 

modeling approach, which integrates two state-of-the-art 

modeling types: process modeling and data modeling 

depicted in Figure 6.  The first modelling type, Process 

modeling, is a method of demonstrating the organized 

execution of work by documenting the relationships between 

resources, actions, choices, and events. ORPABPM 

documentation is not merely a record; it is a business strategy 

that assists in the selection of automation, the organization 

of tasks, the monitoring of the system, the resolution of 

exceptions, and the continuous improvement of the system. 

The method deconstructs each stage into components and 

illustrates the interconnections between tasks by employing 

a flowchart-like representation of the process model. This 

enables organizations to perceive both the existing situation 

and the optimal workflow. 

Process modeling is typically organized into three macro-

level layers in ORPABPM. Cost, time, reliability, energy, 

and conformance are among the organizational objectives 

that the strategic layer delineates and associates with key 

performance indicators and policy limitations. 

Comprehensive protocols, task demarcations, 

responsibilities, and decision points are each delineated by 

the process layer. The technical execution layer connects 

process activities to automation primitives, such as ORPA 

bots, services, and APIs, and also links these tasks to logging 

systems, monitors, and sensors. This stratified methodology 

ensures the stability of process design in the face of changes 
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in implementation specifics. The model, which is not 

intricately linked to a particular vendor or toolset, 

emphasizes input/output expectations and automation 

objectives, thereby facilitating non-invasive integration.  

A compilation of fundamental artifacts must be the result of 

an exhaustive ORPABPM process model. At the macro 

level, a process map delineates phases from intake to 

validation, task allocation, execution, monitoring, and 

closure. An activity model defines the preconditions, 

triggers, postconditions, service-level requirements, and 

exception pathways for each activity at the micro level. The 

responsibilities of human operators, ORPA bots, BPM 

engines, monitoring subsystems, and security modules are 

defined by swimlane assignments. In a decision and 

exception model, failure states are defined as absent data, 

contradictory approvals, bot malfunctions, blindspot 

notifications, and noncompliance incidents. Monitoring and 

audit hooks are responsible for delineating logging 

parameters, alarm triggers, threshold interpretations, and 

escalation protocols, thereby guaranteeing operational 

responsibility and traceability.  

A directed labelled graph P= (N, E, G, R) can be used to 

formalize a process. In this graph, N represents the collection 

of nodes (events, tasks, gateways), E⊆N×N denotes the set 

of sequencing edges, G encodes gateway rules (e.g., 

XOR/AND joins and splits), and R assigns roles/runners 

(human versus ORPA vs BPM service). Each task node ௝ܰ ∈N can be described as ݊௜ = ௜ܫ⟩ , ௜ܱ , ߬௜ , ௜ߨ , ௜ܫ ௜⟩, whereߪ  
represents the input bundle, ௜ܱ  signifies the output bundle, ܫ௜  
represents the expected duration distribution or SLA, ߨ௜ 
indicates policy constraints (compliance/security), and ߪ௜ 
describes the runner binding (human, ORPA bot, or BPM 

service). This structured framework facilitates automated 

feasibility assessments, simulations, optimization, and 

bottleneck identification. The transition from "as-is" to "to-

be" must be elucidated by a process-oriented ORPABPM 

chapter that defines pragmatic guidelines. A task is an ideal 

candidate for automation if it is consistent in its UI/API 

interaction patterns, deterministic, and repetitive. Activities 

that are distinguished by mixed determinism must be divided 

into deterministic ORPA phases, a human validation phase, 

and a clearly defined exception pathway. Start logs, 

completion logs, error logs, and performance indicators 

should be included in the mandatory monitoring of 

enrichment for automated segments. Escalation and secure 

fallback must be incorporated into the workflow from the 

outset, rather than being appended subsequently, by 

implementing security-conscious gates at locations where 

planner or blindspot indicators may arise or where critical 

actions take place. In order to facilitate objective 

improvement, process models must be linked to quantifiable 

key performance indicators (KPIs). Cycle time ௖ܶ, cost per 

case ܥ௖,, error rate ܧ௥ ,, automation coverage ܣ௖, energy per 

case ܧ௖ , and compliance pass rate ܥ௣ are among the most 

common key performance indicators. These KPIs are 

transformed into real-time operational indicators upon the 

execution of the process model through BPM and ORPA 

integration, which enables closed-loop enhancement that is 

based on actual performance rather than immutable 

assumptions. A textual process template that can be reused 

is defined as follows: a trigger event initiates a case in an 

ERP or portal, followed by a pre-check to ensure that the data 

is complete. If the data is incomplete, the system requests the 

requisite information and enters an await state. A 

risk/compliance gate enforces policy verifications; 

noncompliant situations are referred to an operator. The case 

is directed to an ORPA bot pool through task allocation, with 

a human failsafe option available. The bot documents all 

stages while executing activities using the UI/API. Upon the 

occurrence of a planner or blindspot alarm, exception 

handling halts the algorithm and isolates activities, 

subsequently directing the case for human evaluation. 

Outcome verification validates results and conducts 

reconciliation assessments. Closure archive audit records, 

revise KPIs, and refresh the BPM repository or vault to 

facilitate the monitoring of continuous improvement. The 

data modelling is the  process of defining data, its structure, 

its interrelations among system components, and its role in 

decision-making and automation. Process execution, robotic 

bot administration, operational oversight, security analytics, 

and closed-loop learning are all included in ORPABPM data 

modeling. Business data refers to enterprise resource 

planning records, orders, invoices, shipments, customer 

information, and inventory, while process data includes case 

identifiers, activity states, timestamps, roles, gateways, and 

service level indicators. Bot telemetry includes bot identity, 

run history, step sequencing, interface interactions, and 

success or failure outcomes. Utilizing a conceptual entity-

relationship framework, this data can be organized into basic 

entities, including cases, process instances, tasks, bot 

executions, event records, security alerts, metric snapshots, 

and policy versions. The entities are hierarchically 

interconnected, which enables each business case to generate 

a multitude of process instances. Each instance can 

encompass multiple tasks, all of which can initiate one or 

more bot executions. Each bot execution can produce event 

logs, security notifications, and performance metrics. This 

company oversees each execution decision and performance 

outcome in accordance with its business case. 

In order to guarantee data integrity and auditability, it is 

necessary to establish logical constraints. Temporal 

consistency ensures that the durations of task execution are 

consistent with the lifecycles of process instances. Until all 

tasks are either finalized or annulled, closure rules impede 

the completion of a process. Auditability requires event 

documentation for each automated execution, while security 

traceability associates alerts with execution instances and 

provides verifiable evidence. These constraints improve 

operational reliability, repeatability, and compliance.  

Numerous pragmatic considerations are required when 

implementing the logical data model in physical storage. The 

segmentation of extensive execution records by temporal 

intervals is essential for scalable performance. For expedited 

retrieval, index frequently accessed attributes, including case 
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identities, execution identifiers, and alert types. In order to 

maintain audit traces, event logs must be immutable and 

append-only. Additionally, schema evolution must be 

meticulously managed to guarantee data consistency with 

evolving business process models. These design 

methodologies enable the elimination of analytical 

constraints and the implementation of scalable monitoring in 

high-volume automation applications. The data model 

facilitates closed-loop control and analytics. ORPABPM 

requires an uninterrupted data stream from execution to 

monitoring, monitoring to learning, and learning to revised 

operational policies. As a result, the data structure must 

enable performance evaluations across policy iterations, 

comprehensive root cause analysis using execution traces 

and error logs, correlation of security alerts among bots, 

processes, and environments, and ongoing enhancement by 

connecting learning signals to tangible execution results. 

Process, functional, and kinematic layers are integrated into 

a coherent, self-sustaining system design through data 

modeling. The functional modeling defines the enterprise 

and automation system as input-output functions. Functional 

modeling has defined the entry and exit sites in ORPABPM, 

enabling stakeholders to connect strategy with operational 

conduct by articulating the system's consumption, 

generation, and guarantee. Functional modeling delineates 

the system's transformation capabilities and their integration 

into a comprehensive operational service, while process 

modeling delineates the sequence of events. Intake and 

context acquisition (case requests, ERP events, user 

communications; outputs: normalized case packet and 

context snapshot), validation, and conformance verification 

are among the functional decompositions of ORPABPM. 

Other elements include accepted or flagged case, along with 

conformance evidence; job planning and allocation, which 

includes the process model, resources, and constraints; 

outputs: task plan and runner assignment; and execution 

orchestration Logs and telemetry inputs, executed actions 

and execution trail outputs, monitoring and KPI computation 

outputs (dashboards, alarms, KPI time series), security threat 

identification and mitigation through RATD (traces and 

telemetry; alert, isolation, secure fallback), and learning and 

policy updates. The input-output contract  F: ⟨U, D, M, Π⟩ →⟨Y, Λ, K⟩ is employed to illustrate the ORPABPM system. U 

represents user/case inputs, D represents enterprise data 

(ERP/DB), M denotes monitoring streams (telemetry/logs), 

and Π represents policies/constraints. The outputs consist of 
Y for business results (cases and outputs), Λ for 
audit/security (logs and alarms), and K for KPI vectors (time, 

cost, energy, error, compliance). This contract aids models 

in the delineation of the system's commitments, which are 

not contingent upon implementation specifications, and it 

verifies requirements through quantifiable outcomes.  

Functional modeling is rendered practicable by assigning 

functions to humans, bots, and platform services. Human-in-

the-loop incorporates policy overrides, high-risk 

assessments, exclusions, and approvals. ORPA algorithms 

execute repetitive tasks, data extraction, and deterministic 

user interface and application programming interface 

operations. The functions of a BPM platform include state 

management, orchestration, routing, and SLA timing. 

Security and monitoring modules compute metrics, identify 

anomalies, and supervise incidents. For continuous 

improvement, the learning module updates versions, 

modifies policies, and formulates rewards. This allocation 

facilitates closed-loop feedback on task planning and 

automation by integrating functional design with governance 

and operational reliability. 

4.3. Robotic Kinematics 

A multi-joint serial manipulator is illustrated in the robotic 

kinematics diagram appended herewith. The end-effector 

pose is determined by geometric parameters (1ܪ, ,1ܮ ,2ܮ 1ܹ) 

and coupled joint rotations (1ߠ, ,2ߠ ,4ߠ ,5ߠ .(6ߠ  The end-

effector pose (ࣂ)௦ ௕ܶ(ࣂ)  is obtained by combining the 

homogeneous transformation (DH form) of each joint into 

the full forward-kinematics product, as defined by the first 

set of equations. The link offsets depicted in the figure are 

directly matched by a geometric closed-form position model 

that expresses  ࣂ௦݌௕(ࣂ) with trigonometric coupling, such as cos(2ߠ + 2ߠ)and sin(4ߠ + 4ߠ +  Orientation is obtained.(5ߠ

by a chained rotation matrix ࣂ௦ ܴ௕(ࣂ)  that captures base 

yaw and wrist rotations, resulting in the complete 6-DoF 

pose. The Jacobian J(θ) is used to demonstrate differential 

kinematics, which maps joint rates θ  ̇ to end-effector twist. 

Inverse-kinematics constraints are employed to solve 

coupled joint angles under reachability constraints using the 

wrist-centre formulation and cosine-law relations. 

Collectively, these eight equations establish a formal 

connection between the physical geometry and coordinate 

frames of the diagram and mathematically verifiable motion 

generation and control. 

Let {ݏ}  be the base frame, and intermediate frames {1} … {5} , end-effector {ܾ} , joint angles 1ߠ, ,2ߠ ,4ߠ ,5ߠ 6ߠ , 

geometric parameters 1ܪ , ,1ܮ ,2ܮ 1ܹ , and the end-effector 

axis ̂ݕ௕. 

Use a DH-style chain {ݏ} → {1} → {2} → {4} → {5} → {ܾ}, 

matching the labeled revolute joints in the figure (θ₁ at base, 
θ₂ shoulder, θ₄ elbow/wrist, θ₅ wrist pitch, θ₆ wrist roll). The 
homogeneous transform for each joint using DH parameters 

is needed.   

For link ݅, the transform from {݅−1}to {݅}is given by: ௜ܶ(ߠ௜)௜−1
= [cos ௜ߠ −sin ௜cosߠ ௜ߙ sin ௜sinߠ ௜ߙ ܽ௜cos ௜sinߠ ௜ߠ cos ௜cosߠ ௜ߙ −cos ௜sinߠ ௜ߙ ܽ௜sin ௜0ߠ sin ௜ߙ cos ௜ߙ ݀௜0 0 0 1 ] (36) 

 

The base-to-end-effector forward kinematics should be 

determined. Let ݃௦௕(0)be the home pose and ߦ௜be the screw 

axis of joint ݅expressed in {ݏ}. Then: ݃௦௕(ߠ) = ( ∏ ݁[క೔]ఏ೔௜∈{1,2,4,5,6} )  ݃௦௕(0)               (37) 

where [ߦ௜] ∈ ०क़(3)is the matrix representation of twist ߦ௜ =[߱௜  .[௜ݒ    
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A compact position model consistent with the labelled 

lengths is given by: ߠ௦݌௕(ߠ)= [cos 1ܮ)1ߠ cos 2ߠ + 2ܮ cos(2ߠ + (4ߠ + 1ܹ cos(2ߠ + 4ߠ + sin((5ߠ 1ܮ)1ߠ cos 2ߠ + 2ܮ cos(2ߠ + (4ߠ + 1ܹ cos(2ߠ + 4ߠ + 1ܪ((5ߠ + 1ܮ sin 2ߠ + 2ܮ sin(2ߠ + (4ߠ + 1ܹ sin(2ߠ + 4ߠ + (5ߠ ] (38) 
 

This directly uses 1ܪ, ,1ܮ ,2ܮ 1ܹand coupled angles. A useful 

closed-form orientation for a yaw–pitch–roll style is 

determined as follows: ߠ௦ ܴ௕(ߠ) = ܴ௭(1ߠ) ܴ௬(2ߠ +  (39)  (6ߠ)௫ܴ (5ߠ)௬ܴ (4ߠ

with standard axis-rotations: ܴ௭(߶) =   [cos ߶ − sin ߶ 0sin ߶ cos ߶ 00 0 1] ,  ܴ௬(߶)
=   [ cos ߶ 0 sin ߶0 1 0− sin ߶ 0 cos ߶] ,  ܴ௫(߶)
=   [1 0 00 cos ߶ − sin ߶0 sin ߶ cos ߶ ]                     (40) 

 

Full homogeneous transform from base to tool that can be 

estimated as follows: ߠ௦ ௕ܶ(ߠ) = (ߠ)௦ ܴ௕ߠ] 0  0  0(ߠ)௕݌௦ߠ 1 ]          (41) 

Let ߠ௦ ௕ܸ = [߱௕    ݒ௕] be the spatial twist, then ߠ௦ ௕ܸ = ,ߠ̇ (ߠ)௦ܬ =(ߠ)௦ܬ 1ߦ] Ad௘[഍1]ഇ12ߦ Ad௘[഍1]ഇ1௘[഍2]ഇ24ߦ Ad⋯5ߦ Ad⋯(42)  [6ߦ 

where Ad௚ denotes the adjoint operator, capturing how each 

joint screw axis is transported along the chain. 

End-effector linear velocity from differential kinematics 

position is determined as follows: (∂௦̇݌௕ߠ) =   ∂௦ ݌௕∂1ߠ 1ߠ̇ +   ∂௦ ݌௕∂2ߠ 2ߠ̇ + ∂௦ ݌௕∂4ߠ +4ߠ̇ ∂௦ ݌௕∂5ߠ  (43)                                                5ߠ̇

Expanding the 1ߠpartial derivative (showing complexity 

explicitly): 

  ∂௦݌௕∂1ߠ = [−sin ,2ߠ)Γ  1ߠ ,4ߠ cos(5ߠ ,2ߠ)Γ  1ߠ ,4ߠ 0(5ߠ ] ,    Γ= 1ܮ cos 2ߠ + 2ܮ cos(2ߠ + +(4ߠ 1ܹ cos(2ߠ + 4ߠ +  (44)               (5ߠ

 

A wrist-centre point ݌௪ be defined by moving back along 

the tool axis (use ̂ݕ௕shown in the figure): 

 ∂௦݌௪ = ∂௦ ݌௕ − ݀௪௕   (∂௦ܴ௕  ௕)                                       (45)ݕ̂ 

Then, a common IK constraint is given as follows: 1ߠ = atan2([݌௪]௬ , ,(௫[௪݌] ∥ ௪݌ − [ [1ܪ00 ∥2= 12ܮ + 22ܮ + 2ܮ1ܮ2 cos  (46)                 4ߠ

It couples geometry and joint space and is typically used to 

solve 4ߠ from a cosine law constraint. 

Robot dynamics can be simplified into a single integrator 

model, which reduces the complexity of the robot's motion 

equations to a more understandable form. This method usually 

consists of reducing the state dynamics of the robot to first-

order differential equations, in which the derivatives of the 

state variables (e.g., position or velocity) are directly defined 

by the control inputs. By limiting the dynamics to direct 

control over velocities, the single integrator model simplifies 

robotic control and facilitates control system design and 

analysis, particularly in automated and autonomous robotics 

systems.  

Corollary 1: Given that the integration of ORPA and BPM 

leads to improved energy efficiency and operational 

optimization, it follows that these enhancements can directly 

contribute to increased profitability for organizations. This can 

be understood through the reduction in operational costs and 

the increased productivity and quality of work, which 

ultimately drive higher profit margins. 

Proof: Let ܥ௜௡௧  represent the initial cost of operations, 

including labor and energy costs, before the integration of 

ORPA and BPM. After integration, the costs become ܥ௙௜௡௔௟ . 
The reduction in costs due to increased efficiency is given by: ∆ܥ = ௜௡௧ܥ − ௙௜௡௔௟ܥ                                 (47) 

Simultaneously, let ௜ܲ௡௜௧  represent the initial productivity or 

output value, and ௙ܲ௜௡௔௟  represent the productivity after ORPA 

and BPM integration. The increase in productivity is denoted 

as:  ∆ܲ = ௙ܲ௜௡௔௟ − ௜ܲ௡௜௧                               (48) 

Profitability Π′ can be modeled as the difference between 

output value and costs. Initially, profitability is  Π′௜௡௜௧ = ௜ܲ௡௜௧ − ௜௡௜௧ܥ                              (49) 

and after improvements, Π′௙௜௡௔௟ = ௙ܲ௜௡௔௟ − ௙௜௡௔௟ܥ                     (50) 

The change in profitability due to ORPA and BPM integration 

is then: ∆Π′ = Π′௙௜௡௔௟ − Π′௜௡௜௧ = ( ௙ܲ௜௡௔௟ − (௙௜௡௔௟ܥ − ( ௜ܲ௡௜௧ − ′௜௡௜௧) (51) ∆Πܥ = ∆ܲ −  (52)                                ܥ∆

Since both ∆ܲ and ∆ܥ are expected to be positive (indicating 

an increase in output and a decrease in costs), ∆Π′  is also 

expected to be positive, demonstrating that the integration of 

ORPA and BPM leads to enhanced profitability. This 

corollary emphasizes the economic rationale behind the 

adoption of ORPA and BPM technologies, suggesting that 

such integrations not only optimize operational efficiencies 

but also have a tangible positive impact on an organization's 

financial performance.  
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Fig 6.  Integrated modeling architecture of the proposed ORPABPM framework 

 

The robot control stage is pivotal in the management process, 

where the monitoring stage's tracked changes are used to 

gauge performance. Initial outcomes from this stage allow for 

the refinement of the developed model, which can 

subsequently be reintegrated into the operational workflow. 

System execution procedures are compartmentalized into 

three distinct but interrelated sections: workflow management, 

task management, and execution control. These components 

ensure a structured approach to executing and overseeing 

business processes. Robot control is depicted in Figure 7, 

where 6 shows a closed-loop system for controlling robots that 

has been improved with a learning-based adaptation 

mechanism. The sensor layer is the first part of the control 

loop. This is where optical and proprioceptive sensors 

constantly gather information about the system and the 

environment. The policy module, which is the layer that makes 

decisions about what actions to take based on the observed 

situation, receives this sensor data. The chosen actions are sent 

to the controller, which uses a traditional PID control structure 

to turn high-level policy decisions into low-level control 

commands. The actuator layer carries out these commands, 

allowing the physical robot to move and do things that are 

particular to the task at hand. The controller and actuator layers 

both send system feedback back through special feedback 

channels. This feedback records how well the task was done, 

any mistakes made in controlling it, and the results of the task. 

A learning adaptation module works with the control loop to 

get this feedback and figure out reward signals that show how 

well the task is being done, how stable it is, and how much 

energy it uses. The learning module uses these rewards to 

change the control strategy in real time, which lets 

performance keep getting better. The design allows adaptable, 
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energy-efficient, and robust robotic behavior by having policy 

optimization and classical control work together in a single 

feedback loop. This happens through recurrent interaction 

with the environment. Typically, the execution procedure is 

driven by two principal streams. 

▪ Control Flow: This encompasses the strategic 

maneuvers, operational directives, and control parameters 

that transition from task management to workflow 

coordination, culminating in the actual enactment of 

tasks. It serves as the backbone of the system execution, 

guiding the operational dynamics from one phase to the 

next. 

▪ Data Flow: The data stream consists of real-time sensory 

inputs collected from robots actively engaged in the field. 

This data travels upstream, from the lower execution tiers 

to the higher strategic layers, enabling a feedback loop 

that fosters dynamic and dependable robot control within 

the system. 

An organization then selects an appropriate ORPA system and 

decides on a robot deployment strategy, which can be 

executed on either physical or virtual machines. The next step 

involves translating a semi-formal process description into an 

executable ORPA process model. This model is then fed into 

a controller, which is configured and activated. The model's 

instructions are dispatched to the microcontroller, and the 

robots are deployed, utilizing the existing infrastructure of 

BPM (Business Process Management) deployment. Before it 

goes live, the installed ORPA system must undergo rigorous 

testing to ensure it operates as intended. Upon successful 

testing, robot process models are executed, and the ORPA 

infrastructure becomes fully functional. Experts in the field 

emphasize the importance of execution in the process 

selection for ORPA. Tasks performed with regularity are 

prime candidates for automation, as they enable economies of 

scale. Consequently, businesses can realize significant cost 

savings and maximize the benefits of automation. The 

execution characteristic is quantified in equation (50), which 

operationalizes it as a measure of a process's ambition for 

automation. In this equation, the execution measure ܧ  is 

calculated by counting the number of activities ܽܿ  that are 

associated with a given process. This comprehensive 

delineation illustrates the interplay between the operational 

mechanics and strategic selection in ORPA, highlighting the 

efficiency gains and process improvements that can be 

achieved through methodical execution and automation. 

Here, Pf  is a finite set of processes, Aijk  is the stream of 

different activities, Pc is another component of processes,  At 
is an activity type, and i, j, k are processes, cases, and tasks.  ࢉࢇࡱ = ࢐࢑࢏࡭}|∑

ࢌࡼ
૙=ࡵ ∈ ࢐࢑࢏࡭|ࢉࡼ ≅  (૞૜)                             |{࢚࡭

Lemma 2: When automation and business management 

capabilities are combined to create an efficient robot control 

system, the system's performance ࢖ࡿ  can be maximized 

through task allocation ࢒ࢇࢀ and use of resource management ࢓ࡾ using operational data obtained in real-time. 

Proof: Let ࢒ࢇࢀ be the task allocation for the robot ࢏ࡾ with ࢏ࢃ 
weight that is the precedence of the task, which has ࢚࢓ࡾ total 

available resources. Thus, the task allocation can be calculated 

as follows: ࢒ࢇࢀ = ∑࢏ࢃ ૚=࢐࢔࢐ࢃ ×  (૞૝)                                       ࢚࢓ࡾ 

Let ࢖ࡿ  be the entire performance of the system requires 

efficiency ∆࣋  for the robot ࢋࡾ . Thus, the robot has a ࢛ࡾ 

resource utilization, and weigh factors that reflect the 

significance of resource utilization and efficiency. Therefore, 

optimized performance ࢖࢕ࡼ can be calculated as follows: ࢖࢕ࡼ = ∑(Ŕ. ࢔(࣋∆
૚=࢏ . +(Ś.  (૞૞)                                          (࢛ࡾ

Controlling the robot, the RATD algorithm plays a vital role 

in ensuring the robustness of the robot. It keeps a check on 

planning outputs and sensory inputs continuously and 

identifies irregularities that could be signs of blind spots or 

planner attacks in real-time. The RATD allows the system to 

adjust and efficiently reduce potential threats. By taking a 

proactive stance, the robot is better able to withstand hostile 

environments and perform reliably and safely. RATD makes 

a major contribution to preserving the robustness and 

effectiveness of robotic automation. Algorithm 

3 demonstrates how to manage both threats to safeguard the 

business automation process.  
Algorithm 3: Robotic adversarial threat detection for securing 

the ORPABPM 

1. Initialization: { ܵூ : Sensory inputs; ைܲ : Planning 

outputs; ܣ஻௟ : Detection of blindspot attack; ௉௅ܣ  : 

Detection of planner attack; ௔ܶௗ : Threshold for 

anomaly detection; ܪ௔௦ : Historical data for normal 

sensory inputs; ܪ௡௣ : Historical data for normal 

planning outputs; ܣ௦௖ : Anomaly score; ܣ: Anomaly; ܥௗ: Current data; ܪௗ: Historical data} 

2. Input: {ܵூ; ைܲ} 

3. Output: {ܣ஻௟; ܣ௉௅} 

4. Detect ܵூ & ܪ௔௦ 

5. Calculate ܣ௦௖ ← ܵூ 
6. Calculate ܣ௦௖(ܣ஻௟) = ܵூ +  ௔௦ܪ

7. If ܣ௦௖(ܣ஻௟) > ௔ܶௗ then 

8.     Detect ܣ௦௖(ܣ஻௟) ∈   ܣ

9.      Else ܣ௦௖(ܣ஻௟)∄ ܣ 

10.               Detect ைܲ & ܪ௡௣ 

11.               Calculate  ܣ௦௖ ← ைܲ 

12.               Calculate ܣ௦௖(ܣ௉௅) = ைܲ +  ௡௣ܪ

13.       End-Else 

14. End-If 

15. If ܣ௦௖(ܣ௉௅) > ௔ܶௗ then 

16.     Detect ܣ௦௖(ܣ௉௅) ∈   ܣ

17.     Else ܣ௦௖(ܣ௉௅)∄ ܣ 

18.              Initiate ܣ௦௖(ܥௗ ,  (ௗܪ

19.      End-Else 

20. End-If 

21. Calculate ܦ = √∑ (஼೏−ு೏)2೏೛೔=1ௗ೛−1   //** calculate deviation 
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ܦ  between Current data ܥௗ  and historical data ܪௗ 

using data point ݀௣  

22. Normalize ܦ for obtaining ܣ௦௖   

23. Perform ܣ௦௖ =  Normalize :ܰ **// (ܦ)ܰ

24. Found ܣ௦௖  

25. Process (ܵூ & ைܲ)  

26. Detect ܣ஻௟ (ܵூ ,  (௔௦ܪ

27. Detect ܣ௉௅ ( ைܲ,  (௡௣ܪ

28. If ܣ஻௟ =(݈݃ + ∗∗// ஻௟ ) thenܣ  ݈݃: Log 

29.     Adjust ܵூ to ܣ௠ //** ܣ௠:  mitigate attack 

30. End-If 

31. If ܣ௉௅==(݈݃ +   ௉௅ ) thenܣ

32.     Adjust ைܲ to ܣ௠  

33.     Update  ܪ௔௦ with ܥ(ܵூ)//** ܥ: Current 

34.     Update ܪ௡௣ with  ܥ( ைܲ) 

35. End if 

  

Algorithm 3 detects malicious threats in a robotic system. The 

algorithm starts with variable initialization, which comprises 

planning outputs, sensory inputs, thresholds for detecting 

anomalies, history data for planning outputs and sensory 

inputs, anomaly scores, anomalies, current data, and historical 

data. They also include the detection of blind spots and 

planned attacks. Planning outputs and sensory inputs make up 

the input. The outcome is the identification of planner and 

blinspot attacks. The first step of the procedure is to identify 

sensory inputs and contrast them with previous sensory data. 

The sensory inputs are used to calculate an anomaly score. 

Then, to determine whether this score surpasses the 

predetermined threshold for anomaly detection, it is coupled 

with the past sensory data. A blindspot attack may be indicated 

if the anomaly score for the sensory inputs is higher than the 

threshold, showing the presence of an abnormality. The 

algorithm then looks for planning outputs and compares them 

with previous planning data if it doesn't go above the 

threshold. The historical planning data is merged with the 

derived anomaly score for planned outcomes. A discovered 

anomaly, suggesting a planned attack, is indicated if this 

anomaly score is greater than the threshold. The algorithm 

establishes the previous and current data for processing if it 

falls below the threshold. Using a certain calculation, the 

difference between the historical and current data is computed. 

The final anomaly score is then calculated by normalizing this 

divergence. To find any blind spots or planned attacks, the 

normalized anomaly score is calculated. To counteract a 

blindspot attack, the system recognizes the occurrence and 

modifies the sensory inputs. The system observes the 

occurrence and modifies the planning outputs to mitigate the 

planner attack if one is found. The present sensory inputs and 

planning outputs are updated concerning the past sensory data 

and planning data. To guarantee ongoing adversarial threat 

identification and mitigation in the robotic system, this 

approach is repeated iteratively. To adapt to changing 

conditions and increase the accuracy of threat detection, the 

algorithm maintains a process that receives sensory inputs and 

planning outputs, finds abnormalities, and updates historical 

data.

 
Fig 7. Closed-loop learning-based control architecture integrating sensing, policy adaptation, and actuator feedback 

 

4.3.1.   ROBOT MONITORING FOR AUTOMATION DATA 

One of the major challenges in business monitoring is 

managing the vast amount of data generated daily by robots. 

It is crucial to not only access the precise data needed but also 

ensure it is readily available when required. The specific type 

of business information necessary can vary depending on the 

observer. For instance, a mechatronics engineer might need to 

investigate issues such as why a robot occasionally loses 



 

8  

balance, shuts down unexpectedly, or fails to grasp certain 

objects. Identifying these data points is essential for 

pinpointing potential areas of improvement within the broader 

business automation process. To address this challenge, robots 

can offer customizable monitoring options. Users can tailor 

their monitoring interface by adding or removing widgets that 

display specific telemetry streams. This customization is 

facilitated using HTML, JavaScript, and CSS, which are 

employed to create intuitive visualizations. Such 

configurations ensure that all essential information is not only 

visible at a glance but also organized in a manner that 

highlights the most relevant data according to user needs. This 

method significantly enhances data management capabilities, 

ensuring that vital insights are always accessible, which is 

crucial for quick decision-making and ongoing process 

optimization. In this system, we monitor the residuals for both 

continuous and discrete variables associated with every task 

performed by robots under Business Process Management 

(BPM), considering a series of input events (ܧ௜௡௣௨௧). We 

diligently track the time series of both the input tasks (∇ݑ, ∇ư ) and outputs (ܱ, Ȏ)  that robots generate for BPM. 

This rigorous tracking facilitates effective monitoring, which, 

in turn, leads to measurable energy savings in robotic ܯ௘௙(ݎ)  

operations. These savings can be quantified using the 

following mathematical expression: ࢌࢋࡹ(࢘) = ∑ )௜,௞ݑ∇)) ௧ܶ) − ∇ư௜,௞( ௧ܶ௞)))2ா೔೙೛ೠ೟
௜=1+ ∑ (O௜,௞( ௧ܶ) − Ȏ௜,௞( ௧ܶ௞))2ா೔೙೛ೠ೟′

௜=1      (56) 

where ࢑࢚ࢀ denotes the total number of tasks performed by the 

robot during each event, and (࢚࢛࢖࢔࢏ࡱ′) indicates the number 

of erroneous input events. Equation (56) allows us to 

effectively measure the precision and energy efficiency of the 

robotic tasks, highlighting the difference between expected 

and actual outputs, thereby aiding in the continuous 

improvement of energy management within the robotic 

processes. 

4.3.2. EFFICIENT CUSTOMER EXPERIENCE 

When considering technological investments, firms prioritize 

enhancing customer experience and boosting productivity. 

Intelligent automation emerges as a pivotal solution, capable 

of addressing critical bottlenecks in business processes and 

reinventing current operational frameworks. Key benefits 

include: 

▪ Businesses can significantly cut costs by automating 

mundane tasks traditionally assigned to personnel, such 

as data entry and management. This shift not only saves 

money but also reallocates human resources to more 

strategic initiatives. 

▪ By automating routine office procedures, such as paper 

filing, companies can free up valuable resources and time. 

This efficiency gain allows staff to focus on more critical 

projects, enhancing overall productivity and job 

satisfaction. 

▪ Over half of businesses recognize that BPA substantially 

reduces workflow errors. By minimizing the risk of 

human mistakes, companies enhance reliability and 

improve operational quality. 

▪ Intelligent automation facilitates faster processing of 

service information, enabling businesses to respond to 

customer needs more promptly and effectively. This 

improvement in service delivery can significantly 

enhance customer experience, fostering loyalty and 

satisfaction. Intelligent automation not only streamlines 

operations but also supports businesses in achieving a 

competitive advantage by enhancing efficiency and 

customer interaction. For the given statement about 

intelligent automation enhancing service delivery and 

customer experience, we can mathematically model the 

impact of automation on service efficiency and customer 

satisfaction. The reduction in processing time due to 

intelligent automation can be given by the equation: 

 ∆ܶ = ௜ܶ௡௜௧ (1 − 1 Ğ⁄ )                    (57) 

Improvement in customer satisfaction due to decreased 

processing times is: ∆ܵ = .௥ݎ݌ ∆ܶ = ௥ݎ݌ . ௜ܶ௡௜௧ (1 − 1 Ğ⁄ )                      (58) 
The final customer satisfaction can be described as: 

௙ܵ௜௡௔௟ = ௜ܵ௡௜௧ + ∆ܵ                      (59) 

Now, integrating these into a single equation also accounts for 

a competitive advantage ܥ஺, we get: ܥݏ஺ = )௜௦௧ܥ ௜ܵ௡௜௧ + ௥ݎ݌ . ௜ܶ௡௜௧)(1 − 1/Ğ))+ ݁௣௥ . ௜ܶ௡௜௧(1/Ğ)                                   (60) 

where ௜ܶ௡௜௧ is the initial average processing time for service 

requests,  ௜ܵ௡௜௧  is the initial customer satisfaction index, Ğ 
denotes the factor by which processing speed is enhanced due 

to automation, ݎ݌௥  represents a coefficient representing the 

impact of reduced processing time on customer satisfaction, ܥ௜௦௧  is a parameter that quantifies the direct impact of 

improved customer satisfaction on competitive advantage, and ݁௣௥  is a parameter that quantifies the impact of reduced 

processing time on overall efficiency, influencing competitive 

advantage. The equation (60) models competitive advantage ܥ஺ as a function of initial customer satisfaction ௜ܵ௡௜௧ , enhanced 

by the product of a satisfaction impact constant ݎ݌௥  and the 

reduction in processing time, plus a factor ݁௣௥  times the 

inverse of the processing time improvement, which represents 

efficiency gains. This formulation not only accounts for the 

direct benefits of automation on service delivery speed and 

customer satisfaction but also reflects how these 

improvements contribute to a broader competitive advantage 

by enhancing business efficiency and interaction quality. This 

model effectively combines several dimensions of business 

improvements due to intelligent automation into a single, 

quantifiable expression. 
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5. EXPERIMENTAL RESULTS 

In this study, we developed a hybrid model that integrates both 

discrete and continuous characteristics to assess 

manufacturing system productivity and machine operations in 

real-time. We utilized deterministic systems with continuous 

dynamics to model robot operations, as detailed in reference 

[40]. This deterministic model was expanded to include the 

interactions of various components such as processors and 

buffers, allowing for a comprehensive examination of system-

level behavior. We developed a strong data-collecting strategy 

utilizing Internet of Things (IoT) technology to enable real-

time hybrid simulation, which is an inventive method for 

tracking and assessing industrial performance. Data was 

captured from an actual manufacturing testbed, specifically 

within the textiles industry, employing an IoT adaptor 

connected to a programmable logic controller (PLC). This 

setup enabled the temporary storage of performance 

monitoring variables on tags within the PLC.  Data acquisition 

was structured around the PLC scan rates, which determined 

the key timing steps, capturing data in discrete intervals. We 

simulated PLC activities using Rockwell Automation's 

RSEmulate, with the interface configured via SimKit 

software. In our MATLAB-based simulation, both discrete 

and continuous signals were retrieved from the PLC through a 

Rockwell Automation IoT adaptor, illustrating the seamless 

integration of these technologies. Further enhancing our 

model, PLC logic was adapted to monitor and control the 

operations of Computerized Numerical Control (CNC) 

machinery. This included managing transitions within the 

CNC through a binary signal initiated by the PLC, which 

started the machining task and the turnover device (TOD). 

Upon completion of the machining operation, the CNC sent a 

binary signal back to the PLC, prompting the TOD to cease 

operation. This experimental setup not only demonstrates the 

practical application of integrating IoT and PLC technologies 

in a real-world manufacturing environment but also highlights 

the potential of hybrid models in improving the efficiency and 

precision of industrial operations. Table 2 organizes complex 

information about the experimental setup and methodologies 

used in the study, highlighting the integration of various 

technologies and approaches to improve industrial efficiency 

and productivity. 

Table2. Summary of modeling parameters, technologies, and purposes used in the proposed manufacturing system framework

Parameters Description 

Technology/Method 

Used Purpose 

Model Type 

Hybrid model integrating 

discrete and continuous 

characteristics 

Deterministic systems, 

MATLAB 

To assess manufacturing 

productivity and machine 

operations in real-time 

System Components 

Robots, processors, and 

buffers 

Deterministic continuous 

dynamics 

To model operations and 

interactions within the 

manufacturing system 

Simulation Technology 

Real-time hybrid 

simulation 

IoT, PLC, RSEmulate, 

SimKit 

For monitoring and 

evaluating manufacturing 

performance 

Data Collection Strategy 

Utilized IoT technology for 

robust data acquisition IoT adaptor, PLC 

To capture real-time data 

from manufacturing 

processes 

Industry Focus Textiles industry 

Actual manufacturing 

testbed 

Contextual 

implementation of the 

model 

Data Storage 

Temporary storage of 

performance monitoring 

variables PLC tags 

To facilitate intermediate 

data handling 

Data Acquisition Timing 

Structured around PLC 

scan rates PLC 

To determine the timing for 

capturing data in discrete 

intervals 

Interface Configuration 

Configured to integrate 

with the manufacturing 

system RSEmulate, SimKit 

To simulate PLC activities 

effectively 



 

8  

Signal Integration 

Both discrete and 

continuous signals 

retrieved 

Rockwell Automation IoT 

adaptor 

To integrate data retrieval 

seamlessly 

Control Operations 

PLC logic adapted to 

monitor and control CNC 

machinery operations PLC, CNC 

 

Machine Operation 

Management 

Managing transitions 

within the CNC through 

binary signals Binary Signals, PLC 

To start and stop CNC 

tasks effectively 

Task and Turnover Device 

Transition management for 

machining tasks and 

turnover device (TOD) PLC, Binary signal 

To coordinate operations 

between CNC and TOD 

Experimental Setup 

Demonstrates practical 

application of IoT and PLC 

integration in a real-world 

manufacturing 

environment IoT, PLC, CNC 

To demonstrate the 

effectiveness of hybrid 

models in industrial 

operations 

5.1. PERFORMANCE EVALUATION 

Univariate and multivariate analysis of several performance 

variables is conducted to use as the foundation for the 

proposed approach, ORPABPM. We tracked cycle times for 

CNC, or the amount of time the machine is processing a part 

when in the "Busy" state.  Robots' monitoring time is observed 

while completing pick-and-place tasks. SimMechanics is used 

to model machine dynamics. The 6-DoF robotics has been 

developed. The trajectory criteria for a certain activity are also 

carefully observed using MATLAB Robotics Toolbox. A PLC 

function is used for control purposes to manage an automated 

manufacturing process by coordinating tasks based on 

input/output signals. In a memory region called "tags," data 

from sensors and devices can be temporarily preserved. 

Furthermore, the binary or numeric values needed for 

performance analysis can be stored in tags. Based on the 

results, the state-of-the-art parameters have been evaluated 

(accuracy, energy efficiency, error rate, and throughput 

efficiency). 

5.1.1. ACCURACY 

The degree to which robots execute activities accurately and 

precisely by predetermined norms and expectations is 

referred to as accuracy when performing business tasks. It 

includes the proportion of jobs successfully finished without 

errors or requiring human assistance, the frequency of errors 

or variations from the intended results, and the performance 

consistency over time. It also entails following company 

rules, quality standards, and industry-specific laws to 

guarantee the accuracy and dependability of any data 

processed, saved, or sent by robots. It's critical to execute 

activities precisely, particularly those involving fine motor 

skills or delicate manipulations, and to do them within the 

allotted time range without sacrificing quality or precision. 

The accuracy of five distinct methods: (RFIDTS, ISWMS, 

AIWCMS, RPABPM, and ORPABPM) across a range of 

completed jobs, from 0 to 30,000, is shown in Figure 8A. 

The number of tasks completed is represented by the x-axis, 

and the accuracy percentage, which ranges from 98.0% to 

100%, is represented by the y-axis.  All methods demonstrate 

an increase in accuracy as the number of tasks rises. RFIDTS 

eventually increases to about 99.5% after starting with about 

98.4%. Starting at almost 98.5%, AIWCMS increases to over 

99.7%. ISWMS rises to roughly 99.3% from a starting point 

of about 98.6%. RPABPM exhibits a greater early accuracy, 

peaking at 99.9% after beginning at 99.1%. Our proposed 

ORPABPM method regularly performs better than the 

others. As the number of tasks increases, it steadily rises 

from a starting point of 99.95% to a stable 100%. This steady 

high accuracy is evidence of the precision and robustness of 

the approach. The accuracy of a variety of completed tasks, 

from 0 to 70,000, is displayed in Figure 8B. The accuracy 

percentage, which ranges from 96.0% to 100%, is shown on 

the y-axis, while the x-axis indicates the number of tasks 

completed. All approaches show varied degrees of accuracy 

improvement as the number of tasks grows. RFIDTS 

eventually rises to about 98.5% from a starting point of about 

96.4%. AIWCMS starts at roughly 96.6% and rises to over 

98.7%. ISWMS rises to roughly 98.9% from a starting point 

of about 96.8%. RPABPM exhibits a higher early accuracy, 

peaking at 99.3% after beginning at 97.0%. 

Our proposed ORPABPM method consistently achieves the 

best accuracy across the board for all activities. It begins at 

99.9% and stays steady at 100% even though the number of 

tasks gets closer to 70,000. The ORPABPM approach's 

resilience and reliability are demonstrated by its consistently 

high accuracy. There are other reasons behind ORPABPM's 

higher accuracy. It probably incorporates precise error 

detection and correction systems, guaranteeing that jobs are 

finished with the fewest possible mistakes. The strategy might 
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include real-time feedback and monitoring technologies that 

provide quick corrections and ongoing learning, improving the 

accuracy of task execution. Furthermore, ORPABPM may 

make use of optimized task processing methods, like effective 

resource allocation and data management, which lower error 

rates while preserving high precision. Collectively, these 

cutting-edge capabilities provide ORPABPM an advantage 

over other approaches in achieving and maintaining near-

perfect accuracy. The accuracy of the robot ܣ௥  after 

planner/blind spot attacks can be determined as follows: ܣ௥ = (݅)௥ܣ − .௥௔ܣ)  ௡)                                                        (61)ܣ

where ܣ௥(݅) denotes the initial accuracy when no attacks are 

launched, ܣ௥௔ is the rate of accuracy decay per attack, and ܣ௡ 

is the number of blindspot/planner attacks. 
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Fig 8A. Accuracy of the proposed ORPABPM and competing 

methods RFIDTS, ISWMS, AIWCMS, and RPABPM with a 

maximum of 36000 performed tasks, B. Accuracy of the 

proposed ORPABPM and competing methods RFIDTS, 

ISWMS, AIWCMS, and RPABPM with a maximum of 72000 

performed tasks 

 

5.1.2. ENERGY EFFICIENCY 

The energy efficiency of robots during task execution is 

determined by the ratio of the number of tasks finished to the 

energy used. This metric shows how well a robot uses energy 

to carry out its tasks. A robot with high energy efficiency can 

carry out a lot of activities with little energy consumption, 

which reflects outstanding efficiency and resource 

management. The robot's task execution algorithms, resource 

management strategies, real-time monitoring, and adaptive 

modifications are some of the factors that affect energy 

efficiency. Robots that are efficient use less energy and 

complete tasks faster, which leads to more economical and 

sustainable operations. The correlation between power 

consumption (measured in kilowatt-hours, KWH) and the 

number of tasks completed by robots utilizing various 

methodologies, including RPABPM, ORPABPM, RFIDTS, 

AIWCMS, and ISWMS, is depicted in Figure 9A. Power 

usage is represented by the x-axis, which ranges from 0 to 117 

KWH, and the number of jobs completed is represented by the 

y-axis, which ranges from 0 to 40,000. With a maximum 

workday of two hours and an hourly power usage of 0.14 kW, 

each robot can consume up to 0.84 KWH of power every day. 

Figure 9B illustrates how, for all methodologies, the number 

of jobs completed rises in tandem with power consumption. 

Methods differ in terms of efficiency when it comes to the 

number of tasks completed per unit of power used. Starting 

lower on the curve, RFIDTS progressively rises to a peak of 

20,000 tasks at 117 KWH. The rise in AIWCMS is more 

pronounced, reaching about 25,000 tasks at 117 KWH. At 

117 KWH, ISWMS shows a moderate improvement, 

completing about 28,000 tasks. RPABPM has improved 

significantly, achieving around 32,000 jobs at 117 KWH. 

Our proposed ORPABPM method has the best efficiency, 

completing roughly 38,000 jobs at 117 KWH. The 

correlation between energy efficiency (measured in 

kilowatt-hours, KWH) and the number of activities 

completed by robots utilizing various methodologies, 

including RFIDTS, ISWMS, AIWCMS, RPABPM, and 

ORPABPM, is depicted in Figure 8(b). Power usage is 

indicated by the x-axis, which ranges from 0 to 135 KWH, 

and the number of jobs completed is represented by the y-

axis, which ranges from 0 to 47,000. With a maximum 

workday of six hours and an hourly rate of 0.14 kW, each 

robot can consume up to 0.84 KWH of power every day.  

For all approaches, the number of activities completed rises 

with power usage, although their efficiency differs: Starting at 

a lower point on the curve, RFIDTS performs around 19,000 

tasks at 135 KWH. The rise in AIWCMS is more pronounced, 

reaching about 25,000 tasks at 135 KWH. The ISWMS has 
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shown some improvement, completing about 28,000 tasks at 

135 KWH. RPABPM has improved significantly, hitting 

around 33,000 jobs at 135 KWH. Our proposed method, 

ORPABPM, has the best efficiency, completing roughly 

41,000 jobs at 135 KWH. Multiple components contribute to 

ORPABPM's high energy efficiency performance. It probably 

incorporates cutting-edge algorithms that maximize task 

performance and lower the amount of energy needed for each 

activity. The strategy may also make use of effective resource 

management strategies, guaranteeing that energy usage is kept 

to a minimum while job throughput is maximized. 

Furthermore, as tasks become more complicated, ORPABPM 

may include adaptive modifications and real-time monitoring 

to maintain high accuracy and efficiency. 

 

 

Fig 9A. 117 KWH of power consumption utilizing the 

proposed ORPABPM and competing approaches: RFIDTS, 

ISWMS, AIWCMS, and RPABPM for a maximum of 40000 

completed tasks, B. 135 KWH of power consumption 

utilizing the proposed ORPABPM and competing 

approaches: RFIDTS, ISWMS, AIWCMS, and RPABPM 

for a maximum of 47000 completed tasks 

 

When compared to the other approaches, ORPABPM can do 

a notably greater number of tasks per unit of energy 

consumed because of these properties together. The energy 

efficiency ܴ௘௘ can be calculated as follows: ܴ௘௘ = ܴ௧௣ܴ௖௘                                                                           (62) 

where ܴ௧௣ denotes the energy efficiency of the robot when 

performing tasks, and ܴ௖௘  is the energy consumed in 

kilowatt-hours (KWH) 

5.1.3.  ERROR RATE 

Figure 10A shows the error rate as an indicator of the number 

of attacks that are launched through a blind spot. RFIDTS, 

RPABPM, AIWCMS, ORPABPM, and ISWMS demonstrate 

different error rates. Each line illustrates how the error rate 

rises with the number of attacks, demonstrating the robustness 

and efficiency of any approach against blind spot attacks. 

When it comes to blind spot attacks, the proposed ORPABPM 

outperforms the other approaches with the lowest error rate 

across all attack rates. Both RPABPM and ISWMS exhibit 

moderate increases in error rates; however, RPABPM exhibits 

a marginally greater error rate than ISWMS. RFIDTS has the 

highest error rate among the approaches under consideration, 

indicating that it is the most vulnerable to blind spot attacks. 

A critical study of these results indicates that ORPABPM is 

the most effective defense approach against blind spot attacks, 

consistently achieving the lowest mistake rates. AIWCMS 

also works well, however, it is less robust than ORPABPM. 

ISWMS and RPABPM are reasonably effective, but their 

efficacy degrades faster as the number of attacks grows. 

RFIDTS exhibits the least resilience, with an instant rise in 

error rate, indicating great vulnerability to blind spot attacks. 

The efficiency of these defense systems appears to be heavily 

reliant on their capacity to manage and mitigate the specific 

risks provided by blind spot attacks, with ORPABPM 

emerging as the most dependable strategy. Figure 10B depicts 

the error rate as a percentage of the total number of planner 

attacks launched for the approaches (ORPABPM, AIWCMS, 

ISWMS, RPABPM, and RFIDTS). 

The error rate for all approaches increases as more planner 

attacks are executed. The error rates for 200 attacks are 

approximately 0.015% for ORPABPM, 0.02% for AIWCMS, 

0.025 for ISWMS, 0.03% for RPABPM, and 0.035% for 

RFIDTS. For 600 attacks, RPABPM has an error rate of about 

0.04%, RFIDTS about 0.05%, AIWCMS about 0.03%, 

ISWMS about 0.035, and ORPABPM about 0.02%. The error 

rates for ORPABPM, AIWCMS, ISWMS, RPABPM, and 

RFIDTS are approximately 0.03%, 0.045%, 0.05%, and 

0.065%, respectively, for 1000 attacks. The error rate for 1400 

attacks is roughly 0.035% for ORPABPM, 0.055% for 

AIWCMS, 0.06% for ISWMS, 0.065% for RPABPM, and 

0.075% for RFIDTS. The approximate error rates for 



 

8  

ORPABPM, AIWCMS, ISWMS, RPABPM, and RFIDTS for 

1800 attacks are 0.04%, 0.065%, 0.07%, and 0.09%, 

respectively. These statistical findings show that ORPABPM 

is more resilient than other planner attacks, continuously 

maintaining the lowest error rates under escalating planner 

attacks. Following with moderate error rates, AIWCMS 

performs better than RFIDTS, RPABPM, and ISWMS. The 

error rates of ISWMS and RPABPM are comparable, with 

ISWMS outperforming it by a small margin. The largest error 

rates are observed in RFIDTS, demonstrating a high degree of 

vulnerability to planner attacks. 

 

 

Fig 10A. Error rate of proposed ORPABPM and competing 

approaches: RFIDTS, ISWMS, AIWCMS, and RPABPM 

using blindspot attack, B. Error rate of proposed ORPABPM 

and competing approaches: RFIDTS, ISWMS, AIWCMS, and 

RPABPM using planner attack 

The different levels of robustness among the various 

approaches are highlighted by the steady increase in error rates 

with the number of attacks, where ORPABPM is the most 

effective and RFIDTS is the least effective. Error rate ܧ௥  can 

be calculated as follows: ܧ௥ = ௥௜ܧ + ߬.  ௡                                                        (63)ܣ

where ܧ௥௜ is the initial error rate when no attacks are launched, 

and ߬ denotes the rate of increase in the error rate per attack. 

5.1.4. THROUGHPUT EFFICIENCY 

Figure 11A illustrates the efficacy of the proposed ORPABPM 

technique. It commences at 100% throughput efficiency with 

zero jobs completed and progressively declines to 

approximately 95% after 40,000 tasks. This signifies that 

ORPABPM sustains superior efficiency relative to alternative 

protocols, even with escalating workloads. Figure 11B depicts 

the RPABPM protocol. Commencing at approximately 97% 

throughput efficiency, its performance progressively 

diminishes to roughly 88% following 40,000 tasks. The 

decline is more pronounced than ORPABPM. Figure 11C 

illustrates the RFIDTS protocol. It commences with a 

throughput efficiency of 95% and diminishes to roughly 85% 

following 40,000 tasks.  This persistent decline suggests that, 

although initially robust, RFIDTS diminishes in efficiency 

more rapidly than ORPABPM and RPABPM as task volume 

escalates. Figure 11D illustrates the ISWMS procedure. It 

commences at 94% efficiency and declines to approximately 

83% upon the completion of 40,000 tasks. This indicates a 

greater efficiency loss relative to the other protocols, implying 

diminished scalability under substantial workloads. Figure 

11E illustrates the AIWCMS protocol. Commencing at 96% 

efficiency, it diminishes to approximately 86% following 

40,000 tasks. The performance is situated between RFIDTS 

and RPABPM, signifying intermediate efficiency 

preservation under substantial load. Figure 11F amalgamates 

all five methods for direct comparison. ORPABPM routinely 

surpasses its competitors, maintaining a performance level 

over 95% even under extreme workload conditions. 

RPABPM, RFIDTS, ISWMS, and AIWCMS all exhibit a 

more pronounced drop, with ISWMS demonstrating the 

lowest efficiency at approximately 83%. This integrated 

perspective emphasizes the enhanced throughput efficiency 

and resilience of the proposed ORPABPM protocol. 
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Fig 11A-F. Throughput efficiency across ORPABPM, RPABPM, RFIDTS, ISWMS, and AIWCMS protocols for 0–40,000 

completed tasks. The proposed ORPABPM demonstrates the highest performance, sustaining efficiency from 100% to 95%, 

while RPABPM, RFIDTS, AIWCMS, and ISWMS exhibit sharp declines to 88%, 85%, 86%, and 83%, respectively 

 

5.1.5. STATISTICAL VALIDATION AND ABLATION STUDY 

Figure 12 presents the ablation and statistical evaluation of the 

complete ORPABPM framework and three reduced variants 

over 10 independent runs. As can be seen in Fig. 12 (a), the 

full ORPABPM achieves the highest accuracy of 99.24%, 

which is higher than 98.00% without EEAR, 98.40% without 

RATD, and 98.24% without adaptive learning. The narrow 

95% confidence intervals indicate that the performance was 

stable over the independent runs. The Bonferroni-adjusted 

comparisons indicate that all differences are statistically 

significant (p < 0.001). Figure 12 (b) shows that the complete 

framework provides the highest energy efficiency of 340.4 

tasks/kWh. The largest reduction is obtained by removing 

EEAR, where energy efficiency drops to 273.9 tasks/kWh. 

The variants without RATD and adaptive learning get 315.5 

and 300.9 tasks/kWh, respectively. These results confirm 

EEAR is the main contributor to energy-aware robotic 

operation, but RATD and adaptive learning also contribute to 

efficiency improvements. In Fig. 12 (c), complete ORPABPM 

achieves a throughput efficiency of 95.1%. This value 

decreases to 89.5% without EEAR, 92.0% without RATD, 

and 90.7% without adaptive learning. Therefore, all three 

components contribute to efficient task processing, with 

EEAR and adaptive learning producing the largest 

improvements in throughput under the evaluated workload. 

Figure 12(d) evaluates resilience against blind-spot and 

planner attacks. Complete ORPABPM achieves 96.6% attack 

resilience, whereas removing RATD reduces resilience to 

87.5%, representing the largest security-related degradation. 

The framework without EEAR achieves 93.9%, while the 

variant without adaptive learning obtains 91.5%. These results 

indicate that RATD is necessary for attack detection and 

mitigation and adaptive learning improves the framework’s 
ability to respond to changing adversarial environments. The 

heatmap in Fig. 12(e) provides a component-level 

interpretation of the performance losses. Without EEAR, the 

largest energy-efficiency loss is 19.0%, and the throughput 

reduction is 5.9%. The largest loss of attack-resilience is due 

to the removal of RATD, at 8.9%, while the removal of 

adaptive learning results in reductions in energy efficiency, 

throughput and resilience of 11.7%, 4.5% and 5.1% 

respectively. Thus, each component has its unique functional 

contribution: EEAR mainly enhances energy utilization; 

RATD offers security protection; adaptive learning facilitates 

performance optimization and operational adaptation. Finally, 

Fig. 12 (f) reports Cohen’s d effect sizes between each ablation 
variant and complete ORPABPM. All effect sizes exceed the 

conventional large-effect threshold of d = 0.8 and range from 

2.7 to 8.7. The largest effects are observed for removing 

EEAR from the energy-efficiency evaluation (d = 8.7) and 

removing RATD from the attack-resilience evaluation (d = 

8.2). Together with the adjusted significance results, these 

large effect sizes demonstrate that the improvements produced 

by the complete framework are statistically significant and 

practically substantial. 
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Figure 12. Ablation and statistical validation of the proposed ORPABPM framework over 10 independent runs: (a) task-execution 

accuracy, (b) energy efficiency, (c) throughput efficiency, (d) resilience against adversarial attacks, (e) relative performance 

degradation caused by removing individual components, and (f) Cohen’s d effect sizes for comparisons with the complete 
ORPABPM framework. Bars represent mean values with 95% confidence intervals. Statistical significance was determined using 

Bonferroni-adjusted comparisons (p < 0.05, *p < 0.01, and p < 0.001

6. DISCUSSION OF RESULTS 

The primary advantage of the ORPABPM architecture 

that has been suggested is its pragmatic approach to 

incorporating ORPA into BPM systems. This strategy 

makes it easier for ORPA to be adopted and implemented 

in companies with pre-existing BPM infrastructures and 

expertise. In contrast to ad hoc approaches, which 

necessitate customized development, businesses can 

make use of and build upon the structured  ORPABPM 

lifecycle, improving scalability and lowering the risk of 

project failures by utilizing tried-and-true BPM processes 

and technologies. By utilizing the comprehensive process 

information generated throughout the BPM lifecycle, the 

integration of ORPA with BPM not only makes the most 

of already existing BPM assets but also solves major 

drawbacks of independent ORPA systems.  This 

integration allows for the management of various ORPA 

processes, enhancing scalability and operational 

efficiency. The information generated in the analysis and 

enactment phases of BPM is crucial for identifying 

opportunities to develop new ORPA applications or 

refine existing ones. BPM’s established documentation 
and standards further support process optimization and 

consistency across non-ORPA-controlled processes. 

Using established BPM methodologies and technologies, 

which have been rigorously tested and proven, greatly 

reduces the risk of project failures. BPM's scalability 

allows for effective management across multiple 

processes, and its full integration with ORPA ensures that 

various ORPA tasks can be scaled accordingly. The 

ORPA-aware lifecycle not only addresses some 

traditional limitations of ORPA by utilizing the detailed 

process information generated during the BPM lifecycle 

but also provides a foundation for identifying and refining 

ORPA processes. Furthermore, the ORPA-aware 

lifecycle considerably lessens typical ORPA difficulties. 

By standardizing answers to business exceptions, BPM's 

strong exception-handling capabilities, for example, 

lessen the load on employees. Furthermore, RPA process 

faults can be identified and fixed more quickly thanks to 

BPM's technological tools, which promote more 

dependable and error-free operations. Notwithstanding 

these advantages, it is important to pay attention to a few 
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ORPABPM approach drawbacks. The framework falls 

short in addressing essential organizational culture 

modifications including role reorganizations and staff 

training. Incorporating ORPA into BPM successfully 

necessitates not just technological integration but also 

making sure that staff members are ready and receptive of 

the change. The ability for ORPABPM to reach its 

maximum efficacy may be hampered if these human 

variables are not taken into consideration. Although the 

ORPABPM paradigm automates processes to improve 

overall process management, it does not provide solutions 

tailored to ORPA needs. Not enough attention is paid to 

issues like specific testing settings for ORPA processes. 

This may have an impact on the ORPA systems' resilience 

and flexibility to changing operating environments. There 

are currently no sophisticated tools in the lifecycle that are 

designed to handle exceptions and errors unique to ORPA 

procedures. This mistake can make it more difficult for 

the system to deal with unforeseen problems unique to 

ORPA. When it comes to laying out clear expectations 

and getting the system ready for smooth integration and 

operation, the ORPABPM approach falls short in the pre-

implementation stages. In summary, the comparison 

results in Table 3 demonstrate that the ORPABPM 

framework is a considerable improvement over current 

techniques; however, resolving these limitations could 

improve the framework's applicability and efficacy in a 

variety of business situations. Subsequent improvements 

ought to concentrate on incorporating all-encompassing 

strategies for managing organizational transformation, 

creating solutions tailored specifically for ORPA, and 

improving specificity and documentation across the 

whole lifecycle.  

    Table 3.  Comparative performance of the proposed ORPABPM and contending approaches 

Approaches 

Accuracy 

with 

36000 

tasks 

Accuracy 

with Max: 

72000 

tasks 

Error Rate 

with 

Blindspot 

Attack 

Error 

Rate 

with 

Planner 

Attack 

Completed 

Tasks with 

Max: 117 

(KWH) Power 

Consumption 

Completed 

Tasks with 

Max: 135 

(KWH) Power 

Consumption 

ORPABPM 99.7% 99.3% 0.035% 0.053% 35,000 46,000 

AIWCMS 99.5% 96.8% 0.06% 0.068% 28,000 36,000 

ISWMS 99.3% 96.1% 0.07% 0.078% 24,000 33,000 

RPABPM 99.6% 97.0% 0.08% 0.081% 22,000 30,000 

RFIDTS 98.7% 95.4% 0.09% 0.091% 14,000 18,000 

 

7. CONCLUSION AND RESEARCH IMPLICATIONS 

This section highlights the suggested approach's overall 

outcome as well as its implications. 

A. CONCLUSION  

This study has shown how ORPA and BPM may work 

together with a complete solution that includes five essential 

stages: strategic design, strategic business modeling, robot 

control, robot monitoring for automation data, and efficient 

customer experience. For business processes to successfully 

automate and achieve energy efficiency, several stages are 

essential. Using synergies that improve the technology and 

methodology of BPM tools, our strategy integrates ORPA 

into the larger BPM framework. We have verified the 

technological viability of smoothly incorporating ORPA 

activities into current BPM systems with the least amount of 

disturbance, preserving the integrity of business process 

management principles, using real-time testbed simulations. 

The proposed ORPABPM model not only facilitates more 

efficient automation but also significantly reduces energy 

consumption compared to other state-of-the-art methods: 

(RPABPM, ISWMS, AIWCMS, and RFIDTS). The EEAR 

algorithm automates business tasks and verifies increased 

energy efficiency. (Identifying energy-intensive processes, 

assessing present workflows, designing an ORPA solution, 

implementing ORPA in a real environment, monitoring, and 

evaluation) are the phases included in the EEAR. Better 

performance, enhanced functionality, and lower costs are 

ensured by employing a methodical problem-formation 

process to test the optimum integration of ORPA with BPM.  

Furthermore, two typical attacks that often cause the robotic 

automation process to fail (planner and blindspot) are 

addressed by employing the RATD algorithm. The RATD 

effectively detects these attacks in real-time to enhance 

system security. The robot's sensory inputs and decision-

making processes are continuously monitored and adjusted 

by the RATD algorithm, which ensures maximum 

effectiveness and protection against both attacks. The 

robustness and resilience of robotic automation are 

significantly increased by this contribution in a range of 

applications. The findings emphasize the potential of 

ORPABPM and prove that the proposed ORPABPM 

outperforms other state-of-the-art contending approaches in 

terms of accuracy, energy efficiency, and error rate. The 
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results provide more sustainable and efficient business 

practices. This study sets a foundation for future research in 

the integration of process automation technologies within 

industry settings, aiming at continuous improvement and 

innovation in process management. 

B. PRACTICAL AND RESEARCH IMPLICATIONS 

 Research and practical implications When integrating 

existing technologies and directing future advancements, 

ORPA and BPM are important factors to take into account. 

This is how the landscape might be shaped by these 

implications. 

i. PRACTICAL IMPLICATIONS 

The ORPABPM paradigm can be implemented by 

organizations to optimize their processes in a variety of 

areas. Businesses can lower operational expenses 

dramatically by implementing the five steps of design, 

modeling, execution, monitoring, and optimization. This 

approach not only increases efficiency but also yields 

significant energy savings. The testbed simulations show 

how ORPA can be successfully integrated into current BPM 

frameworks, and this can serve as a model for companies 

who want to improve their process automation without 

having to completely rebuild their systems. This concept 

provides a workable approach to smoothly and minimally 

disrupting the integration of advanced automation 

technology. The ORPABPM model's notable energy 

consumption decrease is consistent with companies' 

increasing need to adopt sustainable practices. Businesses 

can use this model to increase operational efficiency and 

make a positive impact on the environment. Organizations 

that use the ORPABPM paradigm can outperform those that 

stick with less integrated ORPA solutions or traditional 

BPM. Faster processing times, fewer errors, and cheaper 

operating expenses are examples of this benefit. 

ii. RESEARCH IMPLICATIONS 

The current study lays the groundwork for future 

investigations to test and improve the ORPABPM model in 

a range of sectors and organizational sizes. Future studies 

could examine the model's flexibility and scalability in 

various contexts. More advanced error management 

techniques and diagnostic tools that are tailored for 

combined ORPA-BPM systems are required. The 

improvement of automation systems' resilience and 

dependability could be the main goal of this field's research. 

Subsequent research endeavors ought to investigate the 

potential integration of nascent technologies, such as 

artificial intelligence and machine learning, with the 

ORPABPM framework. The creation of self-optimizing 

systems that dynamically adjust to shifting business contexts 

may result from this integration. The socio-technical effects 

of incorporating ORPA into BPM, particularly as they relate 

to workforce roles, skill needs, and organizational structure, 

should also be taken into account in research. Designing 

more effective transition strategies for technology adoption 

can be aided by an understanding of these shifts. To 

determine the precise advantages of the ORPABPM model 

over other cutting-edge technologies, such as the AI 

warehouse control and management system and the 

integrated solid waste management system, more 

comparative research is necessary. These kinds of studies 

may be useful in identifying the special qualities and 

situational benefits of the ORPABPM methodology. 

C. FUTURE WORK 

The incorporation of ORPA into BPM offers auspicious 

prospects for augmenting organizational functions. Future 

studies ought to concentrate on examining the integration's 

wider effects, especially as they relate to corporate 

workforce development and process enhancement. It is 

critical to comprehend how ORPA affects worker 

responsibilities, skill advancement, and organizational 

structure. Examining these relationships might help 

businesses better educate their personnel for the rapidly 

changing technology environment. Furthermore, even 

though ORPA greatly increases process dependability and 

efficiency, there is still cause for concern regarding the 

mistake rates in ORPA workflow executions. Subsequent 

research endeavors ought to explore the creation of 

specialized testing methodologies specifically designed for 

ORPA systems. Enhancing the resilience and dependability 

of ORPA installations, these strategies should seek to better 

identify, reduce, and manage failures. To predict and prevent 

problems before they impact workflow, research should be 

done on developing sophisticated diagnostic tools and 

procedures. In addition, as ORPA develops further, it will be 

important to look at how it works with newer technologies 

like machine learning and artificial intelligence. Further 

reduction of the amount of manual labor needed for process 

management and oversight could result from this 

investigation into intelligent ORPA solutions that can learn 

and adapt to new processes dynamically. Future research in 

these areas will push the frontiers of automation technology 

in business environments and help to better understand and 

develop ORPA implementations. Ensuring that ORPA 

implementations optimize operational savings and increase 

strategic results across sectors is contingent upon this trend. 
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