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Abstract—The paper proposes a new approach to the joint use of CPU, GPU, NPU, and FPGA resources of the EDGE platform to perform SLAM tasks, object detection, and control of a mobile robot in real time. This approach is based on formalized models for estimating computational load, energy consumption, delays, and hardware resource loading. This allows for adaptive distribution of tasks between available computing modules. In particular, it is established that there is no long-term increase in delays in task execution in the presence of a variable intensity of the incoming task flow. At the same time, the absence of a stable, uncontrolled increase in the number of deadline violations determines the ability of the proposed approach to adaptively redistribute tasks between the CPU, GPU, NPU, and FPGA. The nature of the energy consumption curve indicates adaptive distribution of tasks between the CPU, GPU, NPU, and FPGA. This ensures stable operation of the system without sharp energy overloads.
Index Terms—computational load distribution, EDGE platform, mobile robot, modern technologies, object detection, robotic systems
Introduction
The development of modern technologies based on autonomous mobile robots requires the simultaneous execution of resource-intensive tasks such as Simultaneous Localization and Mapping (SLAM) [1-3], computer vision [4], object detection and motion control in real time without the use of external computing services [5-7]. Various methods and approaches can be applied here [8-12]. However, the traditional use of only the central processor does not provide the required level of productivity and energy efficiency, which limits the capabilities of robotic systems when operating in complex dynamic environments [13, 14]. A promising direction for solving this problem is the joint use of the Central Processing Unit (CPU), Graphics Processing Unit (GPU), Neural Processing Unit (NPU) and Field-Programmable Gate Array (FPGA) resources of Edge Computing (EDGE) [15-20]. This allows distributing the computational load between specialized hardware modules according to the nature of the tasks being performed. At the same time, such an approach creates the prerequisites for increasing performance, reducing delays in decision-making, and ensuring the effective functioning of intelligent mobile robots. Therefore, the development of this approach is reflected in various studies.
Thus, in [21], FPGA-oriented computing in robotics is considered, in particular, hardware accelerators for different stages of the robotic conveyor. This makes it possible to increase productivity and energy efficiency in tasks with tight time constraints. However, this approach cannot be directly used for the proposed study, since the main emphasis is on FPGA acceleration, and not on adaptive multi-resource task distribution between all types of computing modules. 
In the study by S. Seok, D. J. Hyun, S. Park, D. Otten and S. Kim, emphasis is placed on the highly parallel architecture of the control system based on multicore CPU and FPGA for multi-stage robots [22]. This makes it possible to provide high-frequency synchronization of data processing from a large number of sensors and actuators. However, such a solution is mainly focused only on the control loop of multi-stage robots. At the same time, the possibility of simultaneous use of SLAM, neural network object detection, and dynamic task distribution between GPU and NPU is not sufficiently taken into account.
A. Podlubne and D. Göhringer investigate adaptive computing in robotics, including models, methods, and applications of heterogeneous computing elements [23]. However, such a review cannot be directly used as a ready-made method for the problem of joint use of CPU/GPU/NPU/FPGA resources of the EDGE platform. This is due to the fact that it is only generalizable and does not form a specific model of optimal distribution of SLAM, detection, and control taking into account delays, energy consumption, and current resource load. 
S. M. Sali, M. Meribout, and A. A. Majeed investigated FPGA-implementation of CNN for detection, classification, and tracking in autonomous systems [24]. This approach is mostly focused on FPGA-acceleration of CNN tasks. However, the proposed does not cover the complex distribution between CPU, GPU, NPU, and FPGA for simultaneous SLAM operation, object detection, planning, and control of a mobile robot.
In the work of L. Capogrosso, P. Bonazzi and M. Magno, a comparative analysis of EDGE and in-sensor AI processors, including heterogeneous System on Chip (SoC), neural accelerators and low-power architectures [25], was conducted. This allows us to assess the trade-off between latency, energy efficiency and performance for AI workloads on peripheral devices. However, this study focuses only on the comparative analysis of AI processors and in-sensor computing, and not on building an algorithm for dynamically assigning heterogeneous robotic tasks between hardware resources of the EDGE platform. 
In the study [26], an adaptive small-sized energy-efficient Neural Learning Unit for EDGE and IoT applications was developed. However, this solution describes a separate specialized neural hardware unit and does not solve the problem of system balancing between SLAM, computer vision, neural network inference and mobile robot control.
Thus, the above publications confirm the relevance of using heterogeneous, FPGA-oriented, neural network and energy-efficient edge computing in robotics. However, such studies do not fully solve the problem of joint use of CPU, GPU, NPU and FPGA resources of the EDGE platform for simultaneous SLAM execution, object detection and control of a mobile robot. This determines the need for a more detailed consideration of such an approach for its implementation, primarily in robotic systems. At the same time, to define and generalize the appropriate approach, it is advisable to provide a formalized and description of the joint combination of CPU, GPU, NPU and FPGA resources of EDGE platforms.
Formalized Description of the Joint Use of Cpu, Gpu, Npu and Fpga Resources of Edge Platforms
The model of the set of computational tasks of a mobile robot formalizes the set of tasks that are performed on the EDGE platform of a mobile robot. First of all, these are: sensor data processing, neural network inference, SLAM, route planning, actuator control, and safety monitoring [27-31].
So, we will represent the set of tasks in the form of:
	
	(1)

	
	


where:  – set of computational tasks;  –  -th task;  – total number of tasks;  – task computation capacity: Floating Point Operations Per Second (FLOPS) or number of operations per second [32];  – memory capacity required to perform the task;  – allowable execution delay;  – actual task execution time;  – task priority;  – task type: sequential, parallel, neural network or hardware-accelerated.
To represent the available computing resources of the EDGE platform, between which tasks are distributed, the following model is proposed:
	
	(2)

	
	


where:  – set of available resources;  –  -th computing resource;  – resource performance;  – available memory of the resource;  – resource energy consumption;  – minimum technological delay of the resource;  – current resource load.
At the same time, the task-resource compatibility model determines on which resource it is advisable to perform a specific task, taking into account its type:
	, 
	(3)


where:  – task-resource compatibility coefficient;  –  -th task;  –  -th resource of the EDGE platform.
For example, control logic tasks should be performed on a CPU, convolutional neural networks on a GPU or NPU, and low-level signal processing and parallel operations on an FPGA.
To estimate the execution time of each task on each available resource, the following task execution time model is proposed:
	
	(4)


where:  – task execution time  on resource ;  – task computation volume;  – resource performance;  – task execution efficiency coefficient on a given resource;  – data transfer time between resources.
The energy consumption model takes into account energy costs when performing tasks on various hardware resources of the EDGE platform:
	
	(5)


where:  – energy spent on task  on resource ;  – power consumption of resource;  – task execution time.
To check whether a task can be executed within the allowable time, it is proposed to use the following task execution delay model:
	
	(6)

	
	


where:  – total task execution delay;  – task execution time on the resource;  – waiting time in the resource queue;  – maximum allowable delay for the task.
The task assignment model introduces a decision variable that determines on which resource each task will be executed:
	 
	(7)

	
	


where:  – task allocation variable;  – number of resources.
The resource load constraint model does not allow overloading the CPU, GPU, NPU or FPGA [33-35]:
	,
	(8)


where:  – maximum allowable resource load;  – fact of task assignment to resource;  – task execution time;  – allowable task delay.
The integral objective function of load distribution allows finding the optimal task distribution between CPU, GPU, NPU and FPGA taking into account time, energy, delay and load balance:
	, 
	(9)

	 
	


where:  – integral optimization criterion;  – execution time weight;  – energy consumption weight;  – resource balancing weight;  – penalty weight for real-time violation;  – current resource load;  – average load of all resources;  – exceeding the permissible delay.
To determine which resource it is necessary to assign a specific task to, the following rule for selecting the optimal resource is proposed:
	, 
	(10)


under the conditions
	
	(11)


where:  – optimal resource for task ;  – current queue or resource load;  – memory required by the task;  – available memory of the resource.
The dynamic load redistribution model allows adaptively transferring tasks between CPU, GPU, NPU and FPGA when the load or robot motion conditions change:
	
	(12)

	
	


where:
	
	(13)


where:  – current discrete time;  – resource load at time ;  – permissible resource load;  – alternative resource;  – task execution time on alternative resource;  – energy consumption of alternative resource.
Thus, the proposed formalization allows for the rapid distribution of mobile robot tasks between CPU, GPU, NPU, and FPGA depending on the type of task, its priority, allowable delay, amount of computation, power consumption, and current resource load. In this case, it is advisable to use CPU for control logic and process coordination, GPU for parallel image processing, NPU for inference of compact neural networks, and FPGA for fast streaming signal processing and tasks with tight time constraints. This approach provides reduced latency, increased energy efficiency, and stable operation of the EDGE platform of the mobile robot in real time.
Experimental Research and Analysis of the Obtained Results
The purpose of the experiment is to verify the adequacy and effectiveness of the proposed approach to the joint use of CPU, GPU, NPU and FPGA resources of the EDGE platform in terms of adaptive distribution of the computational load between SLAM tasks, object detection and mobile robot control, taking into account real-time requirements, power consumption and hardware load.
The following main input parameters were used for the experiments:
200 simulation steps with a time interval between simulation steps of 200 ms;
the weighting coefficients of the objective function are =0.40 to minimize task execution time, 0.25 to minimize energy consumption,  0.20 to balance the resource load and 0.15 to penalize for exceeding the permissible delays;
for CPU the parameters used were: =120, =8 Gb, =12 W and =0.85;
for GPU – =420, =6 Gb, =25 W and =0.90;
for NPU – =300, =4 Gb, =8 W and =0.88;
for FPGA – =260, =3 Gb, =6 W and =0.82;
parameters of the control task (C=20, D=0.20 s), computer vision (C=150, D=0.45 s), neural network inference (C=130, D=0.35 s), SLAM (C=100, D=0.50 s) and digital signal processing (C=70, D=0.25 s), where C is the number of calculations of the task, and D is the maximum allowable delay of its execution.
Also taken into account was the data transfer time between resources , which simulates data exchange delays within the EDGE platform.
The obtained simulation results are presented in Fig. 1-4.
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	Fig. 1. Resource Load History


The obtained simulation results (Fig. 1) demonstrate that the main computational load during most of the experiment was concentrated on the FPGA and NPU, the load of which varied approximately in the ranges of 65–92% and 15–96%, respectively. At the same time, the CPU and GPU remained loaded mainly at the level of 2–8%. In general, this indicates the effective use of specialized hardware accelerators to perform resource-intensive tasks of the EDGE platform. The nature of the change in the load curves confirms the operability of the proposed approach to resource balancing, since the system adaptively redistributes tasks between the FPGA and NPU. This depends on the current operating conditions and provides high performance without overloading the central and graphics processors.
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	Fig. 2. Average Latency History


The simulation results for the average task execution latency throughout the experiment remained within approximately 0.29–0.66 s with an average value of about 0.50 s (Fig. 2). This indicates the stable operation of the load distribution mechanism between the CPU, GPU, NPU and FPGA even in the presence of variable intensity of the incoming task flow. The absence of long-term increase in latency and its oscillation around an almost constant level confirm the effectiveness of the proposed resource balancing approach. It follows from the above that this approach ensures timely execution of calculations and supports the necessary characteristics of the EDGE platform in real-time mode.
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	Fig. 3. Deadline Violation History


The simulation results regarding the number of time limit violations during the experiment varied from approximately 2 to 13 cases per simulation step with an average level of about 7–8 violations (Fig. 3). This indicates the presence of periods of increased load on the computing resources of the EDGE platform. Despite local peaks, the absence of a steady uncontrolled increase in the number of deadline violations confirms the ability of the proposed approach to adaptively redistribute tasks between the CPU, GPU, NPU and FPGA and maintain an acceptable level of service in conditions of a dynamic flow of computational requests.
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	Fig. 4. Total Energy Consumption History


The results of the simulation on the change in the total energy consumption of the EDGE platform (Fig. 4) varied in the range from approximately 9 to 62 J with an average level of about 35–35 J. At the same time, at the end of the experiment, a tendency to increase in energy costs is observed. This is due to an increase in the intensity of the computational load and more active use of computational resources. The nature of the energy consumption curve also indicates the adaptive operation of the proposed task distribution mechanism between the CPU, GPU, NPU and FPGA. Therefore, this ensures stable operation of the system without sharp energy overloads even under conditions of dynamic changes in the number and complexity of computational tasks.
Conclusion
As a result of the research, a new approach to the joint use of CPU, GPU, NPU and FPGA resources of the EDGE platform for performing SLAM tasks, object detection and mobile robot control was generalized. This provides adaptive distribution of the computational load taking into account performance, energy consumption, time constraints and the current state of hardware resources. The results of numerical modeling confirmed the effectiveness of the proposed approach, demonstrating the rational redistribution of resource-intensive tasks to specialized NPU and FPGA accelerators. This made it possible to maintain a stable level of delays, an acceptable number of time constraint violations and an energy-efficient mode of operation of the system. The results obtained confirm the prospects of using the developed method for creating high-performance autonomous mobile robots and real-time cyber-physical systems, in particular for use in intelligent manufacturing Industry 5.0, autonomous logistics and unmanned robotic complexes.
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