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Abstract.  Autonomous mobile robots (AMRs) require efficient real-time 

processing capabilities to navigate dynamic environments. Traditional proces-

sors often face challenges in meeting the power and performance demands of 

AI-based decision-making. This paper presents the design and implementation 

of an FPGA-based energy-efficient artificial intelligence (AI) processor tailored 

for AMRs. The proposed architecture leverages FPGA parallelism and custom 

AI acceleration to optimize computational efficiency while minimizing power 

consumption. A hardware-software co-design approach is employed to enhance 

performance in tasks such as object recognition, path planning, and sensor fu-

sion. Experimental results demonstrate significant improvements in energy effi-

ciency and processing speed compared to conventional embedded AI solutions. 

This work provides a scalable and low-power AI processing framework suitable 

for next-generation autonomous mobile robots 

Keywords: FPGA-Based AI Processor, Robot Navigation and control, A* 

and Dijkstra’s Algorithm, Neural Network Acceleration, Autonomous mobile 

Robot, low power AI Processing. 

1. Introduction 

Autonomous mobile robots (AMRs) are increasingly being deployed in various 

fields, including industrial automation, smart surveillance, healthcare, and unmanned 

navigation [3]. These robots rely on artificial intelligence (AI) algorithms for percep-

tion, decision-making, and motion control in dynamic environments. However, the 

real-time execution of AI-based tasks requires substantial computational power while 

maintaining energy efficiency, especially for battery-operated systems [1],[8]. Tradi-

tional central processing units (CPUs) and graphics processing units (GPUs) provide 

high computational capabilities but often suffer from excessive power consumption, 

making them less suitable for energy-constrained robotic applications [2].Field-

Programmable Gate Arrays (FPGAs) offer a promising alternative for AI acceleration 
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in AMRs due to their inherent parallelism, reconfigurability, and power efficiency 

[9],[7]. Unlike general-purpose processors, FPGA-based architectures can be opti-

mized for specific AI workloads, enabling faster and more efficient execution of deep 

learning models, sensor fusion, and path planning algorithms [4]. Additionally, 

FPGAs allow hardware-software co-design, where AI algorithms are mapped onto 

dedicated hardware accelerators, reducing latency and improving overall system per-

formance [1]. 

This paper presents the design and implementation of an FPGA-based energy-

efficient AI processor tailored for AMRs [10]. The proposed architecture integrates 

specialized AI accelerators optimized for low-power operation while maintaining 

real-time processing capabilities [13]. The key contributions of this work include 

Energy-efficient AI processing: Utilizing FPGA-based parallel computing to reduce 

power consumption while maintaining high-speed execution [11].Optimized AI ac-

celeration, Implementing custom hardware accelerators for deep learning and robotic 

decision-making tasks [14],[15].Scalability and adaptability, Enabling flexibility in AI 

model deployment for diverse robotic applications. 

2. Architecture 

The architecture of the proposed FPGA-based energy-efficient artificial in-

telligence (AI) processor for autonomous mobile robots (AMRs) is designed 

to optimize computational efficiency, minimize power consumption and en-

sure real-time performance. The system consists of multiple functional 

blocks, including AI acceleration units, sensor interfacing modules and a 

low-power control unit.  

2.1 Block Diagram 

 

 
 

Fig.1. Block Diagram of FPGA Based Mobile Robot 
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2.2 System Overview 

The proposed architecture comprises three main componentsAI Processing Unit 

(AIPU) Implements deep learning and machine learning algorithms for object detec-

tion, path planning, and sensor fusion. Utilizes a hardware-accelerated neural network 

engine optimized for FPGA implementation. Supports quantized AI models to reduce 

power consumption while maintaining accuracy. 

Reconfigurable Processing Module is Allows dynamic reconfiguration of FPGA re-

sources to adapt to different AI workloads. Implements parallel processing techniques 

to enhance computational speed. Integrates low-power optimization techniques such 

as clock gating and power gating. Sensor Interface and Communication Module Inter-

faces with sensors. Processes real-time sensor data and feeds it into AI models for 

decision-making. Supports high-speed communication protocols for data exchange. In 

Memory Management and Data Handling, Implements a shared memory architecture 

with direct memory access (DMA) for efficient data handling. It uses on-chip memory 

(Block RAM) and external memory (DDR) for storing AI models and intermediate 

data. 

In Power Management Unit Monitors and optimizes power consumption based on 

computational load. Implement voltage scaling techniques to minimize energy usage 

without compromising performance. 

Hardware-Software Co-Design, in which the FPGA-based AI processor follows a 

hardware-software co-design approach, where computationally intensive AI tasks are 

mapped to dedicated hardware accelerators, while high-level decision-making is han-

dled by software running on an embedded processor. This hybrid approach ensures 

efficient task execution while maintaining flexibility. 

Hardware Components, AI accelerators for convolutional neural networks (CNNs) 

and deep learning inference. Custom processing units for edge detection, feature ex-

traction and motion planning. Energy-efficient FPGA logic blocks optimized for low-

power operation. 

Software Components, AI model deployment framework using Tensor Flow Lite, 

ONNX, or custom FPGA-optimized models. Real-time operating system (RTOS) for 

task scheduling and resource management. Middleware for sensor fusion, navigation, 

and robot control.  

Energy Optimization Techniques, to ensure low power consumption, several optimi-

zation strategies are employed Dynamic Voltage and Frequency Scaling (DVFS) Ad-

justs the operating voltage and clock frequency based on workload. Power Gating 

disables unused hardware blocks to reduce static power consumption and Quantized 

Neural Networks, uses reduced-precision AI models to decrease computation com-

plexity.Memory Optimization, Efficient data caching and compression techniques to 

minimize memory access power consumption. 

2.3 FPGA Implementation 
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The architecture is implemented on an FPGA platform such as Xilinx Zynq Ultra 

Scale. The design is synthesized using high-level synthesis vivado tool(HLS). It HLS 

enabling efficient deployment of AI models.an FPGA that meets the processing power 

requirements of AI algorithms while being energy efficient. Zynq Processor is high-

performance processing with low power consumption, and they include embedded 

ARM cores for general-purpose tasks. Custom Processing Units, FPGAs allow for the 

creation of custom hardware blocks optimized for specific tasks, such as Convolu-

tional Neural Network (CNN) accelerators for real-time image processing and object 

detection. Matrix multiplication accelerators for efficient linear algebra operations 

involved in AI algorithms. Low-level peripherals for sensor interfaces. Energy Effi-

ciency Strategies, Dynamic Voltage and Frequency Scaling (DVFS) The FPGA can 

adjust its voltage and frequency based on workload requirements, dynamically scaling 

down during periods of low activity to conserve power. Clock Gating is Disable un-

used logic and reduce power consumption when certain parts of the processor are idle. 

Parallelism is Leverage the parallel processing capabilities of FPGAs by breaking 

down tasks into smaller parallel sub-tasks. This can reduce the total execution time, 

allowing for lower power consumption while maintaining high performance. Low-

power modes, Implementing low-power states for various components. 

AI Algorithm Design, Computer Vision, Implement image processing algorithms 

such as edge detection, object recognition, and scene segmentation. AI models like 

CNNs or specialized models for real-time object detection could be implemented on 

FPGA hardware for energy-efficient processing. Sensor Fusion, integrating data from 

multiple sensors is essential for autonomous robots. A Kalman filter or particle filter 

could be implemented to merge sensory data and produce accurate positioning and 

mapping. Path Planning and Navigation, Algorithms like A*, D* Lite, or Rapidly 

exploring Random Trees (RRT) for path planning could be optimized on FPGA 

hardware for real-time navigation tasks. Reinforcement Learning (RL) Although more 

computation-intensive, some RL models could be deployed on the FPGA if the robot 

needs to learn from its environment dynamically. 

Hardware-Software Co-design, Accelerator Design AI tasks that require high compu-

tation can be offloaded to hardware accelerators on the FPGA. Implementing custom 

hardware accelerators can significantly reduce power consumption and increase speed 

compared to running these tasks on general-purpose processors. Embedded Pro-

cessing Use embedded ARM processors on the FPGA to handle control and lower-

complexity tasks, such as sensor management, high-level control, and communication 

with other systems. Software Frameworks Use optimized libraries for AI tasks FPGA-

specific AI frameworks for efficient deployment 

3.   A* algorithm 

fusion The A (A-star) algorithm is a widely used path-planning algorithm in auton-

omous mobile robots (AMRs) for finding the shortest and most efficient route from a 

start position to a target while avoiding obstacles. To enhance real-time performance 



 

 

 

 

 

 

Table 1. Shows the Results of A* Algorithm 
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and energy efficiency, the A* algorithm is implemented on the Xilinx Zed Board 

(Zynq-7000 SoC), leveraging FPGA hardware acceleration. 

3.1 Overview of A* Algorithm 

The A* algorithm uses a heuristic-based search strategy to determine the optimal 

path. It maintains a priority queue of possible paths and evaluates each node based on 

the cost function 

f(n)=g(n)+h(n) 

where: 

g(n) is the cost from the start node to the current node nnn. 

h(n) is the heuristic estimate of the cost from nnn to the goal node. 

f(n) is the total estimated cost of the path through node nnn 

For FPGA implementation, a Manhattan distance heuristic is used for grid-based 

environments, ensuring efficient computation 

h(n) = ∣xgoal−xn∣+∣ygoal−yn∣ 

FPGA-Based Implementation on Zed Board 

The A* algorithm is computationally intensive, requiring frequent priority queue 

operations and node evaluations. To optimize performance on the Zed Board, a hard-

ware-software co-design approach is used. 

Hardware Acceleration (PL - FPGA Fabric), Implements a parallelized priority queue 

for node selection using block RAM (BRAM). Uses pipelined heuristic computation 

to minimize latency in cost evaluations. Employs a custom processing unit (HLS-

based) for node expansion and neighbor evaluation. 

Software Execution (PS - ARM Cortex-A9 Processor), Manages high-level control of 

path planning and navigation. Sends start and goal positions to the FPGA for compu-

tation. Handles obstacle map updates and real-time robot movement control. 
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The FPGA-based A* implementation on the ZedBoard achieved a 34× speedup 

compared to the software-only version while consuming 46% less power. The 

pipelined architecture significantly reduced path computation time, making it feasible 

for real-time autonomous navigation. 

4.  Dijkstra’s algorithm 

Dijkstra’s algorithm is a fundamental path-planning algorithm used in autonomous 

mobile robots (AMRs) to compute the shortest path in a weighted graph. Unlike the 

A* algorithm, which incorporates heuristics, Dijkstra’s algorithm guarantees the 

shortest path by systematically exploring all possible routes. However, its computa-

tional complexity makes real-time execution challenging, particularly for large maps. 

To overcome this, we implement an optimized FPGA-based version of Dijkstra’s 

algorithm on the Xilinx Zed Board (Zynq-7000 SoC) to enhance processing speed and 

reduce power consumption. 

4.1 Overview of Dijkstra’s Algorithm 

Dijkstra’s algorithm finds the shortest path from a source node to all other nodes 

in a graph. It maintains a set of visited nodes and iteratively selects the node with the 

smallest tentative distance. The cost function is defined as  

d(n)=g(n) 

where: 

g(n) is the accumulated cost from the start node to the current node nnn. 

The algorithm follows these steps: 

Initialize all nodes with an infinite distance, except the source node (set to zero). 

Select the node with the smallest tentative distance and mark it as visited.  

Update the distances of neighboring nodes if a shorter path is found.  

Repeat until all nodes are visited or the destination node is reached. 
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Fig. 2. Simulation of FPGA Based Mobile Robot 

The FPGA-based Dijkstra’s implementation on the Zed Board achieved a 31× 

speedup over the CPU-based approach, significantly enhancing real-time path plan-

ning for AMRs. The parallelized distance updates and optimized memory handling 

led to 49% lower power consumption, making it suitable for energy-constrained ro-

botic systems. The challenges with the A* algorithms were understood in advance. 

Consider a situation in which the shortest path presents a real-time issue. Neural net-

works have been employed to identify and circumvent the same. The neural network 

component will figure out how to identify and go around any real-time obstacles that 

arise in the shortest path, while the A* algorithm determines the robot's shortest route. 

Table 2. shows the results of Dijkstra’sAlgorithm 
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Fig. 3. Schematic of FPGA Based Mobile Robot 

5. Conclusion Design and Implementation of a Neural Network Us-

ing MATLAB 

To enhance decision-making and perception in autonomous mobile robots (AMRs), 

we design and implement a neural network (NN) using MATLAB's Deep Learning 

Toolbox. The NN is trained for tasks such as object recognition, path planning, and 

obstacle avoidance. The trained model is then optimized and deployed on the Xilinx 

Zed Board (Zynq-7000 SoC) using quantization techniques for efficient FPGA-based 

execution. 

The FPGA-based Dijkstra’s implementation on the Zed Board achieved a 31× 

speedup over the CPU-based approach, significantly enhancing real-time path plan-

ning for AMRs. The parallelized distance updates and optimized memory handling 

led to 49% lower power consumption, making it suitable for energy-constrained ro-

botic systems. We have used forwarding with the backpropagation network in our 

project. Input, hidden, and output layers constituents of a basic neural network. When 

building a neural network, start by setting up some weights with random values. It is 

impossible to be sure that the weights you have chosen will yield the desired outcome. 

Our actual output would probably differ from the output of your model. One could 

call this discrepancy a mistake. You must train the model so that you can adjust the 

weights until you get the desired result in order to reduce or minimize this discrepan-

cy. After finding these errors, you need to use their derivatives in order to minimize 

them. You must update the weights if the error is a really large value. Check for errors 

following each update. Keep doing this until the fault is as small as feasible. It is pos-
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sible to supply inputs that will result in the output after the mistake is reduced to a 

manageable amount. 

6.  NN Tool  

To design a neural network for our robot in order to avoid real-time obstacles, we had 

done the same with the help of the NN tool in Mat lab. We thus designed our required 

neural network with the help of the said tool. To train a model, we needed to prepare a 

dataset. The parameters utilized for this dataset were the height and length of the ob-

stacle, robot sensor position relative to the obstacle, left-hand side and right-hand side 

distances from the edges of the obstacles to the robot sensor position, and the target 

position. Target position in this case is the direction in which the robot must move to 

avoid the obstacle by traveling less distance.  

 
 

Fig .4. The designed neural network using MATLAB 

We Since we needed to train a neural network model, we had to enter 100 values for 

each of these parameters.  Mat Lab was used to create the neural network.  Following 

the dataset supply to simulate the neural network, we employed the Levenberg Mar-

quardt training model and Mean Square Error for error minimization.  The network's 

hidden layer has the greatest impact because the target value varies based on the num-

ber of hidden layers.  The input and target must first be sent to the neural network.  

The weights are adjusted based on the error that occurred in the neuron model in order 

to train the neural network. The output error is used to determine the model's true 

value from the output neuron. Backpropagation's primary benefit is that it yields more 

precise results when the error value is reduced. Our neural network consists of one 

output layer, sixteen-year-old hidden layers, and five inputs. 



 

2304             R. R. Chekuri et al.

 

Fig. 5. Performance Plot of FPGA Based Mobile Robot 

The output we arrive at the last is the shortest distance that is required to be trav-

eled by the robot, i.e., in order to get to either right or left without colliding into the 

obstacle. Now this has been done in one case. In 100 such cases, we have obtained 

output which are fairly close to what we desire output to be. Though the error is there, 

it has been reduced to a great degree. Out of 100 entries of the dataset. To select the 

number of hidden layers to be 16 was not an arbitrary choice.  

 

 

Fig. 6. Regression Plot of FPGA Based Mobile Robot 

This was accomplished by varying the number of neurons in the hidden layer in mul-

tiple trials. At 16, we were able to obtain the values that were close to optimal. Tan 

sigmoid is the activation function used in the output and hidden layers, and its output 

is always in the range of -1 and +1. Due to its non-linear character and quick en-

hancement, we are using the tan sigmoid as an activation function. The performance 

plot shows when the range of values is about equivalent to the desired values. With 

the exception of the learning rate difference, the regression plot and the performance 
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plot are almost identical. The plot displays plots based on learning rates with different 

values, with the average learning rate showing up in the final figure. If the desired 

values are represented by a straight line, then the desired values around bubbles are 

what one obtains during neural network testing and training. 

7.   Conclusion 

In this project here, we efficiently realized an Artificial Intelligence Processor 

(AIP) for Autonomous Mobile Robots now, using a 64-processing element parallel 

architecture containing both ALUs and also SRAM for efficient computation and 

memory. Advanced path-planning algorithms, coupled along with A* and Dijkstra’s 

algorithm, were used for improved navigation, and A* simulated completely in 

MATLAB as well as Dijkstra’s implemented directly in Verilog through Vivado HLS 

for eventual FPGA deployment. We additionally designed an obstacle avoidance 

mechanism with a neural network. It sought to better navigation in real time using 

MATLAB's NN tool. The results do show a large computational efficiency, in addi-

tion to future improvements which are focusing on refining logical operations and 

optimizing design methodologies for more improved performance. 
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