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Abstract—The paper presents a new hybrid method, Neuro-Fuzzy Robot Route Planner D*Lite with Risk-Taking, for autonomous route planning of a mobile robot in an uncertain environment. This opens up new opportunities for the development of modern technologies in the operation of robotic systems. The proposed approach combines the D*Lite algorithm, neuro-fuzzy risk assessment, a LiDAR-based occupancy map, and a compact neural network TinyML-MLP for edge devices such as ESP32-Cam. The results of numerical simulations confirmed the ability of the method to form safe trajectories, maintain stable navigation performance, and ensure effective achievement of the target point in a dynamic environment.
Index Terms—autonomous navigation, mobile robot, modern technologies, neuro-fuzzy navigation, risk assessment, robotic systems, route planning
Introduction
Autonomous navigation of mobile robots in dynamic and uncertain environments is one of the key tasks of modern robotics [1-4]. Here various methods and approaches can be applied [5-7]. At the same time, traditional route planning algorithms [8, 9], in particular D*Lite, provide effective trajectory replanning [10, 11]. However, such algorithms do not sufficiently take into account the level of risk and uncertainty associated with incomplete sensory information and the appearance of dynamic obstacles [12, 13]. At the same time, it is the use of neural networks and fuzzy logic that allows integrating mechanisms for risk assessment, uncertainty analysis, and decision-making under conditions of incomplete information [14, 15].
For example, in the work of G. Malczyk, M. Kulkarni and K. Alexis, an approach to active perception of information in autonomous navigation based on reinforcement learning [16] is investigated. This makes it possible to increase the safety of movement in complex unknown environments by combining trajectory planning and information-oriented sensor control. However, this approach cannot be directly used, since it is based on end-to-end RL-policy and active camera. However, in this case, it is more appropriate to combine D*Lite with fuzzy risk assessment, map uncertainty based on the real limitations of a small-sized robotic platform.
In the study [17], an autonomous navigation system for a firefighting robot without its own full perception is proposed based on the use of information from a network of CCTV cameras. This solution makes it possible to ensure the movement of the robot to the center of the fire even in cases where the robot's own sensors are blocked or damaged [17]. However, the proposed approach cannot be directly used because it depends on external video surveillance infrastructure and does not solve the problem of local online route replanning.
In [18], an approach to building a mobile robot route based on the BRRT and A*(H-BRRT) algorithms is generalized. This allows to increase the efficiency of route search in a space with obstacles. The proposed method makes it possible to combine random route construction with A* optimization, which is useful for mobile robot motion planning tasks [18]. At the same time, this approach cannot be fully used in the sense of this study, since it does not provide dynamic replanning of the robot's motion.
In [19], conditions for improving the performance of visual odometry for autonomous navigation during low light and rough terrain are determined. The proposed approach makes it possible to increase the stability of robot motion estimation in complex visual conditions. Here classical methods may lose accuracy [19]. However, this approach cannot be directly used for other tasks, since it focuses on visual odometry, and not on risk-based route planning.
J. Rakun and G. Popič propose an optimized algorithm for autonomous navigation of field robots aimed at increasing the accuracy of movement, reducing crop damage and reducing the time of task completion [20]. This solution makes it possible to improve the practical use of robots by adapting the route to local conditions. However, this approach cannot be directly applied to any localities, since it is focused on agricultural trajectories and does not contain a local risk model. In addition, such risk models should be combined with the uncertainty of the LiDAR map, the fuzzy selection of risk zones and the D*Lite online replanning mechanism.
D. Morilla-Cabello and E. Montijano developed the CHORAL approach for traversal-aware planning of safe and efficient routes in heterogeneous multi-agent robotic systems [21]. This approach allows us to take into account the characteristics of mobile robots, the semantic map of the environment and the distribution of inspection tasks between platforms [21]. At the same time, this approach cannot be fully used for the purposes of this study, since it is focused on team-based semantic planning of heterogeneous robots. Therefore, a compact neuro-fuzzy planner for a single mobile robot with LiDAR, limited resources and risk-based replanning is not considered.
In [22], the problems of using fleets of ground robots in urban search operations are investigated taking into account the needs of professional users. This study allows us to determine the requirements for scalable control of robot groups, situational awareness, route planning and a human-oriented interface [22]. However, such research is predominantly of a systemic-organizational and HCI nature and does not, in particular, offer a mathematical model of neuro-fuzzy risk-based route planning.
Thus, the above analysis of publications shows that modern research is actively developing the areas of autonomous navigation, active perception, visual odometry, and multi-agent planning [23, 24]. At the same time, the considered works have not sufficiently investigated the problem of combining D*Lite with neural risk assessment, a fuzzy risk-taking mechanism, and local map uncertainty for the operation of a mobile robot in a dynamic and partially unknown environment. Therefore, this is what determines the key task and direction of disclosure of the main goal of the study regarding the level of risk and uncertainty associated with incomplete sensory information and the appearance of dynamic obstacles. At the same time, the solution to the problem is presented through the generalization of the neuro-fuzzy method of mobile robot route planning based on the D*Lite algorithm, taking into account the risk and uncertainty of the environment to increase the efficiency of autonomous navigation. This contributes to the combination of traditional but effective robot motion planning algorithms with the possibility of its replanning to take into account emerging risks and uncertainty based on neural networks and fuzzy logic.
Mathematical Description Of The Proposed Approach
Neuro-fuzzy robot route planner D*Lite with risk-taking (NFR-DLP), is a new concept of a hybrid route planning method for a small robot. The technical basis of such development is: EDGE ESP32-Cam and LiDAR sensor [25, 26]. Therefore, the corresponding method is the following holistic hybrid scheme: LiDAR map → uncertainty estimation → neural network EDGE model → global and local real-time planning → route planning.
The general state model of a small robot (), describes its position and orientation during movement in an uncertain environment:

	
	(1)



where:  – robot coordinates;  – orientation angle;  – linear velocity;  – angular velocity;  – discrete time.
The kinematic model of motion is used for numerical simulation of robot movement:
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where:  – speed of movement;  – speed of rotation;  – sampling step.
The hardware limitations model of the ESP32-Cam EDGE device () takes into account limited RAM, processor frequency and neural network execution time:
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where:  – neural network memory;  – available ESP32-Cam memory (RAM 4Mb);  – inference time;  – allowable processing time;  – processor load;  – weighting factors.
The LiDAR distance measurement model describes obtaining the distance to obstacles for building an environment map:
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where:  – measured LiDAR distance;  – real distance to the object;  – measurement noise (Gaussian noise) [27];  – LiDAR beam number.
The probabilistic occupancy map model [28, 29] generates an environment map taking into account the uncertainty of the sensor data:
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where:  – probability of cell occupancy;  – og-odds value;  – map cell;  – LiDAR measurement.
The environmental uncertainty model determines the risk of moving through areas with poor visibility or unstable sensor data:
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where:  – uncertainty level of the cell;  – variance of sensor measurements;  – feature of unknown area;  – weighting factors.
Neural network model for local risk assessment, describes a compact neural network TinyML Multi-Layer Perceptron (TinyML-MLP) on ESP32-Cam [30-32], which assesses the danger of a local area:
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where:  – neural network risk assessment;  – NN TinyML-MLP;  – frame from ESP32-Cam;  – LiDAR data;  – occupancy map;  – uncertainty (information entropy).
The network assesses the risk of the robot passing through the local area of the map and generates a risk coefficient:
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where:  – safe zone;  – critically dangerous zone.
The input vector TinyML-MLP consists of the following features:

	
	(9)



where:  – distance in front;  – distance to the left;  – distance to the right;  – probability of cell occupancy;  – uncertainty of the environment;  – robot speed;  – direction to the goal.
The following architecture is proposed: input layer (7 neurons), hidden layer 1 (16 neurons), hidden layer 2 (8 neurons) and output layer (1 neuron).
The mathematical model of the layers has the following form:
- first hidden layer:

	
	(10)



- second hidden layer:
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- entrance:
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where:  – vector of output values of neurons of the first hidden layer and the second;  – neural network estimate of local risk of robot movement at time ;  – nonlinear activation function;  – sigmoid activation function, limiting the output signal to the range ;  – matrix of weight coefficients of the first and second hidden layers, respectively;  – matrix of weight coefficients of the output layer;  – vector of input features of the neural network at time ;  – vector of outputs of the first and second hidden layers;  – vector of biases (bias) of the first and second hidden layers;  - bias of the output neuron.
The hybrid route cost function combines route length, risk, uncertainty and hardware limitations:

	
	(13)



where:  – route;  – local step length;  – uncertainty;  – risk;  – hardware complexity;  – energy costs;   – criteria weights.
The global route planning model builds a basic route on the map taking into account the cost of cells:

	
	(14)

	
	



where:  – optimal route;  – starting point;  – target point;  – intermediate nodes of the route.
The local reactive route correction model allows the robot to change the trajectory in real time when new obstacles appear:

	
	(15)



where:  – control correction;  – uncertainty gradient;  – risk gradient;  – current position;  – influence coefficients.
The real-time model for Python visualization defines the condition for updating the map, route and graphs in matplotlib:

	
	(16)



where:  – time to obtain LiDAR data;  – map update time;  – neural network operation time;  – planning time;  – matplotlib visualization update time;  – allowable time of one real-time cycle.
Experimental Research And Analysis Of The Obtained Results
To evaluate the effectiveness of the proposed NFR-DLP method, a simulation of the mobile robot route construction process was conducted. During the experiment, the robot moves from the initial to the target point with continuous route replanning based on the D*Lite algorithm, taking into account the level of risk and uncertainty of the environment.
Hardware: Microsoft Surface Pro 9 PC with the following characteristics: CPU Intel Core i7-1255U, RAM 32 GB LPDDR5, GPU Intel Iris Xe.
Software: OS Windows 11, programming language Python, and development environment PyCharm 2025.3.1.1.
The expected result is the formation of a safe trajectory without collisions with obstacles, reaching the target point and obtaining time dependencies of risk indicators, uncertainty, route length and planning time. It confirms the operability of the proposed method (Fig. 1-Fig. 6).
The obtained simulation results show (Fig. 1) that the proposed NFR-DLP method provides successful formation of a safe route from the initial to the target point in the presence of static obstacles (large black rectangles and squares) and environmental uncertainty (dynamic obstacles in the form of small black squares). The constructed trajectory of the robot movement is consistent with the global route formed by the D*Lite algorithm. In this case, the robot moves through free areas of the map and maintains a safe distance to obstacles. This confirms the operability of the proposed approach and the feasibility of using neuro-fuzzy risk assessment to increase the reliability of mobile robot navigation in a dynamic environment.

	[image: ]

	
Fig. 1. Neuro-Fuzzy Robot Route Planner D*Lite with Risk-Taking



Neuro-Fuzzy risk map (Fig. 2) indicates that the proposed neuro-fuzzy approach successfully identifies areas of increased danger along the robot's movement route and near obstacles. At the same time, a spatial distribution of the risk level in the working environment is formed. The highest risk values (in Fig. 2, this is a more saturated and dark color of space) are observed in areas with a complex configuration of obstacles and increased uncertainty. This confirms the ability of the method to take into account the features of the environment when making navigation decisions.
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Fig. 2. Neuro-Fuzzy risk map



The map of probable environment occupation (Fig. 3) demonstrates that the system successfully forms a spatial representation of free and occupied areas based on LiDAR sensor data. This provides detection of obstacle contours and available areas for navigation. The results demonstrate the ability of the method to accumulate and refine information about the environment during the robot's movement, creating a basis for effective route replanning and increasing the reliability of autonomous navigation.
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Fig. 3. Occupancy grid probability



The results obtained on the Risk and uncertainly graph (Fig. 4) indicate that during most of the experiment the risk level remains practically constant at a level of about  The uncertainty of the environment is maintained at a lower level of . This indicates the stability of the navigation process and sufficient awareness of the robot about the environment. A short-term increase in uncertainty to  and risk to  (about the 50th step) indicates the detection of a potentially dangerous or insufficiently explored area. Soon the system successfully returns to the normal operating mode. Overall, this confirms the effectiveness of the mechanism of adaptive risk, and uncertainty assessment during route planning.
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	Fig. 4. Risk and uncertainly



The results of the Planning metric simulation (Fig. 5) demonstrate a gradual decrease in the route length from approximately 100 to almost 0 conventional units as the robot approaches the target point. At the same time, the minimum distance to obstacles remains positive and stable throughout the experiment. This indicates the safe nature of navigation. The planning time at the initial stages reaches about 1400 ms due to the need to build a global route and process environmental uncertainties. Later, the planning time decreases to tens of milliseconds, confirming the effectiveness of the D*Lite algorithm with multiple route replanning in real time.

	[image: ]

	
Fig. 5. Planning metric



The Final experiment metric graph (Fig. 6) demonstrates the stable operation of the proposed method throughout the navigation process, as the levels of neuro-fuzzy risk and map uncertainty remain low and practically unchanged. This indicates a confident perception of the environment and the absence of critical threats on the route. At the same time, the length of the current route gradually decreases from the initial value to zero at the moment of reaching the goal, while the minimum distance to obstacles remains at a safe level throughout the experiment, confirming the effectiveness of the algorithm in constructing a safe and optimal trajectory of the mobile robot.
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Fig. 6. Final experiment metric



Therefore, the simulation results confirm the operability and effectiveness of the NFR-DLP method for autonomous mobile robot route planning in an uncertain environment.
Conclusion
As a result of the research, a new method Neuro-Fuzzy Robot Route Planner D* Lite with Risk-Taking is presented. This method combines the D* Lite algorithm, neuro-fuzzy risk assessment and environmental uncertainty models to build safe routes for a mobile robot in real time. The proposed mathematical apparatus allows taking into account LiDAR sensor data, environmental features and limitations of EDGE devices such as ESP32-Cam when making navigation decisions. The proposed approach ensures the formation of a safe trajectory of movement taking into account risk, uncertainty and obstacle configuration, demonstrating stable navigation performance.
Thus, the simulation results confirm the efficiency of the method, its ability to adaptively replan the route, avoid obstacles and provide stable navigation performance under conditions of uncertainty. This indicates the prospects for using the developed approach in autonomous mobile robots, multi-robot systems, Industry 5.0 logistics platforms.
A promising direction for further research is the development of robotic systems to perform humanitarian tasks to neutralize dangerous objects, and the creation of intelligent robotic complexes that operate in dynamic environments.
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