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Automatic Navigation Map Decomposition for Efficient 
Reinforcement Learning 

 Michael Liu*  

Granite Bay High School, Granite Bay, CA 95746 

Abstract: Safe navigation in an environment with obstacles is a challenging problem. Reinforcement 
learning (RL) is a promising approach to solve the problem. However, RL often suffers lengthy training time with 
large maps. This paper presents an algorithm to decompose a map into smaller regions to enable efficient RL. The 
approach is based on the use of generalized Voronoi Diagrams. The idea is to decompose a large map into a set 
of regions that are free of crossroads, which greatly reduces the state complexity. In the experiments, the method 
is applied to decompose six maps. The results show that the approach is effective and efficient. 
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1. Introduction 

Automatically generating a navigation path that does not collide with any obstacles is a challenging problem. The 

recent advancements of artificial intelligence (AI) and machine learning (ML) have attracted a lot of interest in 

using this technology to solve the problem. One promising approach is based on Reinforcement Learning (RL) [1] 

[2]. The idea is to train a neural network (NN)-based controller by repeatedly simulating the navigation and 

maximizing a specifically designed reward. For example, if the vehicle collides with an obstacle, a penalty (i.e., 

negative reward) will be given. If the vehicle reaches its destination, a positive reward will be given. However, the 

learning process could become lengthy for a large map with many crossroads. This is because the RL explores all 

possible branches. To make this approach scalable, a hierarchical approach [3] [4] was proposed. The navigation 

task is decomposed into a number of sub-tasks, which can be learned faster. The task decomposition is usually 

done by partitioning the map into a set of smaller regions. The map decomposition is often done manually, which 

is tedious and time-consuming. This paper proposes a method to automate the decomposition. 

Contributions 

This paper presents an algorithm to automatically decompose a map with obstacles into smaller regions that are 

free of crossroads to enable efficient RL. The approach is based on the use of generalized Voronoi Diagrams. An 

example is used to illustrate the algorithm and show that the approach is efficient and can handle complex maps. 

The paper is organized as follows. In the background section, the relevant background concepts and terminology 

are introduced. In the next section, the proposed algorithm is described in detail. In the case study section, an 

example is used to illustrate the steps and intermediate results of the algorithm. In the subsequent section, an 

overview of related work is presented. Finally, the limitations and conclusion are presented. 

2. Background 

Navigation planning [5] [6] refers to the process of determining the best route or path to travel from one 

location to another, considering factors like obstacles (e.g., building, walls), terrain, and environmental conditions, 

essentially deciding how to get somewhere by considering all relevant information and potential challenges 

beforehand. Generally, the navigation planning is done in 3D. For the scope of the paper, only 2D maps are 

considered. 
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2.1 Deep Reinforcement Learning 

Reinforcement learning (RL) [1] [2] is a machine learning technique that trains a machine (e.g., a neural 

network model) to make decisions through trial and error to maximize cumulative rewards. During RL, the machine 

interacts with an environment and receives a reward or penalty based on its decision or action. RL algorithms 

typically require a huge number of interactions with the environment to learn optimal policies. 

Generalized Voronoi Diagram  

The Voronoi diagram [7] [8] is one of the most fundamental structures in computational geometry. It has been 

used in many fields, including meteorology, social sciences, math, engineering and informatics. Given a finite set 

of points P on a plane, a Voronoi diagram divides the plane into regions with a set of line segments. Every point 

on a line has equal distance to the nearest two points in P. Figure 1a shows an example of Voronoi diagram. A 

generalized Voronoi diagram (GVD) is a Voronoi diagram for a set of polygons, instead of points. Each point on a 

line of the diagram has equal distance to the two nearest points on the boundary of two polygons. Figure 1b shows 

an example of GVD. A classic Voronoi diagram consists of straight-line segments, while a GVD consists of curved 

segments, which are often represented by many vertices. As shown later, we analyze the vertices in a GVD to 

identify the crossroads in a map. 

3. Algorithm 

Problem Statement  

Given a 2D, top-view, grayscale, area map with obstacles, the problem is to decompose the map into sub-

regions, where there is no branches or crossroads within each sub-region. 

 

(a) An example of Voronoi diagram (blue lines) (b) An example of generalized Voronoi di- agram 

(blue) of a set of polygons (red). 

Fig. 1: Examples of Voronoi diagram. 

This paper proposes a method to decompose a navigation map with obstacles into a set of regions, where each 

region contains no crossroads. The method leverages the concept of generalized Voronoi diagram to identify the 

crossroads formed by the obstacles. Once the crossroads are identified, it creates a set of line segments from each 

crossroad to partition the map. The partition results in a set of crossroad-free regions. 

The detail of the algorithm is described in Algorithm. The input to the algorithm is a map 𝑀 and two threshold 

values 𝛿𝑡ℎ, ℎ𝑡ℎ. The map was pre-processed. During the pre-processing, the obstacles on the map were detected 

and contour of the obstacles in form of polygons were identified. The first step of the algorithm is to discretize the 

obstacle contour, and the map boundary lines into a set of points 𝑃 (Line 2). Second, the Voronoi diagram of the 

discrete points is generated and optimized (e.g., removing vertices inside polygons) (Line 3). The result Voronoi 

diagram is represented by a set of connected vertices 𝑉. Third, the crossroad vertices 𝑄 ⊂ 𝑉 are identified. They 

are Voronoi diagram vertices with 3 or more adjacent vertices (Line 4-9). Finally, the decomposition (partition) is 

computed. A decomposition is a set 𝜙 of line segments, whose endpoints are a crossroad vertex and a nearest 

obstacle (or boundary) point. Thus, the nearest obstacle contour or boundary points of each crossroad vertex need 

to be identified. This is done through an iteration of finding a new nearest point. Given a point 𝑞 and a set 𝑃 of 

points, the function 𝑁𝑒𝑎𝑟𝑒𝑠𝑡𝑃𝑜𝑖𝑛𝑡 returns the point 𝑝 ∈ 𝑃 closest to 𝑞 and the corresponding distance 𝑑′ (Line 14). 

Since by definition a Voronoi vertex has equal distance to the nearest obstacle or boundary, the set of nearest 

points are well-defined and non-empty. In practice, the distance between the crossroad vertex 𝑞 and the nearest 

points 𝑆 may be not the same. The threshold 𝛿𝑡ℎ is introduced so that the distance allows a tolerance (Line 18). 
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Since the obstacle contour is discretized into points, two close points may have similar distance to the crossroad 

vertex. The distance of the newly identified nearest point 𝑝 to the previously identified nearest points 𝑆 is computed 

using the function 𝑁𝑒𝑎𝑟𝑒𝑠𝑡𝑃𝑜𝑖𝑛𝑡 (Line 21). To avoid two close points to be included in the set of nearest points, 

the threshold ℎ𝑡ℎ is introduced to make sure that any newly identified nearest point is far enough from any 

previously identified nearest points (Line 22). The set of lines connecting each of the nearest points and the 

crossroad vertex forms the final decomposition of the map (Line 24-25). 

Algorithm 1. An algorithm to decompose a navigation map 

 

1: procedure DECOMPOSE(M, δth, hth)  

2: P ← Points(M ) 

3: V ← GV D(P ) 

4: Q ← ∅ 

5: for each v ∈ V do 

6: if Neighbor(v) ≥ 3 then 

7: Q ← Q ∪ {v} 

8: end if 

9: end for 

10: ϕ ← ∅ 

11: for each q ∈ Q do 

12: S ← ∅ 

13: δ ← 0 

14: (p, d′) ← NearestPoint(q, P ) 15:

 S ← S ∪ {p} 

16: L ← Line(q, p) 

17: ϕ ← ϕ ∪ L 

18: while δ < δth do 

19: (p, d) ← NearestPoint(q, P \ S) 

20: δ ← d − d′ 

21: (u, h) ← NearestPoint(p, S) 

22: if h ≥ hth ∧ δ < δth then 

23: S ← S ∪ {p} 

24: L ← Line(q, p) 

25: ϕ ← ϕ ∪ L 

26: end if 

27: end while 

28: end for 

29: return ϕ 

30: end procedure 
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To demonstrate the proposed method, it is applied to decompose a map. It is a 1000x1000 image with 

obstacles, as shown in Figure 11. The map contains 13 disconnected irregular-shaped obstacles (black blocks). 

During the pre-processing, the contours of the obstacles and the map boundary were identified. The discretized 

obstacles contours and boundary are shown in Figure 12. Note that all obstacle shapes are approximated by 

triangles. Then the optimized generalized Voronoi diagram were created (Figure 13). Note that all vertices of the 

Voronoi diagram are connected. The vertices with 3 or more neighbors are identified as the crossroad vertices 

(Figure 14). Then for each crossroad vertex, the nearest contour or boundary points are identified. The partition 

is formed by connecting the crossroad vertex and its corresponding nearest points (Figure 15). Finally, the 

decomposition is mapped to the original map (Figure 16). 

4. Experiments 

The proposed method was tested on six maps, shown in Figure 17. They include obstacles of different shapes, 

such as pentagon and circle. Note that some decomposition lines may seem not reach the map boundary. This is 

because the drawing area is slightly larger than the actual map. The statistics of the experiments is presented in 

Table. In the obstacle counting, each rectangular block in the connected blocks is considered as one obstacle. The 

vertex count refers to the number of crossroad vertices. The region count refers to the number of decomposed 

regions. The CPU time is in seconds. The experiments were performed on an AMD EPYC 7601 2.7GHz 32-Core 

processor. 

Table.1 The Experiment Statistics 

Maps Obstacles Vertices Regions CPU Time 

1 27 13 27 1.402 

2 11 16 52 0.392 

3 14 19 58 0.284 

4 15 17 52 0.363 

5 13 17 60 0.377 

6 11 20 62 0.495 

 

Overall, the experiments show that the proposed method can often complete the decomposition of the maps 

in less than a second. The final decomposed regions do not contain any crossroads. 

5. Related Work 

The exact or approximate cell decomposition techniques    used in robotic path planning divide the map into 

simple connected regions based on the shape of the obstacles and boundary. This often results in many small 

regions. This is not ideal for RL. The DEACCON (Decomposition of Environments for the Creation of Convex-region 

Navigation-meshes) algorithm decomposes a map into a set of convex polygons. It starts with a set of squares in 

the navigable areas. Then each square can grow to its maximum convex shape before encountering an obstacle. 

This approach works for convex regions. It does not handle non-convex regions. For game maps, a decomposition 

method was proposed to accelerate the pathfinding of real-time game AI. It uses a flooding algorithm to identify 

the choke points of the map, which are pairs of closest obstacle points. However, the crossroads are not necessarily 

narrower than the pathways. The resulting regions may still contain crossroads. This will complicate RL. 

6. Limitations 

The approach has some limitations. Obstacle detection relies on enclosed areas, which effectively captures 

large obstacles but may fail to detect small, tall structures such as flagpoles. Conversely, a fenced ranch might be 

misclassified as a large building due to its large, enclosed boundary. Additionally, the irregular shapes of obstacles 

may lead to the generation of multiple closely spaced crossroad vertices in the Voronoi diagram. In reality, these 

vertices correspond to a single actual crossroad on the map. This may result in unnecessarily small sub-regions. 
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7. Future Work 

Although some preliminary experiments are performed to verify the proposed method, more diverse and 

realistic maps are needed to demonstrate its general applicability. It is an interesting direction to study whether 

the method has any limitation in map geometry. Another potential direction is to automate the determination of 

the parameters (e.g., the threshold values) used in the algorithm. Currently, they are manually defined and often 

require a few iterations to set them properly. 

8. Conclusion 

This paper presented a VD-based approach to decompose a navigation map into crossroad-free regions to 

accelerate RL. The preliminary experiments show that the method is effective and efficient. 
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12. Appendix 

                      

(a) The navigation map with obstacles (black blocks).  (b) The discretized obstacle contours and boundary. 

                    

(c) The generalized Voronoi diagram after optimization.          (b)The crossroad vertices of the generalized             

Voronoi diagram. 

                             

(e) The decomposition of the generalized Voronoi diagram.           (f) The final decomposition of the map 

Figure 2: Ilustration of the key steps of the algorithm applied to the use case. 


