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Abstract

In indoor scenes, robots typically rely on prior maps to obtain environmental information for localization
and navigation. The review first compares the characteristics of metric maps, semantic maps, and
topological maps, which are commonly used in indoor scenes, emphasizing the advantages and potential of
topological maps as a high-level representation of environmental structure in the application of indoor
robot localization and navigation. It introduces methods for constructing topological maps based on
visibility graphs, graph partitioning, landmark features, and graph appearance, briefly analyzing their
respective advantages and challenges. The review further explores multi-level expression methods that
combine topological maps with other environmental information, focusing on the multi-dimensional
information representation that combines topological structure with semantic mapping, and looks forward
to its future development direction of intelligent interactive applications for indoor robots.
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1. Introduction

Indoor positioning and navigation for robots can be summarized into three key questions: the
robot needs to know "Where am 1?", "Where do I want to go?", and "How do I get there?" [1]. This
involves how the robot perceive, explore, acquire, and understand the surrounding environmental
model, as well as how to plan and execute motion strategies effectively. First and foremost, this
requires the construction of corresponding indoor maps as a priori basic reference, enabling the robot
to complete complex tasks effectively.

Initially, researchers used metric maps to construct environmental models. But over time, issues
such as high computational demand, and difficulty in maintenance have increasingly become
apparent, making them insufficient to meet the needs of intelligent applications for indoor robots.
Therefore, finding more advanced ways of environmental expression and developing navigation
behaviors that are closer to those of humans has become a new direction for challenges. By
leveraging the concept of graph theory, topological maps describe the environment based on
topological structures, focusing only on the connectivity between nodes rather than precise
geographical coordinates [2], eliminating the need for fine map construction, and thus being more
lightweight, providing high-level positioning and navigation information for indoor robots.

This review will compare the commonly used types of indoor maps to highlight the unique
advantages of topological maps in robot applications. Based on the summary of indoor topological
map construction methods, it will explore the multi-level map representation with topological maps
as the main part, aiming to provide better map services for indoor robots to achieve positioning and
navigation, and to perform complex and advanced tasks.
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2. Types of Indoor Map

For indoor scenes, different mapping methods can be used to construct various types of maps. Fig.
1 Mlustrates the mapping relationship between the environmental information and the map. This
chapter will compare and introduce these three types of indoor maps.
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Figure 1: Environment Information and the Mapping Relationship with Maps

Metric maps refer to maps that describe the environment through mathematical metric mapping,
representing the environment with real physical dimensions. Metric maps can be constructed based
on point clouds [5][6], or more typically, by discretizing the environment into grid cells [3][4], which
encode certain metrics to represent environmental information (such as occupancy rate, distance
from obstacles, etc.). However, due to the need for rich information to accurately represent the
environment, the construction of metric maps requires a significant consumption of computational
resources and storage space, and for most indoor robot tasks, much of this information is
unnecessary [22]. Secondly, because the construction of metric maps demands a high level of
granularity, their quality is greatly affected by the precision and noise of the sensors, and it is difficult
to update and maintain them in dynamic environments.

Semantic maps map the semantic information of objects, areas, etc., in the environment,
providing robots with more in-depth conditions for understanding the environment. Semantic maps
provide an environmental representation with elements of high-level abstraction [36], furthering the
logical representation of the environment. It means that robots can infer new information through
additional knowledge of global elements [3], greatly enhancing their capabilities. However, due to
the construction of semantic maps relies on computer vision algorithms[7][8][9][10], the accuracy
and robustness of the algorithms and models used will directly affect the quality of the semantic
maps. In addition, in actual indoor scenes, changes in the position and state of objects may make the
updating and maintenance of semantic maps difficult [40].

Topological maps use topological mapping to represent spatial relationships, simplifying the
detailed description of actual geographical environmental information, focusing on the relative
positions and connection relationships between nodes in the geographical space. The mathematical
relationship of topological maps can generally be expressed by Eq:

G=(V,E), (1)

Where G refer to the topological map, V refer to the set of vertex information in the topological
graph, and E refer to the matrix of edges. In practical applications, nodes can represent key positions
in the geographical environment, such as rooms, doors, corridors, or other feature points, and edges
represent the connection relationships between nodes, such as adjacency, direction, accessibility, etc.

In the field of positioning and navigation for indoor robot, topological maps are a low-granularity
structural representation method that can reduce the complexity of maps by abstracting the
environment, thereby reducing information storage and lowering computational complexity. Since
topology itself is a branch of mathematics that studies shapes and spaces, especially the properties
that remain unchanged under continuous deformation of space, topological maps have a certain
degree of flexibility and adaptability. And It naturally have a certain tolerance for dynamic
environments. Even in the face of environmental changes or the appearance of dynamic obstacles,
researchers can more easily maintain and update them.



3. Construction Methods of Indoor Topological Map

Constructing a topological map begins with using various sensors to acquire data from the
environment, followed by utilizing different algorithms to extract the topological structure from the
data and represent it as a graph or network. This chapter mainly introduces several commonly used
methods for constructing topological maps.

3.1. Constructing Topological Map Based on Voronoi Diagram

The Voronoi diagram is a graphical representation method based on the concept of geometric
distance. It effectively represents the spatial structure and relationships by dividing space into
multiple regions associated with a set of input points. The boundaries of Voronoi regions are
composed of the perpendicular bisectors between adjacent input points. The Voronoi diagram
provides positional information of points in space and their relationships with the nearest
neighboring points [12][13], making it suitable for robot motion planning and obstacle avoidance
and supporting fast and efficient nearest neighbor searches. As in references [12], during the process
of constructing a topological map, the junction points or endpoints of pruned Voronoi edges can be
used as topological nodes, with Voronoi paths between nodes considered as edges, thus converting
the Voronoi diagram into a topological map. In three-dimensional space, reference [15] uses the
three-dimensional generalized Voronoi diagram (GVD) extracted from the Euclidean signed distance
field [5] to represent the topological structure of the spatial environment and generate a thin skeleton
graph [14]. The sparse topological map can resist changes in noise and resolution and is suitable for
micro aerial robots to perform indoor navigation tasks. The application of these methods has made
the Voronoi diagram a powerful tool in the field of robot navigation from the beginning.

3.2. Constructing Topological Map Based on Graph Partitioning

Constructing topological map based on graph partitioning methods typically involves dividing
acquired RGB images or metric maps into different subgraphs as nodes, with the connections
between subgraphs serving as edges. The aim is to maximize connectivity within the same group
while minimizing connectivity between different cluster nodes. Spectral clustering [16][17][18] is
one of the commonly used graph partitioning algorithms, which shares the characteristic of using
an affinity matrix as input [17]. This matrix typically uses Euclidean distance or other metrics to
describe the similarity between data points. There are inherent disadvantages to using spectral
clustering algorithms to generate topological maps [19], such as high computational costs when the
input affinity matrix is large, and issues with excessive nodes and non-repetitive results. In Reference
[21], the environment is modeled with "appearance graphs" using visual camera poses as low-level
map nodes. The normalized cut criterion [20], one of the graph partitioning method, is then used to
cluster nodes and construct higher-level mappings. This approach can be considered a precursor to
constructing topological maps based on graph appearance.

Methods for constructing indoor topological maps based on Voronoi diagrams and graph
partitioning, although more structured and hierarchical compared to contrast metric maps, are still
not concise enough, and have many constraints during construction and a relatively fixed range of
applicable environments. Therefore, in the subsequent research on topological map construction
methods, they serve more as auxiliary tools.

3.3. Constructing Topological Map Based on Landmark Features

The method based on landmark features utilizes feature points in the environment, such as corner
points, doors, rooms, etc., as nodes, and the distance or direction between feature points as edges to
construct a topological map. Feature points can be obtained from the environment through sensors;
for example, Reference [23] uses a 3D sensor to acquire depth information and develops a progressive
Bayesian classifier for directly identifying different types of corridors (such as dead ends, T-junctions,
crossroads, etc.). It abstracts the environment into a topological map with rooms or intersections as



nodes and corridors as edges, integrating information from multiple observations to extract features.
Reference [26] obtains stable visual landmarks from videos as nodes (such as doors, fire extinguishers,
elevators, etc.) and constructs a topological map using continuous sequences as connectivity
information. In addition, feature points can be extracted from prior environmental information, such
as Reference [24] which is based on a 3D indoor map model from Building Information Modeling
(BIM), extracting elements like doors, windows, facilities, rooms, etc., as nodes, with edges including
corridors and connection relationships. It also proposes step nodes for assisting indoor positioning
and navigation, adaptable to complex and open indoor environments. Reference [25], on the other
hand, extracts elements from CAD drawings and analyzes their topological relationships to construct
an object-oriented topological structure.

3.4. Constructing Topological Map Based on Graph Appearance

Methods based on graph appearance primarily use visual information to construct topological
maps. One such method represents the robot's world environment as a collection of linked waypoint
images, that is, using images as nodes, creating edges between consecutive images and uses image
matching methods for localization and navigation. Reference [27] establishes nodes based on
positional visibility and assigns edges with spatial distance information and the navigability
probability between two nodes, allowing intelligent agents to form long-term plans and navigate in
new environments without prior knowledge of specific environments.

Another more typical method is the planning method based on topological memory
[29][30][31][33][34][35]. Topological memory is a memory map where each node corresponds to a
past observation of the robot. The SPTM [28], as a representative of topological memory, establishes
nodes by interacting with the environment at discrete time steps. SPTM builds a dense topological
map using image similarity as accessibility. Reference [36] specifically learns an accessibility
estimator to predict the probability of reachability and sparsely reduces dense trajectories to anchor
observation sequences, using anchor observation values as nodes and assigning edge weights based
on reachability probability to construct a sparser topological map. Furthermore, Reference [37]
proposes a graph maintenance strategy to improve lifelong navigation performance by eliminating
incorrect edges and expanding the graph as needed. Reference [48] merges multiple sparse
trajectories into a single topological map suitable for localization and navigation planning, using
RGB-D panoramic images as nodes and additionally attaching rough geometric information to the
directed edges in the map, enhancing the robot's global navigation capabilities.

Table 1
Comparison of Indoor Topological Map Construction Methods
Method Features Applicable Scenarios
3.1 Emphasizes geometric distance and spatial division Static environments / Obstacle
avoidance tasks
3.2 Focuses on maximizing regional connectivity Existing foundational maps
3.3 Concentrates on prominent feature points in the Structured scenarios
environment
3.4 Utilizes visual information, capable of real-time Relying on visual information
exploration and map construction / Real-time construction

Table 1. compares the four methods of topological map construction for indoor scenes mentioned
earlier. These methods utilize different sensor data and algorithms, each with its own characteristics
and suitable for various application scenarios, together forming a diversified framework for the
construction of topological maps in indoor scenes. Although topological maps have unique
advantages among the three types of indoor maps introduced in Chapter 2, under the backdrop of
the rapid development of artificial intelligence, a single topological map still falls short when facing



the demands of intelligent real-time interactive tasks. Since topological maps are constructed with a
structure of nodes and edges, extended constraints can be added to them [38], using other
environmental mapping information as auxiliary to provide multi-level map information for indoor
robot localization and navigation.

4. Multi-level Map Representation Methods

The "multi-level" refers to the use of multiple sensors to perceive and map the environment using
various mathematical expression methods to obtain multi-dimensional information, with the aim of
better serving future intelligent interactive applications for indoor robots [11]. As shown in Fig. 2,
this chapter will focus on topological maps, combined with other information of the environment,
to study indoor multi-level map expression methods.
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Figure 2: Adding additional information to the topological structure

4.1. Metrical-Topological Methods

The metrical-topological methods involve combining metric mapping with topological mapping
to construct multi-layered topological maps. It integrates the basic geometric information of space
on the basis of topological structures to provide a multi-dimensional representation of environmental
structures. The Spatial Semantic Hierarchy (SSH) proposed by Kuipers [41] describes the knowledge
of large-scale space using four dimensions: metric, topological, causal, and control, which is a
meaningful pioneering attempt to describe the environment by integrating multi-dimensional
information. Subsequent research [42] expanded the basic SSH, using metric mapping to create and
store local perceptual maps of position neighborhoods as small sealed space ontologies, mapping
them into the large-scale spatial ontology of cognitive maps, constructing a global topological
relationship mapping, which enables robots to perform global topological inference and local motion
planning effectively. In the metrical-topological methods, some researchers study how to extract
topological maps from metric maps and represent the environment together with both [43][44][45],
while others study how to enrich the topological structure by adding metric mapping information to
topological maps. These attempts have a significant enlightening effect on the development of indoor
topological map construction. In this process, many researchers have discovered the importance of
semantic concepts in the positioning and navigation of indoor robots, making semantic topological
methods a new research hotspot.

4.2. Semantic-Topological Methods

The semantic-topological methods combine semantic mapping with topological mapping to
construct multi-layered topological maps. They integrate semantic features such as objects and
locations on the basis of topological structures, helping robots understand their surroundings from
the perspective of human spatial concepts. Some researchers combine semantic mapping with
topological mapping in a layer-by-layer manner [15][52][53][54], but these approaches is merely
"multi-layered” in a literal sense. It does not deeply integrate information across dimensions and is
not lightweight enough, containing too much redundant information.



Another approaches are to integrate semantic information with the topological structure at the
level of the structure, constructing multi-layered maps that are more suitable for positioning and
navigation tasks indoor robots. For example, based on the SLAM algorithm, conference [32] proposed
a semantic-topological method based on ORB-SLAM?2, which uses the YOLOv5 network for object
detection to obtain semantic features, and constructs a topological map based on the spatial position
information of static objects. Based on the topological memory method SPTM [28], conference [47]
proposed the Topological Semantic Graph Memory (TSGM), where image nodes represent different
locations, and object nodes point to unique semantic objects using their visual representations.
Object nodes within the neighborhood are connected to the corresponding image nodes as contextual
auxiliary information according to visual rules, to eliminate the ambiguity of similar but different
objects. There are also studies [11][48][49][50] based on modular methods, using cross-modal
encoders to fuse topological maps with natural language instructions, effectively integrating
semantic information to generate navigation plans, enabling robots to better achieve visual and
language navigation tasks. The latest research [51] combines topological mapping with large
language model, capturing the spatial structure and connectivity of the environment to build
topological maps online and convert them into text prompts, and using visual models to convert the
visual information of the scene into feature information rich in semantic content. These semantic-
topological methods combine the global navigation advantages of topological structures with the
rich semantic information of visual observations, helping robots understand their navigation paths
in the environment, and enabling effective global exploration and robust and efficient navigation in
complex environments.

The combination of topological maps with semantic information shows great application
potential and development prospects in the field of indoor robots. Future research can further explore
how to integrate rich semantic information more deeply into topological maps, not only including
the recognition of objects and landmarks and other points of interest, but also involving the
understanding of functional areas of the environment and divergent cognition of dynamic changes,
enhancing generalization ability, enabling robots to adapt to various scales and complexities of
indoor scenes. For example, developing advanced cross-modal learning algorithms and combining
them with large language models to achieve effective integration of visual, language information,
and topological structure, providing flexible and reliable support for human-computer interaction
and intelligent strategy-making.

5. Conclusion

This review emphasizes the superiority of topological maps as an abstract representation method
of environmental structure, in providing high-level navigation information, handling dynamic
environments, reducing computation and storage and other dimensions. It points out their potential
in positioning and navigation for indoor robots, compares and outlines some construction methods
of indoor topological maps. On this basis, this review further proposes the concept of multi-level
map expression, using the structural flexibility and scalability of topological maps, combined with
other environmental information, to construct multi-level maps that enrich the robot's cognitive
understanding of the environment, thereby better supporting indoor positioning and navigation of
robots. In particular, semantic-topological methods aim to enhance the autonomy and intelligence
of robots by combining advanced semantic understanding and topological representation
technologies. The development of this field in the future is expected to be multifaceted, and with the
continuous advancement in semantic-topological research, it is anticipated to bring breakthrough
progress to indoor robotics technology.
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