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Abstract— This paper proposes a method for topological
mapping that guarantees orientation accuracy. Unlike pure
topological maps, the orientations of arcs connecting nodes
in our topological maps match those in real environments.
The proposed method uses the Visual Place Recognition (VPR)
method, AnyLoc-VLAD-DINOv2, to extract global descriptors
from images obtained by a 360-degree camera, and then
creates nodes and detects loops based on these descriptors.
Furthermore, the initial orientation of each node is calculated
using angular velocity obtained by an IMU. The proposed
method creates two types of orientation constraints. Heading
constraints are created from initial orientations, and loop
constraints are created from loop detection. Subsequently, node
orientations and arc lengths are corrected through constrained
optimization with two types of orientation constraints. Through
indoor and outdoor experiments, the proposed method enabled
topological mapping with both topological consistency and ori-
entation accuracy. Nodes of the topological maps were created
adaptively based on the appearance of each location within
the environments, and the node spacing varied accordingly.
Furthermore, through constrained optimization with two types
of orientation constraints, node loops were closed and arc
orientations matched those in real environments. Even in
environments containing multiple loops, the proposed method
enabled topological mapping while simultaneously satisfying the
constraint of each loop.

I. INTRODUCTION

For robot navigation, there are metric maps and topo-

logical maps. Metric maps represent the shape and spatial

relationships of environments in a Cartesian coordinate sys-

tem. Topological maps abstractly represent the connectivity

of environments using a graph structure composed of nodes

and arcs.

Our previous work [1] proposed a method for topological

mapping that maintains topological consistency between real

environments and topological maps. The topological maps of

our previous method, without using metric information, are

pure topological maps, and the connectivity of nodes topo-

logically matches that of real environments. Our previous

method extracts features using AnyLoc [2], a highly versa-

tile Visual Place Recognition (VPR) method, from images

obtained by a 360-degree camera. Based on their similarity,

nodes are adaptively created and loops are detected.

This paper proposes a novel method for topological

mapping that guarantees orientation accuracy between real

environments and topological maps. In the topological maps

of the proposed method, the orientations of arcs connecting

nodes actually match those in real environments. At first,

the proposed method creates nodes and detects loops based

on VPR from images obtained by a 360-degree camera, and

calculates the initial orientation of each node from angular

velocity obtained by an IMU. Next, two types of orientation

constraints are created based on loop detection and the

initial orientation of each node. Then, thorough constrained

optimization with two types of orientation constraints, node

orientations and arc lengths are corrected.

The contributions of this paper are as follows:

• Using VPR, nodes are created and loops are detected

from images obtained by a 360-degree camera, and

the initial orientation of each node is calculated from

angular velocity obtained by an IMU.

• Through constrained optimization with two types of

orientation constraints, node orientations and arc lengths

are corrected for topological mapping with both topo-

logical consistency and orientation accuracy.

• From experiments in both indoor and outdoor environ-

ments with single or multiple loops, we confirm that,

using constrained optimization, node loops are closed

and arc orientations match those in real environments.

II. RELATED WORK

A. Topological Maps

Topological maps abstractly represent environments as

graph structures. This type of map representation is known

for its robustness to environmental changes and computa-

tional efficiency, making it effective for navigation [3] [4]

[5].

Furthermore, the existence of cognitive maps based on

topological structures has been suggested in human spatial

cognition, and their applications in robotics are also advanc-

ing [6] [7] [8].

Thrun [5] proposed a hybrid map that has both the

precision of metric maps and the computational efficiency of

topological maps. This method first constructs a metric map

for the entire environment, and then constructs a topological

map from its geometry.

Kuipers et al. [6] introduced the concept of cognitive maps

into robotic spatial representation. They proposed a hierar-

chical representation called the Spatial Semantic Hierarchy
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Fig. 1. Pipeline of the proposed topological mapping method using constrained optimization.

(SSH), which captures environmental structure at multiple

levels of abstraction.

Choset et al. [7] proposed topological SLAM for simul-

taneous localization and mapping based on environmental

connectivity. They achieved efficient SLAM using a Gener-

alized Voronoi Graph (GVG) to represent the connectivity of

the environment.

Konolige et al. [8] proposed a navigation method using

metric-topological maps. This method constructs a metric-

topological map by building metric local maps of small areas

and topologically connecting these local maps. This shows

that navigation is possible even without detailed geometric

information of the entire map.

These conventional methods use topological maps to cap-

ture the connectivity of the environment as a graph structure

of nodes and arcs, enabling localization and path planning.

In contrast, the proposed method is a novel approach that

constructs a topological map in which the orientations of arcs

connecting nodes match those in real environments using a

camera and an IMU.

B. Visual Place Recognition

Visual Place Recognition (VPR) is a method that recog-

nizes previously visited locations using images, performing

image retrieval based on similarities between images. Robust

feature representations are required to correctly recognize the

same location under diverse conditions, such as viewpoints,

lighting, and seasonal changes [9].

Classical VPR methods extended image retrieval tasks

by representing local descriptors, such as SIFT [10] and

SURF [11], as feature vectors using Bag of Visual Words

(BoVW) [12] or VLAD [13]. Subsequently, learning-based

methods such as NetVLAD [14], GeM [15], and CosPlace

[16] emerged and achieved high performance.

AnyLoc [2] is a high performance VPR method. AnyLoc

leverages general purpose feature representations of self-

DINOv2Images Local
Descriptors VLAD Global

Descriptors

Fig. 2. Feature extraction using AnyLoc-VLAD-DINOv2.

supervised learning models, such as CLIP [17] and DINOv2

[18], achieving high VPR performance across diverse envi-

ronments without retraining or fine-tuning.

In this paper, we use AnyLoc for node creation and loop

detection. Using AnyLoc solves the limitations of conven-

tional topological mapping, such as dataset dependency and

environmental conditions.

III. TOPOLOGICAL MAPPING

A. Overview

Fig. 1 shows the proposed method pipeline. Compared to

our previous method [1], the proposed method adds the cre-

ation of orientation constraints and constrained optimization.

In addition to images obtained by a 360-degree camera, the

proposed method utilizes angular velocity obtained by an

IMU.

The proposed method enables topological mapping that

achieves both topological consistency and orientation ac-

curacy. First, global descriptors are extracted from images

to create nodes and detect loops. Furthermore, the initial

orientation of each node is calculated using angular velocity.

Heading constraints are created from initial orientations, and

loop constraints are created from loop detection. Then, node

orientations and arc lengths are corrected through constrained

optimization with two types of orientation constraints.

B. Node Creation and Loop Detection using VPR

Fig. 2 shows the process of extracting features from

images obtained by a 360-degree camera. The proposed
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(a) Before Optimization (b) After Optimization

Fig. 3. Node configurations before and after optimization.

method uses AnyLoc-VLAD-DINOv2 [2]. First, DINOv2

[18] is used to obtain local descriptors from images. Next,

the local descriptors are aggregated into global descriptors

using VLAD [13].

The proposed method creates nodes and detects loops in

the topological map based on global descriptors extracted

from images. Images are sampled at regular intervals from

collected data, and global descriptors are extracted from

each image. For node creation, a threshold is set based on

the cosine similarity of descriptors, and nodes are added

adaptively. Loop detection is also based on cosine similarity.

C. Heading Constraints and Loop Constraints

The proposed method creates two types of orientation

constraints: heading constraint and loop constraints. Heading

constraints correct node orientations to align with initial

orientations obtained by an IMU. Loop constraints correct

entire loops so that detected nodes overlap and loops close.

First, as show in Fig. 1, heading constraints are created.

Angular velocity obtained by an IMU is integrated to cal-

culate the initial orientation of each node relative to the

beginning node.

Next, loop constraints are created. Angular velocity ob-

tained by an IMU contains errors, and arc lengths are

topological and indeterminate. As a result, loops cannot be

correctly closed using only heading constraints. Therefore,

loop constraints correct node orientations and arc lengths

within detected loops so that detected nodes overlap and

loops close. These constraints maintain both topological

consistency and orientation accuracy.

D. Constrained Optimization

Fig. 3 shows node configurations before and after opti-

mization. The proposed method corrects node orientations

and arc lengths through constrained optimization with head-

ing constraints and loop constraints.

The optimized orientation of each node θmap,i is defined

as shown in Eq. (1).

θmap,i := θimu,i + θdef,i (1)

It is determined by adding the correction angle θdef,i, esti-

mated through optimization, to the initial orientation θimu,i

obtained from an IMU.

The optimization uses the loop set L, as shown in Eq.(2),

which is selected from the topological map. Each loop Lk,

as shown in Eq.(3), is defined by the indices from the start

node is k to the end node ie k.

L := {L1,L2, . . . ,LK} (2)

Lk := {is k, . . . , ie k} (3)

The proposed method performs constrained optimization

for heading constraints and loop constraints. If multiple

conflicting loop constraints exist in a loop, the resulting topo-

logical map becomes inconsistent. Therefore, loop selection

for constrained optimization is performed as follows. First,

based on loop detection using VPR, the graph structure of the

topological map is obtained. Next, the cycle basis function

in the NetworkX library is used to extract representative

loops from the graph. Then, from these extracted loops,

loops containing a certain number of nodes are selected for

constrained optimization.

The problem of simultaneously optimizing the correction

angles θdef and the arc lengths l is formulated as in Eqs. (4),

(5), and (6).

θ̂def, l̂ = argmin
θdef,l

N−1
∑

i=0

(θdef,i)
2 (4)

subject to
∑

i∈Lk

li

[

cos (θmap,i)
sin (θmap,i)

]

=

[

0
0

]

, ∀ k = 1, . . . ,K

(5)

li ≥ 1, ∀ i = 0, . . . , N − 1 (6)

The objective function in Eq. (4) minimizes the sum

of squares of the correction angles θdef. This minimizes

the amount of correction required to close the loops. This

corresponds to the heading constraints.

The constraint in Eq. (5) is to close the loops. By con-

straining the sum of the arc vectors in each loop to be the

zero vector, it guarantees that the start node and end node of

the loop overlap. This corresponds to the loop constraints.

Furthermore, in Eq. (6), the minimum value of the arc lengths

l is set to 1 to prevent excessive contraction of the arcs.

As described above, the proposed method solves the

constrained optimization problem. For the optimization im-

plementation, we use the optimize submodule of the SciPy

library. Our method adopt sequential quadratic programming

(SLSQP) algorithm.

IV. EXPERIMENTS

A. Setup

Fig. 4 shows the experimental environments and the paths

to collect data, where the paths are shown in red. Fig. 5

shows examples of images obtained in each environment.

To verify the effectiveness of the proposed method, we

qualitatively evaluated the topological maps. In the indoor

environment and in the outdoor environment 1, a single loop

path was used. In contrast, in the outdoor environment 2, a

figure-eight loop path was used for multiple loops.
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Fig. 4. Experimental environments. Data was collected on both indoor
and outdoor paths at Meiji University.

Data was collected using a wheeled robot based on the

WHILL Model CR, at a speed of 1 m/s. The sensors were

a Ricoh Theta S 360-degree camera and an Xsens MTi-30

IMU. To process the collected data, a PC equipped with

CPU: Intel Core i9 14900KF, RAM: 64 GB, GPU: NVIDIA

GeForce RTX 4090, and VRAM: 24 GB was used.

B. Evaluation

Fig. 6, Fig. 8, and Fig. 10 show the node positions

created by the proposed method on the metric maps for

each environment. The start point is shown in blue, and

the end point is shown in green. For outdoor environment

TABLE I

COMPARISON OF TRAVEL TIME, NUMBER OF IMAGES, MAPPING TIME,

AND NUMBER OF NODES IN EACH ENVIRONMENT

Indoor Outdoor 1 Outdoor 2

Travel Time 2 min 33 s 4 min 34 s 11 min 7 s
Number of Images 153 273 667

Mapping Time 14.692 s 27.393 s 50.831 s
Number of Nodes 54 33 75

(a) Indoor Environment

(b) Outdoor Environment

Fig. 5. Example images obtained in each environment.

2, the proposed method detected two loops for constrained

optimization. Loop 1 is drawn in green, and Loop 2 is drawn

in blue.

These figures indicate that nodes are created adaptively

based on the appearance of each location within the environ-

ments, and the node spacing varies accordingly. Nodes are

created when global descriptors change beyond a predefined

threshold, enabling adaptive adjustment of node spacing.

In the indoor environment, as shown in Fig. 5(a), the

appearance is monotonous and consists primarily of white

structures. As a result, the appearance changes uniformly at

every location, leading to node creation at regular intervals,

as shown in Fig. 6.

In contrast, in the outdoor environment, as shown in Fig.

5(b), the appearance is complex and includes diverse ele-

ments such as buildings and trees. As a result, the appearance

changes significantly depending on location, leading to node

creation at varying intervals, as shown in Fig. 8 and Fig. 10.

Table I shows the comparison of travel time, number

of images, mapping time, and number of nodes in each

environment. This table indicates that the proposed method

can process mapping in a time sufficiently shorter than the

travel time. The computational cost of the proposed method

is strongly influenced by node creation based on VPR and

increases with the number of images. The number of nodes in

the map is determined adaptively based on the appearance in

each environment, so it is not directly related to the number

of images.

Fig. 7, Fig. 9, and Fig. 11 show the topological maps of

our previous method [1] and the proposed method. In these

figures, the start and end nodes of loops are shown in green.

As shown in Fig. 7(a), Fig. 9(a), and Fig. 11(a), loops were
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Fig. 6. Node positions on the metric map in the indoor environment.

(a) Previous Method [1]

(b) Ours (Before Optimization) (c) Ours (After Optimization)

Fig. 7. Topological map of the indoor environment.

closed correctly by loop detection of our previous method

[1], enabling topological mapping that maintains topological

consistency between real environments and topological maps.

However, our previous method [1] does not impose orienta-

tion constraints, resulting in the complete loss of path shape

information such as straight passages and corners. Therefore,

all loop paths are represented as simple circular loops.

In contrast, the proposed method optimizes with two types

of orientation constraints, correcting node orientations and

arc lengths. Consequently, as shown in Fig. 7(b)(c), Fig.

9(b)(c), and Fig. 11(b)(c), our topological maps achieve both

topological consistency and orientation accuracy. Note that,

since the proposed method performs topological mapping,

arc lengths are deformed and differ from those in the metric

maps.

In the environment shown in Fig. 6, nodes and arcs extend

inside the loop. As shown in Fig. 7(a), our previous method

[1] maintains topological consistency but has nodes and arcs

extending outside the loop. In contrast, as shown in Fig.

7(b)(c), the proposed method correctly positions nodes and

arcs inside the loop.

In the proposed method before optimization, as shown

in Fig. 7(b), Fig. 9(b), and Fig. 11(b), nodes and arcs are

Fig. 8. Node positions on the metric map in the outdoor environment 1.

(a) Previous Method [1]

(b) Ours (Before Optimization) (c) Ours (After Optimization)

Fig. 9. Topological map of the outdoor environment 1.

positioned based on the initial orientation obtained by the

IMU. Since the IMU orientation contains errors and the arc

lengths are topological and indeterminate, the loops are not

closed and topological consistency is not maintained.

On the other hand, in the proposed method after optimiza-

tion, as shown in Fig. 7(c), Fig. 9(c), and Fig. 11(c), the node

orientations and arc lengths are corrected. Constrained opti-

mization using two types of orientation constraints closes the

loops, achieving both topological consistency and orientation

accuracy.

As shown in Fig. 11(c), the proposed method can close

the loops even when multiple loops exist. Since our method
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Loop 1

Loop 2

Fig. 10. Node positions on the metric map in the outdoor environment 2.

(a) Previous Method [1]

(b) Ours (Before Optimization) (c) Ours (After Optimization)

Fig. 11. Topological map of the outdoor environment 2.

employs constrained optimization, if multiple conflicting

loop constraints exist, the resulting topological map becomes

inconsistent. The proposed method selects appropriate loops

to impose loop constraints for constrained optimization.

Thus, consistent topological mapping is achieved even with

multiple loops.

V. CONCLUSION

This paper proposed a novel method for topological

mapping that guarantees orientation accuracy between real

environments and topological maps. In the topological maps

of the proposed method, the orientations of arcs connecting

nodes actually match those in real environments.

Through indoor and outdoor experiments, the proposed

method enabled topological mapping with both topological

consistency and orientation accuracy. Nodes of the topolog-

ical maps were created adaptively based on the appearance

of each location within the environments, and the node

spacing varied accordingly. Furthermore, through constrained

optimization with two types of orientation constraints, node

loops were closed and arc orientations matched those in

real environments. Even in environments containing multiple

loops, the proposed method enabled topological mapping

while simultaneously satisfying the constraint of each loop.
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