
Biological Cybernetics (2019) 113:515–545
https://doi.org/10.1007/s00422-019-00806-9

ORIG INAL ART ICLE

NeuroSLAM: a brain-inspired SLAM system for 3D environments

Fangwen Yu1,2 · Jianga Shang1 · Youjian Hu1 ·Michael Milford2

Received: 29 March 2019 / Accepted: 14 September 2019 / Published online: 30 September 2019
© Springer-Verlag GmbH Germany, part of Springer Nature 2019

Abstract
Roboticists have long drawn inspiration fromnature to develop navigation and simultaneous localization andmapping (SLAM)
systems such as RatSLAM. Animals such as birds and bats possess superlative navigation capabilities, robustly navigating
over large, three-dimensional environments, leveraging an internal neural representation of space combined with external
sensory cues and self-motion cues. This paper presents a novel neuro-inspired 4DoF (degrees of freedom) SLAM system
named NeuroSLAM, based upon computational models of 3D grid cells and multilayered head direction cells, integrated with
a vision system that provides external visual cues and self-motion cues. NeuroSLAM’s neural network activity drives the
creation of a multilayered graphical experience map in a real time, enabling relocalization and loop closure through sequences
of familiar local visual cues. A multilayered experience map relaxation algorithm is used to correct cumulative errors in path
integration after loop closure. Using both synthetic and real-world datasets comprising complex, multilayered indoor and
outdoor environments, we demonstrate NeuroSLAM consistently producing topologically correct three-dimensional maps.

Keywords Bio-inspired robotics · Brain-inspired navigation · Simultaneous localization and mapping (SLAM) · 3D grid
cells · Multilayered head direction cells

1 Introduction

Navigating in three-dimensional environments is a critical
capability for many current or prospective robotic tasks, such
as rescue, delivery and exploration. Operation in these envi-
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ronments involves a number of challenges including onboard
compute, lack of cloud access, power consumption restric-
tions and cost pressures (Cadena et al. 2016; Bellingham
et al. 2018): Current advanced systems typically employ a
multi-sensor suite of vision, range, inertial andGNSS (global
navigation satellite system) sensors, combined with a prob-
abilistic mapping or simultaneous localization and mapping
(SLAM) back-end (Saputra et al. 2018).

In contrast to current robotic technologies, many ani-
mals such as bats robustly map and navigate in a range of
three-dimensional environments (Jeffery et al. 2013; Finkel-
stein et al. 2016). The location in 3D space is estimated by
combining local visual cues and self-motion cues for spa-
tial navigation in the mammalian brain (Milford and Schulz
2014; Finkelstein et al. 2016; Campbell et al. 2018). Some
neural basis of navigation has been discovered in the mam-
malian brain, including place cells (O’Keefe and Dostrovsky
1971), grid cells (Hafting et al. 2005), head direction cells
(Taube et al. 1990), boundary/border cells (Solstad et al.
2008; Lever et al. 2009), speed cells (Kropff et al. 2015),
etc. (Moser et al. 2017). Together, an internal cognitive map
is generated according to local visual cues and self-motion
cues. (Jeffery et al. 2013, 2016; Evans et al. 2016; Cope et al.
2017; Campbell et al. 2018; Bjerknes et al. 2018).
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With the initial discovery and understanding of the 2D
spatial neural mechanism in the brain encoded by place
and head direction cells, some neural navigational models
have been developed and applied to robot navigation. For
example, a navigational model based on head direction cells
and place cells was developed, which was deployed on the
Khepera robot operating in a small 2D area (Arleo and Ger-
stner 2000). Furthermore, in order to support large-scale
persistent navigation and mapping, Milford et al. (2004),
Milford and Wyeth (2008) and Milford and Wyeth (2010)
developed a computational model called RatSLAM, a rodent
brain-inspired SLAM algorithm. RatSLAM has successfully
mapped an entire suburb in a 2D map and navigated in an
office environment over two weeks. Most recently, several
novel approaches have been developed based on several types
of neural network models and neuromorphic hardware (Ban-
ino et al. 2018; Tang and Michmizos 2018; Zhou et al. 2018;
Kreiser et al. 2018a, b).

There has to date been relatively little work on developing
biologically inspiredmappingmodels capable of functioning
in 3D, rather than 2D environments. Part of this is due to the
relatively recent inroads into understanding 3D spatial rep-
resentations in the brain; neuroscientists have recently found
evidence for the neural basis of 3D navigational neural repre-
sentation in freely flying bats, rats and humans, including 3D
place cells (Yartsev and Ulanovsky 2013; Kim et al. 2017;
Wohlgemuth et al. 2018), 3Dhead direction cells (Finkelstein
et al. 2015; Laurens et al. 2016; Page et al. 2018; Shinder
and Taube 2019) and 3D grid cells (Finkelstein et al. 2016;
Kim and Maguire 2019; Casali et al. 2019). Hayman et al.
(2015) and Jeffery et al. (2015) proposed several mathemati-
cal models of these 3D spatial neural cells and analyzed their
properties and limitations in representing 3D space. Page
et al. (2018) proposed a 3D rotation rule with dual axis for
representing 3D head direction. Casali et al. (2019) found the
novel spatial encoding properties of grid cell firing fields in
vertical space. Some research has also closed the loop back to
neuroscience in an attempt to aid neuroscientists in interpret-
ing neurobiological recordings (Llofriu et al. 2015; Gianelli
et al. 2018; Gaussier et al. 2019).

In this paper,wepresent a novel biologically inspiredmap-
ping system with 4 degrees of freedom, enabling it to map
and localize in 3D, rather than 2D, environments. The core
system draws some of its inspiration from previous 2D-only
brain-based mapping systems including RatSLAM (Milford
et al. 2004; Milford and Wyeth 2008, 2010), but makes a
range of new contributions as follows:

– Firstly, we propose a novel neuro-inspired model for
mapping and localization in a large, real-world three-
dimensional environments, which is to the best of our
knowledge, the first work to do so.

– Secondly, we develop a functional computational model
of conjunctive pose cells consisting of 3D grid cells and
multilayered head direction cells for representing a 4DoF
pose (x, y, z, yaw).

– Thirdly, we propose a novel multilayered graphical expe-
rience map combining the local view cells, 3D grid cells,
multilayered head direction cells and 3D visual odome-
try.

– Finally, we present three new 3Dmapping real-world and
synthetic datasets comprising both outdoor and indoor
environments and evaluate NeuroSLAM’s performance
on them.

The paper is organized as follows: Sect. 2 discusses the con-
ventional visual SLAM and brain-inspired SLAM. Section
3 describes the current understanding of 3D spatial neural
representation in the brain and provides a background for
the problem. Section 4 presents the architecture and detailed
models of our system—NeuroSLAM—to build the neural
mechanism of 3D spatial representation in robots. Section 5
describes the methodology of experiments for investigating
the performance of NeuroSLAM. Section 6 presents exper-
imental results demonstrating the mapping and localization
performance of the system in 3D space. Section 7 discusses
and concludes the results of the study, revealing the insights
gained regarding the benefits and drawbacks of developing
and deploying a neuro-inspired 3D SLAM system.

2 State of the art in the SLAM for 3D
environments

In this section, we briefly review the conventional visual
SLAM and brain-inspired SLAM for 3D environments. A
3D SLAM system enables a robot to explore in an unknown
3D environment from an arbitrary initial 3D location. Mean-
while, it can build a 3D spatial map incrementally. The
3D spatial map is also used to compute the robot’s 3D
pose simultaneously (Dissanayake et al. 2001; Thrun and
Leonard 2008). Approaches to solve the problem of 3D
SLAM broadly fall into two classes. The primary set of
approaches is typically geometric in nature and is driven by
optimization or probabilistic filters, for instance, graph opti-
mization, particle filters or extended Kalman filters (EKF)
(Cadena et al. 2016). A second set of approaches to SLAM
has been based on inspiration from biological mapping and
localization systems. These biologically inspired methods
also fall into two classes. One set of approaches is based on
the navigational behavior strategies of ants, bees and insects
(Sabo et al. 2016, 2017; Stone et al. 2016; Dupeyroux et al.
2019). Another set of approaches is based on neural navi-
gational mechanisms. In this paper, we mainly focus on the
approaches based on 3D neural navigational mechanisms.
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In the following sections, we review both conventional 3D
visual SLAM and prior brain-inspired SLAM systems.

2.1 Conventional 3D visual SLAM

The robot must build up a 3D spatial map to navigate effec-
tively in 3D environments. Generally, four classes of spatial
representation, including geometrical, topological, seman-
tic and hybrid maps, are used in modeling spaces. In recent
years, a popular and essential topic has been 3D visual
SLAM due to the decreasing cost of cameras and the sim-
ilarity to mammalian 3D visual perception (Milford 2013;
Welchman 2016; Naseer et al. 2018). Monocular, stereo,
omnidirectional, RGB-D cameras and 3D laser range find-
ers are among the well-known sensors used for 3D SLAM
(Faessler et al. 2016; Saputra et al. 2018). Some advanced
approaches to 3D visual SLAM and 3D visual odometry are
given in Tables 1 and 2. Noticeable approaches includeORB-
SLAM (Mur-Artal and Tardós 2017; Mur-Artal et al. 2015),
PTAM (Klein and Murray 2007), LSD-SLAM (Engel et al.
2014), SVO (Forster et al. 2014, 2017) and DSO (Engel et al.
2018). Recently, some novel approaches have been proposed
based on biologically analogous event cameras, such as EVO
(Rebecq et al. 2017) and event camera-based SLAM (Vidal
et al. 2018).

In addition, some approaches have focused on the loop
closure component of the SLAM problem, such as FrameS-
LAM (Konolige and Agrawal 2008), FAB-MAP (Cummins
and Newman 2008; Paul and Newman 2010), SeqSLAM
(Milford and Wyeth 2012) and CAT-SLAM (Maddern et al.
2012). More details about place recognition and loop closure
can be found in the survey paper by Lowry et al. (2016).

Many state-of-the-art SLAMsolutions for building spatial
maps work well in static, structured and 3D environments
(Cadena et al. 2016). In order to estimate 3D pose of the
robot in large 3D environments, many optimization and
filter algorithms have been proposed. However, many of
these algorithms require significant computational resources,
costly sensors and the assumption of static environments.
Furthermore, bad data association often impairs their appli-
cation to complex 3D environments (Cadena et al. 2016;
Bellingham et al. 2018). Overall, the SLAM in unstruc-
tured, large-scale and 3D open environments is still an open
challenging problem. We investigate the feasibility of a bio-
inspired, hybrid spatial representation approach combining
topological and metric information for 3D environments in
this study.

2.2 Brain-inspired SLAM

Mammalian animals can find food, return to their nest and
find social mates by using their navigation capabilities. With
the discovery of and improvements in our understanding

of neural mechanisms in the brain, some navigational neu-
ral network models have been developed and applied into
the robot navigation in 2D areas. For instance, a naviga-
tional computational model of head direction cells and place
cells was developed, which was deployed on Khepera robot
operating in a small 2D area (Arleo and Gerstner 2000).
In addition, a robot architecture with the capability of spa-
tial navigation was developed by Barrera and Weitzenfeld
(2008). In order to support large-scale persistent navigation
andmapping, a bio-inspired SLAMmodel, calledRatSLAM,
was developed (Milford et al. 2004;Milford andWyeth 2008,
2010). The model loosely imitates parts of the rodent brain.
RatSLAM has successfully mapped an entire suburb in a
2D map and navigated in a 2D office environment over two
weeks.

Most recent expansional approaches based on the Rat-
SLAM model have been developed, such as BatSLAM
(Steckel and Peremans 2013) using the sonar sensing modal-
ity. Tang et al. (2018) integrated an episodic memory module
for processing the context in navigational tasks. Furthermore,
Milford et al. (2011a) andMilford et al. (2011b) improved the
vision system to solve SLAM problem in 2.5D environments
without changing the core model of RatSLAM. Silveira et al.
(2013) and Silveira et al. (2015) explored the SLAMproblem
in a 3D underwater environment by expanding the RatSLAM
model using a 3D place cell model, but they do not represent
metric and directional information.

In addition, some novel models and approaches have
been developed based on place cells (PC), head direction
cells (HDC) and grid cells (GC) with various types of neu-
ral networks, such as continuous attractor neural networks
(CANN), deep neural networks (DNN) and spiking neural
networks (SNN), as given in Table 3. Several approaches
have used novel sensors, such as event-based camera and
RGB-D sensors, as well as neuromorphic hardware, such as
Kreiser et al. (2018a, b).

Many approaches inspired by the spatial representation
in the brain have been developed for 2D SLAM in robots.
However, few if any have tackled the challenging problem
of 3D SLAM in challenging real-world environments based
on the 3D spatial neural representation in the mammalian
brain. Until relatively recently, this focus on 2D has surely
been in part due to relatively little being known about the
neural substrates underlying 3D navigation. However, recent
discoveries of 3D navigational neural representation in flying
bats and the human brain have provided some new sources
of inspiration for modelers and roboticists. In this paper, we
focus on developing a neural model for 3D spatial represen-
tation in order to provide a bio-inspired SLAM capability in
3D environments.
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3 3D spatial representation in the
mammalian brain

In this section, we describe the current understanding of 3D
spatial neural representation in the brain and provide some
background context for the NeuroSLAM model. After brief
review of some key navigational neural cells in the brain, we
mainly describe the properties of the 3D grid cells and the
head direction cells. We then describe the multidimensional
attractor neural network we have developed to model the 3D
grid cells and the multilayered head direction cells.

Neuroscientists have discovered some neural basis of neu-
ral spatial representation in the mammalian brain which can
support 2D navigation (Moser et al. 2017). However, many
animals are able to navigate in 3D space, but until recently,
we still knew very little about 3D spatial representation in
the mammalian brain. In recent years, neuroscientists have
found some neural basis of 3D navigational neural represen-
tation in freely flying bats and rats, including 3D place cells
(Yartsev and Ulanovsky 2013; Wohlgemuth et al. 2018), 3D
head direction cells (Finkelstein et al. 2015; Laurens et al.
2016; Page et al. 2018; Shinder and Taube 2019) and 3D grid
cells (Finkelstein et al. 2016; Casali et al. 2019). In addition,
the latest investigations have shown that 3D place cells, 3D
head direction cells and 3D grid cells exist in the human
brain (Kim et al. 2017; Kim and Maguire 2018a, b, 2019).
The 3D place cells discharge selectivelywhenmammals pass
through a certain 3D spatial location, which form a metric
map in all three dimensions (Yartsev and Ulanovsky 2013;
Finkelstein et al. 2016). The 3D head direction cells respond
to a particular combination of azimuth x pitch thus represent-
ing the direction of the head vector in 3D space (Finkelstein
et al. 2015, 2016). The 3D grid cells would exhibit regu-
lar 3D lattice pattern, which represent 3D position, direction
and metric information for 3D path integration (Finkelstein
et al. 2016; Jeffery et al. 2015). Jeffery et al. (2015) and Hay-
man et al. (2015) presented several mathematical models of
these 3D spatial neural cells and analyzed the properties and
constraints in representing 3D space. Page et al. (2018) pro-
posed a 3D rotation rule with dual axis for representing 3D
head direction. Casali et al. (2019) found the spatial encod-
ing properties of the grid cells in vertical space. Soman et al.
(2018) modeled the 3D spatial neural cells based on a hierar-
chical network. In this paper, we represent the 4DoF pose by
combining models of 3D grid cells and head direction cells.
The properties of these cells are described in the following
section.

3.1 3D grid cells

Grid cells are a type of neurons in themammalian brainwhich
have a periodic hexagonal pattern of firing fields. This prop-
erty is independent of the direction and speed of a moving
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animal (Hafting et al. 2005). Neuroscientists thereby thought
that grid cells can provide a metric spatial representation for
navigation. Furthermore, some investigation revealed that the
grid cell network may perform a path integration based on
self-motion cumulatively (Hafting et al. 2005; Burak and
Fiete 2009). Recently, Finkelstein et al. (2016) predicted that
3D grid cells existing in the bat brain. Kim and Maguire
(2019) provided some key evidence for the existence of 3D
grid cells in the human brain. The models of the hexago-
nal close packing (HCP) and the face-centered cubic lattice
(FCC) are proposed to organize 3D grid cells (Jeffery et al.
2013, 2015; Horiuchi and Moss 2015; Laurens and Ange-
laki 2018; Kim and Maguire 2019). In this paper, we use
the 3D grid cell model to represent 3D position and metric
information for 3D path integration.

3.2 Head direction cells

Head direction cells are a type of neurons in the mammalian
brain. They can discharge when the animal is oriented in a
particular direction (Taube et al. 1990). Additionally, the lat-
est study revealed that 3D head direction cells can represent
the direction of the animal with yaw, pitch, roll or their com-
bination in 3D space (Finkelstein et al. 2015, 2018; Kim and
Maguire 2018b). Some experiments (Stackman et al. 2000)
have shown that the head direction cells can represent global
direction information during 3D navigation in distinct floors.
In this paper, we only take azimuth into consideration for rep-
resenting a 4DoF pose, and amultilayered head direction cell
model is used to represent the robotic orientation.

3.3 Multidimensional continuous attractor network

Multidimensional continuous attractor network (MD-CAN)
is a significant approach to modeling spatial neural cells
(Samsonovich andMcNaughton 1997;Burak andFiete 2009;
Mulas et al. 2016; Jeffery et al. 2016; Laurens and Ange-
laki 2018). The MD-CAN is a type of neural network with
weighted excitatory and inhibitory connections (Shipston-
Sharman et al. 2016). The MD-CAN has many recurrent
connectionswhich cause the network to converge over time to
certain stable states (attractors, activity packets or bumps) in
the absence of external input (Milford andWyeth 2008). The
MD-CAN operates by updating the neural activity. Unlike
most neural networks, it does not change the value of the
weighted connections (Milford and Wyeth 2010). Each neu-
ral unit in the MD-CAN has a continuous activation value
between zero and one. When the robot approaches a spatial
location, the activation value of the associated neural unit
increases. Their properties are significantly different from
the usual probabilistic representations found in conventional
SLAM algorithms. In this study, the 2D MD-CAN and 3D

MD-CAN are used to represent the multilayered head direc-
tion cell model and 3D grid cell model, respectively.

4 Our approach: NeuroSLAM

In this section, we describe the detailed architecture and
the components of the NeuroSLAM system: the conjunctive
pose cell model, the multilayered experience map and the
vision module. After giving an overview of the system, we
present the detailed computationalmodels of the 3Dgrid cells
and the multilayered head direction cells and their network
operation process with attractor dynamics, path integration
and local view calibration. We then describe the multilay-
ered experience map creation and relaxation processes. The
section concludes with a description of the vision system
for providing external visual cues and self-motion cues. The
NeuroSLAM code is available at https://github.com/cognav/
NeuroSLAM.git.

4.1 Architecture

The architecture of the NeuroSLAM system is shown in Fig.
1. The robot’s state of 4DoF pose (x, y, z, yaw) in 3D envi-
ronments is represented by the activity in the 3D grid cell
network and the multilayered head direction cell network,
conjunctively. The conjunctive pose cell network performs
path integration on the basis of the self-motion cues and
performs calibration based on the local visual cues. The
approaches to creation and relaxation of multilayered graph-
ical experience map are based on the combination of local
view cells, conjunctive pose cells and 3D visual odometry.
The algorithm of the overall main program is described in
Algorithm 1 (Online Appendix).

We update the activity of the MD-CAN for the con-
junctive pose cells according to self-motion cues. The
activity is calibrated by local view cues when seeing
familiar scenes. Wrap-around connections connect each
boundary of the MD-CAN to its opposing boundary. The
path integration is performed in the MD-CAN by inject-
ing activity into the conjunctive pose cells. Therefore,
the current activity packets are shifted according to the
3D visual odometry. External visual cue activates local
view cells if the cue is familiar. The activity is injected
into the particular conjunctive pose cells by the activated
local view cell through associative learning. The local
view and self-motion cues are generated from successive
images collected with a perspective or panoramic cam-
era.

The multilayered experience map is used to represent
3D spatial experience. A particular 3D spatial experience
is encoded by a conjunctive code combining a set of infor-
mation from the local view cells, the multilayered head
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Fig. 1 The NeuroSLAM architecture. The system consists of con-
junctive pose cells combining the 3D grid cells and multilayered head
direction cells, the multilayered experience map and vision modules.
The conjunctive pose cell network performs path integration based on
the local view cues and self-motion information. The distinct scenes

are encoded by the local view cells. The output from the local view
cells, the 3D grid cells, the multilayered head direction cells and the
3D visual odometry drives the creation of a 3Dmultilayered experience
map, which is a hybrid spatial representation with a topological and
locally metric 3D graphical map of the 3D environment

direction cells, the 3D grid cells and the self-motion cues.
We define an individual 3D spatial experience by the pat-
tern of activity in the local view cells and the conjunctive
pose cells. When the pattern changes, we create a new 3D
spatial experience. Meanwhile, a new transition from the
old experience to the new experience is also created. The
transition contains the change of 4DoF pose between the
two experiences. When the robot moves in a new environ-
ment, new 3D spatial experiences and their transitions will
form continuously. When the robot revisits a familiar envi-

ronment, a loop closure occurs if the conjunctive code is
the same as in a previous stored codes. The multilayered
map relaxation is also performed to keep topological consis-
tent.

The following sections describe the computation pro-
cess in the 3D grid cell network, the multilayered head
direction cell network and the multilayered experience map.
We also describe the estimation process for the vision sys-
tem.
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4.2 Conjunctive pose cell model

We use the conjunctive pose cells consisting of 3D grid cells
and multilayered head direction cells to represent a 4DoF
pose (x, y, z, yaw). In order to improve computing efficiency
and reduce the complexity of the system,we simplify the neu-
ral model. We do not build a 3D place cell model. Instead,
the functional characteristics of place cells are encoded in
the 3D grid cell network and the 3D experience map. The 3D
location (x, y, z) is represented by 3D grid cells using a 3D
MD-CAN. The orientation (yaw) is represented by multilay-
ered head direction cells using a 2DMD-CAN. In this study,
we do not take pitch and roll into consideration. We describe
more details of the 3D grid cell model and the multilayered
head direction cell model in the following sections.

4.2.1 3D grid cell model

The 3D grid cell network is a 3D MD-CAN. It mimics the
3D spatial neural representation in the mammalian brain, as
shown in Fig. 2. The model is similar to the FCC (face-
centered cubic) model in Jeffery et al. (2015) and Kim and
Maguire (2019). The network exhibits regular 3D lattice
pattern which represents 3D position, direction and metric
information for 3D path integration. It can maintain a robot’s
4DoF pose in the absence of external sensory cues inputs.
Each area of the 3D environment is encoded by particular
neuron in the network. The model can perform 3D path inte-
gration based on the self-motion cues. The local view cells
are associated with specific 3D grid cells. When the robot
sees familiar scenes, the 3DMD-CAN can perform 3D loca-
tion calibration. The algorithm of 3D grid cell network is
described in the Algorithm 2 (Online Appendix).

The 3D grid cells represent the absolute location (x, y, z)
in 3D space. The activity matrix Pgc describes the activity
in the 3D grid cells. We update the activity based on three
key processes. Firstly, the activity is updated by the attractor
dynamics with excitation and inhibition. Then, the activ-
ity packets are shifted by 3D path integration based on the
translational and rotational velocity provided by 3D visual
odometry. Finally, when the robot sees familiar scenes, the
activity is updated by local view calibration.
Attractor dynamics

The process of the internal attractor dynamics in the 3D
MD-CAN includes three stages. Firstly, parts of 3D grid cells
are excited by the local excitatory process. Then, all 3D grid
cells are inhibited by the global inhibition process. Finally,
the activity of the 3D grid cells is normalized.
Local excitation

We create the excitatory weight matrix ε
gc
u,v,w using a 3D

Gaussian distribution. The distance indexes between units

Fig. 2 3D grid cell network model. A 3D MD-CAN (3D cube) rep-
resents the 3D grid cells with a stable activity packet. The warp
connections of neural units can represent 3D location periodically. Each
3D grid cell is activated when the robot moves in a large-scale space

are represented by u, v and w. The weight is calculated by

ε
gc
u,v,w = 1

(δx
√
2π)

e−u2/(2δ2x ) · 1

(δy
√
2π)

e−v2/(2δ2y)

· 1

(δz
√
2π)

e−w2/(2δ2z ),

(1)

where δx , δy and δz are the constants of variance for 3D spa-
tial distributions. The activity change in a 3D grid cell is
calculated by

�Pgc
x,y,z =

nx∑

i

ny∑

j

nz∑

k

Pgc
i, j,k, (2)

where the three dimensions of the matrix are nx , ny, nz . The
distance indexes are calculated by

u = (x − i)(modnx ),

v = (y − j)(modny),

w = (z − k)(modnz).

(3)

Global inhibition
Each 3Dgrid cell inhibits nearby cells by a local inhibitory

process. We create an inhibitory weight matrix ψ
gc
u,v,w to

update the activity during the local inhibitory process. Then,
the activity of all 3D grid cells is updated by the global inhi-
bition ϕ equally. The processes of the local inhibition and the
global inhibition are calculated by

�Pgc
x,y,z =

nx∑

i

ny∑

j

nz∑

k

Pgc
i, j,kψ

gc
u,v,w − ϕ, (4)
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where we control all values in Pgc to nonnegative values.
Activity normalization

The total activity in 3D grid cells is kept one by activity

normalization. The activity, Pgc′
x,y,z , is calculated by

Pgc′
x,y,z = Pgc

x,y,z∑nx
i

∑ny
j

∑nz
k Pgc

i, j,k

. (5)

In the following sections, we describe the update process of
the activity in 3D grid cells by 3D path integration and local
view calibration.
Path integration

The path integration projects the 3D grid cells activity
into nearby cells. The activity is shifted in x, y plane and z
dimension according to the translational velocityv andheight
change velocity vh along x-, y-, z-axis, respectively, under
current head direction in yaw (θ ). The activity changeΔU gc

lmn
is calculated by

ΔU gc
lmn =

δx0+1∑

x=δx0

δy0+1∑

y=δy0

δz0+1∑

z=δz0

γU gc
(l+x)(m+y)(n+z). (6)

The amount of activity injected is determined by two inputs.
One is from the product of the sending unit, U gc. Another is
from the residue, γ . The residue is calculated according to
the fractional parts of the offsets, δx f , δy f , δz f .

⎡

⎣
δx0
δy0
δz0

⎤

⎦ =
⎡

⎣
�kxv cos θ�
�kyv sin θ�

�kzvh�

⎤

⎦ , (7)

⎡

⎣
δx f

δy f
δz f

⎤

⎦ =
⎡

⎣
�kxv cos θ − δx0�
�kyv sin θ − δy0�

�kzvh − δz0�

⎤

⎦ , (8)

where kx , ky and kz are constants for 3D path integration.
The γ is calculated by

γ = f (δx f , x − δx0) f (δy f , y − δy0) f (δz f , z − δz0),

f (a, b) =
{
a, if b = 1,

1 − a, if b = 0.

(9)

Local view calibration
The local view calibration resets the accumulative errors

in path integration based on the translational and rotational
velocity providedby3Dvisual odometry.The local viewcells
are associated with the 3D grid cells and the multilayered
head direction cells. When the robot sees familiar view, the
prior associations are recalled.We use a vectorV to represent
the activity of the local view cells. If the current view is
similar to the previous view, the associated local view cell is
active.

Fig. 3 Multilayered head direction cell network model. The multilay-
ered head direction cells are represented in a MD-CAN (2D matrix).
The warp connections of neural units can represent head direction peri-
odically, as shown in the right figure. If the robot’s head direction rotates
more than one full revolution or moves through a large vertical space,
each multilayered head direction cell unit is activated periodically

The connection matrix Ψ stores the learned connections
among the local view cell vector, the 3D grid cell matrix
and the multilayered head direction cell matrix. We use a
modified version of Hebb’s law for learning connections.
The connection between the Px,y,z,θ and Vi is calculated by

Ψ t+1
i,x,y,z,θ = max(τVi Px,y,z,θ , Ψ

t
i,x,y,z,θ ). (10)

The τ is a learning rate. The activity change in 3D grid cells
and multilayered head direction cells is calculated by

�Px,y,z,θ = δ

nact

∑

i

ViΨi,x,y,z,θ , (11)

where the constant δ controls the strength of local view cal-
ibration. The nact is the number of active local view cells.

4.2.2 Multilayered head direction cell model

The multilayered head direction cell network is a MD-CAN.
It mimics the neural mechanism related to 3D direction
cognition of mammals, as shown in Fig. 3. The model is
similar to the head direction cell model in Samsonovich and
McNaughton (1997) and McNaughton et al. (2006). The
MD-CAN can maintain head direction of the robot in 3D
space. Each neuron is responsible for mapping a particu-
lar direction (yaw) in a specific vertical area. Finkelstein
et al. (2015) found there are some cells representing azimuth,
pitch, azimuth x pitch and proposed a toroidalmodel formod-
eling 3D head direction cells. However, in order to represent
4DoF pose efficiently, we represent azimuth in a 3D vertical
space with a multilayered head direction model. The head
direction cells are associated with local view cells for direc-
tion calibration. The algorithmofmultilayered head direction
network is described in Algorithm 3 (Online Appendix).

The multilayered head direction cells are arranged in a 2D
neural network representing absolute orientation yaw θ cor-
responding to each vertical area. The cell activitymatrixPhdc
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describes the activity in themultilayered head direction cells.
The activity is updated by three processes. Firstly, the activity
in the MD-CAN is updated by the attractor dynamics. Then,
the MD-CAN performs a head direction update based upon
the output of direction change and height change, obtained
from the 3D grid cell network after performing path inte-
gration according to the rotational velocity, height change
velocity and translational velocity. Finally, when the robot
sees a familiar view, the activity in the MD-CAN is updated
by the local view calibration process (as described in Sect.
4.2.1).
Attractor dynamics

The process of the internal attractor dynamics in the MD-
CAN includes three stages. Firstly, parts of the multilayered
head direction cells are excited by the local excitatory pro-
cess. Then, all multilayered head direction cells are inhibited
by the global inhibition process. Finally, the activity in the
MD-CAN is normalized.
Local excitation

We create the excitatory weight matrix εhdcu,v using a 2D
Gaussian distribution. The distance indexes between units
in (θ, h) matrix are represented by u and v. The weight is
calculated by

εhdcu,v = 1

(δθ

√
2π)

e−u2/(2δ2θ ) · 1

(δh
√
2π)

e−v2/(2δ2h), (12)

where δθ and δh are the variance constants of the distributions
in the orientation and height (θ, h). The activity change in a
multilayered head direction cell is calculated by

�Phdc
θ,h =

nθ∑

i

nh∑

j

Phdc
i, j ,∀i, j ∈ u, v, (13)

where the matrix dimensions of the multilayered head direc-
tion cells are nθ , nh . The distance indexes are calculated by

u = (θ − i)(modnθ ),

v = (h − j)(modnh).
(14)

Global inhibition
Eachmultilayered head direction cell inhibits nearby cells

by a local inhibition process. Then, all multilayered head
direction cells are inhibited by a constant of global inhibition
ϕ equally. The local inhibition and the global inhibition are
processed by

�Phdc
θ,h =

nθ∑

i=1

nh∑

j=1

Phdc
i, j ψhdc

u,v − ϕ, (15)

whereψhdc
u,v is the weight matrix for local inhibition.We limit

all values in Phdc to nonnegative values.

Activity normalization
The total activity in themultilayered head direction cells is

kept at one by activity normalization. The normalized activ-
ity, Phdc′

θ,h , is calculated by

Phdc′
θ,h = Phdc

θ,h∑nθ

i=1

∑nh
j=1 P

hdc
i, j

. (16)

We describe the head direction update process in the multi-
layered head direction cell network according to the output
of direction change and height change from 3D grid cell net-
work in the following section.
Head direction update

The MD-CAN of the multilayered head direction cells
performs the head direction update based on the direction
change and height change by projecting activity from the
current activated cells into nearby cells. The activity is shifted
in yaw and height matrix according to the rotational direction
change ωθ and height change vh , respectively. The activity
injected is determined by two inputs. One is the activity of
the sending unit, U hdc. Another is the residue, η, which is
calculated by fractional components of offsets, δθ f and δh f .
The activity change �U hdc

lm is calculated by

ΔU hdc
lm =

δθ0+1∑

θ=δθ0

δh0+1∑

h=δh0

ηU hdc
(l+θ)(m+h), (17)

[
δθ0

δh0

]
=

[�kθωθ�
�khvh

]
, (18)

[
δθ f

δh f

]
=

[�kθωθ − δθ0�
�khvh − δh0

]
, (19)

where kθ and kh are constants for head direction update. The
residue matrix η is calculated by

η = f (δθ f , θ − δθ0) f (δh f , h − δh0),

f (a, b) =
{
a, if b = 1,

1 − a, if b = 0.

(20)

4.3 Multilayered experiencemap

A multilayered experience map is a topological graphical
map. It consists of many 3D spatial experiences, Ei . The
transitions, T , connect relevant experiences. The experience
creation is driven by the activity in the local view cells, the 3D
grid cells and themultilayered head direction cells.We define
each experience Ei by its associated conjunctive code of local
view cell code V lv

i , 3D grid cell code Pgc
i and multilayered

head direction cell code Phdc
i . The experience pose is Pexp

i
which is estimated based on visual odometry. We define a
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Fig. 4 The union coordinate space of the multilayered experience map.
A 3D spatial experience Ei is encoded with certain local view cell
V lv
i , 3D grid cell Pgc

i and multilayered head direction cell Phdc
i . The

experience pose is estimated based on visual odometry.We create a new
3D spatial experience if the current conjunctive code is distinct from
the existing conjunctive codes

3D spatial experience Ei as a tuple.

Ei = {V lv
i , Pgc

i , Phdc
i ,Pexp

i }. (21)

Figure 4 shows an experience and its associated conjunc-
tive code. The (x, y, z, θ) describes the 3D location within
the 3D grid cells and the direction within the multilayered
head direction cells associated with particular experience.
Each local view cell in the V is associated with particular
experience. Each spatial experience has a 3D spatial state
(x ′, y′, z′, θ ′). The union coordinate describes the location
and direction of the experience in 3D space. We set an ini-
tial 4DoF pose (0, 0, 0, 0) for the first experience. The pose
of experience is estimated based on the translational and
rotational velocity. The algorithm of multilayered experi-
ence map creation and relaxation is described in Algorithm
4 (Online Appendix).
Multilayered experience map creation

If the existing 3D spatial experiences are insufficient for
encoding the union pattern of the activity in the local view
cells, the 3D grid cells and the multilayered head direction
cells, we create a new 3D spatial experience. We use a score
metric Si to compare the current experience union code con-
sisting of local view cell code V lv

i , the 3D grid cell code Pgc
i

and the multilayered head direction cell code Phdc
i with all

existing experiences’ union codes consisting of the local view
cell code V lv, the 3D grid cell code Pgc and the multilayered
head direction cell code Phdc. The subscript i represents the
index of the current experience.

Si = μlv|V lv
i −V lv|+μgc|Pgc

i − Pgc|+μhdc|Phdc
i − Phdc|,

(22)

Fig. 5 A transition link from the 3D experience Ei to E j . The 4DoF
pose is indicated as the circles and blue dotted arrows

where μlv, μgc, μhdc weight each contribution of the local
view cells, the 3D grid cells and the multilayered head direc-
tion cells, respectively.We create a new3Dspatial experience
and its transition if the S for all existing 3D spatial expe-
riences exceeds a value Smax. We choose the 3D spatial
experience associated with the lowest score as current active
3D spatial experience if all matching scores are less than the
value. The active 3D spatial experience represents the current
robot’s 4DoF pose in 3D space.

The transition link stores the 4DoF pose change and the
distance between one experience and another. The experi-
ence map correction and relaxation are performed using this
transition information. A transition from Ei to E j is shown
in Fig. 5.

The transition Ti j stores the 4DoF pose change δPexp
i j

and

the distance δdi j .

Ti j = {δPexp
i j

, δdi j },

δPexp
i j

= Pexp
j − Pexp

i =

⎡

⎢⎢⎣

x j
y j
z j
θ j

⎤

⎥⎥⎦ −

⎡

⎢⎢⎣

xi
yi
zi
θi

⎤

⎥⎥⎦ =

⎡

⎢⎢⎣

δxi j
δyi j
δzi j
δθi j

⎤

⎥⎥⎦ ,
(23)

where the 4DoF pose Pexp
j of the new experience E j is

calculated according to the movement and previous 4DoF
pose Pexp

i . The new link Ti j between the two experiences is
formed.

E j =
{
V lv
j , Pgc

j , Phdc
j ,Pexp

i + δPexp
i j

}
. (24)

Multilayered experience map relaxation
When seeing a familiar scene,we inject visual activity into

the local view cells, the 3D grid cells and the multilayered
head direction cells associated with that scene. This causes
that the robot’s 4DoFpose is relocalized.Thus, the 4DoFpose
of the robot changes from the new experience to an existing
one. Meanwhile, the new transition link is learned. But the
change in the relative 4DoF pose is different between the new
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Fig. 6 Overview of components of the vision system. The output from
vision system includes self-motion and visual cues which is as input
of the 3D grid cell network and the multilayered head direction cell
network for driving path integration

transition and the old transition due to the accumulated error
of the 3D visual odometry.

In order to reduce the error of the relative 4DoF pose esti-
mation, we utilize an iteration approach of the multilayered
experiencemap correction and relaxationwith an appropriate
correction rate ψ according to the pose change information
in the old transition and the new transition. The 4DoF pose
change, δPi , is calculated by:

δPi = ψ

⎡

⎣
Nt∑

k=1

(Pk − Pi − δoldPki ) +
N f∑

j=1

(P j − Pi − δoldPi j )

⎤

⎦ ,

(25)

where N f , Nt are the amount of transitions from Ei to other
3D spatial experiences and from other 3D spatial experiences
to Ei , respectively.

4.4 Visionmodule

The local visual cues and self-motion cues are providedby the
vision system, as shown in Fig. 6. We extend the approaches
in Milford and Wyeth (2008) for translational and rotational
velocity estimation as well as visual template matching. The
3D visual odometry, aidvo, is based on average intensity
difference by comparing a set of consecutive images. This
process is not suitable for unrestrictedmovement in 6DoF but
is adequate for the movement schemes presented here. We
have also now implemented less restrictive visual odometry
techniques including VINS-mono (visual inertial odometry)
(Qin et al. 2018).
Image acquisition

Raw images were collected by a low-cost camera with
low resolution. Grayscale images are resolution reduced and
cropped into four regions for estimating yaw rotational veloc-
ity, translational velocity, height change velocity and visual
template matching. We choose the regions and cropping size
of sub-images according to the rules in Milford and Wyeth
(2008) and Milford (2013). Patch normalization is used to
improve the robustness of visual template matching. The

Fig. 7 Process for estimating yaw rotational velocity using consecutive
intensity profiles

pixel intensities are calculated by:

I ′
xy = Ixy − μxy

δxy
, (26)

where μxy is the mean. δxy is the standard deviation.
A scanline intensity profile is used in the vision processing

approach,which is a one-dimensional vector formed from the
sub-images. The 3D translational and rotational velocity are
estimated using this profile. The visual template matching
approach is also based upon the profile.

Estimating yaw rotational velocity
Yaw rotational velocity is calculated by comparing a set

of consecutive images, as shown in Fig. 7. The two profiles
I i and I i+1 are shifted sh in column dimension. Then, the
average intensity difference between them is calculated.

d(I i , I i+1, sh) = 1

w − |sh|

⎛

⎝
w−|sh|∑

n=1

∣∣∣∣I
i+1
n+max(sh,0)

− I in−min(sh,0)

∣∣∣∣

⎞

⎠ ,

(27)

where sh is the profile shift in column dimension. w is the
width of the image.

shm = argmin
s∈[ρh−w,w−ρh ]

d(I i , I i+1, sh). (28)

The rotational velocity Δθ is estimated by shm multiplied by
the constant σ h. We can determine the σ h empirically.

Δθ = σ hshm. (29)

Estimating translational velocity
Translational velocity is calculated by comparing profile

difference in column dimension using a set of consecutive
sub-images.

v = min
[
μd(I i , I i+1, sh), vmax

]
, (30)

where the constant μ is determined empirically for scaling
physical speed. In order to reduce the estimation error of
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Fig. 8 Process for estimating height change velocity with consecutive
intensity profiles

translational velocity, we set a maximum threshold vmax for
filtering unusual values of profile difference.

Estimating height change velocity
The height change velocity is estimated based on a set of

consecutive sub-images by comparing their profile difference
in row dimension. Firstly, the current image is cropped with
the offset shm at the best match of yaw estimate in order to
reduce the effects of yaw rotation. As shown in Fig. 8, the
red dotted rectangle area should be cropped.

The intensity difference d() between I i and I i+1 is cal-
culated by

d(I i , I i+1, shm, sv)

= 1

h − |sv|
( h−|sv|∑

m=1

∣∣∣∣I
i+1
m+max(sv,0) − I im−min(sv,0)

∣∣∣∣

)
,

I =
w−|shm |∑

j=1

I ′
j ,

(31)

where shm and sv are offsets in column and row dimension,
respectively. h is the height of the sub-image. w is the width
of the sub-image. The dm is the intensity difference in a set
of consecutive images at the minimum offset.

dm = min
shm ∈ [ρh − w, w − ρh]
sv ∈ [ρv − h, h − ρv]

d(I i , I i+1, shm, sv),

vh = min[μdm, vhmax],
(32)

where the constant, μ , is calculated empirically for scaling
physical speed.

Local view cell calculation
Each local view cell is paired with a visual template.

When seeing a familiar scene, the local view cell associ-
ated with that view is activated. The visual templates are
calculated and stored using the scanline intensity profile, as

Fig. 9 The local view cell calculation. a The LV3 is activated when the
current profile is matched to its associated profile template. b A new
profile template and a new local view cell LV4 are created and activated
if there is no profile matched

shown in Fig. 9. We set a threshold to control the genera-
tion of the templates. If the profile difference is less than
the threshold, the current profile is matched to the template.
Otherwise, a new template is created. For more details about
visual template matching algorithm, see Milford and Wyeth
(2008).

5 Experimental setup

In this section, we describe the four groups of datasets and
the experimental parameters for evaluating the NeuroSLAM
performance. To evaluate the system performance in various
conditions, we constructed two groups of synthetic datasets,
named SynPerData and SynPanData, using perspective cam-
era and panoramic camera, respectively, in synthetic 3D
urban environments. We also collected a group of real-world
datasets in a 3D carpark, named QUTCarparkData, for eval-
uating the system in read-world environments. In addition, in
order to demonstrate 3D mapping performance, we use one
of maplab datasets (cla-floor-f) (Schneider et al. 2018). This
dataset was collected in a multi-level building. It contains
consecutive images collected bymonocular camera and IMU
sensor data. The properties of the datasets are given in Table
4. The datasets are available at https://github.com/cognav/
NeuroSLAM/blob/master/Datasets. The key parameters of
each module are described in the following. At the end of
this section, we analyzed the effects of these parameters on
the system performance.
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Table 4 Four groups of datasets in various conditions

Datasets Environment Camera Viewpoint Number Resolution Purpose

SynPerData Synthetic 3D
urban environ-
ment

Perspective cam-
era

Same 5000 160×120 To evaluate 3D localization and
mapping performance with a
monocular camera with the same
viewpoint

SynPanData Synthetic 3D
urban environ-
ment

Panoramic cam-
era

Opposite 3000 480×200 To evaluate 3D localization and
mapping performance with a
panoramic camera with the oppo-
site viewpoint

QUTCarparkData Real-world
indoor and
outdoor 3D
environment

Perspective cam-
era

Same 12583 480×270 To evaluate 3D localization and
mapping performance in a real-
world indoor and outdoor 3D envi-
ronment

cla-floor-f Real-world
indoor multi-
level building

Perspective cam-
era

Same 3479 752×480 To evaluate 3D mapping perfor-
mance in a real-world indoor 3D
environment based on visual iner-
tial odometry

5.1 Synthetic datasets acquisition

To generate photorealistic synthetic images, we used the
Cycles raytracing engine implemented in Blender. Further-
more, in order to getwide-angle images,we used a panoramic
camera model implemented in Blender by Zhang et al.
(2016). We generated two groups of datasets where the cam-
era traversed at least two circles across trajectories with
the same or opposite (direction) viewpoint in 3D urban
environments. The SynPerData was produced with a per-
spective camera model for testing the system performance
with monocular camera. The SynPanData was used for test-
ing the system performance with a panoramic camera. The
snapshots of 3D trajectory and scenes are shown in Fig.
10. All datasets include 8000 consecutive scene images.
We extracted the 4DoF poses of camera from the ground
truth trajectories for evaluating the performance of map-
ping.

5.2 Real-world dataset acquisition

In order to evaluate the NeuroSLAM performance in a real-
world 3D environment, we collected the QUTCarParkData
over a two-level carpark consisting of indoor and outdoor
parts on a university campus, as shown in Fig. 11. A smooth
slope connects these two levels. We gathered the image
dataset using a commodity smartphone camera in the carpark.
The smartphone was deployed in the front of the bike. We
drove the bike through the car park for over two laps. The
total distance traversed was approximately 600 m. There are
12583 480 × 270 pixel images, comprising about 2.1 GB of
imagery.

(a)

(c)(b)

(d)

Fig. 10 Snapshots of the synthetic 3D urban environments. b and c
show the camera trajectory in the SynPerData. a is some key snapshots
in the SynPerData when the perspective camera moves through the path
in plane and vertical (up and down) space.d is some key snapshots in the
SynPanData when the panoramic camera moves through the synthetic
3D space. The synthetic 3D urban environment consists of buildings
with various scene materials, trees, roads, transportation facilities, etc.
The light shade is changing in part of the roads

5.3 Experimental parameter setting

Tables 5, 6, 7, 8 and 9 show the parameters and their values in
the NeuroSLAM system. The principles and rules of tuning
parameters in our system are based on Ball et al. (2013).

The NeuroSLAM system performance is dependent on
the tuning of several parameters of the local view cells, the
3D grid cells and the multilayered head direction cells. The
energy input of visual calibration and the tuning of inhibition
for these conjunctive cells also have an effect on 3D map-
ping performance. If the energy input from familiar visual
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Table 5 3D grid cell parameters Parameter Value

SynPerData SynPanData QUTCarparkData

nx , ny, nz 36 × 36 × 36 36 × 36 × 36 36 × 36 × 36

Cell size 1 ×1 × 1 1 ×1 × 1 1m ×1m × 1m

Nexcit 7 ×7 × 7 cells 7 ×7 × 7 cells 7 ×7 × 7 cells

Ninhib 5 ×5 × 5 cells 5 ×5 × 5 cells 5 ×5 × 5 cells

Evar(x, y, z) 1.5, 1.5, 1.5 1.5, 1.5, 1.5 1.5, 1.5, 1.5

Ivar(x, y, z) 2, 2, 2 2, 2, 2 2, 2, 2

ϕ 0.0002 0.00025 0.0002

δ 0.1 0.1 0.1

(a)

(b)

(c)

(e)

(f)

(d)

Fig. 11 Snapshots of the real-world 3D university campus carpark in
QUTCarparkData. c and d show the topographic map and the 3D tra-
jectory. a and e are snapshots in level one and two, respectively. b and f
are snapshots when moving up and down through the slope connecting
these two levels. We collected these data at 3:00 PM. The sunlight was
strong in some regions, e.g., (b-3) and (b-4)

Table 6 Multilayered head direction cell parameters

Parameter Value

SynPerData SynPanData QUTCarparkData

nθ , nheight 36 × 36 36 × 36 36 × 36

Cell size 10 deg × 1 10 deg × 1 10 deg × 1m

Nexcit 8 × 8 cells 8 × 8 cells 8 × 8 cells

Ninhib 5 × 5 cells 5 × 5 cells 5 × 5 cells

Evar(θ, h) 1.9, 1.9 1.9, 1.9 1.9, 1.9

Ivar(θ, h) 3.0, 3.0 3.1, 3.1 3.1, 3.1

ϕ 0.0002 0.0003 0.0002

δ 0.001 0.01 0.1

Table 7 Local view cell parameters

Parameter Value

SynPerData SynPanData QUTCarparkData

dm 0.15 3.12 3.4

sx 5 5 5

sy 3 3 3

vtpanoramic 0 1 0

vtstep 1 2 5

Table 8 Multilayered experience map parameters

Parameter Value

SynPerData SynPanData QUTCarparkData

Smax 40 20 30

η 0.5 0.005 0.5

Loops 5 1 5

Table 9 Visual odometry parameters

Parameter Value

SynPerData SynPanData QUTCarparkData

RVtrans
x,y 16 : 145 181 : 300 1 : 480

31 : 90 51 : 150 1 : 270
R
Vheight
x,y 11 : 150 181 : 300 1 : 480

11 : 110 51 : 150 1 : 270
RVrot
x,y 16 : 145 181 : 300 1 : 480

31 : 90 51 : 150 1 : 480
V trans
max 0.5 0.22 0.4

V height
max 0.45 0.3 0.4

V rot
max 2.5 10 4.2

sx 26 36 30

sy 20 20 30

FOVx 81.5 90 75

FOVy 70 50 60

ODOstep 1 2 5
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calibration or the value of inhibition is too high, the attrac-
tor network dynamics may be unstable. In our experiments,
the values of excitation, inhibition and visual calibration are
given in Tables 5 and 6. These parameters enable the system
operating robustly in various environments.

In addition, themaximum visual template distance thresh-
old, dm , is essential to affect the performance of visual
template matching. If the threshold is too high, it will cause
too many false visual template matches. The visual template
parameters are given in Table 7.

The 3D mapping performance is also affected by some
other parameters. An appropriate correction rate is impor-
tant for reliable loop closure in the multilayered experience
map correction process. The experience threshold is essential
to affect experience matching performance. The experience
map parameters are given in Table 8. In addition, the max-
imum yaw rotational velocity, translational velocity and
height change velocity were used to reduce the error of
velocity estimation. Table 9 shows the 3D visual odometry
parameters.

In the experiments based on the cla-floor-f dataset, most
of the key parameters of the 3D grid cell network, the multi-
layered head direction cell network, the local view cells and
the multilayered experience map are same as the parameters
based on the SynPerData except the threshold of local view
and experience map. The dm of local view cell is 0.28. The
Smax of the multilayered experience map is 40.

5.4 Trajectory evaluationmetrics

In order to evaluate the mapping performance of our meth-
ods quantitatively, we use absolute trajectory error (ATE)
and relative error (RE) as metrics by computing root-mean-
square error (RMSE) (Zhang and Scaramuzza 2018). They
are commonly used to evaluate the accuracy of odometry or
SLAM. The ATE can give a single number metric for the
position or rotation estimation. However, the RE can mea-
sure the relative error between sub-trajectories. Therefore,
we can evaluate the SLAM quality from different aspects by
combining the ATE and the RE.

Weneed to align andmatch different estimated trajectories
with the ground truth trajectory before computing translation
errors. However, trajectory alignment and pose node match-
ing are difficult because there are different numbers of pose
nodes in trajectories generated by several types of SLAM
systems. These pose nodes are not evenly distributed with
respect to distance travelled. In order to build pose corre-
spondence between the estimated trajectory and the ground
truth trajectory correctly, we utilize an approach to key posi-
tion matching. As shown in Fig. S1 (Online Appendix), we
extract specified number of key positions randomly at the
turns in order. Then, the mean of each group of key posi-
tions is calculated. Finally, we calculate the ATE and the RE

based on the mean of each group of key positions. Addition-
ally, we evaluate the accuracy of each pair of key positions
by computing translation error.

The ATE of key positions is estimated by

ATEpos =
(
1

n

n∑

i=1

(�pi )
2

) 1
2

, (33)

where �pi represents the difference of 3D distance.
The RE of key positions is estimated by

REpos =
(

1

m − k + 1

m∑

i=k

(�pi )
2

) 1
2

. (34)

6 Results

In this section, we present the overall 3D mapping results
and the performance of each module of our system including
multilayered experience map, local view cell activity, active
experiences, 3D grid cell activity, multilayered head direc-
tion cell activity and visual odometry. In addition, we provide
the quantitative evaluation by comparing NeuroSLAM with
the state-of-the-art 3D visual SLAM systems, ORB-SLAM
(Mur-Artal and Tardós 2017) and LDSO (Gao et al. 2018).
Finally, we show the mapping results by integrating Neu-
roSLAM with VINS-mono (Qin et al. 2018), which is a
visual inertial odometry based on themonocular camera. The
videos of the experimental results are available at https://
github.com/cognav/NeuroSLAM.

6.1 NeuroSLAM results

Firstly, we show the topologically correct 3D experience
maps produced by the NeuroSLAM system with the three
groups of datasets including SynPerData, SynPanData and
QUTCarparkData. The quantitative comparison between
experience map, odometry map and ground truth map for
each group of experiment is presented. We also analyze the
learning and recall results of visual templates and experi-
ences. Then, some exemplar snapshots of activity packets in
the 3D grid cell network and the multilayered head direction
cell network are presented for demonstrating the operational
process of the networks. At the end of this section, we show
some key snapshots of the 3D visual odometry process.

6.1.1 Multilayered experience map

NeuroSLAM, like RatSLAM, does not generate a strictly
metric 3D Cartesian spatial map. In contrast, it creates a
topologically consistent 3D spatial representation with some
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locally metric information. Consequently, the typical 3D
mapping performance indicator is topological consistency
rather than geometric accuracy. In order to first analyze the
topology consistency of the experiencemap on a global scale,
we have adjusted the scale of experience maps according to
the ground truth map without changing their topology.

The following shows three groups of multilayered expe-
rience maps created by the NeuroSLAM system based on
the SynPerData, SynPanData and QUTCarparkData. The 3D
view and top view of each group of map are shown in the
following figures. By comparing the odometry map, experi-
ence map and ground truth map, the topological consistency
is shown more clearly. In addition, we quantitatively ana-
lyzed the root-mean-square error (RMSE) of the map by the
absolute trajectory error (ATE) and the relative error (RE)
introduced in section 5.4.

3D mapping results based on the SynPerData
As shown in Fig. 12, the correct and consistent map topol-

ogy is revealed by comparing the multilayered experience
map and the odometry map with the ground truth map. The
overall topology in the multilayered experience map is con-
sistent with the ground truthmap. After the robot comes back
to the familiar lower level from the upper level after com-
pleting several loops, the topology is still consistent with the
ground truthmap due to loop closure andmap relaxation pro-
cesses. However, the topological error in the odometry map
increases with the distance traversed, due to the odometric
drift error, which is shown in Fig. 12b.

Though the key performance indicator of NeuroSLAM
is topological consistency, we add several new quantitative
analyses of geometric accuracy for providing more informa-
tive evaluation. We provide the quantitative evaluation by
computing the ATE and RE. Firstly, we extract 19 groups of
key positions at the turns in order. Each group consists of
five key positions through five trials randomly. The mean of
each group of key positions is estimated, as shown in Fig.
S2 (Online Appendix). We can see from Fig. S2 (Online
Appendix) the majority of the key positions in the Neu-
roSLAM trajectory are near to the key positions in the ground
truth trajectory.

Figure 13 shows the translation error of each group of
key positions between the multilayered experience map, the
odometry map and the ground truth map, respectively. Both
the experience map error and the odometry map error are
similar in some key positions because the experience pose
is estimated based on the odometry. The translation error of
the aidvo becomes larger with the increasing distance tra-
versed due to the accumulate error of odometry. However,
NeuroSLAM is more accurate in the key position set from
15 to 20 because of loop closure and map relaxation process-
ing when revisiting familiar scenes. The quantitative results

are consistent with the qualitative results in Fig. 12 and Fig.
S2 (Online Appendix).

In order to evaluate the accuracy in overall trajectory, we
estimate the ATE of each set of key positions between the
NeuroSLAM map, the aidvo map and the ground truth map,
respectively, based on the SynPerData, as shown in Fig. 14a.
Each box represents the RMSE in a set of key positions,
which indicates the translation error through each trajectory.
NeuroSLAMhas higher accuracy than the aidvo in themajor-
ity of key positions. In the set (1–16) and the set (1–19), the
median of NeuroSLAM is also lower than that of the aidvo.
The results are consistent with Fig. S2 (Online Appendix)
and Fig. 13.

In addition, we evaluate the RE of each sub-trajectory
between the estimated map and the ground truth map based
on the SynPerData. Figure 14b shows the RE of key posi-
tions in each sub-trajectory between the NeuroSLAM map,
the aidvo map and the ground truth map, respectively. The
NeuroSLAM system has better performance than the aidvo
in the majority of the key positions.

3D mapping results based on the SynPanData
As shown in Fig. 15, the 3Dmapping results are presented

based on the SynPanData. The topology in the multilayered
experience map is consistent with the ground truth map. The
topological error is smaller in the lower level than in the upper
level. Themain reason is that the drift error fromvisual odom-
etry becomes large in the visually sky-dominated regions; the
scenes captured by the panoramas camera change minimally
withmovement. Thus, the velocity estimation is not accurate.
The loop closure and relaxation in the multilayered experi-
ence map work well when revisiting the familiar scenes from
opposing viewpoints, as shown in Fig. 15a, b.

In addition, we also provide the quantitative evaluation by
computing the ATE and the RE based on the SynPanData.
Firstly, we extract 19 groups of key positions at the turns in
order. Each group consists of five key positions through five
trials randomly. The mean of each group of key positions is
estimated, as shown in Fig. S3 (Online Appendix). We can
see from Fig. S3 (Online Appendix) the majority of the key
positions in the NeuroSLAM trajectory are near to the key
positions in the ground truth trajectory.

Figure 16 shows the translation error of each group of
key positions between the multilayered experience map,
the odometry map and the ground truth map, respectively,
based on the SynPanData. The translation error of the aidvo
increases with the distance traversed due to the accumulate
error of odometry. However, the error of the NeuroSLAM
trajectory in several key positions is small because of loop
closure andmap relaxation processingwhen revisiting famil-
iar scenes. The quantitative results are consistent with the
qualitative results in Fig. 15 and Fig. S3 (Online Appendix).
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Fig. 12 The NeuroSLAM map (neuroslam), the aidvo map (aidvo) and the ground truth map (groundtruth) based on the SynPerData. a 3D view;
b top view. Loop closure and map relaxation process in the multilayered experience map overcome the odometric drift error
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Fig. 13 The translation error of each group of key positions between
the NeuroSLAMmap, the aidvo map and the ground truth map, respec-
tively, based on the SynPerData

Figure 17a shows the ATE of each set of key positions
between theNeuroSLAMmap, the aidvomap and the ground
truth map, respectively, based on the SynPanData. Each box
represents theRMSE in a set of keypositions,which indicates
the translation error through each trajectory. NeuroSLAM
has similar accuracy to the aidvo in the majority of key

positions. Moreover, in the set (1–16) and the set (1–19),
NeuroSLAM has better performance than the aidvo due to
map relaxation processing when revisiting familiar scenes.
The results are consistent with Fig. S3 (Online Appendix)
and Fig. 16.

Figure 17b shows the RE of key positions in each sub-
trajectory between the NeuroSLAMmap, the aidvo map and
the ground truthmap, respectively, based on the SynPanData.
NeuroSLAM has better performance than the aidvo in the
majority of the key positions.

3D mapping results based on the QUTCarparkData
As shown in Fig. 18, the 3D mapping results based on the

QUTCarparkData are presented. We can see from Fig. 18a, b
the overall topology is consistent with the floor plan as shown
in Fig. 11. Due to a lack of accurate ground truth trajectory
for this particular experiment, we did not provide a quantita-
tive evaluation in this case. Though the visual odometry has
drift errors, the multilayered experience map retains a con-
sistent topology using loop closure and map relaxation when
revisiting familiar scenes. As shown in Fig. 18a, b, when the

Fig. 14 The ATE and RE of each set of key positions between the Neu-
roSLAM map, the aidvo map and the ground truth map, respectively,
based on the SynPerData which are shown as a series of boxplots. a The
ATE; b the RE. Each box represents the RMSE in a set of key positions.

For example, the box of the space (1–4) includes key position sets of
{1}, {1, 2}, {1, 2, 3} and {1, 2, 3, 4}. The box in the middle indicates the
two quartiles of estimation errors, the line through the box the median
and the whiskers the upper and lower quartiles
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Fig. 15 The NeuroSLAM map, the aidvo map and the ground truth map based on the SynPanData. a 3D view; b top view. Loop closure and map
relaxation processes in the multilayered experience map overcome the drift error of odometry
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Fig. 16 The translation error of each group of key positions between
the NeuroSLAMmap, the aidvo map and the ground truth map, respec-
tively, based on the SynPanData

robot comes back to the familiar places at the lower level
from the upper level after traversing several loops, the recall
of familiar experiences enables the robot to be relocated to
the correct position.

Overall, the results of these three groups of experiments
have shown the topological consistency and geometric accu-
racy of the multilayered experience maps. Though these
up-level maps have a slight offset due to the long-term odom-
etry drift, the layout of the road network is very close to the
ground truth map. When the robot revisited a familiar place
again, loop closure occurred and the experience map correc-
tion and relaxation occurred continually. The map correction
process worked well during loop closure. The visual odom-
etry map without loop closure has slight drift over the long
term due to the cumulative errors of odometry. After suffi-
cientmap relaxation cycles, themultilayered experiencemap
reached a completely stable configuration.

6.1.2 Local view cell activity

Figure 19 indicates visual templates generated with the three
groups of datasets. The dotted line shows the start frame and
the end frame during loop closure. Periods of no new tem-
plate additions indicate times when the robot was moving

through already learned environments. The performance of
visual place recognition is good with high recognition rates,
especially with SynPerData, as shown in Fig. 19a. Specific
to Fig. 19b, the segments of decreasing template IDs show
the robot traversed along a previously learned path in the
opposite direction due to the panoramic matching. The per-
formance of visual place recognition in real world is also
good as shown in Fig. 19c.

6.1.3 Active experiences

Figure 20 shows active experiences were learned or recalled
when moving through a novel or familiar environments,
respectively. The numbers of experiences in three groups of
maps are very close to the numbers of visual templates as
shown in Fig. 20. In Fig. 20a–c, the numbers of experiences
learned with the balanced threshold of experience creation
are suitable to create a high-quality experience map.

6.1.4 3D grid cell activity

The individual 3D grid cells fired at multiple distinct loca-
tions in the 3D environments. The wrapping connectivity of
the 3D grid cell network encodes the large size of the 3D
space by reusing cells. Figure 21 shows some snapshots of
active 3D grid cells packet when moving through planar and
vertical space. The active packet moved from the initial posi-
tion to the right and then wrapped around to the left in the
plane, as shown in Fig. 21 from (a-1) to (a-5). In Fig. 21b,
c, the cells in various vertical areas were activated when the
camera moved in vertical space.

Figure 22 shows the history of the most active cells during
mapping with the three groups of datasets. Many cells in two
planes were activated repeatedly due to the robot moving in
the 3D environment for a long duration. Some cells encoded
the 3D space repeatedly. Part of the cells in different heights
was activated when the robot moved in vertical space, as
shown in Fig. 22a, b. Due to the variations in spatial scale
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Fig. 17 The ATE and RE of each set of key positions between the Neu-
roSLAM map, the aidvo map and the ground truth map, respectively,
based on the SynPanData. a The ATE; b the RE. Each box represents
the RMSE in a set of key positions, e.g., the box of the space (1–4)

including key position sets of {1}, {1, 2}, {1, 2, 3} and {1, 2, 3, 4}. The
box in the middle indicates the two quartiles of estimation errors, the
line through the box the median and the whiskers the upper and lower
quartiles
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Fig. 18 The NeuroSLAM map, the aidvo map and the ground truth map based on the QUTCarparkData. a 3D view; b top view. Loop closure and
multilayered experience map relaxation processes overcome the odometric drift error

Fig. 19 Visual template learning and recall. The history of templates
learned and recalled with SynPerData, SynPanData and QUTCarpark-
Data is shown in (a), (b) and (c), respectively. The vertical axis shows
the history of visual template ID. The horizontal axis shows the image
index in sequence of images. The dotted line shows the start frame and

the end frame during loop closure. Periods of no new template addi-
tions indicate timeswhen the robot wasmoving through already learned
environments and previous visual templates are recalled. Both the index
of the visual templates and the index of images start from 1
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Fig. 20 Experience learning and recall. a–c show the history of
experience learning and recall with SynPerData, SynPanData and
QUTCarparkData, respectively. The vertical axis demonstrates the
experience ID. The horizontal axis demonstrates the image index in
sequence of images. The dotted line shows the start frame and the end

frame during loop closure. Periods of no new experience additions indi-
cate times when the robot was moving through already learned 3D
environments. Stored experiences were activated and recalled if the
current conjunctive code was similar to the stored codes

(a-1) (a-2) (a-3) (a-4) (a-5)

(b-1) (b-2) (b-3) (b-4) (b-5)

(c-1) (c-2) (c-3) (c-4) (c-5)

Fig. 21 Snapshots of 3D grid cell packets activated when the robot was
moving through a plane or vertical space. (a-1) to (a-5) are some key
snapshots when a packet moved through a plane from center to right
and then wrapped around from the right boundary to the left boundary.
(b-1) to (b-5) show a packet moving through vertical space from the

center to the upper network boundary and then wrapping around to the
bottom boundary when the camera was moving up on the slope shown
in Fig. 11. (c-1) to (c-5) show a packet moved through from center to
bottom boundary and then wrapping around to up boundary when the
robot was moving down on the slope shown in Fig. 11

and size of the different testing environments, the activated
cells in Fig. 22c are relatively sparse compared with the other
two groups.

6.1.5 Multilayered head direction cell activity

Figure 23 shows some snapshots of active multilayered head
direction cells. When the robot moved in a specific planar

space, the height was relatively stable, and active cells were
shifted across the yaw dimension, as shown in Fig. 23 from
(a-1) to (a-5). The cells at opposing boundaries with wrap-
ping connections can be activated if the accumulated angle
is more than 360◦ or less than−360◦. In Fig. 23b, c, the cells
in different heights were activated when the robot moved
through the vertical space. The packet was shifted in height
dimension.
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Fig. 22 The history of the most active 3D grid cells. a–c show the his-
tory of the most active grid cells when the NeuroSLAM systemmapped
with SynPerData, SynPanData andQUTCarparkData, respectively. The

grid cells in the plane and vertical dimensions were activated when the
robot was moving through the 3D space. Many cells were activated
repeatedly as shown by the dense dots

(a-1) (a-2) (a-3) (a-4) (a-5)

(b-1) (b-2) (b-3) (b-4) (b-5)

(c-1) (c-2) (c-3) (c-4) (c-5)

Fig. 23 Snapshots of active multilayered head direction cells packet.
(a-1) to (a-5) are some key snapshots of a packet wrapping from the
boundary of 0 to 36 and then moving across yaw dimension when the
robot rotated clockwise. (b-1) to (b-5) are some key snapshots of a
packet moving across the height dimension from 0 to 36 when the robot

moved up on a slope without changing its head direction. (c-1) to (c-5)
are some key snapshots of a packet moving across the height dimension
from 36 to 0 when the robot moved down on a slope without changing
its head direction

Figure 24 shows the history of the most active multilay-
ered head direction cells. Many cells in various heights were
activated when the robot moved in these planes, as shown by
the horizontal line in Fig. 24. Some cells in different heights
were activated when the camera moved vertically, as shown
by the vertical line in Fig. 24. Due to the variations in spa-
tial scale and size of the vertical spaces, the activated cells
at different heights in Fig. 24c are relative dense compared
with the other two groups.

6.1.6 Visual odometry

Figure S4 (Online Appendix) shows some key snapshots
of visual odometry for estimating translational and rota-
tional velocity during the first lap at the stages of 0◦,− 90◦,
− 180◦,− 270◦,− 360◦, up and down. These velocitieswere
estimated based on the SynPerData. The translational veloc-
ity was not stable due to sudden changes between successive
scenes, as shown in Fig. S4 (Online Appendix) from (a-1) to
(a-7). We set the max velocity threshold, 0.2, to reduce the
effects of scene change suddenly, e.g., sunlight. The vision
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Fig. 24 The history of the most active multilayered head direction
cells. a–c are the most active multilayered head direction cells when
the NeuroSLAM system mapped with SynPerData, SynPanData and

QUTCarparkData, respectively. Many head direction cells were acti-
vated in various of height dimensions which represented the robot’s
direction in different height of the vertical space

system can estimate height change velocity when moving
up and down in vertical space, as shown in Fig. S4 (Online
Appendix) (b-6) and (b-7). The rotational velocity was esti-
mated stably, as shown in Fig. S4 (Online Appendix) from
(c-1) and (c-7). Figure S4 (Online Appendix) (d) and (e)
shows the accumulated angle andmap based on visual odom-
etry.

6.2 Comparison with state-of-the-art 3D SLAM

In order to evaluate the quality and topological consistency
of the NeuroSLAM system, we compare our method with
two types of state-of-the-art conventional 3D visual SLAM,
ORB-SLAM (Mur-Artal and Tardós 2017) and LDSO (Gao
et al. 2018) based on the SynPerData. ORB-SLAM is a
feature-based monocular visual SLAM system, which is
commonly used for comparison. LDSO is amonocular visual
SLAMsystembasedondirect sparse visual odometry (DSO),
in which the loop closure is implemented based on feature
matching.

All 3D maps generated from these methods are shown in
Fig. 25. The topology in these maps is consistent with the
ground truth map. However, the map generated from LDSO
has large errors due to incorrect estimation during motion
up or down the slope. If the motion of the camera changes
quickly in up and down direction, LDSO has large errors.
Thus, the results from LDSO have drift error in several sub-
trajectories. We can see from Fig. 25a that the NeuroSLAM
system can generate a map with consistent and correct topol-
ogy. Comparing with other mapping results, NeuroSLAM
can also build a 3D experience map of high quality similar
to ORB-SLAM. In some cases, it is better than feature-based
or direct sparse visual SLAM, such as LDSO.

In addition, we add several quantitative analyses of the
geometric accuracy for providing more informative evalu-
ation by computing the ATE and the RE. We extract 19
groups of key positions at the turns in order. Each group
consists of five key positions through five trials randomly.

The mean of each group of key positions is estimated, as
shown in Fig. S5 (Online Appendix). We can see from Fig.
S5 (Online Appendix) the majority of the key positions in
the NeuroSLAM trajectory are near to the correspondence
key positions in the ground truth trajectory. Some key posi-
tions in the trajectory generated by LDSO are far from the
key correspondence positions in the ground truth trajectory.
The main reason is that the map relaxation and odometry
measurement in vertical space are not robust in LDSO.

Figure 26 shows the translation error of each group of key
positions between the estimated map and the ground truth
map, respectively. The translation error of the aidvo becomes
larger with the increasing distance traversed due to the accu-
mulate error of the visual odometry. NeuroSLAMhas similar
accuracy to ORB-SLAM. The accuracy of NeuroSLAM is
also higher than LDSO. The quantitative results are consis-
tent with the qualitative results in Fig. 25 and Fig. S5 (Online
Appendix).

As shown in Fig. 27, the ATE and RE in overall or sub-
trajectories between each map with the ground truth map are
presented. The NeuroSLAM system has competitive high
and stable geometric accuracy as shown in Fig. 27a, b. With
increasing distance traversed, theRMSEalso increases for all
these methods. However, our method has higher geometric
accuracy. Compared with the feature-based or direct sparse
monocular visual SLAM, our method benefits from both the
robust visual odometry and the conjunctive encodingmethod
of experience map. Our visual odometry as introduced in
Sect. 4.4 is implemented based on average intensity differ-
ence by comparing a set of consecutive images with low
resolution, which can work well in extreme conditions, such
as quick motion change in a vertical direction. When revisit-
ing a familiar place, themap correction approach can relocate
the robot by recalling previous spatial experience. Overall,
our method is more robust in variable scenes and extreme
conditions.
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Fig. 25 All 3D mapping results based on several methods. The figures show 3D maps including the aidvo map, the NeuroSLAM map, the ORB-
SLAM map, the LDSO map and the ground truth map. a 3D view; b top view. The figures show the topological consistency with the ground truth
map
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Fig. 26 The translation error of each group of key positions between
the NeuroSLAMmap, the aidvo map, the LDSOmap, the ORB-SLAM
map and the ground truth map, respectively

6.3 Demonstration of integration with visual inertial
odometry

To demonstrate the 3D mapping performance, we integrate
the NeuroSLAM system with a visual inertial odometry.
Here,we show some results ofNeuroSLAM integratedwith a
high quality of visual inertial odometry, VINS-mono, which
was developed by Qin et al. (2018). We use one of maplab
datasets (cla-floor-f) (Schneider et al. 2018) for evaluation.

This dataset was collected in a multi-level building. It con-
tains consecutive images captured by monocular camera and
IMU sensor data.

As shown in Fig. 28, the topology in the multilayered
experience map is consistent with the floor plan in Schnei-
der et al. (2018). The multilayered experience map based
on visual inertial odometry has higher geometric accuracy
than the vision-only odometry approach as shown in Fig. 28.
When revisiting familiar places, the loop closure and expe-
rience map relaxation occur. The multilayered experience
map becomes stable after moving several loops in 3D envi-
ronments.

In addition, we add several quantitative analyses of geo-
metric accuracy for providing more informative evaluation
by computing the ATE and the RE. We extract eight groups
of the key positions at the turns in order. Each group con-
sists of five key positions through five trials randomly. The
mean of each group of key positions is estimated, as shown in
Fig. S6 (Online Appendix). We can see from Fig. S6 (Online
Appendix) the key positions in the NeuroSLAM trajectory
are near to the correspondence key positions in the VINS
trajectory. As the demonstration of Figs. 29, 30, the Neu-

Fig. 27 The ATE and RE of each set of key positions between each map with the ground truth map. a The ATE; b the RE
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Fig. 28 The multilayered experience map generated from the NeuroSLAM system integrated with VINS and the odometry map based on VINS. a
3D view; b top view
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Fig. 29 Translation error of each group of key positions between the
NeuroSLAM map and the VINS map

roSLAMsystem canworkwellwith high geometric accuracy
based on the VINS. The translation error is stable and low.

Overall, the NeuroSLAM system is capable of extension,
as shown by its integration. Our system can achieve better
geometric accuracy and topological consistency when inte-
grated with high-quality odometry. In practice, we need to
takemany factors into consideration, such as computing load,
storage cost and power consumption.

7 Discussion and conclusion

The paper has presented a novel neuro-inspired mapping
system with four degrees of freedom for 3D environments
known as NeuroSLAM. In the system, we modeled the 3D
grid cells and the multilayered head direction cells repre-
senting the robot’s 4DoF pose in 3D environments. Similar
to the mammalian vision perception capability, the system is
only coupled with a lightweight vision system that provides
external visual cues and self-motion cues. The system built
multilayered experience maps with synthetic and real-world
datasets consisting by indoor and outdoor parts. The relo-
calization and loop closure are driven by the multilayered
experience map through sequences of familiar visual cues.
The experimental results demonstrated the system’s capabil-
ity to generate coherent 3D experience maps with consistent

topology in simulated and real-world 3D environments and
to process loop closure with significant errors in path inte-
gration.

The conjunctive pose cell model combines both 3D grid
cells andheaddirection cells, enabling it to represent a robot’s
4DoF pose at an arbitrary 3D location in 3D environments. It
is distinctive from the RatSLAMmodel (Milford et al. 2004;
Milford and Wyeth 2008, 2010) which uses pose cells to
represent 2D pose (x, y, θ). We modeled the 3D grid cells
andmultilayered head direction cell, respectively, rather than
using a type of combined cell model. Our conjunctive pose
cell model can represent a robot’s posewhenmoving through
horizontal and vertical space. Comparing with other research
(see Sect. 2.2), our model is distinctive and can represent
4DoF pose in 3D space. To the best of our knowledge, the
novel discovery of head direction cells and 3D grid cells has
not beenmodeled for 3DSLAMso far. TheNeuroSLAMsys-
tem has some exploratory value in investigating how 5DoF or
6DoF biologically plausible SLAM systems could be imple-
mented.

In mammals, the functional relationship between head
direction cells and 3D grid cells is still not entirely clear. In
our model, we modeled these two types of cells separately.
But a speculative connection between 3D grid cells and head
direction cells was also proposed. The system processed the
path integration in a 3D grid cell network using the direction
information decoded from the multilayered head direction
cell network. In order to improve computing efficiency and
reduce the complexity of the system, we simplified the neural
model.We do not build the 3Dplace cell model. However, we
represent the functional properties of place cells in the 3D
grid cell network and the 3D experience map. This model
may be helpful to neuroscientists in suggesting experiments
for interpreting the neural mechanisms of 3D spatial repre-
sentation supported by head direction cells and 3D grid cells.
As shown in the experimental results of 3D grid cells activity
and multilayered head direction cells activity, the trajectory
of active cells in the 3D grid cell network has similar char-
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Fig. 30 The ATE and RE of
each set of key positions
between the NeuroSLAM map
and the VINS map. a The ATE;
b the RE

acters of a regular 3D lattice pattern compared with the 3D
FCCmodel (Jeffery et al. 2015; Kim andMaguire 2019). The
simplifiedmodel of multilayered head direction cells worked
well enough for representing 4DoF pose in 3D environment
though we did not take incorporate the 3D head direction
cells found in mammals (Finkelstein et al. 2015) into consid-
eration. The 3D head direction cells respond to a particular
combination of azimuth× pitch, thus representing the direc-
tion of the head vector in 3D space (Finkelstein et al. 2015,
2016). Finkelstein et al. (2015) proposed a toroidal model for
modeling 3D head direction cells. The model can only rep-
resent yaw and pitch. We are looking to expand our model to
represent 6DoF pose with complex 3D head direction cells,
e.g., a 3D cube head direction network or conjunctive 3D
head direction cell network consisting of a toroidal network
and a ring network in future work.

NeuroSLAM has some advantages over conventional
SLAM methods from the perspective of 3D space encoding,
3D path integration, 3D pose representation and perfor-
mance. Firstly, we encode the experience map with the
conjunctive code of 3D grid cells, head direction cells, and
local view cells, which can not only encode a rich spatio-
view place experiences, but also maintain some biological
plausibility. This encoding method can also reduce false
positives and repeatedly correct loop closure even when fac-
ing accumulative odometry error. When matching familiar
places, we use both the threshold of scene similarity and the
distance threshold of conjunctive codes of experiences. In
contrast, conventional methods encode places only by geo-
metric coordinates and implement familiar place recognition
based on feature matching, which is not as robust in feature-
less or dynamic environments. Furthermore, NeuroSLAM
can reuse existed experiences when revisiting familiar scenes
like humans do. However, conventional methods such as
ORB-SLAM and LDSO generate a lot of pose nodes contin-
uously along trajectories, which increases the computational
complexity and power consumption in large environments.
Secondly, the 3D state estimation by path integration (dead
reckoning) is a key module in SLAM systems. Conventional
SLAM methods are often implemented based on filters or
optimization, e.g., ORB-SLAM and LDSO, which assume
that the functions of state transition and measurement are
linear and the noise is Gaussian. The performance of the

SLAM system based on optimization or based on filters,
e.g., Kalman filter, extended Kalman filter and particle fil-
ter, also suffers when increasing the number of landmarks.
All previous landmark estimations are affected with every
new added landmark. This can be difficult or even infeasi-
ble for long-term task in large complex environments, where
the robot faces a huge number of landmarks. Due to these
restrictions, thesemethodsmay not be capable of performing
mapping in real-time, unpredictable environments. However,
the NeuroSLAM system could enable robots to locate and
map their surrounding environments robustly compared to
conventional SLAM methods, since the 3D grid cell model
based on the attractor neural network is capable of processing
nonlinear state estimation by path integration using neural
dynamics in challenging environments, e.g., light or scene
changes or quick motion changes. The neural dynamics of
excitation and inhibition estimates the robot’s pose state reli-
ably by combining self-motion information and local view
cues. Thirdly, NeuroSLAM represents a balance between
limited 2D RatSLAM-type implementations and full 6DoF
implementations like ORB-SLAM. NeuroSLAM is in the
middle, and exploits constraints that are reasonable (e.g., no
roll) for a range of applications thatORB-SLAMin its current
form does not. Finally, the NeuroSLAM model can poten-
tially be deployed using a brain-inspired neuromorphic chip
with associated advantages of low power consumption and
high computational efficiency in future work. NeuroSLAM’s
origins in biological inspiration mean that it also has the
potential to incorporate further discoveries and mechanisms
as they are discovered in the mammalian brain. For instance,
we could integrate the NeuroSLAM system with an episodic
memorymodule to improve adaptivity in unpredictable envi-
ronments. Overall, these properties enable NeuroSLAM to
have some competitive advantages over conventional meth-
ods. The brain-inspired models show the potential to help
further push SLAM to a new level in large, unstructured,
unpredictable environments.

Although we use a lightweight visual odometry system
here that is only capable of generating relatively coarse esti-
mates of motion with four degrees of freedom, there is the
potential to integrate this model with a full 6DoF visual
odometry system from the conventional robotics literature
such as LIBVISO2 and a multitude of other equivalent tech-
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niques. While this may reduce the biological relevance of
the results, it will also increase the metric accuracy of the
experience maps generated by NeuroSLAM, making it more
useful for applications where metric accuracy, especially
global metric accuracy, is critical. Likewise, future work
could improve loop closure robustness to varying environ-
mental conditions and camera viewpoints by incorporating
a more sophisticated visual place recognition process, for
example, utilizing semantics and state-of-the-art learned fea-
tures.

The 3D multilayered experience map generated by the
NeuroSLAM system can be learned and generated when the
robot visits unknown environments. It can also bemaintained
and updated based on the learning and recalling mechanism
incrementally. The 3D spatial experience nodes represent
4DoF pose in specific 3D location, and the links contain dis-
tance and direction between nodes. This metric and topology
information can be used for 3D path planning and guidance
control in 3D environments. It is likely that map mainte-
nance routines, as implemented in prior work, could also be
deployed here to ensure long-term map stability as well as
computation and storage viability (Milford andWyeth 2010).
We are looking to test the utility of these experience maps
for real robot navigation in future work.
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