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ABSTRACT

We present a framework for visual teach-and-repeat (VTR) navigation designed to operate robustly in environments characterized
by variable or low light levels. First, we show that navigation accuracy for VIR can be improved by integrating a topological map
with a decision-making strategy designed to reduce latencies and trajectory error. Specifically, a local scene descriptor, acquired
through deep learning, is coupled with stereo camera imaging and a proportional-integral controller to compensate for inaccura-
cies in visual matching. This approach facilitates accurate teach-and-repeat navigation with correction for odometry drift with
respect to both orientation and along-route error accumulation using only monocular images during route following. Next, we
adapt this general approach to operate with an off-the-shelf event-based camera and an event-based local descriptor model.
Experiments in a night-time urban environment demonstrate that this event-based system provides improved and robust navi-
gation accuracy in low-light environments when compared with a conventional camera paired with a state-of-the-art RGB-based
descriptor model. Overall, high trajectory accuracy is demonstrated for VIR navigation in both indoor and outdoor environments
using deep-learned descriptors, whilst the extension to event-based vision extends the capability of VTR navigation to a wider
range of challenging environments.

1 | Introduction mapping (SLAM) is that teach-and-repeat methods do not rely

on acquiring a consistent metric map of the environment, thus

Visual navigation has gained significant traction in both aca-
demic and industrial settings, offering compelling advantages
such as cost-effective imaging technology and good energy-
efficiency, especially with the integration of state-of-the-art deep
learning algorithms. Nevertheless, lack of robustness is limiting
its broader adoption [1, 2]. As a development of route-following
approaches in mobile robotics, teach-and-repeat navigation cre-
ates a topological map during a teleoperated phase which the
robot later uses for autonomous navigation [3-9]. A key advan-
tage compared to full-blown simultaneous localization and

reducing computational complexity and eliminating the need for
explicit, global localization [7, 8]. Whilst often deployed in highly
structured environments such as factories, teach-and-repeat
navigation systems can provide autonomous navigation with
emergency return capability in GPS-denied environments,
underwater, or in densely constructed outdoor environments
[8, 10-12]. Indeed, research on teach-and-repeat navigation sys-
tems has recently focused on robust operation across more chal-
lenging scenarios, including environments characterized by poor
lighting or variable illumination [2, 10, 13].
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This article introduces a novel framework for visual teach-and-
repeat (VTR) which operates by constructing a topological map
using deep-learned local descriptors and applies this to address
two significant limitations of state-of-the-art systems.

First, since VTR employs a topological map rather than a metric
one, it is more reliant on odometry for its navigation strategy. One
of the main challenges facing current VIR systems, particularly
when using a monocular camera, is therefore the accumulation
of trajectory error due to odometric drift. In part I of this contri-
bution, we couple a local scene descriptor, acquired through deep
learning, with stereo camera imaging for 3D-2D feature mapping
and in a manner that improves 2D feature matching when route-
following with just monocular images. We show that this
approach, combined with a proportional-integral controller, can
provide accurate teach-and-repeat navigation in both indoor
and outdoor settings and with correction for drift with respect
to both orientation and along-route error accumulation.

Second, despite notable advancements in leveraging deep-
learned descriptors for tasks such as day-to-night navigation,
existing RGB-camera-based systems still face substantial chal-
lenges in poor lighting conditions. This limitation derives largely
from the sensorial constraints of conventional cameras equipped
with standard CMOS sensors. In contrast, bio-inspired event-based
cameras offer substantial advantages, including microsecond-level
temporal resolution, minimal power consumption, and high
dynamic range [14]. Event-based cameras operate on a radically
different principle to conventional devices, where each pixel
functions independently and asynchronously, capable of detect-
ing luminance changes over a dynamic range between 60dB to
140dB. These characteristics could allow for effective navigation
in poor lighting scenarios where traditional visual imaging
technologies fail [15]. Current methods for handling the spatio-
temporal structure of event streams in vision-based tasks
also have limitations. For instance, hand-crafted event-based
local features often lack the capability for effective noise filtra-
tion, semantic understanding, and dynamic adaptation to sen-
sory data [16-19]. To overcome these challenges, part II of
this contribution shows how our general approach can be
adapted to use an off-the-shelf event-based camera, paired with
a deep-learned descriptor that we recently developed specifi-
cally for use with event data [17]. Real-world experiments on
a mobile robot platform show that this approach to VTR naviga-
tion provides improved and robust performance under night-
time conditions compared to recent state-of-the-art benchmark
systems.

We conclude by discussing potential future extensions of these
methods including the calculation of visual odometry using a ste-
reo pair of event-based cameras to reduce reliance on wheel-
based odometry.

2 | Background

As demonstrated by Zhang and Kleeman [20], teach-and-repeat
navigation can be formulated as a provably convergent control
rule and Krajnik et al. [7] have shown its stability for closed
polygonal routes, even for arbitary paths. For example, a set

of images captured during human-guided route following can
be used to build a visual path with visual servoing used to recon-
struct the trajectory [7, 9, 21, 22]. Alternatively, the navigation
path can be described as series of nodes each containing a col-
lection of distinctive visual features and feature tracking used to
guide the robot’s motion between nodes [4, 23].

Successive nodes, in a VIR path, can be targeted either using
direct image-based methods or feature-based methods [10].
Image-based methods typically use low resolution, normalized
images that can be compared between the teach and repeat
phases. Although this can be computationally efficient, this
approach can suffer from low robustness due to variation in
the visual scene, especially over the longer term. In feature-based
methods, a set of salient features is extracted from each image
and compared between teach and repeat phases. Image features
can include edges, points, or corners, which can be used to cal-
culate geometric shifts across the image-matched pairs.

The feature-based approach can be extended using methods from
the field of deep neural networks for visual place recognition,
where detailed image descriptors are processed to achieve unique
identification of images in the environment [24]. For example,
Camara et al. [3] used a convolutional neural network to create
image descriptors for a teach-and-repeat task. This approach has
the added benefit of enhanced robustness with respect to changes
in appearance or viewpoint. Dall’Osto et al. [10] demonstrated a
low-cost, bio-inspired teach and repeat technique that utilizes
wheel odometry and a low-resolution monocular camera.
They compared the similarity between images captured from
the teach-and-repeat runs and estimated horizontal displace-
ments from the cross-correction of a camera image and a map
image for the robot’s route transversal. Siegwart et al. [25] inves-
tigated the robustness of an image-processing approach when
faced with varying degrees of wheel odometry corruption and
without exploiting the precise kinematic equations of the robot.
Their solution exhibited local stability but with significant reli-
ance on hyperparameter selection and linear and angular veloc-
ity adjustments for each maneuver.

To address the challenge of environmental variance in long-term
navigation, Sun et al. [2] previously proposed a monocular
teach-and-repeat navigation system that utilizes deep-learned
descriptors. In this work, a tailored self-supervised descriptor
was introduced to deal with high variance illumination for
day-to-night navigation. However, since a monocular camera
was used to eliminate visual errors between teach-and-repeat
runs the inability to resolve depth resulted in a lack of scale infor-
mation. The resulting system was therefore susceptible to odom-
etry drift leading to some deviations from the desired trajectory in
both longitudinal and lateral directions. In the current paper we
extend this deep-learned image descriptor approach to rectify
odometry drifts and to correct the cumulative errors of the pro-
prioceptive sensors. To this end, and as described in Part 1 below,
3D features obtained using a stereo camera are introduced to
generate geometric pose information for control adjustments.
This approach provides greater robustness to appearance
changes. We then further address the specific challenge of vari-
ance of illumination by deploying an event-based camera and
descriptor model in part II.
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3 | Part I: Drift Correction in VTR

We will first show that navigation accuracy for VIR can be
improved by integrating a topological map with a decision-making
strategy designed to reduce latencies and trajectory error.

We begin by providing a general introduction to our VIR meth-
odology, broken down into teach and repeat phases, including
our approach to drift correction using 3D features obtained from
a stereo RGB camera. Figure 1 provides an overall summary of
the VTR navigation procedure described in more detail below.
The figure also illustrates the software architecture as imple-
mented for a DrRobot Jaguar 4 x 4 robot.

3.1 | Methodology
3.1.1 | Teach Phase

During the teaching phase a sequence of associated odometry
positions and stereo camera images are recorded while the robot
is teleoperated along the desired path. We use wheel speed and
IMU-derived orientation data to estimate dead-reckoning odom-
etry. Whenever the distance traveled by the robot from its last
recorded position, as determined by odometry, exceeds a thresh-
old 7, a pair of simultaneously generated images (left and right
cameras) is captured and processed to obtain the 3D feature set,
D, which is then combined with the left camera image, I, to con-
struct the next element of the topological map R. We next explain
the deep image processing and topological map construction in
more detail. To aid understanding, Figure 2 shows an example

Jaguar Robot

Monocular image &
Odometry information

Teach Phase

Binocular

Perception

Odometry

3D Features
Correction

Transformation matrix

Navigation

Repeat phase

FIGURE1 | Processing architecture for VTR navigation. Teach phase:
The perception node receives stereo image pairs and odometry (wheels
speeds and IMU data) from the robot and records the teleoperation com-
mands. The map-processing node obtains the stereo-matched DarkPoint
features and their 3D coordinates and constructs the topological map.
Repeat phase: The correction node matches the DarkPoint features in
the current (monocular) camera image with those from the stored image
retrieved from the topological map and calculates the 3D-2D error cor-
rection. The navigation node receives the transformation matrix for
proportional-integral control of the robot platform. The evaluation node
performs trajectory comparisons using the Lidar point cloud and the
LIO-SAM algorithm.

test environment used in this study and some exemplar stereo
camera images.

3.1.1.1 | Image Processing with DarkPoint. As noted
above, image-processing methods based on deep learning are
increasingly deployed in VTR navigation to provide robustness
to appearance changes, including to variations in illumination,
rotation, and scale. Here we build on our previous work [2] in
which we developed and deployed the deep descriptor
DarkPoint a self-supervised learning approach designed to
enable robust visual localization for robots operating across
day-night illumination changes. DarkPoint builds upon a
VGG-style (Visual Geometry Group) architecture similar to
SuperPoint [26], optimizing for both runtime efficiency and
invariance to lighting, scale, and rotation. A key innovation in
DarkPoint was its illumination adaptation strategy, which
applied nonlinear Gamma correction specifically to the value
channel in HSV (hue, saturation, and value) space to simulate
realistic variations in lighting while preserving color integrity.
This was combined with standard photometric augmentations
(noise, contrast, shading) and homographic warping to generate
diverse training pairs (for full details see [2]). Trained on modi-
fied COCO datasets (https://cocodataset.org/) with y values span-
ning 0.2-4 to cover a wide variation in lighting conditions,
DarkPoint successfully targeted the challenge of long-term
VTR navigation where maintaining feature matching reliability
under varying illumination is critical. More generally, this
approach served to demonstrate how targeted synthetic aug-
mentation combined with contrastive learning can bridge the
gap between day and night visual environments. We next explain
the process of constructing a topological map using DarkPoint
features.

3.1.1.2 | Topological Map Construction. After teleoperat-
ing the robot to follow a specified trajectory we extract DarkPoint
features from the image pairs and then match features between
left and right images to calculate depth using triangulation.
Specifically, a set of features F is generated from the image pairs

F=[f,.f,, ....f,] € Rixn )

together with depth information P for each feature

P= [(leyyzl)’ (x25y25z2)a R (Xnvyn»zn)] € R3xn (2)

to create the set of feature/depth descriptors, D where

D; = [il] c RB+d)xn ©)

The depth information we calculate is the 3D coordinates relative
to the current robot position. As noted above, we construct
the topological map, R, as an ordered list of cardinality M con-
taining successive samples of 3D features, D, and monocular
images, I, i.e.

R={(Dy,I), (D2, 1), ;" (D> I;n) } 4)
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https://cocodataset.org/

FIGURE 2 | Teleoperation in the grounds of a former church for map generation. In the teach phase a sequence of image pairs from a stereo camera
are captured, some exemplar image pairs are shown superimposed on a background aerial image of the church and its surroundings.

The sequence of teleoperation action events is also saved during
the teach phase as a form of coarse control for robot navigation as
explained further below.

3.1.2 | Repeat Phase

In the navigation (repeat) phase, the system replays the recorded
action events while simultaneously performing visual localiza-
tion at each traversed distance z by loading the image I? from
the topological map and matching it with the current online
image I?. This matching process supports two forms of drift cor-
rection: orientation correction and along-route correction. Note
that whilst the teach phase uses a stereo camera for map con-
struction, in the repeat phase a monocular camera is sufficient.

3.1.2.1 | Orientation Correction by Image Matching.
Given a teach-and-repeat navigation model such as that
described in [8], the translational error ¢, perpendicular to the
stored path can be approximately described as

ty ~ 2 €{ (07, 0f) ©)
where e;(0%,08) denotes the visual offset (image disparity)
between the loaded map image and current on-board camera
frame and z; is the distance to the camera viewpoint extracted
from the image. After the visual offset is estimated, the integral
of the latency errors can be accumulated to adapt the steering
control to different scales z. In contrast to [8], our method not
only utilizes histogram voting to deduce visual offset but also
accumulates this offset over time to refine the robot’s trajectory.
Specifically, we employ a brute-force nearest neighbor approach
to match DarkPoint features and subsequently apply histogram
voting to the x offsets, to obtain the most frequent inliers.

To perform orientation correction we follow the heading control

strategy developed by Krajnik et al. [8]. Specifically, we introduce
velocity adjustments based on the calculated visual offset

veld' =veld + velgyi, (6)

where vely,;, is the angular velocity compensation, determined
through a combination of error integration and vision-based
adjustments. We use a classic proportional-integral (PI) control-
ler to estimate vely,,, governed by manually tuned hyperpara-
meters (see [2]). The robot’s movements thus integrate stored
actions and real-time vision-based corrections to converge on
the pretrained route more efficiently.

3.1.22 | 3D Feature-based Along-Route Error
Correction. Robot odometry information is degraded by wheel
drift and can generate large along-route errors if allowed to accu-
mulate over time [10]. Since the heading correction strategy
described above is based only on the visual offset between the
monocular map image and the current camera image this
scale-drift problem cannot be directly mitigated by that
approach. To overcome this challenge, 3D features from the topo-
logical map can be introduced. As the 3D features contain the
position information (in meters) relative to the robot at the time
of image capture, after matching with the current on-board mon-
ocular image, a 3D-2D feature pair will be obtained

F; Matching
D;, = [Pj eRG+Ixn ——= (Dp Ff e RT®)  (7)

Here, D}, indicates the 3D feature from the map frame and F;}
denotes the corresponding matched 2D feature at distance .
We can apply a perspective-n-point (PnP) model to solve the
movement between the map frame and the current camera frame
using a set of matched 3D-2D features. In this article, we use
Bundle Adjustment (BA) [27] to solve the PnP problem and
obtain the appropriate translation. Specifically, let ™ T, represent
the pose of the current navigation position, as determined by the
camera frame, relative to map frame. Next, calculate

Ad =argming([|¢("T}) =N # 7% p(™T)|?) ®)
where TT¢, indicates the odometry pose when map frame N is

loaded and ™ T, denotes the translation between the current cam-
era image and map frame N (z is the fixed translational interval
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as previously described). Since the translation T is a homoge-
neous transformation matrix, the function ¢ is used to obtain
the 3D spatial coordinates from the homogeneous coordinates
through projective transformation and then solve for the vertical
distance. After calculating the difference Ad, we use this to
update the odometry transversal distance correcting for drift
and cumulative errors.

3.2 | Experiments on 3D-2D Error Correction
3.21 | Hardware and Software

In all experiments we use a DrRobot Jaguar 4x4 robot with
dimensions of 62cm x57cm x90cm and a weight of 35kg. A
ZED2 stereo camera was mounted on the robot to support
3D-2D error correction. We also mounted an Alienware X15
laptop on the robot paired with an NVIDIA Geforce RTX2070
Super-GPU to operate the image processing and real-time con-
trol. Additionally, to generate the ‘ground truth’ for evaluation
of VIR navigation performance we used a 3D Ouster OS1-64
LiDAR and an Xsens MTi-G710-GNSS IMU sensor. This allowed
us to use the LIO-SAM algorithm [28]) which uses LiDAR-
inertial-GPS SLAM and ICP (Iterative Closest Point) matching
for tracking and association of multisession trajectories. LIO-
SAM was used to create all trajectory plots in this article. The
integrated hardware and software systems are shown in Figure 3.

3.2.2 | Metrics and Baselines

In each experiment we evaluate the navigation accuracy by com-
paring the difference between the teach (mapping) and repeat
(navigation) trajectories using two measures: the absolute trajec-
tory error (ATE) and the relative pose error (RPE). In our earlier
article [2] we compared our Darkpoint-based solution with
STROLL [7] which was the only state-of-the-art solution for
VTR navigation available at that time that was open-source.
Our literature survey has not identified any more recent open-
source VTR algorithms to compare against therefore we bench-
mark here against the baseline as described in [2] (since this
out-performed STROLL). Note that we do not use a Visual
SLAM algorithm as a benchmark since that approach is not
directly comparable to VTR navigation (instead we use a
LiDAR-based SLAM algorithm as ‘ground truth’).

3.2.3 | Forced Odometry Error Indoor Test

In order to verify our system’s ability to compensate for large
odometry errors, such as those caused by slippage and skidding,
our initial test strategy was to manually raise the mobile robot
slightly above the ground, allowing the wheels to run in the
air for a several seconds, during the repeat trajectory (see
Figure 4). As the robot replays the sequence of control events
recorded from the teach phase, the odometry should continue
to accumulate leading to a large accumulated error, whilst the
camera remains in its current position along the path. The navi-
gation trajectory, in an example experiment in an indoor labora-
tory environment, is illustrated in Figure 5 and the quantitative
results shown in Table 1. We see that the repeat trajectory with
the uplift test fits well with the teach trajectory in Figure 4 and
achieves small ATE and RPE (see Table 1). For comparison we
used the VTR model described in our earlier work [2] as a base-
line, however, this baseline system failed to navigate in an appro-
priate direction following the uplift operation and therefore was
unable to complete the navigation task.

3.2.4 | Error Correction in an Outdoor Environment

In a second experiment, we investigated the performance of reg-
ular teach-and-repeat (i.e. no uplift) in the outdoor environment
shown in Figure 2 in daylight. The starting points of the teach
and repeat phases were first arranged to be the same, we use
Ad =0 to indicate the difference between these two starting posi-
tions. Both trajectories (teach and repeat) were recorded and are
illustrated in Figure 6. Good ATE and RPE are achieved of
0.0654 m and 1.345°respectively. Next, to test performance with
respect to along-path error correction, the starting points for the
teach and repeat phases were arranged to be in different posi-
tions, with Ad=1.5m being transversal distance. The system
described in [2] was again used as a baseline. As shown in
Figure 7 left and Table 1, the robot is able to repeat the teach trajec-
tory with high accuracy and smoothly correct for the difference is
starting position Ad with only 0.097m ATE. However, the baseline
navigation trajectory Figure 7 right deviates significantly from t
he teaching path and with large route errors, 0.228 m ATE and
4.20° RPE.

NET[VET
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o @020
| node A node < »

IMU
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FIGURE 3 | Robot control systems, communications and platform. See text for further details.

Advanced Robotics Research, 2025

50f 19

85Ue0| 7 SUOWWOD 3AIER.D 3|qeoljdde auy Aq peusenob aJe sajone WO ‘88N JO Sa|ni 10} Arlq1T8UIUO /8|1 UO (SUORIPUOD-PUE-SWLBY/LOD A8 1M ATelq [Bu U0/ SURY) SUORIPUOD pue SWiB | 84} 88S *[5202/2T/20] Uo Ariqiiaulluo AB1IM ‘QT31H43HS 40 ALISHIAINN A S0TO0SZ0C"HPe/Z00T OT/I0p/W0d" A3 1M AReiq el JUO"paoUeApe//Sdny LWoi) poPeo|uMoq ‘0 ‘€L66EV62



\

A X
X
X

X

Manual Lifting X
X

N

. X

Ground
dogom = doaom + Ad

FIGURE4 |
for a short period during the repeat phase.

Uplift test. To provide a strong test of our system’s capacity to accommodate odometry errors we twice raised the robot above the ground
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Uplift test results. Center: The teach trajectory is shown in blue and the repeat trajectory in orange. Note that when the two trajectories are

closely aligned the teach trajectory is largely obscured by the repeat trajectory. The Red dot indicates the starting point for both the teach and repeat
runs. The purple dots indicate where the robot was lifted up (twice) during the repeat phase. Left: These images show the robot locomoting (bottom)
and during the uplift intervention (top). Right: These images show the indoor environment (a university robotics laboratory) where the test was conducted
(top) and the LIO-SAM point cloud and trajectory (bottom) used to calculate the ground truth for the 2D-projected trajectories in the central figure.

TABLE1 |

Quantitative evaluation of trajectory accuracy for 3D-2D error correction. Absolute trajectory error (ATE) is measured in meters and

relative pose error in degrees. “Corrected” is the system with 3D correction described, baseline is our earlier monocular VTR system [2]. Mean and
median values are calculated over all nodes of the topological map. RMSE = Root Mean Square Error.

ATE ATE ATE RPE RPE RPE
Exp Method (RMSE) (mean) (median) (RMSE) (mean) (median) Result
Indoor Uplift (Ad=0) Corrected 0.0654 0.531 0.042 1.345 1.003 0.807 success
Indoor Uplift (Ad=0) Baseline NA NA NA NA NA NA fail
Church (Ad=0) Corrected 0.0689 0.055 0.051 1.445 1.253 0.887 success
Church (Ad=1.5m) Corrected 0.097 0.073 0.065 1.971 1.553 1.168 success
Church (Ad=1.5m) Baseline 0.228 0.187 0.171 4.202 3.332 1.819 success

In summary, these experiments show the successful exten-
sion of VTR navigation using a stereo camera and deep
learned descriptor model to allow 3D-2D error correction.
This approach facilitates accurate teach-and-repeat

navigation with correction for odometry drift with respect to
both orientation and along-route error accumulation
when retracing the route using just monocular camera
images.
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triangular icon. The right two images indicate the robot path-following at the church (top) and its corresponding LIO-SAM point cloud and trajectory
(bottom).
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FIGURE 7 | Trajectories for 3D-2D corrective and baseline systems in the outdoor test. In this test, the teach and repeat runs were set to start at

different positions with a 1.5m offset shown by the blue and orange triangular icons. The corrective system (left) shows a much closer match between

teach and repeat phases than the baseline system (right), the latter is significantly offset to the right due to the change in starting position (although it

subsequently recovers).

4 | Part II: Event-based Visual Teach and Repeat
(VTR) Navigation in Variable Illumination
Environments

In Part 2 we extend our general approach in a different direction
by using an off-the-shelf event-based camera system in place of
more conventional imaging systems whilst also addressing the
core challenge of improving performance of long-term VTR
navigation in variable environmental conditions.

Event-based cameras [14] have received significant attention in
recent years due to their unique sensing characteristics and appli-
cations. They operate in a fundamentally different manner to
RGB cameras, responding asynchronously to changes in local
illumination and outputting a high bandwidth stream of labeled
per-pixel brightness changes rather than generating whole cam-
era frames at a fixed rate. The pixel-level response depends on the
change in illumination rather than on the absolute level of illu-
mination, consequently these cameras typically have better

dynamic range and low-light sensitivity compared to RGB cam-
eras. Within the domain of computer vision event-based vision
has been heavily investigated for fundamental tasks such as
object tracking and recognition [29-31] and optical flow estima-
tion [32-34]. Being a pivotal area in robotics, there has also
been significant interest from the field of SLAM navigation
(e.g [35-37]). While previous research has demonstrated success
in many fundamental or advanced tasks, there is still a relative
lack of studies conducted in real-world scenarios with much of
the aforementioned research carried out using synthetic data or
in highly structured environments [38-40]. Within the field or
robotics there is significant potential to harness the capacity of
event-based cameras for stable imaging in variable or low light
conditions [41]. Our work contributes to this challenge by
integrating the capabilities of event-based cameras into our
VTR navigation system.

Whereas in Part 1 we explored the use of the deep-learned
descriptor DarkPoint, which was developed for robustness to

Advanced Robotics Research, 2025

7 of 19

85UB017 SUOLULUOD BAIIER1D) d(eolidde 8Ly AQ pauienob a1e 3o VO @8N JO S9N 10} AReiq 1 UIUO A8|IM UO (SUONIPUOD-pUe-SWBIALIOD"AB| 1M Ae.q Ul UO//SANY) SUORIPUOD PUe SW L 84} 89S *[5202/2T/20] Uo ARiqiaunuo A&B(iMm ‘aT131443HS 40 ALISYIAINN Ad S0T00SCOZ 1Pe/c00T OT/I0p/wod" A3| 1M AReIq 1 jou Juo"paoueADe//SAIY WO. papeojumod ‘0 ‘€L66EVET



variable illumination when using RGB cameras, here we use
EventPoint a model optimized for event-based cameras developed
by Huang et al. [17] which we describe next.

4.1 | Methodology
4.1.1 | Event-based Local Descriptor Model

The feature descriptor model used in our event-based VTR navi-
gation system follows our previously published work, namely
EventPoint [17], which is a deep-learned local feature network
designed specifically for use with event-based cameras. As shown
in Figure 8, EventPoint deploys a SuperPoint-like [26] fully con-
volutional neural network for local feature detection and descrip-
tion using event frames. The EventPoint model is pretrained
using spatiotemporal-based self-supervised learning [17] on a
publicly available real-world dataset DSEC [42] which was devel-
oped for use with event-based cameras in the context of driving
scenarios. We deploy the pre-trained model directly in our VTR
navigation system without fine-tuning to our specific scenes,
challenging the model’s ability to generalize to novel real-world

4.1.1.1 | Event Frame Generation. To process the 3D event
stream it is first transferred into a frame-like 2D representation as
follows. We initialize a blank frame F € RF*W*3 where H and
W are the height and the width of the event camera’s resolution.
Then, given a fixed temporal resolution At and a start time ¢, all
events that fall within the time window [t t; + At] are projected
into F

Flx,y] =(255,0,0)«(x,y,t, +1), ©)
Fpx,y]=(0,0,255)«(x,y,t, — 1)

Here (x,y,t,p) is the standard format of a single event point,
where x and y refer to the 2D-position, ¢ refers to the timestamp,
and p is the polarity.

4.1.1.2 | Local Feature Generation with EventPoint.

EventPoint consists of a shared encoder and two heads as shown
in Figure 8. Given event frame F as input, the VGG-style encoder
transforms the gray-scaled input F € RE*Y into a low-resolution
but high-dimensional feature map f € R%*% %128, The feature map
f is then fed to two heads for local feature generation. One head,
entitled ‘detector’, outputs a heatmap h € R X% %65 that gives the
probability of each pixel falling within an 8x8+1 sized bin

situations. via a Softmax function. The last channel value represents
/Jescriptiox / Detector\
. $ooams,
( Learning Procedure 1
! 1
! 1
! ] I
! 1
1 4 1
. hy h, hy , !
1 dl \
: 1
; . |
1 Self-supervised Detector Learning Self-supervised Descriptor Learning |
g S S GO U ——— -
FIGURE 8 | The EventPoint descriptor model. EventPoint is an encoder-decoder-based neural network employed to process event frames as input

that serves as the foundation for event-based local feature extraction, feature point detection and description. As explained further in the text and in [17],

EventPoint is trained with a focus on spatiotemporal consistency ensuring that the location and descriptor of a feature point remains consistent across

event frames generated with small temporal resolution perturbations.
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whether the bin holds a local feature or not. The heatmap
h can be further restored to the original frame size through
the Reshape operation

Hy W Softmax Reshape
heRSX8X6ST—>houteRHXW (10)

All points with a probability higher than a threshold z are
regarded as local feature points. The second head, entitled
“description”, first outputs a dense grid of descriptors

d € R§%¥%128 and then obtains a dense descriptor of the same
size as the original event frame through bi-cubic interpolation

d € REx¥x128 bi — cubic d,y, € REXWx128 1)

The descriptors are then furthered normalized, and the detected
feature points in h,,, paired with their corresponding descriptors
in d,,; based on pixel coordinates. For further details see [17].

4.1.2 | VTR Navigation Method for Event-based Vision

During the teaching stage, and as described in Part I, we bypass
metric mapping and localization in favor of an image-centric
topological map. In this phase, the robot is teleoperated as before,
odometry data are again employed to measure traveled distances,
and images are captured at predefined intervals, this time using
the event-based camera. In contrast to Part I, we construct the
topological map, R, as an ordered list of cardinality M containing
just the event frames

R={11,I2, ,Im} (12)

In other words, in this system we do not currently make use of
the conventional cameras and we defer calculating image fea-
tures until the repeat navigation phase.

During the navigation phase, the robot again replays prerecorded
actions while adjusting its pose based on the real-time and saved
images at each distance d. For orientation correction we used the
method described in part I for calculating the visual offset, this
time comparing the current and stored event frames after proc-
essing with EventPoint.

4.2 | Low Ilumination Experiments with the
Event-based Camera

4.2.1 | System Configuration and Baselines

We used the robot system described in part 1 augmented with an
Inivation DVXplorer Lite event camera sensor (https://inivation.
com/). We wished to test the system in variable illumination
conditions including under low-light levels. In VIR research,
state-of-the-art methods include STROLL |7, 8], multiexperience
map [43-45], and adaptive feature [46, 47]. However, DarkPoint
[2], described in Part 1, which was specifically developed for
VTR navigation in day-night conditions, achieved superior per-
formance to these other methods in low light environments.
Therefore, DarkPoint was selected as our baseline for experimen-
tal comparison with EventPoint. Specifically, the following visual

descriptor models are integrated on our system for night-time
VTR navigation experiments.

4.2.1.1 | EventPoint with Nearest Neighbor Matching.
To ensure the real time operation and save computational resour-
ces, a maximum number of 300 feature points is set. The event
visual frame is represented by a Tencode [17] event accumulator
with an accumulation time At of 50 ms and a detection threshold
7 to 0.015. Figure 9 shows examples of feature discovery (red
points) and matching (green lines) for the EventPoint model
in indoors and outdoors environments.

4.2.1.2 | DarkPoint with Nearest Neighbor Matching.
We use the same system settings and RGB camera (ZED2) as
[2] as a baseline. Parameters includes a detection threshold of
0.005 and a nonmaximum suppression radius of 4 pixels.
Figure 10 shows examples of matches obtained in the same envi-
ronments as Figure 9, and under similar low-light conditions, for
an RGB camera using DarkPoint features. Note the much lower
number of identified and successfully matched features com-
pared to the event-based camera system.

4.2.2 | Procedure for Outdoor Night-Time Experiments

We conducted tests at the darkest time of the night (00:30-
03:00am) when natural illumination was minimal and most
street and building lights were turned off. Experimental sites
included a former church and a building yard, both in
Sheffield and situated near the University. The navigation path
at the former church (see Figure 11) spanned ~ 120 m, while the
trajectory distance in the yard was around 50 m. Five test runs
were performed in each environment.

As in [2], during the teach phase, camera images and odometry
were used to generate a topological map while the robot was

FIGURE9 | Feature discovery and matching with EventPoint and the
event-based camera. Example feature matching between the map event
frame (left) and the current observation event frame (right) using
EventPoint for indoors (top) and outdoors (bottom) environments, both
with low light levels.
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FIGURE 10 | Feature discovery and matching with DarkPoint and the RGB camera. Example DarkPoint feature matching using the RGB camera
between the map frame (top) and the current observation (bottom). These were captured in the same indoor (left) and outdoor (right) environments as in

Figure 9 with similar low light levels.

FIGURE11 | Night-time robot operation around the church. Images taken with a conventional camera (cell phone) showing the physical robot, ambi-
ent light levels and physical features on the robot’s path during a night-time experiment. The background aerial photo was taken in day-time.

teleoperated, and during the repeat phase, the system performed
feature extraction and matching between the corresponding map
image and current image to correct localization offset for navi-
gation (as illustrated in Figure 9). To ensure a fair comparison
of performance, both methods followed the same teaching trajec-
tory for mapping. The number of matching inliers and trajecto-
ries from each repeat operation were recorded to evaluate
navigation robustness and accuracy alongside the ATE and
RPE metrics described in Part I.

4.2.3 | Results

4.2.3.1 | Feature Matching. First, navigation robustness is
assessed by examining the effectiveness of the feature discovery
and matching processes. Figure 12 shows a comparison of feature
matching performance of the EventPoint and DarkPoint systems
in the two test environments. We plot both the instantaneous

number of inliers over each of the five test runs and their cumu-
lative totals. A larger number of inliers indicates greater accuracy
of localization. Compared to the RGB-based DarkPoint method,
our event-based approach achieved approximately 50%-150%
more inliers during repeat navigation. Moreover, EventPoint
consistently maintained a relatively high number of inliers
throughout the entire navigation period across all trajectories,
particularly at the church site. Conversely, DarkPoint typically
had many fewer inliers, and, at the yard site where the latter part
of the path was notably darker, the number of inliers fell-off cat-
astrophically to zero or near-zero levels.

4.2.3.2 | Navigation Accuracy. We evaluated navigation
accuracy by comparing the repeat trajectory to the teach path, as
illustrated in Figures 13 (church) and 14 (yard). In the church exper-
iment, it is evident that the DarkPoint system exhibited larger devi-
ations from the teach path, particularly noticeable in the first three
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FIGURE 12 | Quantitative inlier comparisons. Left: (a)-(e) results of experiments at church between 2:00 am-3:00 am. Right: (f)-(j) results of
experiments at building yard between 00:30 am-2:00 am. EventPoint achieved 113%, 124%, 76%, 134%, and 83% more accumulated inliers than
DarkPoint in a, b, ¢, d, and e, and 147%, 80%, 68%, 69%, and 55% more in f, g, h, i, and j.).

rounds, and only managed to follow approximately two-thirds of the
path in the fourth round before veering off-path. Similarly, in the
building yard, DarkPoint displayed significant trajectory deviations,
with the last two rounds deviating off-path entirely, resulting in nav-
igation failure. In contrast, the EventPoint system successfully
repeated the trajectory with good precision in all ten test runs,
closely matching the teach path in each case.

As shown in Table 2, our method outperformed DarkPoint with
less than half the mean ATE and significantly lower mean RPE
at the church site. Importantly, our method achieved superior per-
formance with approximately one-tenth the mean ATE and

roughly half the mean RPE at the yard, indicating lower drift
during low-light navigation.

5 | Discussion
5.1 | Key Findings
In part I, we showed that navigation accuracy for VTR can be

improved by integrating a topological map with a decision-
making strategy designed to reduce latencies and trajectory
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FIGURE 13 | Teach and repeat trajectories at the church site. Left column: Results obtained with the event-based camera and EventPoint. Right

column: Results obtained with the RGB camera and DarkPoint.

error. Specifically, during the teaching phase, a local scene
descriptor, acquired through deep learning, was coupled with
stereo camera imaging and a proportional-integral controller
to compensate for inaccuracies in visual matching. This

approach facilitates accurate repeat navigation with correc-
tion for odometry drift with respect to both orientation
and along-route error accumulation using only monocular
images.
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FIGURE 14 | Teach and repeat trajectories at the building yard site. Left column: Results obtained with the event-based camera and EventPoint.

Right column: Results obtained with the RGB camera and DarkPoint.

In part II, we adapted this general approach to operate with an
event-based camera and an event-based local descriptor model.
Experiments in a night-time urban environment demonstrated that

this system can provide improved and robust navigation accuracy
in low-light environments when compared with a conventional
camera paired with a state-of-the-art RGB-based descriptor model.
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Overall, high trajectory accuracy is demonstrated for VTR navi-
gation in both indoor and outdoor environments using deep-
learned descriptors, whilst the extension to event-based vision
extended the capability of VIR navigation to a wider range of
challenging environments.

5.2 | Relation to Previous Work

Table 3 summarizes research on VIR navigation since 2010 (for
discussion of earlier work see reviews in [5, 60]). Note that much
of the prior work on VTR navigation, including our own earlier
research [2], has been based on monocular cameras and is faced
with the odometry drift problem. The general approach to drift
correction has been to align features or images with stored
sequences, sometimes using particle filtering or scale propaga-
tion to improve matching. As explained in [2], using scale prop-
agation to estimate the depth of features in images has had
limited success in terms of performance, whilst increasing the
complexity of the decoder architecture (leading to higher compu-
tational cost). Previous work using stereo cameras for VIR
navigation has predominantly used stereo visual odometry in
place of wheel odometry in both the teach and repeat phases.
In part 1 of this contribution, we achieved good error drift elimi-
nation and fast run-time performance by applying 3D-2D feature
for depth estimation. This approach used a stereo camera in the
teach phase but only required monocular images for repeat

TABLE 3 | Approaches to visual teach and repeat navigation.

navigation, reducing computational costs for route-following.
We are not aware of any other work that has explored this solu-
tion. Even where stereo visual odometry is available for both
teach and repeat phases, the addition of drift-corrected wheel-
based odometry can make for a more robust overall solution
to the navigation challenge.

We believe part II of this contribution to be the first demonstra-
tion of the use an event-based camera to support VTR navigation
in low-light environments.

In previous work [2], we used RGB cameras with deep neural
networks for feature extraction in a low-light environment,
which can achieve good performance. However, in extremely
low-light scenarios, such as during night-time operations, RGB
cameras perform poorly, images become grainy due to statistical
fluctuations in the number of photons arriving at nearby pixels,
and the signal-to-noise ratio is low. Consequently, this approach
becomes increasingly error-prone as light-levels fall. By contrast,
event cameras detect changes in light intensity rather than
relying on absolute illumination levels. They also do so asynchro-
nously on a per-pixel basis. This property allows them to extract
richer information in challenging conditions, though of-course
they do still require a minimal amount of illumination to func-
tion. Although event cameras remain relatively expensive at pres-
ent, continued research and wider adoption in promising
domains such as night-time autonomous driving are expected

Feature detector type® Odometry/drift correction

Authors/Citation Camera type
Krajnik et al. (2010, 2018) [7] Monocular
Furgale & Barfoot (2010), Churchill & Stereo
Newman (2013) [5, 43]

Nitsche et al. (2014) [48] Monocular
Paton et al. (2015, 2016, 2017, 2018), Stereo
Mactavish et al. (2017) [1, 44, 45, 49, 50]

Dequaire et al. (2016) [51] Stereo
Rozsypalek et al. (2022) [52] Monocular
Siegwart et al. (2011) [25] Monocular
Dall’Osto et al. (2021), Nourizadeh et al. Monocular
(2024) [10, 53]

Broughton et al. (2021), Rozsypalek et al. Monocular
(2022),

Rousek et al. (2022), Rousek et al. (2024)

[13, 54-56]

Rozsypalek et al. (2023) [57] Monocular
Gridseth & Barfoot (2022) [58] Stereo
Sun et al. (2021) [2] Monocular
Zhao et al. (2021) [59] Monocular
Camara et al. (2020) [3] Monocular

Classical Heading correction by feature
alignment

Classical Stereo visual odometry

Classical Particle filter

Classical Stereo visual odometry

Classical Prediction of localization envelope

Classical Image alignment

Image-based Image alignment

Image-based Image alignment

Image-based Image alignment by CNN

Image-based Multidimensional particle filter

Neural network Image alignment with scale prop.

Neural network Feature alignment with scale prop.

Neural network Feature alignment with scale prop.

Neural network Image alignment by CNN + particle

filter

Classical feature detectors include SURF, SIFT, BRIEF and GRIEF (see, e.g [5, 7, 8]); neural network methods include superpoint [2, 59], darkpoint [2], deep

keypoint [58]; image-based methods typically use down-scaling and normalization.
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to enable mass production. This could substantially reduce their
cost in the future as has happened historically with RGB and
depth camera sensors.

5.3 | Limitations and Future Work

A clear limitation of the current work is that the 3D-2D error
correction method, described in part 1, has still to be combined
with the event-based VTR navigation system described in part 2.
Whilst this could be achieved by employing a stereo RGB camera
alongside the event-based camera, a more natural and appropri-
ate extension would be to use data from the event-camera itself to
compute depth information. This could be achieved, for instance,
by reconstruction of depth from optic flow via contrast maximi-
zation [61]. The high temporal resolution and wide dynamic
range of event-based cameras offer the potential to provide depth
measures that may be more accurate than those obtained from
RGB cameras. Recent research has explored the reconstruction of
stereo depth estimates from event-based cameras as we discuss
next. This could allow for the use of vision-based odometry and
reduce reliance on wheel-based odometry.

To enable event-based depth estimation, two main approaches
are commonly employed for multicamera setups (typically two
event cameras): instantaneous stereo methods and temporal base-
line methods [62].

Instantaneous stereo methods rely only on the most recent stereo
events without requiring explicit knowledge of camera motion.
They are primarily used to estimate the depth of independently
moving objects as well as static parts of the scene. Within this cat-
egory, two main families of algorithms exist: model-based and
learning-based. Model-based instantaneous stereo matching meth-
ods have progressed from early approaches based on simple event
accumulation into frames [63-65] to more advanced frameworks
that fully exploit the asynchronous nature and high temporal res-
olution of event data. A central concept in these methods is the use
of time surfaces to encode motion information, in combination
with geometric and spatio-temporal constraints, to achieve reliable
depth estimation (initially sparse, later dense) in both static and
dynamic environments [66-69]. In contrast, learning-based algo-
rithms mark a paradigm shift: rather than relying on handcrafted,
model-driven strategies, they employ data-driven deep learning
approaches to learn optimal representations and processing pipe-
lines for event data in stereo matching [70-73].

Unlike instantaneous approaches, temporal baseline methods
aim not to produce a single instantaneous depth ‘snapshot’ of
a possibly dynamic scene but to integrate information over
extended periods. These methods operate under the assumptions
of a static world and known camera motion, fuzing events over
time to yield more accurate and consistent depth maps. The
model-based algorithms in this category rely on motion priors
to improve accuracy. Two representative examples are MC-
EMVS [74], which assumes known camera poses, and TSES
[75], which assumes constant camera velocity. Both methods
exploit temporal integration: MC-EMVS builds and fuzes a 3D
evidence volume using precise poses, while TSES warps and
evaluates event consistency under a constant velocity assump-
tion. For long-term stereo, ESVO [76] represents a leading

framework. It estimates depth by matching time surfaces and
fuzes measurements over time using Student-t filters to construct
consistent 3D maps.

In the future, we hope to apply one of above event-based stereo
solutions to create a fully event-based solution that is robust to
drift error in low-light conditions.

The methods described here could also be tested in a wider range
of environment and confronted with other forms of environmen-
tal change to further evaluate their robustness and utility, partic-
ularly for longer-term VTR applications or for challenging
environments. Finally, VTR navigation would benefit from richer
environmental models than can be provided by feature descrip-
tors alone. For instance, reconstruction and classification of
objects and surfaces could aid local and global navigation.
Event-based neural radiance fields (EV-NeRF) offer one promis-
ing path towards building useful 3D volumetric representations
from visual event data [77].

6 | Conclusion

In this article, we have described advances to current methods for
VTR navigation, including 3D-2D error correction using a stereo
camera and improved low light (night-time) navigation with a
monocular event-based camera. Both systems make use of
deep-learned descriptor models for visual feature detection
and matching, with the event-based system utilizing our recent
EventPoint local descriptor model to address low illumination
challenges. Furthermore, the event-based system achieved
minimal trajectory error (0.047m, 1.385°) and demonstrated
robustness in navigating paths even in near-darkness. Overall,
high trajectory accuracy was demonstrated for VTR navigation
in both indoor and outdoor environments using deep-learned
descriptors, whilst the extension to event-based vision extended
the capability of VIR navigation to a wider range of challenging
environments. More broadly, this VIR approach is flexible and
calibration-free, eliminating the need for precise metric mapping
and explicit localization, and therefore allowing for robust and
computationally-efficient navigation.
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