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Fig. 1: Bird’s eye view of the global map for two sequences from the Wild-Places dataset. The colour of the bold line in
the figures represents the trajectory of the lidar sensor payload through the environment over time, while the colourisation
of the global pointcloud is based off of the height of the individual points. In the zoomed in regions, the boxes represent
the camera image of the location and a corresponding point cloud for visualisation.

Abstract— Many existing datasets for lidar place recognition
are solely representative of structured urban environments,
and have recently been saturated in performance by deep
learning based approaches. Natural and unstructured envi-
ronments present many additional challenges for the tasks
of long-term localisation but these environments are not rep-
resented in currently available datasets. To address this we
introduce Wild-Places, a challenging large-scale dataset for
lidar place recognition in unstructured, natural environments.
Wild-Places contains eight lidar sequences collected with a
handheld sensor payload over the course of fourteen months,
containing a total of 63K undistorted lidar submaps along
with accurate 6DoF ground truth. This dataset contains multi-
ple revisits both within and between sequences, allowing for
both intra-sequence (i.e., loop closure detection) and inter-
sequence (i.e., re-localisation) tasks. We also benchmark sev-
eral state-of-the-art approaches to demonstrate the challenges
that this dataset introduces, particularly the case of long-
term place recognition due to natural environments changing
over time. Our dataset and code is available at https://csiro-
robotics.github.io/Wild-Places

I. INTRODUCTION

Lidar Place Recognition is an essential element for safe
and reliable deployment of robots for long-term simultaneous
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localisation and mapping (SLAM) in challenging environ-
ments [12], [13]. Advances in this field have been acceler-
ated by large-scale lidar datasets and benchmarks such as
KITTI [1], MulRan [7] and Oxford RobotCar [4], which are
exclusively representative of urban, on-road environments.
There are increasing demands for development of robotic
solutions for unstructured natural environments for a range
of applications including agriculture, environmental monitor-
ing, conservation and search and rescue [14], [15]. Natural
environments are often characterised by highly irregular
and unstructured terrain, narrow trails surrounded by dense
vegetation with overhanging branches, which pose significant
challenges to existing state-of-the-art place recognition meth-
ods, particularly in the case of long-term place recognition
due to dynamic shifts in the environment over time.

Consequently, there is a great need for large-scale lidar
datasets for long-term place recognition and localisation
tasks in unstructured, natural environments. Recently several
off-road datasets have been introduced [9], [14], [16]–[18] to
address this demand; however, while these datasets provide
rich training data for semantic segmentation [9], [10], [16] or
vehicle dynamics prediction [14] tasks, they are not suitable
for training and evaluation of long-term place recognition
methods. For the lidar place recognition task, a dataset should
ideally contain multiple large and continuous traverses of
many kilometers in natural environments that include loops
and revisits both within and between sequences to allow
evaluation of both intra-sequence place recognition (similar
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Dataset Environment Intra-sequence
revisits

Inter-sequence
revisits

Long term
revisits

Avg. points
per submap

Distance
(km)

KITTI [1] Urban ✓ - - 120K 44
KITTI360 [2] Urban ✓ ✓ - 120K 67
NCLT [3] Urban ✓ ✓ ✓ 50k 150
Oxford [4] Urban ✓ ✓ ✓ 4K∗ 1000
Oxford-Radar [5] Urban ✓ ✓ - 21K 280
Complex Urban [6] Urban ✓ - - 20K 190
MulRan [7] Urban ✓ ✓ - 64K 123
Apollo-Southbay [8] Urban ✓ ✓ - 120K 398
Rellis 3D [9] Natural - - - 13K 1.5
ORFD [10] Natural - - - 72K 3
Wild-Places (Ours) Natural ✓ ✓ ✓ 300K 33

TABLE I: Comparison of public lidar datasets. The top half of the table shows the most popular lidar datasets used for
large-scale localisation evaluation. The bottom half shows public lidar datasets which contain only natural and unstructured
environments. Wild-Places is the only dataset that satisfies both of these criteria. We define long-term revisits here as a time
gap greater than 1 year. ∗ Post-processed variation introduced in [11].

to the loop closure detection problem) and inter-sequence
place recognition (similar to the re-localisation problem).
To this end we created Wild-Places, a large-scale dataset
for long-term lidar place recognition in unstructured, natural
environments.

The dataset is collected in national parks in Brisbane
Australia, by a human operator carrying a handheld sensor
payload allowing for recording of dense forest environments
that are inaccessible to vehicular or robotic platforms. The
data collection campaign was conducted in 2 forest trails
and consists of more than 33 kilometers of traversal over the
course of 14 months, generating roughly 63K lidar submaps.

The contributions of this dataset are as follows:

• We introduce the first large-scale lidar dataset, collected
with a handheld sensor payload, for long-term place
recognition in unstructured, natural environments.

• We show that our dataset is suitable for intra-sequence
and inter-sequence place recognition tasks, and establish
training and testing splits for benchmarking.

• We benchmark several state-of-the-art place recognition
methods to demonstrate the challenging scenarios pre-
sented by Wild-Places dataset. These results demon-
strate the challenges posed by unstructured natural
environments for these tasks, and help identify areas
of research which require additional attention.

II. RELATED WORK

Progress in the field of lidar place recognition has been
driven by the availability of large-scale datasets for bench-
marking and evaluation, of which we provide an overview
in Table I. The top half of the table shows the most popular
lidar datasets used for large-scale localisation evaluation.
Datasets such as KITTI [1], Oxford [4], NCLT [3] and
Complex Urban [6] have been historically popular bench-
marks, and recently several new datasets such as KITTI-
360 [2], Oxford Radar RobotCar [5] and MulRan [7] have
either extended on existing datasets with new traversals and
modalities or introduced new place recognition scenarios
in multiple urban environments. Several other lidar datasets
[19]–[26] are not included in the table as they are currently
not used for evaluation in recent place recognition methods

due to a combination of the following reasons: small spatial
scale, low amount of loops and/or the lack of reverse revisits.

However even with these recent additions and exten-
sions, recent state-of-the-art place recognition methods are
beginning to saturate benchmarks on these urban datasets
[27]–[32]. In the recently held ‘General Place Recognition:
City-scale UGV Localization’ challenge at ICRA 2022,
top-performing methods reached a top-1 Recall of above
99% during the first round of the competition. In addition,
we observe that recent learning-based methods trained on
urban datasets transfer extremely well to other unseen urban
datasets [28], [30], indicating the lack of a significant domain
shift between urban, on-road environments. We hypothe-
sise that the distinct structural elements present in urban
environments are now fairly trivial for large deep neural
networks to represent and discriminate. Consequently, in
order to promote further progress in the field, datasets that
cover larger and more diverse environments are needed, such
as those presented in natural environments.

Beyond the scope of lidar place recognition, recently there
has been an increase in focus for scene understanding tasks
in natural and unstructured environments [14], [33], [34].
Natural environments do not have many of the structural cues
present in on-road, urban environments (e.g., flat ground,
rigid scene elements), increasing the challenge of 3D scene
understanding tasks in these settings. RUGD [16] , Freiburg
Forest [18], TB-Places [17] and TartanDrive [14] are all large
datasets which provide data for different modalities and tasks
in natural environments, but do not contain any lidar data.

The bottom half of Table I summarises lidar datasets
collected in natural environments. ORFD [10] introduces
a dataset for off-road free-space detection, which covers
different off-road scenes (woodland, farmland, grassland and
countryside) in different weather and lighting conditions.
ORDF consists of 30 sequences where each sequence only
contains a traversal of roughly 100m, which is too small for
the evaluation of large-scale localisation. The RELLIS-3D
dataset [9] provides RGB and lidar annotations for the task of
multi-modal semantic segmentation in natural environments.
RELLIS-3D consists of 5 sequences each without loops
where each sequence is only a couple of hundred meters
(total of 1500 meters across all sequences), which is not

11323



sufficient for evaluation of place-recognition. In order to
address these gaps our dataset contains 33 kilometres of
traversal over 14 months in two different environments, and
supports training and evaluation for intra-sequence revisits
and both long and short-term inter-sequence revisits.

III. HARDWARE SETUP

Our handheld sensor payload consists of a Velodyne VLP-
16 lidar scanner which is mounted on a brushless DC motor,
spinning around the z axis at 0.5 Hz, a Microstrain 3DM-
CV5-25 9-DoF IMU and a Nvidia Jetson AGX Xavier, as
shown in Figure 2. A timing and control board interfaces
to the encoder and controls the motor and interfaces with
the Xavier via ROS. Pulse Per Second (PPS) is used on
the device for time synchronisation between the sensors.
The sensor payload also contains four cameras for visual
perception. Since the VLP-16 has a limited vertical field of
view (30◦), it is attached to the DC motor with a 45◦ incli-
nation and rotated about an external axis. This design allows
lidar scans of 120◦ vertical FoV suitable to map features
such as trees from top to bottom. Figure 2 shows how the
sensor payload was carried using a harness. Table II gives
an overview of the specifications of the sensors.

IV. DATA COLLLECTION

The Wild-Places dataset consists of undistorted lidar se-
quences along with accurate 6DoF ground truth collected
in unstructured, natural environments by a human operator
using a handheld sensor payload depicted in Figure 2. We
first describe the properties of the lidar sequences and visited
environments in our dataset before detailing the process of
generating point cloud submaps for training and evaluation.

A. Environment and Sequence Details

Our dataset consists of eight lidar sequences collected
in two environments, which we refer to as Venman and
Karawatha. Figure 5 demonstrates the in-sequence diversity
of these environments, containing both sparsely and densely
vegetated areas with a variety of terrain characteristics.
Table III details the properties of each sequence in the
dataset. We use V-XX and K-XX as shorthand to refer to
Sequence XX on the Venman and Karawatha environments,
respectively. Sequence 01 and 02 for both environments were
collected on the same day, with Sequence 02 following
the reverse route of Sequence 01. Sequence 03 for both
environments were collected six months later and follow
extended alternative routes, while Sequences 04 were col-
lected 14 months after Sequence 01 and follow the same
routes as Sequences 01. Each sequence contains multiple

TABLE II: Sensors specification.

Sensor Model Rate (Hz) Specifications
Lidar VLP-16 20 16 Channels

120 m Range
Camera x4 e-CAM130A CUXVR 15 94.9◦H FOV

71.2◦V FOV
IMU 3DM-CV5-25 100 9 DoF
DC Motor 0.5 Brushless
Encoder 100 PPS Synched

Fig. 2: Left: Image of sequence V-04 data collection cam-
paign depicting the dense forest trails which are not acces-
sible using vehicle or robotic platforms. Right: The sensor
payload consists of a spinning lidar sensor mounted at an
angle of 45

◦
to maximise field of view, a motor, encoder, an

IMU, and four cameras.

in-sequence revisits in both forward and reverse directions.
These properties allow for our lidar sequences to be used in
evaluation involving reverse revisits, intra-run loop closure
detection, and inter-run re-localisation over both short and
long term revisits between sequences.

B. Ground Truth

To accurately generate the map of each sequence, we use
the Wildcat SLAM [35] system. Wildcat SLAM employs a
continuous-time trajectory representation to integrate asyn-
chronous IMU and lidar measurements in a sliding window
to deal with lidar distortion caused by motion. An odometry
module estimates a robust pose by intergrating constraints
on IMU measurements along with correspondences between
surfels generated by segmenting the lidar points based on
their location and time of capture. To mitigate drift over
time, pose graph optimisation is used in which submaps
spawned from odometry are adjusted relative to one another
along with loop closure constraints, resulting in a globally
consistent map. Wildcat has demonstrated robust mapping

TABLE III: Wild-Places dataset.

Date Length Duration Submaps
01 June 2021 2.64 km 39m 4706
02 June 2021 2.64 km 38m 4557
03 Dec 2021 4.59 km 1h 11m 8470
04 Aug 2022 2.81 km 48m 5739
01 June 2021 5.14 km 1h 14m 8817
02 June 2021 5.66 km 1h 24m 10075
03 Dec 2021 6.27 km 2h 7m 15150
04 Aug 2022 3.17 km 48m 5805

Total 8 14 months 32.87 km 8h 51m 63319

Sequence

Venman

Karawatha
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Fig. 3: Visualisation of point-to-point distances after regis-
tration between the global maps of two sequences of Venman
(left) and Karawatha (right). Colour bar shows the distance
between correspondences.

of large outdoor environments reporting mean errors of
0.3 meters when compared with ground truth obtained by
accurate surveying [35]. In addition, [12] recently reported
the SLAM results from the Hilti SLAM Challenge 2022 in
which Wildcat SLAM achieved the highest scoring solution
compared to the other lidar-inertial SLAM techniques. Hence
we generated accurate intra-sequence ground truth for this
dataset.

For inter-sequence registration, we align the global maps
of sequences relative to one another utilising Iterative Closest
Point (ICP) and remove outliers using the M-estimator Sam-
ple Consensus (MSAC) method [36]. Figure 3 demonstrates
the point-to-point comparison between two sequences of
Venman (left) and Karawatha (right) to visualise the quality
of the registration between the sequences. In both examples
above 95% of correspondences have error less than 0.95m,
which we believe to be sufficiently accurate for training and
evaluating inter-sequence place recognition tasks.

C. Submap Generation

To generate our point cloud submaps for training and
evaluation, we first generate the global map and trajectory
for each sequence as outlined in Section IV-B. Every 0.5
seconds through the trajectory we sample a point cloud
submap with a diameter of 60 metres centered on the current
position of the sensor in the global map, which we record
alongside the 6 Degree-of-Freedom (DoF) pose of the sensor.
To allow our dataset to be used for investigating intra- and
inter-sequence place recognition, we also only sample points
within a one second window of the corresponding timestamp
for the submap, ensuring there are no shared points between
submaps for in-sequence revisits. Across all eight sequences
we generate a total of 63, 319 point cloud submaps with
over 300K points per submap on average. To the best of
our knowledge, this is the largest and highest density lidar
dataset in natural environments.

D. Data Format

The point clouds in each sequence are stored in the format
< timestamp.pcd >, where each .pcd file corresponds to a
lidar submap containing the x, y, z values of its points. The
trajectory of each sequence is stored in a < poses.csv > file
which contains the timestamp and the 6DoF global pose of
each submap, where the pose information is stored in x, y, z
for position and qx, qy, qz, qw quaternion for orientation.

Fig. 4: Training and testing splits visualised on the trajecto-
ries of all sequences on Venman (left) and Karawatha (right).
Regions highlighted in red are used as queries during test
time, regions highlighted in blue are used during training,
and regions highlighted in orange are withheld to prevent
information leaking between the queries and the training set.

V. BENCHMARKING

In this section we establish the training and testing splits
used for our benchmarking of the Wild-Places dataset, as
well as a summary of the tasks and metrics used for
evaluation.

A. Training & Evaluation Splits

To form our training and evaluation splits, we first align
the submap poses for each sequence using the transforms
between the global maps derived in Section IV-B. We then
split the submaps generated for each sequence into two
disjoint sets as shown in Figure 4. The regions highlighted
in red are withheld during training and used as queries
for evaluating performance at test time for inter-sequence
evaluation. The regions highlighted in orange are not used
as queries, but are also withheld during training in order
to prevent leakage between the training and testing sets.
Our splits are selected to cover a diverse set of scenes
within each environment while containing as few human-
made structures as possible in order for our evaluation to
focus on the challenges presented by the unstructured, natural
environments. In addition, we only use the sequences 01 and
02 for training for two reasons: (1) we reserve sequences 03
and 04 for intra-sequence loop closure detection evaluation,
and (2) since sequences 03 and 04 are collected 6 months
and 14 months, respectively, after sequences 01 and 02,
they are used to test the challenges posed by long-term
changes which are abundant in natural environments. This
configuration gives us a total of 19, 096 training submaps
and 16, 037 query submaps across all eight sequences.

B. Inter-Sequence Evaluation

We first conduct inter-sequence evaluation which is similar
to the re-localisation problem. At test time, we use the
previously discussed withheld regions as queries and every
submap from other sequences in the same environment as
a database. We consider a submap successfully localised
if the retrieved submap from the database is within three
metres of the query. We evaluate performance using the
metrics of top-1 Recall (R1) and mean reciprocal rank
(MRR) on each environment, with the latter being defined
as MRR = 1

N

∑N
i=1

1
ranki

where ranki is the rank of
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Fig. 5: Examples of structural diversity within the Wild-Places dataset. The top row shows the RGB images and the bottom
shows the corresponding point clouds visualised from the camera view point. From left to right, we see wide trail surrounded
by tall trees, sparse forest with roots and logs, small bodies of water/mud that show no lidar returns and dense vegetation
with repetitive tree structures.

the first retrieved positive match to query submap i. For
each sequence, we evaluate against the 3 other sequences in
the same environment, giving a total on 12 evaluations per
environment. The final R1 and MRR values used to compare
different methods are the means of the respective R1 and
MRR values over these 12 evaluations.

C. Intra-Sequence Evaluation

We also conduct intra-sequence evaluation on sequences
V-03, V-04, K-03 and K-04. This is akin to the loop-closure
detection problem where each submap in a sequence acts as
a query to match against previously seen point clouds in the
same sequence. Previous entries adjacent to the query by less
than 600s time difference are excluded from the search to
avoid matching to the same instance. We consider a submap
successfully localised if the retrieved submap is within three
metres. Compared to the inter-sequence re-localisation eval-
uation, queries in intra-sequence loop-closure evaluation are
not guaranteed to be revisits and can be true-negatives/false-
positives. To account for this we opt to report the maximum
F1 score (F1) along with the top-1 Recall (R1) for the
evaluation of different methods.

VI. EXPERIMENTAL EVALUATION

In this section, we briefly cover the state-of-the-art meth-
ods used in our benchmarking before presenting and dis-
cussing the results of the experimental setup described in V.

A. State-of-the-art Methods

We benchmark four different approaches for lidar place
recognition. ScanContext [37] is a handcrafted approach
which encodes the highest z-value of a point cloud split into
bins from a bird’s eye view, and is a widely used baseline for
lidar place recognition in urban environments. TransLoc3D
[38], MinkLoc3Dv2 [31] and LoGG3D-Net [29] are all

state-of-the-art learning-based methods and have saturated
performance on the popular urban lidar datasets. TransLoc3D
and MinkLoc3Dv2 achieve a top-1 Recall of 95.0% and
96.9% respectively on the commonly used Oxford RobotCar
[4] benchmark, and LoGG3D-Net achieves a mean maximum
F1 score of 93.9% and 96.8% on the KITTI [1] and MulRan
[7] benchmarks, respectively.

B. Results

Table IV presents the results for both intra-sequence and
inter-sequence evaluations. We report metrics as outlined in
Section V and visualise the top-N Recall curves for inter-
sequence evaluation for learning-based methods in Figure 6.

Intra-Sequence Evaluation: For intra-sequence evalu-
ation we observe that approaches which have been shown
to saturate benchmark datasets in urban environments have
significant room for improvement on our dataset, with a
highest reported average max-F1 and top-1 Recall of only
70.8% and 69.8% compared to the mid-to-high 90% seen
in urban environments. We observe that the sequence V-
03 which has the highest amount of in-sequence reverse-
revisits of all 8 sequences proves the most challenging for
all methods. Conversely, K-04 which has barely any reverse
revisits gives the highest performance for all methods. This
drop in performance is particularly prominent in ScanContext
[37] which we attribute to the strategy of encoding highest
z-values being unsuited for environments dominated by rel-
atively uninformative dense overhead canopy.

Inter-Sequence Evaluation: For inter-sequence evalu-
ation we observe a similar drop in performance, with the
strongest performing approach on Venman and Karawatha
reporting only 79.84% and 74.67% top-1 Recall respectively,
in contrast to the mid-to-high 90% reported in urban bench-
marks. Additionally, we investigate the impact that the time
elapsed between the query and database sequences has on
the performance of inter-sequence place recognition by using
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TABLE IV: Benchmarking results for intra and inter-sequence place recognition performance on the Wild-Places dataset.

F1 R1 F1 R1 F1 R1 F1 R1 F1 R1 R1 MRR R1 MRR R1 MRR
ScanContext [37] 01.01 03.31 13.00 28.92 13.22 31.42 32.26 70.99 14.87 33.66 33.98 64.67 38.44 67.90 36.21 66.29
TransLoc3D [38] 17.09 34.51 60.83 53.04 47.22 43.20 66.99 58.48 48.03 47.31 50.24 66.16 46.08 50.24 48.16 58.20

MinkLoc3Dv2 [31] 49.78 49.94 82.19 71.61 51.33 50.97 80.00 71.18 65.83 60.93 75.77 84.87 67.82 79.21 71.80 82.04
LoGG3D-Net [29] 53.94 62.40 80.42 72.47 64.30 64.05 84.54 80.26 70.80 69.80 79.84 87.33 74.67 83.68 77.26 85.51

Method

Intra-Sequence Inter-Sequence

V-03 V-04 K-03 K-04 Average Venman Karawatha Average

sequence 02 as a query and evaluating retrieval performance
against sequences 01, 03 and 04 as databases representing a
time gap of same day, 6 months and 14 months, respectively.
As shown in Figure 7, increasing the time gap between
the query and the database has a significant detrimental
impact on long-term place recognition performance, with
top-1 Recall dropping by up to 45.1% and 24% in the
Venman and Karawatha environments, respectively.

C. Discussion

Natural environments not only contain highly irregular and
unstructured features but more importantly change gradually
over time, properties which are intuitively challenging for
place recognition. In our benchmarking we examine this
hypothesis by testing multiple state-of-the-art approaches on
our dataset, examining performance for intra-sequence and
both short and long-term place recognition.

For intra-sequence revisits we demonstrate that compared
to performance on urban datasets, the state-of-the-art ap-
proaches still have significant room for improvement on our
dataset. We also note that one of the most challenging aspects
of intra-sequence evaluation in urban environments – reverse
revisits – are significantly more difficult in dense forest
environments. This is seen in the large drop in performance
on sequence V-03, which contains a large number of reverse
revisits. We hypothesise this is because in addition to the
challenge posed by a changing viewpoint, in dense forests
a larger portion of the environment has non-overlapping
regions of occlusion during reverse revisits.

For inter-sequence evaluation we reveal that our dataset
poses a significant challenge to state-of-the-art approaches,
especially on the Karawatha environment where even the
strongest performing approach only achieved a top-1 Recall
performance in the mid 70%. This challenge is especially
prevalent for long-term inter-sequence evaluation, as top-1
recall is severely impacted when there is a significant time
gap between the query and dataset sequences. We attribute
this to the gradual changes in the environment over time,
reducing the similarity between corresponding submaps as
time progresses.

VII. CONCLUSION AND FUTURE WORK

In this paper, we release a new dataset for long-term
place recognition known as the Wild-Places dataset, which
is the first large-scale dataset for place recognition in un-
structured, natural environments for both short and long term
revisits. We release roughly 63K point cloud submaps with
accompanying 6DoF ground truth trajectories generated by

(a) Venman (b) Karawatha

Fig. 6: Recall@N performance of learning-based approaches
on the Venman and Karawatha environments.

Fig. 7: Impact of time elapsed between query and database
sets on Recall@1 performance. We use sequence-01 as the
query and sequences 02, 03 and 04 for the database sets to
evaluate performance for time gaps of a same-day revisit, a
6-month revisit and a 14-month revisit respectively.

our SLAM system, collected over the course of 14 months
using a handheld sensor payload. We provide an initial
benchmarking of existing state-of-the-art approaches trained
on our dataset for place recognition, and demonstrate the
significant challenge posed by long-term revisits in dynamic
unstructured environments. For future work, we plan on
extending the dataset to include semantic labels for point
cloud segmentation to enable additional downstream tasks
such as 3D scene understanding in natural environments.
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