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Abstract Mobile robots outfitted with a supportive tether are ideal for gaining
access to extreme environments for mapping when human or remote observation
is not possible. This paper details a field deployment with the Tethered Robotic
eXplorer (TReX) to map a steep, tree-covered rock outcrop in an open-pit gravel
mine. TReX is a mobile robot designed for the purpose of mapping extremely steep
and cluttered environments for geologic and infrastructure inspection. Mapping is
accomplished with a 2D lidar fixed to an actuated tether spool, which rotates to
produce a 3D scan only when the robot drives and manages its tether. In order to
handle motion distortion, we evaluate two existing, real-time approaches to estimate
the trajectory of the robot and rectify individual scans before alignment into the map:
(i) a continuous-time, lidar-only approach that handles asynchronous measurements
using a physically motivated, constant-velocity motion prior, and (ii) a method that
computes visual odometry from streaming stereo images to use as a motion estimate
during scan collection. Once rectified, individual scans are matched to the global
map by an efficient variant of the Iterative Closest Point (ICP) algorithm. Our results
include a comparison of estimated maps and trajectories to ground truth (measured
by a remote survey station), an example of mapping in highly cluttered terrain, and
lessons learned from the deployment and continued development of TReX.

1 Introduction
We are motivated to use tethered mobile robots for mapping extreme environments
not suitable for human or remote survey for the purpose of geologic and infrastructure
inspection. Deploying an unmanned aerial vehicle to map a steep rock outcrop below
the tree canopy would be hazardous, given the challenge of navigating cluttered
environments and limited operational time imposed by on-board power storage.
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Fig. 1 TReX Field Deployment: Our tethered mobile robot navigates extremely steep terrain in
order to generate a 3D map of a spanning rock outcrop that is partially occluded by vegetation.
The experiment, which was conducted over several days in an open-pit mine in Northern Ontario,
Canada, involved just over 1 km of driving on extremely steep terrain. TReX is anchored at the top
of the cliff and manually piloted. The attached electromechanical tether (bright green) provides
support, off-board power, and wired communications between the robot and base station.

Alternatively, a tethered robot can leverage an attached electromechanical tether,
which provides support on steep terrain, continuous off-board power supply, and a
reliable wired connection to a remote base station.
McGarey et al. [9] introduced the Tethered Robotic eXplorer (TReX) as a mapping
platform capable of advanced mobility on steep terrain. In this paper, we evaluate
the TReX platform in a field deployment to an open-pit gravel mine, where the robot
was piloted on steep, cluttered terrain to map exposed bed rock as shown in Figure 1.
Our main contributions will be a discussion of mapping results, lessons learned from
the deployment, and updates to the TReX system required for deployment.
TReX utilizes a 2D lidar mounted to its rotating tether spool to produce a single
3D scan of the environment as it drives and deploys tether. Thus, we must account for
motion distortion in order to produce a global map. We test two existing approaches
to estimate the robot’s trajectory and handle motion-distorted scans using (i) a
continuous-time approach that accounts for asynchronous lidar measurements with a
physically motivated motion prior, and (ii) an approach that uses visual odometry
(VO) to estimate the motion of the robot during the collection of a single 3D scan.
Both approaches attempt to reduce distortion prior to scan alignment, which is
handled by an efficient Iterative Closest Point (ICP) algorithm. We compare estimated
maps and trajectories with ground truth collected by a Leica Total Station, which
produces an undistorted point cloud of non-occluded terrain and tracks the position
of a marker attached to the robot if visible. The results show that the odometry-aided
approach is best suited for mapping highly unstructured environments when the
robot’s motion is complex. We also provide evidence that tethered robots are well
suited for mapping steep, occluded environments by highlighting an example map
collected in an area hidden from remote view by vegetation.
The paper is structured as follows: Section 2 discusses tethered robots and lidarbased mapping, Section 3 provides an updates on TReX, Section 4 details mapping
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methodologies, Section 5 covers the deployment and mapping results, Section 6 outlines lessons learned, and Section 7 offers concluding remarks and future extensions.

2 Related Work
Tethered robots can be used to explore extreme areas considered dangerous or time
consuming for human exploration (e.g., field geology, emergency response, and
infrastructure inspection). Tethered mobile robots have been used to explore steep
terrain for geologic inspection in the past [13, 7]. McGarey et al. [9] offers an indepth review of these systems. We are motivated by the idea of lidar-based geologic
mapping because it is more efficient than manual survey and also provides a means
to investigate rock structure and composition using lidar intensity returns [10].
Since we are interested in producing a map from a rotating lidar mounted to a
moving vehicle, we can formulate our problem as a simultaneous localization and
mapping (SLAM) problem [12]. The landmark-based SLAM approach is commonly
used to solve this problem, where the state of the robot (i.e., the trajectory and map)
is estimated given lidar measurements (i.e., range/bearing to 3D points) [4, 3]. Given
that our robot is always in motion while scanning, we require a tool to recover its
trajectory in 3D space. Bosse and Zlot [2] use offline, batch scan matching to find a
transform between two scans that can be used to approximate the sensor’s trajectory
in 3D space without the need for additional odometric measurements. Zhang and
Singh [14] expand on this with a real-time, continuous-time lidar odometery and
mapping (LOAM) approach that uses high-rate, low-resolution lidar odometry to
provide a motion estimate to use in low-rate, fine-resolution scan registration. Without
modification, LOAM would not work for TReX because (i) scanning is coupled to
the robot’s motion (i.e., lidar odometery fails while stopped), and (ii) its environment
is highly unstructured (i.e., lacks planar surfaces and edges). One solution would
be to use VLOAM, also from Zhang and Singh [15], which integrates additional
measurements from VO to estimate the robot’s motion during a scan.
In this paper, we test two methods to estimate the robot’s trajectory and produce
a global map from lidar measurements. The first is a lidar-only, continuous-time
approach from Anderson and Barfoot [1], which uses a constant-velocity motion prior
for the robot during scan collection and allows for any-time trajectory sampling. As
asynchronous lidar measurements arrive, they are associated to a queried transform
that can be used to rectify individual 3D scans prior to alignment into the global
map. The critical difference between this approach and LOAM, is its use of a
physically motivated motion prior, which enables it to work for TReX. Once a scan
has been rectified, it is aligned into the global map using an efficient form of the
ICP algorithm [11]. The second method also relies on ICP for scan matching and
is similar to VLOAM, in that it leverages VO as a motion prior to minimize scan
distortion [6]. While the continuous-time method requires the minimum number of
sensors (i.e., lidar only), the VO-aided approach is better equipped to capture the
robot’s complex motion in highly unstructured environments for mapping.
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3 Tethered Robotic eXplorer Update

Fig. 2 Tethered Robotic eXplorer: The illustration on the left is an operational concept for a typical
TReX geologic surveying mission. TReX is anchored and deployed near the cliff’s edge to map the
steep terrain using an on-board lidar. The right image shows an actual mapping field deployment.

The operational concept for the TReX system is demonstrated in Figure 2. McGarey
et al. [9] first introduced TReX as a system that can both rotate in place regardless of
the direction of applied tension due to a passively rotating tether arm, and generate
3D scans of the environment through tether spool rotation. The advanced mobility of
the platform allows for turning in place and driving laterally on steep terrain provided
sufficient wheel traction. In preparation for field testing, several major updates were
made to the TReX system that are not covered in [9], including (i) the integration of
an electromechanical tether, (ii) the development of an autonomous, terrain-adaptive
tether controller [8], and (iii) the creation of a user interface for use in teleoperation.
i) Electromechanical Tether: Prior to the integration of the electromechanical
tether, a static climbing rope was used. As a result, TReX was limited to use on-board
power and could only operate for 10-20 minutes on steep slopes before a charge
was required. The tether1 allows for simultaneous power and data transmission up
to 1,200 W and 100 Mb/s respectively, which enables continuous operation and offboard data processing. The tether supports the robot’s 100 kg mass (including the
tether), can withstand shocks up to 900 kg, and is constructed of two 18 AWG power
and four 24 AWG Ethernet conductors, which are encased in an inner layer of woven
Kevlar and an outer layer of polyurethane for strength and resistance to liquid. Its
diameter is 9 mm, which limits the spool capacity and range of the robot to 45 m.
ii) Tether Controller: In order to manage the tether, a controller was developed
to automatically maintain a set tension regardless of inclination, while assisting the
robot to climb on steep terrain [8]. The controller uses both feedback to maintain
1

Falmat XtremeNet Deep-Water Ethernet Cable – Model: FM022208-03-2K.
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an inclination-dependent set tension based on the robot’s orientation with respect to
gravity (measured by an inertial sensor), and feedfoward components to account for
the commanded velocity of the robot.
iii) User Interface: The interface shown in Figure 3 has been developed to allow
an operator to monitor multiple camera feeds from the robot while observing the
construction of a 3D point-cloud map. The benefit of a ‘wired’ connection is that lidar
data can be reliably streamed via tether and processed by the base station computer.

Fig. 3 User Interface: A remote user monitors and teleoperates the robot by viewing the live map
and cameras, which are transmitted over tether. The tether has been illustrated for reference.

4 Mapping Methodology
Figure 4 illustrates how a planar lidar fixed to the robot’s tether spool is used to generate a 3D scan as TReX drives. The slow rotation of the lidar while in motion results
in scan distortion analogous to the rolling-shutter effect in passive cameras. In order
to complete a single 3D scan, the spool must rotate by 180 degrees, which translates
to 0.5 m of distortion along the direction of travel at full speed. For comparison, a car
with a Velodyne lidar, scanning at 10 Hz, would only need to travel at 5 m/s (18 km/h)
to produce 0.5 m of distortion. However, in our case, the rotational speed of the lidar
will not always be constant due to a coupling of spool rotation with vehicle motion,
which leads to distortion that is not uniform in time.
Any distorted scan can be rectified by estimating the trajectory of the lidar or
robot during collection. Given the rough terrain and slow speed of the robot, wheel
odometry and inertial measurements alone cannot be relied on. Alternatively, one
approach is to assume a constant-velocity model for the robot during the collection
of a single scan in order to handle asynchronous measurements from the lidar. The
continuous-time approach uses Gaussian-Process (GP) regression to allow for anytime trajectory querying using GP interpolation, which means that the sensor’s pose
can be queried at measurement time. The benefit of this approach is that it only
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Fig. 4 Generating a 3D Scan: As illustrated, a 3D scan is built from a series of 2D scans only when
the robot drives and deploys its tether, which causes 3D scans to be motion distorted. Generally, the
robot will need to travel 0.5 meters to generate a single scan.

relies on lidar data and uses a physically motivated motion prior (i.e., white noise
on acceleration). For more on this continuous-time approach, including detail on
the constant-velocity model and implementation, see Anderson and Barfoot [1]. In
extreme cases, when the constant-velocity model fails to capture the true motion of
the robot, the continuous-time approach will not work (see Figure 12). Accordingly,
we test a second method to handle distortion that uses VO as a motion prior for the
robot’s trajectory during a single scan; VO is generally accurate over short distances
and is better suited to capture complex robot movements, provided that the field-ofview and lighting conditions are stable. We use an existing VO package2 to output
pose estimates during scan generation at the frame rate of the camera (10 Hz), and
rely on a linear-time interpolation function in ROS to associate incoming lidar data
to pose estimates. Once scans are rectified, we perform ICP matching3 to align new
scans into a global map. Figure 5 illustrates the mapping problem as a pose graph.

Initial Pose/Map

Z

X

Estimated Pose
Y

Trajectory
Tether
Scan Matching
Measurement Factor
Motion Prior

Fig. 5 Building a Map: This pose graph represents the scan matching process used to create a
global map. Triangles represent the state (i.e., pose and map) being estimated. Prior to matching, the
trajectory of the robot is estimated with either a constant-velocity or VO-aided motion prior. Scans
can be matched into the global map either sequentially or in a batch, sliding-window setup.
2
3

Fast Odometry from Vision [5], package available: https://github.com/srv/fovis.
Libpointmatcher [11], package available: https://github.com/ethz-asl/libpointmatcher.
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5 Field Deployment & Mapping Results

Fig. 6 Experiment Site: The paths driven during the experiment are illustrated on aerial images. The
area marked as ‘ground truth’ was mapped by a stationary Leica Total Station. Being that the cliff is
covered with vegetation, we use TReX to navigate below the tree canopy for in-situ mapping.

Field Deployment: Mapping experiments were performed in an outdoor, open-pit
mine located in Northern Ontario, Canada4 . This location features a steep cliff, where
bedrock has been exposed by erosion, but is partially hidden by vegetation. Figure 6
provides aerial images of the site that have been annotated with the paths taken to
map the terrain. TReX was teleoperated for the entirety of the experiment due to the
extreme conditions. Note that much of the cliff is covered by vegetation, meaning
that remote survey alone cannot be used to map the contiguous rock outcrop. For
more on the deployment, including animated mapping results, see the linked video5 .
Mapping Results: While driving on Paths C and E, the 3D position of a marker
fixed to the robot was recorded by a Leica Total Station (LTS)6 . Figure 7 illustrates the
ground-truth trajectory overlaid on a dense, ground-truth point cloud. For comparison,
we show trajectory estimates from our continuous-time (CT) and VO-aided ICP
Sudbury Ontario, Canada: 46◦ 240 33.500 N, 80◦ 500 27.300 W
Supplemental video: https://youtu.be/9r10kC7GTmc
6 Model: Leica Nova MS50 MultiStation
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Fig. 7 Trajectory Comparison: Two intensity-colored, ground-truth point clouds are shown. The
‘side view’ shows the slope, which ranges from 30-60 ◦ inclination. The position of a marker on
robot was recorded to provide ground truth (GT) while driving on Paths C and E only. The VO-aided
ICP estimate, VO+ICP, outperforms the continuous-time approach, CT+ICP. We note that GT and
CT+ICP are not complete for Path E, which is due to target loss and estimation failure resulting
from the robot’s complex motion. Only the outgoing trajectories are shown for clarity.

Fig. 8 Global Map Comparison: Global point clouds of the unobstructed terrain are compared. The
ground-truth map shows the terrain visible to the LTS from a remote position. The VO+ICP map,
which encompasses more area than the ground-truth scan, combines estimated point clouds from
Paths A-E, which were aligned manually. Common features are indicated by color-coded arrows.
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Fig. 9 Local Map Comparison: An aerial photo is compared with close-up, virtual images from
ground-truth, VO+ICP, and CT+ICP maps colored by point intensity. The rock shown by red arrows
in Figure 8 is marked here as well. While the ground truth is most dense and clearly shows rock
features, VO+ICP is our best estimate and is noticeably more detailed than CT+ICP. The estimated
maps are sparse due to limited observation time in the target area (e.g., not enough scans were
generated). This is also a case where CT+ICP works for a segment of the full trajectory. Generally,
the robot’s motion is too complex for CT+ICP to work on more challenging trajectories.

Fig. 10 Mapping Cluttered Environments: This example highlights the benefit of the TReX platform,
which can navigate in cluttered environments to explore terrain occluded from remote view. The
photos show a heavily vegetated, hard-to-reach area on Path K where bedrock is exposed. Virtual
images from the VO+ICP estimated point cloud are compared images. Arrows indicate shared
features between the image and map. A portion of Path K is also superimposed on the aerial photo.
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pipelines. We note that the full trajectory is not shown because it extends off the
visible point cloud. Instead, we plot a portion of the outbound trajectory for clarity.
As shown, the VO-aided estimate is closest to ground truth, which is true for all runs.
In fact, the CT approach only works when the robot’s true motion is smooth and the
environment is sparsely vegetated, as later discussed in Section 6. On a large scale,
the combined VO-aided map (Paths A-E) is comparable to ground truth, and actually
covers more area as shown in Figure 8. Looking closer, Figure 9 compares a portion
of the map produced from Path C. Although the VO-aided map is clearer than CT,
both fail to capture the rock outcrop better than ground truth because (i) individual
scans collected by TReX are relatively sparse, and (ii) an insufficient number of
scans were collected of the target area. Lastly, Figure 10 provides a map collected by
TReX from a densely vegetated, cluttered environment, where the robot navigates
below the tree canopy and surveys a rock feature that is not visible remotely.

6 Lessons Learned
We outline lessons learned from the deployment of TReX by addressing mapping
challenges, platform mobility, tether management, and perceived design limitations,
which impact the robot’s ability to explore extreme environments.
Mapping Challenges: Given the mapping performance discussed in Section 5, we
consider the factors that cause the continuous-time (CT) approach to perform worse
than the VO-aided approach in complex, unstructured environments. One reason is
illustrated in Figure 11, which shows the correlation of spool velocity to 3D scan
completion over time. For two sample intervals, we see that the time to complete a
scan varies strongly, which implies that TReX, whose spool velocity is coupled to
vehicle motion, may violate the constant-velocity model used in CT estimation. One
way to deal with this problem is to add additional keyframes (i.e., pose estimates
along the trajectory), which would make the velocity assumption arbitrarily better,
but also have the effect of slowing down the pipeline. Currently, keyframes are
dropped at the completion of each scan (e.g., the robot drives ∼ 0.5 meters), which
100
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Fig. 11 Scan Completion Over Time: The correlation of spool velocity, measured in half rotationsper-second (rps), to percentage scan completion is shown at select time intervals. We note that a
full scan only requires a half rotation of the spool. The important take away is that scan completion
varies with time, which violates the constant-velocity assumption of the CT method.
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Fig. 12 Motion Prior Comparison: We show the robot’s estimated motion for a small portion
of the trajectory from the start of a path until just after first descent. The trajectories are plotted
as a vertical profile (x-z plane). The constant-velocity motion prior, CV, forces a smooth, arcing
trajectory estimate, which fails to capture the complex tilting motion accurately captured by VO.
The ‘loop’ in VO occurs after the robot rocks back and forth in place just after driving over edge.

allows for running the pipeline in real time. Instead of inserting more keyframes,
we set the velocity prior to zero between segments of the trajectory where gaps in
measurement time occur. However, we must contend with a greater issue, which is
that the velocity prior fails to truly capture the complex motion of the robot driving
on extreme terrain. Figure 12 best illustrates this problem; the zoomed-in view shows
the estimated trajectory from VO compared to the constant-velocity estimate from
CT just as the robot drives over the edge of a cliff. Assuming constant velocity, the
robot’s motion is estimated to be a smooth arc, when in reality, the robot tilts or
rocks at the edge of the cliff before descending. Conversely, VO is able to capture
this complex motion. However, VO can fail if the environment is overly cluttered
and lighting is too dynamic, which occurs when navigating through dense vegetation
(i.e., strong shadows and obstructed vision from hanging leaves).
Another challenge for mapping in the field is that it is difficult to generate dense,
minimally distorted point clouds given the operational environment. Figure 13 illustrates this idea by showing how cluttered environments impact scan density and
quality; throughout a single traverse, the quantity and average depth of 3D points
vary as the robot passes through vegetation. The low average depth indicates that
5
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Fig. 13 Scan Quality: The quantity and average depth of 3D points are shown per scan collected on
a typical trajectory. The shaded regions represent degenerate scanning conditions that result from
navigating through vegetation as shown in the example image. The result is that each 3D scan is
generally sparse and shallow in depth, which decreases the likelihood of accurate scan matching.
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Fig. 14 Platform Evaluation: TReX’s advanced mobility on steep terrain is demonstrated through
visual examples during the field deployment. Images 1-3 show TReX successfully navigating steep
rock faces. Image 4 shows how the robot’s front tires can lift off the rock due to excessive slope
and high tension on the tether. Images 5-6 show the lateral mobility of the robot while under
tension. Image 7 shows TReX just after tipping over, which was caused by platform instability
when navigating tangent to an angled surface. Image 8 illustrates a common limitation of using a
tether; when the taut tether contacts rock, abrasion or severe bending can result in damage.

most points lie within 3 meters, making it harder to scan distant targets. In terms of
point quantity, even the most dense scans are still sparse, with most of the scan being
lost to the sky. For comparison, a Velodyne lidar can generate between 100-200 k
points per scan, which is an order of magnitude more than TReX. Therefore, it would
be beneficial to use a 3D scanning lidar to produce high-quality, detailed maps.
Platform Mobility: In McGarey et al. [9], a preliminary mobility evaluation was
performed on a steep metal structure to demonstrate lateral movement while under
tension. We now provide an in-depth, platform-mobility analysis using examples
from the field. Figure 14 provides a collection of images that both highlight the robot’s
advanced mobility on steep terrain, and demonstrate limitations of the platform. In
general, TReX was successful in navigating very steep slopes, regardless of the
terrain type (e.g., rock, sand, or grass). With the exception of the inverted slope
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in Figure 14.4, the angled tether arm aligns tensional force with the robot’s centerof-mass, keeping all tires in contact with the surface. Figure 14.5 and 14.6 show
examples of TReX driving laterally under tension, which made it possible to visit
and map more terrain during a single traverse. Despite the success of the deployment,
there were several failures, which underline key limitations of the platform. In
Figure 14.7, TReX is shown after tipping over, which occurred while driving parallel
to the tether on a steep, angled surface. The fall indicates that (i) the center-of-mass
is too high, and (ii) the robot would benefit from some form of passive differential
suspension (e.g., rocker-bogie system) to accommodate for uneven terrain.
Tether Management: The prevention of tether damage is a persistent concern
when using tethered robots; tether damage is caused by small bend angles, excessive
twisting, and or abrasion from rough surfaces. Any one of the above can cause internal
wires to break, resulting in power and data loss, or worse, a severed tether, which
could damage or destroy the robot and environment. Figure 14.8, shows an example
of bending and abrasion during the field deployment, where the robot’s tether became
wrapped around a sharp rock. In practice, we find that the tether must be replaced
after each deployment, which results in additional time and cost. To prevent tether
damage in future designs, we would need to (i) ensure that the minimum bend radius
is not exceeded in the tether management system, (ii) implement better coiling of the
tether to prevent twist, and although somewhat impractical, (iii) avoid wrapping the
tether around sharp corners or abrasive surfaces in the operational environment.
Size Limitations: The current size of the robot, which encompasses 1 cubic meter
and weighs 100 kg, makes it difficult to deploy remotely. During the deployment, the
operator would start at the base of the cliff, hike to the top, throw down a rope to an
assistant, and manually pull the tether up the cliff to attach to a tree or anchor. The
robot would then ascend the cliff, where it could be deployed further. Additionally,
the tether-limited range of the robot made it necessary to frequently re-anchor the
robot to access new terrain. To cut down on the support and human effort needed
to deploy TReX, future iterations of the design should be scaled for use by a single
operator, which would allow the entire system, including robot, ground station, and
generator, to be backpackable. A reduction in weight would also allow for the use of
a thinner, lighter tether and increase vehicle range and overall usability.

7 Conclusion
This paper details the field deployment of the Tethered Robotic eXplorer (TReX) to
map extremely steep, cluttered terrain in a gravel mine located in northern Ontario.
Since TReX produces motion-distorted scans while driving and deploying tether,
we evaluate (i) a continuous-time approach that relies on a velocity-based motion
prior, and (ii) a VO-aided approach that leverages odometry from a stereo-camera.
Both methods are used to compute a trajectory estimate, which can be used to
rectify distorted scans prior to ICP alignment into the global map. Each pipeline
was evaluated with data collected during the field trial. Our results indicate that the
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VO-aided approach outperforms the continuous-time method because it best captures
the robot’s complex motion in dynamic, unstructured environments.
For future work, we would like to deploy TReX to other harsh environments, like
caves, mine shafts, and dams. In particular, we would like to test autonomous, routefollowing techniques [8] that were not developed at the time of the field deployment.
We would also like to incorporate other sensors on the robot to use for improving
motion estimation, including inertial, inclinometer, and tether measurements (e.g.,
length and bearing-to-anchor). In the long term, reducing the form factor of TReX
design will make it more economical and effective for use in research, inspection,
and reconnaissance.
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