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Abstract— The timber-harvesting industry is lagging its peer
industries, such as mining and agriculture, with respect to
deployment of robotic, AI and autonomous technologies. In
this paper, we tackle automation of a critical task that arises in
transporting logs from the forest to the sawmill: the log loading
operation. This work is motivated by the acute shortages of
human operators and the need to improve the efficiencies
of timber-harvesting processes. To this end, we demonstrate
the full autonomy pipeline for the log loading operation with
a fixed-base manipulator (a.k.a., the crane), starting with
perception of logs around the machine, then grasp planning
for where to grasp logs, through motion planning and control
of the log loading maneuver. Our main contribution is in
the full integration of the necessary elements to achieve a
completely autonomous loading cycle, where the crane picks
up and loads all logs within its reach on a trailer. Notable
features of our implementation are a generalizable perception
stack, a grasp planner to pick up multiple logs at a time and
an extensive experimental campaign conducted outdoors, on
a commercial log loader retrofitted for autonomy. Our results
demonstrate an overall 87% success rate of the log loading
operation, with primary failure cases due to log segmentation
errors and deficiencies in the final height adjustment algorithm
for grasping logs. We also present detailed timing results of
the main parts of the autonomy pipeline, which support the
feasibility of deployment in operational environment.

I. INTRODUCTION
A. Background and Motivation

Interest in applying advances in robotics and Al in the
forestry industry and, specifically for forestry operations,
has increased significantly over the past few years [1], [2].
Research on automating the operation of timber harvesting
machines, in particular, is primarily motivated by the lack
of skilled machine operators and the need to increase effi-
ciencies. These factors make the shift from human-operated
to automated forestry machines an urgent concern [3], [4].
While forestry operations are numerous and diverse, the log
loading operation is critical to the wood supply chain as it is
carried out at several points along the supply route, from the
forest to the sawmill. Due to the variability in operational
scenarios and unstructured nature of the operating environ-
ment, it is a challenging task to automate and forms the
central focus of this paper.

To date, efforts have been made to assist operators of
forestry machines and to enhance human-machine coopera-
tion through automating some decisions for the operator [5]
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Fig. 1: FPInnovations log-loading testbed with crane in home
configuration

or enabling teleoperation [6]. Few works aim to achieve com-
plete autonomy for tree felling and log loading operations.
For the log loading task, several works in existing literature
address the problem of path planning for the log-loader’s
crane [7], [8]. Some researchers have addressed autonomous
log grasping [8]-[11]; however, there are no results to
date demonstrating a complete and fully autonomous log
loading operation, comprising multiple loading maneuvers
from arbitrary pile arrangements around the machine.

B. About this Paper

Motivated by the above considerations, our industry part-
ner, FPInnovations, had initiated research on log loading
automation in 2020. The goal of this paper is to present
results achieved to date, highlighting the novel aspects of
the work and our outlook for the future. In particular, the
principal contributions of this work are:

o the development and implementation of a complete
autonomous pipeline to execute a full log loading cycle
with a fixed-base log loader;

« experimental results demonstrating performance of the
autonomous pipeline, with an open discussion of its
current limitations. The results include timing statistics
for execution of different parts of the pipeline in order to
draw conclusions on the competitiveness of autonomous
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The rest of this paper is divided as follow. In section II, we
describe the relevant theoretical details and the implementa-
tion of the fundamental building blocks of our autonomy
pipeline developed for the crane testbed at FPInnovations,
shown in Fig. 1. The testbed itself, including the con-
trol architecture employed to implement the autonomous
pipeline, is presented in section III. Performance results of
the experimental trials on autonomous log loading carried out
with the testbed are summarized and discussed in section IV,
followed by conclusions in section V.

II. AuTONOMY BUILDING BLOCKS FOR LOG LOADING
A. Overview

Although most machines employed for loading logs are
mobile, the operation itself is carried out with a crane—
an articulated arm of the machine—while the base remains
stationary. From the robotics perspective, the log loading
operation is thus a pick-and-place task. It involves point-
to-point maneuvering of the crane, with obstacle avoidance.
The more challenging aspects of automating log loading
are: (i) detection of logs to be loaded, which falls under
the umbrella of perception and (ii) grasp planning which,
aside from the trivial case of a single isolated log, requires
determining where to grasp multiple logs in a pile. For this
reason, two of the main blocks in our log loading autonomy
pipeline depicted in Fig. 2 will address these issues. Another
key component of our architecture is the motion planner,
responsible for generating joint trajectories to reposition the
crane. These three components will be described below.
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Fig. 2: Autonomy pipeline for logs loading maneuver. The
perception and grasp planning blocks are executed at the start
of a maneuver. Final grapple adjustment is only executed
before the approach to the target log(s).

B. Perception: Log Detection and Characterization

The perception problem for the log loading task requires,
first and foremost, detection of logs in the vicinity of the
machine. One reason why this is non-trivial is that logs,
in forest or in mill yard, rarely present themselves in iso-
lation. Instead, they are usually cluttered with other logs
in various arrangements, ranging from mini-piles of several
logs to large piles. This in turn results in partial occlusions
with objects of similar appearance, which makes instance
segmentation more challenging. Since forestry operations are
performed throughout the year, the log detection solution
must also be robust to weather and environmental conditions.

Our perception pipeline uses the log detector from [12],
based on the Mask2Former architecture [13]. Whereas [14]
uses bounding boxes to localize logs, we leverage a mask
output to detect individual logs within the reach of the crane.
Our implementation uses a Swin-B transformer backbone
pre-trained on the ImageNet-22k dataset [15] and fine-
tuned on the TimberSeg 1.0 dataset [12]. It achieved 84.3%
average precision with (.5 intersection over union (IoU)
and a recall of 65.2%. The TimberSeg dataset contains 220
images comprising 2500 segmented logs, along with their
mask annotations. Importantly, only 37 images of this dataset
were collected on the FPInnovations log loading testbed. The
rest of the images were collected with dash-cams on log
loaders operating in forests over several months, in a range
of weather conditions. With the variety of environments in
the dataset, we expect our perception pipeline to be robust
to changes in the operating environment.

In some of the previous work on log loading automation
[8], it is assumed that the log characteristics, namely its
position, orientation and diameter, are known. In others [14]
and similarly to us, a perception pipeline is responsible for
this characterization. In our approach, the segmented log
masks in one of the RGB stereo images are associated with
their corresponding 3D point cloud to obtain positional infor-
mation. To speed up processing, the segmented point cloud of
each log is downsampled and analyzed with PCA to compute
its principal directions. The ranges of points corresponding
to the two principal directions are processed to estimate the
log length and diameter, from which the center of the log is
inferred. The principal directions are used to orient the log
relative to the camera frame and then to transform the pose
to the base frame of the machine. Fig. 3 shows a sample case
of segmentation and log characterization, as seen from the
camera on the log loading crane. We also note that since log
characterization is a naturally parallelizable computation, it is
executed in a different process for each log, taking advantage
of the multiples cores of the CPU.

Fig. 3: Logs segmentation and characterization sample,
FPInnovations log loading testbed: upper left panel—camera
view, lower left panel—masked logs, right panel—overlay of
characterized logs in red over point cloud data.

C. Grasp Planning

Although the literature on grasp planning is vast, very
few works have addressed grasp planning in the context
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of forestry log loading. The approach in [16] showcases
the use of convolutional neural network (CNN) from [17]
to perform object segmentation and to generate single-log
grasp predictions. Another deep learning approach is that in
[9] where RGB data is fed to a CNN that predicts good
grasping candidates, again on individual logs only, in 2D
space. A recent manuscript [11] proposes RL and visual-
servoing based on a virtual camera to achieve grasping of
multiple logs.

In our approach, we employ the grasp planning pipeline
from [18] with the addition of a clustering component: once
the logs in the scene have been identified and characterized
by the perception module, they are categorized in separate
piles from each other based on the distance between them.
The Agglomerative Clustering algorithm from the scikit-
learn' python library is employed. Using a maximum linkage
criterion, the distance between two clusters is defined as the
euclidean distance between the two furthest points of the
clusters. For our case, a maximum distance threshold of 2 m
is used. After all clusters have been formed, the one that is
nearest to the crane base is chosen to be the target for grasp
planning. Logs belonging to non-chosen clusters are ignored
for the remainder of the grasp planning pipeline.

Given the chosen cluster, virtual logs in the form of cylin-
ders with corresponding characteristics (lengths, diameters
and poses) to the cluster’s logs are instantiated in a Gazebo
environment, such that the poses of the virtual logs expressed
in the virtual world frame match those of the real logs with
respect to the crane base frame. A virtual depth camera
is then placed above the reproduced logs to capture the
depth data that will serve as the input to our grasp planning
CNN. Employing a virtual environment and camera for our
input grasp planning data allows for capturing any desired
viewpoint of the target log cluster, without having to move
the real crane. In our case, this virtual camera is positioned 3
m above the geometric center of a bounding box around the
virtual logs. In cases where logs are present at the edges of
the virtual camera’s depth image, the camera’s height above
the logs is raised in small increments until no logs remain
too close to the depth image’s border, thus ensuring that all
logs are completely captured by the camera and are at the
center of attention of the image.

The depth images collected in the virtual environment are
then fed to a fully convolutional neural network that outputs
an image-space grasp map:

G:(Q’Q)ERZXXX)? (1)

where Q is the pixelwise quality distribution assigning a
scalar between 0 and 1 that indicates the chances of grasping
success to every pixel of the input image of size X x ¥, and
O is the pixelwise image-space grasping angle distribution
indicating the required orientation of the grapple to perform
a grasp at every pixel of the input image. The optimal image-
space grasping location (¥*,7*) is then inferred from the
quality distribution Q by locating the pixel coordinates with

Uhttps://scikit-learn.org/

the highest quality value. As for the grasping angle, it is
extracted from the grasping angle distribution ® using the
same pixel coordinates. Fig. 4 shows a virtual environment
containing a sample cluster of logs, along with the CNN’s
grasping location prediction in image space. The determined
image-space grasping pose is finally converted to a grasping
pose in the crane base frame, via the camera frame. The
resulting target grapple pose is passed to the motion planner
to execute the grasp.

Gazebo Environment

Quality Distribution

Angle Distribution

Fig. 4: Grasp planning algorithm stages: two log example

D. Motion Planning and Control

The motion planning block is responsible for generating
first a path and then, the joint trajectories, to move the
crane from its current position to the next specified tar-
get position. We employ the Movelt> package (Movelt 1
Noetic distribution), with the Open Motion Planning Library
(OMPL) and the RRT* sampling-based algorithm to generate
a collision free path in joint space. Self collision and three
environmental obstacles are accounted for by Movelt: the
left and right (side) bounding boxes ("walls’) of the trailer
to circumscribe the side posts and, a 20 m x 20 m x 0.1 m
box to define the ground plane. Our current implementation
allocates a fixed time of 2 s to Movelt to compute the
trajectory plan. TRAC-IK (Inverse Kinematics) solver is used
prior to Movelt for transforming from task to joint space,
when a new target pose is provided in cartesian space.

An individual loading maneuver is defined with a sequence
of target poses, with Movelt invoked at each one to plan
to the subsequent target. The crane begins in its home
configuration, with elbow joint high to ensure a good camera
view of the area around the trailer (see Fig. 1). The maneuver
includes five intermediate target positions, comprising the
end-points of five rest-to-rest trajectory segments, as follows:
first, from home position to 0.5 m above the grasp target
pose, as per grasp planner; second, to the grasping height for
closing the grapple, as per final grapple height adjustment;
third, after grasping logs, to 0.5 m above the previous target;
fourth, to 1.5 m above the fixed unload target position above
the trailer and finally, to the unload target position where the
grapple is commanded to fully open. The individual loading
maneuver is completed by returning to the home position
(sixth target), from which the maneuver is repeated until all
logs around the trailer have been picked up.

It is worth noting that the maneuver sequence described
above is not optimized in any sense, but was designed with

Zhttps://moveit.ros.org/
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the primary goal of completing the task successfully. The
fourth intermediate waypoint for the return path to the trailer
was selected high enough to avoid collisions since, currently,
the logs carried by the grapple are not modelled for obstacle
avoidance.

In general, we found the logs grasping task to be tolerant
to the x-y grapple positioning errors, but sensitive to the
vertical (z) location of the grapple: positioning the grap-
ple too low results in the tongs digging into the ground.
Conversely, positioning the grapple too high may result in
either a complete miss of the logs or a pinch grasp, which is
undesirable. To address this problem, the final grapple height
adjustment algorithm is employed (see Fig. 2), which uses
point cloud data to provide a better estimate of the ground
location. More specifically, once at the grapple target pose,
three bounding boxes of pre-defined dimensions are created
under the grapple’s center, left tong tip and right tong tip,
respectively. For each box, a vertical distance value towards
the ground is computed based on the point cloud intersecting
it, and the largest obtained distance value out of the three is
used for the final grapple height adjustment.

Tracking of the planned trajectory is achieved with propor-
tional position control and velocity feed-forward for the four
boom positioning joints and the grapple orientation. Given
the joint reference positions q,, reference velocities q, and
measured positions q, the control outputs are calculated as:

u= Kp(‘lr - (I) +Kyqr- 2)

The controller does not take into account the crane’s load
capacity, nor any nonlinearities of the system. The control
gains K, and K, were pre-tuned on the real system to
achieve adequate tracking performance. The grapple opening
was commanded with open-loop, bang-bang inputs.

III. CRANE TESTBED
A. Crane and Environment

To conduct the log-loading experiments presented in this
paper, we employ the log loading testbed located in the
outdoor parking lot of FPInnovations, Pointe Claire, Quebec
(Fig. 1). This facility includes a seven-degree-of-freedom
crane, with a maximum reach of 7.1 m. The topology of the
crane is that of the forwarder machine: its first four joints
(RRRP) are hydraulically actuated to position the boom tip
in 3D space, with feedback from encoders for R-joints and a
magnetic sensor/band for the P-joint. These are followed by
two passive rotary joints to support the grapple and the last
joint (the rotator), also hydraulically actuated with encoder
feedback, allows orienting the grapple with respect to the
logs. The crane is integrated on a fixed-base platform, with
an attached trailer (5 m long and 2.3 m wide) to hold the
logs as they are loaded from the area around the machine.

The perception on the crane relies on the latest Al stereo
camera model from Stereolabs, the ZED X. This camera
features a wide field of view (120° D), an operational depth
range 0.5 m to 20 m and GMSL2 interface. The camera is
mounted on the third link of the crane (Fig. 1), close to
the elbow joint, to allow both a good overall view around

the crane, as well as the view in the vicinity of the grapple
when the logs are picked up. The latter will be useful for
characterizing the quality of the grasp, in future development.

The log loading experiments were performed on two dozen
logs of dry red pine, with lengths between 2.5-2.8 m and
diameters between 0.1-0.3 m. The testbed also includes a
nearby enclosure which houses the control hardware, with
enough room to accommodate two/three people involved in
development and experimentation.

B. Control Hardware Architecture

The main elements of the hardware used to control the
crane for autonomous operation are depicted in Fig. 5.
The host laptop has the following specifications: NVIDIA
GeForce RTX 3080 GPU, 16 GB VRAM, Intel i9-11950H
CPU and 64 GB RAM. The laptop runs Ubuntu 20.04 with
ROS Noetic installation and executes the complete autonomy
pipeline. The ZED Box was procured initially to allow to
interface the ZED X camera to the host laptop, but in the
future, will execute the perception stack of the pipeline to
reduce the requirements on the host computer. Currently, we
are able to receive RGB-D data from the camera at 9.5 Hz on
the ZED Box and 2.8 Hz on the host laptop. The PLC (STW
Technic ESX.3CM) is responsible for executing the joint
control law based on the reference joint trajectory received
from the motion planner. Thus, it interfaces to the crane joint
sensors for feedback and sends the computed commands to
the electro-hydraulic proportional valves. The control loop is
executed at 50 Hz.

ethernet can Bus 2| Etectro-hydraulic

Laptop

(Ubuntu 20.04/R0OS Noetic) PLC Proportional
Valves
fethemet
-
ZED Box H
(NVIDIA Jetson Orin NX) 2
f amsi2 3
ZED X Crane Joint
Camera Sensors

Fig. 5: Control hardware architecture

IV. EXPERIMENTS ON AUTONOMOUS LOG LOADING
A. Description of Experiments

The log loading trials reported here were carried out with
the robotic crane testbed over three summer days in partly
cloudy, after a rainfall and in sunny weather conditions. A
loading cycle was initialized with 12 to 18 logs randomly
placed around the trailer, within the workspace of the robot
and in the field of view of the camera. For some of the
loading cycles, the logs were arranged in single log and
small pile (two to four logs) configurations. Example log
arrangements at the beginning of four of the loading cycles
are illustrated in Fig. 6; an example of the log loading
progression over a single cycle is illustrated in Fig. 7. The
yellow arc in these figures delineates the reach of the crane.

Autonomous log loading cycle was initiated with the press
of a single button on the control user interface on the laptop
(e.g., Fig. 7a). The crane then performed a sequence of
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(C)

Fig. 6: Examples of log arrangements for four loading cycles
(view from ZED X camera): a) cycle 2, b) cycle 6, ¢) cycle
8, d) cycle 9.

autonomous loading maneuvers (e.g., Fig. 7b and Fig. 7c)
until all logs around the trailer were picked up and loaded
(e.g., Fig. 7d). Each maneuver started with the crane in home
configuration and ended with the crane returning to the same,
after the grasped logs were dropped in the trailer, as per
maneuver sequence described in section II-D.

In total, ten loading cycles were carried out, which in-
volved a 100 individual loading maneuvers and 153 log
counts dropped in the trailer. For each maneuver, we recorded
the number of logs grasped, as well as processing times
for individual elements of the autonomy pipeline and the
total maneuver time. A particular maneuver was considered
successful if all parts of the automation were executed and
at least one log was delivered to the trailer.

B. Performance Statistics

Performance results for the ten completed log loading
cycles are detailed in Table I. Specifically, we present for
each cycle: the total number of logs at the beginning of the
cycle around the machine, the number of loading maneuvers
required to load up all those logs, the number of times a
certain number of logs was picked up in that cycle (e.g., 0
picked up logs signifies maneuver failure) and the success
rate over the cycle (successful maneuvers/total maneuvers).
‘We observe that out of the 100 maneuvers, there were 42 sin-
gle log grasps and 45 multiple log grasps; this demonstrates
that our grasp planner can produce multiple-log grasps with
a single grapple closure. Over the ten cycles, there were 13
failed maneuvers (no logs loaded), for an overall 87% log
loading success rate.

We have categorized four types of errors observed over the
experimental campaign, summarized in Table II. Note that in
some cases, the error resulted in a failed maneuver, and in
other cases, the error was observed during the maneuver, but
at least one log was loaded into the trailer and hence, was
recorded as a successful maneuver. Detailed observations on
these errors are narrated below.

Log detection This error occurred when none of the logs
around the machine were detected or characterized at the

TABLE I: Log loading performance summary.

Logs per clamp (counts)

Cycle ’fotal No. 0 1 2 >3 Success
ogs  maneuvers rate
1 12 10 2 4 4 0 80%
2 14 10 1 5 3 1 90%
3 14 11 2 5 3 1 82%
4 15 15 3 9 3 0 80%
5 16 6 0 1 1 4 100%
6 18 7 0 1 1 5 100%
7 18 14 3 6 3 2 79%
8 13 7 0 3 2 2 100%
9 16 11 2 5 1 3 82%
10 17 9 0 3 4 2 100%
Total 153 100 13 42 25 20 87 %

TABLE II: Summary of log loading errors.

Counts
Error Failure  Success
Log detection 6 0
Final grapple height adjustment 6 6
Trajectory tracking 1 2
Path planning 0 5

start of the maneuver, usually when only one or two logs
remained in the workspace. We typically observed this failure
on logs where the shadow of the crane overlapped the log,
or in overcast conditions, when the log’s colour was washed
out, thus blending with the colour of the asphalt background.
To correct this, the undetected logs were manually moved to
nearby and the log loading cycle was continued.

Final grapple height adjustment Poor performance of this
algorithm resulted either in closing the grapple too early,
thus missing the log completely, or in a pinch grasp. A light
pinch grasp was likely to fail the maneuver because the log
was dropped before reaching the trailer. The more solid pinch
grasps resulted in successful completion of the maneuver (six
successes for this error as indicated in Table II.)

Trajectory tracking Poor trajectory tracking was observed
in scenarios where the grapple picked up four large logs
because our current joint controller (2) provides no adapta-
tion for the load. Since individual maneuver segments are
planned for a fixed time duration, poor trajectory tracking
manifests in the crane failing to reach the target position: in
the single failure case indicated in Table II for this error, the
grapple was commanded to open with the log outside the
trailer, resulting in a miss.

Path planning This error represents Movelt failing to find
a solution for a motion plan for a particular segment. In
our experiments, this error occurred five times, following a
successful grasp. As a result, the system restarted a maneuver
from the current failure position with the grasped logs,
ultimately depositing the logs successfully into the trailer.
In all failure cases, the error occurred due to the inverse
kinematics solver unable to find a solution for the path
planning target on the first attempt.

C. Timing Statistics

The timing statistics for the main autonomy blocks,
specifically, logs segmentation, logs characterization, grasp
planning and motion planning are summarized in Table
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Fig. 7: Progression of log loading for cycle 5.

III: the stated values represent averages over the successful
maneuvers. Also included is the maneuver time as measured
from the instance the crane begins to move from the home
configuration until it returns and stops at the same. The row
annotated ‘camera sync delay’ indicates the artificially intro-
duced time delay to allow for synchronization of the camera
data with the crane location, prior to initiating the perception
stack and before the final grapple height adjustment. In the
present implementation, we found this delay to be necessary
in light of the low rate at which the camera data is received
on the host laptop; we expect to eventually reduce this delay
with better allocation of computational resources.

The data presented in Table III serve to identify those
elements of the autonomy pipeline that incur high computa-
tional costs: this in order to guide future development to
improve the pipeline. It is noted that the perception and
grasp planning stacks are executed only once per loading
maneuver, at the very beginning. On the other hand, for
the current maneuver design as described in section II-D,
the motion planning block is executed six times during the
maneuver. Accordingly, the total maneuver time reported
in Table III includes 15 seconds for the five intermediate
motion plans, as well as the two-second delay for camera
synchronization for the final grapple height adjustment.

We can conclude from Table III that the single execution
of the grasp planning stack and the motion planning block
are currently the more expensive elements of the pipeline.
The latter is particularly problematic because of its multiple
use during the maneuver. The timing statistics detailed here
also provide a basis for comparing the autonomy pipeline
delays to typical execution times of a log loading maneuver
by a human operator. The time to execute the autonomy
pipeline before the loading maneuver begins currently stands,
on average, at ~ 9 s. The autonomy requirements during
the maneuver execution stand at 17 s, clearly pointing to
the need to optimize both the maneuver sequencing and
the path planning algorithm. Based on our observations of
human executed log loading cycles in mill yards, we estimate
times in the range of 20-30 s per loading maneuver: this
time includes both the operator’s planning intelligence and
the maneuver time. Therefore, the present implementation,
although of the same order of magnitude, is too slow to
compete with a human operator in terms of speed, especially
considering that our current autonomy does not include the
intelligence for orderly placement of logs in the trailer.

Finally, we note that the total maneuver time for our

TABLE III: Average timings for successful maneuvers.

Item Average time (s)
Camera sync delay 2.0

Logs segmentation 1.12

Logs characterization 0.97
Grasp planning 2.12
Motion planning (IK and Movelt) 3.0
Pre-maneuver autonomy processing 9.21

" Camera sync delay  ~ T T 200 7

Motion planning (IK and Movelt) 3.0 (x5)
Crane motion 69.0

Total maneuver time 86.0

test-bed (86 s) is significantly higher than that observed
for human operators, partly because of the time taken for
planning in between waypoints, but mainly because of the
limitations of the hydraulic system driving the crane. This
results in a slower motion of the crane compared to log
loaders in the mill yard, thus contributing to the high average
maneuver time reported here.
V. CONCLUSIONS

This paper presents the main components of the auton-
omy pipeline developed for a log loading operation with
a fixed-base crane. Typical of autonomous systems, the
pipeline includes a perception stack, a grasp planning stack,
as well as, motion planning and control. The autonomy
was implemented on a commercial log loader, retrofitted
with pre-requisite sensing and control hardware. Notably,
perception is enabled with a single crane-mounted stereo
camera and an Al-based model pre-trained with images from
the testbed and forests. Our grasp planner is agnostic to the
number of logs to be grasped, and predicts the best grasp
location based on depth image information only. Motion
planning and control have been implemented with standard
tools and not optimized to date. An extensive experimental
campaign to execute ten autonomous log loading cycles of
153 log manipulation counts demonstrated an 87% success
rate. Detailed timing results point to the need for further
improvements in the maneuver design and the efficiency of
the motion planning. Nevertheless, the time requirements to
execute the autonomy are in the ballpark of the maneuver
times observed of humans operating the log loading crane.
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