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Abstract
This paper presents an experimental evaluation of the stability and performance of commercial quadrupedal robots, specifi-
cally the Ghost Robotics Vision 60 and Boston Dynamics Spot, under dynamic ground conditions typical of non-inertial naval 
environments. Our study systematically assesses these robots in controlled laboratory settings and real-world scenarios aboard 
the M80 Stiletto, a naval prototype vessel. To rigorously test the robots’ stability, balance, and path-following capabilities, 
we analyze primary metrics including the distance of the center of mass to the support polygon boundary, body-position 
tracking accuracy, trunk orientation steadiness, and joint torque profiles under dynamic disturbances from ground accelera-
tions and rotations. The results reveal that while both robots demonstrate operational capabilities, significant challenges 
remain. Vision 60, in particular, exhibits superior stability, balance, and lower peak torque when handling substantial ground 
motions compared to Spot. However, both robots struggle with accurate body-position tracking under aggressive ground 
motions. These findings highlight the limitations of current commercial quadruped robots in operating within non-inertial 
environments and underscore the urgent requirement for further research and development in robot planning and control.
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1  Introduction

1.1 � Related work

(1) Robot testing and benchmarking: Legged robots are 
increasingly recognized for their potential in executing 
a broad spectrum of real-world tasks such as warehouse 
automation, home assistance, package delivery, search and 
rescue, and inspection and maintenance. The stability and 
performance of legged robots in dynamic environments are 
crucial to ensuring their operational efficacy and safety.

Stability in this context refers to a legged robot’s ability 
to sustain intended movements-such as walking, standing, 
and object manipulation-without falling over (Westervelt 
et al. 2007; Zhao and Gu 2020). Additionally, an essen-
tial performance measure for legged robots is robustness, 
defined as the ability to maintain planned behaviors amidst 
environmental uncertainties (Xiong and Ames 2022; Dai 
et al. 2022; Gibson et al. 2022; Caron et al. 2019). Recent 
years have seen a surge in interest towards systemati-
cally evaluating the effectiveness of legged robotic sys-
tems, especially quadrupeds. This highlights the growing 
need to develop and refine metrics and methodologies 
that accurately assess the capabilities and limitations of 
these advanced robotic platforms in complex, real-world 
scenarios.

To evaluate the stability and performance of control 
and planning approaches for legged robots, various vali-
dation methods have been utilized. Techniques such as 
hand-pushing, foot-kicking, and the application of forces 
through means including rope-dragging and hockey sticks 
poking have been common (Radosavovic et  al. 2023). 
Notably, Chen et al. highlighted the use of a yoga ball and 
swing-ball impacts as dynamic tools to simulate sudden 
interactions with moving objects, offering a realistic spec-
trum of challenges a robot might encounter in operational 
settings (Chen et al. 2023).

Despite these diverse testing methods, there remains a 
pressing need for more standardized approaches to system-
atically and comprehensively assess the stability and per-
formance of legged robots. Recent studies, such as those by 
Weng et al., have begun addressing this gap. They employed 
a linear impactor to standardize disturbance rejection tests 
for legged robot locomotion, establishing a preliminary 
framework for standardized testing protocols (Weng et al. 
2024, 2023, 2022).

Performance metrics for legged robots have signifi-
cantly advanced, incorporating methodologies that quan-
titatively assess their capabilities. Aller et al. (2019) have 
expanded the state of the art in humanoid robot locomo-
tion metrics, enhancing how these measurements contrib-
ute to improved design and control strategies.

Adversarial disturbance rejection tests show consider-
able variability, ranging from standardized tests employing 
mechanical apparatus to more unconventional methods that 
pose unexpected challenges to robots. Shi et al. (2024) con-
ducted a comprehensive analysis of adversarial attacks on 
learning-based controllers of quadrupedal locomotion.

The role of benchmarking in robotic research can-
not be overstated, as various initiatives strive to establish 
performance standards across different platforms (Norton 
et al. 2022, 2023). Torricelli and Pons (2019) explored the 
Eurobench framework, designed to equip robots for real-
world functionalities by providing standardized testbeds that 
mimic common human environments. Similarly, Castano 
et al. (2022) examined dynamic balancing controllers for 
humanoid robots, providing insights into the effectiveness of 
these controllers under various simulated conditions.

(2) Robot locomotion in non-inertial environments: Leg-
ged locomotion in non-inertial environments-settings that 
experience acceleration or rotation in the inertial frame-is 
increasingly recognized as a critical capability for robotic 
systems. Common examples of such environments include 
moving ships, airplanes, and ground vehicles. Legged robots 
that can navigate these environments reliably can enhance 
real-world applications such as firefighting, inspection, and 
maintenance on moving public transportation vehicles, 
ships, airplanes, and oil platforms.

A defining feature of these non-inertial environments is 
the temporally persistent and continuous acceleration or 
rotation of the ground, often described as dynamic rigid 
surfaces (DRS) (Iqbal 2023). The time-varying nature of 
ground motions leads to fundamentally different dynamics 
for legged locomotion compared to static surfaces, creat-
ing a substantial open problem of legged robot control as 
existing control approaches typically assume static grounds 
(Westervelt et al. 2007; Zhao and Gu 2020).

In response to these challenges, recent research has 
focused on improving the stability and robustness of robots 
during such ground movements. Efforts include dynamic 
modeling (Iqbal et al. 2023; Iqbal and Gu 2021), state esti-
mation (Gao et al. 2022; He et al. 2024), real-time motion 
generation (Iqbal et al. 2023; Gao et al. 2023), robust con-
troller design (Iqbal 2023; Gao 2023; Donald et al. 2024), 
and stability analysis (Iqbal et  al. 2020). These studies 
have treated surface movements explicitly to adapt legged 
locomotion control approaches to DRS within non-inertial 
environments.

Despite these advances, a substantial gap remains in 
the formal benchmarking and evaluation of these control 
systems in non-inertial environments. While individual 
research efforts have demonstrated efficacy on isolated 
robots and ground motions, there is a lack of standardized 
testing frameworks or evaluation protocols that can compre-
hensively assess and compare the performance of different 
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control strategies under a consistent set of dynamic ground 
conditions. This absence of benchmarking standards means 
that while theoretical and experimental advancements con-
tinue to evolve, their practical applications and compari-
sons across different platforms and environments cannot be 
systematically validated. Establishing robust benchmark-
ing protocols is essential for progressing towards generally 
applicable solutions that ensure the stability and satisfactory 
performance of legged robots in non-inertial environments.

1.2 � Contributions

This study represents one of the earliest systematic experi-
mental evaluations of the stability and performance of com-
mercial quadrupedal robots in non-inertial environments. 
The primary contributions of this research are outlined 
below: 

(a)	 We develop and implement a comprehensive testing 
framework that assesses quadrupedal robots under a 
variety of dynamic ground conditions, both in labora-
tory simulations and real-world naval scenarios. This 
framework encompasses typical robotic movements 
and ground motions designed to replicate diverse sea 
wave conditions and ship dynamics, providing a thor-
ough evaluation of the robots’ capabilities and limita-
tions.

(b)	 This research generates both quantitative and qualita-
tive data on key performance metrics such as stability, 
the center of mass (CoM) distance to the support poly-
gon boundary, joint torque profiles, and body-position 
trajectory accuracy during ground movements. This 
analysis reveals the operational challenges that quad-
ruped robots face in maintaining stability and perform-
ing locomotion tasks on moving platforms. The dataset 
from this study has been made publicly available for 
broader use and can be accessed online.1

(c)	 By testing two leading models of commercial quadru-
pedal robots-the Ghost Robotics Vision 60 and the Bos-
ton Dynamics Spot-this study gives insights into their 
relative strengths and weaknesses. Such comparative 
analysis aids in deeper understanding of each robot’s 
suitability for specific maritime tasks.

(d)	 The results from our experiments identify significant 
areas where current commercial quadrupedal robots 
underperform, especially in managing the continuous 
and dynamic ground motions encountered in non-iner-
tial environments such as those onboard ships.

2 � System description

The experimental setup for this study included several criti-
cal components. Field tests were conducted aboard the M80 
Stiletto, a prototype naval vessel utilized by the Office of 
Naval Research, which was docked at a naval station on the 
U.S. eastern coast. For controlled laboratory experiments, a 
Motek M-Gait treadmill was used to simulate ship motions, 
capable of executing pre-programmed pitching and swaying 
movements. The experiments involved two commercially 
available quadrupedal robots, each equipped with a robotic 
arm. The subsequent sections provide a detailed overview of 
the hardware systems employed in our experiments.

2.1 � Robots

As depicted in Fig. 1, the Boston Dynamics’ Spot (Fig. 1a) 
and Ghost Robotics’ Vision 60 (Fig. 1b) were selected for 
experimentation. Spot was chosen for its robust balance and 
mobility for static terrains, as well as for its user-friendly 
capabilities. Vision 60 was selected for its military orien-
tation and payload capacities. Figure 2 illustrates the con-
figuration of Spot’s leg joints; Vision 60 employs a similar 
naming convention for its joints. To ensure safety during 
in-lab experiments, custom safety harnesses were designed 
and utilized for each robot, as shown in Fig. 1.

(1) Ghost Robotics Vision 60: The Ghost Robotics Vision 
60 is a semi-autonomous Quadrupedal Unmanned Ground 
Vehicle (Q-UGV) designed for defense, military, and com-
mercial use. Table 1 outlines the key specifications adver-
tised for the Vision 60 system. The robot’s modular design 
enables the addition of various payloads, including robotic 
arms, sensors, and communication devices. In our experi-
ments, a Vision 60 version 5.1C was employed, equipped 
with a 7-DoF Kinova Gen2 robotic manipulator that features 
a three-finger KG-3 gripper. The manipulator was securely 
mounted using a custom-designed aluminum plate.

(2) Boston Dynamics Spot: Boston Dynamics Spot is a 
versatile quadrupedal unmanned ground vehicle (Q-UGV) 
that has been utilized across various industries for tasks 
including inspection, surveying, and hazard detection. For 
our experiments, Spot was equipped with the Spot Arm, a 
6-DoF robotic arm capable of lifting up to 11 kg and drag-
ging as much as 25 kg.

Table 2 shows the advertised key specifications of Spot 
(Boston  Dynamics 2023). Notably, the mass and iner-
tial properties of Spot have not been disclosed by Boston 
Dynamics, making these parameters inaccessible without 
extensive testing (G. 2023).

1  https://​github.​com/​purdue-​trace​lab/​quadr​uped_​asses​sment.

https://github.com/purdue-tracelab/quadruped_assessment
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2.2 � Dynamic ground simulation

(1) Dynamic treadmill: To simulate the accelerating rigid 
ground (i.e., DRS) commonly found in real-world non-iner-
tial environments such as naval ships rocked by waves or air-
planes experiencing turbulence, we utilized a Motek M-Gait 
modular treadmill (B.V. 2024). This treadmill is capable of 
simulating rotary ground motions, and is housed at the New 
England Robotics Validation and Experimentation (NERVE) 
Center at the University of Massachusetts Lowell (UML).

The treadmill can execute pre-programmed pitch and 
sway movements at varying angles and speeds. Specifically, 
it can achieve pitch angles up to ± 10° and sway movements 
up to ±0.05 m, offering a controlled environment to assess 
the stability and performance of quadruped robots. Further 
specifications of the treadmill are detailed in Table 3 (Bren-
nan 2023).

To accommodate the robots’ movements and ensure safety, 
the treadmill’s handrails were removed, and a custom wooden 
platform was designed and attached by NERVE center 

Fig. 1   Vision 60 and Spot in 
their safety harnesses on the 
wooden treadmill platform

Fig. 2   Illustration of Spot’s leg joints. In subplot a, the “FL,” “FR,” 
“AL,” and “AR” legs are the front-left, front-right, aft-left, and aft-
right legs, respectively. All three joints of each leg in subplot b are 
revolute and directly actuated. This illustration also applies to Vision 
60’s leg joints

Table 1   Key features of Ghost Robotics Vision 60

Features

Weight 51 kg
Ingress, Temp. IP67, − 45 to 55 °C
Top speed 3 m/s
Max. distance 10 km
Max. power runtime 3 hr
CPU/GPU NVIDIA Xavier
Max. payload 10 kg

Table 2   Key specifications of Boston Dynamics Spot

Features Specifications Features Specifications

Net mass 32.7 kg Battery capacity 564 Wh
Ingress, Temp IP54, -20–

55 °C
Average runtime 90 min

Max. speed 1.6 m/s Standby time 180 min
Max. slope ± 30° Recharge time 60 min
Max. step height 300 mm Max payload 

mass
14 kg
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engineers. Additionally, a safety cage was installed to separate 
the operators from the treadmill during all in-lab experiments. 
Figure 3 illustrates the treadmill in three configurations: with-
out the custom wooden platform, with the platform, and with 
both the platform and the safety cage installed.

(2) Moving vessel: Field data were collected aboard the 
M80 Stiletto, a Navy prototype vessel docked at a naval sta-
tion on the U.S. eastern coast (Fig. 4). This vessel is some-
times utilized by naval engineers, researchers, and scientists 
as a versatile platform for real-world data collection.

3 � Experimental setup

This section details the experimental setup for both the 
controlled in-lab experiments and the field tests conducted 
with the Vision 60 and Boston Dynamics Spot robots. These 

experiments encompass various types of robot and ground 
movements to assess the robots’ performance and stability 
under different conditions.

3.1 � In‑lab experimental setup

The controlled in-lab experiments were carried out at 
the NERVE Center at UML. These experiments aimed to 
evaluate the robots’ performance under repeatable and pre-
cisely controlled conditions. The setup involved the Motek 
M-Gait treadmill, which simulated dynamic ground condi-
tions akin to those experienced on naval vessels.

For safety and consistency across all experiment trials, 
the treadmill was outfitted with a custom wooden platform 
and surrounded by a safety cage, as depicted in Fig. 3.

We conducted multiple locomotion tasks with both the 
Vision 60 and Boston Dynamics Spot robots to test their 
performance under different programmed treadmill motions, 
summarized as follows:

(1) Treadmill motion types: To thoroughly evaluate the 
robots’ performance, three distinct treadmill motion profiles 
were utilized, each consisting of combined pitch and sway 
movements. “Treadmill Motion 1” and “Treadmill Motion 
2” are characterized by single sinusoidal waveforms. In 
contrast, “Treadmill Motion 3” consists of a composite of 
sinusoidal time functions derived from field experiments. 

Table 3   Specifications of the Motek M-Gait treadmill

Features Specifications

Walking surface size (L × W) 200 cm × 100 cm
Base size ( L× W) 225 cm × 182 cm
Max. speed 18 km/hr
Max. acceleration 3 m/s2

Load capacity 5000 N

Fig. 3   Motek M-Gait treadmill: a without the customized treadmill 
platform; b with the treadmill platform installed; and c with the cus-
tomized safety cage for operator safety protection. In subplot a, the 

yellow arrows show the treadmill’s sway direction, while the red 
arrow illustrates the pitch direction about the rotation axis (i.e., the 
dashed line) (color figure online)

Fig. 4   Illustration of the M80 Stiletto vessel used for the field tests. a 
Stiletto docked at a naval station during the day of testing as captured 
by Paul Robinette (UML) with permission from NRL. b Rectangular 

safe walking region inside the ship, defined by the black tapes on the 
ship’s floor. c Customized sensor box rigidly attached to the ship. d 
Components of the sensor box



	 S. Misenti et al.

The mathematical expressions for these motion profiles are 
provided below, specifying the “Pitch” angles in degrees, 
“Sway” displacements in meters, motion frequencies in radi-
ans per second, and time t in seconds: 

	 (i)	 “Treadmill Motion 1”: Pitch = 3 sin(1.5t) and 
Sway = 0.05 sin(2t).

	 (ii)	 “Treadmill Motion 2”: Pitch = 8 sin(2.4t) and 
Sway = 0.05 sin(2.4t).

	 (iii)	 “Treadmill Motion 3”: 

 and 

To derive the “Treadmill Motion 3” from field experiments, 
we used the acceleration data returned by the IMU attached 
to the ship (see Sec. 3.2) for details about sensor setup 

Pitch = 10
0.054574

(

0.01773 sin(1.891 + 0.547t)

+ 0.00903 sin(1.293 + 0.859t)
+ 0.00845 sin(2.568 + 1.016t)
+ 0.00760 sin(2.399 + 1.328t)
+ 0.00572 sin(1.904 + 1.641t)
+ 0.00489 sin(2.249 + 2.031t)
+ 0.00411 sin(2.635 + 2.422t)
+ 0.00401 sin(2.742 + 2.812t)
+ 0.00328 sin(2.285 + 3.125t)
+ 0.00350 sin(2.763 + 3.516t)
+ 0.00335 sin(2.900 + 3.906t)
+ 0.00294 sin(−2.995 + 4.297t)
+ 0.00310 sin(2.846 + 4.609t)

+ 0.00239 sin(2.452 + 4.922t)
)

Sway = −0.05
0.077063

(

0.02907 cos(−1.488 + 0.547t)

+ 0.01623 cos(−1.171 + 0.938t)
+ 0.01350 cos(−0.888 + 1.328t)
+ 0.00987 cos(−1.285 + 1.641t)
+ 0.00729 cos(−1.155 + 2.031t)
+ 0.00700 cos(−0.700 + 2.422t)
+ 0.00631 cos(−0.417 + 2.812t)
+ 0.00553 cos(−0.713 + 3.125t)
+ 0.00543 cos(−0.504 + 3.516t)
+ 0.00529 cos(−0.270 + 3.906t)
+ 0.00476 cos(−0.547 + 4.219t)
+ 0.00484 cos(−0.293 + 4.609t)

+ 0.00390 cos(−0.559 + 4.922t)
)

.

during field tests). The cumulative trapezoidal integration 
was used on the acceleration data to obtain the displace-
ment data. Since only the pitch and sway directions of the 
treadmill accelerations can be directly pre-programmed, the 
motion data of the horizontal directions are used to form 
an equation for the swaying motion, while the difference 
between the vertical displacements of the two IMUs attached 
to the front and the back of the ship was used to calculate the 
pitch equation. Then, by applying fast fourier transform, we 
identified the amplitudes and frequencies of the components 
of the displacement data. We selected the components with 
the highest amplitude peaks to form a filtered ship motion 
profile. Finally, due to the physical limits of the treadmill 
motion, we normalized and shifted the filtered ship motion 
profile to obtain “Treadmill Motion 3” that respects the 
movement limits of the treadmill.

To highlight the influence of ground motion on the 
robots’ stability and performance, the “Baseline Treadmill 
Motion" was also tested. This motion profile was trivial, 
corresponding to the stationary treadmill, and served as a 
control scenario to benchmark the effects of dynamic ground 
movements on the robots.

(2) Robot movement types: The robots were tasked with 
different movement activities, as illustrated in Fig. 5. These 
tasks were designed to assess the robots' stability and func-
tional capabilities under different conditions.

Experiments on both the Spot and Vision 60 robots 
were systematically conducted across four sets of experi-
ments. Each set included trials under three different tread-
mill motions, with the exception of the baseline set, which 
involved no treadmill movement. The four sets of experi-
ments conducted are labeled as: “Baseline,” “Just Body 
DRS,” “Just Arm DRS,” and “Both DRS.” The “DRS” label 
in each set denotes the incorporation of DRS motions to 
challenge the robots’ stability and performance. Below is a 
summary of these robot motion types: 

	 (i)	 “Baseline”: This set had the quadruped robots walk-
ing in place without any treadmill motion, serving as 
a baseline for comparison.

	 (ii)	 “Just Arm DRS”: In this set, the robots used their 
arms to track a fiducial marker attached to the tread-
mill platform post (illustrated in Fig. 5), while their 
legs made minimal joint motions necessary to main-
tain balance.

	 (iii)	 “Just Body DRS”: In contrast to the “Just Arm 
DRS,” this set focused on the robots’ legs, which 
were actively moving to maintain the desired posi-
tion and orientation of the robot’s body, while the 
arm joints remained mostly stationary.

	 (iv)	 “Both DRS”: This comprehensive set involved both 
the robotic arms and legs. The arms were engaged 
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in tracking a fiducial mark, while the legs worked to 
maintain a steady pose of the robot’s trunk.

(3) Sensor setup: An optical motion capture system was 
employed to accurately measure the three-dimensional (3-D) 
positions of reflective markers attached to selected points on 
the robots and the treadmill. A total of 14 markers were uti-
lized in each trial. These included a marker on each corner of 
the treadmill platform, one near the fiducial marker, one on 
the wrist of the end-effector, two on the front corners of the 
robot trunks, two on the rear corners, and one on the outer 
side of each of the four toes. These specific marker place-
ments facilitated the precise determination of the ground-
truth positions and orientations of the robots and treadmill 
within the inertial motion capture frame.

To capture these marker positions, eight infrared Motion 
Analysis Kestrel 4200 cameras were deployed (M. A. Inc. 
2024a). The recorded data were then post-processed using 
Motion Analysis’ Cortex software (M. A. Inc. 2024b).

3.2 � Field experiment setup

With collaboration from researchers at UML’s NERVE 
Center, Navy Research Laboratory (NRL), Naval Undersea 
Warfare Center, Naval Surface Warfare Center, and Pur-
due University, the field experiments for this study were 
conducted aboard the M80 Stiletto vessel at a U.S. naval 
station.

For the field experiments, Spot was provided by the NRL. 
We chose to test Spot alone without Vision 60 in the ship-
board environments for two primary reasons. Firstly, our 
field tests on the M80 Stiletto were constrained by a limited 
time window due to the financial and personnel resources 
required, as well as weather conditions. Secondly, as this 
was, to our best knowledge, one of the first systematic evalu-
ations involving a legged robot on a ship exposed to sea 
waves, we believed that focusing on collecting ample and 

unique data from one of the world’s most advanced leg-
ged robot platforms would be both valuable and impactful. 
Future work will focus on testing multiple robot platforms 
in shipboard environments.

The testing area on the ship was clearly marked with 
black tapes to define boundaries, as illustrated in Fig. 4b. 
During the tests, Spot utilized its proprietary control system, 
optimized for enhanced mobility in challenging environ-
ments. Additionally, the “Moving Platform Mode,” a feature 
developed by the NRL to improve stability on non-inertial 
surfaces, was activated to enhance Spot’s capabilities of han-
dling dynamic ship-like movements.

A range of robot and ship motions were tested to thor-
oughly evaluate Spot’s performance under dynamic con-
ditions. An experienced joystick operator from the NRL 
provided high-level movement commands to Spot, such as 
moving forward, backward, turning, and adjusting speed. 
These commands enabled the operator to assist Spot in 
maintaining balance and accurately following its intended 
trajectory.

(1) Sea state and ship motion types: The field experiments 
conducted aboard the ship utilized motion profiles based on 
Sea State Code 1 conditions (0~10 cm wave height), reflect-
ing relatively calm seas with noticeable wave motions. The 
following ship motion profiles were rigorously tested: 

	 (i)	 “At Pier”: This scenario represents the calmest con-
dition, with the ship docked at the pier and engines 
powered off. Minor waves impacted the hull, but the 
overall movement of the ship was minimal. These 
tests serve as a baseline to compare robot perfor-
mance in a stable setting.

	 (ii)	 “Underway”: This profile describes the ship leaving 
the pier and advancing into the sea at approximately 
10 knots (18.5 km/h). The movement included mod-
erate hull swaying and pitching due to low-amplitude 
waves.

Fig. 5   Illustrations of three 
robot movement types during 
controlled in-lab experiments



	 S. Misenti et al.

	 (iii)	 “Sea State”: Upon reaching a speed of 20 knots 
(37 km/h) in open waters, the wave motion intensi-
fied. This condition simulated moderate sea motion, 
causing more pronounced pitching and rolling as the 
ship navigated through larger waves.

	 (iv)	 “S-Curves”: In this intense scenario, the ship exe-
cuted S-curve maneuvers at up to 20 knots (37 km/h), 
inducing aggressive lateral swaying. These maneu-
vers mimicked the dynamic effects of a ship execut-
ing sharp turns at high speeds, challenging the robots 
with sudden shifts in lateral forces.

The varied ship motions provided non-inertial environments 
with increasing levels of disturbance, challenging the robots 
to maintain stability and execute locomotion tasks under 
dynamic conditions. Data collected from these motions 
informed the synthetic movements programmed into the 
treadmill for controlled in-lab experiments (i.e., “Treadmill 
Motion 3”).

(2) Robot movement types: during the field experiments 
aboard the M80 Stiletto, a variety of representative robot 
motions were rigorously tested, outlined as follows: 

	 (i)	 “Sitting”: This motion involved Spot sitting powered 
on, but with the motors idle.

	 (ii)	 “Standing”: These experiments consisted of Spot 
standing still with no joystick inputs, serving as the 
baseline for comparison with other activities.

	 (iii)	 “Walking in Place”: Spot performed stepping 
motions in place to assess changes in its stability 

and performance related to ship movement without 
changing the its position within the testing area.

	 (iv)	 “Walking”: These tests required Spot to walk back 
and forth from the rear to the front of the testing area.

	 (v)	 “Port-Starboard Walking”: these experiments had 
Spot walk back and forth between the ship’s port 
(i.e., left side of the vessel when facing the front) 
and starboard (i.e., right side).

	 (vi)	 “Strafing”: Facing the front of the ship, Spot moved 
laterally from the port to the starboard.

	(vii)	 “Knee-Knocker”: This challenging motion had Spot 
navigating through knee-knockers to evaluate its 
stair-climbing capabilities.

	(viii)	 “Bottle Pick-up”: Simple loco-manipulation tests 
were conducted to determine Spot’s ability to pick 
up a bottle amidst ship motions.

Figures 6 and 7 illustrate various movement tasks performed 
by Spot inside the ship during the field tests.

(3) Sensor setup: We used four inertial measurement units 
(IMUs) equipped with GPS to record the ship’s pose and 
motion. These IMUs captured the wave-induced rotary 
and translational motions of the ship that the robots had to 
navigate during the trials. These sensors were contained in 
waterproof boxes (see Fig. 4c), and rigidly attached to the 
ship (Fig. 4d).

Six GoPro cameras were strategically placed inside the 
ship to capture video data of the robot’s movements from 
various angles. For this testing phase, we chose to use GoPro 

Fig. 6   Examples of Spot’s 
movement types within the 
shipboard testing environment
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cameras instead of conventional optical motion capture sys-
tems, such as those from Vicon and Optitrack, because these 
systems typically require cameras to be mounted on station-
ary bases with minimal movement or vibrations. However, 
the ship used for our tests did not meet this requirement due 
to its significant movement during the experiments. In con-
trast, GoPro cameras are more resilient to base movements 
and vibrations and have been extensively used in human 
sports applications.

The cameras were mounted on the ceiling, deck floor, and 
rails to record both top-down and side views of the robot 
during the tests. Figure 7 showcases images captured by 
these cameras from different perspectives.

(4) Data synchronization: The data returned by different 
sensors were synchronized using different methods. For the 
GoPro cameras mounted on the ship, we displayed GPS time 
on each camera during field tests and used this displayed 
time to synchronize data recording across all external cam-
eras during post-analysis. For external IMUs mounted on 
the ship, GPS data from each IMU were used to synchronize 
data across all IMUs. Spot’s internal sensor data, including 
joint angles, velocity, torques, and foot-ground contact mode 
(on or off), were synchronized automatically through Spot’s 
internal software.

Using these synchronization methods, data from the 
GoPro cameras and external IMUs were synchronized via 
GPS time. These were not synchronized with Spot’s internal 
data, as the proposed analysis does not require synchroni-
zation between these datasets. However, synchronization 
between the two sets could be achieved by identifying dis-
tinct robot behaviors during the tests that both the GoPro 
cameras and Spot’s internal sensors could capture. For 
example, at the start of the field experiments, the robot’s 
initial standing motion caused a notable, sudden change in 
joint torque, captured by Spot’s internal sensors, and this ini-
tial standing event was also recorded by the GoPro cameras.

3.3 � Assessment measures and parameters

(1) Evaluation measures: We developed and implemented a 
set of quantifiable measures to assess the stability and per-
formance of legged locomotion during ground acceleration:

Stability: Stability is an essential performance metric for 
legged robots, indicating how well they can stand, walk, 
and maneuver in environments with non-inertial frames 
such as moving naval vessels, airplanes, and trains. In such 
environments, robots continuously face perturbations from 
the accelerating or rotating ground, which may prevent 
timely recovery. Stability is measured by the robot’s ability 
to remain upright and sustain intended behaviors, such as 
maintaining a stationary posture or following the desired 
path. In this study, a robot is considered unstable if it fails 
to maintain these behaviors and falls towards the ground.

Balance: Alongside stability, balance assesses whether a 
robot can keep its CoM within the support polygon. A legged 
robot’s support polygon is defined as the convex hull formed 
by the ground contact points of the robot’s feet, as illustrated 
in Fig. 8. For locomotion on regular static ground, this poly-
gon represents the area within which the robot’s CoM must 
remain to maintain quasi-static balance. The key metric here 
is the minimum distance from the CoM to the edges of the 
support polygon. The greater this distance, the less likely the 
robot may be to fall, providing a robust indicator of balance.

Body-position tracking accuracy: This measure is often 
used for tasks involving navigation and obstacle avoidance. 
We evaluated the accuracy of the robot’s body position 
by comparing its actual position to the intended position, 
which was a fixed point on the dynamic ground for “Sit-
ting,” “Standing,” and “Walking in Place” robot movements, 
or a continuous three-dimensional (3-D) path within the 
non-inertial environment for path following tasks includ-
ing “Strafing,” “Walking,” and “Port-Starboard Walking” 
robot motions.

Trunk orientation steadiness: For tasks requiring pre-
cise manipulations, such as inspection or maintenance, 

Fig. 7   Images of Spot moving inside the ship captured by GoPro 
cameras. a Combination of robot “Walking” motion with “Under-
way” ship movement, during which the robot fell over to the ground 

as shown in the image. b Combination of the robot’s “Bottle Pick-up” 
motion and the “Underway” ship movement, where the robot success-
fully completed the task. c Robot “Knee-knocker” task
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maintaining a steady trunk is critical. Trunk steadiness was 
evaluated based on the deviation of the robot’s trunk pitch 
and roll angles from the horizontal plane. Excessive trunk 
movement can impair the performance of manipulator arms 
by transferring vibrations to the end-effector.

Joint effort exertion levels: Effective disturbance response 
and stability maintenance require rapid and adequate joint 
torque responses. Moreover, for hardware longevity, keeping 
joint torque exertion within manufacturer-specified limits 
is desirable. This study analyzed the robot’s joint torque 
profiles against these limits to assess effort exertion levels 
during various tasks.

(2) Assessment data: Experiment data was collected using 
both external sensors (such as IMUs and GoPro cameras 
attached to the ship) and onboard sensors within the robots 
(e.g., encoders and IMUs). The joint data, joystick input 
values, and toe contact information were gathered using the 
robots’ onboard sensors, while the robot’s body position, 
trunk orientation, and support polygon were recorded using 
cameras (GoPro cameras for field tests and motion capture 
cameras for in-lab experiments).

The key data utilized to assess the effectiveness of the 
robot systems in addressing non-inertial environments are 
summarized as follows:

Treadmill position and orientation data during in-lab 
tests: The position of motion capture markers placed on 
the treadmill was used to obtain the ground-truth motion of 
the treadmill. This was necessary to verify the accuracy of 
the treadmill’s motions, especially when operating near its 
motion limits.

Joint torque data: Joint torques were directly read from 
the robots’ proprietary software. This data was compared 
across different testing trials and against motor limits to 
determine the effort required for the robots to maintain sta-
bility and remain upright under the continuous and unknown 
perturbations caused by the ground movements.

Contact data: Toe contact data, indicating whether a 
toe is in contact with the ground or airborne, was used to 
determine which legs were providing support at any given 
moment, crucial for identifying the support polygon’s 
position.

CoM position data: The robots’ CoM position was critical 
for evaluating balance. It was measured by the displacement 
of the CoM relative to the support polygon boundary during 
locomotion, using motion capture data from reflective mark-
ers attached to the robot as well as the inertial and geometric 
properties of the robots provided by the manufacturer.

Body position data: The robot’s body position in the non-
inertial environment is defined by the 3-D position of its 
approximate geometric center, calculated from the average 
position coordinates of the trunk’s corners obtained based on 
the motion capture data. The body position data was instru-
mental in assessing the robot’s deviation from its intended 
path within the dynamic environment.

Trunk orientation data: Trunk orientation, calculated 
from external camera data, was used to evaluate how well 
the robots maintained a steady orientation under the pertur-
bations caused by ground motion.

Support polygon data: The support polygon data, required 
for balance assessment, was derived by combining camera 
data, joint angle data, and identified support toes from toe 
contact data.

4 � Testing execution

This section describes the execution of test procedures for 
both the in-lab and field experiments.

4.1 � Controlled in‑lab experiments testing 
procedure

To ensure consistency and efficiency, a specific procedure 
was followed for the controlled in-lab experiments on Vision 
60 and Spot:

Robot preparation: Before each trial, both robots were 
powered on, and initial calibration was conducted to align 
sensors correctly and establish baseline stability. The Kinova 
Gen2 arm was fitted to Vision 60, and the Spot Arm to Spot. 
Desired postures (e.g., extended or folded arm) and motion 
profiles (e.g., standing or walking in place) were pre-pro-
grammed into the robots’ controllers. Each robot was then 
positioned at the center of the treadmill.

Fig. 8   Snapshot examples of the 
support polygon boundary for 
Spot on a moving treadmill
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Treadmill motion execution: The treadmill was pro-
grammed to execute the predefined surface motions  as 
described earlier.  Each test incrementally increased the 
surface motion intensity to simulate progressively challeng-
ing conditions. Motion profiles were maintained for a set 
duration (e.g., 3–5 min) to allow adequate data collection 
and observation of the robots’ long-term stability and per-
formance under the specified conditions.

Data collection and post-processing: Data from all 
required external and onboard sensors were synchronized 
and continuously collected throughout each trial. Post-trial, 
data were reviewed to confirm proper recording and to iden-
tify any anomalies or unexpected behaviors. Subsequent pro-
cessing and analysis focused on key performance metrics, 
as outlined in Sec. 3.3.

Safety constraints: In the controlled laboratory envi-
ronment, comprehensive safety measures were enforced 
to protect both personnel and equipment. Safety precau-
tions included a cage around the testing area, described in 
Sec. 2.2, and emergency stop buttons on the Motek M-Gait 
treadmill that could be easily accessed to halt all motions 
immediately in case of instability or robot failure. Motion 
sensors were installed to prevent close proximity to the 
moving treadmill. Robots were secured to overhead sup-
port frames with elastic safety lines to prevent falls from 
the treadmill during intense movements. Additionally, both 
Vision 60 and Spot were programmed with torque and 
velocity limits on their actuators to automatically prevent 
mechanical overload.

4.2 � Field experiments testing procedure

The field experiments were conducted aboard the M80 Sti-
letto to test Spot’s performance in real-world non-inertial 
environments. The ship’s motion, caused by waves and 
maneuvers, created dynamic conditions that were more 
unpredictable and complex than the controlled in-lab tests. 
The following steps outline the testing procedure for the field 
experiments:

Ship preparation and equipment setup: The testing area 
on the deck of the M80 Stiletto was marked with black tapes 
to define the boundaries of the robot’s movement zone, as 
shown in Fig. 4b. This area provided enough space for for-
ward and lateral walking tests. Six GoPro cameras were 
placed around the testing area to record the robots’ move-
ments from different angles. Cameras were placed on the 
ceiling, deck floor, and rails to capture top-down and side 
views of the robots during the tests.

Sensor synchronization: GPS data was logged to ensure 
accurate time synchronization across all the cameras and 
onboard robot data.

Robot preparation: Prior to the experiment trials, Spot 
was powered on and underwent a calibration process using 

its onboard sensors. The robot was positioned at the center 
of the designated testing area, initially set to remain station-
ary to establish a baseline for stability assessment. Spot’s 
proprietary control system, along with the “Moving Platform 
Mode” designed for stabilizing the robot on shifting grounds, 
was activated to optimize performance in the dynamic ship 
environment.

Execution of ship motions: The ship’s motion was varied 
throughout the trials, starting with the “At Pier” condition 
(where the ship was docked) and progressing to more dynamic 
conditions such as “Underway” (with the ship moving at 10 
knots) and “Sea State” (at 20 knots). The most aggressive tri-
als involved the ship performing sharp “S-curve” maneuvers. 
Each motion profile was maintained for a set period of 3–6 
min to observe how the robots adapted to different levels of 
ship motion intensity.

Execution of robot movements: The robots were com-
manded to perform the movement types as specified in Sec. 
3.2. To avoid the Spot robot from moving overly close to 
nearby operators and to command the robot to perform the 
intended locomotion tasks, the robot took high-level com-
mands, such as moving forward and backward, and faster or 
slower, provided from a joystick operated by the test team.

Data collection and post-processing: The external and 
robot on-board sensors were synchronized using the GPS data, 
and continuously recorded data throughout the trials. After 
each trial, the video footage and sensor data were reviewed to 
ensure proper synchronization and to identify any significant 
events, such as robot falls or instability. Data were processed 
to analyze key performance metrics specified earlier.

Safety constraints: During the field experiments aboard 
the M80 Stiletto, several safety precautions were taken 
to ensure the protection of both the robot and the testing 
personnel. Designated areas for robot testing were clearly 
marked on the deck to prevent personnel from approach-
ing the test area overly closely, and personnel operated the 
robots remotely from a safe distance using joystick controls. 
These precautions were necessary due to the high torque 
spikes observed in the robot’s joints during rapid lateral 
ship movements, which posed potential risks of mechani-
cal failure or uncontrolled movements. The use of joystick 
control also prevented the robot from moving excessively 
close to operators, obstacles, or equipment in the shipboard 
environment.

5 � Results and analysis

5.1 � Summary of statistics and key insights

Throughout this study, comprehensive experiments were 
conducted, both in a controlled laboratory setting and aboard 
the M80 Stiletto naval vessel. The number of trials and the 
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corresponding range of conditions provide an extensive data-
set for analyzing the performance of both Vision 60 and Spot 
under dynamic surface motions.

A total of 80 trials were performed across various tread-
mill settings for each of Vision 60 and Spot during con-
trolled in-lab experiments, as listed in Table 4. Each com-
bination of robot movement types and treadmill motion 
types was tested in 5–10 trials. These trials encompassed 
motion profiles ranging from mild swaying to aggressive 
pitching and lateral movements, as detailed in Sec. 3. Each 
robot underwent testing for at least 60 s across various tasks. 
However, some experiments with Spot were cut short due to 
the instability of the robot system, leading to unsafe condi-
tions. Consequently, the number of trials for Spot differed 
from those for Vision 60. Out of the total 80 tests, 64 trials 
were successfully conducted with Spot, while it failed in the 
remaining 16 trials.

A total of 42 trials were conducted aboard the M80 Sti-
letto to assess performance during various ship motions. 
These trials were categorized into different types of ship 
movement, including “At Pier,” “Underway,” “Sea State,” 
and “S-Curves.” Each trial lasted between 2 and 5 min.

Overall, Vision 60 performed more consistently across 
controlled in-lab experiments. Compared to Spot, it exhibited 
lower peak joint torques, more accurate body-position tracking, 
and better balance management, particularly during aggres-
sive treadmill motions. Compared to Vision 60, Spot strug-
gled more with maintaining stability under aggressive tread-
mill motions, and its joint torques were consistently higher. 
These insights set the stage for a more detailed analysis of 
the robots’ performance, including joint torque comparisons, 

body-position tracking results, and balance maintenance across 
different conditions.

Between the controlled in-lab experiments and the ship-
board tests, we observed that the robot failed more frequently 
in the lab than in the field. However, during the walking-in-
place locomotion task without the arm deployed, the range 
of Spot’s position on the ship was significantly larger than on 
the treadmill.

5.2 � Observation 1: Limitations of current 
commercial systems in shipboard environments

Our experiments reveal that current commercial quadruped 
systems, such as Vision 60 and Spot, are not fully capable of 
performing locomotion and manipulation tasks effectively in 
dynamic shipboard environments. A critical factor contribut-
ing to this limitation is the inability of these robots to effec-
tively reject the disturbances induced by the unknown ground 
motions (Fig. 9).

(1) Stability: Overall, Spot experienced more frequent fail-
ures in the lab than in the field. Out of the 80 in-lab trials, Spot 
failed in 16 trials. In contrast, out of the total of 42 field trials, 
Spot failed once and fell to the ground during the “Walking” 
robot motion and the “Underway” ship movement, as shown 
in Fig. 4a. Figure 10 displays the snapshots of Spot struggling 
to maintain walking stability on the treadmill, while Fig. 11 
shows a trial where Spot was able to sustain stable walking. 
The difference in failure rates between lab and field tests may 
be attributed to the greater intensity of the treadmill motion 
that caused most of Spot’s failures (i.e., “Treadmill Motion 
2”) compared to the ship motion, which is approximately rep-
resented by “Treadmill Motion 3.” “Treadmill Motion 2” had 
larger amplitudes and higher frequencies in both pitch and 
sway directions than “Treadmill Motion 3.” This comparison 
suggests that more aggressive ground motions, such as those 
simulated by “Treadmill Motion 2,” can be more likely to 
induce instability in the robot.

In contrast, Vision 60 maintained stable walking across all 
controlled in-lab tests without falling over to the surface of 
the treadmill. Figure 12 illustrates Vision 60 walking on the 
treadmill with its end-effector commanded to track the fiducial 
marker rigidly attached to the treadmill post.

(2) Distance between CoM and support polygon bound-
ary: The balance of a quadrupedal robot is heavily influ-
enced by the relationship between the CoM and the sup-
port polygon, as mentioned earlier. Figures 13 and 14 show 
the box plots of the average values of the CoM distance 
from the support polygon boundary for Spot and Vision 

Table 4   Number of trials per experimental set during in-lab tests

Experiment type Treadmill motion Number of trials

Vision 60 Spot

Baseline No motion 5 5
Just Arm DRS Motion 1 5 5

Motion 2 5 5
Motion 3 5 5

Just Body DRS Motion 1 10 5
Motion 2 10 8
Motion 3 10 6

Both DRS Motion 1 10 10
Motion 2 10 5
Motion 3 10 10

Fig. 9   Snapshots of Spot strug-
gling to maintain balance inside 
the moving Stiletto ship
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60, respectively. For the box plots, the smaller the distance 
between the CoM and the support polygon boundary, the 
more likely the robot system might lose balance. If the 
distance reaches 0, it means that the CoM has reached the 
support polygon’s boundary, indicating that the robot is 
likely close to falling over.

The box plots shown in Figs. 13 and 14 are generated 
using the MATLAB function ‘boxplot.’ The whiskers in 
the box plots represent the data that lies outside the 25th 
and 75th percentiles but are not considered outliers. Let W 
denote the multiplier whisker. The value of W determines 
which data points are considered outliers, based on the 
following criteria: Data Point> Q3 +W(Q3 − Q1) or Data 
Point> Q1 −W(Q3 − Q1) , where Q1 and Q3 are the 25th 
and 75th percentiles of the data, respectively. With W = 0 , 
there would be no whiskers, and every point outside Q1 
and Q3 would be considered as an outlier. The default 
setting of W in MATLAB is W = 1.5 , which corresponds 
to approximately 99.3% coverage if the data are normally 
distributed. For all the box plots in this paper, we used a 
whisker multiplier value of W = 15 to further reduce the 
number of outliers compared to the default setting.

Vision 60 vs. Spot: Overall, in most experiments, Vision 
60 performed better than Spot in maintaining a larger CoM 
distance from the support polygon edges. From the “base-
line” box plots in Figs. 13 and 14, which represent tests with 
no treadmill motion, we observe that Vision 60’s median 
CoM distance from the support polygon edge was approxi-
mately 72 mm, with a small interquartile range (IQR)-the 
range between the 25th and 75th percentiles. Spot 60 main-
tained a similar median distance for its baseline case, also 
with limited variability. This suggests both robots main-
tained a similarly balanced gait when the treadmill was 
stationary.

The remaining box plots in the two figures correspond to 
tests with treadmill motion. These plots indicate that Spot’s 
median CoM distances from the support polygon boundary 
ranged between 57 and 73 mm, while Vision 60’s median 
values ranged between 72 and 78 mm. Additionally, Vision 
60’s IQR values ranged between 1 and 5 mm, while Spot’s 
IQR ranged between 5 and 17 mm. This comparison under 
moving treadmill conditions highlights that, compared to 
Spot, Vision 60 demonstrated a larger and more consistent 

Fig. 10   Snapshots of Spot struggling to maintain balance on an accelerating and rotating treadmill. The yellow and red arrows show the tread-
mill’s sway and pitch directions, respectively (color figure online)

Fig. 11   Snapshots of Spot walking on treadmill without falling. The yellow and red arrows indicate the treadmill’s sway and pitch directions, 
respectively (color figure online)

Fig. 12   Snapshots of V60 walking on treadmill without falling. The yellow and red arrows indicate the treadmill’s sway and pitch directions, 
respectively (color figure online)
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balance margin across various motion types during in-lab 
experiments.

Furthermore, to more clearly show the CoM distance 
comparison between the two robots, Table 5 summarizes 
the average and standard deviation of the CoM distance for 
each test case shown in the box plots in Figs. 13 and 14. 

Comparing the average CoM distance between Vision 60 
and Spot across all cases, we can see that the two robots 
kept a similar distance when the treadmill is stationary (i.e., 
under the baseline case), which is also revealed in the box 
plots. However, across all the rest test cases during tread-
mill motions, Vision 60 consistently achieved a longer CoM 

Fig. 13   Spot’s CoM distance from the support polygon boundary during in-lab experiments. The x-axis indicates the robot and treadmill motion 
types as described in Sec. 3.1 (e.g., “BothDRS_Motion3” refers to the “Both DRS” robot motion during “Treadmill Motion 3”)

Fig. 14   Vision 60’s CoM distance from the support polygon boundary during in-lab experiments. The x-axis indicates the robot and treadmill 
motion types as described in Sec. 3.1 (e.g., “BothDRS_Motion3” refers to the “Both DRS” robot motion during “Treadmill Motion 3”)
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distance from the support polygon edges, by a margin rang-
ing from 1.6 to 17.4 cm and with an average difference of 
7.1 cm. Also, Vision 60’s standard deviation of the CoM dis-
tance for each case is consistently and significantly smaller 
than Spot, by a factor ranging between 1.9 and 16.4 cm, 
indicating that Vision 60’s balance maintaining capability 
is more consistent than Spot.

Impact of treadmill motions on balance: Those figures 
also illustrate that more abrupt treadmill motions may 
cause more extreme variations in the CoM distance from 
the support polygon. It would appear that Vision 60 had 
better control over its CoM than Spot during the majority of 
experiments, except for the “Both” robot movement during 
“Treadmill Motion 2.” However, most of Spot’s failed exper-
iment trials also occurred during the experiment set with 
the “Both” robot motion and “Treadmill Motion 2.” Both 
robot systems performed the best during “Treadmill Motion 
3” compared to the other two treadmill motions across all 
experiment types. This is potentially due to the relatively 
mild average motion of “Treadmill Motion 3” among the 
three treadmill motions tested.

(3) Body trajectory tracking accuracy: The accuracy of 
body-position trajectory is a key indicator of the robot’s sta-
bility and ability to perform precise path following tasks.

Vision 60 vs. Spot: During the in-lab experiments, Vision 
60 demonstrated a higher body-position trajectory accu-
racy compared to Spot, as shown in the box plots in Figs. 15 
and 18. During the in-lab tests, Spot was programmed to 
place the end-effector right in front of the fiducial marker 
attached to the treadmill post. The location of the fiducial 
marker was sensed by Spot’s trunk camera. The “Baseline” 
x- and y-displacements of Spot’s body were between −100 
and 150 mm and −150 and 100 mm, respectively, while the 
largest absolute deviations in x- and y-directions were both 
around 600 mm for the rest of the test trials. In contrast, 

Vision 60’s maximum absolute deviations in the x- and 
y-directions were 300 mm and 350 mm, respectively, which 
were both substantially smaller than Spot.

Figures 16, 17, 19, and 20 highlight the significantly 
greater body-position drift of Spot on the treadmill com-
pared to Vision 60. The intended performance goal for the 
experiments shown in these figures was for each robot to 
step in place on the treadmill, keeping its trunk/body at a 
fixed location relative to the treadmill and maintaining its 
wrist position to accurately follow the marker attached to the 
treadmill’s post. The robot’s desired fixed body position is its 
initial location, marked as a red dot in each figure.

Figures 16 and 17 clearly show that Spot’s trunk devi-
ated significantly from its desired (initial) body position, 
with maximum deviations of approximately 50 cm and 
30 cm in the x- and y-directions, respectively. This level of 
body-position tracking accuracy is inadequate for real-world 
tasks that require the robot to maintain a steady location on 
a moving platform (e.g., a ship) to perform manipulation 
tasks.

Table 5   Comparison of CoM distance from the support polygon 
edge during in-lab experiments

Test name Spot: average (stand-
ard deviation) [cm]

Vision 60: average 
(standard deviation) 
[cm]

Baseline 72.37 (3.22) 72.71 (0.61)
BothDRS_Motion 1 68.35 (5.93) 76.60 (2.40)
BothDRS_Motion 2 67.50 (7.00) 75.14 (3.29)
BothDRS_Motion 3 70.42 (4.29) 75.70 (1.77)
JustArmDRS_Motion 1 59.02 (10.08) 76.40 (2.49)
JustArmDRS_Motion 2 66.09 (6.73) 74.43 (3.56)
JustArmDRS_Motion 3 67.06 (5.41) 74.86 (1.86)
JustBodyDRS_Motion 1 70.91 (4.49) 72.51 (1.33)
JustBodyDRS_Motion 2 70.24 (4.69) 72.49 (2.18)
JustBodyDRS_Motion 3 71.29 (3.09) 76.80 (0.97)

Fig. 15   Spot’s body-position errors during in-lab experiments. 
The x-axis labels indicate the robot and treadmill motion types as 
described in Sec. 3.1 (e.g., “BothDRS_Motion3” refers to the “Both 
DRS” robot motion during “Treadmill Motion 3”)
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Additionally, the wrist trajectories in these plots reveal 
a lack of tracking accuracy. Since the marker that the wrist 
should follow is fixed to the treadmill, the wrist position 
should ideally remain stationary in the plots. Instead, the 
wrist shows similarly poor tracking accuracy as the body 
position. Due to the kinematic coupling between the wrist 
and body, the wrist position is directly influenced by the 
body position. Therefore, high body-position tracking 
accuracy is essential for precise hand-position tracking on a 
moving surface. Inaccuracies in body-position tracking can 
propagate to other parts of the robot (Fig. 18).

Figures 19 and 20 present the body and wrist positions for 
the Vision 60 robot. Comparing these figures with Figs. 15 

and 16, we observe that Vision 60’s body-position tracking 
error is notably smaller than Spot’s during in-lab experi-
ments. Specifically, the maximum body-position deviations 
from the start point are approximately 30 cm and 20 cm in 
the x- and y-directions, respectively. This comparison high-
lights that Vision 60 achieves more consistent and accurate 
body-position tracking than Spot during in-lab experiments.

In-lab vs. field test results: Both in-lab and field tests 
revealed that more aggressive ground motion leads to 
greater body-position drift. For the in-lab tests, “Tread-
mill Motion 2” was the most intense, while in the field, 
the “S-Curve” motion was the most aggressive. The largest 

Fig. 16   Spot’s in-lab tests with 
the largest x-displacement 
standard deviation. The legend 
label “wrist pos” refers to the 
position of the robot’s wrist

Fig. 17   Spot’s in-lab tests with 
the largest y-displacement stdev. 
The legend label “wrist pos” 
refers to the position of the 
robot’s wrist
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body-position drift during walking tasks occurred under 
these conditions.

The walking-in-place (WiP) motion without arm move-
ment was the most comparable task for Spot between lab 
and field tests. As shown in Fig. 21, during the shipboard 
“WiP*-P” tests, with the ship at the pier experiencing mini-
mal motion, Spot’s x-position range was approximately 
15 cm, comparable to the 20 cm range in the in-lab base-
line test. However, under the most aggressive ship motion, 
the “S-Curve,” Spot’s maximum position range exceeded 
150 cm in the x-direction and 120 cm in the y-direction, as 
shown in Fig. 21. In contrast, the maximum range for in-lab 
tests occurred during “Treadmill Motion 2,” with a posi-
tion range of 60 cm in both directions, as shown in Fig. 14. 
Despite having a smaller range of drift during “Treadmill 
Motion 2,” Spot experienced more frequent failures during 
this condition than in any shipboard test.

This discrepancy could be due to the fact that, in some 
in-lab tests, Spot quickly diverged and was stopped for safety 
before reaching excessively high body velocity and accel-
eration. This may explain why Spot failed more frequently 
in the lab but exhibited a smaller y-range of body position 
compared to the field tests. Additionally, the x and y body-
position ranges in the field tests were measured using GoPro 
cameras, which may have limited accuracy.

Influence of ship motion on tracking accuracy: Figure 21 
depicts Spot’s actual body-position trajectories during the 
field tests. The abbreviations used in the two figures are 
explained in Table 6. During the field tests, it was observed 
that the body-position tracking accuracy generally degraded 
as the ship motion worsened, with and without the arm 
deployed, in both the forward and lateral directions. For 
instance, during the “Walking in Place” experiments, the “At 

Fig. 18   Vision 60’s body-position errors during controlled in-
lab experiments. The x-axis indicates the robot and treadmill motion 
types as described in Sec. 3.1 (e.g., “BothDRS_Motion3” refers to the 
“Both DRS” robot motion during “Treadmill Motion 3”)

Fig. 19   Vision 60 in-lab 
experiment with the largest 
x-displacement standard devia-
tion. The legend label “wrist 
pos” refers to the position of the 
robot’s wrist
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Pier” tests had the smallest position range, the “Underway” 
experiment was larger, then the “Sea State” range was larger, 
and the “S-Curves” had the largest. Figure 9 illustrates the 
scenarios where Spot failed to reliably track the desired body 
trajectory inside a moving ship. In subplot a, the ship motion 
was “S-Curve” with a maximum ship speed at 20 knots, 
during which the robot was not able to perform walking in 
place at a fixed location inside the ship. In subplot b, the ship 
was moving along a box path during the “Underway” ship 
motion with a maximum speed of 10 knots, where the robot 
failed to walk along the long center line of the rectangular 
walking area.

Summary: The data clearly indicate that both Vision 
60 and Spot struggled to follow the desired body-position 
trajectories during aggressive ground motions. This lack 
of tracking accuracy can compromise their ability to reli-
ably perform real-world inspection and manipulation tasks, 
especially under extreme lateral or pitching motions of the 

ground. While Vision 60 performed better in terms of body-
position tracking accuracy, neither system was fully capable 
of maintaining sufficiently low tracking errors, highlighting 
the need for more advanced control algorithms and mechani-
cal designs for shipboard operations.

(4) Trunk orientation steadiness: Overall, in controlled in-
lab environments, Vision 60 and Spot exhibited similar trunk 
roll and pitch steadiness with respect to the inertial world 
frame. Also, compared to the “Baseline” experiments, the 
trunk orientation varied more substantially for both robots 
during the rest of the experiments, indicating the adverse 
effects of ground motions on the trunk steadiness for both 
robots.

Figures 22 and 23 depict the box plots of the two robots 
during all in-lab experiment trials excluding the failure trials 
of Spot where the robot movements were terminated due to 
aggressive behaviors caused by loss of balance. Compared to 
Spot, Vision 60 had a slightly larger range of the average roll 

Fig. 20   Vision 60 in-lab 
experiment with the largest 
y-displacement standard devia-
tion. The legend label “wrist 
pos” refers to the position of the 
robot’s wrist

Fig. 21   Spot’s body positions 
in the forward x- and lateral 
y-directions during field experi-
ments as recorded from a GoPro 
camera. The x-axis label of 
the plots indicates the robot 
motion and ship motion types as 
described in Table 6
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angle values, but slightly smaller ranges of the average pitch 
and yaw angle values. However, Vision 60 had a smaller 
range of overall values for roll, pitch, and yaw angles. For 
both systems, “Treadmill Motion 2” had some of the larg-
est ranges of overall and average values, due to the most 
aggressive ground motions among the three tested treadmill 
motions. It was observed that Vision 60 typically tended to 
orient its trunk as close as possible to be normal to the direc-
tion of gravity even when ascending or descending ramps. 

Also, Vision 60’s step frequency tended to increase when 
ascending ramps and decrease when descending ramps. This 
behavior was observed during our reported experiments 
where the treadmill was essentially a swaying ramp with a 
varying pitch angle.

Specifically, across all experiments, the average values 
of Spot’s trunk orientation ranged from −0.025 to 0.05 rads, 
−0.05 to 0.1 rads, and −0.2 to 0.25 rads for roll, pitch, and 
yaw, respectively. Across all experiments, the average val-
ues of Vision 60 ranged from −0.075 to 0.025 rads, −0.075 
to 0.05 rads, and −0.1 to 0.25 rads for roll, pitch, and yaw, 
respectively.

5.3 � Observation 2: Joint torque comparison: Vision 
60 versus Spot

Joint torque is a critical metric for evaluating how well a 
robot can maintain stability and perform locomotion tasks, 
particularly in dynamic environments. It reflects the amount 
of effort exerted by the robot’s actuators to maintain bal-
ance, compensate for surface motion, and execute gait or 
manipulation tasks.

Table 6   Spot’s Stiletto plot abbreviations for Fig. 21

Abbreviation Meaning

St Standing
WiP Walking-in-place
Wa Walking
Sr Strafing
wA With Arm
* Walking platform mode on
-p At Pier
-U Underway
-SS Sea State
-SC S-Curves

Fig. 22   Spot’s trunk orienta-
tions during controlled in-lab 
experiments. The x-axis indi-
cates the robot and treadmill 
motion types as described in 
Sec. 3.1. The words “Legs,” 
“Arm,” and “Both” refer to the 
“Just Body DRS,” “Just Arm 
DRS,” and “Both DRS” robot 
motions, respectively. The num-
bers “1,” “2,” and “3” represent 
“Treadmill Motion 1,” “Tread-
mill Motion 2,” and “Treadmill 
Motion 3,” respectively

Fig. 23   Vision 60’s trunk 
orientations during controlled 
in-lab experiments. The x-axis 
indicates the robot and treadmill 
motion types as described in 
Sec. 3.1. The words “Legs,” 
“Arm,” and “Both” refer to the 
“Just Body DRS,” “Just Arm 
DRS,” and “Both DRS” robot 
motions, respectively. The num-
bers “1,” “2,” and “3” represent 
“Treadmill Motion 1,” “Tread-
mill Motion 2,” and “Treadmill 
Motion 3,” respectively
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In both Vision 60 and Spot, the leg joints comprise the 
hip, knee, and abductor joints, as shown in Fig. 2a, and are 
responsible for maintaining stability and position tracking 
accuracy. These joints are subjected to varying levels of 
torques based on the intensity of the surface motions and 
the complexity of the locomotion tasks. By analyzing the 
joint torques, we can gain insights into how efficiently each 
robot compensates for disturbances and how much mechani-
cal strain each robot experiences under dynamic conditions. 

The box plots of Spot’s and Vision 60’s joint torques 
across all in-lab experiment trials are shown in Figs. 25 
and 26, as well as all field tests for Spot in Fig. 24.

(1) In-lab joint torque analysis: Vision 60 exhibited a 
more controlled and consistent torque response across the 
experiments, compared to Spot. Vision 60 experienced lower 
maximum torques and a smaller range of torques than Spot, 
but slightly higher average values. This can especially be 
seen in the knee values; Spot had longer upper whiskers 
while Vision 60 had longer lower whiskers. Spot’s “Walk-
ing in Place” knee torque averages were between 5 and 40 
Nm, while Vision 60’s were between 30 and 50 Nm. Vision 
60 was heavier than Spot, which may explain Vision 60’s 
higher torque averages, but Spot’s higher torque maximums 

may be attributed to lower performance in maintaining sta-
bility. With higher maximum values of the actual torque 
signals commanded by a controller, the chance of motor 
failure from either robot increases, which in turn increases 
the chance of losing stability. This may explain why Spot 
experienced failed tests during experiments that used the 
aggressive “Treadmill Motion 2,” which induced the most 
substantial disturbances among the three tested treadmill 
motion profiles.

(2) In-lab vs. field test results: Compared to the field 
experiments, Spot had lower overall knee torque values 
and higher abductor torque values during the in-lab experi-
ments. The higher knee torque values during field experi-
ments could be due to the wave swells and varying g-forces 
that were experienced by the robot during ship motions, but 
were significantly smaller during the in-lab experiments 
due to the robots experiencing much smaller linear vertical 
ground motions. The higher abductor torque values during 
in-lab experiments, as compared to the field experiments, 
could likely be attributed to the increased side-side ground 
movements that Spot endured during the in-lab experiments.

There were trends that were seen in the torque data 
from both field and in-lab experiments. The knee joints 

Fig. 24   Joint torques from 
Spot’s “Port-Starboard” field 
experiments. The x-axis labels 
indicate the robot and ship 
motion types. “Sf” and “WS” 
refer to the “Strafing” and 
“Port-Starboard” robot motions, 
respectively. “̂2,” “3,” and “4” 
represent “Underway,” “Sea 
State,” and “S-Curve” ship 
motions, respectively. The sym-
bol “*” indicates the “Moving 
Platform Mode” is on

Fig. 25   Spot’s joint torques 
from in-lab experiments. The 
x-axis indicates the robot 
and treadmill motion types 
as described in Sec. 3.1. The 
words “Body,” “Arm,” and 
“Both” refer to the “Just Body 
DRS,” “Just Arm DRS,” and 
“Both DRS” robot motions, 
respectively. The labels “Mo1,” 
“Mo2,” and “Mo3” represent 
“Treadmill Motion 1,” “Tread-
mill Motion 2,” and “Treadmill 
Motion 3,” respectively
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consistently experienced the highest torques among all 
joints. This phenomenon was likely due to the knee joints 
bearing the brunt of mechanical stress during locomotion, 
especially in dynamic activities such as those simulated on 
treadmills. Furthermore, the aft leg joints registered higher 
torques compared to the front leg joints.

(3) Impact of arm deployment on torque exertion level: 
Similar to Spot, during the controlled in-lab tests on Vision 
60, the robot was evaluated both with and without its arms 
deployed. The torque data from these tests revealed that the 
use of the arm resulted in higher hip torque values in the 
front leg joints and increased knee torque values in the aft 
leg joints. This pattern suggests that deploying the arm alters 
the robot’s dynamics, increasing load and stress on specific 
joints to compensate for the shifted CoM and the additional 
kinetic forces during arm movement. Interestingly, despite 
these variations in specific joint torques, the overall torque 
values and averages across different test sets were similar 
whether the arm was deployed or stowed. This consistency 
is likely due to Vision 60’s considerably heavier total mass 
compared to the mass of its arm. Although the arms of both 
Vision 60 and Spot have similar masses (approximately 
5 kg), Vision 60’s total weight is notably greater than Spot’s. 
The relatively lighter arm in comparison to the heavier body 
may explain why the arm’s motion had only a mild effect on 
Vision 60’s behavior, whether the arm was attached or not.

(4) Effects of torque limit violation on robot stability: 
Exceeding the peak torque limits, even briefly, poses chal-
lenges for robot control. It can lead to motor overheating, 
reduced control precision, and jerky or unstable robot move-
ments. To illustrate how higher torques impact Spot’s per-
formance compared to Vision 60, we calculated the percent-
age of time during which at least one of the robot’s joint 
torques exceeded 80% and 100% of the peak joint-motor 
torque limits over each experiment’s entire test period. 
The results show that Vision 60 did not even exceed the 
80% peak torque limits in any test trial. In contrast, Spot 
exceeded 80% of the peak torque limits in seven test cases: 

“spot_baseline,” “Both_Motion1,” “Both_Motion2,” “Both_
Motion3,”“JustBody_Motion1,” “JustBody_Motion2,” and 
“JustBody_Motion3,” as summarized in Fig. 27. The asso-
ciated time percentages of exceeding the 80% torque limit 
ranged from 0.13% to 1.43%, respectively. Except for the 
baseline case of “spot_baseline,” all the other six cases also 
showed nonzero percentages of time exceeding the 100% 
peak torque limits.

Fig. 26   Vision 60’s absolute 
joint torques from in-lab experi-
ments. The x-axis indicates 
the robot and treadmill motion 
types as described in Sec. 3.1. 
The words “Body,” “Arm,” and 
“Both” refer to the “Just Body 
DRS,” “Just Arm DRS,” and 
“Both DRS” robot motions, 
respectively. The labels “Mo1,” 
“Mo2,” and “Mo3” represent 
“Treadmill Motion 1,” “Tread-
mill Motion 2,” and “Treadmill 
Motion 3,” respectively

Fig. 27   Percentage of the entire time period of each experiment case 
during which at least one of Spot’s joint torques exceeds 80% (blue) 
or 100% (red) of the peak joint-motor torque limits  (color figure 
online)
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In Fig. 27, we also observe that in cases where only the 
arm moved while all four legs maintained contact with the 
moving treadmill (i.e., “JustArm_Motion1,” “JustArm_
Motion2,” and “JustArm_Motion3”), the robot did not 
exceed the torque limits. This may be because the larger 
support polygon in these scenarios makes it easier for the 
controller to maintain balance. By contrast, in tests where 
Spot took steps (i.e., the six cases listed earlier), the time 
percentages of torque limit violations were all nonzero, with 
the highest percentages occurring during the most aggres-
sive treadmill motion, “Treadmill Motion 2.”

Moreover, comparing torque limit violation percentages 
across all cases, we see that failure cases have significantly 
higher percentages of torque limit violations than success 
cases, as shown in Fig. 28. This suggests that the more fre-
quent torque limit violations may have contributed to Spot’s 
higher failure rate compared to Vision 60 during in-lab tests.

5.4 � Discussions

(1) Primary causes of the identified performance gaps: The 
unsatisfactory performance of Vision 60 and Spot can be 
fundamentally attributed to the underlying assumption in 
their control systems that the ground remains stationary in 
the Earth’s inertial frame. Although the proprietary details 
of these control systems are not disclosed to the research 
community, the assumption of a static ground has long been 
prevalent in the control of ground robots, including legged 
robots. This assumption influences dynamics modeling, state 
estimation, control, and motion planning. Without explicit 
consideration, surface motion acts as persistent and continu-
ous perturbations to the robot’s control systems, making it 
difficult for existing approaches to manage these perturba-
tions effectively.

The precise effects of surface motion on the controller 
can be understood through dynamic models of a legged 
robot walking on a rigid surface that is either significantly 
heavy or rigidly actuated (e.g., vessels or airplanes). Our 
previous work (Iqbal et al., 2020) proposed such a dynamics 
model. During a continuous phase where some legs maintain 
ground contact while the others swing in the air, the robot’s 
dynamics can be modeled using Lagrange’s method, result-
ing in second-order, nonlinear differential equations. This 
model indicates that the holonomic constraints formed at 
the robot-ground contact area are explicitly time-varying, 
rather than time-invariant, which fundamentally changes the 
time-variance property of the robot’s dynamics associated 
with locomotion on static terrains. Without explicit treat-
ment, surface motion induces significant modeling errors, 
leading to performance degradation in controllers designed 
based on static ground assumptions. Beyond continuous-
phase dynamics, surface motion also impacts other com-
ponents of the robot’s dynamics. Specifically, the discrete 
dynamics, which describe how the robot’s state evolves 
across leg-landing events, become explicitly time-varying, 
contrasting with the time-invariant nature of robot dynamics 
during walking on static ground. Furthermore, the switching 
surface, which is a hypersurface describing the condition 
of transition between the continuous phases and discrete 
events, also shifts from being time-invariant to explicitly 
time-varying during surface motion.

(2) Effects of CoM height on stability and performance: 
A lower CoM height may be advantageous for stability 
and overall performance during ground motion. For legged 
robots, a lower CoM typically corresponds to more heavily 
bent knees. Our prior findings (Gu et al. 2015) indicate 
that, under the same joint torque limits, more heavily bent 
knees can lead to higher dynamic CoM manipulability. 
This means that the robot has a greater range of possible 

Fig. 28   Percentage of the entire time period of each experiment 
case  during which at least one of Spot’s joint torques exceeds the 
peak torque limits over: all tests within each experiment case (blue), 
all failure tests within each experiment case (red), and all success 
tests within each experiment case (green) (color figure online)
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CoM accelerations it can achieve immediately, without 
violating ground-contact constraints (e.g., avoiding foot 
slippage and rolling). Enhanced CoM manipulability can 
improve disturbance rejection, as it can allow the robot to 
react more effectively to maintain balance and optimize 
performance.

During the reported tests, Vision 60 indeed maintained 
a lower average CoM height compared to Spot, with both 
robots controlled by their respective proprietary systems. 
This difference likely contributed to Vision 60’s bet-
ter balance performance compared to Spot. Specifically, 
Spot’s average walking height was 61 cm, while V60’s was 
approximately 42 cm.

(3) Future research directions on legged robot control: 
While some control approaches that explicitly address 
ground motion for reliable locomotion performance have 
been proposed, as summarized in the introduction, the 
locomotion control problem remains largely underexplored 
for non-inertial environments. First, to manage unknown 
surface motions, surface motion estimation could poten-
tially be integrated with robust control methods (e.g., Iqbal 
et al. 2023) to enhance locomotion robustness without 
inducing excessive joint torques. Second, for data-driven 
approaches, incorporating surface motion into algorithm 
training could improve the algorithm’s robustness to vary-
ing surface conditions. Finally, another key open ques-
tion is state estimation in environments such as indoor 
shipboard settings where sensors such as GPS may not 
function well and there are no fixed landmarks attached to 
a stationary ground.

(4) Future research directions on legged robot test-
ing: Future investigations will aim to broaden the scope 
of our field testing for legged robots by incorporating 
a diverse array of ships. Since the disturbances experi-
enced on smaller vessels differ significantly from those 
on larger ships in identical ocean conditions, this diver-
sity will allow for a more comprehensive assessment of 
robotic stability and functionality across different mari-
time platforms. Furthermore, enhancing the data collec-
tion setup during these field tests would be meaningful. 
Improvements will include upgrading our camera systems 
to capture higher quality data on robot trunk position, as 
well as acquiring more precise measurements of the CoM 
and support polygon. Although setting up motion capture 
cameras on a ship presents challenges, we intend to use 
high-resolution cameras equipped with wide-angle lenses, 
replacing the fisheye cameras previously employed, to 
ensure superior data integrity and reliability.

6 � Conclusion

This study provided an in-depth evaluation of commercial 
quadruped robots, specifically the Ghost Robotics Vision 60 
and Boston Dynamics Spot, in dynamic naval environments. 
Our findings highlighted the robots’ capabilities and limita-
tions in maintaining locomotion stability and performance 
under challenging conditions. Despite the robots’ potential, 
consistent performance was lacking in highly dynamic sce-
narios. This points to the need for advanced control strat-
egies in order to improve their operational reliability in 
unpredictable non-inertial settings involving accelerating or 
rotating ground. Another important future research direction 
is to enhance standardized benchmarking for legged robots 
in various real-world non-inertial environments with com-
prehensive, high-precision data collection.
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