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Fig. 1: We tested the passability of the quadruped robot in more than 20 kinds of 3D complex environments, indoor and
outdoor, without any external sensing devices such as radar, camera, etc., and our method showed good performance. In the
lower part of the image is an example of a quadruped robot traversing highland. It is worth noting that the obstacles are
unstructured and the robot can still traverse normally.

Abstract— Traversing 3-D complex environments has always
been a significant challenge for legged locomotion. Existing
methods typically rely on external sensors such as vision
and lidar to preemptively react to obstacles by acquiring
environmental information. However, in scenarios like nighttime
or dense forests, external sensors often fail to function properly,
necessitating robots to rely on proprioceptive sensors to perceive
diverse obstacles in the environment and respond promptly.
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This task is undeniably challenging. Our research finds that
methods based on collision detection can enhance a robot’s per-
ception of environmental obstacles. In this work, we propose an
end-to-end learning-based quadruped robot motion controller
that relies solely on proprioceptive sensing. This controller can
accurately detect, localize, and agilely respond to collisions in
unknown and complex 3D environments, thereby improving the
robot’s traversability in complex environments. We demonstrate
in both simulation and real-world experiments that our method
enables quadruped robots to successfully traverse challenging
obstacles in various complex environments. The videos and
appendix can be found at Quad-Traverse-Go2.github.io

I. INTRODUCTION

The natural environment is extraordinarily complex, char-
acterized by unstructured obstacles in three-dimensional
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spaces. Humans and animals rely on their robust limbs and
perception to navigate through complex environments by
running and altering their body postures. However, both
humans and animals have a limited field of vision, yet
our limbs can move well beyond our visual perception
range. When limbs move beyond the visual range or in
environments where visual perception is ineffective (such
as at night or in dense forests), perceiving environmental
obstacles through proprioception becomes crucial. Designing
a controller for robots that can navigate locomote through
complex 3D environments and effectively avoid obstacles
without relying on visual or lidar like external sensors
presents a significant challenge.

In practical situations, humans can rely on the sense of
touch to detect the presence of obstacles around them. In
robotic systems, this capability is referred to as collision
detection. By relying on collision detection, robots can per-
ceive unknown obstacles and guide their limbs movements.
Ensuring that robots can effectively detect and respond
to collisions not only enhances their autonomy but also
ensures safety in interactions and operations within these
unpredictable environments.

For quadruped robots, perceiving obstacles in complex
three-dimensional environments poses a challenge. It re-
quires three phases: detecting collisions, perceiving poten-
tial obstacles through the collisions, and replanning actions
accordingly. Most mature collision detection and isolation
methods[1] are designed for fixed-base robotic arms[2], [3],
[4], [5], based on models or preset thresholds. Their primary
aim is to halt the robotic arm in emergency situations to
protect the operated object, the robot, or human safety. How-
ever, these conventional methods are incapable of sensing
potential obstacles generated from collisions, thus failing to
redirect the robot’s motion planning. Currently, end-to-end
quadruped robot controllers based on reinforcement learning
perceive complex terrains through proprioception, yet such
methods are limited to terrain perception and do not extend
to challenging obstacle perception[8], [9], [21], [22], [23].
Recently, some studies have used reinforcement learning to
train quadruped robots for extreme parkour[31], [32], [24],
[25], [26], [27], navigating through complex obstacles in
three-dimensional spaces. However, these studies rely on
external sensors, such as cameras, and have not proposed
a solution that relies solely on proprioceptive sensing.

A. Related Works

Existing collision detection methods can be primarily
classified into model-based methods or model-free methods.
[2], [3], [4], [5] detect collision by comparing the estimated
torques with predefined threshold. Among these, [2] proposes
a momentum-based disturbance observer method. In com-
parison to the GM(generalized momenta-based) method, the
MESO (modified extended state observer) method introduced
by [5] demonstrates improved collision force estimation
under similar noise levels in practical systems. Both methods
can locate the robot link with collision and provide direc-
tional information on the Cartesian collision force. However,

in practical robot applications, these model-based methods
require high precision in the robot’s model and are sensitive
to disturbances and loads.

During the collision isolation phase [1], achieving more
accurate localization of collision points/contact points relies
on external sensors, such as those based on acoustics [6]. In
model-free methods, approaches based on learning have also
been proposed, but they necessitate external sensors such as
laser rangefinders, cameras, and the collection of datasets
[7]. However, on robots with floating bases, the processes of
collision identification become significantly more complex.
This increased complexity arises because the movement of
these robots relies on continuous collision between their feet
and the ground.

Recently, methods for collision detection in humanoid
robots have been introduced [11], [12], [13]. In [13], relying
solely on proprioception, the authors combine and compare
the GM approach with an Force/Torque-sensor-based ap-
proach. However, these methodologies have predominantly
been tested in simulated environments with flat terrain. In the
realm of body collision detection for quadruped robots, prior
model-based efforts have proposed various state estimation
techniques for the robot[14], [15], [16], attempting to fuse
different sensors for more accurate state estimation [17].
Under conditions where only onboard perception is available,
Fink et al. propose a sensor-less model based on kinematics
to estimate the location of a single contact point at the shin
level in real robot[10].

In the domain of model-free methods, collision/contact
detection primarily involves processing sensor signals in
the frequency domain [18] or constructing classifiers using
machine learning approaches [19]. In [20], a deep learning-
based contact estimator is developed using only onboard
perception. However, these methods are predominantly ap-
plied to estimate foot forces for quadruped robots and do
not consider the collisions at non-foot locations. [8], [9]
have trained implicit estimators within their policies, treating
external forces which applied to the robot as privileged
observations. To the best of the authors’ knowledge, there
has yet to be research that trains an explicit estimator for
collision detection and isolation, evaluates its accuracy in
observing collisions, and utilizes this estimator to guide the
robot’s movement across challenging environments.

B. Contributions

To further enhance the locomotive capabilities of
quadruped robots without external perception, we have de-
veloped an end-to-end trained adaptive motion controller
for quadruped robots, extending their mobility into complex
three-dimensional environments. Our controller integrates
proprioceptive sensing and collision estimation to implicitly
imagine the features of obstacles in 3D spaces, enabling
precise collision detection, localization of collision points,
and agile collision responses and movements.

Our contributions are as follows:
• We introduced a collision estimator that utilizes his-

torical proprioceptive data to precisely estimate the
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Fig. 2: Teacher-student based two-stage training framework, where on the left is the schematic of the collision estimation.

likelihood of collisions on each body part, guiding the
robot to develop targeted response strategies through
neural networks.

• We developed the concept of a Collision Domain and a
Hybrid Imagination Model to capture and estimate the
characteristics of three-dimensional obstacles, enhanc-
ing our method’s ability to classify diverse obstacles in
complex settings.

• We established a two-phase end-to-end training frame-
work for quadruped robots that relies solely on pro-
prioception, enabling agile movement in complex 3D
environments. This framework demonstrates more ro-
bust locomotive performance in both simulations and
real-world scenarios compared to baseline methods.

II. METHOD

A. Task Formulation

We define the process of a quadruped robot traversing a
3D complex environment without the assistance of external
sensors as four stages: 1) encountering and colliding with
obstacles, 2) locating the specific position of the collision, 3)
estimating the encountered obstacle, and 4) making a swift
response to overcome the obstacle. Due to the uncertainty
of the contact points when collisions occur, we developed a
collision detection estimator to determine whether a collision
has occurred and its specific location. Our method introduced
the concept of a 3D collision domain, aimed at detecting
obstacles that are about to come into contact with the robot’s
body. By combining the results of the collision detection
estimator and the robot’s proprioceptive abilities, we can
effectively predict obstacles within the collision domain
during actual movement. Based on this, the robot can take
appropriate actions through real-time estimation of obstacles,
effectively traversing various types of barriers.

B. Base Set

We model the environment as a Markov Decision Process
(MDP). An MDP is defined by a tuple(S,A, Pa, Ra), where
S represents the set of all possible states, and A represents

the action space, P (st+1|st, at) is the state transition func-
tion, and R(st+1|st, at) is the immediate reward. The agent
selects an action at from the policy based on the current
state st. For the state st and action at, the MDP calculates
the next state st+1 and reward rt, and then provides feedback
to the agent. The goal is to select a policy that maximizes
the cumulative sum of discounted rewards, expressed as:

J(π) = Eπ

[ ∞∑
t=0

γtrt

]
(1)

Policy Network For the training of the policy πϕ(at|st),
we employ an actor-critic architecture and utilize the Proxi-
mal Policy Optimization algorithm(PPO) to efficiently opti-
mize the policy.

Action Space: The output of the policy is a 12-
dimensional angular deviation relative to its default position,
forming the targeted joint angles configuration: θdesired =
θdefault + at · ascale. Finally, proportional derivative (PD)
controller is used for converting joint desired angle to joint
torque.

State Space: For teacher policy, the state space st is com-
posed of proprioceptive observation ot, explicit observations
ĉt, v̂t, where ĉt is the estimate of collision information,
v̂t is the estimate of body linear velocity, and implicit
observations pt, et, refer to the latent variables obtained
after the 3D collision domain and privileged information
are processed through the encoders. Privileged implicit ob-
servation et includes encoded body mass, center of mass,
friction and motor strength. The state space st is shown
in the following equation: st =

[
ot ĉt v̂t pt et

]T
.

The structure of student policy is kept consistent with the
teacher policy, where et and pt are estimated using pro-
prioceptive observations. Specifically, in the first phase, we
employ Regularized Online Adaptation (ROA)[33] to train
a privileged information estimation module. In the second
phase, we obtain estimates of privileged implicit information
êt. Furthermore, in the second phase, we also train a hybrid
imagination module to obtain estimates of p̂t, as detailed in
section II.D.
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Reward: Without the need for prior knowledge from
external sensors, previous work’s reward mechanisms [30],
[31], [32] often cannot be directly applied to the tasks in this
study. Our method primarily relies on observing the collision
domain to master strategies for overcoming various types of
obstacles. To ensure that the robot can smoothly traverse
in the direction that obstacles are placed, we have designed
an linear velocity tracking reward mechanism with heading
constraints:

rvel = Ldv |
min(v · cos(θcmd

yaw − θyaw), v
cmd)

vcmd
| (2)

Ldv
is a weight factor that represents the positive and

negative aspects of velocity, as follows:

Ldv
=

{
Kpositive , v · cos(θcmd

yaw − θyaw) > 0

Knegative , v · cos(θcmd
yaw − θyaw) < 0

(3)

The linear velocity reward with heading constraint ensures
that the robot moves along the direction of the obstacle
placement, thus preventing the robot from choosing to bypass
the obstacle. This design of Ldv

stems from observations
made during the training process: when faced with difficult
obstacles, robots tend to adopt a policy of quickly bounc-
ing back to their original position, then approaching the
obstacle at a set speed and bouncing back again, which
easily leads to the policy falling into a local optimum.
Therefore, we included a penalty for negative velocity in the
speed tracking reward to prevent the robot from adopting
a rebound policy.Where both Kpositive and Knegative are
constant quantities, positive reward coefficient and negative
penalty coefficient respectively, in this case -3, 1.

To enable the robot to sidestep through narrow spaces and
maintain a natural walking posture in normal environments,
we introduced the following reward mechanism:

rPos = W1 · rGuidePos +W2 · rNaturalPos

= W1 · (|qrighthip + qlefthip |2 + |qfronthip − qbehindhip |2)
+W2 · |qdefaultdof − qdof |2

(4)

The pos reward consists of two parts, the GuidePos reward
does not directly limit the angle of the robot’s hip joint but
penalizes the sum of the angles of the left and right leg hips
to be zero and the difference in angles between the front and
back leg hips, ensuring that the robot’s limbs can always walk
perpendicular to the ground under any circumstances. This
not only facilitates the generation of sidestepping actions
but the NaturalPos reward ensures that the robot maintains
a natural walking posture in normal environments. W1,W2

corresponds to the weights of the two-part rewards, in this
case we have taken 0.5 for both.

Although our method relies on collisions to perceive en-
vironmental obstacles, we have found that adding a collision
penalty during actual training can accelerate the convergence
of the policy. This is because, although collisions are neces-
sary for perceiving obstacles, they should be avoided as much
as possible during the traversal of obstacles. Therefore we

refer to the collision penalty as follows, Fcollision is the set
of forces applied to the center of mass of each link.

rcollision = Fcollision (5)

Furthermore, we enhance the quadruped robot’s overall mo-
bility through an auxiliary reward mechanism refer to [30].

Fig. 3: Schematic of the collision domain

C. Collision Estimator

In real-world applications, since robots cannot directly
recognize collisions and their specific locations, we propose
using a collision estimator φ to estimate collision information
online. In this study, collision information is simplified
into a Boolean vector ct, indicating whether each link has
encountered a collision. In the simulation environment, we
cannot directly obtain ct , so we determine that a collision has
occurred if the force on each link exceeds a certain threshold.
This threshold needs to be set according to different robots
and the actual environment they are in. The aforementioned
discussion indicates that most of the existing work on colli-
sion detection relies on dynamic information from a single
timestep, which is effective for detecting collisions involving
legs or arms. This is because collisions with legs and arms
usually immediately reflect in the dynamics parameters, such
as sudden changes in torque and acceleration, which can
be captured through data within a single timestep. However,
collisions involving the torso and joint parts are difficult to
accurately capture due to the dispersed effects on dynamics
parameters and response delays, and require analysis using
long time series information. The collision estimator uses
the robot’s historical observation data to generate ĉt, which
is the estimated value of the actual collision vector ct.

ĉt = φ(ot−k, ot−k+1 : ot) (6)

In this paper, we used historical observation data from 10
timesteps. The length of the historical record should not be
too long, as it may lead to overfitting. The selected length
of the historical record should be sufficient to represent the
sum of the occurrence of a complete collision event and the
response time generated. The impact of history sequence on
collision estimation is detailed in the experimental section.

Given that collision information is only divided into two
states: collision occurred and collision did not occur, and
the total probability of these two states sums to 1, we do
not need to concern ourselves with a specific value vector,
but only need to output a probability value. Therefore, the
collision estimation problem can be simplified into a binary
classification problem. Our method only requires the use of
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Fig. 4: Locomotion through a tunnel: Adaptation strategies for collision avoidance.

the current moment’s collision state ct and its observation
history, all of which can be obtained through simulation.
The architecture of the collision estimator includes a linear
layer, three convolutional neural network (CNN) layers, and
another linear layer. The CNN layers apply convolution over
the time dimension in the observation history to capture the
temporal correlations in the input data. The flattened output
processed by the CNN layers goes through another linear
layer and applies a Sigmoid activation function, thereby
producing an estimate of the collision state ĉt. This collision
estimator is trained through supervised learning, with the
goal of minimizing the following BCE loss function:

LEst
φ = −(ctlogĉt + (1− ct)log(1− ĉt)) (7)

D. Implicit Collision Domain imagination

To better perceive and respond to obstacles in the complex
3D environments, we introduces the concept of a collision
domain, as shown in Fig. 3. Specifically, we have set a cuboid
sampling domain centered on the robot, see Table 1 for
specific values. A boolean value indicates whether each point
of the grid is inside an obstacle to detect imminent collisions.
We propose a method that uses only proprioception to deeply
estimate the characteristics of the collision domain.

Previous research has shown that terrain characteristics
can be estimated using only proprioception[21], [22]. In
this study, we extend this idea to understanding features in
3D space, that is, the implicit imagination of the collision
domain. Here, we propose a two-stage training method that
combines implicit collision domain imagination. Specifically,
We combine proprioception with the aforementioned col-
lision estimator to comprehensively estimate the potential
attributes of the collision domain. This approach is better
suited to adapt to the cognitive uncertainties present in real-
world scenarios than methods that directly input propriocep-
tive sensing.

The specific training framework of our method is shown in
Fig. 2. In the first phase, we use an encoder to extract latent
features from the collision domain, inputting the resulting
latent variable pt directly into the teacher policy to train the
robot. In the second phase, we supervise the training of the
student policy using the teacher policy. Since the student
policy cannot directly access pt, we propose a hybrid imag-
ination model that combines proprioceptive observations
ot with estimates ĉt from the collision estimator, feeding
them into a GRU pipeline to estimate latent features of the
collision domain. The advantage of the hybrid imagination
model is that, after embedding explicit collision estimates,
the GRU module’s temporal feature extraction mechanism
can accurately represent the process of the robot interacting

TABLE I: Curriculum Learning: Obstacle Configuration and
Robot Parameter Settings.

Obstacle
Properties Train Ranges (m) Test Ranges (m)

([leasy , lhard]) ([leasy , lhard])

Highland [0.05, 0.55] [0.25, 0.55]
Barrier [0.31, 0.00] [0.16, 0.00]
Tunnel [0.40, 0.25] [0.38, 0.25]
Crack [0.38, 0.28] [0.32, 0.28]

Parameters
Properties Go2 Body (m) Collision Domain (m)

length 0.71 0.90
width 0.32 0.40
height 0.40 0.50

with obstacles. This allows for a dynamic estimation of
environmental obstacle information, further estimating the
latent features of the collision domain, thereby improving
the robot’s response capability after encountering obstacles.

III. EXPERIMENTS

A. Training set up

The simulator utilized for training the policy is Isaac
Gym[29], supplemented by the Legged Gym and RSL-
RL[30]. We conduct parallel training across 4,096 domain-
randomized environments on a single NVIDIA RTX 4090
GPU, teacher policy engaging in approximately 12000 train-
ing iterations and student policy engaging in not more than
10000 training iterations, each comprising 24 steps, with the
policy operating at a control frequency of 50Hz.

To accurately reflect the diversity of obstacles encountered
in the real world, we categorize four types of obstacles,
which included: Highlands, which are climbable terrains
directly ahead, as shown in Fig. 5.; Barriers in Fig. 7,
obstacles located on the left or right side of the robot;
Tunnels, low tunnel-like obstacles that the robot can pass
through by lowering its body height like Fig. 4; and Cracks,
narrow passages shown in Fig. 7. Additionally, we implement
a strategic obstacles curriculum designed to enhance the
policy’s generalization capabilities and convergence rate.

B. Hardware and Depoly

In our research, we employ the Unitree Go2 robot to
assess the efficacy of the collision detection estimator and
the policy’s response to collisions. The body parameters of
Go2 are shown in Table 1. For the deployment of policies
on real robots, these policies are executed on the onboard
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TABLE II: We test our method against several baselines and ablations in the simulation with obstacle of varying difficulty
(see in Table I). We collected data on the success rate (the ratio of the number of robots that failed to traverse obstacles
to the total number of robots) and the average movement distance which was normalized to [0, 1] after a duration of 10
seconds.

Success Rate ↑ Average Displacement↑
Highland Barrier Tunnel Crack Highland Barrier Tunnel Crack

Baseline 0.00 0.12 0.00 0.00 0.004 0.132 0.005 0.006
RMA 0.27 0.61 0.67 0.53 0.256 0.550 0.614 0.497
WTW 0.00 0.11 1.00 0.00 0.004 0.103 1.000 0.005

Ours w/o R.V 0.00 0.31 0.30 0.00 0.003 0.197 0.218 0.005
Ours w/o Col 0.89 0.81 0.89 0.76 0.769 0.771 0.898 0.625
Ours w/o H.O 0.93 0.87 0.94 0.83 0.796 0.793 0.959 0.711

Ours 0.94 0.92 0.96 0.89 0.821 0.853 0.979 0.798

Teacher 0.99 1.00 1.00 1.00 1.000 1.000 1.000 1.000

NVIDIA Jetson Orin Nano. Furthermore, [28] provides an
exemplary framework for deployment.

High Obstacles

①

Collision Detection

Collision Happen

②

Collision Reaction

③

Collision Reaction

④

Collision Reaction

⑤

Finish

⑥

Fig. 5: Collision response strategies when facing a highland.

C. Compared Method

We compare our collision estimation and response policy
with several baseline and ablations as follows.

• Ours w/o R.V: We use the ordinary linear velocity
tracking reward [30] instead of the linear velocity track-
ing reward with heading constraints.

• Ours w/o Col: Training without collision estimator.
• Ours w/o H.O: Training collision estimator without

history observation.
• Baseline: Training directly with only proprioception.
• RMA[21]: Employing an Adaptation Module to Es-

timate All Privileged Observations Including Terrain
Height from Historical Data, Harnessing Potential In-
formation.

• WTW(Walk-These-Ways)[28]: Leverages expert
knowledge realize Multiplicity of Behavior.

• Go2-default: Go2 default controller based on NMPC,
which only compared in real experiment.

• Go2-special: Go2 special controller based on NMPC,
which only compared in real experiment.

D. Simulation Experiments

Baselines and Ablations. We conducted a comparative
analysis of our method against baseline approaches such as
RMA and WTW, which are two typical methods in this
domain. The RMA approach extracts information from 2D
elevation maps and privileged data to adapt to the envi-
ronment, whereas WTW relies on expert knowledge to set
rewards and manually adjust the robot’s posture for obstacle
traversal. In addition to RMA’s framework, we implemented
our reward function. As shown in TABLE II, the 2D elevation
maps used in RMA struggle to capture the complete features
of 3D obstacles in the environment, resulting in significantly
lower performance across multiple tasks compared to our
method. WTW can control the robot’s height, which allows
the robot to crawl to traverse Tunnel obstacles but lacks
the ability to climb or sidestep, failing to navigate complex
obstacles like Highland, Crack, and Barrier.

Comparing our method with Ours w/o R.V, we found
that the velocity reward without heading direction constraint
performed poorly. The robots learn to quickly circumvent
rather than traverse obstacles due to the lower exploration
difficulty of avoiding obstacles.

The comparison between Ours and Ours w/o H.O high-
lights the importance of historical information for collision
estimation, particularly when traversing Barrier and Crack
obstacles. These obstacles often involve more collisions at
the hip joint, and estimating collisions from a single time-
point is challenging. Furthermore, the comparison suggests
that the inclusion of collision information significantly im-
proves the robot’s performance in navigating various com-
plex obstacles. Collision information aids the robot in in-
ferring the characteristics of the obstacle from the contact,
enabling further appropriate responses.

Effects of Implicit Collision Domain imagination. To
thoroughly investigate the impact of Implicit Collision Do-
main imagination on the task and to quantify the efficacy of
the Hybrid Imagination Model, we employed the t-distributed
stochastic neighbor embedding (t-SNE) to reduce the dimen-
sions of the output from the Hybrid Imagination Model.
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Fig. 6: The t-SNE visualization for Collision Domain in the
latent space.

As illustrated in the Fig. 6., we discovered that the latent
representation of the Collision Domain estimated by the
Hybrid Imagination Model shows a clear distribution across
different obstacle categories. This indicates two points: 1.
The Collision Domain can effectively extract features of
obstacles in complex three-dimensional environments. 2. The
Hybrid Imagination Model can efficiently estimate the latent
representation of the Collision Domain, thereby possessing
sufficient environmental information to aid the robot in re-
sponsive decision-making in complex settings. Additionally,
the t-SNE plot shows that some overlap between the Barrier
and Crack obstacles, suggesting that the body locations
where the robot collides with these two types of obstacles
are often similar, which also indirectly shows that the latent
representation of the Collision Domain accurately reflects the
actual situation.

Qualitative Experiments. In indoor environment, we con-
ducted a series of experiments aimed at exploring different
obstacles through collision detection including highlands,
barriers, tunnels, cracks to qualitatively analyze the impact
of collisions on a robot’s ability to traverse unknown obsta-
cles.In exploring the Highlands,as shown in Fig. 5., the robot
first used its head collision detection to perceive potential
highland obstacles. Subsequently, the robot extended its
right front foot for further exploration. Upon detecting a
collision with the right front foot, the robot determined the
presence of a highland obstacle and chose to overcome it
by climbing. When facing a Barrier, the robot detected the
obstacle through a collision on the left side of its head. Then,
by probing with its front feet, it confirmed the obstacle was
on the left while the right side was clear, thus, the robot
chose to turn right to bypass the obstacle, as shown in Fig.
7.. In the Tunnel obstacles, after an initial head collision
detection, the robot did not detect any horizontal collisions
with its hands, leading to the determination that the obstacles
was a tunnel. The robot then successfully passed through by
lowering the height of its torso and hips, as shown in Fig. 4.
In the exploration of Crack obstacles, the robot’s left front
hip and left front foot first detected a collision. Attempting

to move right, the robot encountered another collision at the
right front hip, thereby determining the obstacles to be a
crack. The robot chose to adjust the roll axis angle of its
body to navigate through the obstacle, as shown in Fig. 7.

Additionally, we tested our approach in complex wild
scenarios, as depicted in Fig. 1., where the robot traverse
unstructured rocky obstacles. This presents a significant
challenge as both collision points and potential footholds
are unpredictable, making it difficult for the robot to identify
obstacle characteristics. To our knowledge, there have been
almost no other works that have achieved similar results
without external sensors, but we achieve a success rate
of over 50%. More details on these wild experiments are
available in the accompanying video.

E. Real-World Experiments

Head 
Collision

Foot 
Collision

Collision
Reaction

Collision
Reaction

Finish

Fig. 7: Collision response strategies when facing a barrier
(first row) and crack obstacles (second row).

Quantitative Experiment. As depicted in the Fig. 8.,
we have quantitatively compared our method with three
other strategies: Go2 Default, Go2 Special, and WTW, in
real-world scenarios. The data shown represents the average
success rate of the robot when confronting various types of
obstacles at different levels of difficulty, across 10 trials,
aiming to showcase the obstacle negotiation capability of
our approach in actual environments. It is clear from the
figure that experiments utilizing our policy exhibited superior
performance in almost all obstacle types. Notably, in the
specific scenario of navigating through Tunnels, the WTW
policy performed slightly better, primarily due to its manual
adjustment of the robot’s height for successful passage. In
contrast, our method is adaptive, which may lead to certain
errors in estimating environmental obstacles, resulting in a
degree of performance degradation. However, this perfor-
mance degradation is within an acceptable range.

IV. CONCLUSION

We present a novel quadruped robot collision response
motion controller based on collision domains and explicit
collision estimator, capable of precise collision detection,
localization, and agile response in unknown and complex
3D environments, solely relying on proprioception. Compre-
hensive evaluations in both simulated and real-world envi-
ronments have demonstrated the precision of our collision
detection technique, the robustness of our collision response,
and the effective traversability in complex environments.
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Fig. 8: Real-world quantitative experiments.

However, a limitation of this work is that during the simula-
tion training process, our approach necessitates a relatively
accurate robot collision model. However, crafting such an
accurate collision model in the simulation phase demands
substantial computational resources, and the calculation of
collision contact forces in complex models introduces certain
errors. We look forward to finding a solution to this challenge
in the future. Additionally, in our forthcoming research,
we aim to integrate a recognition network to enhance the
accuracy of estimating both the direction and magnitude
of forces. This will enable us to precisely mitigate po-
tential disturbances and implement adaptive control across
environments characterized by diverse stiffness and contact
elasticity.
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