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Speed Planning Based on Terrain-Aware Constraint
Reinforcement Learning in Rugged Environments

Andong Yang , Graduate Student Member, IEEE, Wei Li , and Yu Hu , Member, IEEE

Abstract—Speed planning in rugged terrain poses challenges
due to various constraints, such as traverse efficiency, dynamics,
safety, and smoothness. This letter introduces a framework based
on Constrained Reinforcement Learning (CRL) that considers all
these constraints. In addition, extracting the terrain information
as a constraint to be added to the CRL is also a barrier. In this
letter, a terrain constraint extraction module is designed to quantify
the semantic and geometric attributes of the terrain by estimat-
ing maximum safe speed. All networks are trained on simulators
or datasets and eventually deployed on a real mobile robot. To
continuously improve the planning performance and mitigate the
error caused by the simulator-reality gap, we propose a feedback
structure for detecting and preserving critical experiences during
the testing process. The experiments in the simulator and the real
robot demonstrate that our method can reduce the frequency of
dangerous status by 45% and improve up to 71% smoothness.

Index Terms—Speed planning, mobile robot, rugged
environments, reinforcement learning.

I. INTRODUCTION

S PEED planning for autonomous robots in rugged environ-
ments is challenging. In some typical scenarios, such as

driving down a gravel slope, crossing a wood, and climbing over
a barrier, incorrect speed can cause dangerous situations such as
sliding, tipping, and colliding. Therefore, speed planning plays
a critical role in ensuring robots are safe, especially on rugged
terrain.

The speed planning task in rugged environments typically
involves considering multiple constraints to achieve optimal per-
formance. These constraints encompass preventing excessively
low speeds, ensuring the planned speed is safe for the robot [1],
avoiding deviations from the given path, and controlling changes
in the vertical direction within a specified range to enhance sen-
sor stability. Also, in rugged environments, terrain information
is vitally important. The search-based method in [2] employs
a visibility graph with speed and acceleration constraints to
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Fig. 1. Speed planning task in rugged environments needs to consider terrain
constraint. This letter proposes a novel terrain constraint extraction module
to extract terrain constraint using RGB-D data. A constrained reinforcement
learning-based speed planning policy is proposed to find appropriate speed
under various conditions and goals. We also design the feedback structure to
continuously improve the accuracy of the networks and adjust hyperparameters
by recording the experience from the testing phase.

achieve the minimum time goal. However, this approach only
processes fixed global constraints, not real-time and non-linear
ones. Optimization-based [3] and switch-point [4] methods usu-
ally solve a set of equations to find speed, which allows complex
non-linear constraints and considers system dynamics. But they
are computationally expensive. In this letter, we propose a
method based on Constrained Reinforcement Learning (CRL)
to solve the speed planning problem on rugged terrain under
multiple constraints.

To consider the influence of terrain in speed planning, existing
methods utilize a range of sensors, such as LiDAR [5], RGB
cameras [6], depth cameras [7], and others [8], to acquire and
represent terrain information. Visual sensors are relatively inex-
pensive and can provide semantic and geometric information.
Thus, we consider extracting terrain constraint based on an
RGB-D camera in this letter. In recent visual-based methods,
the experience-based approach [9] suggests speed based on
the previous experience, which obtains the terrain constraint
implicitly. However, the experience collection process requires
the robot to drive on the same test path many times. Convert-
ing terrain constraint into traversability is another way. Such
method [10] generally uses the end-to-end network to complete
the conversion, which requires large amounts of data that is hard
to collect in the real world to train the network. Higa et al.
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estimate robot energy consumption through the RGB-D data
to reflect the difficulty of terrain traversed [11]. This method
quantifies the terrain constraint and uses a neural network to
learn it. However, in dangerous situations, like overturning,
the energy consumption data is hard to collect, which means
the network trained on this incomplete dataset may not be
accurate. Also, the above methods feed RGB images and depth
images into one network. This end-to-end structure might lead to
performance degradation due to substantial variations between
RGB and depth modalities [12]. In this letter, terrain constraint
is designed to be quantified by the maximum speed at which the
robot can safely travel in the corresponding terrain. We propose
a visual-based terrain constraint extraction module consisting
of two networks, as shown in Fig. 1. The RGBNet provides
semantic understanding, while the DNet offers the maximum
speed obtained from geometric information. By incorporating
the terrain constraint into CRL, we propose the terrain-aware
CRL.

All networks are trained on the RELLIS-3D dataset [13] and in
the GAZEBO simulator and then deployed to an actual mobile
robot. Since the training data may not cover all cases and the
CRL method can interact with the environment in real-time, we
propose a feedback structure that uses self-supervised learning to
improve the accuracy of the terrain constraint extraction module
further in the real world.

In this letter, we extend the capability of speed planning
methods for mobile robots on rugged terrain. To summarize,
our contributions are: (1) We represent the terrain information
as a constraint and design a terrain constraint extraction module
to extract it from RGB-D images. This module consists of two
independent networks, effectively eliminating the performance
degradation caused by substantial variations between RGB and
depth modalities. (2) Terrain-aware CRL is introduced to solve
the speed planning problem in rough terrain, which can handle
the terrain constraint and all other nonlinear constraints. (3)
We propose a self-supervised learning-based feedback structure
to further improve the performance of the terrain constraint
extraction module during the testing process.

II. RELATED WORK

Speed planning under constraints aims to provide the path-
tracking controller with suitable speed along the path so that
the controller can provide angular speed to minimize the head-
ing and lateral path-tracking errors [14]. Some representative
methods can solve the minimum-time problems with speed
and acceleration constraints [15] or other complex nonlinear
constraints [16] while keeping safe. But those methods require
high-definition maps, which are unavailable in our case. The
end-to-end approach is another rapidly evolving approach to
plan speed under constraints [17]. However, this method requires
a lot of expert data.

Constrained reinforcement learning is a formulation to
realize safe exploration and solve problems with complex non-
linear constraints [18]. CRL inherits the advantages of RL [19]
while considering multiple constraints. Transforming the con-
straints to the reward function as a penalty item using lagrangian

duality is one of the promising CRL methods [20]. But this
method may violate constraints during training and lead to
non-convex goals and constraints, which conducts a non-optimal
solution. Other methods satisfy the constraints by restricting the
actions that can be selected during exploration [21]. The safety
layer method emerged to handle more complex continuous
action constraints, which output constraint-compliant actions
through neural networks [22]. However, the aforementioned
method is generally used in simulators and designed for single
constraint, while the speed planning task in this work involves
multiple constraints. The latest method [23] alleviates the above
problems and provides the possibility of practical application.

Extracting terrain constraint can be achieved via both pro-
prioceptive and exteroceptive sensors. Chris J. Ostafew et al.
determine terrain constraint by adding noise to the planned
speed based on the experimental results in the previous round,
continuously approaching the maximum speed of the current
path [9], [14]. However, these methods can only be used on
paths that have already been driven, and there may be risks
during optimization. Arun Kumar Singh et al. use the coordinates
between the robot wheels to confirm the maximum acceleration
for current terrain [24]. However, this method can only perceive
the current state and has a local optimization problem. There
are also algorithms that use exteroceptive sensors [25], [26].
Shoya Higa et al. employ a neural network to estimate energy
consumption from RGB-D images [11]. Mateus V. Gasparino
et al. propose a traversability prediction neural network in a
self-supervised manner based on visual data [7]. However, those
methods only consider the semantic information of the terrain
or directly assemble RGB and depth data as neural network
inputs, which will worsen these cross-modal feature fusion as the
networks go deeper due to the actual depth data being generally
noisy [12].

III. METHOD

The overall framework of the proposed method is illustrated
in Fig. 2, which consists of three major parts: terrain constraint
extraction module, CRL module, and feedback module.

A. Visual-Based Terrain Constraint

To extract terrain constraint, we employ both geometric and
semantic information. This module takes RGB-D data and out-
puts the terrain constraint represented by the maximum speed at
which the robot can safely pass through the terrain. Specifically,
we designed two networks, RGBNet fRGB and DNet fD. Dual
network design decreases the error and training complexity
caused by the pattern differences between multi-modality sen-
sors. The networks can also be trained using different methods
or datasets to improve accuracy.

The pixel classification information in images is one of the
most useful semantic information, which can be obtained using
the classification method for rugged environments [27]. How-
ever, current visual-based methods are not accurate enough to
use directly in control. Some methods improve accuracy by
adding several other types of sensor data like point cloud [28],
thermal imagery [29] etc. But these sensors are expensive or
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Fig. 2. Terrain constraint module extracts the geometric and semantic information, then fuses the information to obtain the speed constraint. The description
under the neural network is channel@height×width. The CRL-based policy will plan the final speed according to all constraints, goals, and global paths. The
path-tracking module converts the planned speed into specific control commands.

Fig. 3. Example of results for RGBNet.

fragile. In addition, this classification information needs to be
converted to terrain constraint properly. We propose several
improvements to solve the problems above based on the existing
image classification methods [27]. First, an encoder is added to
convert semantic information to a semantic-based constraint,
which is a coefficient in [0,1]. Second, the impact of classifi-
cation errors in part of the image is mitigated by considering
surrounding pixel information. Third, we introduce attention
mechanisms to improve the rationality of results.

As shown in Fig. 2, we employ an image classification net-
work RGBNet to obtain category information for each pixel. All
RGB images IRGB ∈ R3×H×W are scaled to 375 pixels wide
and 300 pixels high. The output of RGBNet is a probability
maskM c ∈ R1×H×W that each valueM c

i , i ∈ 1, 2, . . ., H ×W
represents the probability distribution that a pixel in the image
belongs to a certain category of terrain M c = fRGB(I

RGB).
This mask M represents the influence of different surface types
on terrain constraint. Examples are shown in Fig. 3. Since the
robot’s travel path will be close to the given target path, pixels
close to the global path should have more impact on speed. We
first project the global path of the following 5 meters onto the
depth map using IMU data. Then, the global path can be pro-
jected onto the RGB image using the correspondence between
the depth and the RGB image. We define a maskMs ∈ R1×H×W

to represent the influence of different areas of the image on
terrain constraint. The 50 pixels around the path are defined as
critical pixels Pc and the value of the corresponding positions

TABLE I
TERRAIN CATEGORIES AND CORRESPONDING COEFFICIENTS

in Ms are set to 1.2 and other pixels are sub-critical pixels
Ps and are set to (|Pc|+ |Ps| − 1.2|Pc|)/|Ps|. Especially, the
pixels that fall into the sky category do not affect speed planning
and, therefore, do not participate in subsequent calculations.
So, we represent pixel positions that do not belong to the
sky category as set A. Based on similar considerations, mask
Md ∈ R1×H×W reflects the attribute that pixels closer to the
mobile robot should have a more significant impact on speed.
The position corresponding to the critical pixels in Md linearly
decreases from w based on the distance from the mobile robot,
while

∑
i,j∈A Md

i,j = 1.
All the above information is fed to an encoder:

CRGB
t =

1

|A|
∑

i,j in A

V (M c
i,j)�Ms

i,j �Md
i,j (1)

where � is hadamard product, CRGB
t ∈ [0, 1] is the semantic-

based constraint coefficient in time instance t. V (M c
i,j) is a

piecewise function, as shown in Table I. The process of obtaining
parameters for V (M c

i,j) is as follows. On the flat terrain of
each road surface category, we gradually increase the linear
speed of the robot until there is a rollover, skidding, excessive
sensor jitter, or reaching the specified maximum linear speed
of 2.5 m/s. Recording the final speed as the maximum line
speed for the terrain of the current category. After several tests,
the ratio of the recorded speed to the maximum linear speed
is calculated, and the average value is taken as the function’s
parameter V . During this process, the robot’s angular velocity
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is set to a maximum value of 0.5 rd/s. The RGBNet is trained
using supervised learning on existing datasets RELLIS-3D [13].

The DNet fD is used to extract the geometric information
of terrain from the depth image. This work directly establishes
a mapping of depth information to speed, thereby converting
the geometric information of the terrain into a terrain constraint
represented by the speed that can be used directly in subsequent
planning algorithms. This mapping is implemented by the neural
network DNet. The structure of DNet references the existing
feature extraction network [30], which we believe has sufficient
ability to extract depth features and map them to speeds. The
upper left part in Fig. 2 shows DNet’s architecture. The input
is depth image ID ∈ R1×H×W . The output is maximum safety
speed which represents the geometry-based constraint of cur-
rent terrain CD

t = fD(ID), where CD
t ∈ [0, 2.5]. DNet can be

trained using a supervised learning method based on the dataset
collected in this letter. The DNet is trained in the GAZEBO
simulator.

The final terrain constraint is the multiplication of the
geometry-based terrain constraint and the semantic-based ter-
rain constraint coefficients:

Cterrain
t = fw(C

RGB
t )CD

t (2)

where Cterrain
t ∈ [0.0, 2.5], the weight of semantic information

can be adjusted by the linear function fw(C
RGB
t ) = ωCRGB

t +
ϕ : [0, 1] → [0, 1]. In order to guarantee the discount belongs to
[0,1], we set fw(1) = 1. We initialize ω to 1 and ϕ to 0, which
are then adjusted by the feedback structure.

B. Constrained Reinforcement Learning

The goal of speed planning is to generate a time-optimal speed
profile on the given target pathSg under constraints. In this letter,
the constraints include (1) the terrain constraint calculated in the
previous module, (2) jerk-based stability constraint, which can
reduce sudden changes in planned speed, thereby reducing vibra-
tion and improving sensor data quality, (3) robot dynamics, (4)
safety constraints, (5) fixed constraints, such as speed range and
acceleration range. We define discrete time {Δt, 2Δt, 3Δt, . . .}
and using t = {1, 2, 3, . . .} to represent each moment.

Specifically, the optimal policy π aims to maximize the
average linear speed vt. Based on this goal, we define G(vt)
in an iterative form so that each moment can be rewarded
without waiting until the end of an experiment. In time instant
t, G(vt) =

1
t ((t− 1)G(vt−1) + vt) if t > 1 and G(vt) = vt if

t = 1, where vt is current linear speed. Safety constraint d1(st)
consists of three parts, where st is the current state of the
robot containing position, orientation, speed, and acceleration
at. The first part is the 3D orientation cannot exceed the specified
range, such as the roll angle cannot exceed a certain value.
The second part is the acceleration cannot exceed the specified
safety range, and the third part is the speed cannot exceed terrain
constraint speed Cterrain

t . A penalty nε1 will be set, where n
is the number of the above parts that have been violated, and
ε1 is a hyperparameter. The path constraint d2(st, S

g
t , t) comes

from the planned speed that should be suitable for the robot
to travel on a given target path, avoiding subsequent tracking

algorithm failures due to inappropriate planned speed. We define
this constraint as the average path tracking error to obtain real-
time rewards d2(st, S

g
t , t) =

1
t (d2(st−1, S

g
t−1, t− 1)(t− 1) +

||Sg
t − st||2) if t > 1 and d2(st, S

g
t , t) = ||Sg

t − st||2 if t = 1.
The jerk constraint d3(st) is directly defined as a piecewise
function that gives a penalty ε3 when it goes beyond the defined
range, otherwise 0. Since dynamic models in rough terrain are
challenging to model using traditional methods [31], we do
not define or train the dynamic model directly; the constraint
conducted by the dynamic model is implicit in the CRL network
during training.

All goals and constraints of the speed planning problem
constitute a CMDP problem [23]. From this, we further define
the value functions of the constraints. We first define constraints
set {di|i = 1, 2, . . .,m}, where di is the cost of each constraint
as defined above andm is the constraints number. Then the value
function of each constraint isV di

π (s) = Eπ[
∑∞

t=0 γ
tdi|s0 = s],

where γ is the discount factor, which indicates the speed at
the farther moment has less impact on the present. Thus, the
optimization problem can be defined as:

argmax
πθ

Es∼ρ0
Eπθ

[ ∞∑
t

γtG(vt)|s0 = s

]

s.t Es∼ρ0
[V di

πθ
(s)] ≤ ei, i = 1, . . .,m

0 ≤ vt ≤ vmax

amin ≤ at ≤ amax

t = 1, 2, . . . (3)

where ei is the safety constraint bound for each constraint, ρ0 is
the starting state distribution, amin and amax are the maximum
and minimum acceleration limits, respectively.

Inspired by [23], we solve this problem with CRL. The
planning policy is a neural network with the parameter θ.
The input includes current state st, given target Sg , terrain
constraint Cterrain

t . Based on the input, the value function is
used to predict goal G(vt) and is a neural network with the
parameter σv . The constraint value function is also a neural
network with the parameter σc and used to predict the sum of
constraintDt =

∑m
i=1 ϑiV

di
πθ

(st), whereϑi is the normalization
parameter that converts each constraint cost between 0 and 1.
The process of updating the network is as follows. Collecting
batch data of M episodes of horizon T in B = ∪M

j=1 ∪T
t=1

{(st, Sg
t ,at, Gt+1, Dt+1)j} according to current policy πθk

,
where Sg

t is target state sequence of length N , at is planned
speed (action). Improving policy with

πθk′ = argmax
πθ

{LR(πθk
, πθ)− kl(πθk

, πθ)} (4a)

LR(πθk
, πθ) =

1

T

T∑
t=1

πθ(at|st, Sg
t )

πθk
(at|st, Sg

t )
Ât (4b)

kl(πθk
, πθ) = α

√√√√ 1

T

T∑
t=1

KL(πθk
, πθ) (4c)
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Fig. 4. Example of scenarios in the GAZEBO environment. We generated five
maps, one of which inserted cylinders to simulate trees.

where k indicates the number of network updates, KL is
Kullback-Leibler divergence, Ât is calculated based on value
function network and GAE [32]. Ât can balance the variance
and bias of the value function, which is widely used in the latest
reinforcement learning algorithms. We employ a dual function
to add constraints to the update of the policy. The dual function is
obtained by the prime-dual method, and the network parameters
πθk+1

is updated with the goal of not violating constraints D
based on πθk′ . When the policy network is updated, supervised
learning is used to update the network parameters σv and σc,
respectively. This part is derived from mature algorithm [23]
and is not described in detail. This module is trained in the
GAZEBO simulator. The speed planned by best policy π∗

θ will
be fed into the path-tracking module to conduct specific control
commands.

C. Feedback: Improving Performance With Experience

Since the sensor data in the simulator is less noisy than
accurate sensor data, the DNet and some hyper-parameters
trained in the simulator may be inaccurate in the real world. To
ensure safety and allow the networks to learn from experience
continuously, we propose a self-supervised learning-based feed-
back structure for detecting and preserving valuable experiences
during the testing phase.

During testing, we deployed all algorithms on an actual mo-
bile robot. If a critical status occurs, we will set the correspond-
ing terrain constraint to 0 and added to the training dataset of
DNet along with the robot state and sensor data. After each
round of experiments, the DNet is trained with the extended
dataset, and the hyperparameters are adjusted accordingly. The
definition of critical status is defined as a scenario that exceeds
the robot’s capabilities or a dangerous condition, such as the roll
angle or pitch angle of the mobile robot exceeding 30 degrees,
an obstacle that exceeds the robot’s ability to climb, or terrain
that would cause the robot to overturn, etc. For this training
process, we mainly refer to the standard self-supervised learning
process [33]. Fig. 5 illustrates the feedback structure in this letter.

D. Path-Tracking Control

The path-tracking controller follows a series of N desired
waypoints to control the mobile robot through a specific scene:

Pgoal := {Sg
t |t ∈ {1, 2, . . ., N}} (5)

Fig. 5. All networks are trained using the simulator or dataset. Then the
feedback structure will improve the performance of each network. In addition,
hyperparameters will also be adjusted based on the feedback data.

Fig. 6. Mobile robot and corresponding simulator.

each point Sg
i defining a translation (x, y, z), rotation

(roll, pitch, yaw). At time instance t, the inertial navigation
system calculates an estimated pose of mobile robot st based on
data from Inertial Measurement Unit (IMU), the path-tracking
controller will set the target point as the nearest desired path
vertex by Euclidean distance. Desired speed a∗

t ∈ R will by
generated for next Sg

t according to Section III-B. The path-
tracking controller then computes a proper commanded speed
using feedback linearization [34].

IV. EXPERIMENTS

A. Hardware Setup

1) Real-World Setup: The platform used in this work is a
custom-built differential steering mobile robot (weight 26 kg;
LWH 0.612 m × 0.58 m × 0.295 m), as shown in Fig. 6 (left
one). Sensors equipped on the robot include a stereo camera
ZED2i and an IMU RION TL740D. The onboard computer is
an NVIDIA AGX Orin. All sensors and algorithms run under
the Robot Operating System (ROS), and the planning frequency
is set to 10 Hz.

2) Simulation Setup: We opt for GAZEBO [35] for most
training and simulation experiments based on a highly cus-
tomized terrain. The mobile robot model used in GAZEBO is
modeled 1:1 according to the mobile robot in the real world, as
shown in Fig. 6 (right one). It provides RGB-D camera frames
in the front to obtain surrounding environment information
and IMU data. We built simulation environments and verified
the proposed algorithm on one computer with an Intel Xeon
E5-2650 v4 processor and Nvidia 2080Ti.
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B. Model Training

The RGBNet is trained with a dataset collected in the real
world. Specifically, the RGBNet network can use the exist-
ing rough terrain visual-based classification dataset like the
RELLIS-3D dataset [13] to omit the dataset acquisition process.
RELLIS-3D is a dataset collected in an off-road environment
that contains 6,235 RGB images with 20 different pixel-wise
coarse-grain labels. In this work, we unify all classes into five
categoriesG, as shown in Table I. For each category, we calculate
the binary maskMGi

∈ {0, 1}H×W , where i = 0, 1, . . ., G. The
training process of RGBNet is similar to the traditional classifi-
cation network. We train the RGBNet with a cross-entropy loss
L, comparing the output probability mask Pi with ground truth
MGi

:

Lce = −
H∑

h=1

W∑
w=1

∑
i∈G

MGi
log(M c

i ) (6)

where H = 300, W = 375 is the dimensions of the
image.

The DNet is trained using a dataset collected in the simulator.
We first generate five elevation maps that contain three typi-
cal scenes: hillside, step, and hole with textures and physical
properties to ensure the diversity of generated terrain [36].
Fig. 4 is an example of scenarios that import the elevation map
to GAZEBO. The dataset consists of depth images ID, and
corresponding geometry-based terrain constraint CD∗

. In order
to reduce the training difficulty and increase the generalization
ability, we use the fixed speed {0, 0.5, 1.0, 1.5, 2.0, 2.5} m/s
as a geometry-based terrain constraint. The data collection
process is as follows. We randomly set the vehicle position
and select the control speed from 0 m/s to 2.5 m/s at an
interval of 0.5 m/s. The robot travels until its status exceeds
any of the constraints defined in Section III-B or there is no
displacement within three seconds, which indicates the robot is
in danger or stuck. Then the maximum speed is marked as the
geometry-based terrain constraintCD∗

for the current image ID .
In addition, we randomly add Additive White Gaussian Noise
(AWGN) with a standard deviation ranging from 10 to 30 to
the depth images obtained from the simulator to improve the
robustness. We collected 20000 sets of data in the simulator.
The loss used to train the DNet is a Mean Squared Error
(MSE):

LMSE =
1

B

B∑
i=1

(
CD

i − CD∗
i

)2
(7)

where B is the batch size which we set to 1024.
The speed planning policy network is a three-layer perceptron

with hidden nodes 256, 256, 256, and uses hyperbolic tangent
as the activation function. This policy network uses reinforce-
ment learning to learn strategies in interaction. Therefore, we
use the GAZEBO simulator to train this network according to
Section III-B. After deploying to the actual mobile robot, all
parameters will be adjusted using the feedback data according
to the description in Section III-C.

C. Comparing With the State-of-The-Art

We conducted experiments on a 2 kilometers long path con-
taining rocks, grass, discolored leaves, mud, sand, and various
representative geometric features in the real world. We com-
pare our method with three widely used methods adapted to
our mobile robot: model-based speed planning, learning-based
end-to-end, and experience-based.

The model-based method can effectively learn robot dynamics
and is widely used in robot planning and control tasks [37].
Therefore, we select a representative algorithm [38] as a com-
parison abbreviated from now on as MPC. This method predicts
the future state based on the dynamics model of the robot and
selects the speed corresponding to a better future state as a result.
The learning-based end-to-end method is another representative
planning approach, which directly establishes the mapping of
RGB-D data to speed, and various constraints are reflected by
the training data [25]. We used the same amount of simulator
data to train our terrain constraint extraction module and this
end-to-end network. We abbreviate this method as OneNet. The
experience-based approach [9] infers terrain constraint from
experience by repeating the same path more than 20 times. The
planned speed of each round is obtained by adding disturbances
to the previous round’s planned speed based on the previous
round’s test results. This method can find the maximum speed
on the path, but unsafe planning may occur during the search
process, and the need to drive repeatedly on the same road is a
significant drawback.

The following metrics are used to compare the navigation
performance of our method with other methods.
� Deviation: The mean value of the path-tracking errors

between the actual path and the given target path.
� Dangerous: The ratio of path points with dangerous sit-

uations like slide, collision, roll angle, or pitch angle of
mobile robot exceeds 30 degrees which is the upper limit
of the robot’s capabilities in the entire path.

� Smoothness: The average speed change in all three-
dimensional directions of space.

� Success rate: The calculation process is the same as [39].
Success is defined as not violating safety constraints and
reaching the destination.

Metrics mean Intersection over Union (mIoU) and mean pixel
accuracy (mAcc) illustrate the performance of the RGBNet
and DNet. We also calculate the outlier ratio representing the
percentage of image classification error exceeding 30% of the
image area or the speed classification error exceeding 1.0 m/s to
evaluate network stability. Table III shows the results.

In Table II, our method achieves better deviation, danger,
and success rate metric results than SOTA approaches. The
experience-based method achieved the highest average speed but
a sharp decrease in safety and smoothness. Also, the experience-
based method can only be used in paths that have been driven,
and the speed planned during the optimization phase may not be
safe. Therefore, although this method has the maximum average
speed, its critical drawbacks make it difficult to apply widely.
Fig. 7(a) shows that the trend is similar between the terrain
constraint speed, the real speed, and the planned speed. So
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TABLE II
BASELINE COMPARISONS AND ABLATION STUDY

TABLE III
TERRAIN CONSTRAINT EXTRACTION MODULE PERFORMANCE

Fig. 7. (a) Terrain constraint speed, the planned speed and the real speed. (b)
Planned speed of different methods in part of the complete experimental path.
(c) The average planned speed of different methods in different terrains.

the change in speed is caused by algorithms rather than other
reasons like tire slip. Fig. 7(b) shows the speed planned by
different algorithms on different terrain. The experience-based
method has the highest speeds but is highly volatile, which can
significantly affect the subsequent tracking modules, leading
to dangerous situations or an inability to track target paths.
This unstable planning may stem from the lack of smoothness
constraints. In contrast, the speed planned by our method is the
most stable. Fig. 7(c) shows that the average speed planned by
the Model-based method on the solid terrain is similar to that on

Fig. 8. Number of constraint violations and success rate for different methods.

Fig. 9. Change of planned speed and tracking error after adding the feedback.
The feedback module does not seriously affect planned speed and tracking errors
but reduces the number of dangerous situations by 60%.

other terrains, which verifies that this method cannot distinguish
the terrain characteristics. Meanwhile, the model-based method
has the most dangerous speed. This proves that terrain constraint
must be considered. Fig. 8 comprehensively evaluates different
algorithms. The method that leans towards the bottom right cor-
ner is safer and can better complete planning tasks. It indicates
that our method can best follow constraints and goals.

D. Ablation Study

We also conduct ablation experiments to evaluate each mod-
ule in our method further. As shown in Table II, the methods
with terrain constraint obtained from semantic or geometric
information have less dangerous situations. This indicates that
the terrain constraint based on fused information is better than
using a single one. The method without terrain constraint has
significantly more dangerous scenes. This indicates that the
terrain constraint extraction module is necessary. The method
without the CRL module uses the speed obtained from terrain
constraint directly as the planned speed. The smoothness and
deviation of this method become worse, indicating that the CRL
module can consider various constraints and plan a smoother
speed. Fig. 8 also shows that removing either module results in
performance degradation.

In addition, we evaluate the feedback structure. High speed
and safety are usually conflicting. When the dangerous situation
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of the planned speed decreases, it generally corresponds to a
more conservative strategy: planning at a lower speed. As shown
in Fig. 9. The proposed feedback module does not significantly
slow the planned speed or affect path-tracking errors while re-
ducing the dangerous situation by 60%. Therefore, the feedback
structure proposed in this letter has a positive effect on improving
performance in terms of safety.

V. CONCLUSION

This work proposes a speed planning policy based on CRL to
plan appropriate speed based on various constraints. To quantify
the terrain information, a novel terrain constraint extraction
module is developed. In addition, we design a self-supervised
learning-based feedback structure to improve the performance
of networks further. The future work includes adding the mech-
anism for predicting future states based on current observation
to improve the rationality of planning.
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