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MPP: Multiscale Path Planning for UGV Navigation
in Semi-structured Environments
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Abstract— Autonomous navigation of unmanned ground ve-
hicles (UGVs) in structured road and indoor environments has
made significant progress in recent years. However, navigation
in outdoor semi-structured environments remains a challenge.
This paper presents the multiscale path planning (MPP) method
for UGV navigation in semi-structured environments. MPP
leverages global, mid-layer and local planners to obtain global
path and handle local obstacles of different sizes. First, the
global planner provides guidance based on road connection
relationships, selecting optimal connections by evaluating the
distance between road nodes. Next, the mid-layer planner
perceives large-scale obstacles and constructs the costmap,
generating a mid-layer path that offers a general direction
for the UGYV. Finally, a local trajectory planning algorithm,
namely terrain-considering timed elastic band (TC-TEB), is
used to obtain local trajectory. This algorithm incorporates
terrain-velocity constraints into the TEB algorithm to ensure
the vehicle’s vertical stability. We demonstrate the safety and
effectiveness of MPP through experiments in both simulated
and real-world environments.

I. INTRODUCTION

Autonomous navigation of unmanned ground vehicle
(UGV) focuses on determining and optimizing the route for
the UGV to reach its target safely and effectively. It has made
significant progress and has a wide range of applications in
structured indoor and road environments [1], [2], [3], [4],
[5]. Recently, some researchers further developed techniques
for UGV navigation in semi-structured environments. For
example, Xie et al. [6] proposed the circular accessible depth
(CAD) representation, which is suitable for the perception of
semi-structured scenes. Jian et al. [7] introduced the plane-
fitting based uneven terrain navigation (PUTN) method,
which fits planes to assess scene traversability, enabling
commendable navigation in semi-structured environments.

However, semi-structured environments, which typically
encompass both structured road scenes and unstructured off-
road environments (such as sidewalks, garages, fields and
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gardens) remain challenging for most existing UGV naviga-
tion techniques. This is because unstructured environments
usually contain a variety of unknown and unexpected obsta-
cles with irregular shapes and varying sizes. Most existing
methods [6], [8], [9], [10] for UGV navigation are tailored
primarily for irregular obstacles of conventional size and thus
cannot effectively handle large or small scale unstructured
obstacles often found in semi-structured environments.

To address the above issue, this paper proposes the mul-
tiscale path planning method (MPP) for UGV navigation in
semi-structured environments. MPP includes a global planner
for directional guidance, a mid-layer planner for large-scale
obstacle avoidance and a local planner with a newly designed
terrain-considering timed elastic band (TC-TEB) for small-
scale obstacle avoidance and velocity optimization.

In the global planner, a target point is initially specified
for path planning. It then employs a graph search algorithm,
leveraging a road topology map to generate a globally opti-
mal path with minimum cost, thereby providing directional
guidance for mid-layer planning. The mid-layer planner
integrates CAD [6] into its perception module and constructs
a mid-layer costmap for tracking large-scale obstacles. Using
the global path from the global planner and this mid-layer
costmap, MPP generates a collision-free path for large-scale
obstacles. When navigating through uneven terrains, speed
control considering terrain traversability is crucial. TEB [11]
focuses merely on obstacle information and does not take
into account velocity control. To address this issue, the
proposed local planner gains insights into the traversability
of the environment by analyzing roughness, slope, and edges
in the elevation map. Specifically, a TC-TEB algorithm is
developed to ensure that the UGV can navigate away from
small-scale obstacles and provide speed control in scenarios
with passable but high-cost terrains, such as speed bumps or
highly uneven road surfaces, which results in smoother and
safer navigation.

The contributions of our work are summarized as follows:

o We propose the MPP method integrating global, mid-
layer and local planners for UGV navigation in semi-
structured environments, and demonstrate its effective-
ness in both simulated and real-world environments.

e We develop a new mid-layer planner with a mid-
layer costmap including the CAD information and a
sub-target selection path planning to handle large-scale
obstacles.

« We present a novel terrain-considering TEB (TC-TEB)
algorithm which considers the terrain traversability of
the environment to optimize velocity control.
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Fig. 1.

Overview of the MPP method. MPP takes LiDAR point cloud data as input and obtains the transformation relationships between coordinate

systems from the transformation tree. On the right, from top to bottom: The global planner determines the optimal connections between road nodes, where
the blue circles represent primary nodes and the blue dots represent secondary nodes. The mid-layer planner generates a mid-layer path based on the global
road connections and the cost map constructed from CADNet [6] predictions and transformations. The local planner uses a traversability analysis cost map
generated from elevation features and applies the TC-TEB algorithm to derive the optimal trajectory and generate control inputs for the UGV.

II. RELATED WORK

MPP is a LiDAR based navigation method and highly
related to the works on local path planning. Thus this section
briefly reviews the literatures in these two areas.

A. LiDAR-Based Methods for UGV Navigation

According to the dimensions of the perception and plan-
ning modules representation, LIDAR-based navigation meth-
ods can be categorized into the following three groups.

1) 2D Representation: The occupancy grid map (OGM)
conveys the traversability of the environment through occu-
pancy probabilities in a 2D map [1], [2], [12], [13]. Marder-
Eppstein et al. [1] proposed a method adept at handling laser
scan or point cloud to structure global and local costmaps.
Lu et al. [2] introduced layered costmaps, which separates
costmap processing into layers for efficient tracking different
types of obstacles. Ondriska et al. [12] developed an RNN-
based network using 2D laser scan to predict the OGM.
Hu et al. [13] employed raycasting to segment nonground
LiDAR points and trained a network to predict the occupancy
of future states. Bird’s Eye View (BEV) semantic maps
[14], [15], [16] with rich traversability information have
attracted a surge of research interest due to their excep-
tional performance. Han et al. [14] proposed a semantic
segmentation-assisted scene completion network to inpaint
sparse semantic LiDAR points into a semantic map. Shaban
et al. [15] formulated traversability estimation as a semantic
terrain classification problem. Peng et al. [16] proposed a
multi-attention mechanism to boost the performance of BEV
semantic segmentation. Xie et al. [6] proposed CADNet to
generate the CAD representation for UGV navigation that
can handle negative obstacles.

2) 2.5D Representation: Xie et al. [17] proposed a 2.5D
navigation graph that represents both vertical and horizontal
obstacles to generate the walkable domain. Gim et al. [18]
introduced an autonomous navigation system with a 2.5D
map integrating a 2D grid map and 3D geometry information
of dynamic objects in a dynamic environment. There are
some methods create a 2.5D terrain elevation map [8],
[19], [9], [20] for traversability analysis. Fankhauser et al.
[8] formulated an elevation mapping method from a robot-
centric perspective, which can specifically incorporate the
drift in pose estimation. Miki et al. [9] accelerated the
process of elevation mapping using GPU. Xie et al. [19]
proposed an approach to elevation mapping and traversability
analysis using sparse data from a single LiDAR sensor. Semi
et al. [20] developed an elevation mapping method that fuses
multi-modal information into a configurable environmental
representation. However, methods relying on elevation maps
are typically used as local perception module due to their
restricted perception range.

3) 3D Representation: Putz et al. [21] proposed a flexible
and map-independent navigation framework for 3D envi-
ronments by leveraging mesh navigation [22]. Jian et al.
[7] utilized a 3D grid map for navigation in unstructured
3D environments. However, these approaches require an
initial complete modeling of the outdoor environment and
perform poorly with large-scale obstacles. Kato et al [4]
proposed Autoware, which can circumvent this problem
without full environmental modeling but has limitations in
handling unstructured obstacles. Several current approaches
[23], [24] represent the environment through 3D occupancy
maps derived from LiDAR point clouds for traversability
assessment. Nonetheless, these strategies lead to significant
memory usage and computational costs, especially in large
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outdoor environments, which impair the operational speed
and agility of UGV.

B. Local Path Planning for UGV Navigation

Local path planning methods optimize the planned path
conditioned on real-time environmental changes and vehi-
cle’s kinematic constraints. Dynamic window approaches
[25], [26] introduce selecting velocities within a dynamic
window that confines the search space to a set of achievable
velocities within a short timeframe, which considers both
safety and feasibility. Darweesh et al. [27] introduced Open-
Planner, a sampling-based algorithm that uses a given global
path to generate an obstacle-free local trajectory by sampling
a set of roll-outs. Quinlan et al. [28] proposed to deform
a collision-free path away from obstacles by stretching or
elongating the designed elastic bands. This is followed by
Rosmann et al. [11], which developed timed elastic bands
(TEB) to incorporate time and robot’s kinodynamic con-
straints. These methods disregard the traversability of the
terrain around the robot, causing poorer stability on uneven
terrain. To address this problem, we analyse the traversability
of ground as a new constraint into the path optimization
process of TEB algorithm. This approach leads to a smoother
and more comfortable local path planning.

III. METHOD

In this section, we introduce our framework designed to
leverage strength of multiscale information. Fig. 1 displays
the structure of our multiscale path planning (MPP) method.
The core of our framework is the planning module, which
consists of a three-layer planner. Firstly, the global planner
provides node-based connectivity information and initial
directional guidance, given the road topology. Subsequently,
the mid-layer planner generates a safe path that incorporates
obstacle data, using the circular accessible depth information
provided by the perception module. Finally, our proposed
TC-TEB algorithm in the local planner generates a reli-
able local trajectory that minimizes the vertical oscillation
of UGV by integrating results from feature-based local
traversability analysis.

A. Global Planner

1) Motivation: We can analogize the outdoor navigation
for UGV to the process of people using smartphone navi-
gation apps, such as Google Maps, for road-level planning.
Such a top-down solution approach reduces the complexity
of navigation issues and significantly enhances the efficiency
of the entire planning process. The top-level problem is how
to provide UGV with a general direction. Therefore, we opt
to first construct a global road topology map to provide initial
road connectivity relationships.

2) Road Topology Map: As shown in the global planner
section of Fig. 1, the topology map of road information for
the UGV is an undirected graph. The primary nodes in the
graph are located at corners or intersections, and the cost of
the edges between nodes is calculated using the Euclidean
distance between them. Secondary nodes are inserted at
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Fig. 2. (a) depicts the transformation of the CADNet prediction results into

the cost map. (b) shows the selection of the mid-layer sub-target points. In
(b), the blue area represents the circular area of accessible depth perception,
the red point indicates the accessible depth prediction result for one of the
predicted directions, the green dot signifies the mid-layer sub-target point,
and the purple dot maps the position of the UGV on the global topology
map.

certain intervals between the primary nodes and are used
to position the UGV within the topology map. The primary
nodes are designated by users and the secondary nodes
are generated using the Map Toolbox [29] in Unity. After
specifying a target point, we use graph search algorithms
to find the sequence of node connections required for the
navigation task, based on the secondary node where the UGV
is mapped in the topology graph and the position of the target
node.

The global planner provides directional guidance through
topological nodes, which assists the mid-layer planner in
generating paths.

B. Mid-layer Planner

1) Motivation: Large-scale obstacle avoidance requires
global environmental information [30]. In outdoor navigation
methods [6], [27], global path relies on pre-recorded way-
points is not optimized. They depend on the local planner for
perception and obstacle avoidance, resulting in navigation
failures due to a lack of global perception. To solve this
problem, we propose a mid-layer planner to perceive and
respond to large-scale obstacles. In particular, the mid-layer
planner integrating CADNet [6] into its perception module
for circular accessible depth prediction, constructs a mid-
layer costmap for tracking large-scale obstacles. Given the
global path from global planner and this mid-layer costmap,
the large-scale obstacle collision-free path can be generated.

2) Mid-layer Costmap: To gather information on obsta-
cles within a large-scale range in semi-structured environ-
ments, we use CAD [6] as the perception method for mid-
layer planning. As shown in the mid-layer planner module of
Fig. 1, CAD can predict the border of traversable area using
LiDAR point clouds. This results in a probabilistic distribu-
tion map of accessible depth based on polar coordinate grids.
To enable path planning methods, which typically require
graph searches on cost maps based on Cartesian coordinates,
it is necessary to transform the perceived accessible depth
into a two-dimensional grid costmap. Algorithm 1 outlines
this process.
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In the algorithm, the input S represents a sequence of
LiDAR sensor point clouds, while the output M is a two-
dimensional cost map used for path planning. The variable
frame denotes a single frame of point cloud data. As
shown in Fig. 2 (b), the set D represents the blue area
and d represents the red point. Some functions presented
in Algorithm 1 are described as follows:

o PolarToCartesian(d): Given a point d = (r,¢)

in polar coordinates, the point p, = (xp,y,) Where
Tp = rcose,yp, = rsing in Cartesian coordinates is
returned.

o BaseToOdomTransform(py): Given a point p, =
(2, yp) in the base coordinate system of robot, it returns
the point p, = (Z,,¥,) in the odometry coordinate
system. The calculation formula is (2o, Yo, 2o, 1) = T-
(24, y», 2, 1)T, where T represents the transformation
matrix from the odometry coordinate system to the base
coordinate system.

o WorldToGrid(p): As shown in Fig. 2 (a), a virtual
grid coordinate system is created, with the origin Oy at
the centre of the first cell in the bottom left-hand corner,
and its orientation is the same as that of the odometry
coordinate system. Therefore, the transformation rela-
tionship between it and the odometry coordinate system
can simply be described by the offsets along the x and
y axes, Az and Ay, respectively. Thus, the coordinates
of point p in the grid coordinate system can be obtained
as (x4,yy), Where x5 = 2, — Az, Yy = yo — Ay.
Then, based on the grid resolution s(m/grid), the
indices of the cell (i,5) in the cost map corresponding
to this position can be obtained, where i = [z4/s| and
J = lyg/s].

e SetCost(M,i,7): Using the given indices ¢ and 7,
mark the cost value of the corresponding cell in the
cost map M as occupied.

As shown in Algorithm 1, the process to construct the mid-
layer cost map is as follows: Firstly, each frame is input into
the CADNet to get the maximum accessible depth set D in
the circular region surrounding the UGV. For d = (r,¢) € D
in every direction, calculate its coordinates p, = (xp, yp) in
the Cartesian coordinate system. Apply the transformation
matrix 71" to convert p; into the odometry coordinate system
odom, resulting in coordinates p, = (x,, ¥, ). Finally, based
on the grid resolution s and the offset of the cost grid in
the odometry coordinate system, Ax, Ay, the corresponding
grid coordinates values (i, j) are computed, and the cost map
grid at (¢, 7) is marked as occupied.

3) Path Planning:

a) Sub-target Point Selection: Similar to indoor mobile
robots, mid-layer planning involves a graph search task based
on a grid cost map. However, there is a key difference:
in indoor navigation, target points are typically included
within the global cost map but outdoor navigation scenarios
often span distances of several hundred meters. Given the
perception method CAD has a limited range of about a
dozen meters, this results in target points usually not being
within the coverage of the mid-layer cost map in outdoor

Algorithm 1 PointCloudsToCostMap
1: Input: PointsSeq S
2: Output: Costmap M
3: for frame in S do
D < CADNet(frame)
for d in D do
pp < PolarToCartesian(d)
po + BaseToOdomTransform(p;)
1,7 + WorldToGrid(p,)
SetCost(M, i, )
10: end for
11: end for
12: return M

D A

scenarios. Therefore, it is necessary to dynamically select
sub-target point before initiating mid-layer path planning.
To get a feasible trajectory from the present location of the
UGY, it is imperative that the locales designated for sub-
target points are devoid of impediments. Consequently, we
strategically situate these sub-target points within the range
of the cost map, yet deliberately beyond the periphery of
the perception range, to guarantee unimpeded accessibility
by the graph search algorithm at all times.

b) Planning Steps: As shown in Fig. 2 (b), the mid-
layer path planning consists of three steps as follows: Firstly,
the mapping position of the UGV on the global topological
connectivity node graph is determined. The mapping position
refers to the secondary node obtained from the global planner
that is closest to the UGV’s current position. Subsequent
to the ascertainment of the mapping position, the mid-layer
planning earmarks a corresponding secondary node situated
on the global road as the sub-target point. This selection
is predicated upon a pre-established look-ahead distance.
Finally, the cost map is used to employ a graph search
method to find a path to the mid-layer target. This path is
then passed to the downstream local planner to compute the
control instructions for the UGV.

C. Local Planner

1) Motivation: While CADNet can detect unstructured
obstacles like road shoulders, cones and lampposts, it as-
sumes that smaller obstacles on the longitudinal scale are ac-
cessible. However, small-scale obstacles such as bricks, small
rocks, or small potholes are often preferable to avoid for
safety[6]. Additionally, when UGV navigate through uneven
terrains, terrain traversability considering speed control is
crucial. To address this issue, we propose a more refined local
planner utilizing elevation map as perception module. By
analyzing roughness, slope, and edges in elevation map, we
can gain insights into the traversability of the environment.
Relying on the traversability map, our TC-TEB algorithm can
navigate away from small-scale obstacles and provide speed
control in scenarios with passable but high-cost terrains, such
as speed bumps or highly uneven road surfaces.

2) Local Traversability Analysis: Terrain traversability
analysis is employed using geometric features as the per-
ception method of mid-layer planner. Slope, roughness,
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and edges are selected as terrain attributes to calculate
the traversability of grid g. The elevation values of the
grids within a certain neighborhood centered on grid g; are
recorded as H = {hq,ho,...h;};=1.n. The corresponding
position set is denoted as P = {(x;,y;);j=1.~}, Where N
represents the count of elevation cells in the vicinity. Each
grid cell g; is represented by the position vector x; =
(25,95, s]"

a) Slope: We use the position vector x; to calculate
the slope feature value S;: First, calculate the normal vector
n of the plane using SVD. Then, calculate the slope feature:
S; = arccos(ny).

b) Roughness: We use H and the average value of these
elevation values / to calculate the roughness value R;:

1 _
o1 > (hj —h)2. (1)

Jj=1

R; =

c) Edges: We use the slope feature S; and the average
value of these slope features within the neighborhood S to
calculate the edge feature F;:

N
E; = % > (S - 9)2. 2)
j=1

d) Traversability: FE; mainly reflects the situation
where the terrain is at an edge position, S; focuses on the
changing trend of the ground, and R; shows the difference
between the cell and the surrounding terrain. Then we fuse
the three features to calculate the traversability value U; as

follows:
Uizl—wli—wQL—wgi. (3)

Serit Terit Ecrit

The lower the value of U, the higher the potential undu-
lation of the UGV’s body. Here, s, r, and e represent slope,
roughness, and edge values, respectively; w1, wa, and ws are
three weights with a sum of 1; values Scrit, Terit, and eqi¢ are
the set maximum allowable values for the three geometric
factors of slope, roughness, and edge values, respectively. If
one of the terrain features s, r, or e exceeds its critical value,
then U; is set to 0. The traversability value U; = 1 indicates
free passage, while U; = 0 denotes impassable terrain.

3) Terrain-Considering TEB Algorithm: The TC-TEB al-
gorithm was proposed to address the local trajectory planning
problem in semi-structured scenes. Its aim is to enhance the
body stability of UGV in uneven terrain. The algorithm’s
framework is based on the TEB [11] algorithm, which
constructs various problems in path planning as constraint
edges within a hypergraph structure. The TEB algorithm
obtains the optimal trajectory through graph optimization.

Our algorithm retains the original constraint items of the
TEB algorithm as shown in Fig. 3 (a). Based on the terrain
traversability value mentioned previously, we have added
a terrain-velocity constraint cost function f, ¢, into the
TEB algorithm, as illustrated in Fig. 3 (b). Terr is depicted
for the sake of visualization only and it is not subject to
optimization. It connects adjacent pose nodes p; and p;4

Fig. 3.
the TEB and the TC-TEB algorithms. (a) displays the complete constraint
edges used in the TEB algorithm, and (b) shows only the newly added
constraint edges in the TC-TEB algorithm. The blue double circles in the
figure represent terrain factors related to the current pose, denoted by Terr.

Comparison of the hypergraphs of the objective functions used in

along with a node representing the time difference dt; ;11
between them, and the terrain related to the pose node p;.
The computation method of the f, e cost function is as
follows:

—U — Umax_, lf v < ~Umax_
fv,terr(va 'Umax,) = 0, otherwise @)
U — Umax., If U > Upax_.

The cost function f, ;¢ is composed of two parts: one
for linear velocity v and its proportionally scaled maximum
Umax.» and another for angular velocity w and its scaled
maximum wpax_. Both parts follow a similar calculation
approach but are distinct in their maximum boundary values,
Umax and wmax. The specific formulas for these calculations
are detailed below:

Umaz. = TAtL0 * Upmaw ®))

where ratio is the reduction ratio for the maximum linear
velocity vmax and the maximum angular velocity wp,x, cal-
culated based on the terrain cost value cost, near the pose
p;. The calculation of ratio is as follows:

Th, if cost, < cost;
ratio=< (1 — %)(rh — 17)+7r;, otherwise
r, l ' if costy, > costy,.
(6)

In Eq. (6), costy, costy, rp, and r; are parameters we have
set, where costy and cost) represent the upper and lower
boundaries of the terrain cost value cost, in the terrain-
velocity constraint calculation, r;, and r; are the upper and
lower limits of ratio.

The calculation of cost, is as follows: Given the UGV’s
pose p;, wheelbase L, track width S, and orientation 6, the
poses of the four wheels of the UGV at pose p; can be
calculated. Subsequently, the grid coordinates in the cost
map at these wheel poses can be determined, obtaining their
respective cost values, denoted as costy;, costy,, cost,;, and
cost,.,.. We use the following formula to calculate the terrain
cost value cost,, at pose p;:

cost,, = (costy; + costy, + cost,, + costy) /4. (7)
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Fig. 4. Our experimental platform, Scout 2.0 is a four-wheeled differ-

ential mobile robot equipped with WT-GAHRS1 IMU, RS-LIDAR-MI1,
and Velodyne VLP-16 LiDAR. The onboard computer used for executing
computational processes features an i5-9400H CPU and a GTX-1650 GPU.
The sensor configuration in both the simulated and real environments is
consistent. The VLP-16 LiDAR is mounted at the center of the UGV, 0.8
meters from the ground, while the RS-LiDAR-M1 is positioned at the front
of the UGV, angled downward by 15 degrees.

IV. EXPERIMENTS

In this section, to demonstrate the feasibility of our MPP
method in practical applications, we conducted comprehen-
sive navigation experiments in both simulated and real-world
scenarios, as shown in the supplemental video. Furthermore,
through ablation experiments, we have shown the necessity
of incorporating a mid-layer planner and the effectiveness of
the local planner in optimizing speed.

A. Comprehensive Navigation Experiment

We deployed the MPP method on the experimental plat-
form as shown in Fig. 4 and conducted comprehensive
navigation experiments across multiple scenarios.

1) Setups:

a) Scenarios: We set up four scenarios, including
driveway with speed bumps, sidewalk, underground garage
with ramp and uneven dirt road. Among them, driveway,
sidewalk, and garage are real-world scenarios, whereas dirt-
road is a simulated scenario. The sidewalk contains negative
obstacles such as curbs, along with small-scale obstacles like
bricks and small wooden blocks, while the garage ramp and
simulated dirt road have undulating surfaces. Each method
was experimented 15 times within each scenario.

b) Metrics: We evaluate the navigation performance
using four metrics: collision, success rate, average speed
and vertical oscillation. Collisions are categorized into three
categories based on the scale of the obstacles: large, small,
and other. Success rate is defined as the ratio of the number
of times the UGV reaches its navigation target without any
collisions. Different obstacles arising in various sections of
each test scenario introduce uncertainty in the success rate
even within the same scenario. Average speed is calculated
as the mean velocity of the UGV across all successful
navigation tests. Vertical oscillation is measured by the
standard deviation of the z-axis acceleration recorded by the
IMU sensor throughout all successful navigation tests.

c) Baselines: Two effective autonomous navigation
methods, Autoware [4] and CAD [6], were selected as
baselines for comparison. In the navigation experiments
of CAD, the TEB [11] algorithm was employed as local

TABLE I
QUANTITATIVE COMPARISON OF DIFFERENT NAVIGATION METHODS
THROUGH REAL-WORLD AND SIMULATED EXPERIMENTS.

Scenarios  Methods Obstacle Collisions Success Avg. Vertical
Large Small Other Rate Speed (m/s) Oscillation
Autoware [4] 1 2 4 53.3% 0.95 0.98
Driveway  CAD [6] 3 2 0 66.7% 0.98 1.03
MPP (Ours) 0 0 0 100% 0.91 0.73
Autoware [4] 6 9 0% - -
Sidewalk ~ CAD [6] 5 0 66.7% 0.93 0.24
MPP (Ours) 0 0 100% 0.88 0.18
Autoware [4] 2 4 60% 091 2.38
Garage CAD [6] 4 0 73.3% 0.95 2.43
MPP (Ours) 0 0 100% 0.83 1.78
Autoware [4] 4 8 3 0% - -
Dirt-Road  CAD [6] 5 8 0 13.3% 0.89 2.89
MPP (Ours) 0 0 0 100% 0.77 1.41

planner. Autoware is a navigation framework that relies on a
pre-constructed high-definition map for autonomous driving
positioning and global planning, with its perception module
based on PointPillars.

2) Results and Analysis: Table I presents the quantitative
results of the navigation experiment. In Autoware, the posi-
tions of curbs in the high-definition map are predefined, and
its perception module cannot detect negative obstacles such
as curbs. Therefore, any deviation in positioning could cause
Autoware to fall off the curbs. Furthermore, the 3D detection
based Autoware is unable to detect small-scale obstacles such
as bricks and wooden blocks, as well as terrain undulations.
This leads to frequent collisions with small-scale obstacles,
some of which lead to navigation failures, and maintaining a
relatively high speed in undulating terrain, which increases
the value of vertical oscillation.

CAD uses the prediction results from CADNet to avoid
collisions with other obstacles. However, CAD experiences
can get trapped in corners of large-scale obstacles due to
the limitations of the traditional global-local path planning
navigation framework. Similar to Autoware, it exhibits an
inability to detect smaller obstacles, including bricks and
small wooden blocks, as well as a failure to detect terrain
undulations. Consequently, its behavior in navigating scenar-
ios characterized by small obstacles and terrain undulations
mirrors that observed with Autoware.

In contrast, our multiscale navigation framework, MPP,
integrates a mid-layer planner to avoid large-scale and nega-
tive obstacles in advance, preventing the system from getting
stuck. The local planner, based on terrain traversability
analysis, enhances the reliability of the mid-layer path,
navigating around small-scale obstacles. Furthermore, the
TC-TEB algorithm enables the UGV to reduce speed ap-
propriately while navigating undulating slopes, dirt roads,
and speed bumps, thereby enhancing vehicle stability during
travel. The method was tested and did not collide with any
obstacles, achieving the highest navigation success rate and
the minimum degree of oscillation.

B. Mid-layer Path Planning Experiment

As shown in the Fig. 5, we tested the necessity of adding a
mid-layer planner in an outdoor scenario. In the experiments

5502



Fig. 5. Mid-layer planner experiment. The point clouds are represented by
colourful dots, while the light blue areas indicate the border of traversable
area predicted by CADNet [6]. The global path is represented by a blue line,
while the local trajectory planned by the TEB [11] method is illustrated by
a sequence of red arrows. The mid-layer path is shown with a green curve.

shown in Fig. 5 (a), the SUV blocks the way. As shown in
Fig. 5 (b), the local trajectory planned by the TEB algorithm
is interrupted by the large-scale obstacle. Fig. 5 (c) shows
experiments using our proposed MPP framework, which
includes a mid-layer planner. The planned path of the mid-
layer enables the UGV to navigate around the large-scale
obstacle in advance and successfully complete its navigation
mission, guiding the UGV to successfully navigate around
the obstacle.

The experiments above demonstrate that incorporating
mid-layer planning significantly enhances the traditional
global-local path planning framework for handling large-
scale obstacles.

C. Local Path Planning Experiment

We also tested the effectiveness of the local planner in real-
world scenarios. Fig. 6 shows the perception results gener-
ated at the garage ramp and the sidewalk. At the garage ramp,
CAD [6] is able to perceive slender bollards and surrounding
walls as obstacles, but it fails to detect changes in slope
gradient and terrain undulations. However, the local pass-
ability map reveals a significant difference in traversability
values between undulating slopes and flat surfaces. The CAD
and local traversability map both successfully detect curb
edges and street lamps at the sidewalk, preventing the UGV
from falling off. However, the CAD’s perception results fail
to identify small-scale obstacles on the sidewalk, such as
bricks and small wooden blocks, which are clearly marked
in the local traversability map. Local traversability analysis
can compensate for some of the perception results missed by
the mid-layer, making the perception more reliable.

Fig. 6. Mid-layer perception and local perception effects in two unstruc-
tured scenarios, with the left side depicting a sidewalk and the right side
showing an unevenly undulating garage ramp. The dashed lines in the picture
outline the utility pole, bricks, and ramp respectively.
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Fig. 7. Comparison of velocity and traversability curves between TC-TEB
and TEB Algorithms when traversing uneven terrain. Fluctuations in the
traversability curve indicate the presence of terrain undulations.

Fig. 7 shows the navigation performance of an UGV
traversing an irregular terrain, facilitated by the TC-TEB
local path planning algorithm. It is discernible that the
algorithm modulates the vehicle’s linear velocity in response
to varying levels of traversability. We can observe a reduction
in speed as the traversability diminishes.

V. CONCLUSION

In this paper, we introduce a novel multiscale path
planning framework (MPP) for UGV navigation in semi-

5503



structured environments. By incorporating a mid-layer plan-
ner into the conventional structure of global-local indoor
navigation framework, we effectively solved the challenges
posed by large-scale obstacles in semi-structured settings.
We enhance the ability of navigation framework to per-
ceive small-scale obstacles by utilizing the result of local
traversability analysis generated from a combination of geo-
metric features of elevation maps. Additionally, by integrat-
ing this with the TEB algorithm, we proposed a new local
path planning algorithm, the TC-TEB algorithm, which links
terrain undulation with velocity to improve the stability and
safety of the UGV on uneven terrain. Experiments conducted
in various semi-structured scenarios validate the advantages
of our navigation framework.
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