
  

 
Fig. 1. Framework for MTraMap generation. The framework employs 
self-supervised learning to pre-train UniTraT from ground robot travel 
simulation and distills MultiTCNN using UMTraDistill.  

 

Abstract— In complex unstructured environments, accurate 
terrain traversability analysis is a fundamental requirement for 
the successful execution of any movements of ground robots, 
especially given that terrain traversability often exhibits 
anisotropy. However, the difficulty in obtaining 
multi-directional terrain labels hinders the emergence of 
end-to-end multi-directional traversability network. This paper 
introduces a framework for real-time multi-directional 
traversability maps (MTraMap) generation tailored for 
unstructured environments. It involves pre-training a 
uni-directional traversability classifier, termed UniTraT, 
through self-supervised learning using ground robot travel 
simulation. Furthermore, it employs Uni-directional to 
Multi-directional Traversability Distillation (UMTraDistill) to 
distill a multi-directional traversability network, termed 
MultiTCNN, which is capable of directly generating MTraMap. 
We evaluated both networks on our traversability dataset, 
achieving an 89% accuracy in terrain traversability 
classification with the UniTraT. Compared to UniTraT, the 
accuracy of the MultiTCNN distilled via UMTraDistill only 
decreases by 1.8%, and it can process 10 m × 10 m elevation 
map at a speed of 74 fps. Field robotics experiments were also 
conducted and showed that MultiTCNN can generate 
MTraMap of the surrounding 20 m × 20 m environment at a 
rate of 9.39 fps, with a slight reduction of 0.61 fps compared to 
the lidar data publishing rate, and the generated MTraMap can 
clearly delineate the multi-directional traversability of the 
surrounding environments. 

Index Terms—Foundations of automation, autonomous 
vehicle navigation, task planning. 

I. INTRODUCTION 

Autonomous navigation of ground robots in unstructured 
environments is an extremely challenging task, especially in 
fields such as agriculture, mining, planetary exploration, and 
wilderness rescue, where terrain conditions often exhibit 
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complexity and variability. Consequently, autonomous 
navigation of robots in unstructured environments has 
garnered significant attention from organizations like DARPA, 
NASA, and ESA, leading to many famous initiatives such as 
the Subterranean Challenge [1], Space Robotics Challenge [2], 
and ExoMars program [3]. Terrain traversability analysis 
serves as the foundation for robot navigation in such 
environments, representing the capability of robot to safely 
traverse various complex terrains [4]. 

However, current research predominantly focuses on how 
to determine the uni-directional traversability of terrain, often 
optimistically assuming uniform traversability in all directions 
[5]-[7], while neglecting potential variations in the robot’s 
capability to traverse regions in different directions. 
Particularly in unstructured environments with steep slope and 
narrow path, terrain traversability often exhibits significant 
directional differences, known as anisotropy. For instance, on 
steep slope, ground robot may be able to descend but not 
ascend, as shown in Fig. 1. Multi-directional traversability 
maps (MTraMap) aid robots in considering the traversability 
of each location within the forward area from multiple 
directions when navigating complex terrains. This allows 
robots to find more optimal paths based on finer-grained 
traversability information. However, whether in real-world or 
simulated environments, obtaining traversability labels for a 
region in multiple directions is challenging, hindering the 
emergence of end-to-end multi-directional traversability 
network. 

To acquire multi-directional terrain traversability, current 
methods typically involve training a uni-directional 
traversability classification or regression network, inputting 
the region into the network, and obtaining traversability for 
different directions through input rotation. Subsequently, to 
generate MTraMap of the surrounding environment, sliding 
window and rotating region on a global terrain map are 
applied to calculate traversability for different directions 
region by region [8] [9]. This method limits the ability to 
perform real-time traversability generation over large areas. 
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This paper proposes a real-time MTraMap generation 
framework for ground robots in unstructured environments, as 
shown in Fig. 1. The framework employs self-supervised 
learning to pretrain a uni-directional traversability classifier 
and Uni-directional to Multi-directional Traversability 
Distillation (UMTraDistill) to distill a multi-directional 
traversability network without manual labeling. The distilled 
multi-directional traversability network can be used in 
real-time for MTraMap generation in unstructured 
environments. The main contributions of our work are as 
follows: 
 A framework for real-time MTraMap generation in 

unstructured environments is proposed. The framework 
enables end-to-end MTraMap generation network to be 
obtained without manual labeling. The obtained network 
can achieve 87% accuracy on our traversability dataset 
and is able to process 10 m × 10 m elevation map at a 
speed of 74 fps. In addition, field robotics experiments 
were conducted and showed that MultiTCNN can 
generate MTraMap of the surrounding 20 m × 20 m 
environment at a rate of 9.39 fps, with a slight reduction 
of 0.61 fps compared to the lidar data publishing rate, and 
the generated MTraMap can clearly delineate the 
multi-directional traversability of the surrounding 
environments. 

 A novel comprehensive definition of traversability map is 
provided, which takes into account both safety and 
directionality aspects for ground robots, guiding them to 
explore safely in unstructured environments where 
specific directional access is allowed. 

 A transformer-based uni-directional traversability 
classification network is proposed, which introduces a 
self-attention mechanism to learn the relationship 
between ground robot’s uni-directional traversability and 
the heights at various positions in terrain elevation patch. 
Additionally, a gradient encoding module is introduced to 
preprocess elevation data. 

 A real-time multi-directional traversability network 
designed based on the required perceptual range for 
traversal is proposed, which can be utilized for 
multi-directional traversability classification of terrain 
elevation patch and is also capable of direct generation of 
MTraMap based on elevation map. 

II. RELATED WORK 

Accurately analyzing terrain traversability is crucial for 
autonomous navigation of ground robots in unstructured 
environments. Existing terrain traversability methods can be 
broadly categorized into two main classes: traditional methods 
and deep learning methods. Traditional methods often rely on 
simple features or rules, such as roughness, slope, and step 
height [10], [11] extracted from point cloud or elevation map, 
or visual features like color, texture, and SURF [12]-[14] 
extracted from image, to analyze terrain traversability. In 
contrast, deep learning methods leverage neural networks to 
automatically learn deep features in terrain data and associate 
them with traversability for prediction. 

Data-driven deep learning methods depend on extensive 
data support. Over the past decade, numerous terrain semantic 
datasets [15]-[17] for research on unstructured terrain 
traversability have been released. These datasets are manually 
labeled, but they do not encompass the actual traversability 

capabilities of robots. Accurately labeling the actual 
traversability capabilities of robots is challenging. Therefore, 
in recent years, many methods have employed self-supervised 
learning to directly learn terrain traversability from the 
interaction between robot and terrain. Some research involves 
real-world experiments where robots interact with terrain, 
associating their internal sensor data (e.g., data from odometry 
[18], IMU [19], force-torque sensor [20], or acoustic sensor 
[21]) with external sensor data to learn a terrain classifier for 
external sensor data. 

Considering that traversability methods tend to make 
overconfident predictions for out-of-distribution samples and 
it is challenging to collect negative sample data in real-world 
environments (due to the risk of robot damage in hazardous 
areas), some research has attempted to learn robot 
traversability from simulated environments. They place robots 
in various terrains for experimentation and learn a 
uni-directional terrain classifier [8], [22], [23] or a 
uni-directional regressor for traversability-related metrics [9] 
from the dynamic feedback of robot. Subsequently, different 
directions of traversability are obtained by rotating input 
regions and feeding them into the network. A sliding window 
approach is applied to calculate traversability for each region 
individually on a global terrain map, resulting in the 
generation of a global traversability map. However, 
calculating multi-directional traversability on a large area on a 
region-by-region basis is difficult to accomplish in real-time. 
Generating MTraMap in real-time is still an area that has not 
been fully explored. 

III. FRAMEWORK FOR MTRAMAP GENERATION 

In this section, we propose a MTraMap generation 
framework for unstructured environment. This framework 
employs self-supervised learning through ground robot travel 
simulation for a uni-directional traversability classifier and 
utilizes UMTraDistill to distill a multi-directional 
traversability network for generating MTraMap. The 
following content will provide a detailed description of our 
framework. 

A.  Definition of Traversability Map 
The definition of the Directional Traversability Map 

(DTraMap), is provided in this section, which represents the 
traversability of ground robot through terrain in a specific 
direction. For each grid cell in the DTraMap, its traversability 
is defined as the ability of the ground robot’s front-end center 
point to safely traverse from one end of the grid cell to the 
other end in a specific direction while not exhibiting excessive 
lateral displacement. Since it is not convenient to represent the 
traversability in multi-direction using rectangular grid cell, the 
traversability of its circumcircle is used as an approximate 
substitute for the traversability of the corresponding grid cell. 
The traversability definition of the circumcircle is consistent 
with that of the rectangular grid cell. It is particularly 
noteworthy that, due to the fact that the circumcircle of the 
grid cell encompasses the grid cell, when the circular area is 
traversable in a certain direction, the corresponding grid cell in 
that direction is also traversable, whereas the opposite may not 
hold true, as shown in Fig. 2 (a). This is a safe approximation 
substitute. The MTraMap is composed of the DTraMap from 
different directions and is used to represent the traversability 
of all grid cells for terrain in various directions. 
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(a) (b)  

Fig. 2. Uni-directional and multi-directional traversability of a grid cell. 

The terrain area covered by the robot as it traverses from 
one end of the circular area to the other is referred to as the 
required perception range for uni-directional traversal. The 
corresponding uni-directional elevation patch is taken as input 
for the uni-directional traversability network, as shown in the 
green region of Fig. 2 (a). Furthermore, due to variations in the 
robot’s starting point and traversed area in different directions, 
the required perceptual range for traversal also differs in 
various directions, as shown in the orange region of Fig. 2 (b). 
The perceptual range required for multi-directional traversal is 
the union of these individual uni-directional perceptual ranges, 
with the corresponding multi-directional elevation patch taken 
as input for the multi-directional traversability network, as 
shown in the blue region of Fig. 2 (b). 

B. Uni-directional Traversability from Simulation 
Obtaining uni-directional traversability from simulation 

involves ground robot travel simulation and traversability 
label converter. Ground robot travel simulation enables the 
interaction of robot with terrain, thus providing motion 
trajectories and pose data for robot in different terrains. 
Meanwhile, the traversability label converter transforms the 
robot’s trajectory and pose data into uni-directional 
traversability labels by integrating safety and traversability 
rules, thus generating a dataset of uni-directional 
traversability. 

1) Ground Robot Travel Simulation: The travel simulation 
of ground robot in terrain scenarios can be divided into two 
steps. Firstly, the robot will be randomly placed at different 
locations within the terrain environment and assigned a 
random orientation, after which it will be required to remain 
stationary for a period of time. Subsequently, the robot will be 
guided to move at a constant speed v, within the terrain 
environment. During these two processes, real-time tracking 
of the robot’s trajectory and pose data will be carried out to 
obtain static placement data and dynamic movement data, 
respectively. The scenarios and processes of the simulation are 
shown in Fig. 3. 

2) Traversability Label Converter: The traversability label 
converter transforms the collected data into traversability 
labels corresponding to the terrain areas where the robot is 
intended to move. Firstly, static placement data is analyzed. 
When the robot is statically placed, it is essential to ensure that 
the robot does not roll, tip over, or experience significant 
displacement in the terrain. If the absolute value of the robot’s 
Roll angle or Pitch angle exceeds the threshold values rollthre  
and pitchthre , or if the robot’s displacement after placement 

exceeds distthre , the robot placement area is considered 
statically unsafe, and the area in front of it is marked as 
non-traversable. Conversely, if the above conditions are not 
met, the area is classified as statically safe. Subsequently, an 
evaluation is performed on the dynamic movement data 
corresponding to statically safe areas. A region is considered 
traversable only when the robot can traverse it within the 
specified time while maintaining safety (no rolling or tipping 
over). During its movement, if the absolute value of the 
robot’s Roll angle and Pitch angle are both below the 
threshold values rollthre  and pitchthre , and it traverses the area 
within time T while having lateral displacement less than the 
threshold value lateralthre , the area is considered traversable. 
Otherwise, it is deemed non-traversable. 

C. Network Architecture for Traversability 
1) Uni-directional Traversability Transformer (UniTraT): 

UniTraT is employed within the uni-directional traversability 
network. UniTraT primarily consists of four key components: 
height embedding, positional encoding, transformer encoder 
[24], and MLP head, as shown in Fig. 4. This network is 
designed for uni-directional traversability classification of 
terrain elevation patch, determining whether the 
corresponding grid cell is uni-directionally traversable. 

In the height embedding, the input terrain elevation patch 
is first processed using gradient encoding module, where the 
elevation at each position, except the edges, is encoded into 
gradients in eight adjacent directions. Subsequently, a gradient 
normalization operation is applied by subtracting the gradient 
mean grad  and dividing by the gradient standard deviation 

grad , resulting in gradient sequences. Finally, a trainable 
linear projection is employed to map the 8-dimensional 
gradient sequences into a 128-dimensional embedded 
sequences. 

Following this, a learnable traversability token is added to 
the embedded sequences, followed by positional encoding to 
preserve positional information within the embedded 
sequence in the terrain. Subsequently, the sequence with 
positional encoding is input into the transformer encoder. The 
transformer encoder comprises three transformer encoding 
layers. Each transformer encoding layer encompasses 
multi-head self-attention, layer normalization, and multilayer 
perceptron (MLP) operations. In these layers, the 
self-attention mechanism enable interactions between 
gradients at each terrain position (or traversability token) with 
gradients at all other positions, capturing the relationship 

 
Fig. 3. Travel simulation of ground robot. The robot is placed in various 
terrains and positions and performs linear movement. 
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between the robot’s traversability within elevation patch and 
terrain gradients. 

Ultimately, the traversability token vector encoded by the 
transformer encoder is fed into the head with MLP for 
traversability prediction. The final traversability category 
probability output is obtained through the Softmax function. 

2) Multi-directional Traversability Convolutional Neural 
Network (MultiTCNN): The multi-directional traversability 
network utilizes the MultiTCNN. This network comprises 
three components: height preprocessing, backbone, and head, 
as shown in Fig. 4. MultiTCNN can be used for 
multi-directional traversability classification of terrain 
elevation patch and for generating MTraMap of terrain 
elevation map.  

In the height preprocessing, similar to UniTraT, terrain 
elevation map is fed into the gradient encoding module for 
encoding, followed by the gradient normalization, resulting in 
an 8-channel gradient maps. The backbone employs five 
convolutional layers and residual blocks [25] to process these 
gradient maps, extracting high-dimensional features of the 
terrain, and generating feature maps. The head utilizes Hybrid 
Dilated Convolution (HDC) [26] to process the feature maps, 
simultaneously expanding the receptive field of network [27]. 
Subsequently, a 1×1 convolutional layer is used to predict 
multi-directional traversability, resulting in 16 channels of 
prediction maps. Finally, Pairwise Softmax is applied 
individually to each pair of channels in each direction, 
yielding eight directional traversability and non-traversability 
probability maps. 

It is worth emphasizing that the overarching design 
objective of the entire network is to simultaneously cater to 
both multi-directional traversability classification of terrain 
elevation patch and MTraMap generation for elevation map. 
To achieve this, the receptive field of the network has been 
carefully crafted to match the required perception range for 
multi-directional traversal, with the added feature that no 
padding operation is employed across all convolutional layers. 
When elevation patch is inputted into the network, the output 
consists of 16 values, which represent the traversability and 
non-traversability probabilities of the corresponding grid cell 
in eight different directions. When elevation map is used as 
input, the network generates 16 maps, which represent the 
traversability and non-traversability probability maps in eight 
different directions across the elevation map. 

D. Uni-directional to Multi-directional Traversability 
Distillation 
In order to obtain the MultiTCNN network for generating 

MTraMap, UMTraDistill is employed. MultiTCNN serves as 
the student model, while UniTraT serves as the teacher model. 
The UniTraT model is utilized to perform uni-directional to 
multi-directional traversability distillation on the MultiTCNN. 

As shown in Fig. 4, firstly, the uni-directional labels 
transformed by the traversability label converter, along with 
their corresponding uni-directional elevation patches (the 
green region), are utilized for the pre-training of the teacher 
network. Subsequently, the trained teacher model is employed 
to predict uni-directional elevation patches from the same grid 
in eight adjacent directions (the orange region), resulting in 
eight-directional traversability and non-traversability 
probabilities. These probabilities are then used as soft labels 
for the student model and are employed in conjunction with 
their corresponding multi-directional elevation patches (the 
blue region) for the distillation of the multi-directional 
traversability network. 

During the pre-training of the teacher model, the 
cross-entropy loss [28] is employed. Meanwhile, in the 
uni-directional to multi-directional traversability distillation 
process, the Kullback-Leibler divergence (KLD) loss [29] is 
employed to quantify the differences in the probability 
distribution of traversability between the teacher network and 
the student network in eight directions. 

IV. EXPERIMENTAL RESULTS 

A. Simulation and Experimental Setup 
1) Simulation Setup: Physical simulations were conducted 

using the Gazebo simulator and the ODE physics engine [30]. 
Ground robot simulations were performed on 299 simulated 
terrains, encompassing elements of unstructured environments 
such as stair, ramp, pothole, rugged terrain, desert, and 
mountain, as shown in Fig. 3. Each terrain is sized at 21 m × 
21 m, with heights ranging from 0 to 2 m. The dynamics of the 
Hunter SE robot (of size 82 cm × 69 cm × 68 cm) were 
modeled in gazebo to match the real robot, its motion was 
controlled at a velocity of 0.2 m/s, and data was collected at a 
rate of approximately 50 Hz. 

 
Fig. 4. Traversability networks and uni-directional to multi-directional traversability distillation. DCBRx denotes the dilated convolution layer, which is 
converted to the conventional convolution layer when the dilation rate is one. 
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2) Network Training: In all the experiments described 
below, the elevation map has a grid resolution of 4 cm × 4 cm, 
which is fine enough to represent the terrain. In the 
traversability label converter, roll 45thre   , pitch 45thre   , 

distthre  = 50 cm, T = 0.8 s, and lateralthre  = 6 cm. The 
uni-directional traversability dataset transformed by the 
traversability label converter includes 1098 k training samples, 
236 k validation samples, and 236 k testing samples. In 
gradient normalization, grad  = 0 cm and grad  = 6.41 cm. The 
inputs to the networks are elevation patches that have a larger 
perceptual range than required by their respective 
traversability. UniTraT has an input size of 27 grids × 27 grids, 
while MultiTCNN has an input size of 45 grids × 45 grids. 
Adam [31] optimizer with a momentum of 0.9 was employed 
for all networks. UniTraT was trained with a batch size of 540, 
80 epochs, utilizing a cosine learning rate decay [32] starting 
at 0.0005 and a minimum learning rate of 0.000005. 
MultiTCNN was trained with a batch size of 120, 96 epochs, 
employing a cosine learning rate decay starting at 0.001 and a 
minimum learning rate of 0.00001. Training was conducted on 
four NVIDIA Tesla P100 GPUs with 16GB memory.  

B. Performance of Traversability Networks 
1) Performance Metrics of UniTraT and MultiTCNN: The 

classification accuracy and inference speed of the UniTraT 
and MultiTCNN networks were evaluated. Since the dataset 
contains only uni-directional traversability labels, the 
performance metrics for the multi-directional traversability 
network were validated individually for each uni-directional 
traversability accuracy. The speed of MTraMap generation for 
uni-directional traversability network is the speed of 
calculating the multi-directional traversability values 
region-by-region at the elevation map using the sliding 
window and rotating region methods. 

As shown in Table I, UniTraT network achieved an 
accuracy of 89% on both the validation and test sets, 
indicating that UniTraT, which utilizes the gradient encoding 
and the transformer encoder, can effectively learn the 
relationship between terrain elevation patch and traversability 
and correctly classify traversability. In comparison, 
MultiTCNN exhibited a slight decrease in accuracy of only 
1.8%, indicating that knowledge of traversability learned by 
the uni-directional network can be effectively transferred to 
the multi-directional network through UMTraDistill.  

Furthermore, the end-to-end MultiTCNN demonstrated 
excellent real-time performance, with an inference speed of 74 
fps for 10 m × 10 m elevation map and 33 fps for 15 m × 15 m 
elevation map. This performance significantly surpasses the 
region-by-region computation speed of UniTraT, which is less 
than 0.001 fps. Consequently, MultiTCNN is highly suitable 
for real-time MTraMap generation.  

TABLE I 
CLASSIFICATION ACCURACY AND INFERENCE SPEED OF THE NETWORKS. THE 

SPEEDS WERE MEASURED ON NVIDIA JETSON AGX ORIN. 

Network valAcc  testAcc  clsFPS  10mFPS  15mFPS  

UniTraT 89.24% 89.29% 180 <0.001 

MultiTCNN 87.42% 87.53% 199 74 33 

2) Evaluation of MultiTCNN: MultiTCNN was validated 
on unstructured terrains in simulation, and the MTraMap, as 
shown in Fig. 5 and Fig. 6, reveal distinct traversability 
characteristics in different directions. On flat terrains and 
gentle slopes, all directions are considered traversable. 
However, when encountering large obstacles, all directions 
are deemed non-traversable. For steep slope, narrow path, and 
large step, only certain directions are considered traversable. 
Following are some typical case analyses. 
Traversability of steep slope. Steep slope is regarded as 
non-traversable when moving uphill and traversable when 
moving downhill, as shown in Fig. 5 (c) and Fig. 6. This aligns 
with real-world conditions. 
Traversability of narrow path. In the case of narrow path, 
only the direction parallel to the narrow path allows traversal, 
as shown in Fig. 5 (a) and Fig. 6. Furthermore, placing the 
robot at the extreme left of the traversable area within the 
narrow path positions it precisely at the left edge. When 
placing the robot at the extreme right of the traversable area 
within the narrow path, despite its tilted pose, it can move 
straight through the area, confirming the accuracy of the 
traversability calculation. 
Traversability of large step. At the edge of large step, it is 
considered an obstacle when moving in the direction from 
below the step going upward, and it is deemed non-traversable. 
Conversely, when moving in the opposite direction, it is 
considered a cliff, and the transition area is considered 
traversable. Considering that the grid represents whether the 
robot’s front-end center point can safely traversal, in this case, 

 
Fig. 5. Unstructured terrain and robot traversability demonstration on steep 
slope, narrow path, and large step specific areas. 

 
Fig. 6. Traversability maps in eight directions. Redder areas are harder to 
traverse, greener areas are easier. The brown areas mark regions of unknown 
traversability due to incomplete determination at raster edges. 

 
Fig. 7. Hunter SE robot used for experiment. Hunter SE is equipped with a 
Livox Avia lidar, a Vision-RTK 2 positioning sensor to provide point cloud 
and pose data for the elevation mapping method, and an Nvidia Jetson AGX 
Orin mainboard to run all methods. 

18374



  

the robot’s front center point can indeed safely reach the edge 
of the step without falling, as shown in Fig. 5 (b). 

C. Field Robotics Experiments 
1) Effectiveness of MTraMap: We conducted experiments 

on MultiTCNN in a rugged quarry using the Hunter SE robot. 
The Hunter SE is equipped with a Livox Avia lidar, 
Vision-RTK 2 positioning sensor, and Nvidia Jetson AGX 
Orin mainboard, as shown in Fig. 7. A GPU-based elevation 
mapping method [33] was employed to provide elevation 
map inputs for MultiTCNN. This method utilizes point cloud 
and robot pose data, leveraging the GPU for real-time and 
efficient elevation map construction. 

As shown in Fig. 8, despite the noticeable error in the 
elevation map constructed in challenging terrains, proposed 
method can still clearly delineate areas that are traversable. 
Slightly rough terrain is considered traversable, as shown in 
the brown regions of Fig. 8. Meanwhile, thick vegetation is 
deemed non-traversable, as shown in the black regions of Fig. 
8 (a). For steep slopes, the generated traversability map 
exhibits excellent multi-directionality, as shown in Fig. 8 (b). 
In the blue region, the upward direction is deemed 
non-traversable, while the downward direction is traversable. 
In the orange region, the left direction is non-traversable, 
while the right direction is traversable. The robot can easily 
descend steep slopes, but ascending them is more challenging, 
which aligns with real-world conditions. Furthermore, both 
upward and downward directions in the orange region are 
non-traversable because the robot may risk tipping over at the 
edges of steep slopes.  

2) Speed of MTraMap Generation: We also tested the 
generation speed of MTraMap in the quarry, as shown in 
Table Ⅱ . The MultiTCNN exhibits outstanding real-time 
performance, capable of generating MTraMap at a rate nearly 
matching the lidar data publishing rate. It generates MTraMap 
for the surrounding 10 m × 10 m environment at a rate of 9.93 
fps, with only a minimal decrease of 0.07 fps compared to the 
lidar data publishing rate and a decrease of 0.01 fps compared 
to the elevation map construction rate. At a rate of 9.39 fps, it 
generates MTraMap for the surrounding 20 m × 20 m 
environment, with a slight reduction of 0.61 fps compared to 
the lidar data publishing rate and a decrease of 0.48 fps 
compared to the elevation map construction rate. 

TABLE Ⅱ 
GENERATION SPEED OF MTRAMAP. sensorFPS  IS THE PUBLISHING RATE OF 

LIDAR DATA, eleFPS  IS THE SPEED OF ELEVATION MAP CONSTRUCTION, AND 

traFPS  IS THE SPEED OF MTRAMAP GENERATION. 

Elevation map size sensorFPS  eleFPS  traFPS  
10m×10m 

10 
9.94 9.93 

15m×15m 9.91 9.90 
20m×20m 9.87 9.39 

V. CONCLUSION 
In this work, we propose a comprehensive framework for 

MTraMap generation tailored for unstructured environments, 
which distills MultiTCNN to generate traversability maps for 
robots in multiple directions in real-time. To achieve this goal, 
we pre-train UniTraT in a self-supervised manner through 
ground robot travel simulation. Subsequently, we employ 
UMTraDistill to distill MultiTCNN. We evaluate both 
networks on our traversability dataset, achieving an 89% 
accuracy in terrain traversability classification with the 
UniTraT. Compared to UniTraT, the accuracy of the 
MultiTCNN distilled via UMTraDistill only decreases by 
1.8%, and it can process 10 m × 10 m elevation map at a speed 
of 74 fps. Furthermore, We validate MultiTCNN through 
field robotics experiments, and the results show that 
MultiTCNN can generate MTraMap of the surrounding 20 m 
× 20 m environment at a rate of 9.39 fps, with a slight 
reduction of 0.61 fps compared to the lidar data publishing 
rate, and the generated MTraMap can clearly delineate the 
multi-directional traversability of the surrounding 
environments. This demonstrates the practicality of proposed 
frame for real-time generation of MTraMap in unstructured 
environments.  

Future work includes conducting extensive comparative 
experiments, optimizing elevation map construction, and 
improving Hybrid A* [34] planning method to leverage 
MTraMap for autonomous navigation in open unstructured 
environments. 

Fig. 8. MTraMap generated in real-world environments. From left to right: real terrain environment, elevation map, traversability maps for four directions. 
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