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ABSTRACT: With the advancement of deep learning in the automotive domain, more and more researchers are
focusing on autonomous driving. Among these tasks, free space detection is particularly crucial. Currently, many
model-based approaches have achieved autonomous driving on well-structured urban roads, but these efforts primarily
focus on urban road environments. In contrast, there are fewer deep learning methods specifically designed for off-road
traversable area detection, and their effectiveness is not yet satisfactory. This is because detecting traversable areas in
complex outdoor environments poses significant challenges, and current methods often rely on single-image inputs,
which do not align with contemporary multimodal approaches. Therefore, in this study, we propose a CFH-Net model
for oft-road traversable area detection. This model employs a Transformer architecture to enhance its capability of
capturing global information. For multimodal feature extraction and fusion, we integrate the CM-FRM module for
feature extraction and introduce the novel FFX module for feature fusion, thereby improving the perception capability
of autonomous vehicles on unstructured roads. To address upsampling, we propose a new convolution precorrection
method to reduce model parameters and computational complexity while enhancing the model’s ability to capture
complex features. Finally, we conducted experiments on the ORFD off-road dataset and achieved outstanding results.
The code is available at: https://github.com/qkal991/CFH-Net (accessed on 11 January 2025).
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1 Introduction

The widespread deployment of Autonomous Vehicle Systems (AVS) faces the challenge of making safe,
intelligent, and socially compatible decisions [1]. Achieving autonomous driving requires enabling vehicles to
navigate without explicit maps or rules, demanding systems to make human-like decisions by understanding
their environment [2]. A key aspect of this is improving the vehicle’s perceptual ability to detect traversable
areas, a topic that has received significant attention. However, AVs must operate not only in structured urban
roads but also in unstructured environments such as off-road terrains. While urban traversable areas are often
defined as obstacle-free, paved surfaces [3,4], off-road environments present additional challenges, such
as unpredictable weather and obstacles like weeds and tree stumps. Particularly in structured road scenes
and unstructured off-road terrains, distinct concepts exist, as depicted in Fig. la. For instance, in structured
roads, free space primarily concentrates on urban roadways, while in rural off-road scenarios, the concept
of traversable areas is relatively vague, presenting challenges in our work. Despite extensive research on
structured urban roads, fewer studies address rural, mountain, or off-road terrains [5], and applying existing
models to these environments often leads to suboptimal results. Contemporary models in traversable area
detection utilize multimodal fusion techniques to enhance performance by combining data from different
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modalities. These approaches can be divided into two main categories: (1) single-network fusion, where
features from RGB and other modalities are combined at the input stage [6,7], and (2) multi-network
fusion, where independent networks process RGB and other modalities before combining the features for
semantic prediction [8-10]. Given the complexities of off-road environments, this study employs the second
approach to leverage cross-modal interactions, using RGB and radar point cloud data for enhanced detection.
A key component of this approach is the CMR-FRM module for feature extraction and the novel FFX
module for interactive feature fusion. Recent studies have also contributed valuable insights to this area
of research [11,12]. The proposed CFH-Net model, designed for off-road free space detection, is evaluated
on the ORFD dataset, achieving superior results. The CM-FRM module enhances feature extraction, and
the FFX module improves multimodal fusion, boosting the vehicle’s perception on unstructured roads.
Furthermore, the encoder is redesigned with a convolutional precoding approach to reduce computational
complexity and improve feature fusion. This results in a more efficient and effective model, advancing the
field of off-road AVs.
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Figure 1: (a) Comparison between structured (urban [13]) and unstructured (off-road [14]) environments. (b) Red
boxes highlight lane markings and vegetation interference, respectively

However, existing Transformer-based methods [15,16] remain limited in addressing off-road challenges
such as ambiguous boundaries and sparse features. To bridge this gap, wepropose CFH-Net with three key
innovations: (1) The CM-FRM module introduces dual-path channel-spatial rectification, dynamically sup-
pressing noise in LIDAR and RGB modalities through cross-modal calibration, unlike the simplistic feature
addition in OFF-Net [14]; (2) The FFX module employs efficient attention for global-context fusion, replacing
traditional cross-attention to reduce computational overhead while enhancing distant-view perception; (3)
In the upsampling process, a list of tensors is stacked and summed along the first dimension, replacing
the traditional linear transformation approach. This design avoids unnecessary linear transformations and
reshaping steps, thus reducing model complexity and minimizing the risk of overfitting. Moreover, direct
feature fusion effectively preserves the original information, enhancing the model’s expressive capacity.

In conclusion, the primary contributions of this paper are as follows:

o To address challenges such as decreased segmentation accuracy due to the diverse and complex
environments in off-road traversable area detection, unclear segmentation in autonomous driving, and
poor long-range road visibility, this paper proposes the CFH-Net model. This model aims to enhance
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the extraction of modal features from RGB and depth images, where integration is often insufficient. By
applying the CFH-Net model, this study ultimately enhances the perception capabilities of autonomous
vehicles in off-road environments.

» Regarding feature extraction, this paper utilizes the CM-FRM module instead of the baseline models
cross-attention mechanism to meet the more intricate feature extraction requirements in off-road
scenarios. In the feature fusion aspect, the paper introduces the FFX module for feature fusion, aiming
to enhance the fusion capability of environmental features in the second stage, thereby improving road
detection performance in off-road environments. Lastly, the paper redesigns the decoder section using a
hierarchical upsampling approach. This method employs multiple linear transformation layers to further
intensify feature information while reducing parameter count and computational complexity.

» Considering the requirements of off-road free space detection tasks, the designed model is applied to
the ORFD dataset and achieves outstanding results. The innovation presented not only enhances the
baseline model but also attains optimal performance, thus making positive contributions to the research
field of unstructured roadways.

2 Realted Work
2.1 Off-Road Environments and Adverse Conditions

Improving the perception capabilities of autonomous vehicles, particularly in oftf-road environments,
is critical. However, models often underperform in these settings due to environmental challenges like
vegetation, tree stumps, and sandy terrain, which hinder segmentation accuracy. Existing algorithms have
not been sufficiently tested on unstructured road conditions, resulting in degraded performance when
applied directly to such environments. These challenges include varying lighting, road uncertainty, and
complex conditions such as heavy fog, storms, and low visibility, which degrade segmentation results. The
definition of road boundaries is less clear under these conditions, as shown in Fig. 1b, making it difficult
for models to perform effectively. Moreover, research has primarily focused on urban structured roads, with
fewer studies addressing rural, mountainous, or highway environments [5]. For oft-road free space detection,
various deep learning architectures have been proposed, notably CNN-based networks like PSPNet [17],
HRNetV2+OCR [18], and BiSeNetV2 [19]. While CNNs perform well in structured urban environments,
their performance deteriorates in unstructured areas due to unclear boundaries and overlapping regions.
Moreover, CNNs’ limited receptive field reduces their effectiveness for traversable area detection tasks [14].
Transformer-based methods [15,16] show better performance but come with higher computational costs,
prompting a shift toward more efficient Transformer-based models [20,21]. While these models excel on
structured datasets like Cityscapes [22] and KITTI [23], they struggle with off-road free space detection
due to ambiguous boundary definitions. Methods like Global Convolution Networks [24] struggle with
off-road datasets where complex boundaries are less common, limiting their performance. Recently, the
OFF-Net method [14] has addressed some of these issues but still struggles with road boundary problems,
misinterpreting road elements (e.g., mistaking tree trunks for roads) and providing insufficiently smooth
segmentation edges and coverage of distant scenes. In conclusion, while Transformer-based semantic
segmentation models demonstrate excellent contextual awareness and computational efficiency, they have
not effectively addressed challenges in off-road environments. To overcome these limitations, this paper
adopts Zhang’s Transformer architecture [14] and introduces the CFH-Net method, specifically designed to
improve off-road traversable area detection under challenging conditions.
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2.2 LiDAR and Camera Fusion Techniques

In recent years, multimodal fusion methods for autonomous driving perception have advanced signif-
icantly [25-27]. Perception is crucial for autonomous vehicles [28-30], and multimodal fusion has become
a key approach to improving vehicle perception. Early single-modal techniques, such as those relying solely
on cameras or LiDAR, suffer from limitations in off-road scenarios. Camera-based detectors often provide
insufficient environmental information, especially in complex scenes or low-light conditions. Likewise,
LiDAR systems face mechanical constraints, including varying resolutions and susceptibility to extreme
weather [31,32]. However, fusing LiDARandcamera data has proven to enhance perception [32], leveraging
the complementarity of the two modalities to address off-road challenges. Methods such as [6,7,26]
demonstrate the potential of multimodal feature learning in shared networks, making fusion techniques
essential for off-road free space detection tasks. The schematic diagram of our proposed model is illustrated
in Fig. 2.
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Figure 2: Off-road model diagram. The Transformer encoder extracts features from both the RGB image and surface
normals, while the Transformer decoder predicts the free space output. CM-FRM and FFX are designed to fuse data
from cameras and LiDAR, dynamically leveraging the advantages of each modality

Recent research on multimodal fusion for semantic segmentation has focused on integrating radar
and visual features. Approaches like RGB-D Fusion Network (RDFNet) [33] and others have demonstrated
success in fusing RGB and depth images to enhance semantic segmentation accuracy [34-36]. However,
off-road environments present challenges such as boundary ambiguities and vegetation misclassifications.
To address these, the SNE-RoadSeg model [37] integrates surface normal information with depth images
to improve free-space detection. Surface normals, being consistent on the same road plane, are more easily
identified than depth information [38], offering advantages for off-road tasks. This paper also incorporates
surface normals as one modality in the fusion process to address these challenges. Upon evaluating the
benchmark model, we found that its cross-attention component was overly simplistic, lacking in-depth
consideration of the complex interrelationships between inputs. The direct addition of inputs followed by
simple fully connected layers and a Sigmoid function inadequately captured the intricate dependencies,
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limiting the model’s ability to learn effective features. This resulted in poor performance, particularly in
misclassifying vegetation. To resolve this, we propose enhancements with the CM-FRM and FFX modules
for more efficient feature extraction and fusion. Additionally, a new upsampling module is introduced to
reduce model complexity and computational load, improving overall performance. These methods effectively
address challenges such as poor road panoramic view performance and inaccuracies in model predictions,
enhancing precision in free-space detection tasks.

3 Method

This study builds on the problem definition of Min et al. [14], proposing the CFH-Net network, which
integrates camera and LiDAR data, including surface normal information from LiDARpoint clouds. Inspired
by Fan et al. [39], surface normals are used as network inputs, aiding feature extraction and fusion with
RGB images. Surface normals are calculated from dense depth images using Fan et al’s method. Due to
the large receptive field requirement for traversable region detection and the limited receptive fields of
traditional CNNs, we adopted a Transformer-based architecture, optimizing feature extraction based on
Chen et al’s Transformer network. To address practical challenges, we introduce the CM-FRM module [40],
along with the Feature Fusion Expert (FFX) module and an upsampling hierarchical method, enhancing
feature extraction and model adaptability. Experimental results show significant improvements. Compared
to methods like 2DPASS [41] and MSeg3D [42], our approach more effectively handles complex 3D terrain
in off-road environments by leveraging surface normal features from LiDAR and combining them with
a Transformer-based framework. While 2DPASS and MSeg3D perform well in structured environments,
they may fail to capture 3D spatial information in oft-road settings. Our network directly utilizes LIDAR
geometric features (e.g., surface normals), enhancing multi-sensor data fusion and adapting to complex
off-road terrains. Thus, our method excels in off-road traversable region detection, particularly for tasks
involving large-scale, complex terrains.

3.1 Backbone Network
3.1.1 Encoder Network

To obtain multi-level features, the RGB image and surface normals [39] are first embedded into patches,
with a resolution of H x W x 3 each. The output of patch embedding is hierarchical feature maps, with
corresponding spatial resolutions of 1/4, 1/8, 1/16, and 1/32 of the input size. Utilizing a multi-head self-
attention mechanism with Q, K, and V as heads, the interrelations between feature maps are computed. The
mathematical formulation [14] is as follows:

T
Attention(Q,K, V) :softmax(\;%) \% 1)

This results in the final feature representation after multi-level feature processing and self-attention
calculation. Next, we adopt the same method as [14] to use 3 x 3 convolutions to capture positional
information of the Transformer encoder. The core formula for positional encoding [14] is as follows:

Xout = MLP (GELU (Convsxs (MLP (xi,)))) + Xin 2

Here, x;, represents the features from the multi-head self-attention part, GELU denotes the activation
function proposed by Hendrycks [43], MLP refers to the fully connected neural network layer, and Convsys
represents the 3 x 3 convolutional layer. As mentioned earlier, LIDAR point cloud data and RGB images offer
complementary strengths in environmental perception. LIDAR provides precise geometric information but
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lacks detailed semantic context, while RGB images offer rich semantic understanding but may have accuracy
limitations. These two types of data come with different noise characteristics. However, by using features
from one modality to filter and calibrate the other, the effect of noise can be significantly reduced. To optimize
the contributions from both modalities and improve detection performance, we developed a dynamic fusion
module, as shown in Figs. 3 and 4.

Through our analysis, we believe that the cross-attention mechanism in the benchmark model is too
simplistic for handling complex feature extraction and fusion. Therefore, we propose the Cross-Modal
Feature Refinement Module (CM-FRM) [40], which refines features from parallel data streams at each stage
of the extraction process. Additionally, we introduce the Feature Fusion and Exchange (FFX) module, which
receives the refined features from the CM-FRM and performs the fusion process. The following sections
provide a detailed explanation of how these modules function.

3.1.2 CM-FRM

In our research, we identified limitations in the cross-attention mechanism of the benchmark model,
particularly in its ability to capture fine-grained features, especially along the edges of prediction maps and
in distant regions. The original approach first combines RGB image features with surface normal features of
LiDAR point clouds. These superimposed features are then passed through a Multi-Layer Perceptron (MLP)
layer with a sigmoid activation function for cross-attention learning. While this cross-attention mechanism
effectively learns the weights for each modality, it proves insufficient in refining fine-grained details. To
address these issues, we introduced the Cross-Modal Feature Refinement Module (CM-FRM), which
performs feature refinement across parallel streams at each stage of feature extraction, as depicted in Fig. 3
of the model diagram. This module enhances the refinement process and improves feature representation,
particularly for fine-grained details. In the Channel-wise feature rectification part, to address noise and
uncertainties in different modalities, CM-FRM processes features along two dimensions. This paper adopts
the method proposed by Zhang et al. [40], which embeds the bimodal features RGB;, € RHEXWxC and
X, € R®*W*C into two attention vectors along the spatial axis. Subsequently, global max-pooling and global
average-pooling are applied along the channel dimension to RGB;, and X;, simultaneously to retain more
information. The four resultant vectors are concatenated to form Y € R*. Then, an MLP is applied followed
by a sigmoid function to obtain W* € R*“, which is split into Wy, and Wy:

Wggp Wy = split(a(Fmlp(Y)) 3)
Similarly to channel-level rectification, the formulation for spatial-level rectification is as follows:

RGBS, = W} + X, (4)

X3 = Wisp * RGBy, (5)

rec

where * denotes spatial multiplication.

In the Spatial-wise feature rectification part, the rectified features for both RGB,,,; and X,,; modalities
are organized as follows:

RGB,yu: = RGB;,, + A\cRGBY, + AsRGB; )

rec

Xout = Xin + A XS + Mg XS (7)

rec rec

where A¢ and Ag are two hyperparameters, both set to 0.5 as default values. RGB,,,; and X, are the rectified
features after comprehensive calibration, which are then fed into the next stage for feature fusion.
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Figure 4: FFX model diagram. FFX is divided into two stages: information fusion and feature extraction

3.1.3 FFX

In the feature fusion part, we observed that although the original model’s [40] feature fusion module
conducted sufficient information exchange between modalities, the acquired feature information was not
entirely suitable for oft-road environments. Typically, cross-attention is widely used for feature extraction
and fusion in text, but in off-road environments, due to challenges posed by adverse weather and complex
scenes, the performance of cross-attention is not ideal, particularly evident in the edge regions and distant
view acquisition of prediction maps. Inspired by Shen et al. [44] in efficient attention, we adopted a similar
efficient attention mechanism to acquire both types of features. This mechanism is mathematically equivalent
to dot-product attention but is faster and more memory-efficient in practice. Hence, this efficient attention

mechanism performs better in perceiving complex environmental features and exhibits stronger capabilities
in acquiring global feature information.

Summing up, we propose the FFX module for feature fusion. After obtaining feature maps at each layer,
we perform lightweight and rapid fusion, using a simple channel embedding to merge features from both
paths, achieved through a 1 x 1 convolutional layer. The model diagram is illustrated in Fig. 4. Furthermore,

we believe that in this channel fusion process, it is essential to utilize information from surrounding regions
for robust multimodal fusion.

Subsequently, this paper utilizes efficient attention [44] to acquire global fine-grained features. The
feature of the efficient attention mechanism is as follows:

E(Q.K, V) = pg(Q)(pi(K) V) (8)
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Here, p, and py are normalization functions for query and key features, respectively, achieving the same
two normalization methods as in the point-wise attention [44].
Y

Scaling:pq(Y):pk(Y):ﬁ 9)

Softmax:py(Y) = orow(Y)
Pk(Y) :Gcol(Y)
Here, 00w, 0.0 apply softmax function along each row or column of the matrix Y. The efficient attention

module is a specific implementation of computer vision data processing mechanisms. For input feature maps
X e R"*d_this module flattens it into a matrix X € R"*?  applies an efficient attention mechanism to it,

(10)

and reshapes the resultinto & x w x d,,. If d, # d, further 1 x 1 convolution is applied to restore the dimension
to d. Finally, the obtained features are added to the input features, forming a residual structure.

3.2 Decoder Network

To address the shortcomings of the original model in feature information acquisition and correspond-
ingly reduce the parameter count and computational complexity of our model, we have made improvements.
We have redesigned the Transformer decoder to effectively integrate local and global information. This
decoder consists of MLP layers and components similar to hierarchical working principles. Firstly, features
from the Transformer encoder are fed into MLP layers to aggregate channel information. During the feature
concatenation process, we sequentially concatenate feature maps from different levels and use a fusion
module to perform summation operations. This fusion module stacks tensors into a new tensor, where
the dimensions of the new tensor correspond to the indices of the original tensor list, and then performs
summation operations along the first dimension. This approach changes the linear transformation method
traditionally performed before concatenation. This design simplifies the code logic, avoids additional linear
transformation and reshape operations through feature map summation operations, making the process
more concise and computationally efficient. Consequently, it reduces the parameter count, eliminates the
need for additional linear transformation operations, reduces model complexity, and helps mitigate the risk
of overfitting. Furthermore, this direct feature fusion method allows for more intuitive fusion of features from
different levels, preserving the information of the original feature maps and enhancing the model’s expressive
power. Thus, this module design adopts a more concise fusion method, performing convolutional fusion on
feature maps, and exhibits good performance. Finally, the features are fused to the same size (i.e., 1/4 of the
in put size) to obtain the results of free space detection.

4 Experiments
4.1 Datasets

In this study, we selected the ORFD dataset [14] to evaluate the off-road free space detection task.
The ORFD dataset was collected in off-road environments, which differ significantly from structured road
environments due to factors such as terrain, vegetation, seasons, weather, and time. The dataset covers a
variety of scenarios, as shown in Fig. 5, including different seasonal and weather conditions under various
lighting conditions. It reflects the real-world characteristics of off-road roads, with the datasets scale
presented in Table 1. Data collection was carried out using the Pandora sensor fusion kit produced by SciTech,
which consists of a 40-line mechanical LiDAR on the upper part and five cameras distributed at the lower
part, including one color camera and four wide-angle black-and-white cameras. This diversity ensures that
the dataset aligns with the real-world challenges of off-road environments.
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Figure 5: ORFD dataset demonstration: The image showcases RGB images from four different scenarios, including
heavy fog, heavy snow, muddy roads after rain, and dimly lit conditions

Table 1: ORFD dataset

Split Farmland Woodland Grassland Countryside Suny Rainy Foggy Sonwy Bright Daylight Twilight Darkness Total %

light
Train 2718 3180 361 2139 3803 2434 1136 1025 1019 4254 927 2192 8398 68.8
Val 356 302 0 587 356 302 0 587 0 356 302 587 1245 10.2
Test 1129 1064 0 1071 1071 405 720 359 361 710 359 1125 2555 20.9
Total 4203 4546 361 5230 5230 3141 1856 1971 1380 5320 1588 4510 12,198 100

The table presents a comprehensive overview of various scenarios from the ORFD dataset, highlighting
the diversity and complexity of the environments used for evaluation.

4.2 Parameter Settings

In this experiment, we implemented the proposed method using PyTorch [45] and trained the model
using the Stochastic Gradient Descent with Momentum (SGDM) optimizer [46]. The experimental environ-
ment was configured based on mmdetection. In the experimental setup, key hyperparameters include the
use of the Adam optimizer with an initial learning rate of 0.00095. The momentum for SGD is set to 0.9, and
weight decay is applied with a value of 0.0005. The maximum number of epochs is set to 30, with training
beginning at epoch 1. The learning rate is adjusted using a lambda decay strategy, with decay occurring every
5 million iterations or every 25 epochs, and the decay factor is set to 0.9. The size of images used for training
and testing was set to 1280 x 704. All experiments were conducted using one Nvidia RTX 3090 24 G GPU
device. It took approximately two days to train the network for every 30 epochs.

4.3 Evaluation Metrics

Weusefivecommonmetricsfortheperformanceevaluationofoft-roadfreespacedetection: (1) Accuracy =

TP + TN . _ TP _ TP _ 2TP?
TP TN + Fp N (2) Precision = o, (3) Recall = g, (4) F —score = sy TP(FP + FN)’ ()
I0OU = T},Jrgﬁ, where TP, TN, FP, FN represent the number of true positive, true negative, false

positive, and false negative pixels, respectively.

4.4 Computational Efficiency

Compared to Off-Net, our model has an increased parameter count of approximately 10 M, but the
actual inference speed remains largely unchanged. Moreover, we have reduced the parameter count by 165
M compared to SNE-RoadSeg (201.3 M), representing a significant improvement in efficiency. Although the
computational cost of CFH-Net is slightly higher, its enhanced robustness in oft-road scenarios—evidenced
by a 5.2% improvement in F-score—demonstrates the value of this design choice.

After comparing the results with those reported in recent relevant literature, the outcomes of this study
are as follows.
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4.5 Results

The experimental results in this study, as illustrated in Fig. 6, include RGB images, surface normals,
segmentation images, and label images. We conducted a detailed analysis of our model results, referencing
recent research by Min et al. [14], Yan et al. [38], and Jeon et al. [47], as summarized in Table 2. Compared
to models such as FuseNet and FtFoot, which take RGB and depth information as inputs, as well as SNE-
RoadSeg and FSN-Swin models, along with OFF-Net model, which use RGB images and surface normals as
inputs, our model exhibits superior performance. This suggests that surface normals are more suitable than
depth for traversable area detection tasks. In the table, our model demonstrates a 3.5% improvement in F-
score and a 5.9% improvement in Intersection over Union (IoU) compared to the baseline OFF-Net model.
When compared to the latest FSN-Swin model, to the best of our knowledge, our approach achieves a 0.5%
increase in both F-score and IoU. These results underscore the effectiveness of our method in capturing both
local and global information, thereby enhancing the accuracy of traversable area detection.

BASELINE+CM BASELINE+
RGB Image  Surface Normal BASELINE -FRM+FFX HEAD OUR Ground Truth

2323333

Figure 6: Experimental comparison figures
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Table 2: Experimental results

Method Modality Accuracy Precision Recall F-score IOU
FtFoot [47] (2024) RGB+Sparse depth  85.60%  76.80% 68.70% 72.50% 56.90%
FuseNet [36] (2017) RGB+Sparse depth ~ 87.40%  74.50% 85.20% 79.50% 66.00%
Test [37] (2020) RGB+Surface normal 93.80%  86.70% 92.70% 89.60% 81.20%
Swin Transforme [48] (2021) RGB 94.60%  84.20% 94.80% 89.20% 80.50%

OFF-Net [14] (2022) RGB+Surface normal 94.50%  86.60% 94.30% 90.30% 82.30%
FSN-Swin [38] (2024) RGB+Surface normal 96.40%  91.20% 95.80% 93.40% 87.70%
CFH-Net (our) RGB+Surface normal 96.50% 92.80% 94.70% 93.80% 88.20%

From Fig. 6, it is evident that our CFH-Net model accurately estimates off-road free space. Specifically,
in scenes unseen in the test set, the model demonstrates good generalization ability. Experimental results
indicate that even in extreme rain or snow conditions, and amidst complex object scenarios or poor lighting
conditions, the model maintains effective segmentation, successfully completing the semantic segmentation
task of unstructured roads. Compared to the OFF-Net model, our model better meets the practical task
requirements in terms of segmentation edges, distant views, and overall labeling. In the first and fourth
comparisons, our model’s edge predictions are clearer. In the first, second, third, fifth, and sixth comparisons,
our model’s predictions for identifying grass, vehicles, and trees are more accurate. In the fifth and seventh
comparisons, our model’s coverage of distant views is broader.

5 Quantitative Analysis

In Figs. 6 and 7, we conducted extensive ablation experiments. Through the presentation of data and
comparative graphs, we observed a significant positive impact on the final prediction maps when the model
adopted the new method.

(1) After incorporating the CM-FRM and FFX modules, as depicted in Fig. 7, both the F-score and IOU
metrics exhibit a significant improvement trend. From the seven comparisons in Fig. 6, it is evident that our
model outperforms the baseline model in all scenarios. Therefore, the proposed model in this study provides
more accurate predictions at the boundary regions and more precise identification of components such as
grass and trees.

(2) After adopting the decoder hierarchical approach, as illustrated in Fig. 7, both the F-score and
IOU metrics demonstrate a noticeable upward trend, accompanied by a corresponding reduction in model
parameters and computational complexity. With our decoder, the parameter count decreased from 38.711 to
38.514 M, reducing by nearly 200,000 parameters. From Fig. 6, it is evident that in the first, second, third, and
sixth comparisons, employing our decoder results in better extension of the distant parts in the prediction
maps. In the fifth comparison, the smoothness of our model’s boundaries surpasses that of the baseline
model. Thus, our model becomes smoother and more accurate in distant views and road edge regions.

(3) In the final comparison, where we simultaneously utilized all methods, the results indicate superior
performance compared to individually adding single modules. This enhancement allows our model to better
meet the requirements of practical tasks in segmentation edges, distant views, identification of grass, trees,
obstacles, and overall labeling.
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Figure 7: Ablation results

Due to the limited penetration of LIDAR, CFH-Net will recognize obstacles such as soil piles and roads
as obstacles in heavy fog under low light conditions (Fig. 8). In addition, under low light conditions, farther
road edges (<50 m) may shatter. Future work will integrate thermal imaging to address these issues

al

Figure 8: Comparison chart of prediction and GT labels under low light and heavy fog conditions

7 Conclusion

In this paper, we propose a novel model named CFH-Net for traversable area detection in off-
road environments, utilizing a Transformer network architecture to capture contextual information. We
reference the CM-FRM for feature extraction and introduce the innovative FFX module to fuse multimodal
features dynamically, aggregating information from both cameras and LiDAR sensors to enhance accuracy.
Additionally, we redesign the encoder using a convolutional hierarchical output approach, reinforcing the
final feature fusion and reducing the impact on parameters and computational complexity. Ultimately, our

model outperforms the baseline model in test results and surpasses other recent model algorithms. We utilize

the ORFD dataset, which collects various off-road vehicle scenarios, aligning with the proposed task in
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this paper. This will aid future research in autonomous navigation in non-road environments and facilitate
the development of robust models for unmanned vehicles in off-road environments. Moving forward, we
plan to further explore various model algorithms on this dataset to advance research in unstructured
road segmentation.
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