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Abstract: We present AR-Net, an efficient semantic segmentation pipeline for unstructured terrains. For applications
such as autonomous navigation, it is essential to accurately and efficiently understand the unstructured scenes in outdoor
and urban environments. Given RGB images as inputs, the AR-Net uses an encoder backbone to extract multi-scale
features and a novel Attention-Regulation layer as part of the decoder to predict the pixel-level segmentation results for
unstructured terrains. Our AR-Net model achieved superior segmentation performance and fast inference on two real-
world outdoor terrain datasets. We also provide detailed ablation studies and analyses on model parameter selections.
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1. INTRODUCTION

Unstructured terrains are challenging operational envi-
ronments for mobile robots, often characterized by com-
plex and diverse landscapes such as gravel paths, marshy
terrain, and rugged mine pits. mobile robots operating in
these conditions require traversability perception meth-
ods that are highly accurate, robust, and efficient [1].

Deep learning (DL) techniques, such as Convolution
Neural Networks (CNNs) [2], [3] and Transformers [4],
[5], [6], have been developed for semantic segmentation
and terrain traversability classification [7]. However, pre-
vious methods often show relatively rough handling of
edges and lacking robustness and generalizability when
testing on a different scene or dataset. Besides, previous
DL methods often require a large number of parameters
and can be slow in inference.

To address these challenges, we propose an attention-
regulation-based encoder-decoder neural network, AR-
Net, that accurately and efficiently predicts pixel-level
segmentation results across various unstructured terrain
types. We develop a novel Attention-Regulation (AR)
layer and design an efficient encoder-decoder network,
AR-Net. We show that the AR layer can improve seg-
mentation accuracy, especially on boundary areas, and
can be easily integrated in other networks. We present
experimental results on two real-world outdoor unstruc-
tured terrain datasets and demonstrates that our model
can achieve high accuracy and efficiency in terrain seg-
mentation, with improved robustness and generalizability
when testing on a new dataset (unseen in training). We
also provide comprehensive ablation studies on various
parameters in the Attention-Regulation blocks, providing
insights for model parameter selection and optimization.

2. RELATED WORK

Deep neural networks have seen significant progress
in semantic segmentation. Fully Convolutional Networks
(FCNs) [8] use stacked convolution layers to learn hi-
erarchical features from images and make dense predic-

tions for per-pixel tasks like semantic segmentation. U-
Net [9], SegNet [10], and Fast-SCNN [11] are classic
encoder-decoder models following FCNs, where the en-
coder uses convolutional and pooling layers to extract
latent features from input images, and the decoder uses
transposed convolutions to restore detailed features and
output segmentation maps. PSPNet [12] introduces the
pyramid pooling module to obtain global and local in-
formation through pooling operations at different scales.
DeepLab models [13], [14], [15] integrate CNNs and
probabilistic graphical models to refine segment bound-
aries and address multi-scale objects. GCNet [16] pro-
posed a global context (GC) block based on 1 convolu-
tions, which is lightweight and can effectively model the
global context. ANNNet [17] uses asymmetric pyramid
and fusion blocks for efficient semantic segmentation.

In addition to CNN-based methods, transformers [4]
have also been used. SETR [18], based on the Vi-
sion Transformer (ViT) [19], models semantic segmen-
tation as a sequence-to-sequence problem and replaced
the existing CNN encoder with transformer layers. Seg-
Former [6] is another simple and efficient model, which
integrated transformers with lightweight multi-layer per-
ceptron (MLP)-based decoders. For terrain segmenta-
tion and navigable region identification, GANav [20] uses
group-wise attention mechanism in transformers to iden-
tify safe and navigable regions in off-road terrains and
unstructured environments.

Several gaps remain. First, prior work often show
inaccurate segmentation predictions along edges and
boundary areas, especially in complex terrains or at lower
resolutions. Second, prior methods often lack robust-
ness and do not generalize well when tested in new en-
vironments unseen in training. Third, efficiency (smaller
model parameters, faster inference speed) is necessary for
real-world applications such as autonomous navigation.
In this work, we develop an encoder-decoder architec-
ture with a novel attention-regulation layer to address the
above gaps for improved terrain segmentation in both ac-
curacy and efficiency.

2024 24th International Conference on Control, Automation and Systems (ICCAS)
Jeju Shinhwa World, Jeju, Korea. Oct 29 - Nov 1, 2024

978-8-9932-1538-0 ©2024 ICROS 1529

Authorized licensed use limited to: University of Michigan Library. Downloaded on November 17,2025 at 16:15:55 UTC from IEEE Xplore.  Restrictions apply. 



3. METHOD

In this work, we propose a novel lightweight network
architecture, named AR-Net, that integrates an attention-
regulation layer after the feature fusion step for better
segmentation performance. We also developed a novel
loss function accounting for both cross-entropy loss and
attention region loss.

3.1 Input and Output
The goal of AR-Net is to classify terrain traversability

in outdoor environments via semantic segmentation. The
inputs for the AR-Net are RGB images of size 3×H×W ,
where H and W are the height and width of the im-
ages. The images contain scenes of unstructured ter-
rains in outdoor environments. The outputs of the AR-
Net are predicted pixel-level segmentation probabilities
for Nc semantic classes in the image. To associate the
model performance with different terrain types and to
enable the generalization of semantic labels across mul-
tiple datasets, we categorized the semantic labels into
four coarse groups corresponding to different levels of
traversability: Background/Obstacles (sky, people, sign,
building, vehicle, etc.), Stable (smooth surface such as
concrete and asphalt), Granular (sand, gravel, mud) and
High resistance (bush, grass, log). Thus, Nc = 4.

3.2 Encoder Backbone
Fig. 1 illustrates the network architecture for AR-Net.

The AR-Net has an encoder-decoder structure. The en-
coder part of the proposed AR-Net leverages Transform-
ers [4] as backbones to extract and combine multi-scale
features. In this work, we use the Mix Transformer
(MiT) encoders from SegFormer [6] as our backbone,
as it has shown good results on dense prediction tasks
by using small patches and extracting multi-scale fea-
tures. In our implementation, the MiT transformer blocks
use image patches of size 7 × 7, stride 4 and padding 3
in the first block, and size 3 × 3, stride 2 and padding
1 for the next three blocks. All the blocks contribute
to the spatial resolution reduction. The multi-scale fea-
tures obtained after each block have spatial resolution
of Hi × Wi = H

2i+1 × W
2i+1 and feature channel Ci =

{64, 128, 320, 512},, where block index i ∈ {1, 2, 3, 4}.

3.3 Decoder Segmentation Head
The multi-scale encoder features are passed through a

decoder to perform semantic segmentation. The decoder
of the AR-Net consists of two parts. The first part uses
MLPs to unify the channels from the encoder features,
upsample them to the largest feature size, and concatenate
the features. Then, another MLP layer is used to fuse
the features together. The fused feature will be sent to
two branches. The first branch uses another MLP layer to
generate the segmentation result with resolution H

4 ×
W
4 ×

Nc. The second branch downsamples the fused features
with resolution FH × FW × Ce, where FH = H/32,
FW = W/32, Ce is the embedding dimension.

In the second down-sampling branch, a novel
Attention-Regulation (AR) layer was proposed to gener-

ate attention map for the fused features. The AR layer’s
dimension is the same as embedding dimension Ce and
has Nc heads (number of semantic classes). Each head
corresponds to one semantic label. First, the fused fea-
tures are flattened to F with shape B × Ce × N , where
B is batch size and N = FH × FW . Then, the attention
map M can be derived from key and query matrices and
the position embedding information following

M =
QFK

T
F√

Ce/Nc

+ P. (1)

The first term is based on the attention calculation in the
original Transformer [4], where Q and K are the query
and keys. The second term, P , is the position embed-
ding. Empirically, summing the two terms together im-
proved segmentation results compared with using only
the attention term. The output attention map has shape
Nc × (FH ∗ FW )× (FH ∗ FW ).

From the attention maps, we extract what we call “at-
tention masks”. The mask has shape Nc×FH ×FW and
its values come from the main diagonal of the attention
map. The cth layer of the mask represents the prediction
associated with each terrain category, c ∈ {1, ..., Nc}.
The size of the attention mask, FH and FW , is deter-
mine by a parameter named “AR-Ratio” (the attention-
regulation size ratio), where AR-Ratio= FH

H , the ratio of
the size of mask and raw image. We will provide de-
tailed ablation study on the effect of AR-Ratio in Sec-
tion 5.. Also note that the proposed AR layer is a general
module and can be easily added to other networks. We
show improved segmentation performance when adding
the AR layer to other networks in Section 4..

3.4 Loss Function
Our loss function has two terms. The first is cross-

entropy loss between pixel-level semantic segmentation
prediction result and ground truth labels, written as

L1 = −
∑
H,W

∑
Nc

Y log(Ŷ ) (2)

where Y denotes the ground truth semantic labels at each
pixel and Ŷ is the predicted segmentation output of the
AR-Net model. The second term is a binary cross-entropy
loss for the attention-regulation mask. This computes
the loss between each channel in the mask and the cor-
responding semantic class, written as

Lc
2 = −

∑
H,W

Y log(Bc) (3)

Where Bc is the attention score of the pixel correspond-
ing to the cth semantic class.

This novel binary cross-entropy loss term encourages
the focus area of the attention-regulation layer to overlap
as much as possible with the region associated with the
ground truth semantic class, thus enhancing the segmen-
tation accuracy. The binary cross-entropy loss also sets a
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Fig. 1. The architecture of our proposed AR-Net. AR-Net has an encoder-decoder struture. In the encoder, SegFormer
mix transformer (MiT) blocks were used as backbone. In the decoder, a novel attention-regulation block is used to
extract semantic class-specific attention masks and produce segmentation results.

Fig. 2. Illustration of Attention-Regulation (AR) block
described in Section 3.3. The four images (G1-G4)
illustrate the attention masks associated with the four
terrain types.

tighter restriction especially along the edges and bound-
ary areas, where semantic class labels changes. The at-
tention masks also enables visual interpretability.

The final loss function for the AR-Net is written as

L = −
∑
H,W

∑
Nc

Y log(Ŷ )−
∑
H,W

Nc∑
c=1

Y log(Bc) (4)

4. EXPERIMENTS

4.1 Datasets
Two datasets, RELLIS-3D and RUGD, were used in

this work. RELLIS-3D [21] is a multi-modal off-road
dataset collected on the Rellis Campus of Texas A&M
University. We only use the RGB camera images in this
work. The raw image size of RELLIS-3D is 1920×1200
and we resize it to 600×375 before passing it into the AR-
Net network for efficient processing. The training/testing
data size is 3302/1672 frames. Additionally, we test on
1500 images from another outdoor benchmark dataset

with unstructured scenes, RUGD [22]. RUGD is a video
dataset captured from a camera onboard a mobile robot
platform in unstructured outdoor environments, and has
applications in off-road autonomous navigation.

4.2 Implementation Details

The image height and width H = 600,W = 375. The
number of semantic classes Nc = 4. AdamW was used
as the optimizer with the initial learning rate of 6e−5.
The coefficients used for computing running averages of
gradient and its square (the betas) is equal to (0.9, 0.999).
Weight decay parameter is 0.01. We used linear learning
rate decay and all models were trained for 160K itera-
tions. All models were tested on a laptop with an Intel i9-
13900H Processor, a RTX-4070 GPU, and 32GB RAM.

4.3 Evaluation Metrics

Three metrics were used to evaluate the pixel-level
semantic segmentation performance, the mIoU (mean
Intersection over Union), mean accuracy (mAcc, aver-
age accuracy across four semantic classes), and all ac-
curacy (aAcc, average accuracy over all pixels). We
also report MParams (millions of parameters), GFlops
(billion floating-point operations), and FPS (inference
frames per second) to evaluate model complexity and effi-
ciency. Lower MParams and GFlops and Higher FPS cor-
responds to less complexity and higher efficiency. All the
models were trained on the RELLIS-3D dataset and we
report evaluation results on both RELLIS-3D and RUGD
datasets. In the following tables, the suffix “-arn” indi-
cates the AR module having an AR-Ratio of 1/n in the
model decoder. The “b0-b5” corresponds to the “MiT-
B0” to “MiT-B5” models in the encoder backbone used
in Segformer (MiT-B0 is the lightweight model for fast
inference, while MiT-B5 is the largest model for the more
accurate performance [6]).
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Table 1. Comparison with State-of-the-arts methods: BG/O stands for background/Obstacle, S for stable, G for granular,
HR for high resistance. The suffix -arn means we added our novel attention regulation layer in other models’ decoders
with AR-Ratio equals 1/n.

Dataset Model BG/O IoU BG/O Acc S IoU S Acc G IoU G Acc HR IoU HR Acc mIoU ↑ mAcc ↑ aAcc ↑

RELLIS-3D

Segformer-b1[6] 89.82 91.36 77.32 84.28 33.21 60.33 90.61 97.66 72.74 83.41 94.18
GANav[20] 89.92 92.60 76.15 78.19 26.90 51.65 90.46 96.99 70.86 79.86 94.09

FastSCNN[11] 86.66 96.06 47.65 48.10 7.66 9.72 86.34 92.02 57.08 61.48 91.60
FastSCNN-ar8 89.45 94.45 58.09 60.09 12.14 16.73 89.34 95.83 62.33 66.77 93.97

PSPNet[12] 93.25 95.23 79.53 82.22 30.15 52.41 93.35 97.86 74.07 81.93 95.82
PSPNet-ar8 93.47 96.38 82.21 85.83 40.55 55.24 93.37 97.14 77.40 83.65 96.08

PSPNet-ar32 93.42 96.28 79.23 84.16 36.42 56.81 93.46 97.11 75.64 83.59 95.98
Deeplabv3[15] 93.36 95.48 81.89 85.33 31.19 51.16 93.59 97.79 75.01 82.44 95.99
Deeplabv3-ar8 93.24 96.24 81.45 87.27 34.96 63.13 93.55 96.72 75.80 85.84 95.92

GCNet[16] 93.06 95.59 79.87 81.41 34.84 61.06 93.15 97.37 75.23 83.86 95.76
GCNet-ar32 93.14 95.34 83.38 86.94 30.94 64.94 93.74 97.38 75.30 86.15 95.88
ANNNet[17] 93.08 95.29 80.23 84.00 28.65 63.81 93.35 97.19 73.83 85.07 95.65
ANNNet-ar8 93.59 96.42 81.31 86.10 36.80 75.34 93.22 96.35 76.23 88.55 95.86
ours-b0-ar32 93.50 95.32 80.42 87.68 31.51 72.86 92.74 96.63 74.54 88.12 95.57
ours-b1-ar32 93.25 95.25 84.11 89.91 35.57 72.48 93.03 96.95 76.49 88.65 95.77
ours-b2-ar16 94.05 96.53 84.39 91.46 38.97 71.78 93.82 96.72 77.81 89.12 96.26

RUGD

Segformer-b1 29.72 36.34 7.73 8.64 23.51 75.33 14.29 15.31 18.81 33.9 38.63
GANav 50.13 99.31 0.47 0.52 0.02 0.02 6.33 6.55 14.24 26.6 50.59

FastSCNN 53.94 99.73 1.47 1.48 2.35 2.37 24.48 25.98 20.56 32.39 56.49
FastSCNN-ar8 55.15 99.66 5.08 5.16 6.17 6.40 25.44 27.10 22.96 34.58 57.72

PSPNet 64.57 89.61 6.63 6.74 6.52 6.72 41.51 67.46 29.81 42.63 63.62
PSPNet-ar8 63.95 92.19 5.58 5.64 2.18 2.37 40.53 58.14 28.06 39.59 63.44

PSPNet-ar32 63.86 86.63 6.48 6.54 4.45 4.50 38.42 67.92 28.30 41.40 61.78
Deeplabv3 66.93 86.81 9.60 9.84 13.18 14.65 39.29 67.23 32.25 44.63 63.99

Deeplabv3-ar8 65.18 93.65 10.95 11.11 4.81 5.06 41.55 62.42 30.62 43.06 64.01
GCNet 65.35 89.82 5.22 5.37 19.61 21.85 42.51 63.45 33.17 45.12 65.93

GCNet-ar32 70.18 96.06 8.97 9.24 23.46 25.11 43.38 61.34 36.50 47.94 69.25
ANNNet 62.69 80.86 9.71 10.23 17.35 19.50 38.81 68.60 32.14 44.80 62.50

ANNNet-ar8 62.89 96.20 10.52 11.03 6.90 7.00 37.69 52.53 29.50 41.69 63.05
ours-b0-ar32 67.97 92.93 27.44 28.60 38.32 43.40 47.44 60.12 45.30 56.26 71.85
ours-b1-ar32 64.63 97.75 21.56 22.52 25.10 27.33 44.32 51.70 38.90 49.83 68.32
ours-b2-ar16 65.50 95.26 43.47 45.47 19.69 21.01 47.69 60.93 44.09 55.67 68.70

4.4 Quantitative Results

Table 1 shows the quantitative results of our proposed
AR-Net model compared with other state-of-the-art se-
mantic segmentation methods. We report mIoU and accu-
racy for each semantic group, as well as overall mIoU and
accuracy. As shown, our model, especially the “ours-b2-
ar16” variant (AR-ratio 1/16, using MiT-B2 backbone),
achieved superior performance in both IoU and Accuracy
compared with other methods. The lightweight model
variants (ours-b0 and ours-b1), also achieved moderate
to high accuracy. Additionally, the evaluation results
on the RUGD dataset demonstrates the robustness and
generalizability of our proposed AR-Net, with substantial
improvements across all metrics over comparison meth-
ods. Additionally, if we compare a previous model with
and without our proposed AR layer (e.g., PSPNet versus
PSPNet-ar8), we observed that adding the proposed novel
attention regulation layer to other networks has generally
helped improve segmentation performance.

Table 2 shows the computational complexity anal-
ysis of three variations of our model compared with
other segmentation methods. The ”ours-b0” is the most
lightweight variant of our model, with the least number
of parameters and GFlops (lower complexity and smaller
GPU memory cost) and fastest inference time (highest
FPS). On the other hand, ”ours-b2” variant requires the
higher number of parameters but produces the most accu-
rate segmentation results (see Table 1). With a 35-46FPS
inference speed, our model is well-suited for real-time
semantic tasks such as autonomous navigation or simul-

taneous localization and mapping (real-time SLAM).
Fig. 3 shows some visual examples of the segmen-

tation outputs of our AR-Net model on the RELLIS-3D
dataset. For clearer visualization, the pixel-level segmen-
tation prediction results are overlaid with the raw RGB
image, where red stands for background/obstacles se-
mantic group (sky, people, etc.), blue for stable/smooth
surface (concrete and asphalt) , dark green for granular
group (sand, gravel, mud) and light green for high resis-
tance surface (bushes, grass, log). As shown, our model
produced accurate segmentation predictions, especially
along the boundary areas, and can correctly interpret the
traversability information in the unstructured scene.

Table 2. Model complexity analysis.

Models MParams ↓ GFlops ↓ FPS ↑
segformer-b1 13.68 12.99 44.8

GANav 6.21 11.12 15.9
FastSCNN 1.21 0.82 45.2

FastSCNN-ar8 1.28 0.99 36.9
PSPNet 48.97 153.82 22.7

PSPNet-ar8 116.32 331.24 11.4
PSPNet-ar32 116.14 165.29 21.0
Deeplabv3 68.11 232.31 17.4

Deeplabv3-ar8 94.48 301.61 12.4
GCNet 49.62 130.78 21.1

GCNet-ar32 50.68 170.56 20.4
ANNNet 46.22 159.34 18.9

ANNNet-ar8 47.30 162.11 15.2
ours-b0-ar32 3.96 6.46 46.2
ours-b1-ar32 13.92 12.85 43.6
ours-b2-ar16 24.96 21.31 35.3
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Fig. 3. The segmentation results overlaid with raw RGB image, where red for background/obstacles, blue for stable, dark
green for granular and light green for high resistance.

Table 3. Ablation study on varying model parameters on the segmentation performance. Trained on RELLIS-3D dataset,
and tested on both RELLIS-3D and RUGD datasets.

Chn Ce AR-Ratio B mIoU ↑ mIoU ↑ mAcc ↑ mAcc ↑ aAcc ↑ aAcc ↑
RELLIS-3D RUGD RELLIS-3D RUGD RELLIS-3D RUGD

384 150 1/32 b1 76.48 40.03 88.53 51.67 95.88 68.77
384 200 1/32 b1 75.78 39.45 90.56 51.91 95.89 65.86
384 250 1/32 b1 76.49 38.90 88.65 49.83 95.77 68.32
256 250 1/32 b1 76.97 42.10 88.90 53.19 95.97 69.33
128 250 1/32 b1 77.27 38.62 87.76 49.64 96.22 67.58
384 250 1/32 b0 74.54 45.30 88.12 56.26 95.57 71.85
384 250 1/32 b5 77.61 38.98 86.40 50.79 96.21 68.98
384 250 1/16 b5 78.48 38.34 85.01 50.38 96.44 68.27
384 250 1/8 b5 78.65 38.51 86.15 49.81 96.31 69.12

5. ABLATION STUDIES
We conduct additional ablation studies to evaluate the

effect of model parameters on the segmentation perfor-
mance. We vary the number of channels (Chn), embed-
ding dimension (Ce), backbone (B), and attention regula-
tion size ratio (AR-Ratio) and we report their segmenta-
tion accuracy and model complexity results.

Table 3 shows that selecting a more complex back-
bone (e.g., b5) and a larger AR-ratio (e.g., 1/16 or 1/8)
can increase the segmentation accuracy, but it seems to
decrease the model’s generalization performance when
evaluated on RUGD dataset. We did not observe a sig-
nificant trend regarding the number of channels and em-
bedding dimensions and we recommend choosing appro-
priate values based on testing.

Table 4 shows the model complexity analysis when
changing encoder backbones and AR-Ratios. We ob-
served that the inference speed dropped considerably
when AR-Ratio changes from 1/16 to 1/8, as the larger
masks require more cache and involves more read-write
operations, thus reducing the inference efficiency.

Accounting for both segmentation accuracy, robust-
ness in generalization, and model complexity, we select
the following optimal values for each parameter in our

experiments: 384 for channel size, 250 for embedding
dimensions, and 1/16 for AR-ratio. Usually, a more com-
plex decoder backbone tends to improve the overall per-
formance of the model. Therefore, we choose MiT-B0,
b1, and b2 as the backbones for our models of differ-
ent scales. This is demonstrated in Table 1 where we
indeed observed the “ours-b2-ar16” model (our AR-Net,
with MiT-B2 backbone, AR-ratio of 1/16) outperforms
the other model variants.
Table 4. Ablation study on model complexity when
changing backbone and AR-Ratio.

AR-Ratio B MParams ↓ GFlops ↓ FPS ↑
1/32 b5 82.21 63.77 19.4
1/32 b1 13.92 12.85 43.6
1/32 b0 3.96 6.46 46.2
1/16 b1 13.92 12.98 42.6
1/8 b1 13.92 13.47 26.3

6. CONCLUSION
This paper proposes a new Attention-Regulation-

based network (AR-Net) for accurate and efficient se-
mantic segmentation models for outdoor unstructured ter-
rains. The proposed attention-regulation layer can be
easily integrated into various encoder-decoder architec-
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tures and allows for flexible adjustment of the spatial ra-
tio. We report evaluation results on two outdoor unstruc-
tured benchmark datasets, RELLIS-3D and RUGD, and
demonstrated superior performance in semantic segmen-
tation accuracy and robustness when generalizing to an-
other dataset. We also provided detailed ablation studies
and analyses on model parameter selection.

Future work include refining the attention module to
further improve its performance, addressing model in-
consistency with inaccurate labels, and integrating the
method into downstream tasks such as real-time SLAM.
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