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Abstract

Semantic segmentation in unstructured environments
presents unique challenges due to irregular terrain, occlu-
sions, and complex spatial layouts. While structured set-
tings (e.g., urban scenes) have been widely studied, seg-
mentation in unstructured settings remains relatively under-
explored, both in terms of standardized benchmarking and
architectural design. In this work, we propose a encoder-
decoder based semantic segmentation architecture that in-
tegrates a Reduced Masked Autoencoder (RMAE) as the en-
coder, a Feature-to-Pyramid (F2P) neck, and a novel de-
coder called ProGRess. The ProGRess decoder introduces
Progressive Leapwise Fusion (PLF) for top-down multi-
scale fusion of non-contiguous feature maps, a Lightweight
Channel Attention gate with Residuals (LCAR) module, and
a Bottleneck Feature Fusion (BFF) block for compact re-
finement. We establish comprehensive baselines by bench-
marking state-of-the-art CNN and transformer-based mod-
els on challenging unstructured environment datasets viz.
RELLIS-3D, it’s coarse-grained variant, and RUGD. Our
architecture achieves the state-of-the-art performance with
57.41% mIoU on RELLIS-3D, 45.63% mIoU on RUGD,
78.95% mIoU on RELLIS-3DC datasets while maintain-
ing competitive parameter-count and vRAM usage. Code
is available at https://gitlab.com/coeaiml/
rmae-progress.

1. Introduction

Semantic segmentation has become a crucial task in com-
puter vision, enabling pixel-level scene understanding es-
sential for autonomous navigation, robotics, and environ-
mental perception. While significant progress has been
made in structured environments like urban driving scenes
(e.g., Cityscapes [8], ADE20K [47]) through the use of
powerful encoder-decoder architectures, semantic segmen-
tation in unstructured environments remains significantly
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Figure 1. Comparison of mIoU vs parameter count in RELLIS-
3D dataset. Our proposed RMAE-ProGRess models achieves
state-of-the-art performance with balanced parameter count.

underexplored. Unstructured environments, characterized
by off-road terrain, uneven landscapes, ambiguous bound-
aries and a lack of geometric consistency, present unique
challenges in designing an accurate and efficient segmenta-
tion model. Despite their importance to critical domains
such as battlefield scenarios, search-and-rescue missions,
defense robotics, and planetary exploration, unstructured
environments have received limited attention in terms of
both model design and standardized benchmarking. More-
over, unstructured environments are often contested and
resource-constrained, necessitating models that are not only
high-performing but also computationally balanced. There-
fore, this work is motivated by two core research gaps: (1)
the lack of standardized benchmarks and comparative eval-
uations for semantic segmentation in unstructured settings,
and (2) the need for high-performing architectures with rea-
sonable computational efficiency. We address these by re-
visiting the unstructured environment datasets, RUGD [34],
RELLIS-3D [20] and its coarse-grained variant RELLIS-
3DC [14], and introducing a semantic segmentation frame-
work that balances accuracy, computational efficiency, and
design modularity.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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To address the gaps, we begin by comprehensively
benchmarking a suite of strong CNN and transformer-based
segmentation models, thus, establishing strong and repro-
ducible baselines for both RELLIS-3D and RUGD datasets.
We then design Reduced MAE (RMAE), a lightweight
ViT-based [9] encoder, to enhance the computational effi-
ciency while preserving the accuracy. This design enables
strong representation learning while significantly reducing
computation. Next, we employ a standard Feature-to-
Pyramid (F2P) neck network to build hierarchical spatial
features. Finally, we develop a novel ProGRess decoder,
a lightweight and modular architecture composed of three
key components discussed in section 3.3. Our full RMAE-
ProGRess pipeline achieves state-of-the-art performance
on RELLIS-3D, RELLIS-3DC, and RUGD datasets while
maintaining a balanced computational efficiency.

Our contributions are summarized as follows:
• Reduced MAE encoder (RMAE): We design a com-

pact encoder by reducing the depth of the ViTMAE-
Base model, with Masked Autoencoder (MAE) pre-
trained weights while significantly lowering parameter
count. We show that even shallow variants outperform
heavier models on RELLIS-3D.

• A lightweight segmentation decoder: We introduce
ProGRess, a modular decoder featuring Progressive
Leapwise Fusion (PLF), Lightweight Channel Attention
with Gate with Residual connections (LCAR), and a Bot-
tleneck Feature Fusion (BFF) for accurate semantic seg-
mentation in unstructured environments.

• Comprehensive benchmarking on RELLIS-3D and
RUGD: Along with the performance reports in the lit-
erature, we train and provide a systematic evaluation of
CNN and transformer-based models on the RELLIS-3D
and RUGD datasets, establishing standardized baselines
for future work in offroad segmentation.

• State-of-the-art performance with balanced compute:
Our RMAE-ProGRess model achieves 57.41% mIoU on
original RELLIS-3D, 78.95% on it’s coarse-grained vari-
ant RELLIS-3DC, and 45.63% mIoU on RUGD datasets
establishing the state-of-the-art performance. The param-
eter count, vRAM usage, and FLOPs are competitive as
compared to the general-purpose segmentation baselines.

2. Related Work

2.1. Semantic segmentation in unstructured settings

Although datasets like Cityscapes [8] and ADE20K [47]
contain a few off-road classes (e.g., soil, vegetation, river),
these categories are sparse and do not reflect the complexity,
variability, or boundary ambiguity present in real offroad
settings. To address this gap, the U.S. Army Research Lab-
oratory (ARL) introduced RUGD [34] and RELLIS-3D [20]
datasets, captured in offroad settings using autonomous

platforms. Several works have used these datasets, ranging
from group-wise attention for navigability [14] to memory
modules for illumination shifts [21], active learning [12],
and boundary-enhanced segmentation [26]. Despite these
efforts, unstructured semantic segmentation remains under-
explored from a model-design and benchmarking perspec-
tive. To bridge this gap, we perform a comprehensive evalu-
ation of CNN and transformer-based architectures on these
datasets, prioritizing accuracy while maintaining balanced
computational cost.

2.2. Lightweight vision transformer encoders
While CNN-based backbones like ResNet [15] are
lightweight and widely used, Vision Transformers (ViTs)
have shown superior performance across various vi-
sual tasks [9]. This has motivated the design of
lightweight transformer architectures suitable for deploy-
ment in resource-constrained settings. Hybrid models
such as MobileViT [25] combine MobileNet efficiency
with transformer expressiveness, while ViT-Tiny and MAE-
Tiny [13, 16] reduce embedding dimensions and model
width. However, these approaches typically retain the full
depth of ViT-Base model, 12 layers, even in their compact
variants. In contrast, we propose a depth-reduced version
of ViTMAE-Base, which maintains the original embedding
dimensions but reduces the number of transformer layers.

2.3. Decoder networks for semantic segmentation
Decoder design plays a crucial role in semantic segmen-
tation, particularly in aggregating multi-scale features and
recovering spatial precision from deep encoder outputs.
Traditional encoder-decoder frameworks like U-Net [29]
and SegNet [1] utilized symmetric decoding with skip
connections to merge high-resolution spatial features with
semantic-rich encoder outputs. DeepLabV3+ [5] improved
upon this by integrating atrous spatial pyramid pooling
(ASPP) and a simplified decoder to better capture multi-
scale context. Similarly, UPerNet [37] extended the Fea-
ture Pyramid Network (FPN) [23] by combining lateral con-
nections and pyramid pooling, enabling top-down semantic
refinement. Other approaches like OCRNet [42] and GC-
Net [3] introduced global context modules for object-level
understanding. Despite their strong performance on struc-
tured benchmarks, these decoder designs remain largely
untested in unstructured environments. In this work, we
conduct a comprehensive evaluation of these decoder archi-
tectures with various encoder backbones and compare them
directly against our proposed RMAE-ProGRess model.

3. Methodology
An overview of our full architecture is illustrated in
Fig. 2. The system comprises three main components: a
lightweight RMAE encoder that provides non-contiguous
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Figure 2. Overview of proposed RMAE-ProGRess Architecture. It consists of RMAE encoder (RMAE-8L in the diagram), which
provides 4 non-contiguous feature maps, Feature To Pyramid neck network that converts the feature maps into multiple spatial dimensions,
and a ProGRess Decoder to decode the hierarchical feature maps. Channel dimension C is consistent throughout the architecture.

coarse and fine semantic features; a Feature-to-Pyramid
neck that resizes and aligns the feature maps across spa-
tial scales; and our proposed ProGRess decoder, which per-
forms progressive fusion, attention-based refinement, and
final segmentation.

3.1. RMAE: Reduced Encoder Design
To reduce computational overhead while maintaining strong
representational capacity, we adopt a truncated ViT-Base
encoder with Masked Autoencoder (MAE) [16] pretrained
weights. Standard ViT-Base encoders use 12 transformer
layers; we reduce this to 8, 6 and 4 layers, forming our Re-
duced MAE (RMAE) encoders.

Table 1. Different RMAE variants and the standard ViTMAE-Base
encoder. Out Index refers to the indices of selected feature levels

Model Layers Heads Params (M) Out Index

ViTMAE-Base 12 12 86.0 {3, 5, 7, 11}
RMAE-8L 8 12 58.5 {1, 3, 5, 7}
RMAE-6L 6 12 44.2 {1, 2, 4, 5}
RMAE-4L 4 12 29.9 {0, 1, 2, 3}

In transformer-based encoders like ViTMAE, adjacent
layers often produce highly correlated features due to in-
cremental token mixing [9, 16]. Sampling from every layer
introduces redundancy, increases memory usage, and com-
plicates the fusion process without significant gains in rep-
resentation quality. Inspired by prior work [2, 33, 38], we
extract features at regular intervals, capturing early struc-
ture, mid-level patterns, and deep semantics. As shown in
Table 1, our RMAE variants significantly reduce parameter
count compared to the original ViTMAE-Base model.

Let a batch of input images of shape (C ′, H,W ),
denoted as I ∈ RB×C′×H×W , be passed into the
RMAE encoder, then the output feature maps are fi =
{f1, f2, f3, f4}, where fi ∈ RB×C× H

16×
W
16 , B is the batch

size, and C is the channel dimension. Note that, each output
feature maps corresponds to the out index for the selected
RMAE encoder variant in Table 1. Next, the set of feature
maps fi is passed to the Feature to Pyramid (F2P) module.

3.2. Feature to Pyramid (F2P)
We employ a standard F2P neck that resizes the 4 feature
maps into a multi-scale pyramid, enabling the decoder to
operate over features of varying spatial resolution, thereby
capturing both coarse context and fine details. In F2P, the
feature maps fi are rescaled by a corresponding factor ri ∈
{4, 2, 1, 0.5} to generate pyramid outputs Fi = Rri(fi)
where Rri(·) is a rescaling operator defined as:

Fi = Rri(fi) =


CT

(
ϕ(BN(CT(fi)))

)
, if ri = 4

CT(fi) if ri = 2

fi, if ri = 1

MaxPool(fi), if ri = 0.5

where CT is the Transpose Convolution function, ϕ is
the GELU(.) activation function and BN denotes Batch
Normalization. Here, MaxPool uses a pooling size of 2,
CT uses the stride of 2, and CT weights are independent
for each rescaling operation. Finally, F2P outputs rescaled
features: Fi = {F1, F2, F3, F4}, with spatial scales H

4 ×
W
4 , H

8 × W
8 , H

16 × W
16 , and H

32 × W
32 respectively.

The F2P module upsamples early-layer features (e.g.,
output from out indices 1 and 3 in RMAE-8L) to larger
resolutions to capture fine-grained spatial details, maintains
mid-layer features (out index 5) at the original resolution,
and downsamples deep-layer features (out index 7) to em-
phasize high-level semantics, thus creating a balanced pyra-
mid while preserving the original channel dimension C.

3.3. ProGRess Decoder
We introduce the lightweight and modular ProGRess de-
coder that progressively aggregates and refines multi-scale
features. The ProGRess decoder is composed of three pri-
mary modules: (i) Progressive Leapwise Fusion (PLF) (ii)
Lightweight Channel Attention with Residuals (LCAR) and
(iii) Bottleneck Feature Fusion (BFF).

3.3.1. Progressive Leapwise Fusion (PLF)
The pyramid features Fi = {F1, F2, F3, F4} serve as the in-
puts to the PLF module. Each pyramid feature corresponds
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to the feature maps coming from four non-contiguous in-
dices of the encoder (e.g., out indices 1, 3, 5, and 7 for
RMAE-8L). To fuse these leapwise features, PLF operates
top-down on these non-contiguous feature maps, progres-
sively fusing semantically deep but spatially coarse features
with shallower and high-resolution features, thus combin-
ing global context with local detail.

Following the F2P module, we preserve the channel di-
mension C throughout the decoder. PLF fuses features
by successively upsampling deeper features and merging
them with higher-resolution counterparts. This fusion forms
a cascade since Fi represents the leapwise feature maps.
Here, we also apply self-fusion to F4 to enhance the se-
mantic representations in the deeper feature map.

F̃4 = Fuse(F4, F4) (self-fusion) (1)

F̃3 = Fuse(F3, F̃4) (2)

F̃2 = Fuse(F2, F̃3) (3)

F̃1 = Fuse(F1, F̃2) (4)

where,

Fuse(Fi, Fj) = ϕ (BN (Wij ∗ [Fi ∥U(Fj , size ofFi)]))
(5)

where U(a, size of b) is the interpolation operation (nearest
neighbor chosen through ablation studies) that upsamples
a feature map a to the spatial dimension of b; ∥ represents
concatenation operation; and Wij ∈ RC×(Ci+Cj)×1×1 de-
notes a learnable 1 × 1 convolution kernel that projects the
concatenated features to C channels, with separate parame-
ters for each fusion pair (Fi, Fj).

A critical challenge in multi-scale feature fusion is ensur-
ing effective flow of information across all pyramid levels.
While PLF shares some similarities with FPN-style meth-
ods [23, 37], it differs in its recursive fusion design. A
detailed discussion is provided in the supplementary (Sec-
tion 12). We clarify the information flow in PLF through a
simple property of its recursive formulation (Proposition 1).

Proposition 1 (Information Preservation). The PLF mecha-
nism preserves information from all pyramid levels through
recursive fusion.

Proof. We prove by construction that each F̃i contains in-
formation from all levels j ≥ i.

Base case: F̃4 contains information from F4 only (self-
fusion).

Inductive step: Assume F̃k+1 contains information
from {Fk+1, Fk+2, . . . , F4}. Then:

F̃k = ϕ(BN(Wk ∗ [Fk∥U(F̃k+1)])) (6)

By the concatenation operation, F̃k explicitly contains Fk

and F̃k+1. By the inductive hypothesis, F̃k+1 contains
{Fk+1, . . . , F4}. Therefore, F̃k contains information from
{Fk, Fk+1, . . . , F4}.

3.3.2. Lightweight Channel Attention with Residuals
Given the heterogeneity of visual cues in unstructured set-
tings (e.g., foliage, debris, shadows), simple fusion may
not sufficiently highlight relevant spatial structures. LCAR
addresses this by applying a per-pixel per-channel gating
mechanism that emphasizes or suppresses channels based
on local importance. In contrast to general channel atten-
tion [18], which compress spatial information via global
average pooling and fully connected layers, we employ a
lightweight, pooling-free 1× 1 convolution to generate per-
pixel, per-channel attention maps, thereby preserving spa-
tial detail with minimal overhead.

Lightweight Channel Attention (LCA). For an input
X , LCA computes:

LCA(X) = X ⊙ σ(Wc ∗X) (7)

where Wc ∈ RC×C×1×1 is a 1× 1 convolution kernel that
mixes channels at a constant dimension C; σ(·) is the sig-
moid function; ⊙ denotes element-wise multiplication.

Attention with Residual Connection. The LCAR mod-
ule is then defined as:

LCAR(X) = LCA(X)+αX = X⊙σ(Wc∗X)+αX (8)

where α ∈ {0, 1} is a binary indicator for residual con-
nection at each level. The value of α is chosen via empiri-
cal validation. Applying Eq. 8 across all feature levels Fi

where i ∈ {1, 2, 3, 4}, we get:

F̂i = LCAR(F̃i) = F̃i ⊙ σ(Wi ∗ F̃i) + αiF̃i (9)

Empirically, we obtain the best performance with α1 =
α2 = α3 = 0 and α4 = 1, i.e., the residual connection
is applied only at the deepest level (F̃4). Residual connec-
tions are known to stabilize optimization and improve gradi-
ent flow in deeper levels where representations are semanti-
cally richer but more fragile due to reduced resolution [15].
Accordingly, the residual pathway in LCAR helps maintain
stable training dynamics.

3.3.3. Bottleneck Feature Fusion (BFF)
Spatial Alignment. BFF serves as a compact yet expressive
final aggregation block. All LCAR features are upsampled
to the target resolution H

4 × W
4 :

F̄i = U(F̂i, size of H
4 × W

4 ), i ∈ {1, 2, 3, 4} (10)

Multi-scale Aggregation. The BFF module aggregates fea-
tures at all scales through:

Z = ϕ(BN(Wbff ∗ [F̄1∥F̄2∥F̄3∥F̄4]))

where Wbff ∈ RC×4C×1×1 is a 1 × 1 convolution kernel
that reduces channel dimension from 4C to C.
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3.3.4. Final Prediction
The segmentation output is obtained via:

Y = softmax(Wcls ∗ Z) (11)

where Wcls ∈ RN×C×1×1 is the 1 × 1 convolution ker-
nel converting resultant channels C into number of classes
N . The softmax produces per-pixel class probabilities, from
which the final label is obtained via an argmax operation.

4. Experiments

4.1. Datasets and evaluation metrics
We conduct comprehensive evaluations of our proposed
model across multiple off-road datasets and their variants to
assess both fine-grained semantic understanding and cross-
domain generalization capabilities as shown in Table 2.
Note that, we include the validation sets in the training set
during the benchmarking and evaluation.

Table 2. Summary of all datasets

Dataset Name Training Test Classes

RELLIS-3D 4562 1672 18
RELLIS-3DC 4562 1672 6
RUGD 5512 1924 22
RUG-REL-COMMON - 1924 14

RELLIS-3D. This is the popular offroad semantic seg-
mentation dataset [20]. Following the original dataset pro-
tocol [20], we evaluate on 18 classes, excluding the void
and dirt categories due to their sparse annotations.

RELLIS-3DC. This is a coarse-grained variant of
RELLIS-3D introduced by [14], which we denote
as RELLIS-3DC. This dataset groups the fine-grained
RELLIS-3D classes into 6 broader categories viz. smooth,
rough, bumpy, forbidden, obstacle and background classes.

RUGD. We extend our evaluation to RUGD dataset [34].
Although RUGD defines 25 classes, we report results on
22 classes, excluding void, bicycle, and bridge classes due
missing annotations in either training or test splits.

RUG-REL-Common. For zero-shot domain general-
ization (RELLIS-3D → RUGD), we construct a subset of
the RUGD test set containing 14 classes common with
RELLIS-3D, denoted as RUG-REL-Common. Pixels cor-
responding to classes absent in RELLIS-3D are masked as
void (assigned value 0). This setup enables direct evalua-
tion of cross-domain transfer, where models trained solely
on RELLIS-3D are tested on RUGD without fine-tuning.

Evaluation Metrics. Following [14, 38], we use 4 stan-
dard semantic segmentation evaluation metrics: per-class
Intersection over Union (IoU), mean IoU (mIoU), mean
pixel accuracy (mAcc), and average pixel accuracy (aAcc).

Table 3. Comparison with existing literature on RUGD and
RELLIS-3D test sets.

Dataset Method Encoder mIoU ↑

R
U

G
D

UperNet [37] ResNet50 31.95
PSPNet [44] ResNet-50 32.07
Deeplabv3 [4] ResNet50 32.81
TrSeg [22] ResNet50 33.91
Memory-based Deeplabv3 [21] ResNet50 37.71
ProGRess (Ours) ViTMAE-Base 45.63

R
E

L
L

IS
-3

D

PSPNet [44] ResNet18 38.52
DeepLabv3 [4] MobileNetV2 38.67
DeepLabv3 [4] ResNet50 43.97
DeepLabv3 with memory [21] ResNet50 45.61
GSCNN [32] - 52.92
ProGRess (Ours) ViTMAE-Base 57.41

4.2. Comparison with existing literature

Table 3 presents a comparison of our proposed method
against existing literature on RUGD and RELLIS-3D
datasets. The performance on RUGD are reported from
[21, 22, 34] and the performance on RELLIS-3D are re-
ported from [20, 21]. There are some other works in the lit-
erature concerning the performance benchmarking on these
datasets; however, the performance metrics were not clear
and are hence discarded from the comparison. On RUGD,
prior works using ResNet-50 backbones achieve mIoU
scores ranging from 31.95% to 37.71%, with Memory-
based DeepLabv3 [21] representing the previous best result.
Our ViTMAE-ProGRess model demonstrate substantial im-
provement achieving 45.63% mIoU. On RELLIS-3D, the
literature reports include GSCNN [20, 32] at 52.92% mIoU
as the best performing model. Our ViTMAE-ProGRess
method sets a new state-of-the-art on this dataset as well
achieving 57.41% mIoU outperforming all methods in the
literature. While these results demonstrate clear improve-
ments over existing literature, the limited scope and incon-
sistent evaluation protocols across prior works motivate the
need for a comprehensive benchmark. We therefore con-
duct an extensive evaluation of 16 state-of-the-art semantic
segmentation methods, as detailed in subsection 4.3.

4.3. Comprehensive benchmarking and compari-
son with the state-of-the-art

We conduct comprehensive training and benchmarking
of state-of-the-art semantic segmentation models on the
RELLIS-3D and RUGD datasets. For each method, hy-
perparameters are tuned to ensure strong and reproducible
baselines across both CNN and transformer architectures in
unstructured outdoor settings. All experiments are imple-
mented using the MMSegmentation framework [7]. Mod-
els are trained for 160K iterations, and we report the best
mIoU achieved during training. We evaluate 16 widely used
methods from the MMSegmentation library. Full training
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Table 4. Comparison of proposed methods with all benchmarked models on RELLIS-3D and RUGD test sets. Bold values are the instances
where our model outperforms other models, underscore indicates the competitive performance as compared to other models and ∗ indicate
transformer-based models.

Methods Backbone Aux. Params ↓ vRAM ↓ RELLIS-3D [512× 512] RUGD [512× 512]

Head (M) (MB) FLOPS (G) ↓ mIoU ↑ mAcc ↑ FLOPS (G) ↓ mIoU ↑ mAcc ↑
ISANet [19] ResNetV1c-101 FCN 56.7 227.4 227.8 40.65 49.86 455.6 21.63 32.50
FCN [30] ResNetV1c-101 FCN 68.49 270.8 275.7 41.23 50.94 551.4 23.53 34.04
EncNet [43] ResNetV1c-101 FCN 54.88 219.4 218.8 42.88 53.03 437.5 24.61 36.37
ANN [48] ResNetV1c-101 FCN 65.22 257.8 263.3 43.21 51.56 526.6 25.81 36.11
Segmenter∗ [31] ViT-B16 - 102.4 401.0 126.5 44.19 52.72 253.1 41.08 52.99
PSANet [45] ResNetV1c-101 FCN 72.96 290.0 273.6 44.48 52.03 - - -
DeepLabV3 [4] ResNetV1c-101 FCN 87.21 343.9 347.9 45.85 52.60 - - -
GCNet [3] ResNetV1c-101 FCN 68.62 273.7 275.7 46.11 54.65 551.4 22.10 32.98
OCRNet + FCN [42] HRNetV2-W48 - 70.37 282.1 162.8 46.55 54.58 325.9 27.16 37.56
DeepLabV3+ [5] ResNetV1c-101 FCN 62.58 249.7 254.4 46.98 56.12 508.9 29.97 44.78
DPT∗ [28] ViT-B16 - 109.67 441.4 217.4 47.95 57.32 - - -
ViT-UPerNet∗ [9] ViT-B16 FCN 144.07 564.3 442.6 48.03 56.17 885.3 41.21 53.39
SETR-PUP∗ [46] ViT-L16 SETRUP 317.15 1255.5 417.0 51.12 59.27 - - -
Segformer∗ [38] MiT-B5 - 81.97 331.4 74.6 51.51 60.66 149.3 43.69 56.45
Twins-UPerNet∗ [6] Twins-SVT FCN 132.68 524.2 296.1 51.62 62.77 592.3 31.59 45.10
Swin-UPerNet∗ [24] Swin-B-W7 FCN 121.18 473.8 298.3 53.86 63.33 596.7 41.76 55.19

ProGRess (Ours)∗ RMAE-4L - 46.47 221.9 128.1 53.23 63.04 256.3 37.30 50.31
ProGRess (Ours)∗ RMAE-6L - 60.74 296.0 145.9 55.46 66.02 291.8 37.67 50.81
ProGRess (Ours)∗ RMAE-8L - 75.02 365.0 163.6 57.14 68.53 327.3 41.34 53.73
ProGRess (Ours)∗ ViTMAE-Base - 103.56 509.4 199.1 57.41 69.21 398.3 45.63 57.80

and implementation details are provided in the supplemen-
tary material (Section 7). We also include comparisons with
real-time segmentation models, with details in the supple-
mentary material (Section 10).

Table 4 compares our models with the benchmarked
models. On RELLIS-3D, all ProGRess variants rank at
the top, with ViTMAE-Base achieving 57.41% mIoU and
69.21% mAcc, significantly outperforming the strongest
baseline, Swin-UPerNet (53.86% mIoU, 63.33% mAcc).
Notably, the lightweight RMAE-4L variant (46.47M pa-
rameters) attains 53.23% mIoU with competitive efficiency
(128.1 GFLOPs), surpassing almost all baselines. We dis-
cuss the complete breakdown and analysis of FLOPS in the
supplementary material (Section 9). On RUGD, ViTMAE-
Base with our ProGRess decoder again achieves state-of-
the-art performance with 45.63% mIoU and 57.80% mAcc,
outperforming SegFormer (43.69% mIoU, 56.45% mAcc).
These consistent gains across datasets, combined with com-
petitive compute, demonstrate the effectiveness of our ap-
proach for unstructured semantic segmentation. Fig. 1 il-
lustrates the accuracy–parameter trade-off. We report the
per-class IoU results in the supplementary material (Sec-
tion 8), which shows notable improvements on rare classes
and those with irregular geometry or ambiguous bound-
aries. Qualitative results are also included in the supple-
mentary material (Section 11).

Table 5 shows the comparison of our ProGRess decoder
with RMAE-8L encoder against the state-of-the-art models
as reported in [14]. Our ProGRess model with the RMAE-
8L encoder outperforms the previous methods by a sig-

Table 5. Comparison with the state-of-the-art on RELLIS-3DC
dataset. Values for each class are the per-class IoU. Bold indicates
the best performance and ∗ indicate transformer-based models.

Method Smooth Rough Bumpy Forbidden Obstacle Background mIoU↑ aAcc↑
Segmenter [31] 51.67 78.4 19.38 42.61 66.04 92.05 58.36 82.16
PSANet [45] 64.06 75.29 17.08 47.45 61.74 94.31 59.89 83.17
CGNet [36] 62.84 74.17 49.57 45.41 68.88 94.31 60.85 81.04
PSPNet [44] 69.21 80.99 8.89 53.7 60.7 94.67 61.36 86.01
DeepLabv3+ [5] 65.76 79.84 19.72 47.52 64.88 95.92 62.27 85.84
BiseNetv2 [41] 65.56 73.24 39.35 48.17 71.91 93.78 65.33 83.03
SETR∗ [46] 65.37 78.64 40.89 52.59 63.8 91.87 65.53 83.59
DANet [11] 72.93 85.18 13.10 60.60 70.53 95.95 66.38 89.11
OCRNet [42] 74.67 83.04 27.76 60.44 70.22 92.58 66.81 86.95
DPT∗ [28] 5.42 76.65 47.13 54.87 62.74 85.5 66.88 81.61
FastFCN [35] 70.51 79.15 49.72 51.37 63.9 94.82 68.24 84.1
Segformer∗ [38] 60.28 79.78 53.35 53.78 66.82 85.37 68.62 85.37
FastSCNN [27] 67.06 77.6 56.49 49.76 70.31 94.43 69.27 84.51
GA-Nav-r32∗ [14] 76.73 86.86 23.49 71.58 71.24 94.65 70.76 90.44
GA-Nav-r16∗ [14] 78.37 85.58 28.63 67.55 73.82 95.73 71.62 90.26
GA-Nav-r8∗ [14] 78.5 88.25 37.28 72.34 74.75 96.07 74.44 91.69

Progress [RMAE-8L] 85.41 86.67 46.65 74.41 83.48 97.09 78.95 92.59

nificant margin of more than 4% mIoU. Furthermore, our
method claims the best per-class IoU performance on the
Smooth, Forbidden, Obstacle, and Background classes, and
competitive performance on the Rough and Bumpy classes.
Refer to supplementary material for reproducibility notes.

4.4. Ablation Studies

4.4.1. Effectiveness of decoder across multiple encoders
To isolate the contribution of our ProGRess decoder and
validate it’s effectiveness, we conduct comprehensive ab-
lation experiments comparing it against other state-of-the-
art decoder architectures paired with multiple CNN-based
and transformer-based encoder backbones as shown in Ta-
ble 6. ProGRess achieves the highest mIoU and mAcc
across all four transformer-based backbones and a com-
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petitive performance across the ResNet101-V1c encoder
backbone. ProGRess with ViT-B16 achieves 55.68% mIoU
compared to 48.03% for UPerNet (FPN-based decoder),
representing a gain of 7.65%. Similarly, with our proposed
RMAE-4L encoder, ProGRess achieves 53.23% mIoU and
63.04% mAcc, outperforming DeeplabV3+ by 4.93% and
UPerNet by 4.74% in mIoU. These consistent performance
gains across diverse encoder architectures validate the ef-
fectiveness of the ProGRess decoder.

Table 6. Ablation studies on the effectiveness of the decoder
across multiple encoders in RELLIS-3D dataset. Bold values
indicate the best performance. Note that the reported parameter
counts correspond only to the decoder, and they vary depending on
the dimensionality of the input features produced by each encoder.

Encoder Decoder Params (M) ↓ mIoU ↑ mAcc ↑

ResNet101-V1c

ISANet 11.81 40.65 49.86
EncNet 10.0 42.88 53.03

DeeplabV3+ 17.7 46.98 56.12
ProGRess 5.91 42.39 51.39

Swin Transformer UPerNet 33.25 51.01 61.23
ProGRess 4.41 52.16 62.34

MiT-B5 SegFormer 0.53 51.51 60.66
ProGRess 1.12 54.11 62.99

ViT-B16
DPT 23.87 47.95 57.32

UPerNet 32.27 48.03 56.17
ProGRess 4.86 55.68 67.68

RMAE-4L
UPerNet 67.86 48.03 56.17

DeepLabV3+ 14.4 49.30 58.30
ProGRess 9.46 53.23 63.04

Beyond accuracy, ProGRess remains parameter-efficient
across most configurations. With ViT-B16, it uses only
4.86M parameters compared to UPerNet’s 32.27M (85%
reduction) while achieving higher accuracy. Decoder pa-
rameter counts vary with the encoder due to differences in
feature dimensionality. The only exception in parameter
efficiency is MiT-B5 with SegFormer (0.53M parameters);
however, ProGRess still achieves higher accuracy (54.11%
vs 51.51% mIoU) with only 1.12M parameters. These con-
sistent gains across ResNet, Swin, MiT, and ViT backbones
highlight the architectural advantages of ProGRess. Over-
all, the results indicate that the proposed decoder effectively
captures multi-scale context while remaining versatile and
efficient across diverse encoder designs.

4.4.2. Impact of each decoder components
To analyze the contribution of each component in our
ProGRess decoder, we conduct systematic ablation exper-
iments on the RELLIS-3D test set using the RMAE-8L en-
coder under both frozen and fine-tuned settings. For this
ablation, we retain the same implementation settings dis-
cussed in supplementary materials (Section 7), with two
key modifications. First, we replace the nearest interpo-
lation with bicubic interpolation to reduce probable aliasing

artifacts and promote smoother feature transitions when re-
moving decoder blocks. Second, we adopt the learning rates
from the first 8 layers of ViTMAE-B layer-wise learning-
rate configuration and use it in the RMAE-8L encoder. The
layerwise learning-rate is discussed in the supplementary
materials (Section 7). These adjustments are made to main-
tain the stability of the gradients and ensure safe optimiza-
tion of the partially pruned architectures.

Table 7. Ablation studies on impact of each component of
ProGRess decoder. We train and see the performance for both
Frozen vs Fine-tuned RMAE-8L encoder on the RELLIS-3D test
set. Note that these layers are added on top of the segmentation
head.

BFF PLF Self Fusion LCAR Frozen RMAE-8L Fine-tuned RMAE-8L

mIoU ↑ mAcc ↑ mIoU ↑ mAcc ↑
✗ ✗ ✗ ✗ 49.02 59.20 52.52 60.55
✓ ✗ ✗ ✗ 49.01 58.82 54.56 66.68
✓ ✓ ✗ ✗ 52.60 62.09 56.15 66.35
✓ ✓ ✓ ✗ 52.81 62.15 56.56 67.01
✓ ✓ ✓ ✓ 53.18 62.36 56.90 68.25
✗ ✓ ✓ ✗ 51.51 61.46 56.78 66.85
✗ ✗ ✗ ✓ 51.03 60.69 54.51 63.15

Table 7 presents the results as we progressively add com-
ponents on top of the segmentation head. The baseline
without any decoder components achieves 49.02% mIoU
(frozen) and 52.52% (fine-tuned). Adding BFF yields
small improvement in the frozen setting (49.01%) but pro-
vides a notable gain of +2.04 point mIoU when fine-tuned
(54.56%). The addition of PLF on top of BFF leads to
substantial improvements, reaching 52.60% (frozen) and
56.15% (fine-tuned). Further incorporating Self Fusion re-
sults in consistent gains, achieving 52.81% and 56.56%
mIoU, respectively. The full ProGRess decoder, compris-
ing BFF, PLF, Self Fusion, and LCAR blocks, achieves the
best performance, with 53.18% mIoU and 62.36% mAcc
in the frozen setting, and 56.90% mIoU and 68.25% mAcc
when fine-tuned. Isolating PLF or LCAR leads to notice-
able performance degradation, as shown in the final two
rows. Overall, these results highlight the benefits of each
block and validate the effectiveness of the overall ProGRess
decoder design.

4.4.3. Choice of interpolation method
Interpolation can influence feature upsampling and our de-
coder uses upsampling at two key stages (Eqs. 5 and
10). We therefore compare three interpolation methods viz.
bicubic, bilinear, and nearest neighbor using the RMAE8L-
ProGRess model as shown in Table 8.

All methods yield nearly identical results, with differ-
ences under 0.42 mIoU and 0.38 mAcc, indicating that
ProGRess is largely insensitive to the interpolation choice.
However, nearest neighbor interpolation achieves the high-
est mIoU (57.14%) while offering significantly lower com-
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Table 8. Interpolation Vs Accuracy with RMAE8L-ProGRess.

Interpolation mIoU↑ mAcc↑
Bicubic 57.10 68.42
Bilinear 56.72 68.80
Nearest 57.14 68.53

putational cost compared to bilinear and bicubic interpola-
tion, as it requires no mathematical operations beyond in-
dex mapping. This finding demonstrates that nearest neigh-
bor interpolation can effectively replace bilinear or bicubic
methods in our framework, providing a computationally ef-
ficient alternative without sacrificing accuracy.

4.5. Zero-shot domain generalization
Table 9 presents the zero-shot domain generalization re-
sults of our proposed ProGRess model (using the RMAE-
8L encoder) on the RUG-REL-Common dataset. For com-
parison, we selected the top-performing CNN-based and
transformer-based models from Table 4 and evaluated them
alongside our method. All models were trained exclusively
on RELLIS-3D and tested on RUG-REL-Common without
any fine-tuning, making this a strict zero-shot evaluation.

Table 9. Zero-shot domain generalization on RUG-REL-Common
dataset. The methods use the same encoder as discussed in Table
4 and we use RMAE-8L variant with ProGRess decoder.

Methods grass tree pole water sky vehicle object asphalt building log person fence bush concrete mIoU↑
DeepLabV3+ 10.57 56.07 2.25 0.0 64.22 9.51 0.2 0.01 4.93 0.03 0.0 0.58 2.21 21.8 12.31
OCRNet 13.7 58.79 7.02 0.0 66.1 13.51 0.04 0.0 10.26 0.06 0.0 0.01 2.43 14.09 13.29
Segformer 45.51 39.93 6.0 0.11 60.28 9.72 1.1 0.72 1.63 3.07 0.0 0.01 4.4 63.55 16.86
Segmenter 53.99 62.07 0.05 0.0 74.36 3.49 0.5 5.75 3.61 3.24 0.0 0.0 7.78 45.19 18.57
Swin-UPerNet 48.23 61.19 7.22 0.0 73.75 13.29 0.16 0.16 3.09 8.96 0.01 0.01 4.8 49.97 19.35

ProGress 62.13 51.08 11.93 0.0 61.75 20.27 0.74 4.79 1.26 11.73 0.0 0.15 13.09 55.28 21.01

RELLIS-3D and RUGD differ largely in visual appear-
ance, terrain structure, and object distribution, making di-
rect transfer challenging. Consequently, all methods exhibit
relatively low mIoU under this strict zero-shot setting (Ta-
ble 9). Despite this, ProGRess outperforms all baselines,
demonstrating stronger robustness under domain shift. Par-
ticularly, it achieves the best IoU on several key classes,
including grass (62.13), pole (11.93), vehicle (20.27), as-
phalt (4.79), log (11.73), and bush (13.09). Overall,
our model attains the highest mIoU of 21.01%, surpass-
ing all baselines in this challenging cross-domain scenario.
These results highlight the ability of ProGRess to general-
ize across visually and structurally distinct domains without
target-domain supervision.

5. Limitations, Future Directions and Ethical
Considerations

Limitations and Future Directions. While our proposed
model remains competitive in computational efficiency as
compared to the baselines, the parameter-count and FLOPS

are higher as compared to the real-time models such as PID-
Net [39], BiseNetV1 [40], STDC [10] and DDRNet [17]
(discussed in supplementary material, Section 10). Fur-
thermore, we breakdown the FLOPS for each block in our
model and also propose the measures to reduce the compu-
tations while preserving the accuracy for future reference
in supplementary material (Section 9). Future work in-
cludes model evaluation on unstructured categories within
structured scenes, motivated by the decent performance on
Cityscapes (see supplementary material, Section 13).
Ethical considerations. This work presents semantic seg-
mentation models for unstructured environments with ap-
plications in areas such as autonomous navigation, disas-
ter response, agriculture, and ecological monitoring. We
emphasize ethical deployment and discourage any use that
may pose risks or violate human rights. Although our
method enhances situational awareness in complex terrains,
it should be applied only within transparent, accountable,
and supervised frameworks. All models are trained on pub-
lic datasets containing no sensitive content, and we will
release all code, configurations, and pretrained weights to
support reproducibility and responsible use.

6. Conclusion
This paper presents RMAE-ProGRess, a lightweight
encoder-decoder framework for semantic segmentation in
unstructured environments, a setting underexplored in prior
work. We introduce a reduced MAE (RMAE) encoder by
pruning layers from a MAE pretrained ViT-Base model, and
a novel ProGRess decoder composed of PLF, LCAR, and
BFF modules. Our method achieves state-of-the-art perfor-
mance on RELLIS-3D, RELLIS-3DC, and RUGD datasets,
outperforming strong CNN and transformer-based baselines
while maintaining competitive parameter count. We also
demonstrate strong performance under zero-shot domain
transfer, showing the robustness of the proposed design.
Overall, our results show that careful architectural design
can yield accurate solutions for semantic segmentation in
unstructured settings. With ProGRess, we seek to advance
model design and promote benchmarking in unstructured
settings, contributing to progressing the field and inspiring
further research beyond structured benchmarks.
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