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Abstract—The Vision Transformer (ViT) has achieved notable
success in computer vision, with its variants widely validated
across various downstream tasks, including semantic segmenta-
tion. However, as general-purpose visual encoders, ViT backbones
often do not fully address the specific requirements of task
decoders, highlighting opportunities for designing decoders opti-
mized for efficient semantic segmentation. This paper proposes
Strip Cross-Attention (SCASeg), an innovative decoder head
specifically designed for semantic segmentation. Instead of rely-
ing on the conventional skip connections, we utilize lateral
connections between encoder and decoder stages, leveraging
encoder features as Queries in cross-attention modules. Addi-
tionally, we introduce a Cross-Layer Block (CLB) that integrates
hierarchical feature maps from various encoder and decoder
stages to form a unified representation for Keys and Values.
The CLB also incorporates the local perceptual strengths of
convolution, enabling SCASeg to capture both global and local
context dependencies across multiple layers, thus enhancing
feature interaction at different scales and improving overall
efficiency. To further optimize computational efficiency, SCASeg
compresses the channels of queries and keys into one dimension,
creating strip-like patterns that reduce memory usage and
increase inference speed compared to traditional vanilla cross-
attention. Experiments show that SCASeg’s adaptable decoder
delivers competitive performance across various setups, out-
performing leading segmentation architectures on benchmark
datasets, including ADE20K, Cityscapes, COCO-Stuff 164k, and
Pascal VOC2012, even under diverse computational constraints.

Index Terms—Vision Transformer, efficient semantic segmenta-
tion, decoder head, strip cross-attention, computational efficiency.
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I. INTRODUCTION

SEMANTIC segmentation is a fundamental task in com-
puter vision that involves pixel-level classification [3],

[4], [5]. This process entails labeling each pixel in an image
to accurately identify object categories, spatial positions,
and other critical information, thereby providing a detailed
understanding of the scene’s composition. Semantic segmen-
tation has widespread applications in various fields, including
autonomous driving [6], medical diagnosis [7], and remote
sensing [8], among others [9], [10]. A pivotal development
in this area was the introduction of the fully convolutional
network (FCN) [11], which popularized the encoder-decoder
architecture. In this architecture, the encoder extracts high-
level semantic features while the decoder integrates these
features with spatial details. Despite subsequent advancements
[12], traditional CNNs still struggle to capture long-range
dependencies effectively.

This limitation has been largely addressed with the emer-
gence of Transformers [13]. Following its groundbreaking
success in Natural Language Processing (NLP), the Trans-
former quickly began to make a significant impact on vision
tasks as well. Its self-attention mechanism is highly effective
at capturing long-range dependencies within input sequences.
Dosovitskiy et al. [14] extended this concept to the visual
domain by proposing the Vision Transformer (ViT) backbone,
which involved dividing images into small patches, trans-
forming them into one-dimensional sequences, and feeding
these sequences into the Transformer encoder to align the
input dimensions for visual processing. Since then, many
researchers have integrated ViT into the semantic segmentation
domain, yielding impressive results. However, most of these
approaches have focused primarily on optimizing the effi-
ciency of the Transformer encoder while relying on simple or
pre-existing designs for the decoder architecture. For instance,
SegFormer [15] emphasizes designing an efficient Transformer
encoder while utilizing a straightforward all-MLP decoder.
Similarly, SegNeXt [2] develops a lightweight and efficient
backbone but adopts a simplistic approach in the decoder
stage.

More recently, MetaSeg [16] introduced a new and efficient
self-attention module called Channel Reduction Attention
(CRA), which simplifies the channel dimensions of the query
and key into a single dimension per head within the self-
attention process. However, this approach does not effectively
facilitate interaction among the various feature representa-
tions. FeedFormer [1] uses features directly as queries, rather
than relying on class-specific learnable queries. U-MixFormer
[18] adaptively incorporates multi-stage features as keys and

1941-0042 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on May 18,2026 at 08:54:58 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-0181-4140
https://orcid.org/0000-0003-2235-4101
https://orcid.org/0000-0002-9373-1720
https://orcid.org/0000-0002-0940-3338
https://orcid.org/0000-0002-3950-1844
https://orcid.org/0000-0003-3508-1851


4848 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

values within its specialized mix-attention module. MacFormer
[19] introduces a mutual agent cross-attention mechanism
to enhance bidirectional feature interaction. Additionally, it
proposes detailed enhancements in the frequency domain,
achieving notable results. Despite the advancements offered
by these attention blocks, they do not adequately consider the
importance of local information. As demonstrated by models
such as Metaformer [20], CMT [21], SMT [22], and XCiT
[23], convolution methods are more effective than Transform-
ers in capturing local features. Therefore, it is crucial to
integrate local perception capabilities into the model alongside
global attention mechanisms.

Based on the above observations and aiming to achieve
a balance between efficiency and performance, we pro-
pose a novel Cross-Layer Block (CLB) comprising a Strip
Cross-Attention (SCA) module and a Local Perception Mod-
ule (LPM). Specifically, the SCA module captures global
long-range context dependencies by employing a low-rank
strategy to compress the channel dimensions of the query
and key for lightweight computation, while retaining the
full value dimension to maintain dense token connectivity.
This approach effectively balances global attention modeling
with manageable computational complexity. Meanwhile, the
LPM leverages the local perception capability of convolution,
enhanced with channel attention, to extract and retain fine-
grained local details. This design achieves a better trade-off

between efficiency and effectiveness, as illustrated in Fig. 1. In
summary, the main contributions of our method are as follows:

1) We present an innovative and robust transformer-decoder
architecture designed for efficient semantic segmenta-
tion. Building on U-Net’s strengths in capturing and
transmitting hierarchical features, our approach uniquely
utilizes lateral connections from the transformer encoder
as query features.

2) We introduce a meticulously designed Cross-Layer
Block consisting of two key modules: Strip Cross-
Attention and the Local Perception Module. These
modules work together to capture both local and global
contexts effectively.

3) Experiments were conducted using various back-
bones on benchmark datasets, including ADE20K [1],
Cityscapes [24], COCO-Stuff 164k [25], and Pascal
VOC2012 [26], resulting in SOTA performance.

II. RELATED WORK

A. Semantic Segmentation

Semantic segmentation can be seen as an evolution of
image classification, transitioning from categorizing entire
images to assigning labels at the pixel level [27], [28], [29],
[30], [31]. During the deep learning era, the Fully Convolu-
tional Network (FCN) [11] marked a significant breakthrough
in semantic segmentation by utilizing a fully convolutional
architecture for end-to-end pixel-wise classification. Follow-
ing the development of FCN, subsequent research advanced
semantic segmentation from several perspectives: 1) Enlarging
the receptive field [32]. DeepLab-v3 [33] introduced dila-
tion rates in the Atrous Spatial Pyramid Pooling (ASPP)

Fig. 1. The mIoU and GFLOPs comparison of SCASeg with SOTA
approaches on ADE20K [1] dataset. The results are reported using a single
model and single-scale inference based on MSCAN [2] backbones.

module, allowing for a larger and more multi-scale recep-
tive field. 2) Improving contextual information [34]. CPNet
[35] enhanced feature learning accuracy by encoding ground
truth into a one-hot representation and introducing a con-
text before the encoder, providing more precise guidance
for feature learning. 3) Incorporating boundary information
[36]. BPKD [37] employed edge detection operators to dilate
and erode target objects, effectively extracting their edges,
and used knowledge distillation to transfer accurate edge
information from a teacher model to a student network.
4) Designing various attention mechanisms [38]. DANet [12]
and CCNet [39] extended non-local attention by integrating
channel attention concepts to enhance overall model perfor-
mance. Although these approaches have significantly improved
segmentation accuracy, they have also introduced numerous
empirical modules, resulting in computationally intensive and
complex frameworks.

Another research direction explores prototype-driven
designs (e.g., PEM [40]), which constrain cross-attention using
learned prototypes and combine them with efficient multi-scale
pyramids to reduce computational load. ContrastiveSeg [41]
introduced pixel-wise metric learning to leverage semantics
across images without additional overhead. Clustering-based
approaches (e.g., CLUSTSEG [42]) treated queries as clus-
ter centers, alternating between pixel assignment and center
updates to provide a unified framework for segmentation tasks.
While these methods mainly innovate at the level of objectives
or query formation, our work focuses on an architecture-level
contribution through the design of a decoder and token mixer.

B. Encoder Backbone

The Vision Transformer (ViT) [14] was the pioneering
work that demonstrated how a pure Transformer-based model
could achieve SOTA performance in image classification. ViT
treats each image as a sequence of tokens, which are pro-
cessed through multiple Transformer layers for classification.
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Following this, DeiT [43] introduced a more effective training
strategy along with a distillation technique for ViT. Recent
approaches [21], [22], [23] have incorporated specialized
modifications to ViT to further enhance its performance in
image classification.

However, since semantic segmentation involves dense pre-
diction tasks distinct from image classification, improvements
in classification models do not always translate to equivalent
gains in segmentation performance. In this context, SETR
[28] was the first to adopt a pure vision transformer-based
architecture for semantic segmentation. However, its training
costs are quite high due to the large number of tokens gener-
ated by high-resolution images, which substantially increases
the computational complexity of the self-attention mechanism.
Researchers have increasingly focused on improving the com-
putational efficiency of the backbone. PVT [44] employed
spatial reduction in the linear projection stage to reduce
the dimensions of the key and value matrices. The Swin
Transformer [45], on the other hand, partitions images into
multiple windows before applying patch sizes, significantly
reducing the computational cost. Later, SegFormer [15] pro-
posed a simple yet highly efficient structure that combined
a Mix Transformer encoder with an all-MLP decoder. Sub-
sequently, models like CoaT [46], LeViT [47], and Twins
[48] further improved the continuity of local features and
eliminated fixed-size positional embeddings to enhance Trans-
former performance in dense prediction tasks. In light of the
high computational cost, SegNeXt [2] showed that convolu-
tional attention offers a more efficient and effective means of
encoding contextual information compared to the self-attention
mechanism used in Transformers, while also providing a
comprehensive analysis of the strengths and advantages of
various models.

C. Decoder Head

For semantic segmentation, Segmenter [49] leveraged the
output embeddings associated with image patches and derived
class labels from these embeddings using either a point-
wise linear decoder or a mask transformer decoder. MetaSeg
[16] introduced a lightweight decoder module called Channel
Reduction Attention, which enabled self-attention within each
stage’s output while reducing computational load. However, a
key limitation is the lack of cross-layer interaction, indicating
potential areas for improvement. FeedFormer [17] enhanced
efficiency by taking high-level encoder features as queries,
and the lowest-level encoder features as keys and values.
Yet, it processes feature maps independently without progres-
sive propagation across decoder stages, missing opportunities
for gradual refinement that can enhance object boundary
detection. U-MixFormer [18] addressed this by introducing
a mix-attention mechanism that first downsampled features
from different levels and concatenated them to form queries.
Features from each encoder level were then treated as keys
and values, with cross-attention applied progressively across
layers. The newly generated feature map was merged back
into the original concatenated features to form new queries.

Our approach draws inspiration from this, but U-MixFormer
[18] still has a high computational cost due to its reliance on

standard cross-attention mechanisms. On the other hand, Mac-
Former [19] preserved boundary information in the frequency
domain and employs Mutual Agent cross-attention. While
the use of agents helps control the overall parameter count,
the bidirectional cross-attention operations still contribute to
considerable computational complexity.

III. METHODOLOGY

A. Overall Architecture

As illustrated in Fig. 2 (a), our SCASeg framework is com-
patible with any pretrained model that features a hierarchical
four-stage architecture. In this work, we employ lightweight
backbones such as MiT-B0∼B5 and MSCAN-T/S/B as
encoders, efficiently extracting rich feature representations.
Inspired by U-MixFormer [18], we have developed a refined
version of the U-Net structure for the decoder. This enhanced
design integrates a Cross-Layer Block to facilitate inter-level
feature interaction with a low computational burden, signifi-
cantly improving decoding capability.

B. Hierarchical Encoder and Lightweight Decoder

Given an image I of size H × W × 3 as input, feature
maps Fi ∈ R

H
2i+1 ×

W
2i+1 ×Ci are extracted at each stage of the

encoder, where i ∈ {1, 2, 3, 4} indicates the corresponding
encoder stage and Ci denotes the number of channels in that
stage. These features provide a progression from coarse to fine
detail, contributing to the improved performance of semantic
segmentation.

The decoder in our SCASeg utilizes the U-Net architec-
ture to better capture global contexts that are insufficiently
addressed by the encoder. At each stage of the decoder, refined
features Di are progressively generated through the Cross-
Layer Block, where the query features Xi

q correspond to the
respective lateral encoder feature maps Fi. The key and value
feature Xi

kv (denoted as Mi in Fig. 2) are derived from a
combination of both encoder and decoder stages. The decoder
features are then upsampled using bilinear interpolation to
match the height and width of D1. Finally, the concatenated
features are passed through an MLP (Multilayer Perceptron)
to generate the segmentation masks, which have dimensions
of H

4 ×
W
4 × 3.

The entire decoding process can be summarized by the
following formulas:

Mi = Cat
�
ρ1 (F1) , . . . , ρi (Fi) ,Di+1, . . . ,D4

�4
i=1 , (1)

Di = CLB (Fi,Mi) , (2)

Di
up = Up

�
Di, 2i−1�

, (3)

Omask = MLP(Cat
�
Dup

i

�4
i=1), (4)

where Cat denotes the concatenation operation, ρ represents
a downsampling pooling operation, CLB stands for Cross-
Layer Block, and U p refers to an upsampling function, which
includes the scaling factor. The MLP is implemented using
linear functions.
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Fig. 2. The Overview of the proposed SCASeg architecture (a) and the detailed structure of the Cross-Layer Block (CLB) (b). SCASeg consists of two
main components: an encoder based on hierarchical backbones (e.g., MSCAN [2] and MiT-Bx [15]) and a decoder with a cross-layer interaction design. The
key innovation of SCASeg lies in this decoder structure, which promotes multi-scale feature complementarity. The CLB further enables efficient global–local
feature integration while preserving local structural information.

C. Cross-Layer Block (CLB)

The proposed Cross-Layer Block (CLB) incorporates the
MetaFormer [20] block in the decoder to enhance the global
context of the feature representations extracted by the encoder,
with a primary focus on integrating contextual informa-
tion across different hierarchical features. As illustrated in
Fig. 2 (b), the CLB includes the MetaFormer block, which con-
sists of three residual subblocks, a Local Perception Module
(LPM), and a novel Strip Cross-Attention (SCA) module for
token mixing. The SCA module effectively captures both local
and global contexts of the features while seamlessly integrating
information across different hierarchical levels with minimal
computational cost. The CLB is applied at each stage and takes
two distinct inputs, Fi and Mi.

Thus, the entire process is defined as follows:

ZG
i = SCA (LN (Fi) ,LN (Mi)) + Fi, (5)

ZGL
i = LPM

�
LN

�
ZG

i

��
+ ZG

i , (6)

Di = MLP
�
LN

�
ZGL

i

��
+ ZGL

i , (7)

where Zi
G captures global features, whereas Zi

GL fuses both
local and global contexts. Layer Normalization (LN) is
employed to standardize these features.

The relationship to other attention blocks is shown in
Fig. 3. These works introduce various modifications to the
self-attention block, with a focus on enhancing the token-
mixer component. MetaSeg [16] addresses the computational

complexity of self-attention by employing a channel reduction
strategy for Q and K. However, it overlooks the complemen-
tary information across multi-scale features. On the other hand,
U-MixFormer [18] utilizes a feature mixing strategy but fails
to capture local information. MacFormer [19] incorporates
bidirectional complementarity but imposes a heavy computa-
tional burden. Considering these factors, we aim to propose a
more efficient approach that balances both computational effi-
ciency and feature complementarity. These methods often pri-
oritize one aspect over others, resulting in limitations regarding
feature interactions, computational cost, or local context
preservation. In contrast, our method effectively addresses
these challenges by integrating the advantages of cross-layer
fusion, local context retention, and computational efficiency.

D. Strip Cross-Attention (SCA)

We introduce the Strip Cross-Attention (SCA) module as
an innovative token mixer within the CLB, which is designed
to effectively handle both global and local feature extraction
while maintaining computational efficiency in cross-attention
for semantic segmentation tasks. In transformer blocks, atten-
tion modules calculate the scaled dot-product attention for
queries (Q), keys (K), and values (V) using the following
formula:

Attn(Q,K,V) = Softmax
�

QK>
√

dk

�
V. (8)

Here,
√

dk represents the dimension of the key embeddings.
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Fig. 3. The Cross-Layer Block (CLB) in our proposed SCASeg in comparison with its counterparts in SOTA approaches: (a) ViT [14], (b) MetaSeg [16],
(c) FeedFormer [17], (d) U-MixFormer [18], (e) MacFormer [19]. The main distinction lies in the input features and the token mixer component. Additionally,
our CLB takes into account the preservation of local information.

Fig. 4. The proposed Strip Cross-Attention (SCA) in comparison with the vanilla Self-Attention [14] and Cross-Attention [50]. The difference lies in the
construction of the attention map: self-attention generates the attention map from the same feature, while cross-attention constructs it from different features.
Strip Cross-Attention (SCA) leverages the advantages of cross attention while also reducing computational burden. Specifically, strip tokens are obtained
by projecting query and key features into a single-channel embedding via linear transformation, resulting in a strip-shaped representation along the channel
dimension. Unlike spatial aggregation methods, this operation preserves the spatial token resolution and keeps the token count unchanged, while reducing the
dimensionality of attention similarity computation.

In Self-Attention, the features used to generate the queries,
keys, and values are identical (denoted as Xqkv) and are derived
from a common input source Fi, as shown in Fig. 4 (a). In
Cross-Attention, two distinct sets of features (Xq and Xkv)
are processed, each originating from a separate source, Fi

and F j, as depicted in Fig. 4 (b). In Strip Cross-Attention,
a fused feature (Xkv) is gathered from multiple stages at
different scales, denoted as Mi. This design enables the query

to identify matches across various stages with varying levels
of contextual granularity, thus supporting improved feature
refinement. From an efficiency perspective, we strategically
designed strip-shaped tokens to implement the attention map.
The channel dimensions of the original query and key are
embedded into a single dimension, further reducing computa-
tional overhead from O(H · N2 ·C) (vanilla cross-attention) to
O(H ·N2 ·1). This one-dimensional transformation significantly
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Fig. 5. The architecture of our proposed Local Perception Module (LPM).

reduces computational complexity. The comparison formulas
for the computational costs of Self-Attention and Strip Cross-
Attention are as follows:

Ω(SA) = N2 · C + N2 · C (9)

Ω(SCA) = N2 · 1 + N2 · C, (10)

where N represents the total number of tokens.
Motivated by MetaSeg [16], we observed that the channel-

compressed feature token query Q ∈ RB×hs×N×1 and key K ∈
RB×hs×N×1 are effective at capturing global similarities. The
SCA operation is expressed as follows:

Qi = WQ
i (Fi) ∈ RB×hs×Ni×1, (11)

Ki = WK
i (Mi) ∈ RB×hs×Nm

i ×1, (12)

Vi = WV
i (Mi) ∈ RB×hs×Nm

i ×dimh , (13)

Attn (Qi,Ki) = Softmax
�

QiKT
i

√
dk

�
∈ RB×hs×Ni×Nm

i , (14)

Pi = Attn (Qi,Ki) VT
i ∈ R

B×hs×Ni×dimh , (15)

SCA (Fi,Mi) = WO
i (Cat (P0, . . . ,Phs)) ∈ RB×Ni×Ci , (16)

where WQ
i , WK

i and WV
i are transformation matrices used

to map features. B denotes the batch size, hs represents the
number of attention heads, N is the number of tokens, and
dimh is the dimension of each head.

E. Local Perception Module (LPM)

Global attention excels at capturing long-range dependen-
cies, but it often overlooks local context. To address the lack of
local perception in standard self-attention and cross-attention
mechanisms, we introduce a Local Perception Module (LPM)
in the CLB, drawing inspiration from backbones such as XCiT
[23], SMT [22], and CMT [21]. As shown in Fig. 5, the LPM
can be derived using the following equation:

xd = DWConv3×3
�
σ

�
DWConv1×1 (x)

��
, (17)

ω = Sigmoid
�
fLi(σ

�
fLi �

AvgPool (xd)
���

, (18)
y = x + DWConv1×1 (ω � xd) , (19)

where DWConv denotes a depthwise separable convolution, σ
represents the ReLU activation function, f Li is the nn.Linear
operation, and � symbolizes matrix multiplication by channel.

IV. EXPERIMENTS

A. Experimental Settings

1) Datasets: We conducted experiments on four publicly
available datasets: ADE20K [1], Cityscapes [24], COCO-Stuff

164K [25], and Pascal VOC2012 [26]. ADE20K [1] contains
150 semantic categories, with 20,210 training images, 2,000
validation images, and 3,352 test images. Cityscapes [24]
focuses on urban scenes with 19 categories, including 2,975
training images, 500 validation images, and 1,525 test images.
COCO-Stuff164K [25] has 164,000 images annotated with 171
categories, enhancing the COCO dataset with detailed scene
parsing. Pascal VOC2012 [26] includes 11,530 images across
20 categories, with pixel-level annotations for classification
and segmentation tasks.

2) Implementation Details: Unless otherwise specified, all
models are trained using the AdamW optimizer with an initial
learning rate of 6e−5 for 160K iterations, following a polyno-
mial learning rate decay schedule. We utilized the mmsegmen-
tation [69] codebase (Version 1.2.2) to train our model on eight
NVIDIA A100 GPUs. In our experiments, we employed LVT,
MiT-B0 ∼ 5, and MSCAN as backbone networks, while keep-
ing the encoder unchanged to ensure fair comparisons across
different methods. Standard data augmentation strategies were
applied, including random horizontal flipping, random scaling
with ratios ranging from 0.5 to 2.0, and random cropping to
512×512 for ADE20K [1], COCO-Stuff 164k [25], and Pascal
VOC2012 [26], and 1024×1024 for Cityscapes [24]. The batch
size was set to 16 for ADE20K, COCO-Stuff 164k, and Pascal
VOC2012, and 8 for Cityscapes. All results are reported using
single-scale inference, and performance is evaluated using
mean Intersection over Union (mIoU).

B. Experimental Results

We categorized SOTA models into lightweight, medium-
weight, and heavyweight. The main results on ADE20K [1]
and Cityscapes [24] are shown in Tables I, II, and III. For
COCO-Stuff 164k [25] and Pascal VOC2012 [26], we con-
ducted fair comparisons using the same backbone networks,
with the key results presented in Table IV.

ADE20K [1] & Cityscapes [24]. Lightweight models:
We presented the performance of the lightweight models in
Table I. As indicated in the table, our lightweight model,
SCASeg (MiT-B0), achieved an mIoU of 41.6% on ADE20K
[1], utilizing only 6.0 million parameters and 5.9 GFLOPs.
In comparison to SegFormer [15] (MiT-B0), SCASeg (MiT-
B0) achieves a 4.2% improvement in mIoU while reducing
computational cost by 29.7%. Although SDPT-Tiny [58] and
VWFormer [59] (MiT-B0) have a slight advantage in param-
eter count, their GFLOPs are nearly the same as ours, and
their mIoU is at least 2.2% lower than that of our method.
For Cityscapes [24], the performance difference becomes more
evident, with our model achieving an mIoU of 79.3% at
just 101.7 GFLOPs. This represents a 3.1% improvement in
mIoU and an 18.9% reduction in computational cost com-
pared to SegFormer [15] (MiT-B0). Similarly, with LVT and
MSCAN-T as backbones, our approach consistently achieves
near-SOTA performance.
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TABLE I
PERFORMANCE COMPARISONS WITH SOTA LIGHT-WEIGHT MODELS ON ADE20K [1] AND CITYSCAPES [24]. RESULTS ARE TAKEN

FROM THE ORIGINAL PAPERS UNDER A UNIFIED MMSEGMENTATION TRAINING PROTOCOL. “–” INDICATES METRICS
NOT REPORTED IN THE ORIGINAL PUBLICATIONS

Medium-weight models: As shown in Table II, our SCASeg
demonstrates superior performance compared to other meth-
ods when paired with equivalent heavy encoders. SCASeg
(MiT-B1) achieved 45.4% mIoU on ADE20K [1] with just
23.4 million parameters and 17.4 GFLOPs. Using MiT-B1 as
the backbone, our approach reduces GFLOPs by 15.9% while
improving performance by 1.2% compared to FeedFormer
[17]. The PEM model [40], which achieves comparable per-
formance (45.5% vs. 45.4%), requires 52% more parameters
and 2.7 times the GFLOPs (46.9 vs. 17.4) of our method.
Although EfficientMod [5] achieves an mIoU that is 0.6%
higher than ours, it incurs an additional computational cost
of nearly 11 GFLOPs. On the Cityscapes [24] dataset, our
approach achieves a new SOTA accuracy of 80.3%. Similarly,
when evaluated using MSCAN-S and MiT-B2 as backbones,
SCASeg effectively balances performance and efficiency.

Heavyweight models: Table III presents the experimental
comparison using heavy backbones, specifically MSCAN-B
and MiT-B3/4/5. Our method also demonstrates solid
results. For instance, on the ADE20K [1] dataset, SCASeg
(MSCAN-B) achieves 49.6% mIoU with only 33.5 GFLOPs.
In comparison, VWFormer [59] shows worse performance

while with more computation cost (48.1% mIoU with 35.7
GFLOPs). For the Cityscapes [24] dataset, using MiT-B5 as
the backbone, our method achieved an SOTA mIoU of 83.5%,
with a relatively small and justifiable cost of 1173.0 GFLOPs.
Although the GFLOPs of MetaSeg [16] are 2.6% lower than
ours (1143 vs. 1173), its mIoU is 1% lower, indicating a clear
performance difference. These experimental results demon-
strate that, under the same conditions, our method strikes a
better balance between performance and efficiency compared
to other approaches, highlighting its distinct advantages and
validating its effectiveness.

COCO-Stuff 164k [25] & Pascal VOC2012 [26]: In
Table IV, we compared our SCASeg model with previous
methods on the COCO-Stuff 164k [25] and Pascal VOC2012
[26] datasets. To ensure a fair assessment, we selected different
backbone configurations (MiT-B0/B1/B2, MSCAN-T/S, and
SegMAN-T) and applied different methods under the same
experimental conditions: 160k iterations with 8 GPUs, each
processing a batch size of 8. The inference time per image
was tested on a V100 GPU. As observed in Table IV, our
method demonstrates outstanding performance compared with
other methods.
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TABLE II
PERFORMANCE COMPARISONS WITH SOTA MEDIUM-WEIGHT MODELS ON ADE20K [24] AND CITYSCAPES [24]

C. Visualization Results

Visual Comparison of Feature Maps Before and After
Applying CLB: Fig. 6 presents a visual comparison of
feature maps in the decoder before and after introducing the
CLB. Before applying the CLB, features from different stages
(F1–F4) lacked interaction, resulting in no exchange or com-
plementary information between them. This limitation led to
errors and inaccuracies in the segmentation results after direct
fusion. However, after incorporating the CLB, it is evident
that object boundaries are clearly visible at all stages, and
the network demonstrates enhanced edge perception and class
distinction, ultimately yielding more accurate segmentation
outcomes.

Visual Comparison of Segmentation Results with and
without Using LPM: The Local Perception Module (LPM)
is a critical component of our design. While attention mecha-
nisms typically emphasize global context, they often overlook
local perception. By incorporating the LPM, we address this
limitation. As illustrated in Fig. 7, there is a noticeable
difference in the continuity of local information with and
without the LPM. For instance, objects such as the long beak
of a red-crowned crane or a snowboard are prone to mispre-
diction due to the influence of surrounding larger objects. The

LPM effectively alleviated this issue, enabling more consistent
segmentation of small details.

Visual Comparison of Segmentation Results: Figs. 8, 9,
10, and 11show the visual comparison of the segmentation
results obtained on the ADE20K [1], Cityscapes [24], Pascal
VOC2012 [26], and COCO-Stuff 164k [25] datasets, respec-
tively, using our SCASeg and SOTA methods. The highlighted
areas indicate regions where SCASeg outperforms the other
methods in segmentation quality. This improvement is evident
in two main aspects: first, the prediction accuracy for objects
within the same category has increased (e.g., the pole next to
the car and the chandelier); second, boundary segmentation
accuracy has improved (e.g., billboards). Additionally, small
objects, such as traffic lights, are accurately detected and pre-
dicted. Compared to SOTA methods, SCASeg achieves better
recognition of object details near boundaries. This indicates
that our model captures a more relevant visual context by
leveraging the capacity of the CLB decoder strategy.

D. Ablation Studies

Effectiveness of Strip Cross-Attention (SCA): In Table V,
we demonstrate the effectiveness of incorporating SCA within
the decoder. SCA serves as a core component of the CLB,
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TABLE III
PERFORMANCE COMPARISONS WITH SOTA HEAVY-WEIGHT MODELS ON ADE20K [1] AND CITYSCAPES [24]

primarily facilitating cross-level feature enhancement and
interaction among different hierarchical layers. As shown
in this table, incorporating Self-Attention in the Decoder
stage leads to a 3.75% improvement in segmentation accu-
racy. Compared to Self-Attention (SA), Strip Cross-Attention
(SCA) achieves a notable reduction in computational overhead,
lowering FLOPS by 38.9%, while still delivering a 1.47%
improvement in mIoU. Comparisons with Cross-Attention
(CA) and Strip Cross-Attention (SCA) show that Strip Cross-
Attention not only boosts performance but also reduces
parameter count by 0.3M and computation by 0.4G, with a
slight advantage in inference speed as well. This demonstrates
that SCA not only preserves high segmentation performance
but also significantly enhances computational efficiency, mak-
ing it a highly effective alternative for applications with limited
resources.

Effectiveness of the Local Perception Module (LPM):
Table V presents the results of combining SCA with LPM,
forming the complete CLB structure. With the addition
of LPM, parameter count and computational load become
comparable to those of Cross-Attention (CA), yet this com-
bination achieves an increase in segmentation performance
of over 0.5%. Moreover, inference speed remains nearly
identical. When combined with LPM, CA also yields strong
results—improving over CA alone by 0.32% and 0.63% on

MiT-B0 and MSCAN-T, respectively—demonstrating LPM’s
effectiveness. However, CA+LPM introduces higher complex-
ity (6.4M parameters, 6.3G FLOPs) than SCA+LPM (6.0M
parameters, 5.9G FLOPs), and its accuracy is still 0.28%
lower than that of SCA+LPM. In Table VI, we conducted
a comparative experiment, using SENet [70] within LPM to
enhance the model’s sensitivity to local information. When
compared with other channel attention mechanisms (CBAM
[71], ECANet [72], CooAtt [73]), SENet [70] achieved the best
segmentation accuracy, outperforming CooAtt by more than
0.3%. SENet’s integration with LPM significantly strengthens
the model’s local modeling capability, enhancing coherence in
segmentation and reducing misclassification for small objects
or local regions of the same class.

Effect of Different Channel Dimensions of Key and
Value:

To investigate the effect of compressing the channel dimen-
sions of the query and key in our SCA module, we conducted
an ablation study on the PASCAL VOC2012 dataset using
MSCAN-T as the backbone. Specifically, we varied the output
dimensions of the query (Q) and key (K) projections (shared
across heads) while keeping the value projection and all other
settings unchanged. As shown in Table VII, reducing the
query/key dimension to 1 channel achieves a robust mIoU of
77.88%, with the lowest parameter count (6.5M), the lowest
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TABLE IV

PERFORMANCE COMPARISONS WITH SOTA MODELS ON COCO-STUFF 164K [25] AND PASCAL VOC2012 [26]

Fig. 6. Visualized feature heatmaps before and after introducing the Cross-Layer Block (CLB).

computational cost (7.4 GFLOPs), and the highest inference
speed (29.0 FPS). Increasing the dimension from 1 to 8

slightly improves the mIoU to 77.99%, suggesting that a
wider Q/K space may capture more fine-grained attention.
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Fig. 7. Visual comparison of segmentation results with and without using
our LPM.

TABLE V

ABLATION STUDIES OF SCA ON PASCAL VOC2012 [26].
SA: SELF-ATTENTION, CA: CROSS-ATTENTION, SCA:

STRIP CROSS-ATTENTION, LPM: LOCAL
PERCEPTION MODULE

TABLE VI

ABLATION STUDIES OF THE LOCAL PERCEPTION MODULE
(LPM) ON PASCAL VOC2012 [26]

However, the performance gain plateaus quickly, while model
size and complexity rise steadily. Overall, the 1-channel setting
offers an optimal balance of efficiency and accuracy, with the
attention computation retaining strong semantic expressiveness
due to the uncompressed value features. This validates our

TABLE VII

ABLATION STUDIES OF QUERY AND KEY’S CHANNEL DIMENSIONS USING
THE MSCAN-T BACKBONE ON PASCAL VOC2012 [26]

TABLE VIII

ABLATION STUDIES OF CROSS-LAYER BLOCK
(CLB) ON PASCAL VOC2012 [26]

design of using compressed Q/K with high-dimensional V to
achieve compact yet effective attention maps.

Effectiveness of the Cross-Layer Strategy: The com-
parative experiments on cross-layer strategies highlight the
necessity of information exchange across features at different
stages. During the encoding phase, four processing stages gen-
erate features that vary in semantic richness and detail when
passed to the decoder. Shallow stages, such as Stage 1 and
Stage 2, retain more detailed information as they undergo less
downsampling and fewer convolutional operations, resulting
in clearer edge information. In contrast, deeper stages, such
as Stage 3 and Stage 4, capture richer contextual information
due to more extensive feature abstraction. This difference is
visually evident in Fig. 6, which illustrates the characteris-
tics of the feature maps. The cross-layer strategy facilitates
mutual feature enhancement across stages, allowing each stage
to compensate for the limitations of the others. As shown
in Table VIII, applying the CLB module across all four
stages and enabling cross-layer operations significantly boosts
segmentation performance (72.35% for MiT-B0, 77.88% for
MSCAN-T). This improvement underscores the effectiveness
and necessity of cross-layer operations in achieving high
segmentation accuracy.

E. Limitations and Future Work

Despite the excellent performance and computational
efficiency of our approach, there are some limitations
related to parameter size, which may hinder its applica-
tion in resource-constrained environments. In future work,
we plan to explore techniques such as parameter prun-
ing and knowledge distillation to develop a more compact
and efficient version of our model, while maintaining its
effectiveness.

Our future work will focus on adaptive sampling of both
tokens and channels to eliminate redundancy. Rather than
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Fig. 8. Visual segmentation results obtained on ADE20K [1].

Fig. 9. Visual segmentation results obtained on Cityscapes [24].

compressing channels to a fixed number, we will enable the
model to dynamically learn the effective channel count—per
layer, per head, and even per sample—using rank-adaptive

projections and sparsity-inducing gates (e.g., L0/L1 regular-
ization or Gumbel–Softmax masking). For the tokens, we
plan to use content-aware selection (differentiable Top-k or
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Fig. 10. Visual segmentation results obtained on Pascal VOC2012 [26].

Fig. 11. Visual segmentation results obtained on COCO-Stuff 164K [25].

budget-aware routing) to prioritize computation on salient
regions while preserving dense gradients.

V. CONCLUSION

This paper introduced Strip Cross-Attention (SCASeg), a
novel decoder head tailored for semantic segmentation. We
developed a Cross-Layer Block (CLB) that integrates hierar-
chical feature maps from various encoder and decoder stages
to create a unified representation for Keys and Values. By
incorporating the local perceptual strengths of convolution, the
CLB enables SCASeg to effectively capture both global and
local context dependencies across multiple layers, enhancing
feature interaction at different scales and improving overall
efficiency. Experimental results have shown SCASeg’s com-
petitive performance across benchmark datasets.

Despite robust empirical results, edge deployment requires
further efficiency improvements and reduced computational
cost. While cross-layer connections are essential for hierar-
chical feature aggregation, they introduce significant inference
overhead. To address this, we plan to (i) incorporate model-
compression techniques, such as structured pruning and
knowledge distillation, and (ii) implement self-learning mech-
anisms that adaptively select tokens and channels on demand,

rather than using a fixed number, to develop a more robust
and optimized segmentation model in the future.
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