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Abstract

Light-weight neural networks for remote sensing (RS) vi-
sual analysis must overcome two inherent redundancies: spa-
tial redundancy from vast, homogeneous backgrounds, and
channel redundancy, where extreme scale variations render
a single feature space inefficient. Existing models, often de-
signed for natural images, fail to address this dual challenge
in RS scenarios. To bridge this gap, we propose LWGANet,
a light-weight backbone engineered for RS-specific proper-
ties. LWGANet introduces two core innovations: a Top-K
Global Feature Interaction (TGFI) module that mitigates spa-
tial redundancy by focusing computation on salient regions,
and a Light-Weight Grouped Attention (LWGA) module that
resolves channel redundancy by partitioning channels into
specialized, scale-specific pathways. By synergistically re-
solving these core inefficiencies, LWGANet achieves a su-
perior trade-off between feature representation quality and
computational cost. Extensive experiments on twelve diverse
datasets across four major RS tasks—scene classification, ori-
ented object detection, semantic segmentation, and change
detection—demonstrate that LWGANet consistently outper-
forms state-of-the-art light-weight backbones in both accu-
racy and efficiency. Our work establishes a new, robust base-
line for efficient visual analysis in RS images.

Code — https://github.com/AeroVILab- AHU/LWGANet

Introduction

The efficiency of deep learning models (Lu et al. 2025, 2026;
Hua et al. 2025; Zhu et al. 2025; Zhang et al. 2025a,b; Ye
et al. 2025) for remote sensing (RS) image analysis is in-
herently constrained by two types of data redundancy. First,
spatial redundancy arises from the sparse distribution of
salient foreground objects within vast, homogeneous back-
grounds such as roads, farmland, or oceans. Naive dense
computation over the entire image leads to disproportionate
resource allocation toward these background regions, which
contribute minimal semantic value.

Second, a more subtle but critical issue is channel redun-
dancy, stemming from the extreme scale variations in RS
imagery. A single, unified feature representation struggles
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Figure 1: Visual comparison on the UAVid testing set (Lyu
et al. 2020) with UnetFormer (Wang et al. 2022a) as the
decoder. FasterNet (Chen et al. 2023), a convolution-based
model, excels at capturing building details but struggles
with the global context needed for segmenting moving cars.
Conversely, EfficientFormer V2 (Li et al. 2023b), leverag-
ing global attention, effectively segments cars but fails to
preserve fine-grained building structures. Our LWGANet
achieves a superior balance by jointly modeling local details
and long-range dependencies.

to capture both fine-grained textures and broad spatial con-
texts efficiently. For instance, channels specialized for small
objects like vehicles are underutilized when processing large
structures like runways, and vice-versa. This forces a com-
promise where a significant portion of the feature space be-
comes irrelevant for any given scale, leading to computa-
tional waste and representational inefficiency.

While existing lightweight backbone networks—such as
MobileNetV2 (Sandler et al. 2018)—have been widely
adopted in RS applications (e.g., scene classification (Zhang,
Zhang, and Wang 2019; Xu, Zhu, and Shu 2022), object de-
tection (Huang et al. 2022; Ai, Luo, and Wang 2025), seman-
tic segmentation (Huang, Chen, and Wang 2022; Li et al.



2024), and change detection (You et al. 2024)), these ar-
chitectures are primarily designed for natural image bench-
marks like ImageNet (Deng et al. 2009). Their efficiency
typically derives from simplifications based on homoge-
neous grouping—applying identical operators like depth-
wise separable convolutions across all channel partitions.
This uniform approach, while reducing parameters, funda-
mentally fails to address channel redundancy in RS data. It
forces a single operational logic onto a diverse, multi-scale
feature space, leading to computational waste and represen-
tational compromises. As a result, they often fail to recon-
cile the competing demands of local detail preservation and
long-range context modeling, especially under the multi-
scale and cluttered conditions of RS images.

This architectural misalignment leads to a performance
trade-off. For instance, convolution-based models such as
FasterNet (Chen et al. 2023) exhibit strong local represen-
tation but lack the receptive field to capture global depen-
dencies, resulting in poor recognition of diffuse objects.
Conversely, transformer-style models like EfficientFormer
V2 (Lietal. 2023b) possess enhanced global modeling capa-
bilities but often suppress the high-frequency spatial infor-
mation critical for detecting small or detailed objects. These
limitations motivate the need for a lightweight backbone ex-
plicitly designed to mitigate both spatial and channel redun-
dancies in a synergistic manner.

In this work, we propose LWGANet, a novel light-weight
backbone architected to resolve this dual redundancy prob-
lem in RS images. It is built upon two key principles:

(1) To address spatial redundancy, we propose the Top-K
Global Feature Interaction (TGFI) module. This compo-
nent selectively samples a sparse set of informative spatial
positions and performs global context aggregation on this
reduced token set. The result is a resolution-independent
mechanism for long-range dependency modeling with re-
duced computational cost.

(2) To alleviate channel redundancy, we design the Light-
Weight Grouped Attention (LWGA) module. It partitions
channels into heterogeneous groups, routing each through a
specialized pathway optimized for a distinct feature scale—
ranging from fine-grained edges to high-level semantics.
This structure enables simultaneous multi-scale representa-
tion while minimizing channel waste.

Through the integration of TGFI and LWGA, LWGANet
achieves a balanced capacity for both fine spatial detail ex-
traction and large-scale semantic modeling. As shown in
Figure 1, the network effectively parses diverse RS scenes
containing extreme scale variation and complex background
interference. In summary, our contributions are as follows:

e We identify spatial and channel redundancy as key bot-
tlenecks for efficient network design in RS images, pro-
viding an architectural strategy to tackle both jointly.

* We propose the LWGA module, a novel grouped atten-
tion architecture that resolves channel redundancy by de-
coupling features into specialized, multi-scale pathways.

e We introduce the TGFI module, a sparse interaction
mechanism that mitigates spatial redundancy by effi-
ciently modeling global context on a reduced set of
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salient features.

* We present LWGANet, a new light-weight backbone
built upon these principles, and validate its state-of-the-
art performance and versatility through extensive experi-
ments on 12 datasets across four distinct RS tasks.

Related Work

The pursuit of efficient deep learning models has led to a va-
riety of light-weight architectures. Early CNN-based efforts,
such as MobileNetV2 (Sandler et al. 2018), utilized depth-
wise separable convolutions to reduce computational cost.
More recent techniques include model pruning (Zheng et al.
2023), knowledge distillation (Hinton, Vinyals, and Dean
2015), reparameterization (Ding et al. 2021), and Neural Ar-
chitecture Search (NAS) (Tan et al. 2019).

Concurrently, Vision Transformers (ViTs) (Dosovitskiy
et al. 2020) and their hierarchical variants such as PVT
(Wang et al. 2021b) and Swin Transformer (Liu et al. 2021)
have introduced a new paradigm. Light-weight ViTs, such
as MobileViT (Mehta and Rastegari 2022) and Efficient-
FormerV2 (Li et al. 2023b), aim to merge transformer ca-
pabilities with mobile efficiency. Despite these advance-
ments, most generic light-weight backbones are primarily
optimized on natural image datasets like ImageNet (Deng
et al. 2009), which lack the extreme scale variations and high
redundancy characteristic of RS imagery.

Although some light-weight CNNs and ViTs have been
applied to RS tasks, their performance often plateaus due to
their general-purpose nature. While these general-purpose
architectures have been adapted for RS tasks, they were not
engineered to exploit RS-specific properties. Moreover, they
rarely exploit the significant feature redundancy present in
RS data. Consequently, a critical need remains for light-
weight backbones specifically engineered for RS imagery—
architectures that can manage channel redundancy and spa-
tial redundancy. Our proposed LWGANet fills this gap by
systematically addressing these challenges through decou-
pled multi-scale feature representation and sparse global
context modeling.

Approach

This section presents the overall architecture of LWGANet
and its core components.

Overview of LWGANet

LWGANet adopts a hierarchical architecture with four
stages, progressively reducing the spatial resolution by fac-
tors of 4, 8, 16, and 32. This multi-scale design is funda-
mental for handling the diverse object scales prevalent in RS
imagery. To accommodate different computational budgets,
we propose three variants—L0, L1, and L2—distinguished
by their stem layer channel counts (32, 64, and 96), provid-
ing a clear trade-off between model capacity and efficiency.

The architecture begins with a stem layer, implemented
as a stride-4 convolution, to quickly reduce spatial dimen-
sions while expanding channel capacity. Each stage then
comprises a sequence of LWGA blocks, with block counts
Ny, No, N3, Nysetto[1,2,4,2] for LOand L1, and [1, 4, 4,
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Figure 2: Illustration of the LWGA module and its submod-
ules. GPA, RLA, SMA and SGA denote gate point attention,
regular local attention, sparse medium-range attention and
sparse global attention, respectively.

2] for L2. For downsampling between stages, we employ the
DRFD module (Lu et al. 2023), chosen for its proven ability
to preserve fine details. The multi-level features produced by
each stage can be readily fed into task-specific decoders for
various downstream applications.

Within each stage, an LWGA block processes the input
feature map X first through the LWGA module, producing
an enhanced feature map Y. This is followed by a Channel
Multilayer Perceptron (CMLP) that refines Y using sequen-
tial 1x1 convolutions for channel expansion and restora-
tion. The block is then completed with a residual connection,
Batch Normalization (BN), and dropout:

CMLP(Y) = Conv(Act(BN(Conv(Y)))),
out = X + BN(drop(CMLP(Y))),
where the dropout rate is 0.0 for L0, 0.1 for L1 and L2.

LWGA Module

The LWGA module is the core engine of LWGANet, engi-
neered to resolve channel redundancy through a novel het-
erogeneous grouping strategy. Traditional lightweight de-
signs often employ homogeneous grouping (e.g., grouped
convolutions or multi-head attention), where identical op-
erations are applied to all channel partitions. This uniform
processing is inefficient for the extreme scale variations
in RS imagery. In contrast, LWGA decouples the feature
space by partitioning channels into four specialized, non-
overlapping pathways {X1, X2, X3, X4}, where each seg-
ment X; € R *WxC/4 ig routed through a distinct operator
optimized for a specific feature scale.

This channel partitioning allows us to maximize represen-
tational efficiency. Each channel group is allocated to a spe-
cialized submodule optimized for a distinct feature scale, en-
suring that the allocated channels are used with maximum
relevance and minimal waste. The four pathways are de-
signed to capture:

Point-level Details: X, is processed by Gate Point Atten-
tion (GPA) to enhance fine-grained features.

RLA for Local Patterns: X, is handled by Regular Lo-
cal Attention (RLA), which uses standard convolutions. This

ey
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approach leverages their strong inductive bias for local tex-
ture and pattern recognition.

Medium-range Structures: X3 is fed into Sparse Medium-
range Attention (SMA) to capture contextual information for
irregularly shaped objects.

Global Context: X, is processed by Sparse Global Atten-
tion (SGA) to model long-range dependencies for overall
scene understanding.

By assigning a specialized, computationally efficient op-
erator to each scale-specific task, the LWGA module avoids
the compromises inherent in one-size-fits-all approaches.
The outputs {R1, Ra2, Rz, R4} are then concatenated, fus-
ing the multi-scale representations into a comprehensive fea-
ture map Y € RTXWXC Figure 2 provides a detailed view
of the structure of each submodule.

Top-K Global Feature Interaction (TGFI) Module. Be-
fore detailing the SMA and SGA modules, we first intro-
duce TGFI, a key submodule designed to mitigate spatial
redundancy for efficient long-range dependency modeling.
TGFI is motivated by a core inefficiency in RS imagery:
naive global attention mechanisms expend immense com-
putational effort on vast, uninformative background regions.
To address this inefficiency, TGFI implements a sparse inter-
action strategy that focuses computation exclusively on the
most informative features, thus overcoming the limitations
imposed by spatial redundancy. As shown in Figure 2:

(1) Sparse Feature Sampling: It first divides the input fea-
tures into non-overlapping regions and selects the single
most salient feature token (e.g., with the highest activation
value) from each region. The spatial coordinates P;,. of
these selected features are preserved. This effectively cre-
ates a compact yet representative summary of the features.
(2) Subspace Interaction: Next, interactions (e.g., via con-
volutions or attention) are computed only among this re-
duced set of sampled features. This establishes global re-
lationships in an efficient subspace, drastically reducing the
complexity compared to processing the full feature map.

(3) Feature Restoration: Finally, the enhanced representa-
tions are restored to their original spatial locations using the
preserved coordinates P;,., while non-sampled locations are
typically filled via interpolation or identity mapping.

By leveraging the sparse nature of RS data, TGFI serves
as an intelligent sampling and interaction mechanism. It not
only significantly reduces computational costs but also min-
imizes interference from irrelevant background noise, en-
abling efficient and robust global context integration.

GPA Module. The GPA module is designed to highlight
fine-grained details critical for detecting small objects or in-
tricate textures in RS imagery. It begins with a 1x1 convo-
lution to expand the input feature Xy from C'/4 to C' chan-
nels, enabling richer feature representations. The expanded
features undergo batch normalization and activation. Subse-
quently, a second 1x1 convolution restores the channel di-
mension to C'/4, yielding X . A sigmoid function is applied
to X} to generate an attention map A;, which weights the
importance of each feature. The output R is computed as
R, =X;+ A - X;.



RLA Module. The RLA module is designed to efficiently
capture local spatial features, leveraging the strong induc-
tive bias of convolutions for local pattern recognition. The
input feature X, undergoes a 3 x3 convolution (with param-
eters I=C/4, 0=C/4, K=3, S=1, P=1), preserving spatial di-
mensions. Batch normalization and a non-linear activation
follow to produce the output feature Ro. This provides a ro-
bust foundation for modeling local dependencies.

SMA Module. The SMA module is engineered to capture
medium-range contextual information, which is essential for
objects with irregular shapes or those spanning beyond the
immediate local neighborhood. It operates as follows: the
TGFI module first reduces the input feature X3 to X5 €
RS X% X %, expanding the receptive field while preserving
positional coordinates P;,.. The resulting X5 is processed
to generate an attention map A/ that integrates contextual

information, computed as follows:
L
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where z;; represents the feature at position (4, j), and o;
are learnable coefficients. The window size L is set to 11.
The attention map A4 is then interpolated back to the orig-
inal feature map dimensions using the preserved coordi-

nates Pj,., yielding Az (A5 € RExE xS Prog As €

RE*WX$) Ry is computed as: Rg = Aj - Xs.

SGA Module. The SGA module is responsible for captur-
ing long-range dependencies and global context. To balance
representation with computational feasibility across stages,
it adopts a dynamic, stage-aware strategy that adapts to the
decreasing spatial resolution of the feature maps.

For Stages 1 and 2, where feature maps are large, a
standard self-attention mechanism is computationally pro-
hibitive due to its quadratic complexity with respect to the
number of tokens. Even on the sparsely sampled features
from TGFI, this cost remains a bottleneck. To circumvent
this, we employ a highly efficient proxy for global atten-
tion: a combination of a 5x5 grouped convolution and a
7x7 dilated convolution (dilation=3). This convolutional ap-
proach approximates long-range interactions with a com-
plexity that is linear to the number of sampled tokens, of-
fering a powerful yet light-weight solution for capturing ex-
pansive context in high-resolution stages. The TGFI module
first samples foreground features, reducing the feature map

HyW C . . . .
to X/, € R2 *2 X1 while preserving positional coordinates
P10c- The convolutional attention map A412 is applied to this
sparse feature set, and the resulting feature R} = A415 - X/
is then restored to the original resolution using P, i.e.,

R, € R#x%x¢ Yiog R7 € REXWXS  and the final out-
put is computed as R4 = BN(R] + X4).

For Stage 3, as the feature map size is considerably re-
duced, we can afford a more powerful interaction mecha-

nism. The TGFI module again reduces the feature map to

n:Lfl
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X, € R %% %%, A standard global self-attention mecha-
nism (Dosovitskiy et al. 2020) with 4 heads, denoted Ay, is
then applied to X/;. The output R}, = A3 - X/, is interpo-
lated back to the full resolution via P;,., and combined with
the input: R4 = BN(R] + X4).

For Stage 4, the feature map is at its smallest spatial
dimension, containing highly condensed semantic informa-
tion. At this final stage, computational cost is no longer
the primary constraint. We therefore apply the full-power
standard global self-attention directly to the entire (dense)
feature map X4, without sparse sampling. This maximal-
ist approach ensures that the model can perform a compre-
hensive, all-to-all comparison of semantic concepts across
the entire scene, which is vital for final classification and
high-level understanding. The output is computed as R4 =
BN(Ayy - X4 +Xy), where Ayy denotes the standard global
self-attention.

This progressive strategy, moving from highly efficient
convolutional approximations to sparse attention and finally
to dense global attention, allows LWGANet to model global
context with a sophistication that scales gracefully with the
network’s depth and feature map size.

Finally, the features from all four pathways,
{R1,R2,R3,R4}, are concatenated along the chan-
nel dimension. This fusion step integrates the specialized,
multi-scale information into a single, comprehensive feature
map Y € REXWXC ‘ready for subsequent processing.

Experiments

In this section, we conduct a comprehensive evaluation of
LWGANet on 12 public datasets across four key tasks: scene
classification on UCM (Yang and Newsam 2010), AID (Xia
et al. 2017), and NWPU-RESISC45 (Cheng, Han, and Lu
2017); oriented object detection on DOTA-v1.0/1.5 (Xia
et al. 2018) (online testing) and DIOR-R (Cheng et al.
2022); semantic segmentation on UAVid (Lyu et al. 2020)
and LoveDA (Wang et al. 2021a) (both online testing);
and change detection on LEVIR-CD (Chen and Shi 2020),
WHU-CD (Ji, Wei, and Lu 2018), CDD-CD (Lebedev et al.
2018), and SYSU-CD (Shi et al. 2021).

Datasets and Experimental Setup

Across all experiments, data preprocessing and training
protocols aligned with established methods (Lu et al.
2024; Cai et al. 2024; Wang et al. 2022a; Li et al.
2023c; Wang et al. 2024a), maintaining standard dataset
splits and applying the best validation weights for test-
ing. We use a backbone pre-trained on ImageNet-1K (Deng
et al. 2009). Detailed dataset statistics and implementa-
tion specifics are provided in the Appendix for full re-
producibility, accessible at: https://github.com/AeroVILab-
AHU/LWGANet/blob/main/figures/LWGANet_sup.pdf.

Evaluation on Scene Classification

We begin by evaluating LWGANet on scene classification, a
task that directly tests the model’s multi-scale representation
capability. Table 1 presents a comprehensive comparison
against SOTA light-weight models, including MobileNet



Params. FLOPs|Top-1 Accuracy (%) 1| Speed (FPS) 1

Method
et M)l (G)) [NWPU AID UCM |GPU CPU ARM

MobileNet V2 1.0x  2.28  0.319 | 95.06 93.65 97.14 [11301 49.11 785.4
FasterNet TO 2.68 0.338 | 93.30 92.85 94.75 |18276 106.4 839.7
StarNet S1 2.68 0431 | 9430 91.05 93.10 | 6045 71.70 459.8
EdgeViT XXS 379 0.546 | 94.75 93.10 95.24 | 4153 46.36 259.9
EfficientformerV2 SO 336  0.396 | 94.52 93.80 97.14 | 1299 54.00 272.0
EdgeNeXt XXS 1.17  0.197 | 92.35 88.10 88.10 | 8521 100.8
*MobileViT XXS 1.03  0.333 | 94.37 93.30 95.00 | 4811 31.87 453.6
GhostNet V2 0.6 X 2,16 0.077 | 94.65 92.70 94.29 | 9802 69.96 867.1
LWGANet-LO 172 0.186 | 95.49 94.60 98.57 |13234 80.00 687.8

MobileNet V22.0x  8.81 1.17 | 95.35 93.85 97.86 | 5567 17.03 372.3

FasterNet T1 6.37  0.855 | 93.73 93.20 94.52 11876 51.42 650.1
StarNet S3 55 0.767 | 93.32 91.40 93.33 | 4438 47.86 336.8
EdgeViT XS 6.40 1.12 | 94.89 93.75 94.52 | 3310 29.95 205.8
PVT V2 B0 342 0.533 | 9435 93.10 96.43 | 3843 40.26 243.4
EfficientformerV2 S1  5.87  0.661 | 94.97 93.95 96.90 | 1211 36.96 204.5
EdgeNeXt XS 2.15 0.408 | 92.79 90.45 88.10 | 5455 56.42

*MobileViT XS 2.02 0900 | 9490 9520 96.43 | 3300 12.99 306.3
GhostNet V2 1.0x 493  0.181 | 95.08 93.80 94.76 | 6596 42.02 591.7
LWGANet-L1 590 0.709 | 95.70 94.85 98.81 | 6418 34.08 375.8

MobileNet V22.5x  13.7 1.80 | 9548 94.45 97.86 | 3796 12.90 282.4

FasterNet T2 13.8 1.91 | 95.11 93.60 94.29 | 6852 26.40 669.8
StarNet S4 7.23 1.07 | 93.08 89.75 90.71 | 3093 34.20 235.1
EdgeViT S 12.7 1.90 | 95.05 93.35 95.95 | 2318 19.31 141.3
PVT V2 B1 13.5 2.04 | 94.62 93.45 95.71 | 2369 15.96 145.3
EfficientformerV2 S2  12.3 1.26 | 95.14 9420 97.38 | 642 24.74 123.8
EdgeNeXt S 530  0.960 | 93.54 91.90 92.62 | 3844 30.00

*MobileViT S 5.03 1.75 | 95.19 95.25 97.14 | 2681 10.20 152.7
GhostNet V2 2.0x 16.7  0.632 | 95.44 9430 95.95 | 3476 21.32 303.2
LWGANet-L2 13.0 1.87 | 96.17 95.45 98.57 | 3308 16.18 274.3

Table 1: Experimental results on NWPU, AID, and
UCM classification datasets with a training image size of
224 x224. The symbol ‘x’ indicates a training image size of
256 x256. FPS were acquired by the RTX 3090 (GPU), In-
tel 19-11900K (CPU), and NVIDIA AGX-XAVIER (ARM)
with batch sizes of 256, 16, and 32, respectively.

V2 (Sandler et al. 2018), FasterNet (Chen et al. 2023),
StarNet (Ma et al. 2024), PVT V2 (Wang et al. 2022b),
EdgeViT (Pan et al. 2022), EfficientformerV2 (Li et al.
2023b), EdgeNeXt (Maaz et al. 2022), MobileViT (Mehta
and Rastegari 2022), and GhostNet V2 (Tang et al. 2022).

Our LWGANet variants consistently achieve strong per-
formance across all three datasets. For instance, the light-
weight LWGANet-LO demonstrates a compelling balance of
accuracy and efficiency, achieving 95.49% Top-1 accuracy
on the challenging NWPU dataset. This result surpassed
light-weight models like StarNet S1 (+1.19%) while using
significantly fewer parameters and FLOPs.

This trend of high accuracy relative to computational cost
continues with our larger variants, L1 and L2, which set new
benchmarks for light-weight models on these datasets. The
consistent high performance, from the texture-rich scenes
in UCM to the complex layouts in NWPU, suggests that
our LWGA module’s feature decoupling strategy effectively
captures the required spectrum of features. The model ex-
cels because it does not compromise local detail for global
context, or vice versa, validating our core design principle.

Method #P  FLOPs mAP (%) 1
(M)] (G)| |DOTAL.0O DOTAI5 DIOR-R | Mean
ResNet-50 411 2114 | 7587 6688 6430 |69.02
FasterNet-T2 300 1603 | 76.17 7107  63.66 |70.30
ARC-R50 744 2120 | 7735 6831 6551 |70.39
LSKNet-S 310 1610 | 7749 7026 6590 |71.22

EfficientFormerV2-S2 | 29.2  145.1 76.70 72.19 65.00 |71.30
DecoupleNet-D2 233 1424 78.04 71.15 67.08 | 72.09
PKINet-S 30.8  184.6 78.39 71.47 67.03 | 72.30
LWGANet-L2 292 159.1 79.02 7291 68.53 | 73.49

Table 2: Experimental results on the DOTA 1.0, DOTA 1.5,
and DIOR-R test sets with single-scale training and testing.

Method Backbone only Speed mAP
#PM) | FLOPs(G)| | FPS)T (%)t

EfficientFormerV2-S2 12.0 26.8 15.7 76.70
ARC-R50 56.5 86.6 11.8 71.35
LSKNet-S 14.4 54.4 225 77.49
PKINet-S 13.7 70.2 5.4 78.39
LWGANet-L2 12.0 38.8 19.4 79.02

Table 3: Speed and accuracy comparison of different back-
bones on the DOTA 1.0 test set (Xia et al. 2018).

Analysis of Practical Efficiency. To assess practical de-
ployment performance, we benchmarked inference speeds
(FPS) across GPU, CPU, and ARM platforms, as shown in
Table 1. The results highlight LWGANet’s excellent prac-
tical efficiency. For instance, our LWGANet-LO achieved
a high throughput of 13,234 FPS on GPU and a strong
80.0 FPS on CPU, outperforming most competing hybrid
and Transformer-based models like EfficientformerV2 and
EdgeViT by a significant margin. This demonstrates that our
design is not only theoretically efficient but also translates
to tangible speed in practice. FasterNet, a pure CNN-based
model, achieves higher FPS due to its architecture being
composed almost entirely of highly optimized standard con-
volutions. Despite this, LWGANet offers a superior trade-
off: it delivered substantially higher accuracy than FasterNet
(+2.19% on NWPU) while maintaining highly competitive,
real-world inference speeds, making it a more balanced and
powerful solution for practical RS applications.

Evaluation on Object Detection

Oriented object detection presents a stringent test for any
model’s multi-scale capabilities, due to the extreme scale
variations where tiny vehicles often co-exist with large air-
planes and harbors. We evaluated LWGANet on the chal-
lenging DOTA-v1.0/1.5 and DIOR-R datasets to assess the
efficacy of our multi-scale design in this demanding context.

We compare against SOTA backbones including ResNet-
50 (He et al. 2016), ARC-R50 (Pu et al. 2023), LSKNet-
S (Li et al. 2023a), PKINet-S (Cai et al. 2024), and light-
weight backbone networks such as FasterNet-T2 (Chen
et al. 2023), EfficientFormerV2-S2 (Li et al. 2023b), and
DecoupleNet-D2 (Lu et al. 2024). All backbones are inte-
grated within the Oriented R-CNN (Xie et al. 2021) detec-
tor. Parameters (#P), FLOPs, and speeds (FPS) were tested



Method ‘ #P| FLOPs] FPST mloU"?
EfficientFormerV2-S2 (Li et al. 2023b) | 12.7 35.8 54.1 65.2
FasterNet-T2 (Chen et al. 2023) 13.3 49.1 198.8 65.7
ResNet18 (He et al. 2016) 11.7 46.9 115.6 67.8
LWGANet-L2 12.6 50.3 67.3 69.1

Method | #PM4 mloU 1
FactSeg (Ma et al. 2022) 33.44 50.0
FarSeg (Zheng et al. 2020) 31.37 50.1
LoveNAS (Wang et al. 2024b) 30.49 52.3
UnetFormer (Wang et al. 2022a) 11.73 52.4
RSSFormer (Xu et al. 2023) 30.82 524
LWGANet-L2 12.58 53.6

Table 4: Segmentation experimental results on the UAVid test set (Lyu et al. 2020) (left) and LoveDA (Wang et al. 2021a) (right)
compared to the SOTA methods. #P, FLOPs, and speeds were tested with a 1,024 x 1,024 input size on the RTX 3090 GPU.

Method #P  FLOPs LEVIR-CD WHU-CD CDD-CD SYSU-CD Mean
™M) @®B)) |IoUT FI1 Pref |IoUfT F11 Pret|IoUT FIfT Pret|IoUfT F11 Pret|IoUT FI1T Pret
BIT (Chen, Qi, and Shi 2022) 350 106 | 81.30 89.69 9233|7824 87.79 85.07 | 70.22 82.50 89.03 | 60.48 75.38 80.08 | 72.56 83.84 86.63
DMINet (Feng et al. 2023) 624 146 | 8299 90.75 92.52|79.68 88.69 93.84 | 86.91 92.99 93.03 | 51.56 68.04 64.47 | 7529 85.12 85.97
RFANet (You et al. 2024) 286 3.16 | 8432 9149 9232 87.86 93.54 95.46 | 87.04 93.07 93.84| 69.08 81.71 82.06 | 82.08 89.95 90.92
A2Net (Li et al. 2023c) 378  3.05 | 8421 9143 92.08 | 88.98 94.17 96.68 | 87.42 93.29 93.65| 70.83 82.93 86.45| 82.86 90.46 92.22
A2Net-LWGANet-L0O 291 276 | 8494 91.86 92.81 | 90.24 94.87 96.11 | 87.24 93.18 94.30 | 71.54 83.41 86.16 | 83.49 90.83 92.35
IFNet (Zhang et al. 2020) 357 823 |80.36 89.11 91.64|73.16 84.50 87.92|85.68 92.29 92.03 | 64.42 78.36 7849|7591 86.07 87.52
ChangeFormer (Bandara and Patel 2022) 41.0 203 | 81.59 89.86 91.12 | 72.92 84.34 89.08 | 85.40 92.13 93.39 | 64.20 78.20 79.70 | 76.03 86.13 88.32
ICIFNet (Feng et al. 2022) 238 254 | 81775 89.96 91.32]79.24 88.32 9298|8573 92.31 93.41|40.65 57.80 71.35|71.84 82.10 87.27
CSViG (You et al. 2023) 38.0 203 | 8437 91.52 9235|8276 90.57 94.69 | 87.60 93.39 94.48 | 69.21 81.80 84.43 | 80.99 89.32 91.49
CLAFA (Wang et al. 2024a) 147 22.0 | 8521 92.01 92.96 | 89.74 94.59 95.59 | 88.19 93.73 91.87| 70.12 82.43 83.66 | 83.32 90.69 91.02
CLAFA-LWGANet-L2 16.1  22.1 | 8590 92.42 93.25|90.92 9524 96.51 | 88.27 93.77 91.76 | 70.79 82.90 87.69 | 83.97 91.08 92.30

Table 5: Change detection experimental results on LEVIR-CD test set (Chen and Shi 2020), WHU-CD test set (Ji, Wei, and Lu
2018), CDD-CD test set (Lebedev et al. 2018), and SYSU-CD test set (Shi et al. 2021).

by 1,024 x 1,024 input size on the RTX 3090 GPU.

As shown in Table 2, LWGANet-L2 establishes a new
SOTA among light-weight backbones. It achieved impres-
sive mAP scores of 79.02% on DOTA-v1.0, 72.91% on
DOTA-v1.5, and 68.53% on DIOR-R. This performance
surpassed even task-specialized, heavier backbones such as
PKINet-S. Furthermore, Table 3 highlights its efficiency:
LWGANet was more accurate, used significantly fewer
FLOPs (38.8G vs. 70.2G), and was much faster in practice
(19.4 FPS vs. 5.4 FPS) than PKINet-S. This strong perfor-
mance on datasets with vast scale differences confirms that
leveraging channel redundancy through feature decoupling
is a highly effective strategy for the multi-scale challenge,
outperforming the uniform processing of general-purpose
architectures. Concurrently, the model’s ability to localize
objects accurately within large scenes is supported by the
TGFI module’s design, which mitigates spatial redundancy
for efficient context aggregation. The results suggest that the
flexible receptive fields from our LWGA module are bene-
ficial for localizing irregularly shaped objects. Detailed re-
sults for each category are presented in the Appendix.

Evaluation on Semantic Segmentation

Semantic segmentation demands pixel-level precision, re-
quiring a model to simultaneously recognize fine boundaries
and understand broader semantic context. This task directly
evaluates the fusion of local and global information within
our proposed architecture.

LWGANet was built within the UnetFormer (Wang et al.
2022a) decoder. The results on UAVid and LoveDA (Table
4) confirm the effectiveness of LWGANet. On UAVid, It
achieved 69.1% mloU, and on the more complex LoveDA
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dataset, it set a new SOTA with 53.6% mloU, all while
maintaining a compact size. This strong performance, es-
pecially in scenes featuring both small moving objects and
large static structures, underscores the capabilities of our
multi-pathway design. As visualized in Figure 1, our model
successfully integrates point-level detail with global context,
a direct result of the comprehensive representations fused
from the four specialized pathways of the LWGA module.

Evaluation on Change Detection

Change detection requires comparing bi-temporal images
to identify semantic changes, a task that is highly sensi-
tive to both subtle feature differences and alignment er-
rors. An effective backbone must provide robust, discrimina-
tive features to minimize false positives caused by seasonal
or lighting variations. As presented in Table 5, integrating
LWGANet as the backbone consistently boosts the perfor-
mance of SOTA change detection decoders. For instance,
A2Net-LWGANet-LO improved upon the baseline A2Net
across all metrics on LEVIR-CD and WHU-CD, while being
more parameter-efficient. Similarly, CLAFA-LWGANet-L.2
achieved a new SOTA on all four datasets, with a notable
1.18% IoU gain on WHU-CD. These results highlight that
the rich, multi-scale features produced by LWGANet pro-
vide a more robust foundation for bi-temporal feature com-
parison. The model’s ability to capture both fine-grained
changes and large-scale transformations demonstrates its
adaptability and effectiveness for this demanding task.
Across all these RS visual tasks, LWGANet demonstrates
exceptional versatility and superior performance, providing
an optimal balance between accuracy, parameter efficiency,
and computational cost. Notably, LWGANet even surpasses



Components Efficiency Performance Metrics (%) 1
TGFI LWGA Channels PM)| FLOPs(G)] FPST NWPU DOTA-v1.0(val) LoveDA LEVIR WHU CDD
24 1.92 0.234 22941 94.33 67.61 48.61 82.26 85.84 86.53
v 32 1.72 0.210 6052 95.17 69.47 48.80 83.10 86.31 87.01
v v 32 1.72 0.188 13234  95.49 70.08 49.20 82.93 86.62 86.90

Table 6: Ablation study of LWGANet-LO on its core components. Performance is reported as Top-1 Acc. (%) for NWPU, mAP
(%) for DOTA-v1.0 (val), mloU (%) for LoveDA, and IoU for change detection datasets.

task-specific backbones like LSKNet and PKINet for detec-
tion, and RSSFormer for segmentation, in accuracy while
maintaining a more light-weight design.

Ablation Studies

Quantitative Analyses. To validate the individual contri-
butions and synergistic effects of our core components, we
conducted a detailed ablation study on the TGFI and LWGA
modules using LWGANet-L0. The results, summarized in
Table 6, confirm that the full model integrating both TGFI
and LWGA achieves the highest accuracy on the vast major-
ity of tasks, validating their synergistic benefit. Crucially, the
data reveals that TGFI’s sparse sampling not only reduces
spatial redundancy but also significantly accelerates the het-
erogeneous LWGA module, leading to an optimal balance
of superior accuracy and high practical inference speed.

Qualitative Analyses. To validate our hypothesis that a
synergistic, multi-pathway design is superior to any single-
paradigm. We constructed several variants of our network,
each exclusively using one type of attention module (GPA,
RLA, SMA, or SGA) throughout all blocks. These experi-
ments directly compare the feature extraction capabilities of
the standalone modules against the full LWGANet, ensuring
a fair comparison by utilizing comparable parameters and
FLOPs (stem dims set to 64, 64, 96, 96, and 96).

The qualitative results in Figure 3 provide a visual confir-
mation of our design’s efficacy. The Class Activation Maps
(CAMys) for the standalone modules clearly show their inher-
ent biases: GPA focuses on scattered high-frequency points,
RLA activates on local textures, while SMA and SGA pro-
duce smoother, larger activation regions. In contrast, the
CAM for the full LWGANet is both focused and compre-
hensive. It precisely highlights the target objects while si-
multaneously capturing their broader context. This visual
evidence demonstrates that LWGA module is not just mix-
ing features, but is successfully fusing complementary rep-
resentations into a coherent and superior whole.

Limitations and Future Works

Future development of LWGANet can be guided by two
key objectives: enhancing its architectural adaptivity and im-
proving its practical deployment efficiency.

(1) Architectural Adaptivity. LWGANet currently em-
ploys a static design with fixed channel partitions and hard-
coded hyperparameters. A promising direction is to intro-
duce dynamism, for instance, by using neural architecture
search (NAS) to learn optimal channel allocations for each
pathway or other structural parameters. This would boost the
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Figure 3: The class activation maps (CAMs) visual results.
The figure selected from the DOTA 1.0 test set.

model’s adaptability to diverse data distributions.

(2) Practical Efficiency. While the full LWGANet is
highly efficient, the heterogeneous operations within the
LWGA module can introduce overhead compared to uni-
form, convolution-only architectures. The TGFI module ef-
fectively mitigates this by reducing the computational load
on the attention pathways, thereby boosting throughput.
However, to unlock maximum performance on edge devices,
future work could focus on optimizing the interplay of these
diverse operations. This could involve engineering-driven
solutions like operator fusion and custom CUDA kernels,
or algorithmic approaches to minimize execution divergence
and memory access costs.

Conclusion

In this paper, we introduced LWGANet, a light-weight back-
bone that redefines efficient feature extraction for RS im-
ages by systematically addressing the core issues of spatial
and channel redundancy. Comprehensive experiments on
12 datasets across four major visual tasks validate the su-
periority in both accuracy and efficiency. By synergistically
resolving these core redundancies, LWGANet establishes a
new, robust, and versatile baseline for a wide range of RS
applications, particularly on resource-constrained devices.
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