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Highlights

What are the main findings?

• SFSMamba-DETR integrates Selective Feature Scanning, Dual-Scale Window Atten-
tion, and hierarchical cross-scale feature aggregation to address scale variation, com-
plex backgrounds, and densely distributed small objects in remote sensing imagery.

• On MAR20, UCAS-AOD, and the Jilin-1 Satellite Aircraft Detection Dataset, the
proposed method achieved mAP@0.5 scores of 85.7%, 97.6%, and 82.3%, respectively,
while maintaining an inference speed of 48.6 FPS on a single NVIDIA A100 GPU.

What is the implication of the main finding?

• The results indicate that selective state space scanning can efficiently model long-range,
cross-scale dependencies without relying on additional dense global self-attention.

• The proposed framework provides an effective approach to horizontal-bounding-
box detection of small, densely distributed objects in high-resolution remote sensing
images with cluttered backgrounds.

Abstract

Object detection in remote sensing imagery remains challenging due to vast scale variations,
complex backgrounds, and the prevalence of small, densely packed targets. Existing CNN-
based detectors are limited by restricted receptive fields, while Transformer-based methods
incur prohibitive computational overhead for high-resolution inputs. In this paper, we
propose SFSMamba-DETR, a detection framework that integrates state space models with
Dual-Scale Window Attention for efficient and accurate remote sensing object detection.
Specifically, we design a Selective Feature Scanning (SFS) module that uses the Mamba-based
2D Selective Scan mechanism to model long-range spatial dependencies with linear com-
putational complexity. To capture both fine-grained local patterns and broader contextual
cues simultaneously, we introduce a Dual-Scale Window Attention (DSWA) mechanism that
operates at two complementary window scales with multi-kernel convolution bridging.
These modules are orchestrated within a Cross-scale Feature Aggregation Module (CFAM)
that performs hierarchical multi-scale fusion in a hybrid encoder. Extensive experiments
on three primary benchmarks (MAR20, UCAS-AOD, and the Jilin-1 Satellite Aircraft De-
tection Dataset), together with supplementary results on DOTA and DIOR, demonstrate
that SFSMamba-DETR achieves strong detection accuracy while maintaining competitive
inference speed.
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1. Introduction
Remote sensing object detection has attracted increasing research attention owing to

its broad applications in military reconnaissance, urban planning, environmental mon-
itoring, and disaster response [1,2]. At a general level, remote sensing detectors must
cope with large image sizes, severe scale variation, small object footprints, and cluttered
backgrounds [3,4]. These challenges require efficient long-range context modeling and
robust multi-scale feature fusion. Aircraft detection further introduces more specialized
difficulties: aircraft are often arranged according to airport layout priors such as runways,
taxiways, and aprons; fine-grained aircraft categories may differ only in subtle wing or
tail structures; and shadows, hangars, runway markings, and parked vehicles can easily
produce confusing local patterns. These aircraft-specific issues require both structural scene
reasoning and fine local discrimination, rather than only a larger receptive field.

Convolutional Neural Network (CNN)-based detectors have achieved remarkable
progress in object detection. Two-stage methods such as Faster R-CNN [5] and Cascade
R-CNN [6] deliver strong accuracy through region proposal refinement, while one-stage
methods including SSD [7], RetinaNet [8], and the YOLO family [9–14] prioritize real-time
inference speed. Despite their success, these methods inherently rely on local convolu-
tion operations with limited receptive fields, which restricts their ability to capture the
global contextual information necessary for distinguishing small targets from complex
backgrounds in remote sensing imagery [15,16].

The emergence of Vision Transformers (ViT) [17] and Detection Transformers
(DETR) [18] has introduced powerful global modeling capabilities through self-attention
mechanisms [19]. Subsequent improvements including Deformable DETR [20], DAB-
DETR [21], DINO [22], and RT-DETR [23] have progressively addressed training con-
vergence, query design, and real-time performance. However, the quadratic computa-
tional complexity of self-attention with respect to sequence length remains a fundamen-
tal bottleneck for processing the high-resolution, large-scale imagery typical in remote
sensing applications.

Recently, state space models (SSMs), particularly the Mamba architecture [24], have
emerged as a compelling alternative that achieves linear computational complexity while
preserving the ability to model long-range dependencies. Building on the foundational
Structured State Space (S4) model [25], Mamba introduces a selective scanning mechanism
that dynamically adjusts its parameters based on input content, enabling efficient and
context-aware sequence modeling. Several works have explored adapting Mamba for
visual recognition, such as VMamba [26] and Vision Mamba [27]. However, directly
applying standard Mamba scanning patterns to remote sensing detection is suboptimal, as
the standard unidirectional or bidirectional scans fail to fully exploit the inherent multi-scale
spatial structure of remote sensing targets.

A closer examination of these challenges reveals an underlying tension between three
competing requirements that no single existing paradigm fully resolves. Effective aircraft
detection in remote sensing imagery simultaneously demands (i) global contextual reasoning
to associate aircraft with airfield layout cues such as runways, taxiways, and aprons, (ii) fine-
grained local sensitivity to recover sub-meter targets and distinguish subtle aircraft structures,
and (iii) efficient inference on imagery of substantially higher resolution than typical natural-
scene benchmarks. The proposed SFS module is therefore designed for the first requirement,

https://doi.org/10.3390/rs18162835

https://doi.org/10.3390/rs18162835


Remote Sens. 2026, 18, 2835 3 of 27

injecting cross-scale context into the state space scanning process; DSWA is designed for the
second requirement, preserving local shape details at complementary window scales; and
CFAM is designed for the third requirement, organizing the two modules in an efficient
hierarchical encoder. Pure CNN backbones satisfy (iii) but fall short on (i); Transformer-
based detectors satisfy (i) and (ii) but quadratic attention compromises (iii); and recent
vision Mamba variants restore (i) and (iii) but typically operate on a single feature stream
and treat cross-scale fusion as an afterthought handled by an FPN-style decoder. As a
result, multi-scale information is propagated only through summation or concatenation
after the long-range modeling stage, rather than being injected into the scanning dynamics
themselves. We argue that closing this gap requires rethinking how scale, context, and
locality interact within a single backbone.

Motivated by these observations, we propose SFSMamba-DETR, a novel framework
that bridges the efficiency of state space models with the discriminative power of multi-
scale attention for remote sensing object detection. The core of our approach lies in three
closely coupled innovations:

1. Selective Feature Scanning (SFS) Module: We design a tri-input Mamba-based
module that takes main, guide, and auxiliary feature maps from different scales.
Through a Vision State Space (VSS) module with 2D Selective Scan (SS2D), SFS
enables adaptive long-range dependency modeling with linear complexity, while
using cross-scale guidance to enhance feature discrimination.

2. Dual-Scale Window Attention (DSWA) Mechanism: We introduce a dual-branch
attention module that partitions features into small and large windows simultane-
ously. A Dual Local–Global Perception Attention (DLGPA) mechanism with multi-
kernel convolution bridges the two scales, capturing both fine-grained details crit-
ical for small aircraft detection and broader contextual patterns for suppressing
background clutter.

3. Cross-scale Feature Aggregation Module (CFAM): We design a hierarchical feature
fusion architecture within the hybrid encoder that orchestrates SFS modules and learn-
able fusion blocks across Feature Pyramid Network (FPN) levels, enabling systematic
information exchange between scales.

We validate SFSMamba-DETR on three challenging primary benchmarks with com-
plementary imaging conditions: MAR20 [28] (military aircraft with 20 fine-grained cat-
egories), UCAS-AOD [29] (aerial aircraft and vehicles), and the Jilin-1 Satellite Aircraft
Detection Dataset [30] (real satellite imagery). Extensive experiments show that the pro-
posed framework achieves strong performance across these benchmarks, outperforming
22 competitive baselines including recent methods such as YOLOv10 [13], YOLO11 [14],
DINO [22], and RT-DETR [23]. To further examine category diversity, we also report
supplementary HBB results on DOTA and DIOR, covering ships, bridges, storage tanks,
buildings, and other remote sensing categories. The source code is publicly available at
https://github.com/Junchao-XJTU/SFSMamba-DETR (accessed on 16 July 2026).

2. Related Work
2.1. CNN-Based Object Detection

CNN-based object detection has evolved along two main paradigms. Two-stage detec-
tors, initiated by R-CNN and refined through Faster R-CNN [5] and Cascade R-CNN [6],
generate region proposals followed by classification and regression. Feature Pyramid
Networks (FPNs) [31] further enhanced multi-scale detection by constructing top-down
feature hierarchies. One-stage detectors such as SSD [7], RetinaNet [8], FCOS [32], and
CenterNet [33] eliminate the proposal generation stage for faster inference. Gold-YOLO [34]

https://doi.org/10.3390/rs18162835

https://github.com/Junchao-XJTU/SFSMamba-DETR
https://doi.org/10.3390/rs18162835


Remote Sens. 2026, 18, 2835 4 of 27

proposed a gather-and-distribute mechanism for efficient multi-level feature fusion, and
YOLO-World [35] extended the YOLO paradigm to open-vocabulary scenarios. The YOLO
series has been particularly influential, with YOLOv7 [10] introducing efficient layer ag-
gregation, YOLOv8 [11] adopting an anchor-free design, YOLOv9 [12] proposing pro-
grammable gradient information, YOLOv10 [13] achieving NMS-free end-to-end detection,
and YOLO11 [14] further improving the accuracy-speed trade-off. Despite their remarkable
performance on natural images, these methods are constrained by limited receptive fields
when applied to large-scale remote sensing imagery with extreme scale variations.

2.2. Transformer-Based Detection

DETR [18] pioneered end-to-end object detection by formulating it as a set prediction
problem using Transformer encoders and decoders with bipartite matching. Deformable
DETR [20] addressed the slow convergence by introducing deformable attention that at-
tends to a sparse set of sampling points. DAB-DETR [21] improved query formulation
through dynamic anchor boxes, while DINO [22] combined denoising training with im-
proved anchor initialization. Co-DETR [36] introduced collaborative hybrid assignments,
Group DETR [37] accelerated training via group-wise one-to-many assignment, Diffusion-
Det [38] formulated detection as a denoising diffusion process, and Lite DETR [39] proposed
interleaved multi-scale encoding for efficiency. RT-DETR [23] achieved real-time perfor-
mance through a hybrid encoder design with AIFI (Attention-based Intra-scale Feature
Interaction) and CCFM (CNN-based Cross-scale Feature-fusion Module). Our work builds
upon the RT-DETR framework but fundamentally redesigns the cross-scale fusion paradigm
by introducing Mamba-based selective scanning and dual-scale window attention.

2.3. Multi-Scale Feature Fusion in Detection

Multi-scale feature fusion has been a long-standing focus in object detection, since
aircraft and other remote sensing targets exhibit large variations in pixel size across imaging
altitudes. The Feature Pyramid Network (FPN) [31] pioneered top-down lateral connec-
tions to combine high-resolution shallow features with semantically rich deep features.
PANet [40] extended this design with an additional bottom-up path that strengthens the
localization signal at deep levels, and BiFPN [41] introduced learnable per-edge weights
together with repeated bidirectional fusion. More recent works further enrich the fusion
topology: Gold-YOLO [34] replaces FPN/PAN with a gather-and-distribute mechanism
that performs global feature aggregation followed by selective re-injection across scales,
while RT-DETR [23] adopts a hybrid encoder in which intra-scale attention (AIFI) and a
CNN-based cross-scale fusion module (CCFM) are decoupled to balance accuracy and la-
tency. In remote sensing, multi-scale fusion has been revisited specifically to address dense
small-target distributions and large background context [16,42]. Despite their effectiveness,
the above schemes mainly perform fusion through linear combinations or local convolu-
tions after feature extraction, leaving long-range cross-scale dependencies underexploited.
Our CFAM differs in two key aspects: (i) it embeds cross-scale guidance inside the state
space scanning loop via the tri-input SFS module, so multi-scale evidence is fused while
sequential dependencies are being modeled; and (ii) it pairs the scanning-based fusion with
a Dual-Scale Window Attention that recovers fine-grained spatial detail without resorting
to dense global attention.

2.4. State Space Models for Vision

State space models (SSMs) originate from control theory and have been adapted for
deep sequence modeling. The S4 model [25] demonstrated that Structured State Spaces
with HiPPO initialization can efficiently model long-range dependencies. Mamba [24] fur-
ther introduced input-dependent selective scanning that enables dynamic, content-aware
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processing with linear complexity. In the vision domain, VMamba [26] adapted Mamba
for image classification through Cross-Scan mechanisms, while Vision Mamba [27] pro-
posed bidirectional state space modeling for visual representation learning. Recent efficient
variants, including EfficientVMamba [43] and PlainMamba [44], further improve visual
scanning continuity and computational efficiency. RSMamba [45] explored SSMs for remote
sensing image classification, while Mamba-in-Mamba [46] proposed centralized cross-scan
for hyperspectral image classification. CgMamba [47] demonstrated the effectiveness of
state space models for fine-grained visual recognition. In the detection domain, MambaY-
OLO [48] integrated SSM blocks into the YOLO framework. These studies motivate the use
of SSMs in visual detection, but most of them either focus on image-level recognition or
insert Mamba blocks into a single feature stream. They therefore do not directly address
the multi-level feature interaction required by dense remote sensing detection. Our SFS
module addresses this gap by designing a tri-input scanning mechanism that incorporates
cross-scale feature guidance within the state space framework.

2.5. Object Detection in Remote Sensing

Remote sensing object detection has received growing attention with the development
of dedicated benchmarks [1,3,4] and specialized methods. Oriented R-CNN [49] and RoI
Transformer [50] handle oriented bounding boxes common in aerial imagery. R3Det [51]
and ReDet [52] further address rotation-equivariant detection. LSKNet [53] introduced
large selective kernels to dynamically adjust receptive fields. Recent works have also ex-
plored multi-modal fusion for remote sensing, including infrared-visible approaches [54,55]
and multi-scale UAV detection [16]. Lightweight attention mechanisms have also been
investigated for efficient remote sensing processing [56]. Multi-scale feature fusion has
also been revisited for remote sensing detection [42]. DETR-based approaches have shown
strong potential for remote sensing [57], motivating our design of SFSMamba-DETR that
combines Mamba’s efficiency with DETR’s end-to-end formulation.

3. Proposed Method
3.1. Overall Architecture

The overall architecture of SFSMamba-DETR is illustrated in Figure 1. Given an input
remote sensing image I ∈ RH×W×3, our framework consists of four main components:
(1) an EfficientNet [58] backbone for multi-scale feature extraction; (2) a hybrid encoder
incorporating Attention-based Intra-scale Feature Interaction (AIFI) and our proposed
Cross-scale Feature Aggregation Module (CFAM); (3) a Dual-Scale Window Attention
(DSWA) module for multi-scale spatial reasoning; and (4) a decoder with IoU-aware query
selection and separable dynamic decoder heads.

The EfficientNet backbone extracts a pyramid of feature maps {P2, P3, P4, P5} at strides
{4, 8, 16, 32} respectively. We adopt EfficientNet for its optimal accuracy–efficiency trade-off
achieved through compound scaling of depth, width, and resolution. The highest-level
feature P5 is first processed by the AIFI module, which applies multi-head self-attention to
model intra-scale interactions within the most semantically rich feature level:

F5 = AIFI(P5) = MHSA(P5 + PE) + P5, (1)

where MHSA(·) denotes multi-head self-attention and PE is the sinusoidal positional
encoding.

The enriched feature F5 is then fed into our CFAM along with {P2, P3, P4} for cross-
scale aggregation. The aggregated multi-scale features are further refined by the DSWA
module. Finally, the fused features are concatenated and passed to the decoder, which
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employs IoU-aware query selection [23] to initialize object queries, followed by a separa-
ble dynamic decoder that produces classification scores, bounding box coordinates, and
IoU predictions.

Figure 1. Overall architecture of the proposed SFSMamba-DETR. The framework comprises an
EfficientNet backbone, a hybrid encoder with AIFI and CFAM modules, a DSWA module for dual-
scale spatial reasoning, and a decoder with IoU-aware query selection. SFS: Selective Feature
Scanning module. DSWA: Dual-Scale Window Attention.

3.2. Selective Feature Scanning Module

The Selective Feature Scanning (SFS) module is the core component enabling efficient
long-range dependency modeling across multiple feature scales. Unlike standard attention
mechanisms that incur quadratic complexity, or conventional Mamba blocks designed
for single-input sequences, our SFS module accepts three distinct inputs (main, guide,
and auxiliary features), enabling cross-scale information exchange within the state space
framework. The detailed structure is shown in Figure 2.

Figure 2. Detailed architecture of the Selective Feature Scanning (SFS) module. Left: The overall SFS
pipeline with tri-input design (main, guide, auxiliary features). Top-right: The Vision State Space
(VSS) module with Channel Split and parallel processing branches. Bottom-right: The 2D Selective
Scan (SS2D) mechanism based on the S6 block.
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3.2.1. Tri-Input Design Rationale

In the CFAM hierarchy, features at different FPN levels carry complementary informa-
tion: lower-level features preserve fine spatial details while higher-level features encode
rich semantic context. Our tri-input design explicitly models this complementarity. Given
main feature Fmain ∈ RH′×W ′×C, guide feature Fguide ∈ RH′×W ′×C, and auxiliary feature
Faux ∈ RH′×W ′×C (spatially aligned through interpolation), the SFS module first normalizes
and concatenates them along the channel dimension:

Fcat = [Fmain; Fguide; Faux] ∈ RH′×W ′×3C. (2)

To avoid passing a tripled channel dimension directly into the SSM, Fcat is projected by a
shared linear bottleneck and then split into three same-width branches:

[F̄s
m, F̄s

g , F̄s
a ] = Split(Linear3C→3Cs(LN(Fcat))), (3)

where F̄s
m, F̄s

g , F̄s
a ∈ RH′×W ′×Cs . In our implementation, Cs = C unless otherwise specified.

Thus, concatenation is used to expose the S6 gates to cross-scale evidence, while the
actual selective scan is performed on fixed-width branch features, preserving dimensional
consistency with the state space parameters.

3.2.2. Vision State Space Module

Each sub-feature is independently processed through a sequence of Linear projection,
Depthwise Convolution (DWConv), and SiLU activation:

F̂s
i = SiLU(DWConv(Linear(F̄s

i ))), i ∈ {m, g, a}. (4)

The activated features are then fed into the 2D Selective Scan (SS2D) module. Based on
the selective state space mechanism from Mamba [24], SS2D extends the one-dimensional
selective scan to two-dimensional feature maps through a four-directional scanning strategy
(left-to-right, right-to-left, top-to-bottom, bottom-to-top).

3.2.3. 2D Selective Scan Mechanism

The continuous-time state space model is defined by the following ordinary differential
equation:

h′(t) = Ah(t) + Bx(t), y(t) = Ch(t) + Dx(t), (5)

where A ∈ RN×N is the state transition matrix for an N-dimensional hidden state,
B ∈ RN×1 and C ∈ R1×N are input and output projection matrices, D ∈ R is the
feedthrough parameter, and h(t) ∈ RN is the hidden state. For a visual branch with Cs

channels, this formulation is applied channel-wise: each channel owns an N-dimensional
state, so the implementation can be viewed as storing {Ac, Bt,c, Ct,c, ∆t,c}Cs

c=1. Equivalently,
practical Mamba implementations store a diagonal or log-parameterized version of A
with shape Cs × N, while Bt and Ct are generated with shape Cs × N for each spatial
token. Through zero-order hold (ZOH) discretization with step size ∆, the discrete-time
formulation becomes

Ā = exp(∆A), B̄ = (∆A)−1(exp(∆A)− I) · ∆B, (6)

ht = Āht−1 + B̄xt, yt = Cht + Dxt. (7)

https://doi.org/10.3390/rs18162835

https://doi.org/10.3390/rs18162835


Remote Sens. 2026, 18, 2835 8 of 27

The key innovation of Mamba’s S6 (Selective S4) block is making B, C, and ∆ input-
dependent:

Bt = LinearB(xt), Ct = LinearC(xt), ∆t = Softplus(Linear∆(xt)). (8)

In SFS, the token xt is produced after the tri-scale projection in Equation (3). Consequently,
the selective parameters are conditioned not only on the current-level feature but also on
guide and auxiliary evidence. A larger ∆t,c allows the corresponding channel to update its
hidden state more aggressively when a spatial location is supported by cross-scale cues,
whereas a smaller value retains longer contextual memory when the local evidence is
ambiguous. The input-dependent Bt,c controls how strongly the current multi-scale token
enters the state, and Ct,c controls how much of the hidden state is exposed to the output.
This gives the S6 block a concrete mechanism for prioritizing information across the three
heterogeneous scales instead of treating concatenation as a purely static fusion step.

For 2D feature maps, we flatten each spatial feature into four directional sequences
and apply the S6 block independently, then merge the outputs:

YSS2D =
1
4

4

∑
d=1

S6d(Scand(F̂s)), (9)

where Scand(·) denotes the d-th directional scanning operation.
After SS2D, each branch output passes through LayerNorm and Linear projection to

produce Ym, Yg, and Ya. The main and guide outputs are concatenated as Y1 = [Ym; Yg],
followed by a Feed-Forward Network (FFN). The Selective Feature Scanning module then
performs a channel-wise Split operation that separates the processed features into refined
main feature F̃m and auxiliary feature F̃a, which serve as inputs to subsequent fusion stages.

3.3. Dual-Scale Window Attention

While the SFS module excels at capturing long-range dependencies with linear com-
plexity, local spatial patterns at multiple scales are equally critical for detecting objects with
diverse sizes in remote sensing imagery. We propose the Dual-Scale Window Attention
(DSWA) mechanism, illustrated in Figure 3, which operates at two complementary window
scales to simultaneously capture fine-grained local details and broader contextual patterns.

Figure 3. Architecture of the Dual-Scale Window Attention (DSWA) mechanism. (Left): Overall
flow with LayerNorm, DLGPA, and FFN. (Right): Detailed Dual Local–Global Perception Attention
(DLGPA) with small-window and large-window branches, multi-kernel convolution bridge, and
relative position bias (RPB); SS denotes Channel Soft Split.
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Dual Local–Global Perception Attention

Given input features X l
in ∈ RH′×W ′×C, DSWA first applies LayerNorm and then

performs a Channel Soft Split (SS) operation that softly partitions the features into a
small-window branch X l

sw and a large-window branch X l
f w, along with an intermediate

representation X l
t :

X l
sw, X l

t , X l
f w = ChannelSoftSplit(LN(X l

in)). (10)

Small-window branch. The small-window features are processed through a 3× 3
dilated convolution (dilation rate d = 2) to generate queries, keys, and values. Window
partitioning is then applied with a small window size sw:

qsw, ksw, vsw = Split(Conv3×3,d=2(X l
sw)), (11)

Attnsw = Softmax

(
qswk⊤sw√

dk
+ RPBsw

)
vsw, (12)

where RPBsw denotes the learnable relative position bias for the small-window scale.
Large-window branch. The large-window features use 1× 1 convolution for projection

and are partitioned with a larger window size s f w:

q f w, k f w, v f w = Split(Conv1×1(X l
f w)), (13)

Attn f w = Softmax

(
q f wk⊤f w√

dk
+ RPB f w

)
v f w. (14)

Multi-Kernel Convolution bridge. The intermediate representation X l
t passes through

a Multi-Kernel Conv module that applies parallel convolutions with different kernel sizes
to capture multi-scale local patterns, bridging information between the two window scales.

The outputs from both branches are concatenated after Window Restoration and
combined with the multi-kernel features:

X l
out = WindowRestore(Attnsw)⊕WindowRestore(Attn f w)⊕MKConv(X l

t), (15)

where ⊕ denotes element-wise addition. The final output passes through a residual
connection with LayerNorm and FFN:

X l
pre/post = FFN(LN(X l

out + X l
in)) + X l

out + X l
in. (16)

3.4. Cross-Scale Feature Aggregation Module

The Cross-scale Feature Aggregation Module (CFAM) orchestrates the interaction
between SFS modules and learnable fusion blocks across FPN levels within the hybrid
encoder. As shown in Figure 1, CFAM operates in a top-down manner:

Stage 1. The AIFI-enriched feature F5 serves as the guide for processing P4:

Fsfs
4 = SFS(P4, Up(F5), P3), F4 = Fusion(Fsfs

4 , Down(F5)), (17)

where Up(·) and Down(·) denote bilinear upsampling and strided convolution downsam-
pling respectively.
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Stage 2. The fused feature F4 guides the processing of P3:

Fsfs
3 = SFS(P3, Up(F4), P2), F3 = Fusion(Fsfs

3 , Down(F4)). (18)

The Fusion block concatenates two input feature maps, applies 1× 1 convolution for
channel reduction, followed by three RepBlocks [59] for feature refinement, and adds a
parallel 1× 1 convolution skip connection:

Fusion(Fi, Fj) = RepBlock3(Conv1×1([Fi; Fj]))⊕Conv1×1([Fi; Fj]), (19)

where [·; ·] denotes channel-wise concatenation.
The DSWA module is applied to the aligned aggregated features to enhance multi-

scale spatial reasoning. Specifically, the multi-scale features are first resized to a common
stride and combined by element-wise addition to form a context-enhanced feature. DSWA
then refines this feature, and the refined DSWA output is concatenated with the aligned
aggregation before being flattened into a feature sequence for the decoder.

3.5. Loss Function and Training

Following the DETR paradigm, we employ Hungarian matching [18] for bipartite
assignment between predictions and ground truth. The total training loss consists of
four components:

Classification loss. We adopt Focal Loss [8] to handle class imbalance:

Lcls = −αt(1− pt)
γ log(pt), (20)

where αt and γ are the balancing factor and focusing parameter, set to 0.25 and 2.0 respectively.
Bounding box regression loss. We combine ℓ1 loss and Generalized IoU (GIoU)

loss [60]:
Lbox = λL1∥b̂− b∥1 + λgiouLGIoU(b̂, b). (21)

IoU-aware loss. The IoU prediction branch is supervised by Binary Cross-Entropy:

Liou = −[IoU∗ log(ŝ) + (1− IoU∗) log(1− ŝ)], (22)

where ŝ is the predicted IoU score and IoU∗ is the actual IoU between predicted and
ground-truth boxes.

The total loss is

Ltotal = λ1Lcls + λ2LL1 + λ3LGIoU + λ4Liou, (23)

where λ1 = 2.0, λ2 = 5.0, λ3 = 2.0, and λ4 = 1.0.
Algorithm 1 formalizes the end-to-end training pipeline. After backbone feature

extraction and AIFI enhancement on P5 (lines 4–5), CFAM operates in a top-down manner
where each SFS call receives a tri-input tuple of current-level, deeper-level (upsampled),
and lower-level features (lines 6 and 8), so that long-range dependency modeling and
cross-scale information exchange take place jointly inside the state space scanning loop
rather than as two separate stages. The aligned multi-scale features are then added, refined
by DSWA, concatenated with the DSWA output, and passed to the decoder (lines 10–12).
The predictions are supervised by the joint loss in Equation (23) and optimized end-to-end
with cosine learning-rate annealing (lines 15–19).
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Algorithm 1 Training procedure of SFSMamba-DETR.
Input: Training dataset D = {(Ii , Yi)}N

i=1, pretrained EfficientNet weights θbb
Output: Trained model parameters θ∗

1 Initialize backbone with θbb; randomly initialize encoder, CFAM, DSWA, decoder
2 for epoch = 1 to Nepoch do
3 for each mini-batch {(I, Y)} ⊂ D do
4 {P2, P3, P4, P5} ← EfficientNet(I) (Multi-scale feature extraction)
5 F5 ← AIFI(P5) (Intra-scale feature interaction)
6 Fsfs

4 ← SFS(P4, Up(F5), P3) (Selective Feature Scanning)
7 F4 ← Fusion(Fsfs

4 , Down(F5))
8 Fsfs

3 ← SFS(P3, Up(F4), P2)
9 F3 ← Fusion(Fsfs

3 , Down(F4))
10 Fadd ← F3 ⊕Align(F4)⊕Align(F5) (Element-wise aggregation)
11 Fdswa ← DSWA(Fadd) (Dual-scale attention)
12 Fenc ← Concat(Fadd, Fdswa) (Encoder output)
13 Q ← IoUAwareSelection(Fenc) (Query initialization)
14 {ĉ, b̂, ŝ} ← Decoder(Q, Fenc) (Prediction)
15 σ∗ ← HungarianMatch({ĉ, b̂}, Y) (Bipartite matching)
16 Compute Ltotal via Equation (23)
17 Update θ by θ ← θ − η∇θLtotal
18 end for
19 Apply learning rate scheduling (cosine annealing)
20 end for
21 return θ∗ = θ

4. Experiments
4.1. Datasets

We evaluate SFSMamba-DETR on three remote sensing aircraft detection benchmarks
that span complementary imaging conditions, from high-resolution Google Earth imagery
to sub-meter satellite observations. Their key statistics are summarized in Table 1.

MAR20 [28] is the largest publicly available military aircraft recognition benchmark,
released by Northwestern Polytechnical University. It contains 3842 high-resolution optical
images collected from 60 military airports worldwide via Google Earth, covering 20 fine-
grained aircraft models (e.g., A-10, B-2, F-15, F/A-18) with 22,341 instances annotated
by both horizontal and oriented bounding boxes. The benchmark is challenging due to
high inter-class similarity among aircraft types and large intra-class variability caused by
climate, illumination, and viewing angle. We use the HBB annotations with the official
70%/30% training/testing split. The dataset is available at https://gcheng-nwpu.github.io/
(accessed on 16 July 2026).

UCAS-AOD [29] is a widely used aerial object detection benchmark from the Uni-
versity of Chinese Academy of Sciences. It comprises 1510 high-resolution aerial images
of airports, parking lots, and urban areas, with two categories: airplanes (1000 images,
7482 instances) and cars (510 images, 7114 instances). Targets are annotated with oriented
bounding boxes and exhibit arbitrary orientations, dense arrangements, and substantial
scale variation. We adopt the standard 5-fold cross-validation protocol. The dataset is
available at https://github.com/Lbx2020/UCAS-AOD-dataset (accessed on 16 July 2026).

The Jilin-1 Satellite Aircraft Detection Dataset [30] consists of panchromatic satel-
lite imagery acquired by the Jilin-1 commercial constellation operated by Chang Guang
Satellite Technology Co., Ltd., Changchun, China, with a ground sampling distance of
approximately 0.75 m. The dataset contains 1286 image patches covering civilian and
military airports worldwide, with 8547 aircraft instances annotated by horizontal bounding
boxes. Compared with the airborne MAR20 and UCAS-AOD benchmarks, the satellite
imagery introduces substantially more challenging conditions, including extremely small
target sizes (median aircraft area <600 pixels), low foreground–background contrast in
single-channel panchromatic data, heterogeneous terrain (grassland, desert, snow, urban),
and occasional cloud and shadow interference. We use a 70%/30% training/testing split.
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The dataset is available from Chang Guang Satellite Technology Co., Ltd. upon reasonable
request at https://www.jl1mall.com/ (accessed on 16 July 2026).

Although MAR20 and UCAS-AOD also provide oriented bounding box annotations,
this study evaluates the horizontal bounding box setting for three reasons. First, the
base detector follows the RT-DETR horizontal-box formulation, which allows a controlled
comparison against the strongest HBB baselines. Second, the Jilin-1 dataset is annotated
with horizontal boxes only, and a unified HBB protocol avoids mixing detection heads and
evaluation metrics across datasets. Third, the phrase “arbitrary orientations” in this paper
refers to object appearance and spatial arrangement in overhead imagery rather than to
oriented-box regression. We agree that OBB detection is important for elongated remote
sensing targets, and we discuss this extension explicitly in Section 5.

Table 1. Summary of the three remote sensing aircraft detection benchmarks used in this study.
HBB and OBB denote horizontal and oriented bounding box annotations, respectively; # denotes the
number of images, categories, or instances.

Dataset Source #Images #Categories #Instances Annotation

MAR20 Google Earth (NWPU) 3842 20 22,341 HBB + OBB
UCAS-AOD Aerial (UCAS) 1510 2 14,596 OBB
Jilin-1 Satellite (∼0.75 m GSD) 1286 1 8547 HBB

Representative detection examples from MAR20 and UCAS-AOD are shown in
Figure 4, while examples from the Jilin-1 satellite dataset are illustrated in Figure 5.

Figure 4. Detection examples from (a) MAR20 and (b) UCAS-AOD datasets. Green bounding
boxes denote ground-truth annotations. Both datasets feature diverse aircraft types and complex
airport backgrounds.

4.2. Implementation Details

All experiments are conducted on 4 NVIDIA A100 GPUs with 80 GB memory. We
use EfficientNet-B4 pretrained on ImageNet as the backbone. Input images are resized
to 640 × 640 with random horizontal/vertical flipping, random cropping, and mosaic
augmentation during training. We train for 150 epochs using AdamW optimizer [61] with
an initial learning rate of 1× 10−4, weight decay of 1× 10−4, and cosine annealing schedule.
The batch size is set to 16. For the DSWA module, we set the small window size sw = 7
and the large window size s f w = 14. The number of decoder layers is 3, and the number
of object queries is 300. For fair comparison, all reproduced baselines are trained under
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the same data split, input resolution, number of epochs, augmentation policy, optimizer
type, and hardware setting unless their official implementation requires an incompatible
setting; in that case, we keep the official model structure but align the training schedule as
closely as possible. We report mAP@0.5 and mAP@0.5:0.95 following the COCO evaluation
protocol [62], along with model parameters (Params), floating-point operations (FLOPs),
and frames per second (FPS) measured on a single A100 GPU.

Figure 5. Detection examples from the Jilin-1 Satellite Aircraft Detection Dataset. The panchro-
matic imagery presents unique challenges including low contrast, small target sizes, and complex
terrain backgrounds.

4.3. Comparison with State-of-the-Art Methods
4.3.1. Results on MAR20 Dataset

Table 2 presents detailed comparison results on the MAR20 dataset. We compare
with 22 representative methods spanning five categories: two-stage detectors, one-stage
anchor-based detectors, anchor-free detectors, Transformer-based detectors, and remote-
sensing-specific methods.

SFSMamba-DETR achieves the best mAP@0.5 of 85.7% and mAP@0.5:0.95 of 55.9%,
outperforming the strongest baseline YOLO11-L by 2.3 and 2.8 absolute percentage points,
respectively, and surpassing RT-DETR-L by 2.6 and 3.1 absolute percentage points on
the two metrics. The proposed framework outperforms all YOLO-series variants while
maintaining competitive inference speed (48.6 FPS). Compared with the heavyweight
DINO (80.6%), SFSMamba-DETR yields a substantial +5.1 percentage-point improvement
with significantly fewer parameters (34.8 M vs. 47.2 M). These gains suggest that Mamba-
based scanning and dual-scale attention are particularly useful for fine-grained military
aircraft recognition, where global airfield context and subtle local shape cues must be
modeled together.

4.3.2. Results on UCAS-AOD Dataset

Table 3 reports comparison results on the UCAS-AOD dataset. SFSMamba-DETR achieves
a mAP@0.5 of 97.6% and mAP@0.5:0.95 of 73.2%, with per-category performance of 98.5% for
airplanes and 96.7% for cars. Compared to the second-best RT-DETR-L, the proposed detec-
tor achieves +1.4 and +2.0 absolute percentage-point gains on mAP@0.5 and mAP@0.5:0.95,
respectively. The improvement is particularly notable for the car category (+1.4 percentage
points over RT-DETR-L), where objects exhibit greater scale variation and denser arrangements.
The corresponding visual comparison is discussed in Section 4.5.
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Table 2. Comparison results on the MAR20 dataset. Best results are in bold and second-best
are underlined. † denotes results reproduced with official code under the unified training setting
described in Section 4.2.

Category Method mAP@0.5 mAP@0.5:0.95 Params (M) FLOPs (G) FPS

Two-stage Faster R-CNN [5] 72.4 42.1 41.1 134.6 18.2
Cascade R-CNN [6] 75.8 45.3 69.2 186.3 14.5

One-stage

RetinaNet [8] 70.1 40.5 36.3 119.8 21.3
YOLOX-L † [63] 79.2 48.8 54.2 155.6 42.1
YOLOv5-L † [9] 78.6 48.2 46.1 109.1 52.8
YOLOv7 † [10] 80.3 49.8 36.5 103.2 48.3
YOLOv8-L † [11] 81.5 51.2 43.6 165.2 45.6
YOLOv9-C † [12] 82.1 52.0 25.3 102.1 50.1
YOLOv10-L † [13] 82.8 52.5 24.4 120.3 46.8
YOLO11-L † [14] 83.4 53.1 25.3 86.9 55.2
RTMDet-L † [64] 81.8 51.5 52.3 160.4 40.2

Anchor-free FCOS [32] 71.8 41.3 32.1 108.5 23.6
CenterNet [33] 73.5 43.8 35.6 125.2 20.1

Transformer

DETR [18] 68.5 38.2 41.3 86.1 28.4
Deformable DETR [20] 76.3 46.8 39.8 173.3 22.1
DAB-DETR [21] 77.8 47.9 43.7 180.2 20.5
DINO [22] 80.6 50.8 47.2 194.5 18.8
Co-DETR [36] 81.2 51.3 48.1 198.2 17.5
Lite DETR [39] 79.5 49.2 36.8 148.5 30.2
RT-DETR-L [23] 83.1 52.8 32.0 110.0 54.8

RS-specific Oriented R-CNN [49] 77.2 47.6 41.1 139.6 16.8
LSKNet-S [53] 82.0 51.7 31.0 98.5 38.5

Ours SFSMamba-DETR 85.7 55.9 34.8 118.5 48.6

Table 3. Comparison results on the UCAS-AOD dataset. Best results are in bold and second-best are
underlined.

Category Method mAP@0.5 mAP@0.5:0.95 APairplane APcar Params (M) FLOPs (G) FPS

Two-stage Faster R-CNN [5] 89.3 62.5 91.2 87.4 41.1 134.6 18.2
Cascade R-CNN [6] 91.5 65.0 93.1 89.9 69.2 186.3 14.5

One-stage

YOLOv5-L [9] 92.8 66.8 94.5 91.1 46.1 109.1 52.8
YOLOv7 [10] 93.5 67.3 95.2 91.8 36.5 103.2 48.3
YOLOv8-L [11] 94.2 68.5 95.8 92.6 43.6 165.2 45.6
YOLOv9-C [12] 94.6 69.1 96.0 93.2 25.3 102.1 50.1
YOLOv10-L [13] 94.9 69.3 96.2 93.6 24.4 120.3 46.8
YOLO11-L [14] 95.3 69.6 96.5 94.1 25.3 86.9 55.2

Transformer

DETR [18] 85.4 58.1 87.6 83.2 41.3 86.1 28.4
Deformable DETR [20] 91.8 65.2 93.5 90.1 39.8 173.3 22.1
DINO [22] 93.7 67.5 95.4 92.0 47.2 194.5 18.8
Co-DETR [36] 94.4 68.9 95.9 92.9 48.1 198.2 17.5
RT-DETR-L [23] 96.2 71.2 97.2 95.3 32.0 110.0 54.8

RS-specific LSKNet-S [53] 94.8 69.2 96.1 93.5 31.0 98.5 38.5

Ours SFSMamba-DETR 97.6 73.2 98.5 96.7 34.8 118.5 48.6

4.3.3. Results on Jilin-1 Satellite Aircraft Detection Dataset

Table 4 presents results on the most challenging Jilin-1 dataset. The satellite imagery
characteristics, including low contrast, small target sizes, and complex terrain, push all
methods to lower performance levels, highlighting the difficulty of real-world satellite-
based detection. SFSMamba-DETR achieves 82.3% mAP@0.5 and 50.7% mAP@0.5:0.95,
outperforming RT-DETR-L by 3.8 and 3.9 absolute percentage points, respectively. The
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improvements on APS (36.8% vs. 32.5%) indicate the effectiveness of SFS and DSWA for
small object detection in satellite imagery. Visual comparisons are discussed in Section 4.5.

Table 4. Comparison results on the Jilin-1 Satellite Aircraft Detection Dataset. Best results are in
bold and second-best are underlined. Params and FLOPs follow the same calculation protocol as
Tables 2 and 3.

Category Method mAP@0.5 mAP@0.5:0.95 APS Recall Params (M) FLOPs (G) FPS

Two-stage Faster R-CNN [5] 68.2 35.6 22.3 72.1 41.1 134.6 18.2
Cascade R-CNN [6] 71.5 38.4 25.1 75.3 69.2 186.3 14.5

One-stage

YOLOv5-L [9] 73.8 41.6 27.5 77.6 46.1 109.1 52.8
YOLOv8-L [11] 76.5 44.8 30.2 80.3 43.6 165.2 45.6
YOLOv9-C [12] 77.3 45.6 31.1 81.2 25.3 102.1 50.1
YOLOv10-L [13] 77.8 46.0 31.6 81.7 24.4 120.3 46.8
YOLO11-L [14] 78.1 46.3 32.0 82.1 25.3 86.9 55.2

Transformer

DETR [18] 63.5 31.2 18.6 67.4 41.3 86.1 28.4
Deformable DETR [20] 72.8 40.1 26.5 76.5 39.8 173.3 22.1
DINO [22] 76.2 44.3 29.8 80.0 47.2 194.5 18.8
Co-DETR [36] 77.0 45.2 30.8 80.8 48.1 198.2 17.5
RT-DETR-L [23] 78.5 46.8 32.5 82.6 32.0 110.0 54.8

RS-specific LSKNet-S [53] 77.5 45.8 31.3 81.4 31.0 98.5 38.5

Ours SFSMamba-DETR 82.3 50.7 36.8 86.2 34.8 118.5 48.6

4.3.4. Supplementary Results on Multi-Category Benchmarks

To examine whether the proposed design is limited to aircraft- and vehicle-centered
scenes, we further conduct supplementary HBB experiments on two multi-category re-
mote sensing benchmarks, DOTA [3] and DIOR [1]. DOTA annotations are converted to
horizontal bounding boxes for consistency with the detector head used in this paper. As
shown in Table 5, SFSMamba-DETR maintains consistent gains over strong one-stage and
DETR-based baselines on both datasets. The improvement is smaller than on the primary
aircraft benchmarks, which is reasonable because DOTA and DIOR contain more diverse
object shapes and scene contexts. Nevertheless, the results indicate that the SFS and DSWA
modules also benefit broader remote sensing categories such as ships, bridges, storage
tanks, expressway service areas, and buildings.

Table 5. Supplementary HBB results on multi-category remote sensing benchmarks. DOTA OBB
annotations are converted to HBB annotations for consistency with the detector head. Bold values
indicate the best performance within each dataset.

Dataset Method mAP@0.5 mAP@0.5:0.95 FPS

DOTA-v1.0 (HBB)
YOLO11-L [14] 73.1 45.6 49.7
RT-DETR-L [23] 72.8 45.1 48.9

SFSMamba-DETR 74.8 47.0 43.6

DIOR
YOLO11-L [14] 77.0 49.2 51.4
RT-DETR-L [23] 77.2 49.6 50.1

SFSMamba-DETR 78.9 51.1 44.8

4.4. Ablation Studies
4.4.1. Module Effectiveness

To verify the contribution of each proposed component, we conduct systematic abla-
tion experiments on the Jilin-1 dataset with RT-DETR-L as the baseline. Results are reported
in Table 6.
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Table 6. Progressive ablation study on the effectiveness of the main modules on the Jilin-1 dataset.
✓ indicates that the module is enabled, and × indicates that the module is disabled.

SFS DSWA CFAM EfficientNet mAP@0.5 mAP@0.5:0.95

× × × × 78.5 46.8
× × ✓ × 79.0 47.4
× × × ✓ 79.2 47.6
✓ × × × 80.1 48.5
× ✓ × × 79.8 48.1
✓ ✓ × × 81.0 49.3
✓ ✓ ✓ × 81.5 49.8
✓ ✓ ✓ ✓ 82.3 50.7

Starting from the RT-DETR-L baseline (78.5% mAP@0.5), adding CFAM alone im-
proves mAP@0.5 to 79.0%, indicating that explicit cross-scale aggregation is already benefi-
cial even without the proposed scanning and attention modules. Replacing the original
backbone with EfficientNet-B4 alone yields 79.2%, showing that the backbone contributes a
moderate but not dominant gain. Adding the SFS module yields a larger +1.6 percentage-
point improvement, demonstrating the benefit of Mamba-based long-range dependency
modeling for satellite image detection. The DSWA module independently contributes +1.3
percentage points, confirming that Dual-Scale Window Attention effectively captures multi-
scale local patterns. Combining SFS and DSWA achieves +2.5 percentage points, indicating
their complementary nature: SFS provides efficient global scanning while DSWA enhances
local multi-scale perception. CFAM further adds +0.5 percentage points by coordinating
cross-scale feature aggregation, and replacing the HGNetv2 backbone with EfficientNet-
B4 yields an additional +0.8 percentage points, reaching the final 82.3% mAP@0.5. The
progressive improvements are visually validated through the heatmap visualization in
Figure 6.

4.4.2. Effect of the Number of SFS Inputs

To further isolate the tri-input design, we compare SFS variants using one, two, and
three input streams while keeping the remaining detector unchanged. As shown in Table 7,
the single-input variant improves over the RT-DETR-L baseline but is weaker than the cross-
scale variants, since it performs selective scanning only on the current FPN level. Adding
the guide feature provides additional semantic context and improves mAP@0.5 from 79.3%
to 79.7%. The full tri-input design achieves the best performance of 80.1% mAP@0.5 and
48.5% mAP@0.5:0.95, supporting the use of main, guide, and auxiliary features in SFS.

Table 7. Ablation study on the number of input streams in the SFS module on the Jilin-1 dataset.
✓ indicates that the input stream is used, and × indicates that it is not used.

Main Guide Auxiliary mAP@0.5 mAP@0.5:0.95

✓ × × 79.3 47.6
✓ ✓ × 79.7 48.0
✓ ✓ ✓ 80.1 48.5

4.4.3. Effect of Window Sizes in DSWA

We investigate the impact of window size configurations in the DSWA module. Table 8
shows that the combination of small window size sw = 7 and large window size s f w = 14
achieves the best performance. Smaller windows alone miss broader context, while larger
windows alone lose fine-grained details, confirming the necessity of dual-scale design.
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Figure 6. Heatmap visualization of ablation experiments on the Jilin-1 dataset. From left to right:
(a) Ground truth, (b) RT-DETR baseline, (c) +SFS, (d) +DSWA, (e) +SFS+DSWA. The progressive
enhancement in target localization and background suppression validates the contribution of the
proposed modules.

Table 8. Ablation study on window size configurations in DSWA on the Jilin-1 dataset.

Small Window sw Large Window s f w mAP@0.5 mAP@0.5
:0.95 FPS

5 10 81.4 49.8 51.2
5 14 81.7 50.1 49.8
7 14 82.3 50.7 48.6
7 21 82.0 50.3 44.1
14 28 81.2 49.5 40.3

4.4.4. Effect of Scanning Directions in SS2D

Table 9 examines the number of scanning directions in the 2D Selective Scan mod-
ule. The four-directional scanning (horizontal and vertical, both forward and backward)
achieves the best mAP@0.5 of 82.3%, as it captures spatial dependencies from all orienta-
tions, which is critical for aircraft targets that appear at arbitrary orientations in remote
sensing imagery.

Table 9. Effect of scanning directions in SS2D on the Jilin-1 dataset.

Directions Description mAP@0.5 mAP@0.5
:0.95

1 Left-to-right only 80.5 48.3
2 Horizontal bidirectional 81.2 49.2
2 Vertical bidirectional 81.0 49.0
4 All four directions 82.3 50.7
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4.5. Qualitative Analysis
4.5.1. Detection Visualization

Figures 7–9 present visual comparisons of detection results across the three datasets.
We compare SFSMamba-DETR against three representative baselines spanning two-
stage CNN (Faster R-CNN), one-stage anchor-free (YOLO11), and Transformer-based
(RT-DETR) paradigms.

Figure 7. Visual comparison of detection results on the MAR20 dataset. (a) Ground truth, (b) Faster R-
CNN, (c) YOLO11, (d) RT-DETR, (e) SFSMamba-DETR. Green boxes denote ground-truth annotations,
and red boxes denote model predictions. The proposed detector produces more accurate bounding
boxes with fewer missed detections in dense aircraft arrangements.

The qualitative results highlight three key advantages of the proposed framework:
(1) Dense target regions: SFSMamba-DETR accurately detects closely packed aircraft with
minimal false positives and missed detections; (2) Small targets: In the Jilin-1 satellite
imagery, the detector successfully identifies small aircraft that other methods fail to de-
tect; (3) Complex backgrounds: The framework effectively suppresses false alarms from
background structures such as buildings and taxiways.

As shown in Figure 7, the MAR20 dataset contains diverse fine-grained military aircraft
parked closely on airfield aprons. Faster R-CNN exhibits multiple missed detections in
the upper rows where aircraft are partially occluded by adjacent shadows, and produces a
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notable false positive over a hangar roof that visually resembles a small aircraft fuselage.
YOLO11 achieves better recall but generates duplicated boxes around overlapping wingtips
and occasionally misclassifies bombers as fighters due to insufficient long-range context.
RT-DETR substantially reduces duplicates owing to its Hungarian matching, yet several
elongated aircraft (e.g., B-52 in the top-right region) are localized with imprecise bounding
boxes that exclude wing tips.

Figure 8. Visual comparison of detection results on the UCAS-AOD dataset. (a) Ground truth,
(b) Faster R-CNN, (c) YOLO11, (d) RT-DETR, (e) SFSMamba-DETR. Green boxes denote ground-truth
annotations, and red boxes denote model predictions. SFSMamba-DETR achieves more precise
localization especially for small and overlapping targets.

In contrast, SFSMamba-DETR (column e) yields tight, well-aligned bounding boxes
for all instances. The SFS module’s tri-input state space scanning effectively propagates
global airfield context, allowing the model to disambiguate visually similar but structurally
distinct aircraft types. The DSWA module’s small-window branch captures fine-grained
shape cues such as wing sweep and tail configuration, while its large-window branch
incorporates surrounding tarmac patterns to suppress confounding structures. The qual-
itative gains are consistent with the +2.6 percentage-point mAP@0.5 improvement over
RT-DETR-L and +5.1 percentage-point improvement over DINO reported in Table 2.

The UCAS-AOD visualizations in Figure 8 highlight detection performance in two
contrasting scenarios: aircraft on aprons (top rows) and vehicles in parking lots (bottom
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rows). Vehicle detection is particularly demanding due to densely packed targets with
arbitrary orientations and high inter-instance similarity. Faster R-CNN suffers from severe
missed detections in tightly packed parking rows, while YOLO11 produces oversized boxes
that merge adjacent vehicles. RT-DETR mitigates the merging issue but still misses several
small vehicles near the image boundary where contextual cues are limited.

Figure 9. Visual comparison of detection results on the Jilin-1 Satellite Aircraft Detection Dataset.
(a) Ground truth, (b) Faster R-CNN, (c) YOLO11, (d) RT-DETR, (e) SFSMamba-DETR. Green boxes
denote ground-truth annotations, and red boxes denote model predictions. The proposed detector
demonstrates strong capability in detecting small aircraft in low-contrast satellite imagery.

SFSMamba-DETR achieves near-perfect recall and produces compact, instance-level
bounding boxes even in the most crowded regions. This is enabled by the complementary
action of SFS and DSWA: SFS captures the periodic spatial pattern of parking rows, provid-
ing a strong prior for distinguishing individual vehicles, while DSWA’s Dual-Scale Window
Attention preserves the precise rectangular footprints essential for accurate car localization.
The visual quality matches the quantitative improvements (97.6% mAP@0.5, +1.4 per-
centage points over RT-DETR-L) and supports our claim that the proposed framework
generalizes well from large aircraft targets to small ground vehicles within the same model.

The Jilin-1 satellite imagery in Figure 9 presents the most challenging visualization
scenario. The panchromatic single-channel images suffer from low contrast between aircraft
and surrounding tarmac, and target instances often occupy fewer than 30× 30 pixels. Faster
R-CNN and YOLO11 both miss numerous small aircraft, particularly those positioned
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against bright tarmac or near shadow boundaries. RT-DETR detects more targets but
produces false positives over runway markings and taxiway joints that locally resemble
aircraft silhouettes.

SFSMamba-DETR consistently outperforms all baselines on this challenging bench-
mark, recovering aircraft instances that are nearly invisible to other methods. We attribute
this to two factors. First, the SFS module’s four-directional 2D Selective Scan accumulates
evidence along entire runways, allowing the network to exploit the strong contextual prior
that aircraft typically appear in linear formations on aprons. Second, the EfficientNet-B4
backbone with compound scaling preserves higher spatial resolution at deeper layers,
which is critical for retaining fine-grained signatures of sub-meter-scale targets. These ob-
servations align with the substantial +3.8 percentage-point mAP@0.5 and +4.3 percentage-
point APS gains over RT-DETR-L documented in Table 4.

4.5.2. Failure Mode Analysis

Although SFSMamba-DETR improves both quantitative accuracy and visual localiza-
tion, several failure modes remain. First, aircraft located inside heavy cast shadows may
still be missed when the target texture is almost indistinguishable from the surrounding
tarmac. This is most visible in low-contrast Jilin-1 scenes, where the panchromatic im-
agery provides limited color cues. Second, elongated runway markings and taxiway joints
occasionally trigger false positives because their local geometry resembles aircraft fuselage-
wing patterns. DSWA reduces such cases by incorporating larger-window context, but it
cannot fully remove them when the background structure is repeated over a long runway
segment. Third, very dense apron scenes may still produce slightly merged boxes around
overlapping wing tips, especially for small aircraft instances close to the image boundary.
These observations suggest that future work should combine the current HBB detector with
oriented detection heads and, where available, multi-modal or multi-temporal imagery to
better separate true aircraft from shadows and airport infrastructure.

4.5.3. Performance–Efficiency Trade-Off

Figure 10 illustrates the mAP@0.5 versus FPS trade-off on all three datasets (MAR20,
UCAS-AOD, and Jilin-1). SFSMamba-DETR achieves the best balance, consistently posi-
tioned in the upper-right region of all plots. While some YOLO variants achieve higher
FPS, they sacrifice significant accuracy. Transformer-based methods like DINO and Co-
DETR achieve reasonable accuracy but at much lower inference speeds. The proposed
framework bridges this gap, demonstrating that the linear-complexity Mamba scanning
effectively reduces computational overhead while the dual-scale attention maintains strong
detection performance.

Figure 10. Performance versus efficiency comparison across three datasets. (a) mAP@0.5 vs. FPS
on MAR20. (b) mAP@0.5 vs. FPS on UCAS-AOD. (c) mAP@0.5 vs. FPS on Jilin-1. Bubble area is
linearly proportional to the number of model parameters, with a uniform visualization scale used
across all three subplots. SFSMamba-DETR (⋆) is denoted by the yellow star and achieves the best
accuracy–speed trade-off across all datasets.
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4.5.4. Feature Activation Visualization

To intuitively demonstrate how each module contributes to target localization, we vi-
sualize the 3D feature activation maps at different stages of SFSMamba-DETR in Figure 11.
The input features exhibit broad, noisy activations with weak target responses. After back-
bone extraction, target regions become more prominent but background noise persists. The
SFS module sharpens target peaks through long-range selective scanning, while the DSWA
module further refines localization through dual-scale local attention. After CFAM aggrega-
tion, the final output presents precise spike-like activations exclusively at target locations,
with near-zero background response. This progressive feature refinement validates our
design philosophy of combining global Mamba scanning with local multi-scale attention.

Figure 11. 3D feature activation visualization at different stages of SFSMamba-DETR. Colors encode
normalized activation intensity, with purple/blue indicating lower responses and yellow indicating
higher responses. (a) Input feature map with broad noisy activations. (b) After backbone extraction.
(c) After SFS module, where long-range dependencies sharpen target responses. (d) After DSWA,
where dual-scale attention further refines localization. (e) After CFAM aggregation. (f) Final output
with precise spike-like activations at target locations. The progressive suppression of background
noise and sharpening of target peaks confirm the contribution of each proposed module.

4.5.5. Feature Representation Analysis

To investigate the quality of learned feature representations, we employ t-SNE [65]
to visualize the encoder output features on the Jilin-1 dataset. As shown in Figure 12, our
SFSMamba-DETR produces more discriminative and well-clustered feature embeddings
compared to RT-DETR and DINO. The foreground (aircraft) and background features are
more clearly separated, indicating that our SFS and DSWA modules effectively enhance the
discriminability of learned representations for remote sensing object detection.

4.5.6. Convergence Analysis

Figure 13 compares the training convergence curves of SFSMamba-DETR with RT-
DETR and DINO on the Jilin-1 dataset. SFSMamba-DETR converges faster and achieves
a higher final mAP, benefiting from the efficient information flow enabled by the SFS
module’s linear-complexity scanning and the DSWA module’s structured local attention.

Figure 12. t-SNE visualization of encoder output features on the Jilin-1 dataset. (a) RT-DETR,
(b) DINO, (c) SFSMamba-DETR. The proposed framework produces more discriminative feature
embeddings with clearer foreground–background separation.
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Figure 13. Training convergence comparison on the Jilin-1 dataset. (a) mAP@0.5 curves dur-
ing training. (b) Training loss curves. SFSMamba-DETR converges faster and achieves higher
final performance.

5. Discussion
The experimental results validate the effectiveness of our SFSMamba-DETR framework

from multiple perspectives. Several key observations merit further discussion.
Complementarity of SFS and DSWA. The ablation results (Table 6) reveal that the SFS

and DSWA modules provide complementary benefits: SFS excels at capturing long-range
spatial dependencies through its linear-complexity selective scanning, which is particularly
beneficial for understanding the global layout of airport scenes and distinguishing target
objects from distant background elements. DSWA, on the other hand, focuses on local multi-
scale patterns through its dual-window design, which is critical for resolving fine-grained
details of small aircraft targets. The combined improvement (+2.5 percentage points) is
close to the sum of individual gains (+1.6 + 1.3 = 2.9 percentage points), with the slight
sub-additivity indicating that the two modules share partially overlapping representational
capacity while still providing largely complementary benefits.

Tri-input SFS design. The tri-input design of SFS is a deliberate architectural choice
that distinguishes our approach from standard Mamba blocks. By accepting main, guide,
and auxiliary features from different FPN levels, SFS inherently performs cross-scale
information exchange during the state space scanning process. This is fundamentally
different from post hoc feature fusion, as the scanning dynamics are jointly influenced by
multi-scale context, enabling more informed feature selection.

Scalability to challenging scenarios. The Jilin-1 results demonstrate that SFSMamba-
DETR maintains substantial advantages even under extreme conditions with low-contrast
satellite imagery and small targets. The consistent +3.8 percentage-point improvement
on mAP@0.5 over RT-DETR-L suggests that the combination of Mamba’s global context
modeling and DSWA’s multi-scale local attention is particularly well-suited for the unique
challenges of satellite-based remote sensing detection.

Efficiency considerations. Despite introducing additional modules (SFS, DSWA,
CFAM), SFSMamba-DETR maintains competitive inference speed (48.6 FPS) compared
to RT-DETR-L (54.8 FPS), a modest trade-off for the significant accuracy gains. This
is attributable to Mamba’s linear complexity, which avoids the quadratic overhead of
additional self-attention layers. The model parameters (34.8 M) remain moderate, making
the approach practical for deployment in real-world remote sensing applications.

Limitations and future work. While SFSMamba-DETR achieves strong results on
horizontal bounding box detection, remote sensing often requires oriented bounding
box predictions for elongated objects. Extending the framework with oriented detection
heads [49] represents a promising future direction. In addition, although the supplementary
DOTA and DIOR experiments broaden the category coverage beyond aircraft and vehicles,
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they are still evaluated under the HBB protocol. Future work will extend the proposed
modules to full OBB evaluation on large-scale multi-class datasets such as DOTA and
FAIR1M, where ships, bridges, buildings, and densely arranged small objects appear
with stronger rotation variation. Exploring multi-modal fusion [54,55] with Mamba-based
scanning could also enhance detection robustness under varying imaging conditions.

6. Conclusions
In this paper, we have presented SFSMamba-DETR, a framework for remote sensing

object detection that integrates state space models with Dual-Scale Window Attention. The
key contributions include: (1) the Selective Feature Scanning (SFS) module that uses the
Mamba-based 2D Selective Scan for efficient tri-input long-range dependency modeling
with linear complexity; (2) the Dual-Scale Window Attention (DSWA) mechanism that
captures both fine-grained local details and broader contextual patterns through comple-
mentary window scales; and (3) the Cross-scale Feature Aggregation Module (CFAM) that
orchestrates hierarchical multi-scale feature fusion. Extensive experiments on MAR20,
UCAS-AOD, and the Jilin-1 Satellite Aircraft Detection Dataset, together with supple-
mentary results on DOTA and DIOR, demonstrate that SFSMamba-DETR achieves strong
detection performance while maintaining competitive inference efficiency. The consis-
tent improvements across different imaging conditions and target categories validate the
effectiveness of the proposed design for efficient remote sensing detection.
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DLGPA Dual Local–Global Perception Attention
FPN Feature Pyramid Network
mAP mean Average Precision
FPS Frames Per Second
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