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Abstract

In recent years, salient object detection in optical remote sensing images (ORSI-SOD) has garnered
increasing research attention. However, in practical applications, issues such as blurred target edges
under low contrast and complex background interference continue to restrict the accuracy and ro-
bustness of detection. To address these problems, this paper proposes the Phase Congruency-Guided
Cross-Scale Contextual Fusion Network (PCFNet). Specifically, we design a novel Phase Congruency
Enhanced (PCE) Module to solve the problem of low contrast between targets and backgrounds. It
acquires multi-scale phase features via Fourier decomposition, fuses them with Transformer shallow
features and uses a tailored loss weighting mechanism to weight phase congruency learning for better
PCE module adaptation. To address complex background interference, we design a novel Dynamic
Residual Fusion (DRF) Module. It leverages dynamic spatial attention and residual connections to
refine multi-scale features and enables the model to accurately capture effective target features under
complex background interference. Experiments on ORSSD, EORSSD, and ORSI4199 benchmarks show
that PCFNet outperforms 23 state-of the-art methods in core metrics, and ablation studies further
confirm the effectiveness of each module.

Keywords: salient object detection(SOD); optical remote sensing images(ORSI); phase congruency;
dynamic spatial attention; residual connection

1. Introduction

Salient object detection (SOD) is a fundamental task in computer vision that mimics human visual
attention mechanisms to automatically identify and segment the most visually prominent regions in
images [1]. In recent years, advances in deep learning have fueled substantial progress in SOD for
natural scene images (NSI-SOD), with successful applications in image retrieval, object recognition,
visual tracking and various other vision-related tasks [2-5]. At the same time, SOD for optical remote
sensing images (ORSI-SOD) has garnered growing interest. It delivers essential prior information for
downstream tasks like environmental change monitoring, aviation navigation, underwater detection,
and urban planning [6-8]. Unlike natural scene images (NSI) captured by handheld cameras, optical
remote sensing images (ORSI) refer to color imagery obtained by satellite or aerial sensors (with a
wavelength range of 400-760 nm), leading to inherent distinctions between NSI and ORSI. Specifically,
NSI typically exhibit fixed viewing angles, consistent object scales, and relatively simple backgrounds,
which facilitate high foreground-background contrast and clear object boundaries. In contrast, ORSI
often involve diverse imaging perspectives, large variations in object scale, and heterogeneous land
cover compositions. These characteristics commonly lead to low contrast edges and severe background
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clutter. These notable differences make mature NSI-SOD methods perform subpar when directly
applied to ORSI-SOD scenarios. This highlights an urgent need for specialized approaches to fully
adapt to the unique characteristics of ORSI, ensuring reliable and accurate salient object detection.

In the field of ORSI-SOD, a key challenge lies in the low contrast of target objects, often caused by
uneven illumination, atmospheric effects, or long imaging distances. Although CNNs excel at local
feature extraction, limited receptive fields and reliance on intensity variations make them struggle
to capture sufficient discriminative cues in low contrast regions [9,10]. Transformers capture global
contextual dependencies well, but patch level tokenization often blurs fine edge details, especially in
low contrast scenarios [11,12].

To better recover edge details in low contrast scenes, some recent works explore frequency
domain representations to enhance structural cues. However, these methods mainly rely on magnitude
spectra and pay limited attention to phase information [13-15]. Phase Congruency (PC) measures
the agreement of phase angles across multiple frequencies, which makes it naturally insensitive to
intensity contrast while remaining highly sensitive to edges and textures. Motivated by this property,
we propose a novel Phase Congruency Enhanced Module (PCE). It injects PC cues into a Transformer
backbone to strengthen target feature representations in low contrast scenes. To further amplify the
effect of enhanced phase features on key regions [16], we also design a loss weighting mechanism
(pc_weight) for subsequent loss supervision. It accurately strengthens the feature expression of
low—contrast targets and significantly improves detection accuracy.

Another challenge arises from severe background interference. ORSI backgrounds often contain
abundant target-irrelevant components such as clouds, vegetation, water bodies, and terrain shadows.
These elements exhibit visual similarity to salient objects and are therefore easily confused with
true targets, causing significant interference in accurate recognition and segmentation. Inspired by
the idea of “residual attention guidance” in the field of image reconstruction and cross—attention
dynamic fusion in the field of autonomous driving [17-19], we design a novel Dynamic Residual
Fusion Module(DRF). It’s designed to address complex background interference in ORSI-SOD. Its core
lies in inter—scale cross—scale feature integration. The module first fuses shallow and deep features,
then uses dynamic spatial attention and channel attention to purify the fused features. This highlights
task relevant regions and suppresses redundant background. In addition, residual connections are
used during fusion to preserve fine grained structural details and prevent weak edges from being lost
under complex interference. As a result, DRF performs both feature fusion and feature purification,
improving robust foreground segmentation under severe background interference.

The main contributions are as follows:

*  We propose a novel end-to—end network PCFNet. It integrates frequency domain phase enhance-
ment with dynamic cross scale feature refinement to reduce blurred target boundaries under low
contrast and improve robustness under complex background interference.

*  We design a novel PC module based on Fourier decomposition theory. It fuses multi scale phase
features with shallow Transformer features to solve blurred target perception caused by low
contrast and compensate for local detail loss.

*  We design a novel DRF module. It integrates dynamic spatial attention and residual connections
to achieve complementary fusion and effective selection of multi scale features, suppressing
complex background interference while preserving salient structures.

e We conduct extensive experiments on three benchmark datasets (ORSSD, EORSSD, ORSI4199).
Through quantitative comparison with 23 SOTA methods, ablation experiments, and qualitative
analysis of complex scenes, the effectiveness and robustness of the proposed network and core
modules are fully demonstrated.
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2. Related Work
2.1. Salient Object Detection for NSI

Early SOD methods for Natural Scene Images (NSI) relied on handcrafted features, which only
utilized low-level visual cues such as color contrast [20]. Due to the lack of high-level semantic capture
capability, these methods exhibited insufficient robustness in complex scenes. With the rise of deep
learning, encoder-decoder architectures became the mainstream. However, early deep learning models
had limitations in modeling long-range semantic relationships. Luo et al. [21] confirmed that this
limitation would lead to semantic incoherence when processing large-scale targets, making it difficult
to adapt to the requirements of complex scenes.

The introduction of self-attention mechanisms achieved a performance breakthrough. Such
methods can directly model long-range semantic dependencies by calculating the correlation weights
of all pixel pairs. For example, the DETR framework proposed by Carion et al. [22] transformed SOD
into a set prediction task, abandoning anchor boxes to realize end-to-end segmentation and greatly
simplifying the process. Liu et al.’s [23] Swin Transformer adopted a shifted window mechanism,
which reduced computational complexity while retaining global modeling capability, adapting to
high-resolution image scenarios. To fuse global semantics and local details, Xie et al. [24] designed a
dual-branch Pyramid Grafting Network, achieving feature complementarity through cross-attention
guidance.

Although numerous high-performance solutions have been developed for NSI-SOD, the par-
ticularities of ORSI in terms of target-motion blur, scale range, and imaging perspective determine
that these methods cannot be directly adapted to ORSI-SOD tasks. Nevertheless, validated technical
frameworks and design ideas still provide important references for research on ORSI-SOD.

2.2. Salient Object Detection for ORSI

In light of the distinctive properties of ORSI, many researchers have introduced innovative ideas
and designed dedicated, effective algorithms for ORSI-SOD.

Li et al. [25] pointed out that the unique characteristics of ORSI put forward higher requirements
for the adaptability of detection algorithms. Early methods combining handcrafted features and
threshold segmentation were only applicable to small-scale simple scenes. With the rise of deep
learning, U-Net and its variants [26] became the mainstream. However, the local modeling limitation
of CNN’s is more prominent in remote sensing scenarios, which easily leads to missed detection of
dense targets or incomplete segmentation of targets with complex topological structures.

Deep learning promoted the development of efficiency and various optimization strategies have
been targeted core problems. Zeng et al. [27] designed an adaptive edge-aware semantic interaction
network, which improved the boundary accuracy of irregular targets such as rivers and edges. Some
studies [28] also used boundary enhancement loss functions to optimize segmentation integrity. Gao et
al. [29] proposed the Adaptive Spatialization Transformer, which enhances salient region representation
by non-uniform token allocation and suppresses background redundancy. Li et al. [30] proposed
a global context relation-guided network to capture spatial dependencies and aggregate multi-level
features. Cheng et al. [31] proposed the Multimodal-Guided Transformer, which fuses RGB and depth
information for heterogeneous feature collaboration network adopted the design of “global semantic
modeling and local detail calibration” and achieved performance break-through through authoritative
calibration. Despite the progress of the aforementioned studies, core challenges such as weak features
of low-contrast targets and complex backgrounds in ORSI-SOD remain unsolved.

2.3. Frequency-Domain Analysis

Frequency-domain analysis provides a complementary perspective to spatial feature extraction by
capturing target structure and texture information, and it has been widely applied in computer vision
tasks. For example, feature enhancement networks based on discrete cosine transform and multi-scale
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analysis models using wavelet transform both improve target detail by enhancing medium-high
frequency components [32].

As a classic frequency-domain analysis method, Phase Congruency (PC) is based on Fourier
decomposition theory. It quantifies the phase synchronization of multi-scale frequency components and
inherently offers advantages of illumination robustness and complete detail preservation. However, in
ORSI-SOD, the application of frequency domain analysis and phase congruency still requires further
exploration.

3. Proposed Method

In this section, we will introduce the proposed PCFNet in detail. Section 3.1 presents an overview
of the general framework of PCFNet. Section 3.2 outlines the Transformer-based feature extractor.
Sections 3.3and 3.4 describe the core components PCE and DRF in detail, respectively. Section 3.5
introduces the decoder selected for the model. Finally, Section 3.6 explains the loss function used in
the model.

3.1. Framework Overview

As shown in Figure 1, the proposed PCFNet adopts an encoder-decoder architecture. The input
image passes sequentially through four Swin-B blocks to extract features at four scales. At the
shallowest level, the PCE module compensates for target detail loss caused by low contrast through
phase congruency computation. Subsequently, deeper-level features are refined by the DRF module,
which fuses and optimizes multi-scale features to suppress background interference while preserving
salient structures. Finally, the hierarchical features are aggregated by the SGAED decoder to produce a
high-resolution saliency map.

. ft . f?
Swin-B t Swin-B t
128%112*%112 256*56*56

Swin-B

512%28%28

m-g = =

fae % fv 5 fé 58 ft s ft SjE
decoder0 decoderl 5 decoder2 s decoder3 " decoder4

4

Saliency Map
So

de fae fae t
@ Concatenation Conv1*1+BN+ReLU  PCE: Phase Congruency Enhanced Module
SGAED: Saliency-Guided Attention 3 . . .
decoder Enhanced Decoder DRF: Dynamic Residual Fusion Module

Figure 1. Overall architecture of the proposed network. The network consists of four components: the Swin-B
feature extractor, the PCE module,the DRF module, and the SGAED decoder.

3.2. Swin Transformer-based Feature Extractor

Following existing studies, we select the classical Swin-B as the basic feature extractor [23,25]. Its
hierarchical representation and window based local self attention are well suited to the dense prediction
requirements of ORSI-SOD. Different from the original Swin-B architecture designed for general vision
tasks, this paper based adaptive optimization targeting the characteristics of remote sensing images.
We retain the four-level feature extraction structure of the backbone network, and adjust the channel
dimensions of deep layers to balance semantic representation capability and computational cost. The
Swin-B in Figure 1 corresponds to the transformer-based encoder subnetwork, which consists of four
feature extraction blocks. We take the output of each block as the side-output feature map, defined
as fi € RG>*HixWi(i € {1,2,3,4}). For the input image, the channel numbers C; 3 4 of each feature
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map are {128,256,512,1024}, and the resolutions Hy 34 = Wi 34 correspond to {112,56,28,14}
respectively.

3.3. Phase Congruency Enhanced Module

ORSI often suffer from edge blurring and false target detection in low-contrast scenes, which
impairs the discriminability of salient targets. To address this issue, we design a Phase Congruency
Enhanced (PCE) Module (as shown in Figure 2), which is deployed after the first stage Swin-B feature
extractor (for the feature map f}). Through the synergy of frequency-domain phase feature analysis
and spatial-domain feature enhancement, the PCE module strengthens fine-grained local features of
remote sensing targets, providing high-quality inputs for subsequent cross-scale feature fusion.

Phase Congruency Enhanced Module : A: Wave Fliter Module(Fliter)

!
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ft f3 |' !
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Figure 2. Internal structure of PCE, consisting of Wave Filter Module(A), Phase Congruency Calculation(B), Stripe
Suppression Module(C) and Variance-Based Spatial Attention(D)

1)A: The Wave Filter Module serves as the frequency-domain response extraction unit of the PCE
module, responsible for capturing multi-scale and multi-directional edge information of targets. First,
the first-stage feature f} output by Swin-B is compressed to 32 channels via a 1 x 1 convolution to
reduce computational complexity:

f], = Convy .1 (f}) (1)

Subsequently, f} is fed into the Wave Filter Module. It is successively processed by the Dif-
ference of Gaussians (DoG) filtering and the multi-scale multi-orientation LogGabor filtering. The
module applies the same filtering operation to all 32 channels. For each channel, the LogGabor filter
bank is constructed with 2 scales (wavelengths of 8 pixels and 12 pixels) and 6 evenly distributed
orientations(0°, 30°, 60°,90°,120°,150°). By this means, a total of 12 frequency-domain response
maps(M) are generated, which cover edge texture features of targets at different scales and directions.
They provide basic inputs for subsequent phase analysis.

2)B: The Phase Congruency Calculation module is the core functional unit of the PCE module.
Based on the visual cognition law, image features concentrate at positions where the phase superpo-
sition of Fourier harmonics is maximum [34]. Therefore, this property can be exploited to achieve
accurate localization of target features. After feeding M into this module, we first perform scale wise
averaging. For each of the six orientations, we average the two scales with equal weights of 0.5 to
obtain the refined M. Here, each of the six waves corresponds to one of the 6 orientations (denoted
by 6, where 6 = 1,2,...,6). Then, we decompose each response map of the refined six waves into
amplitude components Ag . (c denotes the number of channels, c = 1,2,...,32) and phase components
Py . via Fast Fourier Transform (FFT) for each channel. We calculate the amplitude-weighted mean
phase P of the phase components:
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_ ) A P
p. o—1(Agc O Py,) ?)

Zgzl AG,c +e
where ¢ is a small constant to avoid division by zero. Then, in the “calculate” step, we compute
the phase deviation and phase congruency via Eq. (3) to (5), where Eq. (3) is dedicated to phase
deviation calculation and Egs. (4)(5) for phase congruency evaluation.

Apg. = COS(PG,C - pc) - } Sin(PG,c - pc)| 3)
PC. — 22:1 maX(AG,c © (A(PG,C - Tc)/ 0) (4)
c
Yo A te
PC' = Concat(PC},PCy, ..., PC3,) (5)

where T, = 0.5 - Avg,, ;(Ag.) denotes the local amplitude mean threshold. Here, Ay is obtained
by averaging the amplitude spectrum Ay over the orientation dimension (Ay = % Zgzl Ag). Avgs ()
represents 3 x 3 average pooling. max(-,0) filters out invalid phase contributions. Notably, the above
operations are performed independently for each of the 32 channels in f}, . Thus, the final dimension
of PC’ is 32 x 112 x 112, with a value range of [0, 1]. A larger value indicates a higher probability that
the position is a target feature.

3)C: Stripe Suppression Module has a dual function of eliminating stripe artifacts and recovering
channel dimension. As shown in Figure 3, (a) and (c) are feature maps exhibiting stripe artifacts caused
by phase congruency computation without the stripe suppression module, while (b) and (d) are the
clean feature maps obtained after applying the module, with stripe interference clearly eliminated.
After getting the clean feature maps, it restores the feature channel dimension to be consistent with
that of the input feature. This lays a solid foundation for subsequent spatial attention enhancement.
The input of this module is the preliminary phase congruency map PC’ and the specific processing
process is as follows:

PC = PC’ ® v(DepthwiseConv, ., (PC'))

6
PC = ¢ (Convy 1 (Clamp (LayerNorm (PC) ) )) ©

(b) (c) @

Figure 3. (a)(c) are without the Stripe Suppression Module and (b)(d) are with it. (a)(b) form the first example pair
and (c)(d) form the second example pair.

o(-) represents sigmoid activation function. First, the 7 x 7 depthwise separable convolution
is performed on PC’ to capture the response of stripe artifact regions. And the suppression mask is
generated by the Sigmoid function. The mask is multiplied with the original PC’ in an element-wise
manner to suppress the response of stripe regions. Then, the layer normalization is used to standardize
the feature distribution. And the value clipping is adopted to limit the dynamic range of feature
values[—3, 3], completing the artifact elimination and feature stabilization. Subsequently, the 1 x 1
convolution is applied to the artifact-removed features to restore the channel dimension from 32 to 128.
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Finally, the Sigmoid function is used to map the feature values to the range of [0, 1], generating the
phase congruency weight map PC.

4)D: The Variance-Based Spatial Attention is the output enhancement unit of the PCE module,
used to improve the spatial discriminability of features. We use variance because in ORSI, boundaries
or texture regions of salient objects usually exhibit noticeable gray-level jumps, leading to high local
variance. High variance typically reflects the contours or locations of salient objects, while low variance
corresponds to smooth regions. After feeding PC into this module, we first calculate the mean 1(PC)
and variance ¢(PC) across all channels for each spatial position. And we concatenate them and
compress the dimension via a 1 x 1 convolution to generate spatial attention weights. Then we
perform element-wise multiplication with f} and add a residual connection to avoid semantic loss.
Finally the enhanced feature f; is outputted, as shown in Eq. (7):

fy = fl ©a(Convi ([u(PC),e(PO)))) + f; )

The enhanced feature f; with significantly strengthened target information is fed into the subse-
quent DRF module for cross-scale feature fusion.

3.4. Dynamic Residual Fusion (DRF) Module

The Dynamic Residual Fusion (DRF) Module is designed to alleviate the insufficient cross-scale
feature fusion and suppress complex background interference. It leverages the residual attention mech-
anism to gradually achieve sufficient interaction between shallow and deep features in both channel
and spatial dimensions. As shown in Figure 4, the DRF module consists of a feature concatenation
unit, Residual Dual Attention Blocks (RABs), and a global residual connection. In the DREF, the feature
concatenation unit is used to fuse cross-scale features. The dual attention mechanism is employed
to filter out cross-scale features. And the residual connection ensures the preservation of detailed
information and gradient stability during the feature enhancement process.

Dynamic Residual Fusion Modul Residual Dual

(©concatenation ) Elenent-wise Summation (+)  Hadamard Product

Attention Block
fiin / Channel-wise Global Max/Average Pooling
=il i
f t conv3*3
CI2x2Hx2W .
AR xHx' +BN Cl '1“ Mond, I‘CA)

+LeakyReLU

Cxtxt
fomp

w
MLP / o @—'@»f“

—1 it l Dynamic Spatial Attention Module(DSA
fea E

Cx1x1 3 Fx1x

s T B | R

Reshape
1x3x3 5

@kﬂm
fea
.
e |

Figure 4. Internal structure of DRF. Five RABs are connected in serie.

The input of DRF includes two cross-scale features f/~! and f{. First, f/~! (after downsampling)
and f/ are concatenated along the channel dimension to obtain the feature fq. Thena 1 x 1 convolution
followed by BN and LeakyReLU is used to compress the channel dimension, yielding the initial feature
fim't-

finit = LeakyReLU(BN(Convyy1(feat))) (8)

Subsequently, fi,;; is fed into a residual attention group composed of 5 stacked RABs. Enlightened
by the gradient residual attention network [17], which effectively aggregates fine-grained features
via stacked residual dense blocks. We choose 5 RABs as intra-group units by balancing the feature
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enhancement performance, computational overhead and gradient stability. The validity of this config-
uration is demonstrated in subsequent ablation experiments. For each RAB, the input feature is first
preprocessed by two 3 x 3 convolutions. The first layer is followed by BN and LeakyReLU, and the
second layer only retains BN, resulting in the feature f.o,42.

feonv1 = LeakyReLU(BN(Convzx3(frin))) )

fconvz = BN(COHV3><3(fconvl)) (10)

Based on f;yuv2, Channel Attention (CA) Module is first used to generate channel weights. Global
max pooling (GMP) and global average pooling (GAP) along the channel dimension are performed on
feonv2 to obtain fenp and feap. These two features are fed into a shared MLP for dimension reduction
and restoration, then summed up and activated by sigmoid to generate the weight wc 4. The weight is
element-wise multiplied with feoue0.

fgmp = GMPc(fconUZ)/ fgap = GAPc(fconvz) (11)
wea = 0 (MLP(fomp) + MLP(fgap)) (12)
fca = feonz © Wea + feonv2 (13)

Then, the Dynamic Spatial Attention (DSA) Module is applied to fc4 to achieve spatial feature
enhancement. First, global average pooling is performed on the input feature fc 4, followed by two
successive 1 x 1 convolutions and ReLU activation. Then, a 3 x 3 convolution kernel is generated
through the Reshape operation. The module is dynamic in that the kernel shape remains 3 x 3, while
its weight parameters are not fixed preset values. Instead, the weight parameters are adaptively
calculated from the independent input features of each individual sample. Each sample in a batch
is endowed with a unique set of 3 x 3 convolution kernel weights, which can adapt to the spatial
feature pattern of the sample itself in a targeted manner. This is the core embodiment of the “dynamic”
property in our DSA module. Meanwhile, the channel-wise mean operation is conducted on fc4 to
obtain a single-channel spatial feature map. The sample-specific 3 x 3 dynamic convolution kernels
are used to perform dynamic convolution on this single-channel spatial feature map. After that, the
spatial attention weight wpgs 4 is generated by the Sigmoid activation function. Finally, the original
feature fc4 is multiplied element wise by the spatial attention weight wpg4 to obtain the enhanced

feature fpga.
kayn = Reshape(Convy 1 (ReLU(Convy 1 (AvgPool(fca))))) (14)
Wpsa =0 (Coanyn (mean(f CA))) (15)
fpsa = fca ©wpsa (16)

The output of each RAB is added to the input feature via a local residual connection.

fR-g = flg-out = Convsxs (RAB_5(RAB_4

(17)
(RAB_3(RAB_2(RAB_1(finit))))))

fli?-out = fDSA +f1i{-in (l =12 37475) (18)
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fres - fR—g + finit (19)
fcZ = Convyy (frES) (20)

The output of five serially connected RABs is integrated into fr., through a 3 x 3 convolution,
then added to f,;; via a global residual connection to obtain f,s. Finally, a 1 x 1 convolution is used to
adjust the channel dimension, making it consistent with the f/, yielding the fused feature f{ of DRF.

3.5. Decoder

To ensure the integrity of the network architecture and achieve accurate mapping from high-
level fused features to pixel-level saliency maps, this paper directly adopts the Saliency-Guided
Attention Enhanced Decoder (SGAED) from the literature as the decoding module of the net-
work [31]. This decoder can adapt to the feature format output by the encoder in this paper with-

out additional modifications. Its core function is to receive the three groups of high-level fused

. 12 o 112
features (f. € R¥6% 571 571 ,i = 2,3,4) from the DRF module and the enhanced shallow feature

(f}7 € R128x112x112) from the PCE module. In terms of the specific process, f;! feature and S5(14 x 14)
generated from the f} feature are fed into decoder4, followed by decoder4 to decoder1 that grad-

ually perform feature upsampling and detail refinement (decoder4 does not perform upsampling,
i Cx ooy ¢ (112 o, 112 2 128x112x112 i ; ;
f, e R "2 2 ,Si(z,;1 X 2{71),1 =2,3,4,15, €R ). Specifically, decoder0 is designed

to optimize the S1(112 x 112) features at the resolution of 112 x 112 for generating the high-detail
S0(224 x 224), which supplies fine-grained supervision. Through repeated computation, key features

are strengthened and representation capability is improved, while preserving the integrity of the five
SGAED components in the original framework. Finally, all saliency maps are interpolated to 224 x 224
and used as the supervised output and final predictions.

3.6. Loss Function

The Loss constructed in this paper combines CE Loss and IoU Loss [35,36]. And we design a novel
weighting mechanism for the phase congruency map output by the phase congruency enhancement
module.

1) Saliency Supervision We adopt CE Loss and IoU Loss to perform basic supervision on the last 4
layers of intermediate saliency maps, which is formulated as follows:

gl

Lp =) (Lce(Upy(Si), G) + Liou(Upy,(Si), G)) (21)

=2

where S; represents the i-th saliency prediction map (i = 2,3,4,5), G is the ground-truth label map,
and Upy () denotes the upsampling operation with an upsampling factor of k;. The value of k; is

defined as:
24 ifi=5
k=4 " (22)
20, ifi<4

2) Phase Congruency Map Weighting (pc_weight) Existing loss functions fail to focus on salient
structural regions in ORSI, so we design a phase congruency map weighting mechanism, referred to as
pc_weight. It strengthens supervision on key regions and mitigates the impacts of weak features of
low contrast targets. It should be noted that we only apply this weighted loss to Sg and S1. Because
the phase congruency enhancement module is embedded only in stage 1 of feature extraction, and its
effect is limited to the shallow feature stage.

The pc_map refers to the single channel phase congruency map derived by averaging the 128
channels phase congruency map PC generated by Eq. (6) in Section 3.3 above. It reflects the distribution
characteristics of salient structures such as edges and textures in the image. First, the original pc_map
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is interpolated to the size of the current prediction map and normalized to obtain the pixel-level weight
w (pc_weight), calculated as:

o Up, (pc_map) — min(Up, (pc_map))
max(Up, (pc_map)) — min(Up(pc_map)) + p

(23)

where Up(-) is the upsampling operation to interpolate pc_map to the size of the i-th prediction
map. B = 1078 is used to avoid denominator being zero. For the first two layers of high-resolution
intermediate saliency maps (S;,i = 0, 1), this weight is introduced to weight the loss, formulated as:

20

weighted = ECE (Upki (SZ) Ow, Go CU)

(24)
+ LioU (Upki(si) Ow,GO w)

w is the normalized pixel-level phase congruency weight map (ranging in [0,1]), Upy (-) de-
notes the upsampling operation with an upsampling factor of k;, and © represents the element-wise
multiplication operation.

3) Overall Loss Function Finally, the overall loss function Ly, of the model is formulated as
follows:

Liotal = Lp + Z L:(l)

weighted (25)
ie{0,1}

4. Experiments
4.1. Experimental Settings

1) Dataset We adopt three mainstream benchmark datasets for ORSI-SOD, including ORSSD [37],
EORSSD [38] and ORSI4199 [39]. These datasets cover scenes of varying complexity to comprehensively
test the model’s detection performance.

ORSSD, the first public dataset for remote sensing salient object detection, with 800 pixel-
annotated images (600 training, 200 testing). It covers regular scenes, verifying the model’s basic
performance.

EORSSD is an extension of ORSSD, with 2000 images (1400 training, 600 testing). It adds targets
with complex backgrounds and irregular structures, increasing detection difficulty to test the model’s
adaptability to complex scenes.

ORSI4199 is a large-scale challenging dataset, with 4199 high-precision annotated images (2000
training, 2199 testing). It includes multi-attribute complex targets (large, small, low-contrast) in realistic
scenes, verifying the model’s generalization ability.

2) Implementation Details To verify the proposed network’s performance in ORSI-SOD, experi-
ments are implemented via the PyTorch framework on a workstation with NVIDIA RTX 3090 Ti GPUs,
using Python 3.8, PyTorch 1.11.0 and related libraries. During training, images are augmented with
random flip, rotation and Gaussian blur, resized to 224 x 224. The Adam optimizer (initial learning
rate 7 x 107, B; = 0.9, B = 0.999) is used, with learning rate adjusted via StepLR (step size=20
epochs, decay factor=0.5). Batch size is 8 and the model is trained for 100 epochs.

3) Evaluation Metrics Four mainstream metrics are adopted in the experiments to comprehensively
evaluate the model performance.

S-Measure (Sy) [40]: It measures the structural similarity between the saliency map and the
ground truth, integrating object-level (S,;) and region-level (Sy.) similarity, with the formula as follows:

Su = a X Syj 4 (1 — ) X Spe (26)

where the balance weight « is set to 0.5 by default.
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F-Measure (Fg) [20]: It is a comprehensive metric that balances precision (Pr) and recall (Re),

calculated by:
_ (1+p%) x PrxRe

Fp= p% x Pr+ Re @7)

Following the mainstream setting, 3 is set to 0.3.
E-measure (E¢) [41]: It considers both pixel-level correspondence and image-level statistical
information simultaneously, with the formula:

1 H W
Ee= & L ¢(xy) (28)

x=1y=1

where H and W represent the height and width of the saliency map, and ¢(x,y) denotes the
enhanced alignment function.

MAE (M) [42]: It calculates the average pixel deviation between the saliency map and the ground
truth, defined as:

1 W

H
AE =
M wag

S(x,y) = G(x, )l (29)
y=1
where S(x,y) and G(x, y) are the pixel values of the saliency map and the ground truth at position
(x,y), respectively.

4.2. Comparison with SOTA Methods

1) Comparison Methods Our proposed model (ours) and 23 state-of-the-art (SOTA) models are
compared across all three benchmark datasets. The compared methods encompass a diverse range of
models: RRWR [20] and RCRR [43] are two conventional NSI-SOD models. EGNet [44], MINet [45],
and GatedNet [46] are three deep NSI-SOD models.

LVNet [37], DAFNet [38], MCCNet [47], CorrNet [48], ASTTNet [28], MJRBM [49], RRNet [40],
EMFINet [50], ERPNet [44], ACCoNet [51], AESINet [27], DCCNet [52], LSHNet [53], MCPNet [54] are
fourteen deep ORSI-SOD models. HFANet [55], ADSTNet [56], HFCNet [31], CMNFNet [57] are four
Hybrid ORSI-SOD models. Table 1 lists all the quantitative results, which were generated by running
the corresponding open-source codes provided by the author and adopting the default parameter
configurations, or through calculations based on publicly accessible saliency maps.

2) Quantitative Comparisons and Discussions As shown in Table 1, our method (ours) performs
prominently in key metrics across ORSSD, EORSSD, and ORSI4199 datasets. Overall, it outperforms
most state-of-the-art methods. On the ORSSD dataset, our method ranks first in S,, Fg, Eg, and
MAE (0.9540, 0.9305, 0.9888, 0.0071 respectively). Compared with CMNFNet, it achieves a 0.65%
improvement in S, and a 1.16% improvement in Fg. On the EORSSD dataset, our method ranks first
in Fg(0.8943), Ez (0.9843) and MAE (0.0048), and second in S, (slightly behind HFCNet-R), while
maintaining more balanced overall performance. On the ORSI4199 dataset, our method ranks first in
two metrics, with 5,(0.8858) and Fg (0.8859). In summary, our method demonstrates competitive-ness
across all datasets, verifying its effectiveness in ORSI-SOD.

3) Qualitative Comparisons and Discussions We select representative visual examples from the
ORSSD, EORSSD, and ORSI4199 datasets. These examples are grouped by scene type (as shown in
Figure 5) to qualitatively compare our method with state-of-the-art models.
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Table 1. Quantitative comparison of our method with 23 methods proposed by other researchers on the ORSSD,
EORSSD and ORSI4199 datasets. The symbol “1” indicates that a higher value is better for the metric, while “]”
indicates that a lower value is better. The top three results are highlighted in red, blue, and green, respectively.

u_

Results of some models may be unavailable for partial datasets, which are indicated as

Method Publication Type ORSSD FORSSD ORSI4199

St  Fgt Ezt MAE|l St Ft ET MAE|l ST Ft ET MAE|
RRWR 2015 CVPR T-NSI 0.6835 0.5590 0.7649 0.1324 0.5992 0.3993 0.6894 0.1677 0.6416 0.5407 0.7116 0.1717
RCRR 2018 TIP T-NSI 0.6849 0.5591 0.7651 0.1277 0.6007 0.3995 0.6882 0.1644 0.6491 0.548 0.7192 0.1637
ASTTNet 2023 TGRS T-ORSI 0.9347 0.9060 0.9794 0.0094 0.9253 0.8741 0.9580 0.006 0.8827 0.8788 0.9512 0.0273
EGNet 2019 ICCV C-NSI 0.8721 0.8332 0.9731 0.0216 0.8601 0.7880 0.9570 0.0110 0.8516 0.8371 0.9241 0.0385
MINet 2020 CVPR C-NSI 0.9040 0.8761 0.9545 0.0144 0.9040 0.8344 0.9442 0.0093 0.8116 0.7988 0.8961 0.0504
GatedNet 2020 ECCV C-NSI 0.9186 0.8871 0.9664 0.0137 09114 0.8566 0.9610 0.0095 0.8545 0.8450 0.9256 0.0393
LVNet-V 2019 TGRS C-ORSI 0.8815 0.8263 0.9456 0.0207 0.8630 0.7794 0.9254 0.0146 - - - -
DAFNet-V 2021 TIP C-ORSI 09191 0.8928 0.9771 0.0113 0.9166 0.8614 0.9861 0.0060 0.8492 0.8348 0.9181 0.0422

MCCNet-V 2021 TGRS C-ORSI  0.9437 0.9155 0.9800 0.0087 0.9327 0.8904 0.9755 0.0066 - - - -
CorrNet-V 2022 TGRS C-ORSI 09380 0.9129 0.9790 0.0098 0.9289 0.8778 0.9696 0.0083 0.8626 0.8560 0.9333 0.0366
MJRBM-R 2022 TGRS C-ORSI  0.9211 0.8885 0.9686 0.0145 0.9091 0.8555 0.9655 0.0099 0.8582 0.8511 0.9343 0.0372
RRNet-R 2022 TGRS C-ORSI  0.9339 0.9011 0.9722 0.0113 0.9266 0.8743 0.9665 0.0082 0.8585 0.8500 0.9286 0.0367
EMFINet-R 2022 TGRS C-ORSI  0.9432 0.9155 0.9813 0.0095 0.9319 0.8742 0.9712 0.0075 0.8712 0.8636 0.9403 0.0313
ERPNet-R 2023 TCYB C-ORSI  0.9352 0.9036 0.9738 0.0114 0.9252 0.8743 0.9665 0.0082 0.8636 0.8528 0.9292 0.0388
ACCoNet-R 2023 TCYB C-ORSI 09428 0.9149 0.9819 0.0087 0.9302 0.8821 0.9759 0.0067 0.8805 0.8688 0.9424 0.032
AESINet-R 2023 TGRS C-ORSI 09455 0.9160 0.9814 0.0085 0.9347 0.8792 0.9757 0.0064 0.8755 0.8726 0.9459 0.0305

DCCNet 2024 LGRS C-ORSI 09417 0.9168 0.9805 0.0092 0.9345 0.9761 0.0067 0.8705 0.8619 0.9348 0.0347
LSHNet 2024 TGRS C-ORSI 0.9824 0.9370 0.8643 0.9761 0.0064 0.8759 0.9462
MCPNet 2024 TGRS C-ORSI  0.9433 0.9135 0.9807 0.0090 0.9373 0.8868 0.9765 0.0070 0.8736 0.8667 0.9402 0.0324

HFANet-R 2022 TGRS H-ORSI 09399 0.9117 0.9770 0.0092 0.9380 0.8876 0.9740 0.0071 0.8767 0.8700 0.9431 0.0314
ADSTNet-R 2024 JSTARS  H-ORSI  0.9379 0.9124 0.9807 0.0086 0.9311 0.8804 0.9769 0.0065 0.8710 0.8698 0.9433 0.0318
HFCNet-R 2024 TGRS H-ORSI 09521 0.9247 0.9885 0.0073 0.9407 0.8864 0.9793 0.0054 0.8838 0.8833 0.9539 0.0277

CMNFNet 2025 TCYB H-ORSI 0.9475 0.9189 0.0078 0.9377 0.8851 0.8752 0.0301
ours - T-ORSI 0.9540 0.9305 0.9888 0.0071 0.9393 0.8943 0.9843 0.0048 0.8858 0.8859 0.9531 0.0279
Image ours CMNFNet  ACCoNet  ERPNet MJRBM CorrNet MCCNet GatedNet

' \

Figure 5. Qualitative comparisons of our method with seven representative SOTA methods in eight challenging

scenarios. Rows 1, 2, 3, 4: low-contrast scenes, Rows 5, 6, 7, 8: complex background interference scenes.

For the first four rows representing low-contrast scenes, the target and background exhibit high
texture similarity. In the 1st row, this similarity causes blurred edges in the saliency maps of ACCoNet
and ERPNet. In the 2, 3, 4 rows, the subtle grayscale difference between target and background
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leads to missing targets or blurred adhesion in the saliency maps of CMNFNet and MJRBM. In
contrast, our method enhances the discriminability of target features in low-contrast regions through
the PCE module, producing saliency maps that accurately restore target contours and closely match
the ground truth. For the last four rows representing complex background interference scenes, the
complex background easily interferes with target detection. In Rows 5 and 6 with complex building
scenes, models such as CMNFNet and MCCNet tend to introduce background noise spots. In contrast,
our model separates the target from the background more clearly and remains robust to irrelevant
background interference. In the 7th row featuring a dome-shaped scene, GatedNet suffers from
edge distortion due to background element interference. While our dual module effectively resists
redundant background interference and accurately aligns with the true target contour. In the 8th row,
the target is extremely small and easily confused with the background, causing methods like CorrNet
and MCCNet to miss the target or falsely activate background regions. In contrast, our method can
detect it correctly.

4.3. Ablation Study

To verify the effectiveness of the proposed modules, core components, and loss functions, we
conduct ablation experiments in this section. The ablations are designed at the module, component,
and loss function levels. We further analyze the contribution of each part to model performance with
visualization results.

1) Ablation study between different modules To verify the effectiveness of the proposed PCE and
DRF modules, we designed four model variants on the ORSSD and EORSSD datasets: a) Base (Swin-B
Encoder and SGAED Decoder), b) Base+PCE, ¢) Base+DREF, d) Base+DRF+PCE (ours).

The quantitative results (Table 2) demonstrate that: On the ORSSD dataset, the Base performs the
worst. After integrating PCE, S, is improved by 0.74%. When adding DREF, S, increases by 0.64% while
the Fg and Eg are slightly improved. Our method, which combines both modules, not only enhances
the target discriminability in low-contrast regions via PCE but also aligns cross-scale features and
filters background interference via DRF. Compared with the Baseline, our method achieves a 0.99%
improvement in S, and a 1.40% improvement in Fgz. Consistent trends are observed on the EORSSD
dataset, where our method improves S, and Fg by 0.67% and 2.73% respectively compared with the
Baseline, confirming the targeted value of the two modules in addressing typical issues of optical
remote sensing images.

Table 2. Ablation study between different modules on ORSSD and EORSSD.

No. Base PCE DRF ORSSD EORSSD
Su? Fg 1 Ez 1t Su T Fg 1 Es T
1 v 0.9441 0.9165 0.9666 0.9326 0.8670 0.9589
2 v v 0.9511 0.9215 0.9686 0.9361 0.8706  0.9582
3 v v 0.9505 0.9267  0.9868 0.9354  0.8901 0.9806
4 v v v 0.9540 0.9305 0.9888 0.9393 0.8943 0.9843

In Figure 6, the role of our modules is further demonstrated: In the scene of the 1st row, the Base
result exhibits target edge diffusion due to background interference. Adding DRF makes the predicted
contours more compact and well defined, suggesting that DRF suppresses redundant background
responses. In the 2nd row with a low contrast linear target, the Base result shows discontinuities.
Schemes with PCE preserve the target shape more completely, indicating PCE’s ability to enhance
low contrast features. In the 3rd row, schemes with a single module lose details. Combining DRF and
PCE preserves the target shape much better, showing their synergy in suppressing interference and
enhancing features for more accurate segmentation.
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Images Base+DRF+  Base+DRF Base+PCE Base
PCE (ours)

Figure 6. Ablation study between different modules.

To verify the enhancement effect of PCE on features extracted by Swin Transformer Stage 1,
we generate feature heatmaps with a Tkinter based feature map viewer, as shown in Figure 7. The
differences between the original Stage 1 heatmaps and the enhanced ones are clear, reflecting improved
target details and saliency. In Row 1, the original Stage 1 features show small brightness differences
between target and background and blurry contours. After enhancement, the target region becomes
brighter and more distinguishable. In Row 2, the original features contain only sparse dot like
highlights. After enhancement, the target region becomes more uniform and its shape is more complete
and better separated from the background. In Row 3, the original edge responses are discontinuous.
After enhancement, continuous highlight bands appear along the target edges. These observations
indicate that PCE improves target-background separability in low contrast scenes and strengthens
edge integrity, providing a stronger detail basis for subsequent cross-scale fusion.

(9OT1 |BuioY) K}IsuBu| Bmjeey

(a)Image (c)Stagel (d)Enhanced Stagel

Figure 7. Heatmap of the enhancement effect of the PCE module on the Stage 1 features of the Swin Transformer.

2) Ablation study within the modules: To verify the effectiveness of the core components in
the PCE and DRF modules, we designed ablation variants with key components removed. And we
analyzed their performance on the ORSSD and EORSSD datasets.

For the PCE module, we designed two variants: w/o PC calculation (we removed the Filter, Phase
Congruency Calculation, Stripe and only retained the VSA) and w/o VSA (PCE without VSA). As
shown in Table 3(a), either removing the VSA or only having VSA leads to performance degradation.
As shown in Figure 8(a), in the 1st row, removing these two parts results in the loss of texture
details inside the target. In the 2nd row, “ours” accurately reproduces the target shape, while “w/o
VSA” suffers from detail loss and background interference. This indicates that the phase congruency
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calculation enhances target edges and textures while suppressing background noise, and VSA focuses
on the target region to strengthen effective feature responses. The two parts work synergistically,
serving as the core of the PCE module for low-contrast feature enhancement, and are indispensable for

performance improvement.

T
LI =/=

Images GT ours w/o CA  w/o DSA Images ours

pc_weight

Figure 8. Visualization of ablation study results within modules: (a) ablation experiments inside the PCE module,
(b) ablation experiments inside the DRF module, and (c) ablation experiments on the loss function.

Table 3. Ablation study within the modules on ORSSD and EORSSD datasets.

Model variants ORSSD FORSSD
Sut Fg 1 Ez 1 Sa? Fg 1 Ez 1
(a) Ablation study in PCE
ours 0.9540 0.9305 0.9888 0.9393 0.8943 0.9843
w /o PC calculation 0.9491 0.9239 0.9834 0.9328 0.8875 0.9788
w/o VSA 0.9491 0.9246 0.9840 0.9381 0.8917 0.9819
(b) Ablation study in DRF
ours 0.9540 0.9305 0.9888 0.9393 0.8943 0.9843
w/oCA 0.9489 0.9294 0.9806 0.9330 0.8866 0.9797
w/o DSA 0.9509 0.9262 0.9874 0.9364 0.8892 0.9783

For the DRF module, we designed two variants: w/o0 CA (DRF without CA) and w/o DSA
(DRF without DSA). The quantitative results (Table 3(b)) indicate that the performance decreases after
removing CA or DSA. For dome shaped building targets in Figure 8(b), the saliency maps of w/o
CA contain background clutter, and the target contours of w/o DSA are distorted. The river scene is
similar in situation. The complete DRF module generates saliency maps with clear and intact shapes,
verifying that the synergy between CA and DSA effectively resolves background challenges.

In this paper, we select 5 stacked RABs for the DRF module, which is the optimal choice based on
ablation experiments. Table 4 shows that with the number of RABs from 3 to 5 improves all three core
metrics (Su, Fg, E¢) on the ORSSD dataset. This suggests that more RABs strengthen feature fusion and
redundancy filtering. When the number of RABs exceeds 5, parameter redundancy causes gradient
attenuation, and all metrics show a decline. Therefore, the stacked structure of 5 RABs enables the
model to achieve the best performance.

Table 4. Ablation study on the number of RAB.

Model variants Sa T Fg 1 Ez 1

3 RAB 0.9457 0.9196 0.9824
4 RAB 0.9488 0.9219 0.9828
5RAB 0.9540 0.9305 0.9888
6 RAB 0.9509 0.9276 0.9869
7 RAB 0.9531 0.9274 0.9863

3) The impact of our pc_weight on the loss function: This section verifies the effectiveness of
pc_weight. In the original design, saliency map Sp and S; use pc-weight combination of CE Loss
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and IOU Loss, while S-S5 adopt ordinary CE and IOU Loss. Removing pc_weight in this ablation
experiment means that Sp and S; also use only ordinary CE and IOU Loss (consistent with S,-Ss). The
experimental results are shown in Table 5 and the Figure 8(c). From Table 5, it can be observed that after
removing pc_weight, only the basic losses of CE Loss and IOU Loss remain. S, of ORSSD decreases
from 0.9540 to 0.9484, and Fg drops from 0.9305 to 0.9244. This indicates that pc_weight effectively
improves the model performance. The visualization of the ablation experiment for the proposed
pc_weight is presented in Figure 8(c). For the low-contrast building targets, the prediction map of
w/o pc_weight loses the prominent structures of the buildings, which demonstrates that pc_weight
strengthens the detail supervision of low-contrast targets. For bridge targets, the prediction map of
w/ o pc_weight exhibits misinformation, proving that pc_weight constrains the structural integrity of
the targets.

Table 5. The impact of our pc_weight on the loss function.

No. Baseline pc_weight ORSSD EORSSD
Sa T Fg 1 Ez 1 Sa? Fg 1 Ez 1
1 v 0.9484 0.9244 0.9844 0.9323 0.8854  0.9641
v v 0.9540 0.9305 0.9888 0.9393 0.8943 0.9843

4.4. Computational Complexity Analysis

1) Complexity Changes from Module Superposition The model in this paper uses TF and SGAED
as the Baseline. After adding the PCE module, FLOPs increase by 6.67G, and Params increase by 0.53M.
The PCE module only introduces lightweight frequency-domain filter operations, resulting in minimal
complexity overhead. After adding the DRF module: FLOPs increase by 21G, and Params increase by
13M. The multi-group RAB attention blocks in DRF are the main source of complexity, but they ensure
the effectiveness of cross-scale fusion.

2) Complexity Comparison with Existing Methods Our proposed model (ours) has 126.94G FLOPs
and 117.29M parameters. For high-performance methods such as EMFINet (176.87G) and ACCoNet
(184.50G), our model achieves better performance while reducing the complexity by around 30%. For
HFCNet, our model achieves better performance with fewer parameters and comparable FLOPs. For
models with lower complexity (e.g., AESINet), although our model has slightly higher complexity, its
performance is significantly better (see Section 4.2 for details).
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Table 6. Model Computational Complexity Comparison: (a) complexity analysis of the proposed modules, (b)
comparison of complexity with some state-of-the-art methods.

(a)
Models FLOPs Params
TF 71.44 G 86.64 M
TF+SGAED 99.27 G 103.76 M
TF+SGAED+PCE 105.94 G (16.67) 104.29 M (10.53)
TF+SGAED+PCE+DRF(Ours) 126.94 G (121) 117.29 M (113)
(b)
Models FLOPs Params
MCCNet 117.15G 67.65 M
EMFINet 176.87 G 95.09 M
ERPNet 131.63 G 7719 M
ACCQNet 184.50 G 102.55 M
AESINet 5342 G 41.06 M
ASTTNet 4312 G 23.35M
ADSTNet 62.09 G 27.72M
HFCNet 12041 G 140.75 M
ours 126.94 G 117.29 M

5. Conclusion

In this paper, we propose a novel PCFNet to tackle the complex target detection challenge in
ORSI-SOD tasks. We embed PCE and DRF into the Swin Transformer backbone to build a unified
pipeline that combines frequency domain detail enhancement, cross scale semantic fusion, and refined
supervision. Specifically, PCE extracts frequency-domain phase features, which breaks the limitation
of traditional spatial enhancement that relies on brightness differences. It improves the detail represen-
tation capability of targets in low-contrast scenes. The dual attention block (RAB) designed in DRF
fuses channel and dynamic spatial attention to resolve problems of complex background interference.
Extensive experiments on 3 datasets validate the superior performance of PCFNet.

Data Availability Statement: The data will be made publicly available upon acceptance of the paper.
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