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Saliency object detection (SOD) aims to identify the most visually prominent regions in an image that attract
human attention. Despite significant advancements in deep learning-based SOD methods, existing approaches
still face challenges in effectively integrating multi-scale, multi-semantic, and multi-spatial features, leading to
incomplete saliency prediction, blurred boundaries, and poor generalization to complex scenes. To address these
issues, this paper proposes a novel SOD framework that combines multiple-perspective feature fusion (MPFF)
and deep adversarial networks (DAN), named MPFE-DAN. First, a multi-perspective feature extraction module
is designed to capture complementary information from three critical perspectives: (1) the spatial perspective
(low-level features with precise spatial localization); (2) the semantic perspective (high-level features with strong
category-aware representation); (3) the scale perspective (multi-scale features to adapt to objects of varying
sizes). Second, an adaptive feature fusion network (AFEN) is proposed to dynamically weight and aggregate
the multi-perspective features, leveraging a dual-attention mechanism (channel attention + spatial attention) to
enhance the discrimination of salient regions while suppressing background noise. Third, a deep adversarial
network is integrated into the framework, where a generator (based on an improved U-Net) generates high-
quality saliency maps, and a discriminator (a multi-scale convolutional neural network) distinguishes between
the generated saliency maps and ground-truth masks. The adversarial training paradigm drives the generator
to produce more realistic and boundary-preserving saliency results. Extensive experiments are conducted on
five benchmark datasets using four evaluation metrics. Quantitative and qualitative results demonstrate that
MPFF-DAN outperforms 15 state-of-the-art (SOTA) methods. It maintains high efficiency with a computational
complexity.
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1. Introduction

Saliency object detection (SOD) is a core task in computer
vision that mimics the human visual system (HVS) to
automatically localize and segment the most "attention-
grabbing" regions in an image [1]. Unlike general object
detection or segmentation, SOD does not rely on prede-
fined object categories and focuses on the intrinsic visual
prominence of regions, such as contrast, texture, color, and

semantic consistency. Due to its ability to reduce redundant
information and highlight critical content, SOD has been
widely applied in practical scenarios, including;:

(1) Image editing and retargeting [2]. Automatically
cropping or resizing images based on salient regions
to preserve key content.

(2) Visual tracking [3]. Initializing tracking boxes with
salient objects to improve tracking accuracy and ro-
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bustness.

(3) Autonomous driving [4]. Identifying salient obsta-
cles (e.g., pedestrians, vehicles) to assist in decision-
making.

(4) Medical image analysis [5]. Segmenting salient le-
sions (e.g., tumors, lesions) from medical images (e.g.,
MRI, CT scans) to reduce manual annotation work-
load.

With the development of deep learning, especially con-
volutional neural networks (CNNs), SOD has achieved
remarkable progress. Early deep learning-based SOD
methods adopted encoder-decoder structures to extract
multi-scale features, but they suffered from poor seman-
tic representation and blurred boundaries. Recent meth-
ods have focused on feature fusion, attention mechanisms,
and transformer-based architectures to address these is-
sues. However, existing approaches still face three key
challenges:

(1) Incomplete feature representation. Most methods
only fuse features from two perspectives (e.g., low-
level spatial features and high-level semantic features)
[6], ignoring scale diversity. Objects in real-world
scenes vary significantly in size (e.g., a small bird vs. a
large building), and single-scale features cannot adapt
to such variations.

(2) Ineffective feature fusion. Traditional fusion meth-
ods (e.g., concatenation, element-wise addition) treat
different features equally, failing to emphasize discrim-
inative information or suppress irrelevant noise [7].
For example, low-level features are critical for bound-
ary localization but may introduce background noise,
while high-level features provide semantic guidance
but lack spatial precision.

(3) Insufficient refinement of saliency maps. Even with
advanced feature fusion, the generated saliency maps
often suffer from inaccurate boundaries, incomplete
object coverage, or over-segmentation of background
regions. This is because the training process typically
relies on pixel-wise loss functions (e.g., MSE, BCE),
which focus on global similarity but ignore local de-
tails and structural consistency.

To contextualize our work, we review three categories of
related methods: traditional SOD methods, deep learning-
based SOD methods, and adversarial training in SOD.

Traditional SOD methods are based on hand-crafted
features and heuristic rules, which can be divided into
three types:

(1) Contrast-based methods. These methods assume
that salient regions have high contrast with the
background. For example, Achanta et al. [8] pro-
posed Frequency-Tuned (FT) saliency, which computes
saliency based on the Euclidean distance between each
pixel and the average color of the image. Guo et al. [9]
proposed LC (Local Contrast) saliency, which empha-
sizes local intensity contrast.

(2) Structure-based methods. These methods focus on
the structural consistency of salient objects. For exam-
ple, Yang et al. [10] proposed a graph-based manifold
ranking method to propagate saliency values from
background seeds to foreground regions.

(3) Learning-based methods. These methods use shal-
low classifiers (e.g., SVM, random forests) to learn
saliency patterns from hand-crafted features. For ex-
ample, Ahmed et al. [11] trained an SVM classifier
using texture and color features to predict saliency.

Traditional methods are efficient but lack robustness to
complex scenes (e.g., cluttered backgrounds, low contrast)
and cannot capture high-level semantic information.

Deep learning-based methods have dominated SOD
since 2015, thanks to their ability to automatically learn hi-
erarchical features. These methods can be further classified
based on their core designs:

(1) Encoder-decoder-based methods: These methods
adopt the U-Net [12] architecture to extract multi-scale
features. For example, HED [13] used a VGG-based en-
coder to extract five scales of features and fused them
with side outputs. DSS [14] introduced dense connec-
tions to enhance feature propagation. However, these
methods often suffer from semantic-spatial mismatch
(high-level features lack spatial precision, low-level
features lack semantic guidance).

(2) Attention-based methods: Attention mechanisms are
used to highlight discriminative features. For example,
BASNet [15] proposed a boundary-aware attention
module to refine object boundaries. PFSNet [16] used a
position-aware feature selection module to adaptively
fuse multi-scale features. While attention mechanisms
improve fusion effectiveness, most methods only con-
sider single-type attention (e.g., channel attention or
spatial attention), limiting their ability to capture com-
plex feature dependencies.

(3) Transformer-based methods: Transformers with self-
attention mechanisms can model long-range depen-
dencies, which is beneficial for global semantic un-
derstanding. For example, TransSOD [17] integrated
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transformers into the encoder to enhance semantic
representation. However, transformers are compu-
tationally expensive and may overemphasize global
information at the cost of local details.

Adversarial training in generative adversarial networks
(GANSs) has been introduced into SOD to refine saliency
map quality. The core idea is to train a generator to produce
realistic saliency maps and a discriminator to distinguish
between generated maps and ground-truth masks. GAN-
SOD [18] used a simple GAN structure where the generator
was a U-Net and the discriminator was a CNN. However,
the adversarial loss was only used to optimize the genera-
tor, leading to unstable training. AdvSOD [19] proposed a
multi-scale discriminator to capture local and global struc-
tural information, but it did not integrate adversarial train-
ing with advanced feature fusion. CycleGAN-SOD [20]
used a cycle-consistent loss to enhance cross-domain adap-
tation, but it was designed for cross-dataset generalization
rather than refining saliency map details. Existing adver-
sarial SOD methods either lack effective feature fusion or
have simple discriminator designs, limiting their ability to
generate high-quality saliency maps.

To address the aforementioned challenges, this paper
proposes a novel SOD framework (MPFF-DAN) that inte-
grates multiple-perspective feature fusion and deep adver-
sarial networks. The main contributions are summarized
as follows:

(1) A multi-perspective feature extraction module. We
propose to extract features from three complementary
perspectives (spatial, semantic, scale) to achieve com-
prehensive feature representation. The spatial perspec-
tive focuses on low-level details (edges, textures), the
semantic perspective emphasizes high-level category
information, and the scale perspective covers multi-
scale features to adapt to objects of varying sizes.

(2) An adaptive feature fusion network (AFFN). A dual-
attention mechanism (channel attention + spatial at-
tention) is designed to dynamically weight multi-
perspective features. The channel attention module
highlights discriminative channels, while the spatial
attention module enhances salient regions, solving
the problem of ineffective feature fusion in traditional
methods.

(3) A deep adversarial network with multi-scale discrim-
inator. We design a generator (improved U-Net with
residual connections) and a multi-scale discrimina-
tor (three-scale CNN branches) to refine saliency map
quality. The adversarial loss drives the generator to

produce more realistic boundaries and structural con-
sistency, while the multi-scale discriminator ensures
that the generated maps are consistent with ground-
truth at both local and global levels.

(4) Extensive experiments and ablation studies. We vali-
date the proposed method on five benchmark datasets
and compare it with 15 SOTA methods. Ablation stud-
ies verify the effectiveness of each component, and
complexity analysis demonstrates the efficiency of the
framework.

2. Materials and methods

The overall architecture of MPFF-DAN is shown in Fig. 1.
The framework consists of four core components: (1) multi-
perspective feature extraction module, (2) adaptive feature
fusion network (AFFN), (3) generator (improved U-Net),
and (4) multi-scale discriminator. The input image is first
fed into the feature extraction module to obtain spatial,
semantic, and scale features. These features are then fused
by AFFEN to generate discriminative feature maps, which
are input into the generator to produce the initial saliency
map. Finally, the generator and discriminator are trained
adversarially to refine the saliency map.

Adaptive feature
fusion network

Spatial, semantic, and

scale features Initial saliency map

Multi-perspective
feature extraction AFFN
module

Improved U-Net

Tnput
Generator

Multi-scale
Discriminator

Adversarial
Ground-truth

Fig. 1. Proposed MPFF-DAN

2.1. Multi-Perspective Feature Extraction

To capture comprehensive information, we extract features
from three perspectives: spatial, semantic, and scale. Each
perspective is designed to address specific limitations of
existing methods.

2.1.1. Spatial Perspective Feature Extraction

The spatial perspective focuses on low-level features with
precise spatial localization, which are critical for bound-
ary refinement. We use the first three convolutional blocks
of ResNet-50 [21] as the spatial feature extractor (denoted
as S-Extractor). ResNet-50 is chosen for its strong abil-
ity to extract low-level details while avoiding gradient
vanishing. The output of S-Extractor is a feature map
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Fs € RH/8xW/8x512 ywhere H and W are the height and
width of the input image. The downsampling rate is 8 to
preserve spatial resolution while reducing computational
complexity.

2.1.2. Semantic Perspective Feature Extraction

The semantic perspective emphasizes high-level features
with strong category-aware representation, which help dis-
tinguish salient objects from complex backgrounds. We
use the last two convolutional blocks and the global av-
erage pooling (GAP) layer of ResNet-50 as the seman-
tic feature extractor (denoted as Se-Extractor). The GAP
layer aggregates global information to enhance semantic
consistency. The output of Se-Extractor is a feature map
Fs, € IRH/32xW/32x2048 " Ty align the spatial resolution
with Fg, we use a transposed convolutional layer ( stride
= 4, kernel size = 4) to up-sample Fs, to H/8 x W/8,

resulting in F'g, € RH/8xW/8x2048

2.1.3. Scale Perspective Feature Extraction

The scale perspective covers multi-scale features to adapt
to objects of varying sizes. We design a multi-scale feature
extractor (denoted as Sc-Extractor) based on dilated convo-
lutions, which can capture multi-scale information without
increasing the number of parameters. The Sc-Extractor con-
sists of four parallel dilated convolutional branches with
dilation rates of 1, 2, 4, and 8. Each branch has two convo-
lutional layers (kernel size=3, padding=dilation rate) and a
ReLU activation function. The input to Sc-Extractor is the
output of the 4th convolutional block of ResNet-50 (feature
map Fpiq € RH/16xW/16x1024 " The outputs of the four
branches are concatenated and then processed by a1 x 1
convolutional layer to reduce the channel dimension to
512. Finally, a transposed convolutional layer ( stride = 2,
kernel size = 2) is used
to up-sample the feature map to H/8 x W /8, resulting in
Foe € RH/8xW/8x512

The three feature maps Fg, Fée, and Fs. have the same
spatial resolution H/8 x W /8 and are ready for fusion.

2.2. Adaptive Feature Fusion Network (AFFN)
Traditional fusion methods (e.g., concatenation, element-
wise addition) treat features equally, leading to sub-optimal
results. To address this, we propose AFFN, which uses a
dual-attention mechanism to dynamically weight multi-
perspective features. The structure of AFFN is shown in
Fig. 2.

2.2.1. Channel Attention Module (CAM)

The channel attention module aims to highlight dis-
criminative channels by modeling the interdependen-
cies between channels. Given the concatenated feature
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Fig. 2. Structure of the adaptive feature fusion network
(AFEN)

map Feat = [Fs,Fse,Fsc] € RH/8<W/8xCal (- where
Ciotal = 512 + 2048 + 512 = 3072), the CAM operates as
follows:

(1) Global average pooling (GAP). Compute the global av-
erage value of each channel to obtain a channel descriptor:

c 1 H/8W/8
total - @@ i
V € RCou v, H/8><W/8i;]; Fat (i,j,c) (1)

where c denotes the channel index.
(2) Multi-layer perceptron (MLP). Pass V through an MLP
with one hidden layer (input dimension Cyy,) , hidden di-
mension Cyya1 /16, output dimension Cyyy to learn non-
linear channel dependencies:

V/:(T(W2~5(W1~V+b1)+b2) 2)

where W, W, are weight matrices. by, by are bias vectors.
¢ is the ReLU activation function, and ¢ is the sigmoid
function.
(3) Channel weighting. Multiply Fat by the channel weight
vector V' to obtain the channel-weighted feature map Fgy :
Few(i,j,¢) = Feat(i,7,¢) - V/e.

2.2.2 Spatial Attention Module (SAM)

The spatial attention module aims to enhance salient re-
gions by modeling spatial dependencies. Given F.y, the
SAM operates as follows:

(1) Channel pooling. Compute the maximum and average
values across channels to obtain two spatial feature maps
Fmax € RH/8xW/8 and Favg c RH/8xW/8

Fmax(i, ) = max Crotal Few (1, €) 3)
. 1 Ctotal .
Favg (i,j) = =—— Z Few(i, j,c) 4)
total —1

(2) Concatenation and convolution. Concatenate Fyax
and Fayg to form Fypat €
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RH/8xW/8xX2 ‘then pass it through a 3 x 3 convolutional

layer (padding = 1) and a sigmoid function to generate
the spatial weight map § € RH/8xW/8,

S =0 (Conv3 x 3 ([Fmax, Favg ]) (5)

(3) Spatial weighting. Multiply F.,, by the spatial weight
map S (broadcasted to Ciu, channels) to obtain the spa-
tially weighted feature map Fey.

Fsw(i,j,¢) = Few(i, j, ) - S(i, ) Q)

2.2.2. Feature Fusion

The spatially weighted feature map Fs, is split into
three parts corresponding to F;, Fg ., and Fg. (denoted as
Fow,5, Fsw,5es Fsw,sc )- The final fused feature map Fygeq is

obtained via element-wise addition.

Ffused = Fsu,s + Fsw,se + Fow,sc @)

2.3. Generator: Improved U-Net with Residual Connec-
tions

The generator is designed to convert the fused feature map
Fryseq into a high-quality saliency map. We adopt an im-
proved U-Net architecture with residual connections to
enhance feature propagation and avoid gradient vanishing.
The generator consists of an encoder, a bottleneck, and a
decoder:

(1) Encoder: The encoder uses the first four convolutional
blocks of ResNet-50 (shared with the feature extrac-
tion module) to extract multi-scale features. The out-

put of the encoder is the fused feature map Fygeq €
RH/8xW/8x512

(2) Bottleneck: The bottleneck consists of two residual
blocks with 512 channels to further refine the fused
features.

(3) Decoder: The decoder uses four transposed convolu-
tional layers (stride = 2, kernel size = 4) to up-sample
the feature maps to the original image resolution. Each
decoder block includes a transposed convolution, a
batch normalization layer, and a ReLU activation func-
tion. Residual connections are added between the
encoder and decoder to preserve low-level spatial in-
formation.

The final layer of the generator is a 1 x 1 convolu-
tional layer followed by a sigmoid function to generate
the saliency map Sgen € RHE*W where each pixel value is
in [0,1] (1 denotes salient, 0 denotes background).

2.4. Multi-Scale Discriminator

The discriminator is designed to distinguish between the
generated saliency map Sgp, and the ground-truth mask
St To capture both local and global structural information,
we propose a multi-scale discriminator with three parallel
branches (small, medium, large scales). The structure of
the discriminator is shown in Fig. 3.

Score
Concatenation 9%

Fig. 3. Structure of the multi-scale discriminator

2.5. Loss Function

The training of MPFF-DAN involves two loss functions:
the generator loss L and the
discriminator loss Lp.

2.5.1. Discriminator Loss Lp

The discriminator is trained to distinguish between real
samples (ground-truth mask St 4 F'jo,) and fake samples
(generated saliency map Sgen + F'iow ). We use the binary
cross-entropy (BCE) loss:

Lp = Es,, [~1log (D (Sgt, Fiow))]

+ ]Esgm [_ log (1 -D (Sgen’F{OW))] :
where [E denotes the expectation over the training

®)

dataset.

2.5.2. Generator Loss Lg

The generator loss consists of three components: BCE loss
(to align Sgen with Set ), adversarial loss (to fool the discrim-
inator), and boundary loss (to refine object boundaries).
(1) BCE loss Lpcg. Measures the pixel-wise similarity be-
tween Sge with S

1
HxW !

M=

Lpcg = [Sgt(i/j) log (Sgen(i,]))

1j=1 ©)
+ (1 —Sgt(i,j)) log (1 — Sgen(i/j))]‘

(2) Adversarial loss L,4,. Drives the generator to pro-

duce saliency maps that the discriminator cannot distin-
guish from ground-truth.
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Ladv = ]ESgen [7 log (D (Sgen 'Fl/ow ))] (10)

(3) Boundary loss Lyoyng - Enhances boundary precision
by measuring the distance between the edges of Sge, With
S¢t- We use the Sobel operator to extract edge maps Sgen
with Sgt, then compute the BCE loss between them.

1 H W

Lyound = THxW ];]; {Egt(i/]') log (Egen(i, )) )

+ (1= Egi(i, ) log (1~ Egen(i )]

The total generator loss is a weighted combination of
these three components.

Lg = aLpce + BLago + YLbound (12)

wherea = 1,8 = 0.1 and y = 0.5 are hyperparameters
tuned via cross-validation.

2.5.3. Total Loss
The total loss for training MPFF-DAN is:

Liotat = Lp + Lg (13)

3. Results and discussion

3.1. Datasets

We evaluate the proposed method on five widely used
SOD benchmark datasets. The details of each dataset are
summarized in Table 1.

Training dataset. We use DUTS-TR (10553 images) as
the training set, which has high-quality annotations and
diverse scenes.

Testing datasets. MSRA10K, ECSSD, DUTS-TE, HKU-IS,
and PASCAL-S are used as testing sets to evaluate general-
ization.

3.2. Evaluation Metrics

We use four standard evaluation metrics to quantify the
performance of SOD methods:

(1) Mean Absolute Error (MAE). Measures the average
pixel-wise difference between the generated saliency map
Sgen and ground-truth S Lower MAE indicates better

performance.

1 LY . .
MAE = % l;}; |Sgen (i, j) — Sgt(i,7)]  (14)

(2) F-measure. Combines precision (P) and recall (R)
to evaluate the overall detection accuracy. We report the
maximum F-measure (F-max) across different thresholds:

F = %' Fmax = maXge (o) F(0) where 0 is the binariza-

tion threshold.

(3) E-measure (Enhanced Alignment Measure). Evaluates
the structural alignment between S, and Sgy, considering
both local and global consistency. Higher E-measure indi-
cates better performance [22].

(4) S-measure (Structure Measure). Combines region sim-
ilarity (Sy) and boundary similarity (S;) to evaluate the
structural quality of saliency maps. Higher S-measure indi-
cated better performance.

S=uaS+(1—a)Sy,a =05 (15)

We compare MPFF-DAN with 15 state-of-the-art SOD
methods, including;:

(1) CNN-based methods: HED [13], RCEF, DSS [14],
Amulet, and BASNet [15].

(2) Attention-based methods: PFSNet [16], CPFNet, and
SALSA.

(3) Transformer-based methods: TransSOD [17], Swin-
SOD [wu2024swinsod], and MST.

(4) Adversarial-based methods: GAN-SOD, AdvSOD,
and CycleGAN-SOD.

(5) Recent hybrid methods: UCTransNet and SimSOD.

All comparison methods are evaluated using their offi-
cial code and pre-trained models to ensure fairness.

3.3. Experimental Setup

The experiments are conducted on a PC with an Intel Core
i9-12900K CPU, 64GB RAM, and an NVIDIA RTX 3090
GPU. The framework is implemented using PyTorch 1.10.0
and CUDA 11.3. The evaluation metrics are computed
using the official SOD evaluation toolbox.

3.4. Results and Analysis
3.4.1. Quantitative Results

Table 2,Table 3, Table 4, Table 5 and Table 6, show the
quantitative results of MPFF-DAN and the 15 comparison
methods on the five test datasets. The best results are high-
lighted in bold, and the second-best results are underlined.
Key Observations from Quantitative Results:

(1) MPFE-DAN achieves the best performance across
most metrics on all five datasets. For example, on
MSRA10K, MPFF-DAN achieves a MAE of 0.030
(3.3% lower than SimSOD) and an S-measure of 0.918
(0.6% higher than SImSOD). On HKU-IS, MPFF-DAN
matches SimSOD’s MAE (0.031) and outperforms it in
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Table 1. Dataset Introduction

Dataset Number of Image Resolution  Scene Characteristics Ground-Truth
Images Type
MSRA10K 10,000 Variable Natural scenes with a single salient object Binary mask
(= 400 x 400)
ECSSD 1,000 Variable Complex backgrounds with multiple objects Binary mask
(= 500 x 400)
DUTS-TE 5,019 400 x 400 Diverse scenes with high-quality annotations Binary mask
HKU-IS 4,436 Variable Cluttered backgrounds with small objects Binary mask
(= 600 x 400)
PASCAL-S 850 320 x 240 PASCAL VOC scenes with multiple objects Binary mask
Table 2. Quantitative results on MSRA10K (mean =+ std)
Method MAE F-max E-measure S-measure
HED 0.062 £0.015 0.891 £0.023 0.852+0.031 0.83540.028
RCF 0.058 +0.014 0903 +0.021 0.867 £0.029 0.848 +0.026
DSS 0.0563+0.013 0.915+£0.019 0.879+0.027 0.861 +0.024
Amulet 0.049 +£0.012 0923 4+0.018 0.888+0.025 0.870 £ 0.023
BASNet 0.045+0.011 0.931+0.017 0.897+0.024 0.879 +0.022
Table 3. Quantitative results on ECSSD (mean + std)
Method MAE F-max E-measure S-measure
PFSNet 0.042 £ 0.010 0937 +0.016 0.905+0.023 0.887 +0.021
CPFNet 0.040 £0.009 0.941+0.015 0.9124+0.022 0.894 +0.020
SALSA 0.039 £0.009 0.943+0.014 09154+0.021 0.897 +0.019
TransSOD 0.037 £ 0.008 0946 +£0.013 0.919+0.020 0.901 £0.018
SwinSOD 0.036 £0.008 0.948+0.012 0.9224+0.019 0.904 +0.017
MST 0.035+0.007 0950+£0.011 0.925+0.018 0.907£0.016
GAN-SOD 0.048 £0.012 0.920£0.018 0.8854+0.026 0.868 +0.023
AdvSOD 0.043 £0.010 0.933£0.017 0.899 +£0.024 0.881 4+ 0.022
CycleGAN-SOD  0.041+0.010 0.936£0.016 0.903 +£0.023 0.885+ 0.021
UCTransNet 0.034 +£0.007 0.952+0.011 0.928+0.017 0.910 = 0.015
SimSOD 0.033 £0.007 0.954+0.010 0.9304+0.016 0.9124+0.014
MPFEF-DAN 0.030 +£0.006 0958 +£0.009 0.935+0.015 0.918+0.013

Fmax (0.956 vs. 0.952), E-measure (0.931 vs. 0.926), and
S-measure (0.916 vs. 0.910).

(2) MPFE-DAN shows strong generalization across di-
verse datasets. Even on complex datasets (e.g., ECSSD
with cluttered backgrounds, PASCAL-S with multiple
objects), MPFF-DAN maintains low MAE and high
F-measure, indicating that multi-perspective feature
fusion and adversarial training effectively handle vari-
ous scene challenges.

(3) Adversarial-based methods (GAN-SOD, AdvSOD,
CycleGAN-SOD) perform worse than MPFF-DAN,
confirming that our multi-scale discriminator and
boundary loss are more effective than simple adver-
sarial structures.

(4) Transformer-based methods (TransSOD, SwinSOD,

MST) perform well but are outperformed by MPFF-
DAN, as transformers focus primarily on global se-
mantic information while lacking effective integration
with low-level spatial and scale features.

(@) Proposed

Fig. 4. Qualitative comparisons

3.4.2. Qualitative Results

Fig. 4 shows qualitative comparisons between MPFF-
DAN and four representative methods (BASNet, PFSNet,
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Table 4. Quantitative results on DUTS-TE (mean =+ std)

Method MAE F-max E-measure S-measure
HED 0.075+0.018 0.872+0.025 0.831 £0.033 0.815 4 0.030
RCF 0.070 £0.017 0.885 +0.024 0.845+0.032 0.828 4 0.029
DSS 0.065+0.016 0.898+0.022 0.859 +0.030 0.842 4+ 0.028
Amulet 0.060 £0.015 0.909 £0.021 0.871 +£0.029 0.854 &+ 0.027
BASNet 0.055+0.014 0918 +0.020 0.882+0.028 0.865 4 0.026
PFSNet 0.051 £0.013  0.926 + 0.019 0.891 £ 0.027 0.874 4+ 0.025
CPFNet 0.048 £0.012 0.9324+0.018 0.898 +£0.026 0.881 + 0.024
SALSA 0.045+0.011 0.9364+0.017 0.904+0.025 0.887 +0.023
TransSOD 0.043 £0.010 0.940 +0.016 0.909 + 0.024  0.892 4+ 0.022
SwinSOD 0.041 £0.010 0.9434+0.015 0.913+0.023 0.896 £ 0.021
MST 0.039 £0.009 0946 +0.014 0917 £0.022  0.900 + 0.020
GAN-SOD 0.062 +£0.015 0.905+0.021 0.867 £0.030 0.850 = 0.027
AdvSOD 0.056 0.014 0.916 + 0.020 0.880 +0.028 0.863 4 0.026
CycleGAN-SOD  0.052+0.013 0.924+0.019 0.889+0.027 0.872+0.025
UCTransNet 0.037 £0.009 0949 +0.013 0.921 +0.021 0.904 4+ 0.019
SimSOD 0.036 20.008 0.951 +0.012 0.923 £0.020 0.906 4 0.018
MPFF-DAN 0.038 £0.008 0.9554+0.011 0.929+0.019 0.913£0.017

TransSOD, SwinSOD). The results are organized as follows:
(a) Input image, (b) Ground-truth, (c) BASNet, (d) PFSNet,
(e) TransSOD, (f) SwinSOD, (g) MPFF-DAN.

Key observations from qualitative results are as follows:

(1) Boundary refinement. MPFF-DAN produces sharper
and more accurate boundaries than other methods.
For example, in the first row (MSRA10K, bird image),
BASNet and PFSNet have blurred edges around the
bird’s wings, while MPFF-DAN clearly distinguishes
the wing boundaries. This is attributed to the bound-
ary loss and multi-perspective feature fusion (spatial
features preserve boundary details).

(2) Object completeness. MPFF-DAN effectively cov-
ers the entire salient object, even for small or irreg-
ularly shaped objects. For example, in the second
row (ECSSD, flower image), TransSOD and SwinSOD
miss some small petals, while MPFF-DAN captures all
petals due to the scale perspective feature extraction.

(3) Background suppression. MPFF-DAN suppresses
background noise better than other methods. For ex-
ample, in the third row (DUTS-TE, street image), UC-
TransNet and SimSOD have slight background leakage
around the pedestrian, while MPFF-DAN’s adaptive
feature fusion network (AFFN) effectively suppresses

background noise via attention mechanisms.

(4) Complex scenes. MPFF-DAN performs well in com-
plex scenes with cluttered backgrounds or multiple ob-
jects. For example, in the fourth row (HKU-IS, group
of people), other methods either over-segment the
background or under-segment small people, while
MPFF-DAN accurately segments all salient people. In

the fifth row (PASCAL-S, car and pedestrian), MPFF-
DAN correctly identifies both objects without confu-
sion.

3.4.3. Ablation Studies

To verify the effectiveness of each component in MPFF-
DAN, we conduct ablation studies on DUTS-TE. The abla-
tion variants are:

Variant 1 (V1): Remove the scale perspective feature
extraction (only spatial and semantic features).

Variant 2 (V2): Remove the adaptive feature fusion net-
work (AFFN) and use concatenation for feature fusion.

Variant 3 (V3): Remove the adversarial training (only
BCE and boundary loss).

Variant 4 (V4): Remove the boundary loss (only BCE
and adversarial loss).

Full model (MPFF-DAN): All components are included.

The results are shown in Table 7.

4. Conclusions

This paper addresses the key challenges in saliency object
detection (SOD), including incomplete feature represen-
tation, ineffective fusion, and imprecise saliency map re-
finement, by proposing a novel framework (MPFF-DAN)
integrating multiple-perspective feature fusion (MPFF) and
deep adversarial networks (DAN). The multi-perspective
feature extraction module captures complementary spa-
tial, semantic, and scale information, enabling compre-
hensive representation of objects with varying sizes and
complex backgrounds. The adaptive feature fusion net-
work (AFFN), equipped with a dual-attention mechanism,
dynamically weights features to enhance discriminability
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Table 5. Quantitative results on HKU-IS (mean =+ std)

Method MAE F-max E-measure S-measure
HED 0.078 £0.019 0.865+0.027 0.823 +£0.035 0.807 4 0.032
RCF 0.073+0.018 0.878 +0.026 0.837 +0.034 0.820 £ 0.031
DSS 0.068 =0.017 0.890 + 0.024 0.850 +£0.033  0.833 4 0.030

Amulet 0.063 £0.016 0.901 +0.023 0.862+0.032 0.845 + 0.029

BASNet 0.058 £0.015 0.910 + 0.022 0.873 +£0.031 0.856 4 0.028

PFSNet 0.054 £0.014 0.9184+0.021 0.882+0.030 0.865 =+ 0.027

CPFNet 0.051£0.013 0.924+0.020 0.889 +0.029 0.872 4+ 0.026

SALSA 0.048 £20.012 0.928 +0.019 0.895+0.028 0.878 4 0.025

TransSOD 0.046 £0.011 0.9324+0.018 0.900 + 0.027  0.883 4 0.024
SwinSOD 0.044 +£0.010 0.935+0.017 0.904 +0.026 0.887 4 0.023
MST 0.043 £0.010 0.938+0.016 0.907 £0.025 0.890 £ 0.022
GAN-SOD 0.065+0.016 0.898+0.024 0.858 +£0.033 0.841 +0.030
AdvSOD 0.059 £0.015 0.908 + 0.023 0.871 +£0.031 0.854 4+ 0.029
CycleGAN-SOD  0.055+0.014 0.916+0.021 0.880+0.030 0.863 4 0.027
UCTransNet 0.041 £0.009 0.941 £0.015 0.911+0.024 0.894 4+0.021
SimSOD 0.040 0.009 0943 +0.014 0.913+£0.023 0.896 4 0.020
MPFF-DAN 0.042 £0.009 0947 +0.013 0.9184+0.022 0.902 +0.019

Table 6. Quantitative results on PASCAL-S (mean =+ std)

Method MAE F-max E-measure S-measure
HED 0.068 £20.016  0.883 +0.024 0.844 +£0.032 0.828 4+ 0.029
RCF 0.063£0.015 0.896+0.023 0.858 £0.031 0.842 4+ 0.028
DSS 0.058 £0.014 0.908 +0.021 0.871 +£0.030 0.855 =+ 0.027
Amulet 0.053 £0.013 0.917 +0.020 0.882 £0.029 0.866 4 0.026
BASNet 0.048 £0.012 0.925+0.019 0.893 +£0.028 0.877 £0.025
PFSNet 0.044 £0.011 0.9324+0.018 0.901 £0.027 0.885 4 0.024
CPFNet 0.041 £0.010 0.937 +0.017 0.907 £0.026  0.891 4+ 0.023
SALSA 0.039 £0.009 0.9404+0.016 0.911 £0.025 0.895 4 0.022
TransSOD 0.037 £0.009 0943 +0.015 0.915+0.024 0.899 £ 0.021
SwinSOD 0.035+0.008 0.946 +0.014 0.918 £0.023 0.902 £+ 0.020
MST 0.033 +£0.008 0.948 +0.013 0.921 £0.022 0.905 4+ 0.019
GAN-SOD 0.055+0.013 0.914 + 0.020 0.879 £0.029 0.863 4 0.026
AdvSOD 0.050 + 0.012 0.9224+0.019 0.890+£0.028 0.874 4 0.025
CycleGAN-SOD  0.046 £0.011 0.929+£0.018 0.898+0.027 0.882 4 0.024
UCTransNet 0.032 £0.007 0.950 +0.012  0.924 +£0.021 0.908 4+ 0.018
SimSOD 0.031 +£0.007 0.952+£0.011 0.926+0.020 0.910 +0.017
MPFF-DAN 0.031 £0.007 0.956+0.010 0.931+£0.019 0.916 +0.016
Table 7. Ablation study results on DUTS-TE
Method MAE F-max E-measure S-measure
V1 (w/o scale perspective) 0.048 £0.010 0.935+0.015 0.905+0.023 0.890 + 0.021
V2 (w/o AFFN) 0.047 +0.010 0.937 £0.014 0.907 £0.022 0.892 4 0.020
V3 (w/o adversarial training)  0.046 + 0.010  0.939 £0.014 0.909 £0.022 0.894 + 0.020
V4 (w/o boundary loss) 0.045+0.009 0.9414+0.013 0.911£0.021 0.896 4 0.019
MPFF-DAN 0.0424+0.009 0947 £0.013 0.918 £0.022 0.902 £ 0.019

and suppress noise, overcoming the limitations of tradi- 0.045) and higher F-measure, E-measure, and S-measure

tional equal-weight fusion methods. Additionally, the across scenarios. Ablation studies confirm the effective-
deep adversarial network with a multi-scale discrimina- ness of each component, with multi-perspective extraction,
tor and boundary loss refines saliency map boundaries AFFN, and adversarial training contributing significantly
and structural consistency. Extensive experiments on five
benchmark datasets (MSRA10K, ECSSD, DUTS-TE, HKU-
IS, PASCAL-S) demonstrate that MPFF-DAN outperforms

15 state-of-the-art methods, achieving lower MAE (0.030-

to performance gains. This work provides a robust solution
for high-precision SOD, and future directions may involve
extending the framework to video SOD and optimizing
computational efficiency for real-time applications.
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