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Abstract

Multi-modal salient object detection (SOD) through the in-
tegration of additional data such as depth or thermal infor-
mation has become a significant task in computer vision
during recent years. Traditionally, the challenges of identi-
fying salient objects in RGB, RGB-D (Depth), and RGB-
T (Thermal) images are tackled separately. However, with-
out intricate cross-modal fusion strategies, such approaches
struggle to effectively integrate multi-modal information, of-
ten resulting in poorly defined object edges or overconfident
inaccurate predictions. Recent studies have shown that de-
signing a unified end-to-end framework to handle all three
types of SOD tasks simultaneously is both necessary and dif-
ficult. To address this need, we propose a novel approach
that treats multi-modal SOD as a conditional mask genera-
tion task utilizing diffusion models. We introduce DiMSOD,
which enables the concurrent use of local (depth maps, ther-
mal maps) and global controls (original images) within a uni-
fied model for progressive denoising and refined prediction.
DiMSOD only requires fine-tuning newly introduced mod-
ules on a pretrained stable diffusion trained on RGB images,
which not only reduces fine-tuning costs for practical applica-
tions but also enhances the integration of multi-modal condi-
tional controls. Specifically, we have developed modules in-
cluding SOD-ControlNet, Feature Adaptive Network (FAN),
and Feature Injection Attention Network (FIAN) to enhance
the model’s performance. Extensive experiments demonstrate
that DiMSOD efficiently detects salient objects across RGB,
RGB-D, and RGB-T datasets, achieving superior perfor-
mance compared to previous well-established methods.

Introduction

Salient Object Detection (SOD) aims to accurately detect
and locate the most salient objects in a given image, mimick-
ing the human visual perception system (Gao et al. 2023b).
It serves as an essential preliminary step for numerous
other computer vision applications, including object detec-
tion (Cheng et al. 2023), visual tracking (Li et al. 2023),
image segmentation (Chen et al. 2024), and quality assess-
ment (Zhai and Min 2020). Despite the recent progress in
SOD (Cai et al. 2024), most of these approaches primar-
ily focus on processing individual RGB images. Moreover,
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achieving accurate SOD results in challenging background
and complex scenes remains difficult. In recent years, exten-
sive use of depth cameras and infrared imaging devices have
shown that the depth and thermal data gathered can signifi-
cantly improve the performance of salient object detection.
Nevertheless, the task of effectively combining multi-modal
complementary information without overestimating point
estimates remains a considerable challenge, and it greatly
influences the achievement of robust detection performance.
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Figure 1: (a) The current discriminative paradigm feeds im-
ages into the network for one-way prediction, producing a
deterministic segmentation mask. (b) In contrast, we pro-
pose a novel generative paradigm that reformulates multi-
modal SOD as a forward-and-reverse diffusion process.

Currently, benefiting from the advancements of deep neu-
ral networks, SOD methods have evolved from designing
ingenious low-level features (Jian and Yu 2023) to learn-
ing high-level models. By incorporating the advantages of
dense feature interaction, diverse attention module (Gu et al.
2023), and multi-task learning pipeline (Zong et al. 2023),
deep learning-based methods have emerged as a promis-
ing technology for the SOD task. However, existing deep
learning-based methods only focus on one specific type of
input data. Considering the detection needs of RGB, RGB-D
and RGB-T data, it is essential to develop a unified and com-
prehensive method to accommodate different data types. In
response, a few recent studies (Gao et al. 2021; Luo et al.
2024; Wang et al. 2024) have focused on this direction. Al-
though these methods have paved the way for the much-
needed unified approach to multi-modal salient object de-
tection, they still struggle to achieve precise localization and



segmentation in complex scenarios. This limitation arises
from their adherence to the paradigm illustrated in Fig. 1
(a), where a deterministic discriminative network solution
generates a single output for a given input image and lacks
adaptable cross-modal fusion strategies. As a result, they fail
to effectively integrate multi-modal complementary infor-
mation while avoiding overconfident incorrect predictions.
Considering the unique challenges of multi-modal SOD,
we propose adopting a generative paradigm based on dif-
fusion models. As illustrated in Fig. 1 (b), we reformulate
the multi-modal SOD task into a generative process, train-
ing the model to produce salient object masks by construct-
ing a conditional noise-to-mask paradigm. Diffusion mod-
els (Ho, Jain, and Abbeel 2020a) have recently shown excep-
tional efficacy in generative modeling, particularly in con-
ditional generation tasks (Dhariwal and Nichol 2021). Their
inherent iterative denoising mechanism replaces the need for
complex refinement modules in popular multi-modal SOD
models, allowing for gradual distinction between salient ob-
ject boundaries and background context. The random sam-
pling process enables the generation and evaluation of mul-
tiple predictions, which further reduces the risk of the model
making overconfident and erroneous estimations. The in-
tegration of ControlNet (Zhang, Rao, and Agrawala 2023)
with diffusion models introduces cross-modal information,
thereby providing better guidance for the denoising pro-
cess. However, applying diffusion models and ControlNet to
multi-modal SOD directly still faces several shortcomings,
including limited discriminative ability, sparse features, in-
adequate mask refinement, high fine-tuning costs, and rel-
atively unstable controllability. To address these, we have
tailored our method, DiMSOD, which leverages the denois-
ing process of diffusion models to progressively correct the
discrepancies between the initial noise and the ground truth.
Depth maps and thermal maps are utilized as local auxiliary
control conditions, while the image itself serves as a global
auxiliary control condition. We have also improved upon
ControlNet and proposed SOD-ControlNet, embedding our
proposed Feature Adaptive Network (FAN) into the Control-
Net and altering the method of conditional injection. By em-
ploying a multi-scale conditional injection strategy, we in-
ject the introduced cross-modal complementary information
from depth maps and thermal maps into all resolutions. This
significantly enhances the expressive power of DIMSOD, re-
duces the model size and fine-tuning costs, and improves
the accuracy of salient objects detection. Furthermore, to ef-
fectively bridge the gap between the diffusion noise embed-
dings and the conditional semantic features when integrating
global image control into the model, we designed a Feature
Injection Attention Network (FIAN). This network enhances
the denoising process by aggregating the conditional seman-
tic features of the image with the features from the diffusion
model encoder through an improved cross-attention module.
To summarize, our main contributions are as follows:

e We are the first to formulate the multi-modal SOD as
a generative denoising process and propose a diffusion-
based model, DIMSOD. It detects salient objects via a
noise-to-mask paradigm, using input images alone or
combined with complementary depth or thermal maps.
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* We introduce SOD-ControlNet, a module specifically de-
signed for multi-modal SOD. It integrates our proposed
Feature Adaptive Network (FAN), which injects comple-
mentary depth or thermal information at all resolutions,
avoids interference between different modalities, and en-
ables efficient adaptive cross-modal information fusion.

We have also designed a Feature Injection Attention Net-
work (FIAN) to facilitate the interaction between diffu-
sion noise embeddings and salient image semantic fea-
tures, thereby further integrating global guiding informa-
tion from the image to enhance the denoising process.

Related Work

SOD is a fundamental task in computer vision (Li et al.
2024; Xia et al. 2024). There are currently numerous meth-
ods focused on SOD for individual types of data, such as
RGB, RGB-D, or RGB-T (Pang et al. 2023; Lee et al. 2023;
Konwer et al. 2023). However, as solving multi-modal SOD
using one single model is a relatively novel field of study,
there are only a limited number of methods available cur-
rently, among which the most notable ones are MMNet (Gao
et al. 2021), LAFB (Wang et al. 2024), and VSCode (Luo
et al. 2024). In MMNet (Gao et al. 2021), a cross-modal
multi-stage fusion module (CMFM) is proposed, which con-
sists of two stages: feature response and adversarial com-
bination. This module explores the complementarity of in-
formation from different modalities. In LAFB (Wang et al.
2024), a novel adaptive fusion bank is introduced to fully
leverage the complementary advantages of a set of basic fu-
sion schemes, enabling the simultaneous handling of vari-
ous challenges for robust multi-modal SOD. VSCode (Luo
et al. 2024) utilizes visual saliency transformer as the foun-
dational model and incorporates 2D prompts and discrim-
ination loss within the encoder-decoder architecture. This
approach facilitates the learning of both domain and task-
specific knowledge, as well as critical shared knowledge.
Diffusion models (Cao et al. 2024) sample noisy images
using a forward Gaussian diffusion process and refine them
iteratively through a backward denoised process to generate
images. Diffusion models have demonstrated significant po-
tential across various practical fields, such as image super-
resolution (Gao et al. 2023a), image synthesis (Gu et al.
2022), image inpainting (Zhang et al. 2023), depth estima-
tion (Ke et al. 2023), medical image segmentation (Zhang,
Rao, and Agrawala 2023), and semantic segmentation (Ji
et al. 2023). Different from these works, we propose the first
diffusion-based model for multi-modal SOD. Moreover, our
proposed SOD-ControlNet, Feature Adaptive Network, and
Feature Injection Attention Network modules are perfectly
aligned with the specific requirements of multi-modal SOD,
effectively addressing unique challenges that other multi-
modal SOD approaches have been unable to overcome.

Method
Network Architecture

We have developed DiMSOD, a model built upon a pre-
trained text-to-image LDM, Stable Diffusion (SD) (Rom-
bach et al. 2022), which leverages the excellent image pri-
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Figure 2: Overview of the Architecture of DIMSOD. We encode the original image x using PVT, and the saliency map y
using the pre-trained Stable Diffusion latent encoder. After that, we fine-tune the U-Net by optimizing the self-diffusion noise
loss relative to the saliency latent code. The SOD-ControlNet with Feature Adaptive Network (FAN) is designed to efficiently
harness cross-modal information, such as depth maps and thermal maps, to control the precise generation of saliency masks. The
Feature Injection Attention Network (FIAN) is introduced to explicitly guide the diffusion process by facilitating interactions
between the diffusion information and image features, extracted from the PVT backbone. These interactions generate more
direct conditional semantic features, which play a crucial role in providing more nuanced guidance for the diffusion process.

ors obtained from LAION-5B (Schuhmann et al. 2022).
With minimal modifications to the model components, we
have converted it into a salient object detector fine-tuned
on RGB images. By further introducing our proposed ad-
ditional components along with depth and thermal informa-
tion, it is capable of achieving multi-modal salient object
detection. Fig. 2 provides an overview of the network archi-
tecture of DIMSOD. We introduced SOD-ControlNet with
a Feature Adaptive Network (FAN) to extract conditional
semantic features and cross-modality interaction features
from RGB images and depth maps or thermal maps, result-
ing in condition features rich in multi-scale details. More-
over, we developed a Feature Injection Attention Network
(FIAN) with a cross-attention mechanism to extract and uti-
lize salient information from global conditional semantic
features for guiding the denoising process. These modules
effectively integrate cross-modal information, bridging the
gap between diffusion and image features, and helping the
denoising network generate more precise object boundaries.
Saliency Encoder, Decoder and Feature Extractor. We
start by separately encoding the input image using a pyra-
mid vision transformer (Wang et al. 2021) backbone and the
associated saliency map using the pre-trained latent encoder.
To make the saliency map compatible with the model, we
expand it to three channels to mimic an RGB image. This
adjustment is essential because the latent encoder was orig-
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inally designed for 3-channel (RGB) inputs, whereas the
saliency map contains only a single channel. The saliency
maps can be reconstructed from encoded latent codes with-
out modifying the latent space or decoder. During inference,
the predicted saliency map is obtained by averaging the three
channels of the saliency latent code after it has been de-
coded at the end of the diffusion process. Our feature ex-
tractor is composed of a stack of convolutional layers and
SiLU activations, enabling the extraction of conditional fea-
tures at various resolutions. Batch Normalization (BN) com-
putes normalization statistics across all local controls within
a batch, which inevitably diminishes the unique characteris-
tics of each individual local control. While BN is well-suited
for cases involving relatively large mini-batches with uni-
form data distributions, it becomes less effective in multi-
modal SOD tasks. Because data distributions across differ-
ent modalities vary significantly, making batch-wide nor-
malization unsuitable for multi-modal scenarios. As the out-
puts produced by stable diffusion are largely determined by
the input image and its corresponding local control instance,
Instance Normalization (Ulyanov 2016) (IN) emerges as a
more appropriate choice. IN not only facilitates faster model
convergence but also ensures that the independence of each
local control instance is preserved. The Feature Adaptive
Network retrieves features from various modalities while
avoiding batch normalization interference in the learning



process. In addition, the feature extractor projects the extra
conditions into the corresponding latent spaces of different
encoding layers, thereby enhancing the alignment between
the local control features and diffusion noise features.

SOD-ControlNet. SD employs a U-Net-like (Ronneberger,
Fischer, and Brox 2015) architecture as its denoising model,
consisting primarily of an encoder, a middle block, and a de-
coder. Each encoder and decoder contains 12 corresponding
blocks. Inspired by ControlNet (Zhang, Rao, and Agrawala
2023), we introduced SOD-ControlNet, as depicted in Fig.
2. In this illustration, each SDEB and SDDB represents an
encoder block and a decoder block, respectively, while each
SDEC represents the copied versions of SDEB. The dia-
gram shows four blocks, each of which needs to be repeated
three times. Additionally, SDMB denotes the middle block,
and SDMC is the copied version of SDMB. For brevity, we
denote the output of the i-th block in SDEB and SDDB

as e; and d; . Similarly, ¢ denotes the output of the i-th
block in SDEC, while m and m' represent the output of
SDMB and SDMC, respectively. Due to the skip connec-
tions in the U-Net and the need to incorporate the local con-
trol information from the SOD-ControlNet during the de-
coding process, as shown in Fig. 2, we modify the input for
the first decoder block as concat(m + m’,e1s + Z(€}5)).
For subsequent ¢-th decoder blocks, the input is modified as
concat(d;—1,e; + Z(e;-)). Here, the sum of ¢ and j equals
13, which represents the total number of either encoder or
decoder blocks in the U-Net, along with the middle block.
Z represents a zero convolutional layer whose weights pro-
gressively increase from zero, gradually embedding salient
global and local control information into stable diffusion.

Our SOD-ControlNet differs from ControlNet in the way
it handles conditions. While ControlNet directly adds con-
ditions to the input noise and injects them into copied en-
coders, we employ a multi-scale condition injection strat-
egy, adapting the conditions to all resolutions before inject-
ing them into the copied encoders. Specifically, we begin by
extracting multi-resolution local conditional control features
(Depth or Thermal map) using a feature extractor. We then
select the first block from each resolution level (i.e., 64 x 64,
32 x 32,16 x 16, and 8 x 8) within the copied encoder (i.e.,
the SDEC in Fig. 2) for condition injection. Inspired by the
Feature Denormalization technique in SPADE (Park et al.
2019) , we develop the Feature Adaptive Network (FAN)
for the injection process. By substituting instance normal-
ization for batch normalization in the feature extractor, FAN
is able to learn features adaptively from various modalities,
thus eliminating the potential interference that batch nor-
malization may cause when learning features from different
modalities. Additionally, FAN can modulate the normaliza-
tion (i.e., Group Normalization) of the input self-diffusion
noise features using conditional features. As shown in Fig.

2, ny) represents self-diffusion noise features, with a reso-
lution of [, for simplicity, [ has been omitted from the nota-
tion. The h; denotes the features obtained from local condi-
tions ¢ (Depth map, Thermal map, RGB image) after passing
through the feature extractor, with a resolution of /. Learn-
able Depthwise Separable Convolution layers, consisting of
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Depthwise (DW) and Pointwise (PW) convolutions, are em-
ployed to map extra local condition features into spatially-
sensitive scale and shift modulation coefficients, enabling
dynamic and flexible adaptive feature modulation.
Multi-scale Attention Feature Fusion Network and Fea-
ture Injection Attention Network. For an RGB image
RHEXWX3 we use the Pyramid Vision Transformer (Wang
et al. 2021) as our visual backbone to extract the top three
high-level image features Zi(x), i € {1,2,3}, with resolu-
tions of £ x Y. where s € {8,16, 32}. These features are
combined using a trainable multi-scale feature fusion net-
work, as proposed in SeeCoder (Xu et al. 2024), which re-
sults in image features Z(*). Due to space limitations, please
refer to the attention module design in SeeCoder for more
detailed information, where we have adopted its simplified
version. To incorporate salient information and semantic de-
tails from the original input features during the denoising
process, we propose the Feature Injection Attention Net-
work (FIAN), which is integrated into the the UNet-based
denoising network. We use the multi-scale attention feature
Z(®) and the deepest diffusion feature e; from SDEB as in-
puts to FIAN. In detail, we utilize e;5 to generate the query
Q, key K, and the value V; by linear projection of a square
matrix. Similarly, we use Z(*) to generate the intermedi-
ary P and value V5. To reduce computational complexity
and perform information weighting and fusion, we do not
generate Q and K for Z(®)_ Instead, we use P as an inter-
mediary to connect with e;5. We define M; and M as the
intermediate results of the feature maps, and m as the final
KT
%)

)om = My x My x (Vi + Va).

SDMB output feature map, where M; = softmax (

KPT

M5 = softmax ( 7

Training

We formulate multi-modal SOD as a conditional denoising
diffusion generation task and train DiMSOD to fit the con-
ditional distribution D(y|x,c) over saliency y € R#*W,
where the global condition z is input image and the local
condition c is the corresponding depth map or thermal map.
In the forward process, which begins at yy := y from the
conditional distribution, Gaussian noise is gradually added
to the ground-truth y, at levels ¢ € {1,...,T} to obtain
noisy mapping y; as y: = +/auyo + /1 — az€, where
e~N(0,1),a; := szl 1—08s, and {B1, ..., Br} denotes
the variance schedule of a process with 7" steps. However,
during actual training, the sparsity of certain sparse ground
truth (GT) can easily lead to model training failures. To ad-
dress this issue, we first add noise to the GT, transforming it
into a form of random noise. We then apply a self-diffusion
method (Duan, Guo, and Zhu 2025) to process it. Simulta-
neously, we reorganize the entire sparse ground truth during
training using techniques such as random cropping, jittering,
and flipping augmentations. This approach helps ensure that
the model does not focus solely on the inherent erroneous
parts of the prediction. In the reverse process, the noise
present in y; is progressively eliminated to produce y;_ us-
ing the conditional denoising model €4(-), which is param-



eterized by learned parameters. To allow the input image x
to conditionally guide the latent denoiser €4 (zgy), 2z ¢ t),

we leverage the image features z*) to interact with the noisy

saliency map z§y> through a cross-attention mechanism.

During training, the parameters 6 are updated based on
the parameters fine-tuned using the RGB training data.
The salient mask y is then noised via self-diffusion with
sampled multi-resolution noise € at a randomly selected
timestep t. The noise estimate € is computed using €
€9(yt,X,c,t). Finally, the denoising diffusion objective
function By . cnnr(0,1),t~ti(T) |€ — é|§ is minimized. La-
tent diffusion models improve computational efficiency
and image generation by performing diffusion in a low-
dimensional latent space, which is created within the latent
encoder’s bottleneck and is trained separately from the de-
noiser (Rombach et al. 2022). To translate our formulation
into the latent space, a latent code is defined as &: z¥) =
&(y), which is generated by the encoder. Given a saliency
latent code, the saliency mask can be reconstructed using
the decoder D as follows: § = D(z)). The conditioning
image x is transformed into z™*) via PVT. Subsequently, the
denoiser is trained in the latent space as Eg(zg"), z™) ¢, t).
The adapted inference procedure introduces an additional
step in which the decoder D reconstructs the data y from

the estimated clean saliency latent code zéy): y= D(z(()y)).

Inference

During inference phase, the target saliency mask y
Yo is reconstructed by iteratively applying the denoiser
€9(y1, X, ¢, t) to a normally distributed variable y;. We be-
gin by initializing the saliency latent code with standard
Gaussian noise and encoding the input image via PVT and
a multi-scale attention feature fusion network. We then pro-
gressively denoise this latent code following the same sched-
ule used during training. From our experience, we have ob-
served that initializing with standard Gaussian noise yields
better results compared to using multi-resolution noise, de-
spite the model being trained with the latter. To expedite the
inference process, we adopt the non-Markovian sampling
with recalibrated steps as described in DDIM (Song, Meng,
and Ermon 2020). Finally, using the latent decoder, we gen-
erate the ultimate saliency map from the latent code and ap-
ply channel-wise averaging for further post-processing.

Experiments
Experimental Setup

DiMSOD is trained jointly using three different types of
SOD datasets, following recent work, our training dataset
consists of the following subsets and resize it to 512 x 512 :
the RGB dataset DUTS-TR (Wang et al. 2017) with 10,553
images, the RGB-T dataset VT5000 (Tu et al. 2022b) with
2,500 images, the RGB-D dataset NJUD (Ju et al. 2014)
with 1,485 image, NLPR (Peng et al. 2014) with 700 im-
ages, and DUTLF-Depth (Piao et al. 2019) with 800 images.
Stable Diffusion is used as our backbone when implement-
ing DIMSOD. The initial pre-training configurations with
a v-objective (Salimans and Ho 2022) are adhered to our
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experiments. In training, we implement the DDPM noise
scheduler (Ho, Jain, and Abbeel 2020b) with 1,000 diffu-
sion steps. For inference, we employ DDIM scheduler and
sample 20 steps. For the final prediction, we combine out-
comes from 10 inference iterations initiated with diverse
initial noise. Training our method takes 100 epochs with a
batch size of 32 on 4 Nvidia A100 GPU cards. We adopt the
Adam optimizer with a learning rate of 3 x 107°. We also
implement training data augmentation strategies through the
application of random horizontal and vertical flips.

Evaluation Datasets and Metrics

For RGB datasets, we evaluate DiIMSOD on 5 widely used
benchmark datasets that are not seen during training, in-
cluding DUT-OMRON (5,168 images), ECSSD (1,000 im-
ages), PASCAL-S (850 images), HKU-IS (4,447 images),
and DUTS-TE (5,019 Images). For RGB-D datasets , we
use the test sets of DUTLF-Depth (400 images), NJUD (500
images), NLPR (300 images), SIP (929 images), LFSD (100
images). For RGB-T datasets , we use the testset of VT5000
(2,500 images) ,VT821 (821 images) , VT1000 (1,000 im-
ages). Four widely accepted evaluation metrics are thor-
oughly assessed on each dataset: Fz-measure, MAE, E-
measure (Fan et al. 2018), S-measure (Fan et al. 2017).

Comparisons with state-of-the-art

For all the RGB, RGB-D, and RGB-T experiments, we
conducted comprehensive comparisons with state-of-the-art
multi-modal SOD methods, including MMNet, LAFB, and
VSCode. Additionally, for RGB SOD, we compared DiM-
SOD against other specialized methods , namely, F?Net,
MINet (Pang et al. 2020), U?Net, PESNet (Ma, Xia, and
Li 2021), VST(Liu et al. 2021), EDN (Wu et al. 2022),
SHNet (Zhang et al. 2022), SRfor (Yun and Lin 2022),
USOD (Zhou et al. 2023a), M3Net (Yuan, Gao, and Tan
2023), and UTD (Huo et al. 2024). For RGB-D SOD, the
compared methods are HDF-Net, CMWNet (Li et al. 2020),
DANet, PGA-Net, BBS-Net, DDCNN (Wang et al. 2022)
and PICR. For RGB-T SOD, the compared methods are
R3Net, SGDL, M3S-NIR, ADF (Tu et al. 2022b), DC-
Net (Tu et al. 2022a), and LSNet (Zhou et al. 2023b). For
fair comparisons, all results either come directly from the
authors or are reproduced using the model retrained on the
identical training dataset with the suggested settings. The
code for evaluating the model is derived from F>Net.

Quantitative Evaluation. For RGB SOD results, see Ta-
ble 1. We can find that DIMSOD outperformed in almost all
metrics across the three benchmark datasets. It demonstrates
the excellent performances of the proposed DiIMSOD. Due
to space limitations, we present only a subset of the re-
sults. On the three larger datasets, DUTS-TE, HKUIS, and
PASCAL-S, we achieved average improvements of 1.05%,
5%, 1.43%, and 1.07% in Fg, M AE, E¢, and S, respec-
tively, compared to the second-best method. For RGB-D
SOD, as shown in Table 2, our method also outperforms
the second-best model by 6.48% and 1.15% in M AE and
F3, respectively. See Table 3 for RGB-T SOD, our DiM-
SOD achieves top-tier performance, despite some wins and
losses against VSCode on VT1000. Compared to all other
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Table 1: Quantitative comparisons between DIMSOD and
other methods on three RGB SOD benchmark datasets.
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.857(.036.918.918 .912
.831[.037.911.910 915
.898(.035.919.922 915
.848(.035.928.925 .881
.864(.033.906.904 918
.869(.038.945.941 .967
.023.967.957.951.050.914 .888 .917 |.028.947.947.969

Table 2: Quantitative comparisons between DIMSOD and
other methods on three RGB-D SOD benchmark datasets.

VT821 VT1000 VT5000

Method

S Bt Fat M,

So Eet Fat M,

Sol Edt Fgt M|

R3Netg
M3Sy
SGDLyg

.786.809.660.073
.723.859.734 .140
.765.847.731.085

MMNet™,, |.874.894.799.040

ADF»
DCNety,
LSNetys

LAFB "y

.810.842.717.077
.877.913.822.033
.877.911.827.033
904 .915.843.034

VSCode*»4|.921.951.906.029

Ours

.923.949.917.025

.842.859.761.055
.726.827.717.145
.787.856.764.090
.905.926.874.032
.910.921.847.034
.923.949.902.021
924 .936.887.022
.841.945.905.018
.949.981.944 .024
.953.955.935.020

.757.790.615.083
.652.780.575.168
.750.824.672.089
.850.896.796.045
.864.891.778.048
.872.921.819.035
.876.916.827.036
.896.931.857.030
.918.954.892.033
.921.959.898.029

Table 3: Quantitative comparisons between DiMSOD and
other methods on three RGB-T SOD benchmark datasets.

competing methods, the average improvements of our re-
sults across the three datasets in terms of the S,, F¢, and
F3 metrics are 10.4%, 7.3%, and 15.3%, respectively. Our
approach performs better on RGB and RGB-D datasets com-
pared to RGB-T, indicating a high level of consistency be-
tween salient objects and depth information in many cases.
In summary, we can conclude that by leveraging the pro-
posed framework, DiIMSOD demonstrates a competitive ad-
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RGB Ours SRfor F3Net MINet U2Net

Figure 3: Detailed visual comparison of saliency map results
generated by various advanced methods for RGB SOD.

U

RGB

Depth

GT Ours VSCode LAFB MMNet

Figure 4: Detailed visual comparison of saliency map results
generated by various advanced methods for RGB-D SOD.

VSCode LAFB MMNet

Ours

Figure 5: Detailed visual comparison of saliency map results
generated by various advanced methods for RGB-T SOD.

Qualitative Evaluation. Fig. 3, Fig. 4, and Fig. 5 show
the comprehensive visual comparison of many challenging
samples, including complex backgrounds, rich edge details,
small objects, and multiple salient objects. From the results,



we can find that compared with other methods, our method
exhibits good structural completeness and has more intricate
details. Besides, previous models have muddled the identifi-
cation of edge components, even when accurately pinpoint-
ing the object’s location. Nevertheless, DiMSOD captures
intricate object textures effectively in an incredibly detailed
way, addressing the segmentation mask blurring issue pre-
sented in other methods. More detailed results can be seen
in the last column of Fig. 6, where DiMSOD shows excel-
lent handling of the texture and edge details of the targets.

GT

step 2

step5 step 10 step 20

Figure 6: Visual results of the DiMSOD sampling process.

Ablation Studies

We conduct ablation experiments on key components of
DiMSOD to validate their effectiveness and scrutinize their
influence on model performance, As depicted in Table 4, ex-
perimental results demonstrate that PVT with multi-scale
attention feature fusion network, SOD-ControlNet (SOD-
CNet), Feature Injection Attention Network (FIAN) can all
improve multi-model SOD performance very well. Combin-
ing them with Stable Diffusion (SD) led to significant im-
provements across all evaluation metrics in all datasets.
Effectiveness of PVT backbone with multi-scale atten-
tion feature fusion. From Table 4, SD(VAE)+CNet repre-
sents the use of Stable Diffusion’s native VAE as a global
feature extractor for RGB images, which is then directly
combined with ControlNet to extract local features (e.g.,
Depth and Thermal). No.2 achieves an average improvement
of 5.33% and 17.39% over No.1, which only uses VAE, in
terms of Fjg and M AE, respectively, across three types of
datasets. Fig. 6 illustrates how the critical clues identified by
PVT are seamlessly incorporated into the diffusion process
through the assistance of mutil-scale attention FF and FIAN.
Effectiveness of SOD-ControlNet. The purpose of SOD-
ControlNet is to address the issue of cross-modal informa-
tion fusion in SOD. As shown in Table 4, compared to No.2,
No.3 has an average improvement of 3% and 29.82% for Fg
and M AF on the three types of datasets, respectively.
Effectiveness of Feature Injection Attention Network.
From Table 4, wo can find that FIAN plays a key role in
improving the performance of the model. The average im-
provement of DIMSOD with FIAN over No.3 without FIAN
for Fi3 and M AE on the three types of datasets is 1.2% and
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8.75%, respectively. It indicates that FIAN effectively inte-
grates both diffusion features and salient features from the
trainable multi-scale attention feature fusion network.

The core of DiMSOD lies in leveraging SOD-ControlNet
to effectively integrate the rich visual priors stored in Sta-
ble Diffusion and cross-modal auxiliary information. This
enhanced integration facilitates more accurate guidance in
the generation of saliency masks. Despite being trained on
relatively coarse SOD benchmark datasets, our model effec-
tively segments the edges of salient objects, thanks to its ro-
bust visual priors. The final results of DiMSOD exhibit even
greater precision and refinement compared to the GT masks.
Moreover, the incredible generalization capability of DiM-
SOD also benefits from the visual priors provided by SD.

No. Settings DUTS-TE, NJUD |VT1000
Fat M| |Fst M|Fq M

1 SD(VAE)+CNet 851 .045(.844 .049|.856 .044
2 SD+PVT+CNet .890 .037(.924 .038|.873 .039
3 SD+PVT+SOD-CNet 915 .026(.935.030/.917 .024
Ours|SD+PVT+SOD-CNet+FIAN|.918 .025 |.947 .028.935.020

Table 4: Ablation studies to evaluate the core components of
DiMSOD. The best results are highlighted in boldface.

Limitations and Future Work

Despite the consistently strong performance of DiMSOD
across various metrics in multi-model SOD, its inference
time does not show a notable advantage over other meth-
ods. This inherent limitation of diffusion models in gener-
ative tasks is mitigated by our inference code, which op-
timizes the trade-off between inference time and detection
accuracy, achieving reasonable inference time with only a
slight and acceptable reduction in accuracy. However, accel-
erating inference time through engineering optimization is
merely a temporary solution. The fundamental approach to
achieving true acceleration involves optimizing the diffusion
model theory itself. This represents both a future research
area for us and a prevalent challenge in image generation.

Conclusion

In this paper, we presented DIMSOD, a diffusion-based
framework for RGB, RGB-D and RGB-T images. To the
best of our knowledge, this is the first framework to ap-
ply a denoising diffusion model to multi-modal SOD. DiM-
SOD decomposes multi-modal SOD into a series of forward
and reverse diffusion processes, leveraging key details from
the semantic features under both global condition (original
image) and local condition (depth map or thermal map) to
guide the processes. Extensive quantitative and qualitative
experiments demonstrate that DIMSOD outperforms other
state-of-the-art methods across various benchmark datasets.
Additionally, ablation studies confirm the effectiveness of
the SOD-ControlNet and FIAN we introduced for multi-
modal SOD. While our current model offers a strategy to
balance accuracy and inference time, this is not a long-term
solution. In the future, we will conduct additional research
and refinement to improve the model’s inference efficiency.
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