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Abstract. RGB-Thermal (RGB-T) salient object detection leverages
complementary cues from visible and thermal modalities to improve ro-
bustness in challenging environments. However, in real-world scenarios,
the reliability of each modality is inherently unstable: RGB images de-
grade under low illumination, motion blur, and noise, while thermal im-
agery often suffers from contrast compression and sensor artifacts. Such
degradation introduces unreliable perceptual evidence that can mislead
cross-modal fusion and significantly deteriorate detection performance.
To address this challenge, we propose RA-SOD, a reliability-aware RGB-
T salient object detection framework that explicitly models modality re-
liability and integrates it into feature learning and cross-modal fusion.
First, we introduce a reliability-conditioned representation that adap-
tively compensates degraded modality features while preserving struc-
tural cues. Second, an uncertainty-guided dual-stream refinement strat-
egy progressively corrects cross-modal representations while suppress-
ing unreliable evidence. Finally, we propose a pixel-wise modality com-
petition mechanism that dynamically selects modality cues according
to spatial reliability for fine-grained fusion. Extensive experiments on
four benchmarks (VT821, VT1000, VT5000, and VT-IMAG) demon-
strate that RA-SOD achieves state-of-the-art performance and exhibits
strong robustness under severe modality degradation. Code and models
are available at https://github.com/zaoxienian/RA-SOD.
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1 Introduction

RGB-Thermal (RGB-T) salient object detection aims to identify visually promi-
nent regions by jointly leveraging complementary information from visible and
thermal infrared modalities [38,/43]. Compared with single-modality approaches,
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Fig.1: Examples of modality degradation in RGB-Thermal scenes. The RGB
modality may suffer from blur, low illumination, and noise, while the thermal modal-
ity can exhibit contrast compression and block artifacts. Such degradations distort
local responses and obscure object boundaries, posing significant challenges for reliable
cross-modal fusion.

RGB-T methods benefit from cross-modal complementarity, achieving improved
robustness under low illumination and complex background conditions
[17,/44). However, in real-world environments, the quality of each modality is in-
herently unstable. The RGB modality may degrade under low-light conditions,
motion blur, or heavy noise, while the thermal modality can suffer from contrast
compression, suppressed temperature gradients, or block-like artifacts that dis-
tort local responses and obscure object boundaries. We refer to these phenomena
as modality degradation , as shown in Fig. (1} Under such condi-
tions, a modality may provide unreliable or even misleading perceptual evidence,
which can adversely affect cross-modal fusion.

Most existing RGB-T salient object detection methods emphasize elaborate
fusion strategies, such as two-stream architectures or attention-based
modality weighting mechanisms . These approaches implicitly assume
that modality features extracted during encoding remain sufficiently reliable
and cross-modal inconsistencies mainly arise at later fusion stages. However, in
practice, modality degradation often emerges early and spreads through the net-
work hierarchy . When degradation occurs, standard backbones apply
fixed feature transformations that cannot adapt to input-dependent distribu-
tional shifts, causing noisy or distorted signals to be progressively propagated
and even amplified. Consequently, subsequent fusion modules operate on already
corrupted representations, making it difficult to disentangle structural informa-
tion from modality-specific noise.

To address this issue, we propose a reliability-aware RGB-T salient object de-
tection framework called RA-SOD. Instead of treating reliability as an auxiliary
prior or a late-stage weighting cue, RA-SOD models reliability as a core princi-
ple and progressively propagates it across representation, refinement, and fusion
stages. First, at the encoding stage, we construct reliability-conditioned back-
bone representations through a parallel residual modulation branch with feature-
conditioned routing. This design enables the network to adaptively compensate
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degraded modality features while preserving stable structural priors from the
backbone. Second, during decoding, we introduce an uncertainty-guided dual-
stream recursive refinement scheme. Explicitly predicted uncertainty maps act
as structured reliability signals to regulate bidirectional cross-modal correction,
preventing unreliable features from being reinforced during hierarchical propaga-
tion. Finally, at the fusion stage, we propose a hierarchical pixel-wise modality
competition mechanism that dynamically selects RGB or thermal cues according
to spatial reliability, enabling fine-grained cross-modal integration. By modeling
and propagating reliability across representation, refinement, and fusion stages,
RA-SOD establishes a unified hierarchical reliability framework.

Extensive experiments on four RGB-T benchmarks (VT821, VT'1000, VT5000,
and VT-IMAG) demonstrate state-of-the-art performance and strong robustness
under challenging modality degradation scenarios.

2 Related Work

2.1 RGB Salient Object Detection

Early RGB SOD methods rely on handcrafted features and heuristic priors (e.g.,
contrast [3[20] and center prior |19]), but show limited robustness in complex
scenes. Deep learning, particularly fully convolutional networks (FCNs) [21],
later enables end-to-end pixel-wise prediction, leading to representative models
such as Amulet [63] and UCF [64], with related efforts on weakly supervised ob-
ject localization [61]. Subsequent works further enhance representation through
multi-scale aggregation [51|, attention mechanisms [23}|68|, and boundary guid-
ance [27,/52,/67]. More recently, generalist and state-space architectures have
been explored, including VSCode [25] and Mamba-based Samba [13]|. However,
unimodal RGB methods remain vulnerable to adverse conditions such as low
illumination, motion blur, and sensor noise.

2.2 RGB-X Salient Object Detection

Multi-modal SOD enhances robustness via auxiliary data. Specifically, RGB-D
methods leverage geometric priors from depth maps to distinguish foreground
from background [2}/8,[57], optimizing detection results via multi-modal fusion
networks (e.g., JL-DCF [9], DFormer [62], |54]). However, depth information is
often compromised by low illumination or complex reflections. Conversely, RGB-
T SOD exploits thermal data to detect intrinsic radiation cues, benefiting from
their robustness against lighting changes [5,/70]. Existing works have transitioned
from input-level concatenation to feature fusion mechanisms, involving feature
interaction [48,49|, graph learning (e.g., MGAI [33]|, M3S-NIR [39], |40]), and
boundary enhancement(e.g., LSNet [71]), which maximize cross-modal comple-
mentarity, and define the state-of-the-art for SOD.
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Fig. 2: Overall architecture of RA-SOD. It consists of three key components: (1)
Reliability-Conditioned Backbone Representation (RCBR): Extracts adap-
tive features by integrating structural priors from a frozen backbone with residual
modulation via modality-specific adapters and a shared expert bank. (2) Uncertainty-
Guided Dual-Stream Decoding: Performs recursive cross-modal refinement regu-
lated by predicted uncertainty maps to mitigate localized degradation. (3) Pixel-wise
Fusion Stream Decoding: Implements a competition mechanism to adaptively select
modality-dependent cues at each spatial location. The final saliency map is obtained
by aggregating predictions from the RGB, Thermal, and Fusion streams.

2.3 Multi-modal Learning in RGB-T SOD

Existing RGB-T SOD methods typically formulate multi-modal learning as fea-
ture fusion , designing multi-scale modules to progressively integrate
cross-modal information . Later works move beyond simple fusion
to end-to-end representation and interaction modeling [26}/46,[60]. For exam-
ple, Tu et al. propose a multi-interactive dual-decoder for cross-modal in-
teraction, while ConTriNet introduces a divide-and-conquer triple-flow ar-
chitecture, and SMR-Net explores semantic-guided mutual reinforcement.
Despite these advances, modality-degradation-aware representation learning re-
mains less explored. Fixed feature transformations may propagate unreliable
cues when one modality is degraded. Recent mixture-of-experts (MoE) models
improve input-adaptive representation learning by routing features to specialized
experts through learned gates . Based on this input-adaptive routing
mechanism, RA-SOD employs a lightweight shared expert bank to adapt RGB-T
representations under modality degradation.

3 Methodology

In this section, we introduce the framework of RA-SOD for RGB-T salient object
detection under modality degradation. The key idea is to model modality relia-
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bility and propagate it across representation, refinement, and fusion stages in the
network. As illustrated in Fig. 2] RA-SOD consists of three main components:
(1) a Reliability-Conditioned Backbone Representation (RCBR) that
adaptively modulates modality features during encoding, (2) an Uncertainty-
Guided Dual-Stream Decoding mechanism that progressively refines RGB
and thermal representations under reliability awareness, and (3) a Pixel-wise
Fusion Stream Decoding module that performs spatially adaptive modality
competition for fine-grained cross-modal integration. These components jointly
form a hierarchical reliability modeling framework that mitigates the propaga-
tion of unreliable cues caused by modality degradation.

3.1 Overall Architecture

RA-SOD adopts a reliability-conditioned backbone followed by a tri-stream hier-
archical decoding architecture for RGB-Thermal salient object detection. Given
aligned RGB and thermal inputs I” and I?, the network predicts a saliency map
S € [0, 1]H>W.

Using a shared frozen backbone, we first extract stage-wise base features
(R L and {FPP*°}E . Instead of directly using these features, RA-SOD
constructs reliability-conditioned representations {F7}; and {F!}L_ by intro-
ducing a parallel residual modulation branch at each stage. This design preserves
a stable structural prior from the frozen backbone while enabling adaptive mod-
ulation under modality-dependent reliability variations (Sec. [3.2)).

Based on the resulting representations, the network decodes three hierarchi-
cal streams in parallel: an RGB stream, a Thermal stream, and a Fusion stream.
The RGB and Thermal streams perform uncertainty-guided dual-stream decod-
ing through recursive refinement, while the Fusion stream conducts pixel-wise
modality competition within a top-down decoding hierarchy. Each stream gen-
erates a saliency prediction via a lightweight head with identical architecture
but independent parameters, and the three predictions are linearly aggregated
to produce the final saliency map.

3.2 Reliability-Conditioned Backbone Representation

Reliable feature representation is critical under modality degradation. However,
standard backbones apply fixed transformations to all inputs, limiting their abil-
ity to adapt to modality-dependent reliability variations. To address this issue,
we construct a Reliability-Conditioned Backbone Representation (RCBR), which
augments the frozen backbone with a lightweight residual modulation branch.
This design preserves stable structural priors from the pretrained backbone while
allowing adaptive feature correction for degraded modalities.

Let Fj", denote the input feature of modality m € {r,t} at stage I. The
frozen backbone block produces a base feature

F;"" = By(FJ",), (1)

where B;(-) denotes the shared frozen backbone transformation.
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Feature-conditioned modality routing. To adaptively regulate residual mod-
ulation, we first predict expert routing weights from the base feature:

K

o' = Softmax(glm(F;n’base)) , Z o, =1, (2)
k=1

where ¢g;"(+) is a lightweight gating function. Since modality degradation often
induces distributional shifts in the backbone feature space, conditioning routing
decisions on F;n’base allows the model to implicitly capture modality-dependent
reliability.

MoE-guided residual representation adaptation. To enhance the expres-
sive capacity of residual modulation, we introduce a mixture-of-experts (MoE)
mechanism that provides multiple transformation subspaces. Each expert cap-
tures a distinct feature adaptation pattern, while routing weights dynamically
determine their contributions according to modality reliability.

In parallel to the frozen backbone transformation, a residual branch operates
directly on F}" ;:

K
AFJ" = 3 afiBui(Fiy) + A7 (FY), ®)
k=1

where Ej ;(-) are shared expert transformations, and A}"(-) is a modality-specific
low-rank adapter.
The final reliability-conditioned representation is

F" = F"P° L AR, (4)

This parallel design preserves the stable structural prior of the frozen backbone
while enabling adaptive modulation of unreliable feature components. In the
subsequent decoding stage (Sec. 3.3), reliability is further modeled explicitly via
uncertainty-guided cross-modal refinement.

3.3 Uncertainty-Guided Dual-Stream Decoding

During decoding, modality degradation may lead to spatially localized ambi-
guity, where certain regions contain unreliable cues. Directly propagating such
features can amplify errors during hierarchical decoding. To alleviate this issue,
we introduce an Uncertainty-Guided Dual-Stream Decoding mechanism, which
explicitly estimates uncertainty maps to regulate cross-modal feature correction.

Specifically, RGB and Thermal modalities are decoded through two parallel
top-down streams. At stage [, a preliminary decoding feature ]5}” is computed
from F}"*, upon which bidirectional uncertainty-guided refinement is applied. The
refined state D}* is propagated to the next finer stage, forming a hierarchical
recursion.
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Top-down recursion. Given the reliability-conditioned encoder representa-
tions, we first construct preliminary decoding features through a top-down hier-
archical decoding process.

At the coarsest stage L,

D}, =G (FL), Di =Gy (FL). (5)

Fori=L-1,...,0,
]j;n = glm([F;n7Up( m-l)]) , me {Tat}7 (6)
where [-;-] denotes channel concatenation and Up(-) represents bilinear up-

sampling.

Uncertainty-guided cross-modal refinement. Although the preliminary

decoding features provide modality-specific predictions, their reliability may vary

across spatial locations under modality degradation. To explicitly model such re-

liability variations, we introduce an uncertainty-guided refinement mechanism.
An uncertainty map is predicted as

up = o (a(dp)). (7)

where ¢;(+) is a modality-shared lightweight uncertainty predictor.
The uncertainty map regulates cross-modal correction

[ =D] +Uj oT(Dj), Dj=Dj+UjoT(D]), (8)

where 7;(-) denotes a channel-alignment transform.

The refined states are recursively propagated to form decoding pyramids
{D}} and {Dj}.

3.4 Pixel-wise Fusion Stream Decoding

Besides modality-specific decoding pyramids, a third fusion stream {le uE
is decoded hierarchically. Encoder features are first fused through the MFM
module [35], producing modality-integrated encoder representations {Elf L
which serve as the input to the fusion decoding process.

Fusion recursion. Starting from the coarsest level, the fusion stream pro-
gressively aggregates encoder features and modality-guided cues in a top-down
manner:

o g (). 15,0 0
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Pixel-wise modality competition. Although the dual-stream decoding stage
produces refined RGB and thermal representations, their reliability may still vary
across spatial locations under modality degradation. Therefore, instead of using
fixed fusion weights, we introduce a pixel-wise modality competition mechanism
to dynamically determine which modality provides more reliable cues at each
location.

Fori=L-1,...,0,

(W7, W] = Softmax(44([Up(D{]);: D D}])) (10)

where 1;(-) predicts modality logits at each spatial location.
The fusion guidance feature is

H, = W] © D] + W} © D! + Up(D{%). (11)

This design allows the model to adaptively emphasize the more reliable
modality while suppressing unreliable responses caused by local degradation.

3.5 Multi-Stream Saliency Prediction

After hierarchical decoding, each stream produces a modality-specific represen-
tation that captures complementary saliency cues. Therefore, we attach an inde-
pendent prediction head to each stream to generate saliency maps. Each stream
predicts saliency independently:

S" — OT(DS), St _ Ot(Dé), Sfus —_ (9}"us(]:)(])”'uu@)7 (12)

where O”, O, and Of"* denote lightweight prediction heads. They share the
same architecture but have independent parameters. The final saliency map is
obtained via linear aggregation:

S =8"+ 8! 8fus, (13)

This multi-stream prediction strategy enables the model to exploit complemen-
tary cues from modality-specific and fused representations.

3.6 Training Objective

To encourage reliability-aware learning while avoiding modality dominance, we
impose deep supervision on the RGB, Thermal, and Fusion predictions. The
three streams are optimized jointly, and the overall objective is

L= Y (MLcr(S™,G)+MLLu(S",G)), (14)
me{r,t, fus}

where G is the ground-truth map. This multi-stream supervision stabilizes op-
timization and yields complementary saliency cues that improve the final aggre-
gated prediction.
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Table 1: Comparison with recent state-of-the-art CNN-based methods in RGB-
D/RGB-T SOD on VT821, VT1000 and VT5000 benchmarks. The best and second-
best results are highlighted in red and blue, respectively.

. VT821 VT1000 VT5000

Method

Snt Fst F¥ 1 Ent ML St Fot F@ 1 Ept ML Syt Fst FY 1 Ent MU
DCMF [42] 0.856 0.834 0.740 0.866 0.055 0.917 0.834 0.841 0.915 0.028 0.857 0.753 0.728 0.873 0.052
CIR-Net |4 0.861 0.777 0.724 0.884 0.045 0.914 0.861 0.823 0.924 0.028 0.871 0.791 0.744 0.899 0.041
RAFNet [55] 0.883 0.826 0.811 0.905 0.038 0.932 0.893 0.898 0.941 0.020 0.891 0.840 0.829 0.921 0.033
PopNet |56 0.861 0.795 0.774 0.887 0.043 0.929 0.893 0.895 0.939 0.020 0.887 0.839 0.827 0.918 0.034
HiDAnet [57] 0.890 0.842 0.832 0.920 0.031 0.927 0.894 0.897 0.942 0.020 0.890 0.846 0.836 0.923 0.032
MIA [22] 0.844 0.740 0.720 0.850 0.070 0.924 0.868 0.864 0.926 0.025 0.878 0.793 0.780 0.893 0.040
ECFFNet |69] 0.877 0.810 0.801 0.902 0.034 0.923 0.876 0.885 0.930 0.021 0.874 0.806 0.801 0.906 0.038
OSRNet |17| 0.875 0.813 0.801 0.896 0.043 0.926 0.892 0.891 0.935 0.022 0.875 0.823 0.807 0.908 0.040
LSNet |71] 0.878 0.825 0.809 0.911 0.033 0.925 0.885 0.887 0.935 0.023 0.877 0.825 0.806 0.915 0.037
CAVER |29 0.891 0.839 0.835 0.919 0.033 0.936 0.903 0.909 0.945 0.017 0.892 0.842 0.835 0.924 0.032
LAFB [49] 0.887 0.843 0.817 0.915 0.027 0.927 0.905 0.905 0.945 0.018 0.890 0.857 0.841 0.931 0.030
SMR-Net |59] 0.889 0.846 0.835 0.921 0.031 0.928 0.902 0.908 0.947 0.019 0.893 0.859 0.845 0.935 0.030

ConTriNet |35] 0.883 0.846 0.836 0.920 0.033 0.927 0.903 0.903 0.948 0.019 0.894 0.860 0.846 0.934 0.030
RA-SOD (Ours) 0.892 0.857 0.846 0.925 0.031 0.932 0.915 0.913 0.951 0.018 0.897 0.870 0.855 0.937 0.029

4 Experiments

4.1 Experimental Setup

Implementation Details. Experiments are conducted on a single NVIDIA
RTX 3090 GPU. Following ConTriNet [35], we adopt an ImageNet-pretrained
Res2Net-50 as the shared backbone. RGB and thermal images are resized to
352 x 352 with random flipping, rotation, and border cropping for augmen-
tation. The network is optimized with Adam using an initial learning rate of
5 x 107° and a cosine decay schedule for 100 epochs. During inference, saliency
maps are resized to the original resolution and the final prediction is obtained
by linearly aggregating the three outputs. Performance is evaluated using the
Saliency-Evaluation-Toolbox.

Datasets. We evaluate our method on three RGB-T benchmarks: VT821 [43],
VT1000 [40], and VT5000 [38]. To further assess robustness under severe degra-
dations, we additionally adopt the challenging VT-IMAG |[35]. Following Con-
TriNet [35], 2,500 pairs from VT5000 are used for training, and the remaining
2,500 pairs together with the full VT821, VT1000, and VT-IMAG datasets are
used for evaluation.

Evaluation Metrics. Specifically, we adopt five standard metrics: Structure-
measure (Sp,) [6], Mean F-measure (Fj) [1|, Weighted F-measure (F§’) [28],
Mean Enhanced-alignment measure (Ey,) 7], and Mean Absolute Error (M) |30].
Among them, S,, evaluates structural similarity; Fjg and F i3 measure the preci-
sion—recall trade-off; F,, considers both pixel-level alignment and global statis-
tics; and M computes the average pixel-wise error. We report mean Fj and £,
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Fig. 3: Qualitative comparison between RA-SOD (ours) and ConTriNet (baseline) on
standard RGB-T SOD benchmarks (VT821, VT1000, and VT5000). Red dashed boxes
highlight typical failure cases of the baseline.

scores averaged over all thresholds. Higher values indicate better performance
for all metrics except M.

4.2 Comparison on Standard Benchmarks

We compare RA-SOD with several recent state-of-the-art methods, including
five RGB-D SOD models (DCMF [42], CIR-Net [4], RAFNet [55], PopNet [56],
and HiDAnet [57]) and eight RGB-T SOD models (MIA [22], ECFFNet [69],
OSRNet |17], LSNet [71], CAVER |[29], LAFB [49], SMR-Net [59], and Con-
TriNet [35]). For fair comparison, all RGB-T methods are retrained on the
RGB-T dataset using their official implementations and consistent experimental
settings, while RGB-D models follow their default hyperparameters. For SMR-
Net [59], we replace the original ResNet-30 backbone with Res2Net-50 [14] to
ensure a fair evaluation.

Quantitative Results. Table [I| reports quantitative comparisons under five
evaluation metrics. The results show that RA-SOD achieves the best or second-
best performance for all five metrics on all three benchmarks. On the large-
scale VT5000 benchmark, RA-SOD ranks first on every metric. Compared with
ConTriNet [35], RA-SOD improves Fg by 0.010 and Fg by 0.009, and also
brings a 0.003 gain in F,,, while reducing M by 0.001. On the smaller VT821
and VT1000 benchmarks, RA-SOD remains consistently within the top two.
On VT1000, RA-SOD achieves the best Fg, Fy', and Ey,, and it stays highly
competitive in structure measure and M compared with CAVER [29]. Overall,
these results demonstrate strong generalization from small and medium-scale
benchmarks to the larger and more diverse VT5000.
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Fig. 4: Qualitative comparison between RA-SOD (ours) and ConTriNet (baseline) on
the challenging VT-IMAG dataset.

Qualitative Results and Visualization. The visual comparisons in Fig.
reveal the limitations of ConTriNet [35] (Baseline). Without explicit reliability
modeling, it struggles to distinguish salient targets from background noise, lead-
ing to severe false detections (red dashed boxes). In contrast, our reliability-aware
framework effectively suppresses unreliable cues, enabling accurate localization
with complete structures and sharp boundaries even under extremely low signal-
to-noise conditions.

4.3 Robustness Analysis under Degradations

Synthetic Degradation Settings. To verify the effectiveness of reliability
awareness under modality degradation, we construct synthetic degraded test sets
derived from the VT1000 dataset [40] by degrading only one modality at a time
while keeping the other modality and the ground-truth masks unchanged. We
focus on five representative degradations, including low-light, additive noise, and
blur on the RGB modality, as well as local hot-block artifacts and global contrast
compression on the thermal modality. The degradation severity is randomly
sampled per image from preset ranges with a fixed seed to ensure reproducibility.

Comparison under Synthetic Table 2: Average comparison under syn-

Degradations. Table [2| compares i}q¢ic degradations on VT1000.
RA-SOD with representative RGB- Mothod St Fat FYT Bt M

T SOD methods under synthetic

. . LAFB [49) 0.919 0.887 0.887 0.938 0.022
degradations. Existing methods suf-  gyR-Net [59]  0.917 0.895 0.893 0.945 0.021
fer noticeable performance drops in ~ ConTriNet [35] 0.921 0.893 0.895 0.945 0.021
corrupted scenarios due to limited RA-SOD 0.927 0.906 0.907 0.949 0.020
mechanisms for handling unreliable
modality features. In contrast, RA-SOD consistently improves performance by
explicitly modeling modality reliability. Compared with the strongest compet-
ing results, RA-SOD improves S, from 0.921 to 0.927, Fjz from 0.895 to 0.906,
and F’ from 0.895 to 0.907, while reducing M to 0.020. These results demon-
strate the effectiveness of reliability-aware modeling for robust RGB-T saliency
detection under modality degradation.
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Table 3: Quantitative comparison with state-of-the-art methods on the VT-IMAG
benchmark. Red and Blue indicate the best and second-best performance, respectively.

Method Smt Fzt F¥1t Ent M|
CGFNet [46] 0.795 0.696 0.664 0.861 0.042
OSRNet [17] 0.782 0.665 0.626 0.839 0.051
LSNet [71] 0.779 0.712 0.636 0.896 0.038
CAVER [29] 0.815 0.724 0.693 0.885 0.032
ConTriNet [35] 0.828 0.745 0.727 0.902 0.029

RA-SOD (Ours) 0.829 0.765 0.735 0.908 0.031

Performance on the VI-IMAG Challenge Set. Table [3reports the quan-
titative comparison on the challenging VT-IMAG benchmark [35], which is de-
signed to evaluate robustness under severe sensor failures and environmental
degradations (e.g., thermal crossover, bad weather, and strong noise). RA-SOD
achieves superior performance on four out of five metrics among state-of-the-art
CNN-based methods. Notably, it significantly outperforms the strong baseline
ConTriNet [35] on its own benchmark, improving Fg by 0.020 and Fg' by 0.008.
These results indicate that while the baseline struggles to preserve structural
integrity under heavy modality corruption, RA-SOD effectively suppresses un-
reliable cues via reliability-aware modeling, achieving the highest S, of 0.829
and F,, of 0.908. The qualitative comparisons in Fig. [ further demonstrate that
RA-SOD produces more reliable and complete saliency predictions under severe
degradation.

4.4 Analysis of RA-SOD

Model Complexity and Effi- Table 4: Comparison of model complexity
ciency. Table [ compares the and inference speed.

model CompleXity of different meth- Method Backbone Params. FLOPs FPS
ods. For fair evaluation, all com-

ConTriNet |35] R2N-50 34.78 55.42 13.53

pared methods are implemented LAFB [49) R2N-50 453.03 139.70 4.62
with a Res2Net-50 backbone. Con- ~SME-Net[59] R2N-50 47.70 62.80 10.15
TriNet [35] is the most lightweight RA-SOD EN=SY A6 G Tl

model with 34.78M parameters and

55.42G FLOPs, while RA-SOD ranks second with 46.72M parameters and
60.13G FLOPs. RA-SOD also runs faster than SMR-Net and LAFB, showing a
good balance between complexity and performance.

Backbone Generalization. Table[5|reports the comparison with Transformer-
based RGB-T SOD methods on VT5000. With Swin-B, RA-SOD' achieves the
best results on all five metrics and clearly outperforms ConTriNet. These results
show that the proposed reliability-aware design can generalize from Res2Net-50
to Transformer-based backbones.
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Table 5: Transformer-backbone comparison on VT5000. RA-SOD' uses Swin-B. “=
denotes metrics not reported.

Method Backbone Sm T Fgt F§1 Ent M

HRTransNet HRFormer 0.912 0.871 0.870 0.945 0.025
XMSNet Transformer 0.907 0.871 0.865 0.939 0.028

SACNet [48] Swin-B 0.917 -  0.888 0.957 0.021
PCNet [47] Swin-B 0.920 0.899 - 0956 -
ConTriNet Swin-B 0.923 0.898 0.895 0.956 0.020
RA-SODf Swin-B 0.930 0.904 0.899 0.963 0.017
Origin Stage 1 Stage 2 Stage 3 Stage 4

L LS

Fig. 5: Visualization of the predicted uncertainty maps across four decoding stages for
the RGB (top) and Thermal (bottom) branches. Brighter regions indicate higher pre-
dicted uncertainty. The evolution of these maps demonstrates the model’s progressive
refinement from boundary-level ambiguity to region-level reliability.

Uncertainty Visualization. Fig. [§] visualizes the predicted uncertainty maps
at different decoding stages, where brighter regions indicate higher uncertainty.
At early stages, uncertainty mainly appears around object boundaries due to lim-
ited semantic capacity and foreground—background ambiguity. As decoding pro-
gresses, uncertainty within object interiors gradually decreases, reflecting more
stable object-level predictions from deeper features. Meanwhile, RGB and ther-
mal streams exhibit distinct uncertainty patterns, suggesting that the learned
uncertainty captures modality-dependent reliability rather than random noise.

4.5 Ablation Studies

Effectiveness of Uncertainty-Guided Dual-Stream Decoding. Table [7]
evaluates UGDD under both standard and degraded settings using Fj5’. Remov-
ing UGDD decreases performance from 0.913 to 0.908 on VT1000 and from 0.735
to 0.728 on VT-IMAG, while No-Unc. (dual-stream decoding without uncer-
tainty guidance) also drops to 0.903 under degradations. Table [§] further shows
that U™ responds to corrupted modalities, e.g., U rises to 0.57 under RGB
low-light, while U} rises to 0.55 under thermal contrast. These results verify the
effectiveness of uncertainty-guided correction.
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Table 6: Ablation study of the Reliability-Conditioned Backbone Representation
(RCBR) on three benchmarks. “A” denotes the low-rank modality-specific adapter,
and “E” represents the shared expert bank (MoE). B0 is the base network without
residual modulation. The best results are highlighted in bold.

Module VT821 VT1000 VT5000
A E Snt Fgt F§t Ent M| Sut Fgt FFt Emt M| Sut Fpt FfT Ent M|

Frozen Backbone (B0) x x 0.886 0.852 0.840 0.924 0.032 0.929 0.906 0.906 0.948 0.019 0.896 0.865 0.851 0.935 0.030
+A only (B1) v x 0.888 0.856 0.843 0.925 0.032 0.933 0.916 0.914 0.951 0.018 0.896 0.868 0.853 0.936 0.031
+E only (B2) x v 0.888 0.858 0.842 0.924 0.032 0.931 0.910 0.910 0.949 0.020 0.896 0.866 0.851 0.937 0.029
Ours (A+E) (B3) v v 0.892 0.857 0.846 0.925 0.031 0.932 0.915 0.913 0.951 0.018 0.897 0.870 0.855 0.937 0.029

Variant

Table 7: Ablation study of UGDD using Fg’. “Deg.” averages five RGB/T degradation
settings on VT1000.

Method VT1000 VT5000 VT-IMAG Deg.
w/o UGDD 0.908 0.849 0.728 0.897
No-Unc. 0.911 0.852 0.731 0.903
Full (Ours) 0.913 0.855 0.735 0.907

Table 8: Mean spatial U™ on VT1000 under synthetic corruptions. The gate rises
only for the degraded modality.

Cond. Clean  Low-light Noise Blur Contrast Hot-block

Uy 0.32 0.57 0.48 0.51 0.33 0.32
Uf 0.30 0.31 0.30 0.31 0.55 0.53

Effectiveness of Reliability-Conditioned Backbone Representation. Ta-
ble[6] reports the ablation results of the Reliability-Conditioned Backbone Repre-
sentation (RCBR). Introducing modality-specific adapters (B1) and the shared
expert bank (B2) consistently improves performance over the frozen backbone
(B0). The full model (B3) achieves the best results, particularly on VT5000,
improving Fg’ from 0.851 to 0.855 and reducing M to 0.029, demonstrating the
effectiveness of routing-aware residual modulation for handling modality relia-
bility variations.

Impact of the Number of Experts. Table[Janalyzes the effect of the number
of experts K. The best trade-off between accuracy and robustness is achieved at
K = 3, which yields the highest S, (0.897) and F’ (0.855) and the lowest M
(0.029) on VT5000. Smaller K limits transformation diversity, while larger K
leads to performance saturation and slight degradation, likely due to redundancy
and increased optimization difficulty. Therefore, we set K = 3 as the default
configuration.

Effectiveness of Pixel-wise Modality Competition. We compare the pro-
posed Pixel-wise Modality Competition (PMC) with the MDAM module used in
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Table 9: Ablation on the number of experts K. Best results are highlighted in bold.

VT821 VT1000 VT5000
Sm T Fgt Fg&t Emt Ml Sut Fgt FFT Ent My Su?t Fgt Fgt Ent M

1 0.890 0.856 0.844 0.925 0.032 0.933 0.914 0.912 0.950 0.019 0.896 0.868 0.853 0.936 0.030
2 0.891 0.856 0.844 0.924 0.031 0.932 0.913 0.911 0.949 0.019 0.896 0.858 0.854 0.933 0.030
3 0.892 0.857 0.846 0.925 0.031 0.932 0.915 0.913 0.951 0.018 0.897 0.870 0.855 0.937 0.029
4 0.890 0.859 0.844 0.923 0.032 0.930 0.912 0.911 0.950 0.019 0.895 0.871 0.852 0.935 0.030
5 0.889 0.855 0.842 0.921 0.032 0.929 0.909 0.909 0.952 0.020 0.894 0.868 0.850 0.933 0.031

K

ConTriNet [35]. As shown in Table replacing MDAM with PMC consistently
improves performance across all benchmarks. On VT5000, PMC increases Fjg
from 0.865 to 0.870 and Fg from 0.850 to 0.855, with similar gains observed on
VT821 (E,,: 0.919 — 0.925). These results suggest that pixel-wise competition
better models spatially varying reliability, enabling adaptive modality selection
and more accurate saliency predictions.

Table 10: Ablation study of the proposed PMC compared with the baseline
MDAM |35]. Best results are highlighted in bold.

VT821 VT1000 VT5000
Smt Fgt Fg't Ent M} Sut Fgt Fg't Ent M| Sut Fgt Fg/t Ent M

MDAM |35 0.890 0.853 0.840 0.919 0.030 0.932 0.913 0.911 0.951 0.018 0.896 0.865 0.850 0.933 0.029
PMC(Ours) 0.892 0.857 0.846 0.925 0.031 0.932 0.915 0.913 0.951 0.018 0.897 0.870 0.855 0.937 0.029

Variant

5 Conclusion

In this work, we present RA-SOD, a reliability-aware RGB-T salient object de-
tection framework designed to address modality degradation in real-world en-
vironments. Unlike existing approaches that mainly focus on fusion strategies,
RA-SOD treats reliability as a fundamental principle and models it across rep-
resentation learning, decoding refinement, and fusion. Specifically, a reliability-
conditioned backbone adaptively compensates degraded features while preserv-
ing structural priors, an uncertainty-guided dual-stream decoder prevents unre-
liable cues from being propagated, and a pixel-wise modality competition strat-
egy enables spatially adaptive cross-modal integration. Extensive experiments on
multiple benchmarks demonstrate that RA-SOD achieves state-of-the-art perfor-
mance and strong robustness under severe degradation conditions, highlighting
the importance of reliability modeling for robust cross-modal perception.
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