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Abstract
Multi-modal fusion serves as a cornerstone for successful depth map super-resolution. However, commonly used fusion
strategies, such as addition and concatenation, fall short of effectively bridging the modal gap. As a result, guided image
filtering methods have been introduced to mitigate this issue. Nevertheless, it is observed that their filter kernels usually
encounter significant texture interference and edge inaccuracy. To tackle these two challenges, we introduce a Scene Prior
Filtering network, SPFNet, which utilizes the priors’ surface normal and semantic map from large-scale models. Specifically,
we propose an All-in-one Prior Propagation that computes similarity between multi-modal scene priors, i.e., RGB, normal,
semantic, and depth, to reduce the texture interference. Besides, we design a One-to-one Prior Embedding that continuously
embeds every single modal prior into depth using Mutual Guided Filtering, further alleviating texture interference while
enhancing edge representations. Our SPFNet has been extensively evaluated on both real-world and synthetic datasets,
achieving state-of-the-art performance. Project page: https://yanzq95.github.io/projectpage/SPFNet/index.html.
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1 Introduction

Advances in sensor technology have led to the exten-
sive application of depth cues in various fields, such as
autonomous driving (Qiao et al., 2024; Sun et al., 2021; Yan
et al., 2023), 3D reconstruction (Song et al., 2020; Yan et
al., 2023; Yang et al., 2022), and virtual reality (Yuan et al.,
2023; Zhou et al., 2023). However, depth measurements are
typically low resolution (LR) due to sensor limitations and
the complexity of imaging environments. Recently, a num-
ber of guided image filtering approaches (Kim et al., 2021;
Li et al., 2019; Pan et al., 2019; Zhong et al., 2023) have been
proposed to facilitate depth super-resolution (DSR). Never-
theless, the filter kernels, which are constructed directly from
RGB images, often suffer from significant texture interfer-
ence, and the clarity near edges is typically compromised.
For instance, as depicted in Fig. 1(e) and (f) (yellow boxes),
the filter kernels of DKN (Kim et al., 2021) and DAGF
(Zhong et al., 2023) contain a substantial amount of tex-
tures. Fig. 1(i) shows that these two kernels display too many
abrupt changes, while the ground-truth depth is considerably
smoother. These observations demonstrate that the texture
interference is not conducive to depth recovery. Moreover,
within thewhite boxes, the edges and their neighboring pixels
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Fig. 1 Visualizations of scene priors and filter kernels. The nor-
mal (Nor.) (b) and semantic (Sem.) (c) are produced from (a) using
Omnidata (Eftekhar et al., 2021) andSAM(Kirillov et al., 2023), respec-
tively. (e) and (f) are the filter kernels derived from DKN (Kim et al.,

2021) and DAGF (Zhong et al., 2023), while (g) and (h) are from our
SPFNet. (d) is the ground-truth (GT) depth, and (i) is the normalized
kernel distribution

showhigh similarity, leading to an insufficient contrast. Com-
pared to the RGB input, Fig. 1(b) indicates that the surface
normal is largely devoid of texture interference. On the other
hand, Fig. 1(c) shows that the semantic map displays clear
edges between different categories. These inherent character-
istics are highly advantageous for constructing filter kernels
with less interference and more distinct edges.

Drawing from the observations above, we design a novel
scene prior filtering network (SPFNet) to reduce texture inter-
ference and enhance edge accuracy. Specifically, we first
employ large-scale models (Eftekhar et al., 2021; Kirillov
et al., 2023) to generate normal and semantic priors from
RGB input. An all-in-one prior propagation (APP) is intro-
duced, which computes the similarity between multi-modal
scene priors, i.e., RGB, normal, semantic, and depth, to
weaken the interference. In addition, we present a one-to-
one prior embedding (OPE) that sequentially incorporates
each single-modal prior into depth using mutual guided
filtering (MGF), further diminishing the interference and
enhancing edges via normal and semantic. The MGF com-
prises a bidirectional path, that is, prior-to-depth filtering
anddepth-to-prior filtering.Theprior-to-depthfiltering trans-
fers the accurate structural components from scene priors
to depth. Conversely, the depth-to-prior filtering leverages
depth knowledge to accentuate edges of these scene priors
while downplaying the undesired textures.

As a result, Fig. 1(g) and (h) show that the kernels pro-
duced by our SPFNet are largely resistant to interference and
exhibit precise edges. Furthermore, Fig. 1(i) shows that the

distribution of our normal and semantic filter kernels aligns
more closely with the GT, as compared to DKN and DAGF.

The main contributions of this work are:

– To address the issues of texture interference and edge
inaccuracy in DSR, we are pioneering the incorporation
of scene priors from large-scale models.

– We propose SPFNet, which recursively implements
the novel all-in-one prior propagation, one-to-one prior
embedding, and mutual guided filtering to further dimin-
ish texture interference and enhance edges.

– Extensive experiments on both real-world and synthetic
datasets demonstrate that our SPFNet achieves superior
performance, reaching the state-of-the-art.

2 RelatedWork

2.1 Multi-Modal Fusion Based DSR

Much progress in guided DSR (Gu et al., 2017; Yan et al.,
2022; Zhong et al., 2021) based on deep learning has been
made in recent years. Deng and Dragotti (2020) utilize
multi-modal convolutional sparse coding to extract the com-
mon features between RGB and depth. DCTNet (Zhao et
al., 2023) develops spherical space feature decomposition to
separate shared and private features. In Zhao et al. (2023),
project both RGB and depth features into a spherical space to
separate their private features and align the shared ones. Sim-
ilarly, (Yuan et al., 2023) introduce a deep contrast network to
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split the depth into high-frequency and low-frequency maps.
Most recently, a few methods (Deng et al., 2023; Wang et
al., 2025, ?) exploit depth structure recovery. For instance,
DADA (Metzger et al., 2023) combines anisotropic diffusion
and a convolutional network to improve the edge transfer-
ring property of diffusion. In Wang et al. (2024), SGNet
designs a structure-guided network that employs the gradi-
ent and frequency domains for structure enhancement. To
enhance the accuracy of DSR in real-world scenarios,(He
et al., 2021) establish a real-world RGB-D benchmark and
develop a baseline method for real-world DSR based on
octave convolution. DORNet (Wang et al., 2025) introduces
a degradation-oriented and regularized framework, which
selectively aggregates RGB and depth features by modeling
the degradation representations between LR and HR depths.
More recently, some methods have attempted to introduce
foundation models to enhance depth quality. For example,
(Yan et al., 2025) utilize a depth estimation foundationmodel
to provide dual constraints forHRdepth restoration. (Wang et
al., 2025) introduce a powerful depth-aware model on large-
scale datasets, which directly predicts accurate depth from
RGB. (Viola et al., 2025) use sparse depth as a condition for
a pre-trained depth generation model to restore dense depth
fromRGBand sparse depth.Unlike previousmethods,which
directly transform RGB features to depth, we focus more on
leveraging normal and semantic priors to attenuate texture
interference and improve accuracy near edges.

2.2 Guided Image Filtering based DSR

To transfer the structure information from guidance to tar-
get, numerous guided image filtering methods (He et al.,
2012; Shen et al., 2015; Zhong et al., 2023) have been pro-
posed in recent years. Li et al. (2019) develop joint image
filtering based on deep convolutional networks to selectively
transfer the structure from RGB to depth, and DKN (Kim et
al., 2021) presents a deformable kernel network that explic-
itly generates a spatially-variant filter kernel and outputs
sets of neighborhoods for each pixel. In Wang et al. (2023),
utilize the hybrid side window filtering to propagate multi-
scale structure knowledge from RGB to depth. In contrast,
our method focuses more on minimizing texture interference
within filter kernels and improving edge accuracy by exploit-
ing scene priors and similarity maps.

2.3 Scene Prior Awareness

Surface normal and semantic priors contain rich geometry
and boundary information. Recently, several methods (Kir-
illov et al., 2023; Qiu et al., 2019; Shao et al., 2024; Wu et
al., 2023; Yang et al., 2018) have been designed to explore
the use of these priors for facilitating downstream tasks. Xu
et al. (2019) learn the geometric constraints between depth

and surface normal in a diffusion module to improve the per-
formance of depth completion. Qiu et al. (2019) integrate
guided image and surface normal to enhance the depth accu-
racy, and Fan et al. (2020) present a data-fusion CNNmethod
that fuses inferred surface normal and image for accurate free
space detection. In addition, SKF (Wu et al., 2023) devel-
ops a semantic-aware knowledge-guided model to embed
semantic prior in feature representation space for low-light
image enhancement. In Jung et al. (2021), incorporate seman-
tics into geometric representation to improve self-supervised
monocular depth estimation.

Additionally, some methods attempt to leverage other
prior to enhance the image. For instance, Xiao et al. (2025)
optimize neuronal membrane potential and regulate spik-
ing activity by designing a spiking attention block, while
jointly modeling spatiotemporal features and mining non-
local semantic priors to achieve efficient remote sensing
image reconstruction. In Wang et al. (2025), propose a
coarse-to-fine fusion strategy that integrates accurate but
incompletemetric depthwith complete yet relative geometric
structure priors, enabling zero-shot generalization for depth
restoration.

In this work, we leverage large-scale models to generate
accurate surface normal and semantic priors from HR RGB.
Both are utilized as prompts to alleviate texture interference
and facilitate the quality of depth restoration.

2.4 Bidirectional Guidance

The bidirectional guidance mechanism is widely applied in
many computer vision tasks, achieving sufficient feature rep-
resentation through information interaction. For example,
Dong et al. (2022) design a cross-domain adaptive filter
to achieve mutual modulation of multi-modal inputs, and
DAGF (Zhong et al., 2023) combines filter kernels from
the guidance and target to model pixel-wise dependency
between the two input images. In addition, Jiang et al. (2025)
propose a direction-aware attention wavelet network based
on mutual representation, which models the directionality
of rain streaks via vector decomposition to achieve pre-
cise removal of heterogeneous rain streaks. Zhang et al.
(2024) introduce a dual-task collaborative mutual promo-
tion framework, which achieves joint optimization of image
dehazing and depth estimation through an alternating differ-
ence perception. Different from these approaches that use
bidirectional guidance to fully fuse guidance and target fea-
tures, our method focuses more on leveraging the structural
correlation between scene priors and depth tomitigate texture
interference.
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Fig. 2 Overview of SPFNet (left) and its distilled variant SPFNet-D
(right). For SPFNet, large-scale models are first employed to generate
the normal prior In and semantic prior I s from RGB Ir . Then, In and
I s are fed together with Ir into multiple iteratively executed APP-OPE
modules (APP and OPE are connected in series) to transfer scene prior
knowledge into depth features, thereby reconstructing HR depth Dhr .
For SPFNet-D, the encoded features of normal and semantic models are

separately extracted, yielding Fe
n and Fe

s . Additionally, a prior distilla-
tion regularization (consisting of normal term Lnor and semantic term
Lsem ) is introduced to distill normal and semantic features into RGB
features Fn

r and Fs
r , effectively reducing the computational overhead of

large-scale models during inference. The distilled Fn
r and Fs

r replace
the normal and semantic feature flows as input to the depth branch,
whose architecture is kept identical to that of the original SPFNet

2.5 Image Super-Resolution Quality Assessment

Recently, numerous image quality assessment methods have
been proposed to automatically evaluate the quality of
reconstructed images. Zhou and Wang (2022) introduce a
super-resolution (SR) image fidelity index that adaptively
combines deterministic fidelity and statistical fidelity through
an uncertainty weighting scheme. Li et al. (2024) design a
full-reference bi-directional attention network for SR image
quality assessment, enabling dynamic bidirectional inter-
actions between the SR image generation process and the
quality assessment process. In Zhou et al. (2020), develop
a no-reference SR image quality assessment approach that
adopts a two-stream convolutional network architecture to
extract features related to structural degradation and texture
distribution changes in SR images, thereby simulating the
human visual system’s perception of image distortions.More
recently, Li et al. (2025) employ a bi-directional attention
mechanism to model the bidirectional interaction between
SR image generation and evaluation, integrating grouped
multi-scale deformable convolution and sub-information
excitation convolution to achieve adaptive assessment.

3 Scene Prior Filtering Network

In this section, we begin by introducing the overall archi-
tecture of our SPFNet and its distilled variant, termed
SPFNet-D. We then provide a detailed description of the
proposed all-in-one prior propagation (APP), one-to-one

prior embedding (OPE), and mutual guided filtering (MGF).
Finally, we present the loss function used for training.

3.1 Network Architecture

A naive guided DSR architecture generally incorporates an
RGB guidance branch and a depth recovery branch. In our
method, we introduce additional normal and semantic guid-
ance branches, collectively forming the scene prior branch.
Subsequently, in the depth recovery branch, the HR depth
is progressively restored through multiple stages, under the
guidance of the scene prior branch.

As shown in Fig. 2, our method comprises two variants:
SPFNet (left) and SPFNet-D (right). Specifically, we first
propose the original SPFNet, which leverages surface nor-
mal and semantic priors predicted by large-scale models
as prompts to mitigate texture interference in RGB input
while enhancing the representation of depth edges. To reduce
the computational burden introduced by large-scale models
during inference, we further introduce SPFNet-D. This vari-
ant distills the encoded features from surface normal and
semantic models into RGB features to replace the direct
use of estimated surface normal and semantic maps. Con-
sequently, SPFNet-D effectively eliminates the additional
computational overhead while attenuating texture interfer-
ence in RGB features and refining depth edges.
SPFNet. As illustrated in Fig. 2 (left), SPFNet mainly con-
sists of two components: the scene prior branch and depth
branch. Given RGB Ir ∈ Rsh×sw×3 as input, the scene prior
branch separately execute pre-trained large-scale models for
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surface normal and semantic prediction, obtaining the normal
prior In ∈ Rsh×sw×3 and semantic prior I s ∈ Rsh×sw×1. h
and w are the height and width of LR depth, and s is the
upsampling factor. Subsequently, Ir , In , and I s are each
mapped into the feature space through 3 × 3 convolutional
layers, generating the RGB feature flow F0

r , the normal fea-
ture flow F0

n , and the semantic feature flow F0
s . In the depth

branch, the LR depth Dlr ∈ Rh×w×1 is first encoded through
convolutional layers into the initial depth features F0

d . These
features, along with the RGB, normal, and semantic feature
flows from the scene prior branch, are then fed into multi-
ple APP-OPE modules (where APP and OPE are cascaded).
Specifically, APP computes the structural similarity between
all scene priors and the depth to filter out structural infor-
mation in the scene priors that is highly correlated with the
depth, thereby preliminarily reducing irrelevant texture inter-
ference. Building on this, OPE iteratively takes the scene
priors refined by APP, together with the similarity weights,
as input to generate filtering kernels without texture inter-
ference. This enables the transfer of knowledge from the
large model that aligns with the similarity weights to the
depth features. As a result, APP-OPE effectively suppress
interference from RGB textures while enhancing depth rep-
resentations, producing enhanced depth features Fi

d , normal
features Fi

n , RGB features Fi
r , and semantic features Fi

s .
Finally, an upsampling module (composed of a transposed
convolution layer and a 3 × 3 convolution layer) is used to
aggregate these prior and depth features, thereby reconstruct-
ing HR depth Dhr ∈ Rsh×sw×1:

Dhr = fup(�(Fi
n, F

i
r , F

i
s, F

i
d)), (1)

where �(·) represents concatenation operation.
To achieve a better balance betweenmodel complexity and

reconstruction quality, we introduce a lightweight SPFNet-T.
This model reduces the number of channels in all convolu-
tional layers to one-seventh of those in SPFNetwhile keeping
the original network architecture unchanged. As a result,
the trainable parameter count of SPFNet-T is approximately
2.09% of the original model.
SPFNet-D. Additionally, we further design a scene prior
distillation variant, SPFNet-D, which effectively eliminates
additional computational overhead from large-scale models.
As shown on the right side of Fig. 2, our SPFNet-D first
extracts encoded features from the normal model and the
semantic model separately, obtaining Fe

n and Fe
s . Then, we

use encoders εrn and εrs to map the RGB input to features
Fn
r and Fs

r , where the shapes of Fn
r and Fs

r are consistent
with Fe

n and Fe
s , respectively. εrn and εrs first extract initial

RGB features through multiple stacked 3 × 3 convolutional
layers andReLU activation layers. Then,multiple transposed
convolutional layers and convolutional layers with a stride of

2 are composed to ensure the feature resolution is consistent
with that of the large model encoder output.

Next, we introduce a prior distillation regularization to
transfer normal and semantic knowledge from large-scale
models into the RGB features, including a normal term Lnor

and a semantic term Lsem :

Lnor =
C∑

k=1

ϕ

(
Fn

N

τ1

)
�

[
�

(
ϕ

(
Fn

N

τ1

))
−�

(
ψ

(
Fnr

N

τ1

))]
,

Lsem =
C∑

k=1

ϕ

(
Fs

N

τ2

)
�

[
�

(
ϕ

(
Fs

N

τ2

))
−�

(
ψ

(
Fsr

N

τ2

))]
,

(2)

where Fn
N = fn(Fe

n(k)), Fnr
N = fn(Fn

r (k)), Fs
N =

fn(Fe
s(k)), and Fsr

N = fn(Fs
r (k)). C is the number of

RGB feature channels, and fn represents normalization.�(·)
denotes log function. ϕ(·) and ψ(·) are softmax and log
softmax functions, respectively. τ1 and τ2 are temperature
parameters, while � refers to element-wise multiplication.

Finally, the distilled RGB features Fn
r and Fs

r are fed into
the depth branch to replace the original normal and semantic
feature flows of SPFNet. This replacement mitigates tex-
ture interference and enhances depth edge representations
without introducing additional computational overhead. Fur-
thermore, the depth branch in SPFNet-D is maintained
identically to that of the original SPFNet.

3.2 All-in-one Prior Propagation

The proposed APPweakens the texture interference by using
the inherent characteristics of scene priors from large-scale
models. It computes the similarity between the multi-modal
scene priors (RGB, normal, semantic, and depth), which is
then used to mitigate the interference and promote the gen-
eration of prior filter kernels. As shown in Fig. 3(a), we first
downsample prior features Fi−1

n , Fi−1
r , and Fi−1

s to match
the size of the depth features Fi−1

d , producing downsampled
features Fi−1

dn , Fi−1
dr , and Fi−1

ds .
Next, APP unfolds (by 3 × 3 kernel) depth features and

downsampled scene prior features into patches, denoted as
ni−1
j , r i−1

j , si−1
j , and di−1

j , where j ∈ [1, h × w]. Subse-
quently, we compute the patch similarity σ

p
j between the

j-th prior patch pi−1
j (e.g., r i−1

j , ni−1
j , si−1

j ) and depth patch

di−1
j using normalized inner product:

σ
p
j =

〈
pi−1
j∥∥∥pi−1
j

∥∥∥
,

di−1
j∥∥∥di−1
j

∥∥∥

〉
. (3)

The overall similarity between the scene prior and depth
features can be derived by calculating the σ

p
j of all patches,
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Fig. 3 Scheme of (a) All-in-one Prior Propagation (APP), and (b) his-
togram comparison of scene prior features. Features Fi−1

dn , Fi−1
dr , and

Fi−1
ds are downsampled from Fi−1

n , Fi−1
r , and Fi−1

s , matching the size

of depth features Fi−1
d . The downsampling module consists of strided

convolutions and ReLU activation functions

generating normal wi
n , semantic wi

s , and RGB wi
r weights:

wi
r = γ1 ◦ wi

n + γ2 ◦ wi
s + fr (�h×w

j=1 σ r
j ), (4)

where wi
n = fr (�h×w

j=1 σ n
j ), w

i
s = fr (�h×w

j=1 σ s
j ). �(·) and ◦

represent concatenation and scalar multiplication. γ1 and γ2
are learnable constant parameters initialized to zero, which
are used to adaptively adjust the contribution of normal and
semantic priors similarity to RGB. fr is a reshape function
that transforms input to the dimensions of Fi−1

dr .
Finally, theAPPutilizes the similarityweights to attenuate

interference in the scene prior features, generating enhanced
normal features Fi−1

en , RGB features Fi−1
er , and semantic

features Fi−1
es . Fig. 3(b) illustrates a comparison of the distri-

butions between the prior features and depth features before
and after using the APP module. It can be found that the
output prior features are closer to the distribution of depth
features, demonstrating that our APP succeeds in calibrating
prior features and reducing interference.

3.3 One-to-One Prior Embedding

The OPE module continuously integrates each single-modal
prior (normal, semantic, and RGB) into depth to further
reduce interference and enhance edges. Fig. 4(a) shows the
main steps of the OPE module. First, given the enhanced
scene prior features (Fi−1

en , Fi−1
er , Fi−1

es ), similarity weights
(wi−1

n ,wi−1
r ,wi−1

s ), and depth features Fi−1
d , OPE conducts

MGF, denoted as fm , to successively embed each single-

modal prior into depth features:

Fi
n, F

i
nd = fm( fc(F

i−1
d ), Fi−1

en ,wi−1
n ),

Fi
s, F

i
sd = fm(Fi−1

id1 , Fi−1
es ,wi−1

s ),

Fi
r , F

i
rd = fm(Fi−1

id2 , Fi−1
er ,wi−1

r ),

(5)

where Fi−1
id1 = fc(�( fc(F

i−1
d ),

Fi
nd)), F

i
id2= fc(�(Fi

id1, F
i
ns)). F

i
n , F

i
s , and F

i
r indicate the

filtered normal, semantic, and RGB features, respectively. In
addition, Fi

nd , F
i
sd , and Fi

rd correspond to the filtered depth
features of normal-to-depth, semantic-to-depth, and RGB-
to-depth, respectively. fc denotes convolutional layer. Then,
OPE aggregates the filtered scene prior and depth features:

Fi
d = fc(�(Fi

dn, F
i
ds, F

i
dr , F

i
f d)) + Fi−1

d , (6)

where Fi
d represents the enhanced depth features. Fi

f d =
fc(�(Fi

i f 1, F
i
i f 2, fc(Fi

rd , F
i
i f 2))) + Fi−1

d .
Mutual Guided Filtering. In contrast to existing guided fil-
tering methods (Dong et al., 2022; Kim et al., 2021; Zhang
& Wu, 2023; Zhong et al., 2023), our MGF focuses more
on employing scene priors and similarity weights to reduce
texture interference within the filter kernel and enhance the
accuracy of the edge representations. As depicted in the pur-
ple part of Fig. 4(a), it includes both prior-to-depth filtering
(P2D) and depth-to-prior filtering (D2P).

For P2D, given the APP-enhanced scene prior features
Fi−1
ep (e.g., Fi−1

en , Fi−1
er , Fi−1

es ), similarity weightswi−1
p (e.g.,
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Fig. 4 Scheme of (a) One-to-one Prior Embedding (OPE), and (b) gradient histogram of filter kernels in the texture area (green box). The surface
normal, semantic, and RGB kernels are generated by our Mutual Guided Filtering (MGF)

wi−1
n , wi−1

r , wi−1
s ), and depth features Fi−1

id as inputs, MGF
first executes the kernel generator to construct a scene prior
filtering kernel, denoted as ki−1

pd . The kernel generator con-
sists of a 1×1 convolutional layer, aReLUactivation function
layer, and a normalization operation. Furthermore, the prior-
to-depth Filter Kernel Generator and the depth-to-prior Filter
Kernel Generator share an identical network.

These kernels are subsequently applied to filter the depth
features Fi

id , thereby enabling the transfer of high-frequency
components from the scene priors to the depth. The filtered
depth features Fi

pd is described as:

Fi
pd = Fi−1

id ⊗ ki−1
pd + Fi−1

id , (7)

where ki−1
pd = fkg(Fi−1

ep ,wi−1
p ). fkg stands for kernel gen-

erating module, consisting of a 1 × 1 convolution and an
activation function. ⊗ is the filtering operation.

Similarly, for depth-to-prior filtering,wi−1
p and the filtered

depth features Fi
pd are first fed into fkg , generating the depth

filter kernel ki−1
dp . Then, MGF filters prior features Fi−1

ep to
preserve the structure required for the depth and further atten-
uate interference. The filtered prior features Fi

p is defined
as:

Fi
p = Fi−1

ep ⊗ ki−1
dp + Fi−1

ep , (8)

where depth filter kernel ki−1
dp = fkg(Fi

pd ,w
i−1
p ).

As illustrated in Fig. 4(b), we present the gradient his-
togram comparisons of filter kernels. Notably, the surface
normal, semantic, and RGB kernels predicted by our method
exhibit less gradient variations and are closer to the ground
truth depth than other methods. These results further demon-

strate that our MGF can efficiently mitigate texture interfer-
ence and enhance edge representations.

3.4 Loss Functions

Given the predicted depth Dhr and ground-truth depth Dgt as
input,we introduce a common reconstruction loss to optimize
our SPFNet:

Ltotal1 =
∑

q∈Q

∥∥Dq
gt − Dq

hr

∥∥
1
, (9)

where Q is the set of valid pixels of Dgt . ‖·‖1 is L1 norm.
Furthermore, to train the distillation variant SPFNet-

D, we incorporate the reconstruction loss from original
SPFNet with prior distillation regularization (as defined in
Eq. (2)):

Ltotal2 =
∑

q∈Q

∥∥Dq
gt − Dq

hr

∥∥
1
+ λ1Lnor + λ2Lsem, (10)

where λ1 and λ2 are hyperparameters, both set to 0.001.

4 Experimental Results

In this section, we conduct extensive experiments to evalu-
ate the performance of our proposed SPFNet. Specifically,
we first elaborate on the experimental setup and implemen-
tation details. Then, we present the comparison results with
previous state-of-the-artmethods across several experiments:
synthetic DSR, real-world DSR, model complexity analysis,
and joint DSR with denoising. To further demonstrate the
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Table 1 Quantitative comparisons on synthetic DSR benchmarks. Following priormethods (He et al., 2021; Zhao et al., 2022), RMSE in centimeters
is used as the evaluation metric, with lower values indicating better performance. The best and second-best results are marked

Methods NYU-v2 RGB-D-D Lu Middlebury Venue
×4 ×8 ×16 ×4 ×8 ×16 ×4 ×8 ×16 ×4 ×8 ×16

Bicubic downsampling

DJF Li et al. (2016) 2.80 5.33 9.46 3.41 5.57 8.15 1.65 3.96 6.75 1.68 3.24 5.62 ECCV 2016

DSRNet Guo et al. (2018) 3.00 5.16 8.41 - - - 1.77 3.10 5.11 1.77 3.05 4.96 TIP 2018

DJFR Li et al. (2019) 2.38 4.94 9.18 3.35 5.57 7.99 1.15 3.57 6.77 1.32 3.19 5.57 PAMI 2019

PAC Su et al. (2019) 1.89 3.33 6.78 1.25 1.98 3.49 1.20 2.33 5.19 1.32 2.62 4.58 CVPR 2019

CUNet Deng and Dragotti (2020) 1.92 3.70 6.78 1.18 1.95 3.45 0.91 2.23 4.99 1.10 2.17 4.33 PAMI 2020

DKN Kim et al. (2021) 1.62 3.26 6.51 1.30 1.96 3.42 0.96 2.16 5.11 1.23 2.12 4.24 IJCV 2021

FDKN Kim et al. (2021) 1.86 3.58 6.96 1.18 1.91 3.41 0.82 2.10 5.05 1.08 2.17 4.50 IJCV 2021

FDSR He et al. (2021) 1.61 3.18 5.86 1.16 1.82 3.06 1.29 2.19 5.00 1.13 2.08 4.39 CVPR 2021

GraphSR De Lutio et al. (2022) 1.79 3.17 6.02 1.30 1.83 3.12 0.92 2.05 5.15 1.11 2.12 4.43 CVPR 2022

SUFT Shi et al. (2022) 1.12 2.51 4.86 1.10 1.69 2.71 1.10 1.74 3.92 1.07 1.75 3.18 MM 2022

DCTNet Zhao et al. (2022) 1.59 3.16 5.84 1.08 1.74 3.05 0.88 1.85 4.39 1.10 2.05 4.19 CVPR 2022

DAGF Zhong et al. (2023) 1.36 2.87 6.06 1.14 1.76 2.82 0.83 1.93 4.80 1.15 1.80 3.70 TNNLS 2023

RSAG Yuan et al. (2023) 1.23 2.51 5.27 1.14 1.75 2.96 0.79 1.67 4.30 1.13 2.74 3.55 AAAI 2023

DADA Metzger et al. (2023) 1.54 2.74 4.80 1.20 1.83 2.80 0.96 1.87 4.01 1.20 2.03 4.18 CVPR 2023

SSDNet Zhao et al. (2023) 1.60 3.14 5.86 1.04 1.72 2.92 0.80 1.82 4.77 1.02 1.91 4.02 ICCV 2023

SGNet Wang et al. (2024) 1.10 2.44 4.77 1.10 1.64 2.55 1.03 1.61 3.55 1.15 1.64 2.95 AAAI 2024

DORNet Wang et al. (2025) 1.19 2.70 5.60 1.15 1.80 2.97 0.92 1.75 4.41 1.05 1.76 3.48 CVPR 2025

SPFNet-T 1.52 3.03 5.71 1.16 1.77 2.90 0.80 1.69 4.31 1.04 1.77 3.36 -

SPFNet-D 1.09 2.39 4.67 1.12 1.71 2.56 0.92 1.57 3.22 1.06 1.59 2.87 -

SPFNet 1.09 2.36 4.55 1.13 1.71 2.53 0.90 1.56 3.20 1.05 1.57 2.79 -

Nearest-neighbor downsampling

DJF Li et al. (2016) 3.54 6.20 10.21 2.14 3.32 4.92 2.54 4.71 7.66 2.14 3.77 6.12 ECCV 2016

DSRNet Guo et al. (2018) 3.49 5.70 9.76 - - - 2.57 4.46 6.45 2.08 3.26 5.78 TIP 2018

DJFR Li et al. (2019) 3.38 5.86 10.11 1.90 3.11 4.89 2.22 4.54 7.48 1.98 3.61 6.07 PAMI 2019

PAC Su et al. (2019) 2.82 5.01 8.64 - - - 2.48 4.37 6.60 1.91 3.20 5.60 CVPR 2019

CUNet Deng and Dragotti (2020) 4.09 6.25 10.23 1.85 3.07 5.01 2.15 4.33 7.72 2.06 3.97 6.36 PAMI 2020

DKN Kim et al. (2021) 2.46 4.76 8.50 1.92 2.91 4.46 2.35 4.16 6.33 1.93 3.17 5.49 IJCV 2021

FDKN Kim et al. (2021) 2.62 4.99 8.67 1.84 2.93 4.76 2.64 4.55 7.20 2.21 3.64 6.15 IJCV 2021

FDSR He et al. (2021) 2.50 4.62 7.77 1.83 2.77 4.07 2.17 3.97 6.51 1.85 2.97 5.31 CVPR 2021

DCTNet Zhao et al. (2022) 2.56 4.89 9.11 1.86 2.86 4.28 2.31 4.17 6.69 1.81 2.96 5.39 CVPR 2022

SUFT Shi et al. (2022) 2.05 4.11 7.26 1.85 2.79 3.95 2.07 3.63 6.16 1.76 2.76 5.16 MM 2022

DAGF Zhong et al. (2023) 2.35 4.62 7.81 1.78 2.65 3.95 1.96 3.81 6.16 1.78 2.73 4.75 TNNLS 2023

RSAG Yuan et al. (2023) 2.67 4.73 7.66 1.80 2.79 4.01 2.11 3.91 6.32 1.73 2.98 5.05 AAAI 2023

SGNet Wang et al. (2024) 1.94 4.04 7.31 1.81 2.66 3.74 1.98 3.58 5.82 1.72 2.76 4.43 AAAI 2024

DORNet Wang et al. (2025) 2.02 4.10 7.55 1.89 2.85 4.03 2.08 3.72 6.14 1.73 2.72 4.68 CVPR 2025

SPFNet-T 2.53 4.83 8.24 1.88 2.90 4.17 2.35 4.26 6.66 1.77 2.96 4.91 -

SPFNet-D 1.92 3.96 7.10 1.84 2.74 3.83 2.07 3.65 5.78 1.71 2.64 4.39 -

SPFNet 2.24 3.96 6.74 1.76 2.76 3.74 1.94 3.46 5.48 1.65 2.62 4.39 -

generalization capability of our approach, we also conduct
experiments on other multi-modal image restoration tasks.
Finally, we perform multiple ablation studies to comprehen-
sively evaluate the effectiveness of our approach.

4.1 Experimental Setups and Implementation
Details

We carry out extensive experiments on five DSR datasets,
including NYU-v2 (Silberman et al., 2012), Lu (Lu et
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Fig. 5 Visual results and error maps on four synthetic datasets (×16). Brighter colors in error maps indicate larger errors

al., 2014), Middlebury (Hirschmuller & Scharstein, 2007;
Scharstein & Pal, 2007), RGB-D-D (He et al., 2021), and
TOFDSR (Yan et al., 2025).We utilize theRootMean Square
Error (RMSE) metric in centimeters to evaluate the DSR
methods (Kim et al., 2021; Shi et al., 2022; Zhao et al., 2023).
During training, the scene priors and GT depth are cropped
to 256 × 256. We employ the Adam (Kingma & Ba, 2014)
optimizer with an initial learning rate of 1 × 10−4 to train
our method. The proposed model is implemented in PyTorch
with a single NVIDIA RTX 4090.

4.2 Comparison with the State-of-the-Art DSR
methods

We compare our method with state-of-the-art approaches on
×4,×8,×16, and×32 DSR, including DJF (Li et al., 2016),
DSRNet (Guo et al., 2018), DJFR (Li et al., 2019), PAC (Su
et al., 2019), CUNet (Deng & Dragotti, 2020), DKN (Kim
et al., 2021), FDKN (Kim et al., 2021), FDSR (He et al.,
2021), SUFT (Shi et al., 2022), DCTNet (Zhao et al., 2022),
GraphSR (De Lutio et al., 2022), DAGF (Zhong et al., 2023),
RSAG (Yuan et al., 2023), DADA (Metzger et al., 2023),

SSDNet (Zhao et al., 2023), SGNet (Wang et al., 2024), and
DORNet (Wang et al., 2025).
Experimental Results on the Synthetic DSR. To assess the
performance of our method on synthetic datasets, we con-
duct extensive experiments on the NYU-v2, Lu, Middlebury,
and RGB-D-D datasets. Similar to previous methods Kim et
al. (2021); Zhao et al. (2022); Zhong et al. (2023); Zhao et
al. (2023), the LR depth is produced by downsampling the
GT depth using bicubic interpolation and nearest-neighbor
interpolation, respectively. Ourmodel is trained on the 1, 000
RGB-D pairs of NYU-v2, with the remaining 449 pairs for
testing. Furthermore, the model pre-trained on the NYU-v2
dataset is applied directly to evaluate the Lu (6RGB-Dpairs),
Middlebury (30 pairs), and RGB-D-D (405 pairs) datasets
without any fine-tuning.

Tab. 1 demonstrates that our SPFNet achieves state-of-the-
art performance across multiple synthetic datasets under dif-
ferent downsampling (bicubic and nearest-neighbor). Specif-
ically, as shown in Tab. 1, SPFNet surpasses most competing
methods on four benchmark datasets under various down-
sampling. For example, for bicubic downsampling, our
method decreases the RMSE (×16) by 0.22cm on NYU-v2
and by 0.35cm on Lu compared to the suboptimal approach.
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Table 2 Quantitative comparisons at large-scale factor (×32) using bicubic downsampling

Datasets DJFR Li et al.
(2019)

CUNet Deng
and Dragotti
(2020)

DKN Kim et al.
(2021)

FDSR He et al.
(2021)

DCTNet Zhao
et al. (2022)

SGNet Wang et
al. (2024)

DORNet Wang
et al. (2025)

SPFNet-T SPFNet-D SPFNet

Lu 9.94 10.97 8.98 8.62 9.28 7.23 8.28 7.32 6.42 6.39

NYU-v2 14.12 15.95 12.46 14.19 13.33 11.24 10.97 10.07 8.69 8.06

RGB-D-D 6.48 7.75 5.97 5.08 5.99 5.15 5.05 4.80 4.13 3.97

Middlebury 8.57 9.23 7.76 7.26 8.22 6.79 6.87 6.09 5.59 5.90

Fig. 6 Visual results on the synthetic RGB-D-D dataset (×32).

Table 3 Quantitative comparisons with existing state-of-the-art methods on the real-world RGB-D-D and TOFDSR datasets

Datasets DJFR Li et al.
(2019)

CUNet Deng
and Dragotti
(2020)

DKN Kim et al.
(2021)

FDSR He et al.
(2021)

DCTNet Zhao
et al. (2022)

SUFT Shi et al.
(2022)

SSDNet Zhao
et al. (2023)

SGNet Wang et
al. (2024)

SPFNet-TSPFNet-DSPFNet

RGB-D-D5.52 5.84 5.08 5.49 5.43 5.41 5.38 5.32 4.68 3.71 4.21

TOFDSR 5.72 6.04 5.50 5.03 5.16 4.37 - 4.33 5.13 4.51 4.58

For nearest-neighbor downsampling, SPFNet outperforms
the second-best method by 0.52cm on ×16 NYU-v2 and
0.34cm on ×16 Lu. Additionally, our SPFNet-D also deliv-
ers competitive accuracy while maintaining satisfactory
efficiency. Specifically, SPFNet-D exceeds the second-best
approach with RMSE reductions of 0.10cm under bicubic
downsampling and 0.16cm under nearest-neighbor down-
sampling on the ×16 NYU-v2 dataset.

Fig. 5 presents the visual results on synthetic datasets with
bicubic downsampling. It is evident that our method predicts
depth with superior edge accuracy. For example, the edges
of the human hand and the sculpture are more distinct than
others, and the error maps display smaller errors.

Furthermore, Tab. 2 lists the quantitative comparisons on
×32 DSR, showing that both our SPFNet and SPFNet-D
achieve the best performance at this large scale factor. For

RGB DKN FDSR DCTNet SPFNet GTSPFNet-D

RGB-D-D

TOFDSR

Fig. 7 Visual results on the real-world RGB-D-D and TOFDSR datasets
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Table 4 Quantitative comparisons of joint DSR and denoising on four benchmark datasets

Methods NYU-v2 RGB-D-D Lu Middlebury
×4 ×8 ×16 ×4 ×8 ×16 ×4 ×8 ×16 ×4 ×8 ×16

Gaussian noise to LR depth

DJF Li et al. (2016) 8.53 12.38 17.86 3.06 4.37 6.44 4.87 7.43 11.25 5.31 7.69 10.63

DJFR Li et al. (2019) 7.99 11.65 17.06 2.86 4.16 6.11 4.40 6.98 10.65 5.01 7.28 10.36

CUNet Deng and Dragotti (2020) 7.80 10.72 15.52 2.74 3.98 5.76 4.07 6.54 9.84 4.77 6.81 9.80

DKN Kim et al. (2021) 7.06 10.26 15.40 2.72 3.92 5.89 4.21 6.36 9.81 4.33 6.67 9.77

FDKN Kim et al. (2021) 7.41 10.69 15.72 2.73 4.03 6.09 4.12 6.54 11.63 4.48 6.66 9.86

FDSR He et al. (2021) 5.99 8.68 13.28 2.44 3.48 4.99 3.77 6.24 9.87 - 5.73 8.66

SUFT Shi et al. (2022) 5.46 7.94 12.23 2.46 3.42 4.85 3.59 6.01 9.90 3.51 5.61 8.70

DCTNet Zhao et al. (2022) 6.41 9.81 14.81 2.55 3.68 5.30 3.91 6.27 9.56 3.87 6.06 8.89

SGNet Wang et al. (2024) 5.33 7.95 12.19 2.41 3.30 4.61 3.29 5.45 8.27 3.33 5.11 7.88

DORNet Wang et al. (2025) 5.69 8.65 13.70 2.53 3.55 5.21 3.69 6.08 9.34 3.55 5.10 7.72

SPFNet-T 5.94 8.48 12.56 2.47 3.43 4.79 3.60 5.69 8.43 3.49 5.26 7.68

SPFNet-D 5.26 7.86 12.32 2.37 3.32 4.71 3.39 5.39 8.38 3.30 4.99 7.69

SPFNet 5.14 7.44 10.96 2.36 3.29 4.47 3.34 5.30 7.93 3.23 4.85 7.20

Gaussian noise to both LR depth and RGB image

DJF Li et al. (2016) 8.91 13.14 18.72 3.13 4.56 6.81 4.98 7.49 11.69 5.43 7.82 10.89

DJFR Li et al. (2019) 8.47 12.48 18.11 2.90 4.32 6.56 4.46 7.07 10.97 5.14 7.50 10.64

CUNet Deng and Dragotti (2020) 8.32 11.49 16.60 2.90 4.04 6.07 4.39 6.43 10.11 5.12 6.97 9.90

DKN Kim et al. (2021) 7.54 11.04 16.77 2.74 4.05 6.34 4.09 6.27 10.39 4.48 6.88 9.99

FDKN Kim et al. (2021) 7.54 11.23 16.92 2.76 4.12 6.37 4.09 6.53 10.59 4.50 6.94 10.12

FDSR He et al. (2021) 6.88 10.30 16.00 2.47 3.70 5.79 3.69 6.20 10.21 - 6.30 9.33

SUFT Shi et al. (2022) 6.65 9.93 15.55 2.39 3.59 5.64 3.49 5.90 10.08 3.75 6.12 9.23

DCTNet Zhao et al. (2022) 7.38 10.99 16.90 2.56 3.87 6.05 3.81 6.18 10.16 4.22 6.65 9.75

SGNet Wang et al. (2024) 6.22 9.92 15.50 2.37 3.55 5.58 3.44 5.58 9.41 3.61 5.92 8.99

DORNet Wang et al. (2025) 6.03 8.69 13.32 2.47 3.49 5.09 3.68 6.01 9.41 3.70 5.47 7.82

SPFNet-T 6.04 8.60 12.67 2.42 3.44 4.77 3.57 5.69 8.76 3.54 5.28 7.93

SPFNet-D 6.59 9.79 15.45 2.40 3.61 5.67 3.33 5.64 9.34 3.66 5.94 8.90

SPFNet 5.34 7.66 11.31 2.34 3.28 4.48 3.31 5.50 8.22 3.29 5.05 7.73
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instance, compared to the second-best approach, our SPFNet
reduces the RMSE by 2.01cm on the NYU-v2 dataset and
by 1.08cm on the RGB-D-D dataset.

Furthermore, Fig. 6 presents a visual comparison on ×32
RGB-D-D dataset, demonstrating that our method main-
tains satisfactory performance even at large scale factors.
For instance, the structure and edges of the chair predicted
by our SPFNet and SPFNet-D in Fig. 6 are more accurate
and closer to the ground truth compared to other methods.
ExperimentalResults on theReal-worldDSR.Weperform
experiments on real-world RGB-D-D and TOFDSR datasets
to evaluate the performance of DSR methods in real envi-
ronments, where LR and ground-truth depth are captured in
real-world scenes. Specifically, RGB-D-D consists of 2, 215
RGB-D pairs for training and 405 pairs for testing. Addition-
ally, we employ the colorization approach (Levin et al., 2004)
to fill in the raw LR depth in TOFDC (Yan et al., 2024) as
new LR depth input, resulting in the TOFDSR dataset, which
includes 10K RGB-D pairs in the training set and 560 pairs
in the test set.

As shown in Tab. 3, our method achieves the best per-
formance on the RGB-D-D dataset and delivers competitive
results on the TOFDSR dataset. For example, SPFNet-D
reduces RMSE by 30.26% compared to the second-best
SGNet on RGB-D-D. Unlike synthetic datasets, LR depth
captured in real-world environments often exhibits severe
structural distortion. Fig. 7 shows the visual results on the
real-world RGB-D-D and TOFDSR, demonstrating that our
approach recovers more accurate edges compared to oth-
ers. For instance, the edges of the hand (RGB-D-D) and
the arm (TOFDSR) predicted by SPFNet in Fig. 7 are more
closely aligned with the GT depth. Overall, these quantita-
tive and visual results indicate that ourmethod can effectively
improve DSR performance in real-world scenarios.
Model Complexity Analysis. To fairly validate the effec-
tiveness of our method, Fig. 8 presents a comparative
analysis between SPFNet-D and previous state-of-the-art
methods under identical experimental settings, evaluating
performance, parameters, memory usage, inference time,
and FLOPs. It can be clearly observed that our method
achieves optimal performance while maintaining competi-
tive computational costs. For example, compared with the
second-best SGNet, our method achieves a 9.30% reduction
in RMSE while maintaining comparable memory usage, and
significantly decreases the number of parameters by 64.75%,
inference time by 46.06%, and FLOPs by 68.59%.
Joint DSR and Denoising. Tab. 4 demonstrates that our
method outperforms other approaches in joint DSR and
denoising on four benchmark datasets using bicubic down-
sampling.Depth obtained in real-world environments is often
noisy, which poses a challenge to HR depth restoration. Sim-
ilar to the existing methods (Kim et al., 2021; Shin et al.,
2023; Zhong et al., 2023), we first add Gaussian noise (mean

0 and standard deviation 0.07) to the LR depth as a new input.
As evidenced by Tab. 4 (top), compared to the second-best
method, SPFNet reduces the RMSE (×16) by 1.23cm on the
NYU-v2 dataset and by 0.68cm on the Middlebury dataset.
Fig. 9 (Noisy depth) presents the visual comparison on the×8
Middlebury dataset. Notably, both our SPFNet and SPFNet-
D demonstrate strong noise robustness, enabling them to
recover highly precise and sharp depth from noisy environ-
ments. For instance, the edges of the toy and the cord restored
by our method are clearer compared to other approaches.

Following the previous method (Shin et al., 2023), we fur-
ther introduce Gaussian noise to both the LR depth and RGB
images as new inputs to simulate challenging real-world
environments. As shown in Tab. 4 (bottom), our SPFNet sur-
passes the suboptimal approach (×16) by 4.19cm RMSE
on the NYU-v2 dataset and by 1.19cm RMSE on the Lu
dataset. In addition, althoughour SPFNet-Dexhibits a perfor-
mance drop compared to the original SPFNet, it still achieves
results comparable to those of recent advancedmethods (e.g.,
SUFT (Shi et al., 2022), DCTNet (Zhao et al., 2022), and
SGNet (Wang et al., 2024)) without incurring the additional
computational cost of large-scale models. As illustrated in
Fig. 9 (Noisy RGB-D), the edges of the bowling pin recon-
structed by our method are visibly more accurate and closer
to the GT depth. In summary, these results thoroughly con-
firm the robustness of our method.

4.3 Generalization on Other Restoration Tasks

To thoroughly validate the generalization capability of our
method, we further conduct experiments on other guided
image restoration tasks, including pan-sharpening, saliency
map super-resolution, and depth completion, while keeping
the overall architecture of our method unchanged.
Pan-Sharpening. Tab. 5 reports the superiority of SPFNet
over advanced Pan-Sharpening methods on WorldView III
and GaoFen2 datasets, including GFPCA (Liao et al., 2015),
PanNet (Yang et al., 2017), MSDCNN (Yuan et al., 2018),
SRPPNN (Cai & Huang, 2020), GPPNN (Xu et al., 2021),
MutInf (Zhou et al., 2022), and PanFlow (Yang et al., 2023).
Since the ground truth itself is not available, we follow previ-
ous methods (Yang et al., 2023; Yuan et al., 2018; Zhou et al.,
2022) to generate synthetic datasets by using theWald proto-
col tool (Wald et al., 1997). In the training and test sets, PAN
images and LR multi-spectral images are cropped to sizes of
128 × 128 and 32 × 32, respectively. Additionally, PSNR,
SSIM, SAM (Yuhas et al., 1992), and ERGAS (Alparone et
al., 2007) are employed as image quality assessment metrics
to evaluate our experimental results. Compared to the subop-
timal method, we can clearly see that our SPFNet increases
the PSNR by 0.1879dB on the WorldView III dataset and
0.1776dB on the WGaoFen2 dataset.
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RGB Bicubic FDSR DCTNet SPFNet GTSPFNet-D

Noisy RGB-D

Noisy depth

Fig. 9 Visual results of joint DSR and denoising on the ×8 Middlebury dataset

Table 5 Quantitative comparisons of Pan-Sharpening on WorldView III and GaoFen2 datasets

Methods WorldView III GaoFen2
PSNR↑ SSIM↑ SAMYuhas et

al. (1992)↓
ERGASAlparone
et al. (2007)↓

PSNR↑ SSIM↑ SAMYuhas et
al. (1992)↓

ERGASAlparone
et al. (2007)↓

GFPCA Liao et al. (2015) 22.3344 0.4826 0.1294 8.3964 37.9443 0.9204 0.0314 1.5604

PanNet Yang et al. (2017) 29.6840 0.9072 0.0851 3.4263 43.0659 0.9685 0.0178 0.8577

MSDCNN Yuan et al. (2018) 30.3038 0.9184 0.0782 3.1884 45.6874 0.9827 0.0135 0.6389

SRPPNN Cai and Huang (2020) 30.4346 0.9202 0.0770 3.1553 47.1998 0.9877 0.0106 0.5586

GPPNN Xu et al. (2021) 30.1785 0.9175 0.0776 3.2593 44.2145 0.9815 0.0137 0.7361

MutInf Zhou et al. (2022) 30.4907 0.9223 0.0749 3.1125 47.3042 0.9892 0.0102 0.5481

PanFlow Yang et al. (2023) 30.4873 0.9221 0.0751 3.1142 47.2533 0.9884 0.0103 0.5512

SPFNet 30.6786 0.9244 0.0769 3.0447 47.4818 0.9895 0.0101 0.5441

Table 6 Quantitative comparisons of saliency map super-resolution on DUT-OMRON (Yang et al., 2023). The metric is Fscore

Fscore DJFR Li et al.
(2019)

CUNet Deng
and Dragotti
(2020)

DKN Kim et al.
(2021)

FDKN Kim et
al. (2021)

FDSR He et al.
(2021)

SUFT Shi et al.
(2022)

DCTNet Zhao
et al. (2022)

SGNet Wang et
al. (2024)

SPFNet

×4 0.9858 0.9863 0.9917 0.9931 - 0.9948 0.9874 0.9951 0.9967

×8 0.9599 0.9497 0.9389 0.9789 0.9819 0.9825 0.9619 0.9829 0.9844

×16 0.8975 0.8972 0.9566 0.9543 0.9549 0.9584 0.9003 0.9483 0.9475

RGB Bicubic DKN FDSR DCTNet SPFNet-T SPFNet GT

Fig. 10 Visual results of saliency map super-resolution on the DUT-OMRON dataset (×8)
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Table 7 Quantitative comparisons of depth completion on the real-world TOFDC dataset

Metrics CSPN Cheng et
al. (2018)

FusionNet Van
Gansbeke et al.
(2019)

GuideNet Tang
et al. (2020)

NLSPN Park et
al. (2020)

CFormer Zhang
et al. (2023)

RigNet Yan et
al. (2022)

PointDC Yu et
al. (2023)

TPVD Yan et
al. (2025)

SPFNet-D SPFNet

RMSE ↓ 22.4 11.6 14.6 17.4 11.3 13.3 10.9 9.2 8.1 8.0

REL ↓ 0.042 0.024 0.030 0.029 0.029 0.025 0.021 0.014 0.013 0.014

δ1.25 ↑ 94.5 98.3 97.6 96.4 99.1 97.6 98.5 99.1 99.2 99.2

δ1.252 ↑ 95.3 99.4 98.9 97.9 99.6 99.1 99.2 99.6 99.6 99.7

δ1.253 ↑ 96.5 99.7 99.5 98.9 99.9 99.7 99.6 99.9 99.8 99.9

Baseline

w/ Sem.

w/ Nor.

w/ Nor. & Sem.

Baseline w/ Nor.

w/ Sem. w/ Nor. & Sem.
3.15

3.35

3.55

3.75

3.95

4.15

4.35

4.55

4.75

NYU-v2 Lu

)
mc(

E
S

M
R

(a) Quantitative comparisons (b) Intermediate features (c) Error maps

NYU-v2 Lu

4.75 Baseline

w/ Nor.

w/ Sem.

w/ Nor. & Sem.

4.55

4.35

3.55

3.35

3.15

Fig. 11 Ablation study of surface normal and semantic on ×16 DSR. The features and error maps are derived from Lu

Table 8 Complexity comparisons on NYU-v2 and Lu (×16), where inference time is tested on NYU-v2

Methods w/o Nor. & Sem. w/ Nor. & Sem.
NYU-v2 Lu Params (M) Time (ms) NYU-v2 Lu Params (M) Time (ms)

FDSR He et al. (2021) 5.86 5.00 0.60 14.13 5.76 (−0.10) 4.59 (−0.41) 0.67 (+0.07) 14.57 (+0.44)

SUFT Shi et al. (2022) 4.86 3.92 94.36 15.65 4.81 (−0.05) 4.07 (+0.15) 99.25 (+4.89) 28.58 (+12.93)

SGNet Wang et al. (2024) 4.77 3.55 85.94 88.81 4.70 (−0.07) 3.28 (−0.27) 86.89 (+0.95) 102.35 (+13.54)

SPFNet-T 5.80 4.44 0.57 26.47 5.71 (−0.09) 4.31 (−0.13) 0.65 (+0.08) 29.57 (+3.10)

SPFNet 4.73 3.45 26.99 34.02 4.55 (−0.18) 3.20 (−0.25) 31.10 (+4.11) 51.59 (+17.57)

Saliency Map Super-resolution. Tab. 6 performs ×4, ×8,
and ×16 experiments on the DUT-OMRON (Yang et al.,
2023) dataset, which comprises 5, 168 pairs of RGB and
saliency maps, where the LR saliency maps are generated by
downsampling the GT saliency maps using bicubic interpo-
lation. Following (Kim et al., 2021; Zhong et al., 2023), the
pre-trainedmodel on theNYU-v2 dataset is directly tested on
DUT-OMRONwithout any fine-tuning. Besides, we employ
the F-measure as an evaluation metric to maintain consis-
tency with previous methods. Tab. 6 shows that our method
achieves excellent performance. For example, our SPFNet
surpasses the suboptimal approachby0.0016 in the×8 result.
Furthermore, Fig. 10 presents the visual results, showing that
our method can predict high-quality HR saliency maps with
clearer edges than others.

Depth Completion. Tab. 7 compares our method with pre-
vious state-of-the-art depth completion (DC) approaches on
the real-world TOFDC (Yan et al., 2024) dataset, includ-
ing CSPN (Cheng et al., 2018), FusionNet (Van Gansbeke
et al., 2019), GuideNet (Tang et al., 2020), NLSPN (Park
et al., 2020), CFormer (Zhang et al., 2023), RigNet (Yan et
al., 2022), PointDC (Yu et al., 2023), and TPVD (Yan et al.,
2025). Consistent with these DC methods, we select RMSE,
REL, and δ1.25x (x = 1, 2, 3) as evaluation metrics. It can be
observed that both our SPFNet and SPFNet-D achieve satis-
factory performance across all evaluationmetrics, surpassing
methods specifically designed for the DC task. For example,
compared with the suboptimal TPVD (Yan et al., 2025) and
PointDC (Yu et al., 2023), our SPFNet reduces RMSE by
1.2cm and 2.9cm, respectively.

123



International Journal of Computer Vision          (2026) 134:251 Page 15 of 20   251 

Table 9 Ablation study of SPFNet with different normal and semantic models on ×16 DSR

Methods Semantic models Normal models Datasets
MobileSAM
Zhang et al.
(2023)

SAM Kirillov
et al. (2023)

Metric3Dv2
Hu et al.
(2024)

Omnidata
Eftekhar et al.
(2021)

NYU-v2 Lu

(a) � � 4.56 3.30

(b) � � 4.61 3.33

(c) � � 4.56 3.25

(d) � � 4.55 3.20

2.75

3.15

3.55

3.95

4.35

4.75

APP & OPE-1

APP & OPE-2

APP & OPE-3

APP & OPE-4

1.54

1.57

1.59

1.62

1.64

1.67

Lu Middlebury

S+R+N S+N+R R+S+N

R+N+S N+R+S N+S+R

2.75

3.15

3.55

3.95

4.35

4.75 w/o APP & OPE

w/ APP

w/ OPE

w/ APP & OPE

NYU-v2 Lu Middlebury Lu

16

MiddleburyNYU-v2 Lu Middlebury

16 84.75

4.35

3.15

2.75

)
mc(

E
S

M
R

(b) Iterations of APP and OPE (a) APP and OPE (c) Filter order in OPE 

4.75

4.35

3.95

3.55

3.15

2.75

1.67

1.64

1.62

1.59

1.57

1.54

Fig. 12 Ablation study of APP and OPE. S+R+N refers to the filter in the order of semantic (S), RGB (R), and normal (N)

4.4 Ablation Studies

In this section, all ablation studies are conducted based on
SPFNet on the synthetic dataset with bicubic downsampling.
Surface Normal and Semantic priors. Fig. 11 shows the
ablation results on surface normal and semantic priors. For
the baseline, similar to (He et al., 2021; Wang et al., 2024;
Zhao et al., 2022), only RGB is utilized as guidance. From
Fig. 11(a), we find that both surface normal and semantic
priors contribute to a decrease in RMSE. When both are
employed together, SPFNet achieves the best performance.
For example, compared to the baseline, surface normal and
semantic priors reduce the RMSE by 0.11cm and 0.15cm on
the Lu dataset, respectively. Finally, SPFNet outperforms the
baseline by 0.25cm on the Lu dataset.

Fig. 11(b) and (c) illustrate the visual results of interme-
diate depth features and error maps. We observe that both
surface normal and semantic priors are capable of producing
more distinctive edges and fewer errors than the baseline.
Furthermore, when combining them, our SPFNet generates
a much clearer structure and the much lesser errors. These
results suggest that, by leveraging scene priors, our SPFNet
can effectively enhance depth edges and minimize errors.

Tab. 8 provides the comparison of incorporating surface
normal and semantic priors into previous advanced methods,
further validating the effectiveness of our SPFNet. Specifi-
cally, for previous approaches, we add additional branches

for both surface normal and semantic priors. These branches
share the same architecture as the RGB branch present in
their original networks. For one thing, as demonstrated by
the second column (w/o Nor. & Sem.) in Tab. 8, our SPFNet
achieves the best performance and competitive complexity
even without relying on surface normal and semantic priors.
For example, SPFNet is 0.1cm lower compared to the sub-
optimal methods on the Lu dataset. For another thing, when
compared to the second column, the third column (w/ Nor.
& Sem.) in Tab. 8 indicates that nearly all DSR approaches
benefit from integrating surface normal and semantic priors.
Notably, our method still outperforms others. For instance,
compared to the second-best method (SGNet), our SPFNet
not only exhibits lower trainable parameters and inference
time, but it also decreases the RMSE by 0.15cm on theNYU-
2 dataset. In short, whether surface normal and semantic
priors are employed or not, our method consistently delivers
superior performance.
Different Large-Scale Models. Tab. 9 reveals the abla-
tion study on different combinations of large-scale models.
The results demonstrate the strong compatibility of our
SPFNet with various foundation models, as all four config-
urations achieve satisfactory performance. Specifically, with
the semantic model fixed, using Omnidata as the normal
model yields a slight performance improvement over Met-
ric3Dv2. Conversely, when the normal model is fixed, SAM
exhibits certain advantages over MobileSAM. Finally, we
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Table 10 Ablation study of MGF on NYU-v2 and Lu datasets (×8). D2P: depth-to-prior filtering, P2D: prior-to-depth filtering. D2P→P2D means
that the D2P step precedes the P2D step

Methods D2P P2D D2P→D2P P2D→P2D D2P→P2D P2D→D2P Similarity Params (M) NYU-v2 Lu

(a) 29.76 (±0.00) 2.59 (±0.00) 1.75 (±0.00)

(b) � 30.22 (+0.46) 2.51 (−0.08) 1.70 (−0.05)

(c) � 30.22 (+0.46) 2.48 (−0.11) 1.64 (−0.11)

(d) � � 30.68 (+0.92) 2.41 (−0.18) 1.60 (−0.15)

(e) � � 30.68 (+0.92) 2.39 (−0.20) 1.64 (−0.11)

(f) � � � 30.68 (+0.92) 2.46 (−0.13) 1.61 (−0.14)

(g) � � � 30.68 (+0.92) 2.40 (−0.19) 1.59 (−0.16)

(h) � � � � 30.68 (+0.92) 2.36 (−0.23) 1.56 (−0.19)

Lu NYU-v2

RMSE (cm) 1.6 1.8 2.0 2.2 2.4 2.6

(a)

(b)

(c)

(d)

Fig. 13 Ablation study on the effectiveness of similarity computation
on the NYU-v2 and Lu datasets (×8)

adopt configuration (d) as the default setup for SPFNet,which
surpasses configurations (a)-(c) on the Lu dataset by RMSE
margins of 0.10cm, 0.13cm, and 0.05cm, respectively.
APP and OPE. Fig. 12(a) presents the ablation on APP and
OPE. The baseline (blue dotted line) removes all APP and
OPE modules from SPFNet. It can be discovered that both
our APP and OPE contribute to performance improvement.
When they are utilized in conjunction, our method (solid
orange line) achieves the best performance. For instance, our
SPFNet surpasses the baseline by 0.3cm on the NYU-v2
dataset and 0.33cm on the Lu dataset, respectively.

In addition, Fig. 12(b) shows the ablation on different
iterations of APP and OPE modules. It is evident that the
performance incrementally improves as the number of APP
andOPE increases.WhenAPP&OPE-4 (4 iterations of APP
and OPE) is utilized, the RMSE consistently reduces on the
NYU and Lu datasets, but only slightly on the Middlebury
dataset. To better balance complexity and performance, we
select APP & OPE-3 (orange line) as the setting for SPFNet.

Finally, Fig. 12(c) presents an ablation study investigat-
ing the ordering of single-modal prior filters within the OPE
module on the Lu and Middlebury datasets. These results
clearly demonstrate the superiority of the ‘N+S+R’ configu-
ration, which achieves the lowest RMSE.

MGF. Tab. 10 reports the ablation study of MGF on ×8
DSR. For the baseline (a), we remove all of the guided image
filtering blocks in SPFNet. (b) and (c) employ solely depth-
to-prior filtering (D2P) or prior-to-depth filtering (P2D),
respectively, both of which enhance DSR performance com-
pared to (a). (d)-(g) explore different combination orders of
D2P and P2D, and the results show that these combinations
achieve lower RMSE than using D2P or P2D alone. Based
on (g), (h) further leverages the similarity weights to guide
the generation of filter kernels, contributing to the best per-
formance, i.e., surpassing the baseline (a) by 0.23cm on the
NYU-v2 dataset and 0.19cm on the Lu dataset, respectively.

Effectiveness of Similarity Computation. Fig. 13 illus-
trates the ablation study on multimodal similarity computa-
tion. (a) is the baseline, where the entire APP and similarity
weights input in OPE are removed. (b) removes similar-
ity computation in APP and similarity weights in OPE. (c)
retains full APP but removes similarity weights in OPE. (d)
uses full APP and OPE, i.e., our default setting. These results
demonstrate that similarity computation yields satisfactory
performance gains, surpassing the baseline method (a) by
0.22cm in RMSE on the NYU-v2 dataset.

5 Conclusion

In this paper, we propose SPFNet, a novel DSR solution that
utilizes the surface normal and semantic priors from large-
scale models to effectively weaken the texture interference
and improve the edge accuracy. Specifically, we design an
all-in-one prior propagation that mitigates interference by
calculating the similarityweights betweenmulti-modal scene
priors. Moreover, we develop the one-to-one prior embed-
ding that continuously aggregates each single-modal prior
into the depth using mutual guidance filtering, further reduc-
ing interference and enhancing the edge. Comprehensive
experiments demonstrate that our SPFNet performs favor-
ably against state-of-the-art approaches.

123



International Journal of Computer Vision          (2026) 134:251 Page 17 of 20   251 

Fig. 14 Failure cases resulting
from an inaccurate prior.

RGB LR

GT

Normal Semantic

OursFDSR DCTNet

6 Discussion

Limitation. Our method utilizes high-quality prior knowl-
edge from large models to reduce texture interference in
RGB and enhance edges, thereby significantly improving the
model’s representation capability. However, when the input
data falls outside the distribution of the large model’s train-
ing samples, the priors may introduce noise. Such errors can
potentially interfere with subsequent similarity computation
and mutual filtering, degrading performance.
Failure Case. As depicted in Fig. 14, when the input RGB
falls outside the distribution of the large model’s training
samples, the generated priors may not be sufficiently accu-
rate (e.g., blurred normal structures and depth-independent
semantic information). In such cases, although our method
achieves higher recovery quality than other approaches, it
still struggles to precisely restore regions in real scenes that
exhibit severe structural distortions and artifacts. For exam-
ple, the artifacts shown in the white areas in Fig. 14.

The primary cause of this failure lies in the severe degra-
dation inherent in real-world depth maps, such as structural
distortion, artifacts, and holes. When the predicted scene
prior is also inaccurate, the compounded errors lead to signif-
icant deviations in the computed similarity. These deviations
cause the subsequent mutual guidance filter to transfer incor-
rect structural priors into the depth, thereby interfering with
the depth reconstruction.

Apotential solution is to build a collaborative optimization
framework that jointly fine-tunes normal estimation, seman-
tic segmentation, and DSR to improve the accuracy of scene
priors. Besides, the large model could serve as an interme-
diate supervision signal rather than directly incorporating its
outputs. This strategy will mitigate the adverse effects of
low-quality priors in the inference stage.
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