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Abstract

Depth super-resolution (DSR) aims to restore high-resolution
(HR) depth from low-resolution (LR) one, where RGB im-
age is often used to promote this task. Recent image guided
DSR approaches mainly focus on spatial domain to rebuild
depth structure. However, since the structure of LR depth is
usually blurry, only considering spatial domain is not very
sufficient to acquire satisfactory results. In this paper, we pro-
pose structure guided network (SGNet), a method that pays
more attention to gradient and frequency domains, both of
which have the inherent ability to capture high-frequency
structure. Specifically, we first introduce the gradient cali-
bration module (GCM), which employs the accurate gradient
prior of RGB to sharpen the LR depth structure. Then we
present the Frequency Awareness Module (FAM) that recur-
sively conducts multiple spectrum differencing blocks (SDB),
each of which propagates the precise high-frequency com-
ponents of RGB into the LR depth. Extensive experimen-
tal results on both real and synthetic datasets demonstrate
the superiority of our SGNet, reaching the state-of-the-art
(see Fig. 1). Codes and pre-trained models are available at
https://github.com/yanzq95/SGNet.

Introduction
Image guided DSR has been widely applied in various fields,
such as 3D reconstruction (Yuan et al. 2023a), virtual real-
ity (Bonetti, Warnaby, and Quinn 2018), and augmented re-
ality (Xiong et al. 2021). However, the blurry structure of
LR depth caused by complex imaging environment still im-
pedes their performance. For example, Fig. 2 (LR) shows
that, the LR depth contain rich low-frequency content but
are severely deficient in clear high-frequency structure. Re-
cently, many DSR approaches (Yuan et al. 2023a; Shi, Ye,
and Du 2022) are proposed to tackle this issue. However,
most of them focus only on the spatial domain for recovery,
which is not very sufficient to obtain desired results.

For one thing, from (c)-(f) of Fig. 2 we discover that, the
gradient features of RGB and HR contain highly discrimi-
native object structure. Besides, although the degraded LR
is terribly blurry, the gradient feature can still delineate its
structure clearly. For another thing, from (h)-(j) of Fig. 2
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Figure 1: RMSE comparison between our SGNet and exist-
ing state-of-the-art methods on four benchmarks ( ×16 ).

we find that, the spectrum features of RGB and HR reserve
not only low-frequency content (central area) but also high-
frequency structure (corner area). In contrast, the spectrum
feature of LR lacks a large number of high-frequency com-
ponents. These evidences indicate that the gradient and spec-
trum information can accurately depict the distribution of
high-frequency structure. Consequently, motivated by these
two observations, in this paper we pay more attention to gra-
dient and frequency domains to take advantage of their in-
herent properties for clear structure recovery.

Gradient domain. We design the gradient calibration
module (GCM) to leverage the powerful structure repre-
sentation capability of gradient feature. Specifically, RGB
and LR are first mapped into gradient domain (Ma et al.
2020). Then the accurate RGB gradient prior is employed
to calibrate the blurry structure of LR. Besides, we intro-
duce a gradient-aware loss to further sharpen the structure
via narrowing the distance between the intermediate feature
of GCM and that of HR in gradient domain.

Frequency domain. We present the Frequency Aware-
ness Module (FAM), which recursively conducts multiple
spectrum differencing blocks (SDB) to propagate the pre-
cise high-frequency components (Yan et al. 2022b) of RGB.
Concretely, SDB first maps RGB and LR into the same
frequency domain. To explicitly compensate for the absent
high-frequency components, i.e., the blank corner area of
Fig. 2(j), SDB next employs subtraction between the spec-
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(i) HR_S(g) RGB (j) LR_S (k) RGB_S     LR_S (l) Our_S(h) RGB_S

(a) HR (b) LR (c) RGB_G (d) HR_G (e) LR_G (f) Our_G

Figure 2: Visualizations of (c)-(f) Gradient features and (h)-(l) Spectrum features, where ⊖ refers to subtraction.

trum feature of RGB and that of LR in Fig. 2(k), which is
then merged with the spectrum feature of LR to enhance the
structure. Besides, we initiate a frequency-aware loss to fur-
ther strengthen the response of FAM in frequency space.

Owing to the ingenious designs of GCM and FAM, (f)
and (l) of Fig. 2 show that our approach can obtain very
sharp and highlighted structure in gradient and frequency
domains, respectively. As a result in Fig. 1, our SGNet sur-
passes the five state-of-the-art methods by 16% (RGB-D-
D), 24% (Middlebury), 21% (Lu) and 15% (NYU-v2) in
average. In summary, our contributions are as follows:

• Apart from the spatial domain, we introduce a novel per-
spective that exploits the gradient and frequency domains
for the structure enhancement of DSR task.

• We propose SGNet that consists of novel GCM and
FAM, where GCM leverages the gradient prior to adap-
tively calibrate and sharpen LR structure, whilst FAM
employs recursive SDB to propagate the high-frequency
components into LR for clear structure recovery.

• SGNet achieves significantly superior performance on
both real-world and synthetic datasets. Codes and pre-
trained models are released for peer research.

Related Work
Depth Map Super-Resolution
Benefiting from the rich structure of RGB image, guided
DSR (Song et al. 2020; Yang et al. 2022; Zhong et al. 2021)
have attracted broad attention. For example, (Shi, Ye, and
Du 2022) introduce a symmetric uncertainty method to se-
lect RGB information that is effective for HR depth re-
covery whilst skipping harmful texture. (Kim, Ponce, and
Ham 2021) design joint image filtering to adaptively output
the neighbors and their weights for each pixel. (Deng and
Dragotti 2020) propose a multi-modal convolutional sparse
coding to automatically split common and private features
among different modalities. Similarly, (Zhao et al. 2022)
build a discrete cosine network that extracts both shared and
specific multi-modal information through a semi-decoupled
feature extraction module. Besides, some methods present
multi-task learning frameworks to leverage complementary

knowledge. For instance, (Yan et al. 2022a) introduce an
auxiliary depth completion branch to propagate the correla-
tion of dense depth into the DSR branch. (Tang et al. 2021)
transmit RGB into a space that is close the depth space
via depth estimation, thus facilitating the RGB-D fusion
for DSR. Furthermore, (Sun et al. 2021) develop cross-task
knowledge distillation to exchange correlation between DSR
and depth estimation branches. Most recently, (Yuan et al.
2023a) propose recursive structure attention to gradually es-
timate high-frequency structure. Meanwhile, (Yuan et al.
2023b) design a structure flow-guided network to learn the
edge-focused guidance feature for depth structure enhance-
ment. In addition, graph regularization (De Lutio et al. 2022)
and anisotropic diffusion (Metzger, Daudt, and Schindler
2023) are applied to enhance the recovery of depth structure.
Different from these approaches, most of which concentrate
only on spatial domain, we pay more attention to gradient
and frequency domains, employing the high-frequency com-
ponents of RGB to guide depth structure.

Gradient and Frequency Learning
Since the inherent characteristics of gradient and spectrum
are quite helpful to represent structure, various related meth-
ods (Sun, Xu, and Shum 2010; Lin et al. 2023) have been
proposed. In gradient domain, (Qiao et al. 2023) employ
low-cut filtering to extract gradient information and then
fuse at multiple scales and stages for DSR. (Sun, Xu, and
Shum 2010) introduce a gradient field transformation to con-
strain the gradient fields of the HR image during the execu-
tion of SISR. (Ma et al. 2020) develop a structure-preserving
method for single image super-resolution (SISR), which
propagates gradient knowledge into the RGB branch. (Zhu
et al. 2015) build a gradient pattern dictionary to simulate
deformable gradient of SISR. In frequency domain, (Zhou
et al. 2022b,c) integrate spatial and spectrum features for
multi-spectrum pan-sharpening. (Jiang et al. 2021) design
a focal frequency loss to narrow the frequency domain gap
between real image and generated image. (Mao et al. 2023)
introduce a frequency selective network to adaptively learn
kernel-level features for image deblurring. (Lin et al. 2023)
carry out frequency-enhanced variational autoencoders to
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Figure 3: Overview of our Structure Guided Network (SGNet). Given Irgb and Dup
lr as input, the Gradient Calibration Module

(GCM) first maps them into gradient domain, producing Fge with sharp depth structure. Then, Irgb, Dlr and Fge are fed into the
Frequency Awareness Module (FAM) to estimate frequency enhanced depth feature Dfe via recursive Spectrum Differencing
Blocks (SDB). ↑: bicubic up-sample. Grad. Mapping: Gradient Mapping. Freq. Mapping: Frequency Mapping.

restore the high-frequency components lost during the image
compression process. Inspired by these methods, we employ
the gradient and spectrum of RGB to fully guide depth struc-
ture in both gradient and frequency domains.

Method
Problem Formulation
Given input LR depth Dlr ∈ Rh×w×1 and HR RGB image
Irgb ∈ Rsh×sw×3, guided DSR aims to predict HR depth
Dsr ∈ Rsh×sw×1 that is supervised by HR ground-truth
depth Dhr ∈ Rsh×sw×1. h, w, s refer to the height, width,
and scaling factor, respectively.

Network Architecture
As illustrated in Fig. 3, the proposed SGNet is mainly com-
posed of two modules, i.e., Gradient Calibration Module
(GCM) and Frequency Awareness Module (FAM) that con-
tains multiple Spectrum Differencing Blocks (SDB), aiming
to recover more accurate depth structure in gradient and fre-
quency domains, respectively.

Firstly, RGB Irgb and up-sampled depth Dup
lr are fed into

GCM, obtaining gradient representation Grgb and Glr by
gradient mapping (Ma et al. 2020). Secondly, some residual
groups (Zhang et al. 2018) and channel attention (Woo et al.
2018) are involved to calibrate the gradient of Glr via Grgb,
yielding Gsr that is with the same resolution as Irgb. Thirdly,
GCM outputs the guided feature Fge by down-sampling the
sum of the gradient feature Gsr and spatial feature Dup

lr .
Fourthly, Irgb and Dlr are encoded to generate F 0

rgb and
F 0
d respectively, both of which are then input into the first

SDB of FAM together with Fge. Fifthly, FAM recursively
conducts SDB to obtain Dfe. Finally, the HR prediction
Dsr is produced by summing Dfe and the bicubic interpo-
lation of Dlr. During training process, our SGNet employs
three loss functions of different domains, i.e., gradient-aware

(a)   𝐺𝑙𝑟 (b)   𝐺𝑠𝑟 (c)      w/o GCM   𝐹𝑔𝑒 (d)      w/ GCM   𝐹𝑔𝑒

Figure 4: Visualization of (a)-(b) gradient features and (c)-
(d) depth features on Middlebury dataset.

loss Lgra, frequency-aware loss Lfre and spatial-aware loss
Lspa. Specifically, Lgra takes as input Gsr and the gradient
mapping of ground-truth Dhr, while Lfre inputs the corre-
sponding mappings of Dsr and Dhr.

Gradient Calibration Module
Our GCM is depicted in the orange part of Fig. 3. We first
employ a gradient mapping function (Ma et al. 2020) fgm
to transmit Irgb and Dup

lr into gradient domain. Specifically,
given input Z, the general definition of fgm is:

fgm = ∥(Zx+1,y − Zx−1,y, Zx,y+1 − Zx,y−1)∥2 , (1)

where Zx,y refers to the pixel value at coordinates (x, y).
Then the gradient features of Irgb and Dup

lr are mapped as:

Grgb = fgm (Irgb) ,

Glr = fgm (Dup
lr ) .

(2)

Next we conduct fg that is composed of two resid-
ual groups (Zhang et al. 2018) and a channel attention
block (Woo et al. 2018), to calibrate the gradient of Glr,
obtaining Gsr ∈ Rsh×sw×1:

Gsr = fg (Grgb, Glr) . (3)

Supposing that the residual groups (orange and green rect-
angles in Fig. 3) are denoted as fr. Then, we fuse the gradi-
ent feature Gsr and depth feature Dup

lr to sharpen the depth
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Figure 5: Spectrum differencing block (SDB). Green dashed
box: 1×1 convolution. Gray rectangular box: a 1×1 convo-
lution and an invertible neural network (Zhou et al. 2022a).

structure. Finally, a down-sampling convolution fds is de-
ployed to decrease the resolution from sh × sw to h × w,
yielding the gradient-enhanced depth feature Fge:

Fge = fds (fr (D
up
lr ) + fr (Gsr)) . (4)

Fig. 4 (b) and (d) show that our GCM successfully pro-
duce very clear gradient feature and sharp depth feature.

Frequency Awareness Module
Our FAM is shown in the green part of Fig. 3. The input Irgb
and Dlr are first mapped as:

F 0
rgb = fr (Irgb) ,

F 0
d = fr (Dlr) .

(5)

Next, given the gradient-enhanced feature Fge, F i
rgb and F i

d,
FAM recursively conducts SDB to refine depth feature:

F i
rgb, F

i
d = f i

s

(
F i−1
rgb , F

i−1
d , Fge

)
, i ≥ 1, (6)

where f i
s refers to ith SDB. To use all of the history depth

features, FAM concatenates (denoted as C) F 0
d , · · · , F i

d.
Then FAM encodes the combined feature via a residual
group fr and an up-sampling convolutional layer fup to
produce the frequency-enhanced feature Dfe. Finally, FAM
outputs the predicted HR depth Dsr by fusing Df with Dbi,
i.e., the bicubic interpolation result of Dlr:

Dsr = Dfe +Dbi,

Dfe = fup
(
fr

(
Cn
i=1F

i
d

))
.

(7)

Spectrum Differencing Block. Fig. 5 shows that SDB
first fuses and up-samples Fge and F i−1

d with a 3 × 3 con-
volution fc3 and fup, producing HR F i−1

dg :

F i−1
dg = fup

(
fc3

(
C
(
Fge, F

i−1
d

)))
. (8)

Next, the discrete fourier transform (DFT) fdf is em-
ployed to map F i−1

dg and F i−1
rgb into the frequency domain,

(a)   𝑆𝑙𝑟 (b)   𝑆s𝑟 (c)      w/o SDB𝐹𝑑 (d)      w/ SDB𝐹𝑑

Figure 6: Visualization of (a)-(b) spectrum features and (c)-
(d) depth features on Middlebury dataset. Slr: LR spectrum.
Ssr: predicted spectrum.

generating RGB spectrum Si−1
dg and depth spectrum Si−1

rgb ,
both of which are decomposed into amplitude and phase:

Ai−1
dg , φi−1

dg = fd

(
Si−1
dg

)
,

Ai−1
rgb , φ

i−1
rgb = fd

(
Si−1
rgb

)
,

(9)

where Si−1
dg = fdf

(
F i−1
dg

)
and Si−1

rgb = fdf

(
F i−1
rgb

)
. fd

denotes spectral decomposition function. Ai−1
dg and φi−1

dg re-
fer to the amplitude and phase of F i−1

dg , respectively, while
Ai−1

rgb and φi−1
rgb are the amplitude and phase of F i−1

rgb .
AS depicted in the green part of Fig. 5, we first cal-

culate the amplitude subtraction and phase subtraction
between Si−1

dg and Si−1
rgb to produce

∣∣∣Ai−1
rgb −Ai−1

dg

∣∣∣ and∣∣∣φi−1
rgb − φi−1

dg

∣∣∣, both of which are fed into multiple 1×1 con-
volutional layers fc followed by activation function to learn
high-frequency knowledge. Meanwhile, we also perform fc
to extract the spectrum features of Ai−1

dg and φi−1
dg . Then, the

inverse discrete fourier transform (IDFT) fidf is employed
to map the fused amplitude feature Ai−1

f and phase feature
φi−1
f into spatial domain, producing F i−1

f :

F i−1
f = fidf

(
Ai−1

f , φi−1
f

)
,

Ai−1
f = ff

(
fc

(
Ai−1

dg

)
, fc

(∣∣∣Ai−1
rgb −Ai−1

dg

∣∣∣)) ,

φi−1
f = ff

(
fc

(
φi−1
dg

)
, fc

(∣∣∣φi−1
rgb − φi−1

dg

∣∣∣)) ,

(10)

where ff consists of a 1× 1 convolution and concatenation.
Finally, to strengthen the correlation between spatial do-

main and frequency domain, we employ the invertible neu-
ral network fi (Zhou et al. 2022a) and down-sampling fds
to fuse the spatial domain feature F i

s and Ff :

F i
d = fds

(
F i−1
dg + fi

(
C
(
F i
s , F

i−1
f

)))
, (11)

where F i
rgb, F

i
s = fi

(
C
(
F i−1
rgb , F

i−1
dg

))
. F i

d and F i
rgb refer

to the output depth feature and RGB feature of ith SDB, re-
spectively. As shown in Fig. 6 (b) and (d), our SDB succeeds
recovering high-frequency components and clear structure.
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(a) GT and RGB (b) Bicubic (c) DKN (e) DCTNet (f) SGNet(d) FDSR (g) GT

Figure 7: Visual results and error maps on NYU-v2 dataset (×16). Brighter color in error maps refers to larger error.

Scale Bicubic TGV DJF DMSG GbFT DKN FDSR CTKT DCTNet AHMF RSAG SUFT SGNet
×4 8.16 4.98 3.54 3.02 3.35 1.62 1.61 1.49 1.59 1.40 1.23 1.12 1.10
×8 14.22 11.23 6.20 2.99 5.73 3.26 3.18 2.73 3.16 2.89 2.51 2.51 2.44
×16 22.32 28.13 10.21 9.17 9.01 6.51 5.86 5.11 5.84 5.64 5.27 4.86 4.77

Table 1: Quantitative comparison with existing state-of-the-art methods on NYU-v2 dataset.

Loss Function
Given N RGB-D pairs, a spatial-aware loss Lspa is used:

Lspa =
1

N

N∑
i=1

∥∥Di
sr −Di

hr

∥∥
1
. (12)

Next we utilize a gradient-aware loss Lgra to facilitate the
calibration of LR gradient information:

Lgra =
1

N

N∑
i=1

∥∥Gi
sr −Gi

hr

∥∥
1
, (13)

where Gi
hr denote the ground-truth gradient.

Then we introduce a frequency-aware loss Lfre to learn
the HR spectrum, which consists of an amplitude loss Lamp

and a phase loss Lpha:

Lfre = λ1Lamp + λ2Lpha,

Lamp =
1

N

N∑
i=1

∥∥Ai
sr −Ai

hr

∥∥
1
,

Lpha =
1

N

N∑
i=1

∥∥φi
sr − φi

hr

∥∥
1
,

(14)

where Asr and φsr severally refer to the amplitude and
phase of the HR depth prediction, while Ahr and φhr cor-
respond to those of the ground-truth depth. λ1 and λ2 are
hyper-parameters.

Finally, the total training loss is defined as:

Ltotal = Lspa + γ1Lgra + γ2Lfre, (15)

where γ1, γ2 are hyper-parameters.

Experiments
Experimental Settings
Datasets. We conduct experiments on both synthetic
NYU-v2 (Silberman et al. 2012), Middlebury (Hirschmuller
and Scharstein 2007; Scharstein and Pal 2007), Lu (Lu, Ren,

and Liu 2014), and real-world RGB-D-D (He et al. 2021)
datasets. Following previous works (Sun et al. 2021; Yuan
et al. 2023a; Zhao et al. 2023), on NYU-v2 dataset, the train-
ing set contains 1000 RGB-D pairs, while the test set con-
sists of 449 pairs. Besides, the pre-trained model on NYU-
v2 is also tested on Middlebury (30 pairs), Lu (6 pairs),
and RGB-D-D (405 pairs). In these synthetic scenarios, the
LR depth input is produced by bicubic down-sampling from
the HR depth ground-truth. To validate the generalization of
our method in real-world environment, we implement our
SGNet on the real-world RGB-D-D dataset, including 2,215
RGB-D pairs for training and 405 for testing, where the LR
depth is obtained via the ToF camera of Huawei P30 Pro.

Metrics and Implementation Details. Following previ-
ous methods (Kim, Ponce, and Ham 2021; Zhao et al. 2022),
the root mean square error (RMSE) in centimeter is em-
ployed as the evaluation metric. During the training, we ran-
domly crop the RGB image and HR depth into 256 × 256.
Adam optimizer (Kingma and Ba 2014) with an initial learn-
ing rate of 1 × 10−4 is used to train SGNet with a sin-
gle TITAN RTX GPU. The hyper-parameters are set as
λ1 = λ2 = 0.5, γ1 = 0.001 and γ2 = 0.002.

Comparison With the State-of-the-Art
Tabs. 1-4 compare SGNet with state-of-the-art methods on
×4, ×8 and ×16 DSR, including TGV (Ferstl et al. 2013),
SDF (Ham, Cho, and Ponce 2017), DJF (Li et al. 2016),
DJFR (Li et al. 2019), PAC (Su et al. 2019), DMSG (Hui,
Loy, and Tang 2016), GbFT (AlBahar and Huang 2019),
DKN (Kim, Ponce, and Ham 2021), FDKN (Kim, Ponce,
and Ham 2021), FDSR (He et al. 2021), JIIF (Tang, Chen,
and Zeng 2021), CTKT (Sun et al. 2021), AHMF (Zhong
et al. 2021), DCTNet (Zhao et al. 2022), SUFT (Shi, Ye, and
Du 2022) and RSAG (Yuan et al. 2023a).

Quantitative Comparison. Overall, Tabs. 1-4 report that
our SGNet achieves state-of-the-art performance on both
the synthetic (Tabs. 1-3) and real-world (Tab. 4) datasets.
Specifically, From Tabs. 1 and 2 we observe that SGNet
is superior to the most of other methods on NYU-v2 and
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(a) GT and RGB (b) Bicubic (c) DKN (e) DCTNet (f) SGNet(d) FDSR (g) GT

Figure 8: Visual results and error maps on RGB-D-D dataset (×16).

Scale Bicubic SDF DJF PAC DJFR DKN FDKN FDSR JIIF DCTNet RSAG SUFT SGNet

×4 2.00 4.06 3.41 1.25 3.35 1.30 1.18 1.16 1.17 1.08 1.14 1.10 1.10
×8 3.23 5.51 5.57 1.98 5.57 1.96 1.91 1.82 1.79 1.74 1.75 1.69 1.64
×16 5.16 7.39 8.15 3.49 7.99 3.42 3.41 3.06 2.87 3.05 2.96 2.71 2.55

Table 2: Quantitative comparison with existing state-of-the-art methods on RGB-D-D dataset.

Methods Middlebury Lu

×4 ×8 ×16 ×4 ×8 ×16

DJF 1.68 3.24 5.62 1.65 3.96 6.75
DJFR 1.32 3.19 5.57 1.15 3.57 6.77
FDKN 1.08 2.17 4.50 0.82 2.10 5.05
DKN 1.23 2.12 4.24 0.96 2.16 5.11
FDSR 1.13 2.08 4.39 1.29 2.19 5.00
DCTNet 1.10 2.05 4.19 0.88 1.85 4.39
RSAG 1.13 1.74 3.55 0.79 1.67 4.30
SUFT 1.07 1.75 3.18 1.10 1.74 3.92

SGNet 1.15 1.64 2.95 1.03 1.61 3.55

Table 3: Quantitative comparison with existing state-of-the-
art methods on Middlebury dataset and Lu dataset.

RGB-D-D datasets. For example, compared to the second
best methods, our SGNet decreases the RMSE by 0.09cm
(NYU-v2) and 0.16cm (RGB-D-D) on ×16 DSR. Besides,
Tab. 3 verifies the generalization ability of our SGNet on
Middlebury and Lu datasets. We discover that our SGNet is
significantly superior to others on ×8 and ×16 DSR and ob-
tains competitive result on ×4 DSR. When comparing to the
suboptimal methods on ×16 DSR, the RMSE of our SGNet
is 0.23cm (Middlebury) and 0.37cm (Lu) lower.

Tab. 4 lists the comparison on the real-world RGB-D-D
dataset. Following previous methods (Zhao et al. 2022; Yuan
et al. 2023a), we first test the pre-trained models of NYU-v2
on RGB-D-D (without *), then retrain and test FDSR, DCT-
Net, SUFT and SGNet on RGB-D-D (with *). We find that
both our SGNet and SGNet* achieve the best performance.
For example, SGNet* surpasses the second best SUFT* by
0.09cm in RMSE. In short, these evidences confirm that
SGNet contributes to better performance and generalization.

Visual Comparison. Figs. 7-9 present visual comparison
results. Obviously, our method can restore more precise
depth predictions with clearer and sharper structure. For ex-

GT and RGB FDSR* DCTNet* SGNet * GT

Figure 9: Visual comparison on the real-world RGB-D-D.

Methods Train RMSE Methods Train RMSE
DJF NYU-v2 7.90 DCTNet NYU-v2 7.37
DJFR NYU-v2 8.01 SUFT NYU-v2 7.22
FDKN NYU-v2 7.50 FDSR* RGB-D-D 5.49
DKN NYU-v2 7.38 DCTNet* RGB-D-D 5.43
FDSR NYU-v2 7.50 SUFT* RGB-D-D 5.41
SGNet NYU-v2 7.22 SGNet* RGB-D-D 5.32

Table 4: Quantitative comparison on real-world RGB-D-D.

ample, the edges of chair and doll in (×16) in Figs. 7 and 8
are more discriminative than others, while the errors maps
shows the higher accuracy. Although previous methods that
mainly focus on spatial domain are able to recover the most
of depth information, the detailed structure is still difficult to
predict. In contrast, our SGNet pays more attention to both
gradient and frequency domains to leverage their inherent
advantages of modeling structure.

Furthermore, the DSR task is more challenging in real-
world scenarios because the LR depth is often blurry and
distorted. Fig. 9 demonstrates the visual comparison on the
real-world RGB-D-D dataset. Compared to the state-of-the-
art FDSR* and DCTNet*, our SGNet* can obtain more ac-
curate HR depth with clear structure that is very close to
the ground-truth depth. These visual results validate that our
method can effectively enhance depth structure.
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Figure 10: Ablation study of GCM and FAM of SGNet.

Methods Params (M) FLOPs (G) Time (ms)

Baseline 37.18 (±0.00) 4346.3 (±0.0) 63 (±0)
+GCM 38.86 (+1.68) 4581.3 (+235.0) 69 (+6)
+FAM 37.57 (+0.39) 4388.9 (+42.6) 67 (+4)
All 39.25 (+2.07) 4623.9 (+277.6) 73 (+10)

Table 5: Complexity on NYU (×8) tested by a 4090 GPU.

Ablation Study
GCM and FAM. Figs. 10 and 11 show the ablation study
of GCM and FAM. For the baseline, we first remove GCM
completely. Then in SDB (Fig. 5) of FAM, the frequency
operation is removed, only retaining the bottom gray part.

As shown in Fig. 10, both GCM and FAM can reduce
RMSE by propagating the high-frequency components of
RGB into depth in the gradient and frequency domains.
When combining GCM and FAM, SGNet achieves the best
performance. For example, compared to the ×16 base-
line, GCM is 0.11cm superior on Middlebury and 0.08cm
on NYU-v2. FAM also reduces the error by 0.29cm and
0.12cm, respectively. Finally, our SGNet surpasses the base-
line by 0.3cm on Middlebury and 0.26cm on NYU-v2.

Tab. 5 lists the complexity comparison. It is observed that
GCM & FAM are lightweight, i.e., 1.68M & 0.39M cost in
Parameters, and 235.0G & 42.6G cost in FLOPs, severally.
When GCM & FAM are combined, the performance is sig-
nificantly improved with acceptable sacrifice in complexity.

In addition, Fig. 11 illustrates the visual results of inter-
mediate depth features. We discover that both GCM and
FAM are able to generate clearer depth structure than the
baseline. Furthermore, when GCM and FAM are deployed
together, our SGNet can produce much sharper structure.

These numerical and visual evidences indicate that, by
exploiting the structure representation in gradient and fre-
quency domains, our SGNet can significantly enhance depth
structure and thus improve the performance.

Different Recursion Numbers of SDB. Fig. 12 (a) shows
the ablation study of different numbers of SDB. The base-
line is SGNet with GCM, FAM and all loss functions. It can
be observed that the performance gradually improves as the
number of SDB increases. When employing SDB-4, the er-
rors decrease a little on Lu and Middlebury but maintain un-
changed on NYU-v2 and RGB-D-D. Therefore, for better

Baseline w/ GCM w/ FAM All

Figure 11: Visual comparison of intermediate depth features
on Middlebury dataset (×8 case).
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(b) Impact of different loss (×8)
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Figure 12: Ablation study of SGNet with (a) different num-
bers of SDB and (b) different loss functions.

trade-off between the model complexity and accuracy, we
select SDB-3 ( the orange solid line) as the default setting.

Different Loss Functions. Fig. 12 (b) shows the ablation
study of different loss functions. The baseline is SGNet with
GCM, FAM and Lspa only. We find that both the gradient-
aware Lgra and frequency-aware Lfre contribute to perfor-
mance improvement. When Lgra and Lfre are deployed to-
gether, the model achieves the best performance, i.e., aver-
agely surpassing the basic SGNet by 0.06cm on NYU-v2,
Lu, Middlebury and RGB-D-D datasets.

Conclusion

In this paper, we proposed SGNet, a novel DSR solution that
payed more attention to gradient and frequency domains,
employing the high-frequency components of RGB to en-
hance depth structure. For gradient domain, we designed
the gradient calibration module to adaptively sharpen the
blurry structure of LR depth via clear RGB gradient prior.
For frequency domain, we developed the frequency aware-
ness module, which recursively conducted multiple spec-
trum differencing blocks to propagate the high-frequency
knowledge of RGB spectrum into the depth. Besides, we in-
troduced the gradient-aware loss and frequency-aware loss
to further narrow the structure distance of the prediction and
target in both gradient and frequency domains. Extensive ex-
periments demonstrated that our SGNet achieved state-of-
the-art performance on four benchmark datasets.
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