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ABSTRACT

Depth maps have been still suffering from some non-
negligible effects, resulting from the consumer-level sensors.
The limited resolution of the acquired depth maps is one of
these annoying issues. Many prominent researchers have re-
cently made a lot of efforts, such as traditional filters, as
well as the deep learning paradigms. However, depth super-
resolution is still an open challenge. In this paper, we design
a texture-depth transformer for depth super-resolution task,
which can learn the corresponding structural information of
the high-resolution texture images and the corresponding in-
terpolated depth maps. Moreover, a multi-scale feature fu-
sion strategy is exploited to further enhance the fusion feature.
Complementary to a quantitative evaluation, we demonstrate
the effectiveness of the proposed approach.

Index Terms— Transformer, Depth super-resolution,
CNN, Residual learning

1. INTRODUCTION

Depth maps can accurately describe the structure information
of scene due to each pixel value in depth maps represents the
distance information corresponding to the scene. Neverthe-
less, due to the imaging limitation of depth sensors in prac-
tice, high quality and high resolution (HR) depth maps are
difficult to be acquired directly. In the last decades, many
depth super-resolution (SR) methods have been applied to re-
cover the degraded depth maps, including traditional filter-
based methods [1] [2], optimization-based methods [3] [4]
and some latest convolutional neural network(CNN)-based
methods [5] [6].

Early researchers concentrate on utilizing the local infor-
mation to enhance the interpolated depth maps, especially for
the edge information. Thus, some works based on low pass
filter [1] [2] introduce edge guided information to interpolate
the low resolution (LR) depth maps. However, depth bound-
aries are generally hard to reconstruct from LR depth maps
and easy to lose sharpness particularly at large magnifica-
tion factors due to the loss of spatial information. To refine
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Fig. 1. Visual analysis of transformer feature.

the loss information, the optimization-based methods [3] [4]
employed hand-craft optimization function and regularization
term to constrain the edge structure of the interpolated depth
maps, but accompanied by high computational cost and poor
universality, which limits its application range.

With the rising of deep learning techniques, CNN has
achieved most impressive performance in many computer vi-
sion tasks and recently has been applied to depth SR. As we
observed, the backbone network of existing depth SR meth-
ods can be classified into two categories. On one hand, some
researchers try to utilize low-to-high resolution networks to
progressively extract features and raise the spatial resolu-
tion, which is similar as some classical single image super-
resolution (SISR) methods [7] [8]. On another hand, the cor-
responding texture information is employed as guidance to
recover the degraded depth maps [5] [6] [9]. Most of these ap-
proaches make the texture structural as the prior knowledge,
however, texture discontinuities do not always coincide with
depth maps, which results in texture blending in the recon-
structed depth maps. Therefore, how to leverage texture infor-
mation to help recover the depth maps and whether the texture
images are required for all interpolation ratios,especially for
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the 2x and 4 X, still need to be developed and verified.

In this paper, we try to design a novel texture-depth trans-
former network (TDTN) for depth SR task, which aims to
explore what texture information matters with depth SR. We
introduce a transformer to learn the useful content informa-
tion and structure information for depth SR task, from the
interpolated depth maps and the corresponding texture im-
ages, respectively. Then, a multi-scale fusion strategy is ex-
ploited to improve the efficiency of texture-depth fusion. Ex-
perimental results show that the transformer indeed learn use-
ful structural information from the corresponding texture im-
ages. Benefiting from the multi-scale fusion, the reconstruc-
tion quality of depth maps has been largely improved on sub-
jective and objective evaluation.

2. RELATED WORK

The structural similarity between texture images and depth
maps is the basis of texture-guided depth SR. Hui et al. [10]
design a multi-scale guided convolutional network (MSG-
Net) by complementing LR depth features with HR intensity
features of texture images. Zhao et al. [11] present a texture-
depth generative adversarial network (GAN) to learn the ge-
ometry structural similarity of texture-depth. Guo et al. [5]
present a named DepthSR-Net to fuse the texture-depth fea-
tures in different scales, which is built on a residual U-Net
deep network architecture. In their work, the hierarchical fea-
tures are extracted by encoder-decoder structure of U-Net and
the final HR depth map is achieved by adding the learned
residual to the interpolated depth map. Different from above
methods, Lutio et al. [12] propose an alternative interpreta-
tion of guided SR, which tries to find a transformation from
the guide to the target, particularly a pixel-wise mapping from
one image domain to another.

In fact, transformer has been proved the success in various
natural language processing (NLP) tasks. Recently, many at-
tempts are made to explore the benefits of transformer in com-
puter vision tasks [13]. To utilize the information of relevant
textures from reference images, the attention mechanism is
an efficiency solution to transfer interesting regions from the
reference images. Wang et al. [14] introduce a non-local oper-
ation, which is the first adaptation of the dot-product attention
mechanism for long-range dependency modeling in computer
vision. Different from dot-product attention and its variants,
Shen et al. [15] propose a novel efficient attention mechanism
equivalent to dot-product attention. This dot-product atten-
tion aggregates the values by the template attention maps to
form global context information. In [16], Yang et al. propose
a novel texture transformer network, where attention mech-
anism is used to transfer HR textures from reference images
by LR images as quires and HR reference images as keys in a
transformer. Motivated by these, we are encouraged to bridge
between depth maps and texture images to guide the SR of
depth maps.

3. PROPOSED METHOD

3.1. Network Architecture

Given a LR depth map Dy, it is firstly up-sampled to the
same spatial scale Dur corresponding to the HR texture im-
age Tyg. Firstly, a pre-trained VGG model based on Ima-
geNet is used to construct texture-depth semantic feature rep-
resentation. Secondly, we design a texture-depth transformer
module(TDTM), using the texture-depth transformer mecha-
nism to convert the structural information of texture features
onto the corresponding depth features. Furthermore, a multi-
scale feature fusion strategy(MSF) is adopt to fuse the fusion
features at multiple scales. Finally, the depth feature recon-
struction module is used to obtain the reconstruction result of
the HR depth map. Fig. 2 gives the diagram of our designed
network.

3.2. Texture-Depth Transformer

Texture-Depth Transformer aims to explore what texture in-
formation matters with depth SR. As we all known, the gen-
eral texture-guided depth SR methods assume that the struc-
ture is spatial uniform between depth maps and texture im-
ages. However, the spatial discontinuities between texture
and depth information are always unavoidable due to the ac-
quisition environment. Therefore, it is necessary to find uni-
form reference features from texture images to adapt the depth
maps, not limited in spatial coordinate.

Based on the extracted texture features and depth features,
we first use 3 convolutional layers with 1 x 1 to map fea-
tures into three standard transformer paradigms Q(query) €
REWIXCi = K (key) € REWIXCi and V(value) €
RHEW)*Col Targetting to enhance the depth features by us-
ing the corresponding texture features, we construct a depth
feature template based on K and V which is largely differ-
ent from the common transformer. In the feature extraction
module, we exploit two separate convolution filters to gener-
ate different representations of depth features. Then a self-
attention mechanism is applied to generate the feature tem-
plate. On the other hand, @ is the corresponding texture fea-
tures by stacking cascade convolutional layers. Therefore, the
texture transformer can be formulated as,

Fr=Q (soﬁmax(KT)V) , (1)

where softmax(K ")V is a self-attention mechanism. And
the self-attention matrix with size of C; x C, represents C;
attention maps, which can be viewed as a global semantic in-
formation description. In order to transform texture features,
the module choose reliable features from the @ according to
the depth semantic template. Then, the transformed texture
feature Fr € RTWx*Co g reshaped as Fp € REXWXCo 1o

I'H and W denote the size of input features, C; and C|, indicates the
input and output channel number, respectively.
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Fig. 2. The architecture of the proposed Texture-Depth Transformer Network (TDTN).

concatenate with LR depth features from the backbone net-
work to generate texture-depth fused features.

3.3. Multi-scale feature fusion

In order to further integrate the texture-depth fusion features,
We adopt a multi-scale feature fusion strategy. As mentioned
in Sec. 3.2, we can obtain three-scale texture-depth fusion fea-
tures, which not only contains the required structural informa-
tion corresponding to depth features, but includes the feature
transform cross different scales. Thereby, we also conduct a
cross-scale feature fusion as shown in Fig. 3. Firstly, a resid-
ual block is used to further implement fused feature the trans-
form on feature space. Then, to exchange structural infor-
mation with cross-scale, we use Bicubic method to scale the
size of different fused features for matching the spatial size.
At last, we apply a 1 x 1 convolution operation to fuse these
features, as

Fout = WT 5 [FYF? toy, FF x| +b @

where 1 is up-sampling operation, F!, F! /% and F} /* are
the fused texture-depth features by a CNN block at different
scales, respectively.

3.4. Implementation details

As shown in Fig. 2, some details of the designed network are
described as follows. The feature extraction module in the
texture-depth transformer is composed of the first 12 layers
of VGG-19 [17], including 5 convolutional layers with ReLU
and 2 pooling layers. Therefore, the transformed texture fea-
tures and the fused features are scaled to different spatial res-
olutions, which are 1, 1/2 and 1/4, respectively.

Except for the convolutional layer with labeled parame-
ters, the size of the convolution kernel is 3, the number of

Scale 1

Scale 1/2 Conv
Upsamle

Feed-forward

Downsample

Scale 1/4 .

Fig. 3. The architecture of multi-scale feature fusion.

channels is 64 and the batch size is 16. L1 Loss is used to
train of TDTN, with 200 epochs and initial learning rate is
10~*. The network is optimized by the ADAM with 3; = 0.9,
B2=0.999, £ =108,

4. EXPERIMENTS

In this section, we design several experiments to verify the
efficiency of our proposed method. Just like as [10], for
training, we select 34 pairs of texture-depth images from the
”Middlebury Datasets” [18] and 58 pairs of texture-depth im-
ages from the "MPI Sintel depth” dataset [19], repectively.
For evaluation, we choose 10 pairs of texture-depth images
from "Middlebury Datasets™ as the testing set, including Ar,
Books, Moebius, Dolls, Laundry, Reindeer, Tsukuba, Venus,
Teddy and Cones.

We pre-process the original HR depth maps by using
Bicubic algorithm to obtain the LR depth maps. During train-
ing, random rotation and flip operations are employed for data
augmentation. The root mean square error (RMSE) and the
peak signal to noise ratio (PSNR) are used to evaluate the
performance.
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Table 1. Quantitative comparisons on test for 2x scaling fac-
tor in terms of RMSE values

Table 3. Quantitative comparisons on test for 8§ x scaling fac-
tor in terms of RMSE values

Method Art  Books Moebius Dolls Laundry Reindeer Tsukuba Venus Teddy Cones Avg Method Art  Books Moebius Dolls Laundry Reindeer Tsukuba Venus Teddy Cones Avg
Bicubic 266 108 0.85 0.94 1.61 1.97 5.81 1.32 1.99 245 2068 Bicubic 550 236 1.89 1.87 343 4.05 123 2.76 4.07 530 4353
GF [20] 314 128 1.09 1.09 1.87 2.17 6.82 1.29 221 299 2395 GF [20] 534 230 1.86 1.80 3.32 3.87 12.1 2.58 3.91 522 4230
SRAM [4] 1.67  1.02 0.72 0.97 1.43 1.67 / / / / 1.247 SRAM [4] 320 146 1.10 1.19 2.11 247 / ! / / 1.922
GSR-PPT [12] | 4.57 1.57 1.51 1.30 1.99 248 9.99 1.46 241 344 3.072 GSR-PPT [12] | 3.98 1.82 1.51 1.36 2.03 257 10.0 1.51 2.46 395 3119
SRCNN [7] 248  1.03 0.81 0.90 1.52 1.84 547 1.27 1.88 234 1954 SRCNN [7] 528 230 1.84 1.82 3.32 3.92 11.8 2.67 3.95 5.15 4205
PS-DMSR [21] | 0.66  0.54 0.52 0.58 0.52 0.59 1.41 0.56 0.85 088 0.711 PS-DMSR [21] | 2.57 .19 1.21 1.31 1.52 1.80 779 1.09 2.88 4.66  2.602
MSG [10] 0.66 037 0.36 035 0.37 0.42 1.85 0.14 071 0.90 0.613 MSG [10] 246 103 102 1.05 1.51 1.76 8.42 1.04 2.76 423 2528
RDN-GDE [22] | 0.56  0.36 0.38 0.56 0.48 0.51 / / / / 0.475 RDN-GDE [22] | 2.60  1.00 1.05 1.21 1.63 2.05 / / / / 1.590
MFR-SR [23] | 0.71 042 0.42 0.60 0.61 0.65 / / / / 0.568 MFR-SR [23] | 2.71 1.05 .10 122 1.75 2.06 / ! / / 1.648
PMBA [6] 0.61 041 0.39 0.36 0.38 040 / / / / 0425 PMBA [6] 3.63 1.68 1.41 1.47 2.19 2.74 / / / / 2.187
DepthSR [5] 053 042 / / 0.44 0.51 133 / 0.83 / 0.677 DepthSR [5] 222 089 / / 131 1.57 6.89 / 185 / 2.455
Ours(TDTN) | 0.37  0.28 0.31 0.34 0.30 0.34 1.01 0.16 0.54 0.59 0424 Ours(TDTN) | 245  0.86 0.91 115 129 175 8.86 0.80 220 3.09 2336

Table 2. Quantitative comparisons on test for 4 x scaling fac-
tor in terms of RMSE values

Method Arl__Books Mocbius_Dolls _Laundry _Reindeer Tsukuba Venus Teddy Cones  Avg
Bicubic 390 1.63 129 133 239 286 856 191 290 360 3.037

GF [20] 382 162 132 130 234 2.69 844 169 273 363 2958
SRAM[4] | 257 133 085 107 200 207 / / / /1648
GSR-PPT[12] | 379 1.65 144 132 199 243 996 148 239 371 3016
SRCNN([7] |371 158 123 128 231 273 8.11 185 277 343 2.900
PS-DMSR[21] | 159 083 086 091 092 L1 373 072 158 238 1463
MSG[10] | 147 067 066 069 079 098 429 035 149 260 1399
RDN-GDE [22] | 147 062 069 088 096 117 / / / /0965
MFR-SR[23] | 1.54 063 072 089 LIl 123 / / / /1020
PMBA[6] |204 092 084 095 L4 1.39 / / / /1213
DepthSR [5] | 120 0.60 / / 0.78 0.96 3.26 /131 1362
Ours(TDTN) | 1.24 048 061 076  0.68 0.95 350 036 121 156 1135

4.1. Comparison Experiments

We choose Bicubic, GF [20], SRAM [4] as representatives of
the classical traditional methods, and some CNN-based meth-
ods including GSR-PPT [12], SRCNN [7], PS-DMSR [21],
MSG [10], RDN-GDE [22], MFR-SR [23], PMBA [6],
DepthSR [5]. When the scale factor is 2x, 4%, and 8x, the
objective quality comparison results of the depth SR recon-
struction are shown in Table. 1 to Table. 3. The best and the
second best are indicated in bold and underline, respectively.
As shown in Table. 1 to Table. 3, for different scale fac-
tors, our model almost achieves the best results in the most
of testing depth maps. Specially, when scale factor is 4x
and 8%, respectively, the average RMSE performance of our
model slightly inferior to MFR-SR [23] and RDN-GDE [22].
However, in each given testing result, our performance is bet-
ter than these both methods. Moreover, when the scale factor
is 8x, the RMSE result of our model on the ”Art” is also
0.23 higher than that of the DepthSR [5], but in the subjec-
tive evaluation (as shown in Fig. 5), our model indeed retains
more edge detail information compared to DepthSR [5].
Some visual results are shown in Fig. 4 and Fig. 5. It can
prove that the texture features are indeed helpful to depth SR.
Especially for the sharp edges, all of DepthSR [5], PMBA [6]
and our model can clearly recover the edges, compared to
Bicubic and SRCNN [7]. Nevertheless, DepthSR [5] and
PMBA [6] justly use texture images of different scales ac-
cording to the coordinate, and both the extracted depth fea-
tures and texture features are directly concatenated to imple-
ment the feature fusion, which results in the blending on the

edge regions. Partly because the consistence between depth
maps and texture images cannot be guaranteed in practice.
However, our model utilizes the TDTM to select the reliable
texture features to adapt with depth features, and uses a multi-
scale feature fusion mechanism to implement the features fu-
sion at different scales, thereby, the edge detail information of
depth maps is better restored.

4.2. Ablation experiments

To explore what matters with depth SR in our model, we con-
struct different ablation experiments. Experimental setup set
that the scale factor is 2.

4.2.1. Ablation study on Transformer

As is shown in Table. 4, where ”T-Q and T-KV” denotes all
@, K and V are the features extracted from 7Ty, and the
degraded depth map Dyr is not required in the designed
network. The "D-Q and D-KV” represents the @ is the ex-
tracted feature from D ur and K, V are from Ty . And the
”Non-transformer” indicates the model directly fuses the tex-
ture features from 7'y and depth features from Dpyr in the
form of coordinate. In addition, the ”T-Q and D-KV” is our
setting as mentioned in Sec. 3.2.

Table 4. Ablation study on Transformer

Method PSNR/RSME
T-Q and T-KV 55.79/0.47
D-Q and T-KV 55.91/0.47

Non-transformer 56.13/0.46
T-Q and D-KV 56.23/0.45

As shown in Table 4, ”T-Q and ”D-KV” setting achieves
the best performance of SR, and the corresponding PSNR
value is 0.47dB higher than that of the “’texture-Q and texture-
KV”, 0.32dB higher than that of the ’depth-Q and texture-
KV”, and 0.10dB higher than the ”Non-transformer”.

The visual features are shown in Fig. 1. Fig. 1(b) is the
extracted depth features, while the corresponding texture fea-
tures contain a lot of texture information, such as uselessly
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Fig. 4. Visual quality comparison results of the depth map “Reindeer” at scale 4 x.

(a) Ground truth (b) Bicubic (c) SRCNN

(d) PMBA

(e) DepthSR

(f) Ours

Fig. 5. Visual quality comparison results of the depth map ”Art” at scale 8.

edge inside the surface of the image, as shown in Fig. 1(c).
The ”T-Q and T-KV” tries to learn the texture features in the
form of self attention, thus the extracted features focus on the
semantic level, rather than edges, as shown in Fig. 1(d). On
the other hand, by using the ”D-Q and T-KV”, the edge infor-
mation can be enhanced, but the texture semantic information
is discarded. It means that probably few texture features can
be transferred, as shown in Fig. 1(e). The "T-Q and D-KV”
uses the semantic information of the depth map as a template
and select proper texture features to match with the distri-
bution of depth features, as shown in Fig. 1(f) . Therefore,
the transformed texture features not only retain the guidance
information needed in the depth map reconstruction process,
but also the interference information on the surface of the tex-
ture object is suppressed to a certain extent.

4.2.2. Ablation study on Texture-depth transformer network

In order to verify and analyze the role of each module in the
network structure, we use the LR depth features extracted by
the Backbone network composed of 5-layer residual blocks
and three-scale texture features extracted by the VGG-19 net-
work as the baseline in this experiment, and then add Residual
learning (RL), Multi-Scale Fusion (MSF) and Transformer
(T) to verify the role of each module. The experimental re-
sults are shown in Table. 5.

As we all known, RL can reduce the training difficulty of
the network, and the reconstruction results reduces by 0.07
on RMSE compared to Baseline. When we further introduce
the MSF module, its RMSE is reduced by 0.03. Lastly, the
TDTM furthermore improve the performance of depth SR due
to the possible advantage mentioned above.

Table 5. Ablation study on texture-depth transformer network

Method RL | MSF | T | PSNR/RSME
Baseline 54.45/0.56
Baseline+RL v 55.41/0.49
Baseline+RL+MSF v v 56.13/0.46
Baseline+RL+MSF+T | v v v 56.23/0.45

5. CONCLUSION

In this paper, a texture-depth transformer is proposed for
depth super-resolution task which can learn the corresponding
structural information of the HR texture images and the cor-
responding interpolated depth maps. Furthermore, a multi-
scale feature fusion strategy is adopt to fuse the fused fea-
tures at multiple scales. Extensive experiments demonstrate
the superior performance of our TDTN over state-of-the-art
approaches on both quantitative and qualitative evaluations.
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