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Abstract. The machine-vision based structural displacement measurement methods are widely used due to its flexible
deployment and non-contact measurement characteristics. The accuracy of vision measurement is directly related to the image
resolution. In the field of computer vision, super-resolution reconstruction is an emerging method to improve image resolution.
Particularly, the deep-learning based image super-resolution methods have shown great potential for improving image resolution
and thus the machine-vision based measurement. In this article, we firstly review the latest progress of several deep learning
based super-resolution models, together with the public benchmark datasets and the performance evaluation index. Secondly, we
construct a binocular visual measurement platform to measure the distances of the adjacent corners on a chessboard that is
universally used as a target when measuring the structure displacement via machine-vision based approaches. And then, several
typical deep learning based super resolution algorithms are employed to improve the visual measurement performance.
Experimental results show that super-resolution reconstruction technology can improve the accuracy of distance measurement of
adjacent corners. According to the experimental results, one can find that the measurement accuracy improvement of the super
resolution algorithms is not consistent with the existing quantitative performance evaluation index. Lastly, the current challenges
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and future trends of super resolution algorithms for visual measurement applications are pointed out.
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1. Introduction

Machine vision techniques are broadly employed in the
structure displacement measurement (Ye ef al. 2016a, Wu et
al. 2014, Lee et al. 2017, Ye et al. 2016b, Xu and
Brownjohn 2018), thanks to the merits of non-contact,
simple installation, low cost and the flexibility of increasing
the measuring points (Wu et al. 2014). Machine-vision
based systems can be used in structural condition
assessment, especially in system identification (Yoon et al.
2016, Caetano et al. 2007, Oh et al. 2015). The measured
deformation information can be used for finite element
model calibration (Feng and Feng 2015), damage detection
(Cha et al. 2017), weigh-in-motion system of bridges with
camera assistance for traffic monitoring (Ojino ef al. 2016),
and so on. Basically, the procedure of machine-vision based
displacement measurement consist of feature points
detection and the 3D coordinators reconstruction based on
feature point pixel coordinators and the projection mapping
principle or binocular measurement principle (Xu and
Brownjohn 2018, Wu et al. 2020a). Even though various
image acquisition hardware and video processing
improvements have been made in the previous works, the
accuracy of vision-based displacement measurement is
directly related to the resolution of the camera. Given the
field of view to be measured, the higher the resolution, the
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smaller the physical size corresponding to each pixel, and
thus the higher the measurement accuracy. Instead of
upgrading the hardware system, upgrading the software can
save costs and can be compatible with existing systems.

Image super-resolution (SR) is a software method for
recovering high-resolution images from low-resolution
images (Wang et al. 2020a), which has the advantages of
low cost and good effect. It has a wide range of applications
in practical remote sensing images (Nguyen et al. 2005),
medical images (Finkelstein et al. 2003) and surveillance
(Rasti et al. 2016). Recently, SR is introduced into machine-
vision based measurement. The Super Resolution Digital
Image Correlation (SR-DIC) (Hansen et al. 2021)
demonstrates the potential application of super resolution
imaging to improve high-magnification DIC measurements
using open source SR software. However, the SR-DIC
adopts the traditional SR, and requires capture several low-
resolution images in order to reconstruct a SR image.
Thanks to the development of deep learning algorithms, it is
possible to reconstruct the SR image from single image via
a trained model.

Image super-resolution reconstruction is a classic ill-
posed problem (Tian and Ma 2011), because a given low
resolution (LR) image always has multiple corresponding
high resolution (HR) images. At present, the SR algorithms
can be divided into three categories: interpolation-based
methods (Mecheri et al. 2007), reconstruction-based
methods (Chantas et al. 2007), and learning-based methods
(Chen 2011). The interpolation-based methods (Mecheri et
al. 2007) use the gray value of original pixels around the
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interpolation point to estimate the gray value of the point,
which is simple and fast, suitable for real-time applications;
Typical interpolation-based algorithms includes nearest
neighbor interpolation (Nearest), bilinear interpolation
(Bilinear) (Blu et al. 2004), bicubic interpolation (Bicubic)
(Keys 2003). The reconstruction-based methods (Chantas et
al. 2007) try to model the image degradation process in
order to reconstruct the high-resolution image that satisfies
the constraint provided by the low-resolution image (Yang
et al. 2019a). Commonly used reconstruction algorithms
include iterative back projection (IBP) algorithm (Irani and
Peleg 1991), maximum a posterior probability (MAP)
algorithm (Schultz and Stevenson 1996), projection onto
convex set (POCS) algorithm (Stark and Oskoui 1989), and
maximum a posterior probability- projection onto convex
set (MAP-POCS) hybrid algorithm (Elad and Feuer 2002).

The learning-based methods (Chen 2011) learn the
mapping of high-resolution and low-resolution images in
the training dataset, and then apply this mapping
relationship to the super-resolution reconstruction of other
images. At the beginning, the machine-learning based
methods use manual or semi-automatic methods to select
features and adjust parameters, which is time-consuming
and requires expert knowledge of the corresponding field
(Lin et al. 2008). The learned mapping relationship is often
a simple mapping among convolution kernels, comparison
tables or image blocks (Freeman et al. 2002). Traditional
learning methods mainly include neighbor embedding
(Chang et al. 2004), sparse representation (Yang et al.
2010), and regression mapping (Ni and Nguyen 2007).

The SR algorithm based on Convolutional Neural
Network (SRCNN) (Dong et al. 2014) firstly introduced
deep learning network (Wang et al. 2020b) into the field of
image SR reconstruction, greatly improving the
performance of SR algorithm. Since then, various deep-
learning based SR models have been proposed and the
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SR:Try to recover HR from its LR counterpart

Fig. 1 Typical frame of image super-resolution

performance are greatly improved.

In this study, we focus on the investigation of the deep
learning based image SR reconstruction for machine-vision
based measurement. Firstly, the existing deep-learning-
based SR algorithms are introduced in details, together with
some public benchmark datasets and commonly used
performance evaluation index for the sake of validation and
evaluation. Then, we will construct a binocular visual
measurement system to measure the distance of the adjacent
corners on chessboard that is universally used as a target in
the  machine-vision based structure displacement
measurement system. It is worth noting that the chessboard
is selected as the measurement object since the distance
between its adjacent points (ground truth) is known.
However, SR algorithm is not limited to the visual
measurement scheme with target. After that, several
classical SR algorithms are employed to improve the image
quality of the measurement system to verify the potential of
SR in the displacement measurement accuracy improve-
ment.

2. Basic principles and classification

As shown in Fig. 1, in a typical SR framework (Park et
al. 2003), the low resolution (LR) image y is transformed
from the high resolution (HR) image x by Eq. (1).

y=x®k) l+n (1)

Among them, x®k is the convolution between the fuzzy
kernel k and the HR image x, |s is the down-sampling
operation with the scale factor s, and n is the independent
noise term. The SR algorithm focuses on how to recover the
HR image from its LR image.

With the development of deep learning in the image
field, image SR reconstruction has also been inspired by
neural network models and has made significant progress.
The deep learning-based SR method is based on the
standard convolutional neural network (CNN) (Krizhevsky
et al. 2012), residual network (ResNet) (He et al. 2016),
densely connected network (DenseNet) (Huang et al. 2017)
and generative adversarial network (GAN) (Goodfellow et
al. 2014), as shown in Fig. 2.

2.1 SR network based on standard CNN

The first deep-learning based SR algorithm is the

[
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Fig. 2 Classification of SR networks based on deep learning
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SRCNN (Dong et al. 2014), as shown in Fig. 3. It simulates
the sparse coding reconstruction algorithm, and learns how
to map low-resolution images to high-resolution images.
The input image is enlarged by bicubic interpolation to the
required size, and then the CNN is used to perform three
steps of feature extraction, nonlinear mapping and
reconstruction, so as to achieve SR reconstruction.

The structure of SRCNN is simple, and the accuracy is
better than other non-deep learning algorithms, which fully
reflects the prospects of deep learning in the field of single-
image SR reconstruction. But the input is an interpolated
LR image, which not only increases the amount of
calculation, but also introduces unnecessary noise that
affects the reconstruction effect. Besides, one should train a
model separately for each different scale magnification
factor.

To solve the problems of the SRCNN, the Fast Super-
Resolution Convolutional Neural Networks (FSRCNN)
(Dong et al. 2016) is proposed, as shown in Fig. 4. Instead
of bicubic interpolation, the FSRCNN introduces a
deconvolution layer to upsample the input image, which
greatly reduces the amount of calculation and can provide
different scale amplification by changing the deconvolution
layer. Meanwhile, the FSRCNN deepens the network to 8
layers to improve the network performance.

In the Efficient Sub-Pixel Convolutional Neural
Network (ESPCN) proposed by Shi ef al. (2016), a new
image reconstruction strategy, i.e., the pixel rearrangement
strategy, is given, which is very similar to image
interpolation. At the same time, by setting the number of
feature channels, different scale factors can be obtained.
The structure of ESCPN is shown in Fig. 5.

2.2 SR network based on residual structure

Very Deep Convolutional Networks for Super-
Resolution (VDSR) (Kim et al. 2016a) introduced the
residual structure and constructed a network layer with 20
layers. It states that the low-frequency information carried
by the LR image is similar to the low-frequency
information of the HR image. And thus, it focuses on
learning the high-frequency residual information. It inputs
the LR image with the target size into the network, then

Feature extraction Rearrange

Fig. 5 ESCPN structure

Fig. 6 VDSR structure

adds this image and the residual error learned by the
network to obtain the final HR reconstruction image, as
shown in Fig. 6.

The deeper network in VDSR brought better expressive
capabilities, as well as better performance. However,
because only a skip connection is introduced in the network,
the vanishing gradient problem has not been well alleviated.
Hence, an adaptive gradient clipping strategy is used to
solve the vanishing gradient problem in the training
process.

The Deeply-Recursive Convolutional Network (DRCN)
(Kim et al. 2016b) adopts the embedded network to extract
shallow features of low-resolution pictures as the input of
the recursive network. Then, the inference network is
composed of 16 recursive units to strengthen the
information transfer between layers and make full use of the
connection of contextual information. Therefore, it can
better restore the high-frequency parts of images. At last,
the final reconstruction output is the weighted sum of the
different convolution layer’s output. Due to the parameter
sharing, the recursive layers in DRCN does not increase the
number of parameters. However, the recurrent neural
network is prone to overfitting or gradient disappearance/
explosion, so a skip connection is added between the
recursive unit and the reconstructed network, while
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a recursive supervision strategy is used to alleviate the
gradient disappearance/explosion problem. The structure of
DRCN is shown in Fig. 7.

Inspired by VDSR and DRCN, the Deep Recursive
Residual Network (DRRN) (Tai et al. 2017b) is proposed,
which combines local residual learning, global residual
learning, and multi-weight recursive learning. As shown in
Fig. 8, the whole network is composed of an adjustable
number of recursive blocks. Because the parameters of the
sub-recursive units are shared, and local skip connections
are added, the network depth can achieve 52 layers.

The Enhanced/Multi-scale Deep Super-Resolution
(EDSR/MDSR) (Lim et al. 2017) removes the Batch
Normalization (BN) layer from the deep residual network,
and thus can stack more network layers and achieve better
performance, as shown in Fig. 9. To learn the mapping
relationship between the high-resolution images and the low
resolution images from different “perspectives”, the EDSR

perform multiple geometric transformations on each LR
image, and then the reconstructed HR image are inversely
transformed and averaged as the final reconstruction HR
image.

Based on the EDSR, the Wide Activation for Efficient
and Accurate Image Super-Resolution (WDSR) (Yu et al.
2018) is proposed, which wins the championship of the
NTRIE 2018 super-resolution competition. In WDSR, the
redundant convolutional layer outside the residual block is
removed, and the batch normalization is replaced by weight
normalization. Hence, the network occupies less memory
and can be trained faster. Fig. 10 demonstrates the
simplified WDSR network.

In order to reduce the size of the network and enhance
its practicability, a cascade mechanism (Ahn et al. 2018) is
used to propose a lightweight SR reconstruction model
Cascading Residual Network (CARN), as shown in Fig. 11.
The CARN contains multiple cascaded blocks (CB) with



Investigation of the super-resolution methods for vision based structural measurement 291

ResBlock

ResBlock

v

o
[
=
o
a
Q

=)

10

a

=

@

a

Q

=)
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multiple skip connections, so that the cascaded residual
network can mix multi-level features locally and globally,
and make information transfer more efficient.

The Multiscale Residual Network (MSRN) (Li et al.
2018) is a SR network that can make use of multi-scale
features for arbitrary scale amplification, as shown in Fig.
12. The network is divided into a feature extraction part and
a reconstruction part. The feature extraction part is
composed of the multi-scale residual block (MSRB) that
completes the multi-scale feature fusion. The task of the
reconstruction part is to enlarge the image. By adopting the
channel pixel rearrangement method in the ESPCN model,
the reconstructed images with different scales are realized.

In the previous SR models, the information in each

channel was treated indiscriminately, which limits the
expressive ability of the network. The Residual Channel
Attention Network (RCAN) (Zhang et al. 2018a) adds a
channel attention mechanism, as shown in Fig. 13. In order
to alleviate the difficulty of deep network training, RCAN
adopts Residual In Residual (RIR) structure. The RIR is
connected by a series of residual groups (RG) through a
long-skip connection, which relieves the burden of
information transmission and stabilizes the training process.
Each RG structure was connected by the residual channel
attention block (RCAB) through short-skip connection,
which made the network mainly learn high frequency
features. The structure of RCAB is shown in Fig. 14, in
which a channel attention mechanism is added, so that the
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RCAN can adaptively learn more useful channel functions.
2.3 SR network based on dense connections

Compared with ResNet, the Dense convolutional
network (DenseNet) (Huang et al. 2017) proposes a more
radical dense connection mechanism, which connects all
layers to each other. Specifically, each layer will accept all
the previous layers as its additional input.

The SRDenseNet (Tong et al. 2017) applied the
DenseNet into the SR problem, as shown in Fig. 15.
Multiple dense blocks are used to learn high-level features,
which enables the sharing of complementary features at
different depth levels, and achieves better performance with
fewer parameters and calculation.

The Very Deep Persistent Memory Network (MemNet)
(Tai et al. 2017a) further introduces a Memory Block (MB)
containing a recursive unit and a gate unit, as shown in Fig.
16. In each MB, the recursive unit learns the multi-level
representations of the current state in different receptive
fields, which can be regarded as short-term memory. Long-
term memory is generated by the previous MB. These short-
term and long-term memory are combined and sent to the
gate unit. Compared with the SRDenseNet, the MemNet
considers the influence of the previous state on the
subsequent state.

The Residual Dense Network (RDN) (Zhang et al.
2018b) combines DenseNet and ResNet, and makes full use
of the hierarchical features extracted by the convolutional
neural network. It contains 4 modules, namely, the shallow
feature extraction network (SFENet), the residual dense
block (RDB), the dense feature fusion (DFF) and the up-
sampling network (UPNet). The network structure is shown

in Figs. 17 and 18. The network uses a series of
concatenated residual dense blocks to extract and fuse local
features, establish a continuous memory mechanism, retain
the information of the previous layer to the greatest extent,
and perform global fusion of the obtained local features.

2.4 SR network based on GAN

The Super-Resolution Using a Generative Adversarial
Network (SRGAN) (Ledig et al. 2017) introduces the GAN
(Goodfellow et al. 2014) into the field of image SR, and
obtains images more consistent with human visual
perception. The generator and discriminator are shown in
Figs. 19(a) and (b) respectively. The generator is
responsible for generating high-resolution images, and the
discriminator is responsible for identifying whether the
input image comes from generated data or real data. When
the discriminator fails to discriminate, it can be considered
that the generator has the ability to synthesize high-
resolution images.

The enlarged details of HR reconstructed by SRGAN
are usually accompanied by artifacts. The Enhanced
SRGAN (ESRGAN) (Wang et al. 2018) replaces the basic
residual unit of the network by a Residual-in-Residual
Dense Block (RRDB) in order to restore more realistic
texture details, as shown in Fig. 20. Specifically, the RRDB
removes the BN layer in order to utilize more features and
reduce the artifact problem. Besides, the discriminator uses
the relativistic average GAN (RaGAN) to judge ‘whether an
image is more real than another’ instead of ‘an image is true
or false’.

The Super-Resolution with Feature Discrimination
(SRFeat) (Park et al. 2018) adds a feature discriminator in
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the discriminant network, so that not only the reconstructed
image can be trained against the high-resolution image, but
also the extracted feature can be trained against the high-
resolution image, so as to produce more realistic results.
The generator and discriminator are shown in Figs. 21(a)
and (b) respectively.

3. SR public benchmark datasets

A list of public benchmarks image datasets has been
constructed for SR task, as listed in Table 1. Some provide
LR-HR image pairs, while others only provide HR images
and a degradation operation is required to obtain LR
images.

4. Evaluation Index and the performance of
previous models

How to evaluate the quality of SR images, including
both subjective and objective index, has always been a very
active topic. Subjective quality evaluation is the most direct
and effective method to evaluate the image quality based on
the subjective feelings of the observer. One of the
commonly used methods is subjective mean opinion of
score (MOS) (Ledig et al. 2017). However, due to the
influence of individual differences and environmental
factors, it is difficult to form a standard evaluation result. In
addition, in order to reduce the influence of subjective
factors on the evaluation results, multiple test images are
generally required for repeated experiments in actual
evaluation, which requires a lot of time and energy. The
objective evaluation method is to quantitatively evaluate the
image quality by establishing a mathematical model, mainly
including mean square error (MSE), peak signal-to-noise
ratio (PSNR) (Hore and Ziou 2010), structural similarity
(SSIM) (Wang et al. 2004) and information fidelity criterion
(IFC) (Sheikh et al. 20006).

Table 1 Super-resolution public benchmark datasets

Lijun Wu, Zhouwei Cai, Chenghao Lin, Zhicong Chen, Shuying Cheng and Peijie Lin

4.1 Subjective quality evaluation

The MOS (Ledig et al. 2017) is a commonly used
subjective image quality evaluation method, requiring many
experimenters to score the perceived quality of the test
images. Usually the score ranges from 1 (bad) to 5 (good),
and the final average opinion score is the average of all the
scores.

4.2 Objective quality evaluation

The PSNR (Hore and Ziou 2010) is one of the most
commonly used evaluation indicators in image processing.
In SR work, the PSNR is defined by MSE and the
maximum pixel value L which is generally equal to 255.
Given a real image I with N pixels and a reconstructed
image I, the PSNR is defined as Eq. (2).

L2
PSNR =10 - l0g10 (m)

=10- loglo

LZ (2)

- — € (0,+)
2yl (10 - 1)

The higher the PSNR value between two images, the
less distortion of the reconstructed image relative to the
high-resolution image. The PNSR only pays attention to the
difference between pixels, and the reconstruction of real
scenes pay more attention to human perception, so high
PNSR does not guarantee high reconstruction quality of
work in real scenes. However, due to the need for
performance comparison and the lack of accurate perceptual
metrics, the PSNR is still the most widely used evaluation
standard for SR models.

The SSIM (Wang ef al. 2004) compares the brightness,
contrast and structure information between the
reconstructed image and the original image to obtain the
image quality value. The mean value is used as the
brightness estimation, the standard deviation as the contrast

Datasets Usage Format Number reAs‘Sfiiggn Remarks information
Set5 (Bevilacqua et al. 2012) PNG 5 313%336 baby, bird, butterfly, head, women
Setl4 (Zeyde et al. 2010) PNG 14 492x446 humans, animals, insects, flowers, vegetables, etc.
BSD100 (Martin et al. 2001) TEST JPG 100 481x321 animal, building, food, landscape, people, plant, etc.
Urban100 (Huang et al. 2015) PNG 100 984x797 architecture, city, structure, urban
Mangal09 (Fujimoto et al. 2016) PNG 109 827x1170 a variety of 109 Japanese comic books
T91 (Yang et al. 2010) PNG 91 264x204 car, flower, fruit, human face, etc.
BSDS300 ( Martin et al. 2001) RAIN JPG 300  435x367 animal, building, food, landscape, people, plant, etc.
BSDS500 (Arbelaez et al. 2011) JPG 500  432x370 animal, building, food, landscape, people, plant, etc.
General-100 (Dong et al. 2016) BMP 100  435x381 animal, food, people, plant, texture, etc.
DIV2K (Agustsson and Timofte 2017) PNG 1000 1972x1437 environments, flora, fauna, handmade object, people, etc.
Flickr2K (Wang et al. 2018) T,E%I};I / PNG 2650 2K 2K images from Flickr
DF2K PNG 3650 2K a merged training dataset of DIV2K and Flickr2K
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Table 2 Quantitative results of the SR models with scale factor x2 (Unit: dB/-)

Scale ' Set5 Set14 BSD]OO Urban100
Methods factor (Bevilacqua et al. 2012)  (Zeyde et al. 2010)  (Martin et al. 2001) (Huang et al. 2015)
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403
SRCNN (Dong et al. 2014) 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946
FSRCNN (Dong et al. 2016) 37.05/0.9560 32.66/0.9090 31.53/0.8920 29.88/0.9020
ESPCN (Shi et al. 2016) 37.00/0.9559 32.75/0.9098 31.51/0.8939 29.87/0.9065
VDSR (Kim et al. 2016a) 37.53/0.9588 33.03/0.9124 31.90/0.8960 30.76/0.9140
DRCN (Kim et al. 2016b) 37.63/0.9588 33.04/0.9118 31.85/0.8942 30.75/0.9133
DRRN (Tai et al. 2017b) 37.74/0.9591 33.23/0.9136 32.05/0.8973 31.23/0.9188
EDSR (Lim et al. 2017) x2 38.11/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351
WDSR (Yu et al. 2018) 38.10/0.9608 33.72/0.9182 32.25/0.9004 32.37/0.9302
CARN-M (Ahn et al. 2018) 37.53/0.9583 33.26/0.9141 31.92/0.8960 30.83/0.9233
MSRN (Li et al. 2018) 38.08/0.9605 33.74/0.9170 32.23/0.9013 32.22/0.9326
RCAN (Zhang et al. 2018a) 38.33/0.9617 34.23/0.9225 32.46/0.9031 33.54/0.9399
SRDenseNet (Tong et al. 2017) — — — —
MemNet (Tai et al. 2017a) 37.78/0.9597 33.28/0.9142 32.08/0.8978 31.31/0.9195
RDN (Zhang et al. 2018b) 38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353
Bicubic 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349
SRCNN (Dong et al. 2014) 32.75/0.9090 29.30/0.8215 28.41/0.7863 26.24/0.7989
FSRCNN (Dong et al. 2016) 33.18/0.9140 29.37/0.8240 28.53/0.7910 26.43/0.8080
ESPCN (Shi et al. 2016) 33.02/0.9135 29.49/0.8271 28.50/0.7937 26.41/0.8161
VDSR (Kim et al. 2016a) 33.68/0.9201 29.86/0.8312 28.83/0.7966 27.15/0.8315
DRCN (Kim et al. 2016b) 33.85/0.9215 29.89/0.8317 28.81/0.7954 27.16/0.8311
DRRN (Tai et al. 2017b) 34.03/0.9244 29.96/0.8349 28.95/0.8004 27.53/0.8378
EDSR (Lim et al. 2017) x3 34.65/0.9280 30.52/0.8462 29.25/0.8093 28.80/0.8653
WDSR (Yu et al. 2018) 34.48/0.9279 30.39/0.8434 29.16/0.8067 28.38/0.8567
CARN-M (Ahn et al. 2018) 33.99/0.9236 30.08/0.8367 28.91/0.8000 26.86/0.8263
MSRN (Li et al. 2018) 34.38/0.9262 30.34/0.8395 29.08/0.8041 28.08/0.5554
RCAN (Zhang et al. 2018a) 34.85/0.9305 30.76/0.8494 29.39/0.8122 29.31/0.8736
SRDenseNet (Tong et al. 2017) — — — —
MemNet (Tai et al. 2017a) 34.09/0.9248 30.00/0.8350 28.96/0.8001 27.56/0.8376
RDN (Zhang et al. 2018b) 34.71/0.9296 30.57/0.8468 29.26/0.8093 28.80/0.8653
Bicubic 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577
SRCNN (Dong et al. 2014) 30.48/0.8628 27.50/0.7513 26.90/0.7101 24.52/0.7221
FSRCNN (Dong et al. 2016) 30.72/0.8660 27.61/0.7550 26.98/0.7150 24.62/0.7280
ESPCN (Shi et al. 2016) 30.66/0.8646 27.71/0.7562 26.98/0.7124 24.60/0.7360
VDSR (Kim et al. 2016a) 31.35/0.8830 28.02/0.7680 27.29/0.7251 25.18/0.7540
DRCN (Kim et al. 2016b) 31.56/0.8810 28.15/0.7627 27.24/0.7150 25.15/0.7530
DRRN (Tai et al. 2017b) 31.68/0.8888 28.21/0.7721 27.38/0.7284 25.44/0.7638
EDSR (Lim et al. 2017) x4 32.46/0.8968 28.80/0.7876 27.71/0.7420 26.64/0.8033
WDSR (Yu et al. 2018) 32.27/0.8963 28.67/0.7838 27.64/0.7383 26.26/0.7911
CARN-M (Ahn et al. 2018) 31.92/0.8903 28.42/0.7762 27.44/0.7304 25.63/0.7688
MSRN (Li et al. 2018) 32.07/0.8903 28.60/0.7751 27.52/0.7273 26.04/0.7896
RCAN (Zhang et al. 2018a) 32.73/0.9013 28.98/0.7910 27.85/0.7455 27.10/0.8142
SRDenseNet (Tong et al. 2017) -- -- -- --
MemNet (Tai et al. 2017a) 31.74/0.8893 29.26/0.7723 27.40/0.7281 25.50/0.7630

RDN (Zhang et al. 2018b) 32.47/0.8990 28.81/0.7871 27.72/0.7419 26.61/0.8028




296 Lijun Wu, Zhouwei Cai, Chenghao Lin, Zhicong Chen, Shuying Cheng and Peijie Lin

estimation, and the covariance as the structural similarity
measure. Given two images x and y, the structural similarity
of the two images can be calculated according to Eq. (3).

(Z.ux.uy + Cl)(zaxy + CZ)
Uz + 4 + c1) (0 + 05 + c2)

SSIM(x,y) = € [-1,1] 3)

Among them, u, and u, are the average values of x and y
respectively, of and oy are the variances of x and y
respectively, gy, is the covariance of x and y. ¢; = (k;L)?
and ¢, = (k,L)? are constants used to maintain stability,
and L is the dynamic range of the pixel value, generally &; =
0.01, k&, = 0.03. The larger the SSIM, the smaller the gap
between the output image and the undistorted image, i.e.,
the better image quality. The SSIM is widely used because
it evaluates the reconstruction quality from the perspective
of the human visual system.

The IFC (Sheikh et al. 2006) uses high-frequency
components to calculate the similarity between images by
wavelet transform, which is wused to measure the
information of the distorted image and retains the reference
image. This measurement method can better match the
human visual system which is more sensitive to high-
frequency information. However, the calculation is more
complicated.

4.3 Performance of previous models

Table 2 show the PSNR/SSIM of the %2, x3, and x4
amplification factor reconstruction results of the above
mention network models on the benchmark datasets Set5
(Bevilacqua et al. 2012), Setl4 (Zeyde et al. 2010),
BSD100 (Martin et al. 2001), and Urban100 (Huang et al.
2015). The PSNR/SSIM values based on the generated
adversarial network model are not given since they pay
attention to perception details but not the PSNR/SSIM.

5. Experimental verification

In order to compare the performance of various SR

(a) GT

(d) Reconstructed by VDSR

(b) 4xdown sampling

(e) Reconstructed by EDSR

algorithms, we construct a testing platform. Based on two
ALLIED GIGE GT1910C cameras whose resolution is
1920%1080, image pairs of a black and white chessboard
are collected. The SR algorithms are used to obtain the
high-resolution images. It is worth noting that the low
resolution images are acquired via Bicubic with 4xdown
sampling and the real images are used as the ground truth.
The corners are detected and matched both on the low-
resolution image pairs and the high-resolution image pairs.
The 3D coordinators of the corners are respectively
reconstructed according to the principle of binocular vision
(Wu et al. 2020a). Then, we calculate the distance of the
reconstructed adjacent corners and compared it with the real
distance in order to access the distance measurement
accuracy.

In this case, the shooting distance is about 4 m, and the
distance between adjacent corner points is designed to be 15
mm. Fig. 22 shows the binocular vision measurement
platform.

The Fig. 23 shows the enlarged details of the chessboard
image. Fig. 23(a) is the original captured image and is used
as the ground truth. Fig. 23(b) is the image acquired by |4
down sampled by Bicubic and is used as the low resolution
image. Fig. 23(c)-(f) are the x4 reconstructed images
acquired by SRCNN, VDSR, EDSR and RCAN. As one can
see from Fig. 23, the image SR algorithms can improve the
image quality in different degrees from the perception of

Fig. 22 Binocular vision measurement platformsystem

(c) Reconstructed by SRCNN

() Reconstructed by RCAN

Fig. 23 The enlarged detail of the 4xreconstructed chessboard images
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Fig. 24 Box plots: (a) Original image (ground truth, GT) and Bicubic down sampling |4 results; (b) SRCNN,
VDSR results, x4; (c) EDSR, RCAN results, x4

human eyes.

Then, the distances of the adjacent corner points are
measured based on the principle of binocular vision
measurement, and the accuracy of the measurement results
can be seen from the box plots in Fig. 24. One can see from
Fig. 24(a) that the corner detection accuracy is directly
related to image resolution, and the measurement accuracy
is decreased after the down sampling. From Figs. 24(b) and
(c), one can see that most of the SR reconstruction
algorithms to be tested can improve the measurement
accuracy to different degrees, except the SRCNN. The
visual quality of the pictures after SRCNN has been
improved, but the edge areas, especially the corner points
are blurred. Corner detection results are worse than the
input image, with more outliers and a wider error range.
The VDSR has better visual effects than SRCNN, and the
corner detection results are also better. If the results in Fig.
24 are compared with the ones listed in Table 3, one can
find the results are inconsistent. For example, in Table 3, the
PSNR and SSIM of images reconstructed by RCAN and
EDSR are better than the ones of VDSR. However, the
distance measurement accuracy based on VDSR SR images
is better than the one of EDSR and RCAN. Therefore, if we
want to improve the measurement accuracy through SR
reconstruction algorithm, we need to select the appropriate
algorithm. The existing PSNR and SSIM evaluation indexes
cannot perfectly evaluate the performance of the algorithm
in visual measurement applications.

6. Future directions

Currently, the deep learning based image SR has
achieved great success, but there are still a lot of issues for
the application of machine-vision based measurement.

The improvement of network structure is always
important in order to improve the performance and reduce
excessive space and computational redundancy. Currently,
the image SR algorithms usually have too many parameters,
which lead to long training time and large memory
consumption, and it is difficult to be deployed on the
embedded platforms. Hence, the design of lightweight
models is also important.

6.1 Towards real-world image super-resolution

SR algorithms aim to learn the map between the LR and
HR image pairs. However, it is difficult to collect image
pairs with different resolutions in site. Instead of
constructing a paired dataset in real life (Cai et al. 2019),
the collected images are often treated as the HR image and
are down sampled by bicubic algorithm to obtain a
simulation of the LR image (Zhang et al. 2019) in order to
train the model.

However, the reasons for the degradation of low-
resolution images in the real world are very complex, and
the low-resolution images in the public dataset are obtained
by performing a predefined degradation (usually bicubic
degradation) on high-resolution images, so the quality of
models derived from supervised learning are often very
poor when applied to real-world images (Bulat et al. 2018).
How to better fit the real-world image degradation process
and improve the reconstruction effect of image SR
reconstruction technology in practical applications, is one of
the remaining issues for practical applications (Zhang et al.
2017).

Finally, the SR reconstruction technology has a wide
range of applications in areas where it is difficult to extract
useful information from low-resolution images, such as
target tracking (Luo et al. 2017), medical imaging (Luo et
al. 2020b), and video surveillance (Yan et al. 2015).
However, the current SR reconstruction technology mostly
stays in the research stage. In practical applications, for
different application fields, the requirements for SR
reconstruction technology are different, and the network
structure needs to be adjusted according to different
application scenarios to meet different needs.

6.2 Selection of loss function and evaluation index

The loss function can be seen as a constraint between
the high-resolution image and the reconstructed image,
which can guide the model to optimize (Seif and
Androutsos 2018). The evaluation index has a certain
connection with the loss function (Seif and Androutsos
2018). A good evaluation index can effectively evaluate the
quality of the reconstructed image, so as to optimize the
model. Most of the loss functions used in current image SR
reconstruction work are inherited from previous work in
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other image fields. For example, at the beginning, people
simply adopted L2 loss in order to pursue higher PSNR. But
as the PSNR gets higher and higher, the researchers found
that the image quality has not achieved good visual effects.
Therefore, it is very important to find a set of loss function
(Wu et al. 2020b) and a more accurate evaluation index
system for image SR reconstruction in the future.

7. Conclusions

This article investigates the application of deep-learning
based image SR reconstruction algorithms for improving
the accuracy of machine-vision structural measurement.
Firstly, the CNN-based and GAN-based SR models are
introduced, together with the discussion of their advantages
and disadvantages. Secondly, several datasets and
evaluation index commonly used in image SR reconstruc-
tion work are introduced for the validation of the SR
methods. Then, several experiments are conducted in order
to test the potential of applying SR algorithms into visual
measurement. Experiment results show that SR algorithms
can improve the accuracy of corner detection and have great
development prospects in visual measurement. However,
the currently existing model performance evaluation
indexes cannot perfectly access the algorithm performance
in visual measurement. Lastly, the future research directions
and challenges of image SR reconstruction are proposed
from the aspects of model design, performance optimization
and practical application.
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