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a b s t r a c t
Single image super-resolution (SISR) typically reconstructs higher-resolution (HR) images from the corresponding low-resolution (LR) images in the presence of natural HR images. SISR is highly important in
generating high-quality images in forensic scenarios since it facilitates close investigation and examination of captured shoeprints. However, it becomes more challenging when there are no available natural
HR ground truth images that correspond to the input LR images. In such cases, HR reconstruction
becomes even more crucial for providing HR versions that retain the natural characteristics of shoeprints.
For this purpose, we propose IPAS-Net, which utilizes U-Net for feature extraction, shares the learned
parameters from LR space in HR space, and innovatively upscales, refines, and enhances the HR space
via special treatments. The upsampling-and-refinement block comprises a parallel pipeline composed
of attention mechanism block (AMB) and one-step-high-iteration (OSHI). All upsampling solutions are
infused so that distinct upscaling can compensate each others’ weaknesses. The generated HR shoeprints
are evaluated using blind/non-reference evaluation metrics, and the proposed method outperforms the
state of the art (SOTA) deep learning modalities on low-quality shoeprints.
Ó 2022 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Super-resolution (SR) typically addresses the reconstruction of
desired high-resolution (HR) images with reasonable details from
the corresponding low-resolution (LR) images to improve
human-specific pictorial information and automatic machine perception (Glasner et al., 2009). SR aims to reconstruct a degraded
HR version (i.e., LR) into visually pleasant and high-resolution
images. SR has been studied broadly, starting from the early conventional vision approaches (Park et al., 2003) to convolution networks (Dong et al., 2015) and, recently, deep learning (DL) based
models (Shamsolmoali et al., 2019). The DL approaches are classified into interpolation-based (Lim et al., 2017), learning-based
(Zhang et al., 2017), and reconstruction-based (Sun et al., 2008).
⇑ Corresponding author at: College of Computer Science and Technology, Jilin
University, Changchun, China.
E-mail addresses: hassan2117@mails.jlu.edu.cn, mhassandev@gmail.com (M.
Hassan), wy6868@jlu.edu.cn (Y. Wang), w.pang@hw.ac.uk (W. Pang), WangDi@ntu.edu.sg (D. Wang), lidaixi@everspry.com (D. Li), zyou@jlu.edu.cn (Y. Zhou),
xudong@missouri.edu (D. Xu).

The learning-based methods show promising results by learning
between the LR and HR spaces. The generation of HR images can
be performed either from a single LR (single images superresolution (SISR)) or from multi-LR (multi-image super resolution
(MISR)) images (Yang et al., 2019). SISR is still an ill-posed reverse
problem in which a high-fidelity image is generated from its
reduced single LR version (Yang et al., 2019); this problem is
addressed in this article. The LR-HR mapping or learning is performed using pre-upsampling (Kim et al., 2016), post-upsampling
(Lim et al., 2017), progressive upsampling (Lai et al., 2017), or
hourglass (Li et al., 2019) learning approaches that output HR
images. The pre-upsampling methods are easier to employ because
they simply require prior interpolation, but they may cause
checkerboard artifacts, exacerbate noise and blurriness, and
require time-consuming computations (Shocher et al., 2018). Similarly, post-upsampling approaches can minimize the computational complexity by extracting the features at a lower spatial
space. However, performing the upsampling process in a single
step increases the learning difficulty for higher scaling factors
(i.e., 4; 8) (Ledig et al., 2017). Similarly, post-upsampling via
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ture (Lugmayr et al., 2019). Taking into account this challenging
problem, IPAS-Net utilizes bHR images solely for guidance toward
HR generations. Using bi-cubic interpolation as guidance for learning SR aims to upscale the source LR images while preserving style
and local structure. Thus, IPAS-Net decently addresses the loss of
information (naturalness characteristics, natural sensor noise,
and scratches) by retaining the salient features in nLR space and
passing to high-fidelity shoeprint generation as required for forensic investigation and examination.
In forensic scenes, shoeprints with poor quality are often found,
and they play a critical role in podiatry investigations. Examining
shoeprints becomes more challenging with limited available data,
poor information content, unavailability of ground truth and high
quality (nHR) images, partial and incomplete prints, and most
importantly, the lack of domain-specific processing algorithms
(Rida et al., 2019). Considering these challenges, HR shoeprints
with reduced noise, enhanced quality, and reconstruction with
realistic information are critical for application purposes. HR shoeprints generated from their LR counterparts contain more details
and they facilitate the analysis of footmarks found in forensic
scenes. In the forensics domain, it is impractical or expensive to
capture fully-dimensional or un-corrupted images and produce
sufficiently large training sets to enable the learning of LR-HR mapping. Therefore, we present an end-to-end DL technique for generating high-fidelity shoeprints with no nHR images to better address
the aforementioned challenges.
There are a number of SR approaches specialized to application
domains, including sports and medicine (Isaac and Kulkarni, 2015),
surveillance and security (Rasti et al., 2016), faces (Yang et al.,
2013), natural scenes (Sun and Hays, 2012), and the arts (Lu
et al., 2012). Most of these models are trained on the available
LR-HR pairs. However, collection LR-HR image pairs is challenging
in forensic-like scenarios, which emphasizes the need to give special attention to situations where no nHR or high-quality LR images
are available. Recent approaches degrade HR images into LR
images and model them back into HR images (Wang et al., 2020).
However, the research community is trying to avoid the factors
(e.g., noise and compression artifacts) caused by the degradation
processes. According to Zhang et al. (2020), SISR can be mathematically formulated into the following equation:

interpolation may not address multi-scale problems in a single
framework (Lim et al., 2017). Progressive upsampling reduces the
learning difficulty and improves performance, but it may cause
training instability due to its complicated model structure (Wang
et al., 2018). The iterative up-and-down methods can better mine
the relationships given LR and generated HR image pairs with
high-quality reconstruction outputs (Wang et al., 2020), and they
adopt transposed convolution rather than upsampling to overcome
high the computational complexity and maintain accuracy. Considering the advantages of the aforementioned models, we employ
learning in both the LR and HR spaces, use possible upscaling
methods to compensate each other’s weaknesses, share information directly between the LR and HR spaces, and embed a single
iteration in the HR space. To focus on different aspects/information
of the input images, an attention mechanism (AM) (Liu et al., 2020)
is utilized in the HR space as the network depth deepens (Zhang
et al., 2021).
SR generation in realistic scenarios faces the challenges of
absent LR-HR image pairs, unknown downscaling methods, inherited noise, blur in LR images, and difficulty maintaining natural
characteristics in the interpolated LR-HR versions. There is a
related approach, called blind SR, in which the HR images are
reconstructed from their degraded LR images (Hui et al., 2021);
however, the degraded blur kernels are assumed to be unknown.
The degraded LR images do not always represent the natural characteristics required for forensic scenarios. The self-supervised SR
reconstruction of HR images from low-quality LR assumes the
presence of prior known degradation kernels for finding an optimal
solution (Chen et al., 2018). In Xuan et al. (2020), the learned features are copied while generating synthetic HR images from synthetic the LR images by deploying a variational auto-encoder
(VAE), but synthetic information generation could be avoided as
needed in the present study. In most SR, the LR-HR image pairs
in both their natural forms (original HR) and their degraded images
are available. However, very little focus has been given in a situation where no corresponding natural HR (nHR) versions are available. No-reference and no-natural HR SR generation poor quality
LR is termed nRnHR. In contrast, in blind SR, natural LR (nLR)
images are unavailable and usually obtain from HR versions (Gu
et al., 2019). Learning the unavailability of LR-HR pairs in SR has
also been attempted in an unsupervised manner for critical environments like forensics in which information synthesis is not
favorable; synthetic LR images are generated from realistic LR
images rather than from the HR version and then upsampled using
a pre-trained DL model (Yuan et al., 2018).
SR learning from natural images has been performed by considering frequently occurring similar patterns at different scales
(Huang et al., 2015). Feature learning during the reconstruction
of nLR images has been enabled using the encoding–decoding
architecture (termed as internal-exemplar) (Glasner et al., 2009).
Similarly, the learned features can be expanded to share at the
HR space (termed external-exemplar) (Huang et al., 2015). We
employ the features of both the internal-exemplar and externalexemplar in IPAS-Net to ensure naturalness in the output shoeprints. Similarly, IPAS-Net attempts to tackle the unpaired LR-HR
problem by generating HR images together with the natural characteristics inherited from nLR images. In summary, IPAS-Net
addresses HR shoeprint generation in situation in which there is
no nHR and only poor quality LR images are available. To address
these challenges, IPAS-Net is featured with the encoding–decoding
structure, which learns the reconstruction of LR (LR ! RecLR), and
parameter sharing between the LR-HR spaces together with an
embedded AM. IPAS-Net uses bi-cubic interpolated HR (bHR)
images to guide the training process and tackles the lack of nHR
shoeprints. However, bHR may contain artifacts, absent natural
sensor noise and lack of realistic characteristics expensive to cap-

y ¼ ðx  kÞ#s þ n;

ð1Þ

where y is the downgraded LR from input x (HR) produced by a convolution operation () with the blur kernel k, downsampling factor
#s , and added noise n. Therefore, the conventional practice downsampls HR data into LR data using different degradation methods
(see Eq. 1) and and maps it back to HR space by learning the
degradation-kernel. However, when there is no HR ground truth
available and only LR images are accessible, special networks
should be modeled to address the absent nHR. Therefore, the proposed (IPAS-Net) addresses the challenges created by a lack of
nHR as ground truth, which is formulated as follows:

ð2Þ
where h denotes the learned features while reconstructing y; "s
denotes the upscaling factor, and, finally, the image space is refined
through r h by reusing the learned network parameters (h ). jjbHR
denotes the loss in terms of the comparison between the bHR and
generated HR.
Considering Eq. 2, we propose a DL model (Fig. 1) that partially
imitates U-Net (Fig. 2) and and employs the OSHI strategy in an HR
dimensional space by k times (i.e., k  HR) (as illustrated in Fig. 3)
together with AM. In summary, the model is based on Interpolation guiding and Parameter sharing, and it is embedded with AM
together with special treatments of the OSHI phase (IPAS-Net) to
2
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Fig. 1. IPAS-Net architecture for the generation of HR shoeprints with no nHR images. The model is primarily composed of two blocks: (a) the feature-extraction-block
contains an encoding–decoding structure (which we called partial U-Net module (PUM)) for feature extraction in the LR dimensional space. The model passes the learned
features together with the reconstructed LR images (see the details in Fig. 2)) to the refinement and reconstructing block (URB), and (b) the URB upscales the RecLR images
and enhances it using both AMB and OSHI blocks (see Fig. 3).

nRnHR. All possible upscaling strategies, including the upsampling,
deconvolutional, and sub-pixel strategies, are utilized. Moreover,
additional upsampling is performed between the two AM blocks.
The architecture of IPAS-Net (Fig. 1) is composed of a Partial UNet (Hassan et al., 2021) Module (PUM) for feature extraction
(Fig. 2), multiple types of simultaneous upscaling strategies, an
AM, and parameter-reusing during the refinement stage (Fig. 3).
The overall refinement process ends with discriminative learning
borrowed from the generative adversarial network (GAN). The
PUM connects all the layers between encoder-decoder structure
except for the last (higher) level layer. The encoding–decoding
structure passes
information
using direct connections
(Shamsolmoali et al., 2019), and this strategy enables the model
to learn key features that can be reused in the HR space. Thus,
the exemption of direct connections at the higher level of the UNet facilitates learning in URB. Similarly, the employment of a UNet-like structure enables IPAS-Net to avoid undesirable patterns
and textures in the high-fidelity shoeprints (Esser et al., 2018).
For upscaling, IPAS-Net employs URB, which further contains two
parallel blocks corresponding to an AMB and OSHI. OSHI receives
the RecLR images together with the learned parameters (see the
details in Fig. 3) and upscales both using transpose (deconvolution)
and depth-wise convolution (sub-pixel) layers (Wang et al., 2020)
to compensate for their mutual deficiencies to generate quality
results. However, the transposed convolution layer enlarges and
learns the mapping to avoid the checkerboard artifacts, and the
sub-pixel layer is equipped to generate a plurality of channels via
convolution and reshaping to a high dimensional space. Compared
to a transposed convolution layer, the sub-pixel layer has a larger
receptive field, which provides more contextual information to
generate more realistic details. Similarly, to overcome the deficiencies of transposed convolution and the sub-pixel strategy in terms
of uneven-overlapping and artifacts in the boundaries, IPAS-Net
reuses the learned features (parameter sharing) from the LR spatial

produce HR shoeprints. IPAS-Net is inspired by GUV-Net (Hassan
et al., 2021) in which the generative, VAE, and U-Net (Hassan
et al., 2022) modalities are fused to overcome the challenging
problem of nRnHR. IPAS-Net simplifies the feature learning process
by solely deploying a partial U-Net, sharing the learned parameters
in terms of the natural visual characteristics during the reconstruction of original LR images, and reusing the learned parameters in
the high dimensional space rather than upsampling from distinct
LR-reconstruction levels (Hassan et al., 2021). U-Net’s skipconnection enable efficient training and fast convergence. The
exemption of direct connections at a particular level emphasizes
efficient learning by reusing the learned parameters in the refinement of the HR space. Similarly, using U-Net instead of fused VAEand-U-Net (in GUV-Net) enables IPAS-Net to avoid the generation
of synthesized pixels and retain photo-realistic information in the
shoeprints used in forensics investigations. The learned features
can be acquired between the natural input LR (nLR) and reconstructed low resolution (RecLR) images in the encoding–decoding
architecture (of IPAS-Net), termed internal-exemplar in the study
(Glasner et al., 2009). Such learned features can be further passed
(external-exemplar) to high-dimensional space to facilitate the optimization of OSHI. IPAS-Net innovatively uses OSHI by replacing
inverse-encoding. The high dimensional space is then refined both
with AM and OSHI. The inverse mapping into the same space in
OSHI retains the content’s consistency (Zhu et al., 2017). The
deployment of AMB in IPAS-Net emphasizes the shoeprint impressions in the input images and avoids the background noise by producing enhanced results compared to the interpolated HR images.
IPAS-Net struggles to overcome deficiencies in terms of complexity, computations, and learning by producing photorealistic and
enhanced results compared to the interpolated HR images (which
are used as reference images). Notably, the interpolated HR (bHR)
images, when used as ground truth, are merely used to guide the
upscaling process rather than fully mapping to bHR to address
3
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Fig. 2. Structure of the Partial U-Net Module (PUM). The PUM is composed of an encoding–decoding structure and is used to extract features from the input shoeprints. There
are skip-connections between the encoding and decoding layers except for the last layer. The PUM first extracts the features initialized by different levels of window-sizes
following the wide-residual process without identity mapping. The parameters are organized as CKS, which corresponds to convolution, kernel-size, and stride rate. One the
encoder side, residual connections have been employed except in the last (deeper) layer. Batch-Normalization (BN) and ReLU activation functions are included in the first
three layers and the bottleneck layer of the encoder and the second-to-last layer of the decoder. Similarly, the skip connections from the encoding side are concatenated in an
element-wise sum along the third dimension. Finally, the RecLR shoeprint is generated while emphasizing the learning of the last layer as it contributes to parameter sharing.

(Hassan et al., 2021). Typically, the SISR image generation is conducted by downgrading the nHR images into LR images via different interpolation methods; the LR images are then mapped back
into HR images using different learning strategies (Lai et al.,
2018). In terms of upscaling, some of the approaches upscale the
LR images prior (pre-upsample) to the refinement process
(Shocher et al., 2018). Such methods are simple but may amplify
checkerboard artifacts, noise, and blurriness. In contrast, some of
the SR models are based on a post-upsampling strategy that
reduces complexity during training (Ledig et al., 2017). To reduce
SR modeling complexity in the HR space, progressive learningbased strategies have been attempted (Wang et al., 2018).
However, more guidance and advanced training are needed for a
complicated model design to avoid instability during training. To
enhance the mapping from LR to HR, iterative-up-and-down sampling methods are applied with effective learning to provide highquality images (Wang et al., 2020). Such methods mostly adopt an
encoder-decoder-like structure to mine the non-linear relationship
between the LR-HR image spaces. Typical SR methods use a pairwise (LR-HR images) setting. Such a setting cannot produce good
results for real-world LR images (Bulat et al., 2018) because the
degraded LR may lose important details such as natural artifacts
and noise inherited during degradation (nHR ! LR). Some studies
alleviate this problem by attempting to perform both degradation

space in HR space to make the results clear and smooth. IPAS-Net
further upscales the HR images by a one-step to higher dimension
(kHR) and then downgrades it back to HR (Fig. 3). Both kHR layers are obtained from the transpose convolution and sub-pixel layers, respectively. The generated kHR layers are then
differentiated using pixel-wise loss (L2) to produce HR images that
address the unavailability of nHR. In parallel, an AMB also receives
a RecLR shoeprint that is upscaled and then sent to another AMB.
Thus, an AMB is applied twice, prior to and after the upsampling
process. The output from the two sequential AMBs is concatenated
with the output from the OSHI block to produces HR shoeprints.
Notably, the results generated by IPAS-Net need to be evaluated
for photo-realistic and natural characteristics in an isolated form.
The rest of the paper is organized as follows: Section 2 presents
the related work, Section 3 demonstrates IPAS-Net architecture,
Section 4 analyses the results, Section 5 discusses the challenges,
and Section 6 concludes the paper.
2. Related work
2.1. SR variants for upsampling
A wide range of DL models have been proposed for SISR, from
the early CNNs (Dong et al., 2015) to the recent GAN-based models
4
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Fig. 3. The URB in IPAS-Net upsamples and refines the reconstruction and generation of HR shoeprints. It contains two blocks in parallel that correspond to an attention
mechanism block (AMB) and one-step-higher-iteration (OSHI), which are then concatenated to produce high-fidelity shoeprints. (a) The upsampling as an upscaling step is
performed between the two AMBs. Both blocks contain a similar internal structure while containing channel (CA) and spatial attention (SA) in sequential order. (b) The OSHI
block refines the reconstructed shoeprints via two parallel blocks that use different upscaling techniques (i.e., sup-pixel and transpose convolution). The output of this block
merges with the AMB and further passes through convolution operations to produce refined (HR) versions of given LR images.

are closely tied to their specific applications, and their goal is not
similar to IPAS-Net’s. Similarly, various attempts have been made
to denoise pairs of noisy observations with no ground truth, but
these endeavors have been limited to specific cases of estimation
from noise realization and measurements (Moran et al., 2020).
Recently, in (Hassan et al., 2021), a GUV-Net model has been proposed to overcome these challenges by learning the features at distinct levels and reusing the learned features in the HR dimensional
space while employing a new strategy of inverse-encoding. However, GUV-Net performs mapping from the LR images to a bicubic interpolated HR images and focuses more on the resolution
rather than the natural properties in the HR space. During training
and testing, GUV-Net compares the generated shoeprints with the
interpolated HR images, which may lack the natural characteristics
required for forensics. The unpaired SR aims to upscale source LR
images while preserving style and local structure (Maeda, 2020)
in environments where dataset collection is crucial (i.e., forensics
and podiatry).
Moreover, such datasets are rarely in high quality, which is a
common limitation of DL models. The bi-cubic interpolation may
generate artifacts, remove natural sensor noise, and produces
images that lack real-world characteristics (Lugmayr et al., 2019)
for use as ground truth. In some scenarios, the artificially added

and down-sampling (Zhu et al., 2017; Wei et al., 2021). Each of the
upscaling methods has pros and cons that can be compensated for
with each other methods’ positive aspects. For this purpose, IPASNet deploys the possible upscaling methods (i.e., 2D upsampling,
the sub-pixel strategy and transpose convolution) to refine and
generate HR images in the absence of nHR. The upsampling strategy solely upscales the input while avoiding parameter learning
during model training. Upsampling is installed between the two
IPAS-Net AMBs. Similarly, deconvolution has the advantages of
reducing the computational cost and facilitating model learning
(Yang et al., 2019). In contrast, the sub-pixel layer increases the
number of output channels to store the extra points to enhance
the resolution and quality, and it then rearranges these points to
produce the HR output using a special mapping criterion (Shi
et al., 2016).
2.2. Unpaired LR-HR-based SR generation
Most of the SISR methods are trained with available LR-HR pairs
or HR images with degraded LR versions. Some efforts have been
made for non-reference or unpaired image-based estimation, such
as depth estimation (Godard et al., 2017) and intrinsic image
decomposition (Li and Snavely, 2018). However, these methods
5
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preparation is impractical and challenging in real-world scenarios.
Recent studies have attempted to overcome the absence of LR-HR
image pairs using methods such as blind SR (Gu et al., 2019) and
GAN-based unpaired SR (Lugmayr et al., 2019). (Lugmayr et al.,
2019) addresses the learning of the inverse mapping operation of
bi-cubic down-sampling by employing cycle consistency loss in
an unsupervised manner. Therefore, in normal circumstances, both
the LR and HR images are available to train a DL model. However,
LR-HR pairs in a dataset are rarely accessible in a forensic-like
environment. Similarly, high-quality image datasets are hard to
find, which is a limitation of DL models. On the other hand, bicubic interpolated HR or LR images may lose vital realistic information (Lugmayr et al., 2019). Sometimes, blur and noise kernels are
also unknown in the interpolated images, which makes it hard to
train a robust DL algorithm. However, our proposed model (IPASNet) uses only a bi-cubic interpolation-based training method to
guide the model in terms of retaining the local structures and patterns in the input (LR) shoeprints and to tackle the problem of
absent nHR (i.e., absent LR-HR pairs). Using interpolation guided
training, IPAS-Net becomes capable of retaining the prominent features in the HR space and avoiding losses (i.e., natural characteristics, sensor noise, and abrasion).

noise cannot reflect the natural noise to enable efficient DL model
training. To avoid the addition of artificial information, IPAS-Net
utilizes the bi-cubic-guided interpolation approach to generate
HR shoeprints without ground truth images. Thus, the IPAS-Net
model decently addresses the information loss (natural characteristics, sensor noise, and scratches) by retaining the salient features
in the high-fidelity shoeprints.
2.3. Application perspectives for SR shoeprint generation
Shoeprint processing is a challenging task that plays a vital role
in forensic podiatry (Zhang et al., 2017), biological trait examination and investigation (Okubike et al., 2019), gender prediction
(Basu and Bandyopadhyay, 2017), and body morphological studies
(Xiao and Shi, 2008). There are a number of operations that have
been performed on shoeprint images, including retrieval, recognition, and pattern matching via different approaches, and these
operations have been performed using manual (AlGarni and
Hamiane, 2008), semi-automated (Geradts and Keijzer, 1996),
automated (Acevedo Mosqueda et al., 2019), and machine learning
(ML) (in particular DL) (Zhang et al., 2017) methods. Among these
operations, DL methods have shown promising results in
shoeprint-related operations (Francis et al., 2019). Regarding shoeprint enhancement, there are some conventional approaches
(Francis et al., 2019); however, DL algorithms for generating SR
versions based on LR images are lacking (Hassan et al., 2021).
The generation of HR shoeprints offers high-density that make it
easier to analyze the original shoeprints found in the environment.

3. IPAS-Net architecture
IPAS-Net is composed of an encoding–decoding structure using
skip connections for feature extraction at the nLR level, learned
parameters sharing from the LR to the HR space, and an
upsampling-and-refinement phase (Fig. 1). IPAS-Net aims to generate HR shoeprints from nLR shoeprints in the absence nHR as
ground truth. In other words, IPAS-Net works in an unpaired fashion to produce high-fidelity shoeprints while retaining the photorealistic information as necessary for forensics. IPAS-Net utilizes
the low-level features in the high dimensional space, refines and
recalibrate naturalness in the HR space, and outputs HR images
guided by bHR.

2.4. Retaining naturalness in the HR space through infusion modeling
A wide range of DL algorithms have been proposed to address
the challenges faced in SR (Yang et al., 2010) using recent GANs
models (Heydari et al., 2020). However, SR generation with GAN
(Chan et al., 2012) in isolated forms faces challenges such as training instability, synthetic information in generative data, sensitivity
to the nature of the datasets, and the low output quality. To compensate for the downsides of generative models, several attempts
have been made to infuse GANs with other network architectures
(Heydari et al., 2020). However, the state-of-the-art (SOTA)
approaches based on infusion may face limitations in terms of
training complexity, the generation of high-quality images, and
the lack of algorithms that do not require natural ground truth
(HR images) (Razavi et al., 2019). Furthermore, U-Net infusion
has been attempted for the study of guided shape and controlled
image generation with desired variants of the queried image
(Esser et al., 2018). Encoder-decoder-like structures have also been
used for SR generation (Bulat et al., 2018). For images like shoeprints, which are susceptible to noise and for which it is difficult
to find the clean, high quality HR ground truth, the infusion of
the GAN and U-Net architectures together with their mutual positive aspects may effectively generate HR outputs while retaining
naturalness and photo-realistic features (i.e., patterns and textures). The infusion of PUM in IPAS-Net for feature extraction regulates reconstruction, avoids the generation of synthetic
information, and retains spatial characteristics. Finally, IPAS-Net
utilizes adversarial learning, which is borrowed from GANs to produce a realistic HR version of a given LR shoeprint.

3.1. HR images preparation for IPAS-Net training
In forensic scenarios, low-quality LR images can rarely be
collected, and they are challenging to upscale using training DL
algorithms. In addition, DL algorithms need a large number of
high-quality images (in case of SR, LR-HR pairs) to train efficiently.
To train IPAS-Net IPAS-Net, we first interpolate nLR bi-cubically
into the HR space (bHR) as follows:

bHR ( bðnLR  g; "Þ;

ð3Þ

where bð; "Þ denotes bi-cubic interpolation and (") denotes interpolation or upscaling absent of real-world characteristics (g) which
may not pass to the HR space (bHR) (Lugmayr et al., 2019).
Interpolation-guided SR generation aims to upscale nLR while preserving the natural style and local structures (Maeda, 2020). However, IPAS-Net tackles the absent natural characteristics (g) by
avoiding loss in terms of naturalness, sensor noise, and scratches
through the parameter sharing-and-refinement unit (OSHI).
3.2. PUM for features extraction

2.5. Interpolation-guiding-based HR shoeprint generation

The PUM in IPAS-Net extracts features from the given shoeprints (Fig. 2). The term ‘partial’ has been used in the context of
purposely discarding the skip connection(s) at particular layers
(higher levels in the IPAS-Net) of the network. The higher layer
facilitates parameter sharing in the HR space and addresses the
issue of unavailable ground truths. However, discarding all skip
connections may result in high-frequency information (Yi et al.,

Unpaired SR aims to upscale the source LR images while preserving style and local structure (Maeda, 2020). LR-HR pairs are
generally available for SR generation, while in some cases, the LR
images are generated from their HR counterparts using predefined
interpolation methods (i.e., bi-cubic). LR-HR pair-based dataset
6
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input dimension, which is a more suitable choice between the
two AM blocks. The AMB contains channel attention (CA) and spatial attention (SA) consecutively in channel-first order (Woo et al.,
2018), which focus on ‘what’ and ‘where’ to attend, respectively.
The AMB shows the network model what to emphasize and where
to suppress according to super-resolution generation in both the
LR and HR spaces. CA is composed sequentially of average pooling,
a fully connected layer, max pooling, another fully-connected followed layer, and a sigmoid function. The output of the sigmoid
function is concatenated using element-wise multiplication by
the direct connection. The CA output passes to SA, focusing along
the spatial axes. In SA, average pooling and max pooling are
applied in parallel to the input and concatenated along the given
axis. A 2D attention map is generated over each pixel for all spatial
locations with a large filter-size (i.e., K ¼ 5) (see Fig. 3(b)). The convolutional output is then normalized using the sigmoid function.
Finally, the normalized and direct connections are merged using
element-wise multiplication to produce an attention output in
the LR space. A similar AMB is applied after upsampling in the
HR space with the exception of the filter size (i.e., K ¼ 7). Both
average and max-pooling are used in CA and SA to balance the
selection of salient features (max-pool) and global statistics
(average-pool). The embedding of the AMB in IPAS-Net boasts
the refinement process in both the LR and HR dimensional spaces.

2017), which is also necessary for the optimization of the HR space
in IPAS-Net. The symmetric skip-connections between the
encoder-decoder structure provide fast convergence. Similarly,
for fast and efficient feature extraction at the early levels of the
encoder, a PUM is embedded with a wide-residual block (WRB),
which further passes to the consequent deeper layers. In the
WRB, the convolution layers of the distinct kernel-window sizes
are applied to extract a variety of information at a high-level,
which is followed by batch-normalization (BN) and a rectified linear unit (ReLU) function. The output of the WRB passes to deeper
levels proceeded by a bottleneck for more detailed feature extraction. At the decoding layer, a similar dimensional space and number of layers have been deployed together with skip connections.
The learned features (equipped by discarding direct connections)
in the PUM pass to the HR space to facilitate the upsamplingand-refinement process. The PUM plays an important role in the
generation of realistic HR shoeprint by learning the recovery RecLR
from real LR images. The output of PUM is formulated as follows:

RecLR ( PðnLR; hÞ;

ð4Þ

where P denotes the PUM architecture and h represents the parameters learned (see Eq. 2) during the reconstruction of the LR shoeprint images.
3.3. Parameter sharing and retaining naturalness

3.4.2. One-step-higher-iteration
OSHI is the critical module of IPAS-Net in terms of generating
HR images without nHR (see Fig. 3(b)). OSHI receives two types
of inputs: one is the output from the previous block, and the second is the direct connection as parameter sharing. The parameters
(H; W) learned while reconstructing the nLR space are reused in the
HR space (k  H; k  W), given the scaling factor (k), to synchronize
the learning processes and generation akin to realistic HR shoeprints. OSHI utilizes both inputs to refine and enhance the RecLR
image in the HR space. OSHI upsamples the input to the HR  2
space through a short Siamese (parallel pipeline) while reducing
the number of filters to one. Both the generated versions, which
pass through the parallel pipeline, are then discriminated through
a pixel-wise loss term to compute the content’s consistency
(Ignatov et al., 2018). In the AMB, upscaling is performed using
2D upsampling convolution, while OSHI uses sub-pixel and transpose (or deconvolution) layers simultaneously with the same
upscaling factor (i.e., k ¼ 2; 3; . . .). The upsampled HR features are
then passed through a stack of normal convolution layer with same
having number of filters (C24; C32), filter size (K3), and a stride
rate (S1). The purpose of using the possible upscaling methods
(i.e., 2D upsampling in the AMB, sub-pixel convolution, and transpose convolution in OSHI) is to compensate for the deficiencies of
each method with the mutual benefits regarding refined HR generation in the absence of nHR. Similarly, deconvolution has the
advantage of reducing the computational cost when the downsampling kernel is unknown or nHR images are unavailable (Yang
et al., 2019). On the other hand, deployment of sub-pixel convolution increases the channels of the output features to store the additional points to enhance resolution, and then rearranges these
points to produce the HR output using a special mapping criterion
(Shi et al., 2016). However, during the transpose convolution (deconvolution) layer for upscaling, the learned parameters in the
LR space are reused in the transpose layer to overcome the repetition of upsampling points in each direction.
The overall operation in OSHI is formulated in the following
equations. In the first phase, the received input is upscaled using
transpose and sub-pixel methods, which are illustrated as follows:

The encoder-decoder structure-based SISR generation enables a
DL algorithm to learn features at distinct levels (Park et al., 2021).
IPAS-Net deploys the encoder-decoder structure to generate RecLR
images from the nLR versions, which enables the model to learn
interesting features while reconstructing the LR and addressing
the further with absence of nHR images. Thus, the parameter sharing unit (PSU) plays a vital role in tackling the challenge of the
unavailability of corresponding nHR images (see Fig. 1). Recalling
Eqs. 3 and 4, IPAS-Net focuses on learning g and h empowered
by the PSU. The PSU passes the learned features in terms of h
and shares them with OSHI. The sharing of h recalibrates the optimization of g (see the loss function in Eq. 9) at the higher level
(close to high-resolution). Furthermore, the PSU enables the model
to learn beyond the interpolated (bHR) ground truth (see Eq. 3).
The bHR images may face multi-scale problems (Lim et al., 2017),
so the model extracts key features in the encoder-decoder architecture and reuses these features during the upsampling-andrefinement phase. The PSU helps the transformation between layers, the model convergence, and the deeper layer recalibration.
3.4. Upsampling and refinement block
In Fig. 3, the URB receives the RecLR image together with a
direct connection from the previous block and optimizes it in the
high dimensional space. URB is composed of two blocks, AM and
OSHI block, which work in parallel. The direct connection, which
carries learned parameters, fuses with the OSHI block to facilitate
the optimization process. The details of the two blocks proceed
as follows:
3.4.1. Attention mechanism block
Shoeprint images often contain background noise that needs to
be focused and reduced in the nLR images while the HR versions
are generated. Attention-mechanism is the best applied practice
in the literature (Zhang et al., 2021). The attention mechanism
block (AMB) (Zhang et al., 2021) in IPAS-Net works in parallel with
the OSHI block to focus on both the LR and HR spaces to produce
enhanced HR versions. There are two AM blocks embedded in
sequential order as prior (at LR space) and later (HR space) upscaling (see Fig. 3(a)). The upsampling operation only upscales the

T c ¼ TfðRecLR; nÞ; hg þ SCN2 ;
Sc ¼ SðRecLR; nÞ þ SCN2
7
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the log probabilities of the real and inverse probabilities for fake
images.

where T c and Sc denote the upscaling based on the transpose convolution and sub-pixel layer, respectively. n denotes the learned features obtained via upscaling, and T c receives the learned features
(h) passed from the previous layer. Both T c and Sc are followed by
a stack of two normal convolutions (SNC 2 ).
Now, both T c and Sc are upscaled using transpose convolution
by the OSHI pipeline into OT and OS by a factor of k (i.e., k = 2).

OT ¼ f ðT c ; hÞ;
OS ¼ f ðSc ; hÞ;

Disc ¼

"
#
n 
2
1 X
i
i
L2 ¼
bHR  HR
n i¼1

ð6Þ

3.5.2. Generative loss
The generative loss function for IPAS-Net is formulated as
follows:

Gl ¼ Gadv r þ GL2þSSIM þ Ghl þ GL1þSSIM þ GL2

OS ¼ f ðf ðSc ; hÞ; /Þ;

ð7Þ

Gadv r ¼

where / denotes the learned features during stride convolution. The

minus function (f ) denotes repeated downscaling. Finally, the
OSHI module’s output is obtained from the concatenation of two
parallel pipelines, which is formulated as follows:

OSHIoutput ¼ ½OT   T D   ½OS  SD 

ð8Þ

GL2þSSIM ¼ GL2 þ GSSIM

The loss function enables the model to tune the weights of the
network to minimize the gap in terms of loss between the projected HR (bHR) and the generated HR while retaining realistic
characteristics. bHR images as ground truth have been solely considered to guide the training operations in IPAS-Net HR space since
bHR may lack natural characteristics (g). Thus, IPAS-Net minimizes
the gap in terms of the g found in the interpolated shoeprints
(bHR). By recalling Eq. 3, the formulation is illustrated as follows:

GL2 ¼

bHR ( IðnLR  g; "Þ;

ð15Þ

"
#
h1 X
w1
1 X
2
fbHRðr; cÞ  HRðr; cÞg ;
r:c r¼0 c¼0

ð16Þ

where r and c denote the row and column indexes, respectively.
HRðr; cÞ and bHRðr; cÞ denote the corresponding pixel positions in
the generated (HR) and projected (bHR) images, respectively, while
h and w are the height and width of both images, respectively. The
HR shoeprints should maintain the original structure necessary in
forensic applications; hence, the structural similarity index measure (SSIM) as an objective term is also included. This index also
quantifies the perceptual quality of the degraded images. By including SSIM as a loss term, IPAS-Net penalizes the learning parameters
in the high dimensional spaces between HR and bHR. SSIM focuses
primarily on three properties of given images, as shown in the following equation:

ð9Þ

ToLF ¼ g ( bHRjjnHR
In the above formulation, the plus and minus symbols in þg and
g denote the presence and absence of g in nLR, respectively. The
optimizer (ADAM in our study) reduces g by fine-tuning the network weights.
Thus, the total loss function (ToLF) formulates the loss with
respect to objective function in the following equation:

ð10Þ

where Dl and Gl denote the discriminative and generative losses,
respectively.

GSSIM ¼ ½LðbHR; HRÞ  ½CðbHR; HRÞ  ½SðbHR; HRÞ;

ð17Þ

where L; C, and S denote the luminous, contrast, and structural differences between bHR and HR. The SSIM enables IPAS-Net to generate high quality and visually pleasant images with structural
similarities to the corresponding nLR images. To produce slight
smoothness and reduce irregularity in a visual context, we also
add the Huber loss (smooth L1 loss), which is described as follows:

3.5.1. Discriminative Loss
The discriminative loss function (Dl ) is a combination of the sigmoid cross-entropy (bHR; HR) and regression loss (L2 ) functions,
and it is formulated as follows:

Dl ¼ Disc½bHR; HR þ L2

ð14Þ

The pixel-wise loss (L2 ) is the most widely used loss function for
general image restoration, and it accelerates the convergence
speed during the early training process and also helps to preserve
an image’s identity and natural characteristics (Bulat et al., 2018).
Similarly, L2 also struggles to manage the uncertainty inherited
when recovering the loss of high-frequency details such as texture.
The minimization of L2 encourages the computation of a pixel-wise
mean regarding plausible HR images generation (Ledig et al.,
2017). The pixel-wise loss is formulated in the following equation:

3.5. Loss function

ToLF ¼ Dl þ Gl

n
1X
½logð1  DðGðLRÞÞÞ
n k¼1

The visual results become sharper by adding the GAN loss into
the generative process.
Similarly, GL2þSSIM is the summation of the content loss (L2 ) and
structure similarity index (GSSIM ), and it efficiently evaluates noisy
images and retains the natural structure from the LR space. GL2þSSIM
can be further expanded as follows:

where  denotes the element-wise summation between the given
layers.

nHR ( IðnLR þ g; "Þ;

ð13Þ

The adversarial term (Gadv r ) from the GAN model aims to reduce
the inverse probability in Eq. 13.





ð12Þ

where n denotes the number of batches. Similarly, the regression
loss term L2 can be formulated as follows:

h represents the similar learned parameters used in Eq. 5. To
optimize the spaces corresponding to nHR, both OT and OS are discriminated using pixel-wise (L2 ) function and added as a loss term
(see the loss function in Section 3.5).
The high-level upscaled versions (OT and OS ) are correspondingly downscaled back to OT  and OS since they have a similar
dimensional structure to that of T c and Sc , which are formulated
in the following equation:

OT  ¼ f ðf ðT c ; hÞ; /Þ;

n h
i
1X
k
logðDðbHR ÞÞ þ logð1  DðGðnLRk ÞÞÞ ;
n k¼1

ð11Þ

(

where Disc and L2 are the cross-entropy and mean square error
(MSE) losses between the real (bHR) and fake (HR) images, respectively. Disc as a loss term for the discriminator seeks to maximize

Ghl ¼

8

1
½y
2

 f ðxÞ

2

for jy  f ðxÞj 6 d;

dðjy  f ðxÞj  d=2Þ otherwise:

ð18Þ
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where x and y denote the generated HR and projected bHR,
respectively.
Recalling Eq. 15, GL1þSSIM can be rewritten as follows:

GL1þSSIM ¼ GL1 þ GSSIM ;

(Mittal et al., 2012), underwater color image quality evaluator
(UCIQUE) (Yang and Sowmya, 2015), blind/no-reference image
spatial quality evaluator (BRISQUE), and mean probability
density-based histogram function (MPDHC) (Scott, 2015) as nonreference evaluation metrics. The goal of employing these metrics
for evaluation was to quantify the naturalness of the output HR
images regarding realistic applications. All the metrics were computed as the average of all scores into a single value, which was
plotted for comparative study.

ð19Þ

where

GL1

"
#
h1 X
w1
1 X
¼
fLRðr; cÞ  rLRðr; cÞg
r:c r¼0 c¼0

The deployment of L1 at the reconstruction unit (PUM)
improves the performance and compensates for the shortcomings
(in terms of outliers) caused by L2 (Lim et al., 2017).

GSSIM ¼ ½LðLR; rLRÞ  ½CðLR; rLRÞ  ½SðLR; rLRÞ

4.1.1. Natural image quality evaluator
NIQE estimates the quality of the generated images with arbitrary distortion while being trained on a collection of both cleaned
and distorted images. NIQE is an opinion-aware evaluation system
that does not employ subjective quality scores. The trade-off is that
an image’s NIQE score may not correspond to the human perception of quality. The NIQE scores for all the SOTA models, including
IPAS-Net, are plotted in Fig. 4, where a lower score shows a higher
correlation with natural scene statistics.

ð20Þ

Notably, to preserve the natural characteristics and high frequency details in the reconstructed low-resolution (RecLR) images,
we add the GL1þSSIM term in the generative loss function (Gl )
together with both GL1 and GSSIM . Finally, the content loss is applied
at the OSHI level given the two versions (i.e., k  HR; k  bHR)
obtained from the parallel pipeline, as illustrated in the following
function:

GL2

"
#
h1 X
w1
1 X
2
¼
fk  bHRðr; cÞ  k  HRðr; cÞg
r:c r¼0 c¼0

4.1.2. Underwater color image quality evaluation
UCIQE is associated with a subjective assessment that indicates
the sharpness and colorful factors that correlate with subjective
image quality perception (Yang and Sowmya, 2015). UCIQE is the
linear combination of chroma, saturation, and contrast, which
quantify the non-uniform color cast, blurring, and low contrast in
the given generated images. A UCIQE score represents the image
quality and enhancement results correlated with a subjective
score. The higher the value, the better the quality. Fig. 5 shows
the average scores for the IPAS-Net and SOTA models, where
IPAS-Net has a higher UCIQE score showing higher image quality.

ð21Þ

3.6. Model Training
To assess the performance of IPAS-Net, some SOTA models,
including GUV-Net (Hassan et al., 2021), SRDensNet (Tong et al.,
2017), SRGAN (Ledig et al., 2017), IDN (Hui et al., 2018), and EBRN
(Qiu et al., 2019), were trained on the same training (84,000
images) and testing (4,000 images) datasets (Hassan et al., 2021)
as well as with the fine-tuned hyper-parameters corresponding
to the current problem of HR shoeprints. All models were trained
for super-resolution with upscaling factors 2 and 4. ADAM

4.1.3. Blind/non-reference image spatial quality evaluator
Natural images have a different distribution of pixel intensities
than deformed ones. We used the BRISQUE score to analyze the
natural characteristics in the HR space. BRISQUE score was trained
using features extracted from both natural and distorted images as
well as human assessments of image quality. BRISQUE models
images by extracting information in the spatial domain using an
asymmetric generalized Gaussian distribution. The better the quality, the higher the score. Fig. 6 shows the calculated average BRISQUE scores for IPAS-Net and the SOTA models, with IPAS-Net
having high scores.

was used for optimization with an initial learning rate of 105 ,
learning decay of 101 after every 20 epochs, b1 ¼ 0:9, and
b2 ¼ 0:999, and it was also applied to the understudied SOTA models (Hassan et al., 2021; Ledig et al., 2017; Tong et al., 2017; Hui
et al., 2018; Qiu et al., 2019).
4. Experimental Results
Under normal circumstances, SR translates downgrade LR
images back into the HR space with reconstructed original characteristics. However, for SR shoeprints generation, there is no HR version for training purposes. Therefore, we bi-cubically interpolate
nLR into bHR as ground truth prior to training IPAS-Net. In this
case, comparing HR and bHR images may not be useful since
interpolation-based upscaling frequently inherits noise, blur, and
artifacts, and it also loses natural qualities (Zhu et al., 2017;
Bulat et al., 2018). As a result, qualitative scoring of the produced
shoeprints is not a promising assessment tool for extrapolating
natural characteristics. Similarly, the findings may be evaluated
using non-reference HR and in an isolated manner. We investigated the output using both methods (i.e., reference-based and
non-reference based methods), and we concluded that nonreference evaluation is preferable in forensic-like environments.
4.1. Non-reference-based quality evaluation
To assess the spatial qualities in terms of the original characteristics and naturalness of the generated HR images inherited from
the LR images, we chose the natural image quality evaluator (NIQE)

Fig. 4. Figure plots of the NIQE scores for SOTA models, including the proposed
model (IPAS-Net). The lower NIQE scores show high performance in terms of
naturalness in the reconstructed images.
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models and interpolated visuals. However, for some samples, the
PSNR and SSIM are not significant, showing that the structural content and noise ratio of IPAS-Net generated shoeprints that do not
match the with interpolated shoeprints. For instance, the PSNR
(35.05) and SSIM (0.873) values for some random samples are
higher than those from the rest of the modalities (see Fig. 8(b));
however, the metrics reflecting natural characteristics, such as
BRISQUE (see Fig. 8 (a)), UCIQE (see Fig. 5), and NIQE (see Fig. 4),
are less significant for SRDensNet and other modalities. Therefore,
using quantitative metrics like PSNR and SSIM are not a suitable
choice when evaluating the generated shoeprints (HR) against
the bi-cubic interpolated shoeprints (bHR) as in our case. The interpolated shoeprints may inherit noise, blur, artifacts, and they may
lose natural features. Thus, the generated shoeprints must be evaluated for naturalness through non-reference based assessment in
isolation rather than through comparison against artificially generated ground truth. In the case that nHR images as ground truths are
available then quantitative metric-based evaluation could be a reasonable choice.

Fig. 5. Figure plots of UCIQE scores for all the understudied SOTA models and the
IPAS-Net model. The higher the value, the more photo-realistic features are retained
in the generated images. IPAS-Net has a higher score compared to the other models.

4.3. Result assessment
To evaluate the performance of the underlying models, we considered two types of quality measurement metrics: (1) referencebased and (2) non-reference-based. In referenced-based assessment, we choose bHR as ground truth for comparison with the generated HR versions. The aim of such comparison is generally to
extrapolate the closeness in terms of patterns and textures
between bHR and the generated images (HR). Using such a comparison, we could compute statistical measurements such as PSNR,
SSIM, and MSSIM (see Fig. 8(b)). However, it is not a good practice
to deploy statistical measurements in scenarios where the nHR
images are inaccessible for comparison purposes since the bHR
images obtained via interpolation may have high-resolution but
not good quality. bHR images may retains noise, blur, and artifacts
inherited from the LR versions (Bulat et al., 2018). Most importantly, bHR images may lose their natural characteristics, and the
multi-scale problem may not be addressed in SR (Lim et al.,
2017. Considering that, the generated SR images (shoeprints) in
critical scenarios (e.g., forensics) have no nHR, emphasizes the
need for independent measurement to compute the image quality
level. Thus, it is more favorable to evaluate the quality of the generated shoeprints using blind (non-reference) based evaluation
metrics such as BRISQUE, NIQUE, UCIQUE, and MPDHC. Comparisons using such metrics do not need the counterpart nHR versions
except the corresponding LR images in case of the MPDHC. Such
metrics follow the algorithm to compute the originality in the HR
images that is similar found in the LR images. In the case of
MPHDC, the LR images are utilized for comparative purposes since
the LR images (original shoeprints) retain their natural features.
The more overlapping the trend drawn for LR, the more the natural
features will be matched. In Fig. 7(a), the trend for the generated
images by IPAS-Net is more closely overlap over the trend of LR
image. However, some PSNR values are high for IPAS-Net, while
in some cases IPAS-Net produces low PSNR values. To address this
challenge, a novel evaluation metrics can be proposed as an expansion to this study.

Fig. 6. Mean BRISQUE scores for the corresponding network modalities, where
IPAS-Net achieves the highest score.

4.1.4. Mean probability density-based histogram comparison
We used kernel density estimation (KDE) to estimate the probability density function (PDF) in a non-parametric method; KDE is
also successful in estimating unimodal and multi-modal distributions (Scott, 2015). Fig. 7 shows the calculated KDE using Gaussian
kernels, along with histograms for the provided data. We can
observe from Fig. 7 that the more overlapping there is, the more
similar the distributions are, showing similarities between the
trends corresponding to original and generated HR shoeprints.
Notably, the plots for the data points versus IPAS-Net-generated
HR images are tightly overlapping on the LR data points, indicating
a close match with the LR distribution in terms of natural
characteristics.

4.2. Reference-based quality evaluation
For reference-based evaluation, the pixel-to-signal–noise ratio
(PSNR) and SSIM are the most widely employed quantitative evaluation metrics. For this purpose, we have demonstrated some random samples with their PSNRs, SSIM scores and zoomed regions
for the IPAS-Net and SOTA models (See Fig. 8 (b)). Similarly, we
also plotted the corresponding BRISQUE scores for the SOTA models with the IPAS-Net score (see Fig. 8(a)). In some scenarios, the
corresponding PSNR and SSIM values for the generated images
are significant but lack perceptual ability (are not visually pleasing). It can also be observed that the visual quality of the shoeprints from IPAS-Net is more pleasant than both the SOTA

4.4. Qualitative effects in the HR space
Besides evaluating generated images using statistical measures,
we also present a qualitative (subjective) evaluation that extrapolates the visual quality together with the natural effects. From the
visualized results (see Fig. 9), it can be subjectively observed that
IPAS-Net not only retains the original patterns and textures inherited from the LR shoeprints but also produces visually pleasant
10

Journal of King Saud University – Computer and Information Sciences xxx (xxxx) xxx

M. Hassan, Y. Wang, W. Pang et al.

Fig. 7. Mean histograms of the original and generated datasets with kernel density estimation (KDE) using Gaussian kernels. The proper overlapping between the histograms
of the original and inpainted shoeprints shows relatively higher matching scores. The two joint histograms with KDEs corresponding to the original and generated (inpainted)
shoeprints for both (a) dynamic and (b) static patches are plotted.

estimation (Godard et al., 2017) and intrinsic image decomposition
(Li and Snavely, 2018). None of them have attempted nRnHR given
the poor quality of the LR images. However, this study proposes
IPAS-Net for managing the nRnHR problem regarding highfidelity shoeprint generation. From the results, we conclude that
IPAS-Net focuses more on image’s natural characteristics (see
Figs. 4, 5, 6, and 8), which are inherited from their LR counterparts.

results. In the visualized results, the scratches, tear, cuts, and abrasions can be closely observed in sharpened and cleaned forms,
which will assist the examination and investigation processes in
forensic science.
5. Discussion
5.1. Challenges in non-reference-based SR generation

5.2. Addressing low-quality LR for SR generation
Typical SR using DL addresses the generation of HR images from
their downgraded LR counterparts. However, natural LR-HR image
pair collection is critical in forensic scenes. In the study of SR generation, when the downgraded kernel or added noise is unknown,
it is known as ‘blindness’ (Xuan et al., 2020). In contrast, this study
associates the non-reference or the lack of natural ground truth or
HR to a situation in which only the low-resolution images can be
found with poor quality. Thus, generating HR images from LR
images with no nHR as ground truths is more challenging. Therefore, HR generation with no nHR is an ill-posed problem of SR in
realistic applications. The applications of estimation without reference images are solely tied to their specific domain, such as depth

The first attempt regarding the lack of natural ground truth was
made in Hassan et al. (2021), where the primary focus was to generate high-fidelity shoeprints. However, the current study
addresses a similar problem, which additionally focuses on retaining natural characteristics in HR shoeprints while maintaining sufficient resolution. To guide the model training, we bi-cubically
interpolate the LR images into HR (bHR) for training purposes
and propose a specialized network structure. Bi-cubic interpolated
HR images struggle to maintain their natural resolution and the
features from their LR counterparts. Thus, IPAS-Net employs a specialized URB in addition to the AM strategy. The URB can be better
11
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Fig. 8. Evaluated results with both non-referenced and reference-based assessments. (a) BRISQUE scores for SOTA and IPAS-Net in which the IPAS-Net has the highest score.
(b) Quantitative scores in terms of PSNR and SSIM with zoomed regions.

are deployed in IPAS-Net to produce naturalness in the quality of
the HR shoeprints so that they are useful for forensics. Furthermore, the suggested model’s learning-based technique (internalexemplar) is somewhat involved (through the PUM) in the LR
space when it comes to the development and guidance of highfidelity generation.

modeled to maintain high-resolution and natural characteristics
for larger upscaling factors (i.e., 4, 8, etc.,). Moreover, the LR
shoeprints are susceptible to noise, which must be given special
treatment in the extended IPAS model. Similarly, the larger scaling
factor-based SR with no nHR must be employed in the model structure to retain realistic characteristics. Such characteristics can be
learned in the LR space while training and reusing the corresponding HR space. Most importantly, the HR shoeprints must avoid synthetic information generation, which is critical for forensic
investigation and examination.

5.4. Interpolation utilization by the IPAS-Net architecture
In normal circumstances, both LR-HR pairs are available; however, in forensic scenes, such collection is difficult. Similarly, such
a dataset is rarely found in both good quality and abundance which
are common limitations of DL models. Bi-cubically interpolated
shoeprints can be utilized for training purposes. However, bicubic interpolation may generate artifacts, remove natural sensor
noise, and lack real-world characteristics (Lugmayr et al., 2019).
In addition, the artificially added noise cannot reflect the natural
noise to enable efficient training of a DL model. To address the
aforementioned challenges, the proposed model utilizes a bicubic guided interpolation that generates high-resolution shoeprints without nHR. The choice of interpolation-based training only
guides the training process, which is facilitated further in the URB
phase. The generated results are higher quality than the interpolated images in terms of the naturalness carried from LR. Thus,

5.3. Learning in lower and higher dimensional spaces
To obtain the naturalness inherited from the LR images, IPASNet follows the recalling of learned features at a deep level of the
PUM. Patches of identical patterns may often reoccur in multiple
locations in natural images, which can be reused at a higherlevel during HR generation (Huang et al., 2015). The generation
of RecLR images in the encoding–decoding structure enables
IPAS-Net to obtain the internal-exemplar (Glasner et al., 2009). In
comparison to bi-cubic interpolated images, the learned features
may expand enough to yield HR images, which is referred to as
external-exemplar (Huang et al., 2015). As a result, both the
internal-exemplar and external-exemplar learning characteristics
12
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Fig. 9. Some random samples are chosen where first column displays the input LR shoeprint, where the rest of the columns show output of the SOTA and IPAS-Net model.
Similarly, each column also shows statistical values respective to PSNR and SSIM. First row shows generated images by the corresponding models while the highlighted
regions are displayed in second row, and so on.

rearranges these points to produce the HR output using a special
mapping criterion (Shi et al., 2016). However, during the transpose
convolution (deconvolution) layer for upscaling, the learned
parameters in the LR space are reused in the transpose layer to
overcome the repetition of upsampling points in each direction.
Applying a number of upscaling strategies can be avoided by producing a sophisticated upscaling method with respect to the problem at hand.

IPAS-Net avoids the loss of naturalness, sensor noise, and scratches
by retaining the key patterns in the HR space.
5.5. Purposely discarding direct connections
In addition, some SOTA models attempt to tackle non-reference
HR generation by first producing a synthetic version of an LR image
(Yuan et al., 2018). To avoid synthetic information, which is unsuitable for forensics, we employ the PUM for fast convergence and
only learn the production of the RecLR images. Our customized
PUM can be utilized for distinct domains according to the nature
of the problem by discarding a particular skip connection(s). For
instance, the PUM embedded model for denoising can be made
robust by discarding the corresponding level carrying more noise.
The training after discarding at a particular level encourages the
model to reuse the learned parameters at a high level. Such an
architecture also allows the model to train beyond mapping to
bi-cubic interpolated images (bHR).

5.7. Need of special evaluation metrics
To evaluate of generated high-quality images, quantitative
measurements such as PSNR and SSIM are used for comparison
or in a reference-based fashion. However, if the ground truth is
not clean on its own, a special assessment technique is required.
The assessment should be performed for natural characteristics
and features in the generated images. Such characteristics have
significance in fields like forensics. Therefore, the generated highfidelity shoeprints are evaluated isolation form by non-reference
assessment metrics including BRISQUE, NIQE, UCIQE, and the
KDE-based histogram. To quantify the photo-realistic features in
this scenario, special evaluation measures must be developed.

5.6. Possible upscaling methods with mutual benefits
To produce an enhanced HR image, IPAS-Net uses all possible
upscaling methods (i.e., 2D upsampling in the AMB, sub-pixel convolution, and transpose convolution in OSHI) to compensate for
each other deficiencies with mutual benefits. Deconvolution has
the advantages of reducing the computational cost and increasing
the efficiency of the learning in situations where nHR images are
difficult to find and the downsampling kernel is also unknown
(Yang et al., 2019). However, the deconvolution layer repeats
upsampling points several times in each direction. To compensate,
we also deployed sub-pixel convolution in parallel to deconvolution, which increases the number of channels in the output features to store the extra points to enhance resolution, and it then

5.8. Result extrapolation
The results of IPAS-Net, when compared to SOTA models, were
evaluated by utilizing reference-based (statistical measures) and
blind (BRISQUE) measurements. In most cases, IPAS-Net outperformed the other models by generating quality images and avoiding information synthesis; however, it performed poorly in some
statistical measurement cases. This result is due to the comparison
of generated results against bHR rather than nHR. Additionally, the
chosen statistical metrics are not suitable options considering the
13
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information that is vital to that specific situation. So, future models
should also be focused on retaining the natural features found in
the original images. Similarly, following the current attempt,
future modeling can be generalized and improved by training on
a variety of datasets together while deploying efficient attention
mechanisms. The embedded attention mechanisms could be used
to focus more on overcoming the background noise, blur, haze,
etc., toward enhancement. Similarly, such models should avoid
mapping between the LR-HR spaces and also allow learning from
LR to HR spaces.

essence of the study. Based on current practices, it is recommended
to propose an innovative measurement approach that should cover
all aspects (i.e., visual, statistical, naturalness, etc.) of the output
images. In addition to training a DL model in an unsupervised manner, the output should also address the absent ground truth. This
study laid a foundation and opened doors for future research
regarding critical scenarios.
The architecture of IPAS-Net is specially designed to reconstruct
and enhance low quality images into the high-resolution spatial
dimension. To make the parameter-sharing more robust, skip connections can be dynamically included and excluded while training
toward the projected results. An optimized feature learning could
be enabled in the reconstruction unit, which could then be shared
with the high dimensional space. Similarly, varieties of specialized
AMs can be deployed at different levels (low and high levels) to
overcome the degraded LR versions. Furthermore, the poor outcomes in terms of the statistical results can be overcome by
redesigning IPAS-Net to eliminate bHR as ground truth and change
the mapping process to unsupervised learning. A novel evaluation
metric can be embedded as a loss term for network training.
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6. Conclusion and future directions
IPAS-Net is composed of an encoding–decoding structure with
skip-connections (PUM), parameter sharing, and an upsamplingand-refinement block (AMB, OSHI). IPAS-Net generates HR shoeprints that retain natural characteristics inherited from their LR
counterparts while having no nHR. To address the issue of HR
generation on non-reference basis, IPAS-Net employs the PUM
for feature extraction during the production of the RecLR image
from nLR, shares the extracted features (parameter sharing), and
recalibrate the learning process in terms of refinement and
enhancement (as it is composed of AMBs and OSHI). The generated
results maintain the natural characteristics inherited from the LR
images. Given the nature of the problem, it is proposed that the
findings need to be evaluated using blind image quality evaluation
metrics (BIQM). The evaluated results are compared and plotted in
(see Fig. 4–8), and IPAS-Net outperforms the SOTA models in terms
of maintaining the naturalness inherited from the LR dimensional
space. IPAS-Net operates in an unpaired manner to generate
high-fidelity shoeprints while preserving natural traits in HR
images, which is necessary for forensics where nHR images are
unavailable.
The IPAS-Net architecture can be improved by modifying the
OSHI module to produce more pleasant and detailed visual results.
The current model upscales the LR images into HR images with factors of 2 and 4, which can be upgraded to larger scaling factors
(i.e., 8; 16; 32, and etc.) to provide the details in the LR images
with low-quality pixel information. For larger upscaling factors, it
is recommended to increase the depth of the encoding and decoding structure by discarding skip connections at multiple levels as
needed. One of the notorious problems faced in such practices is
the lack of proper evaluation metrics. Following the proposed
study, it is recommended to propose an evaluation metric that
not only measures the naturalness (BIQM) but to focuses on the
quantitative aspects. The future metric could be smart enough to
compare high quality (HR) images to their LR counterparts to
address the unmatched spatial dimensions problem. Furthermore,
IPAS-Net can be expanded to areas where the collection of HR
images is critical and most of the original prints are found in poor
quality.
In future work, a more robust and sophisticated model can be
trained to reconstruct poor-quality images (noisy, blurred, etc.)
together with the recovery of plausible information and refinement. In some cases, the generative process may lose valuable
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