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This research explores the integration of enhanced super-resolution
convolutional network (ESPCN) and super-resolution residual network
(SRResNet) to enhance image quality captured by low-resolution (LR)
cameras and in internet of things (loT) devices. Focusing on face mask
prediction models, the study achieves a substantial improvement, attaining a
peak signal-to-noise ratio (PSNR) of 28.5142 dB and an execution time of
0.34704638 seconds. The integration of super-resolution techniques
significantly boosts the visual geometry group-16 (VGG16) model’s
performance, elevating classification accuracy from 71.30% to 96.30%.
These findings highlight the potential of super-resolution in optimizing

Image processing image quality for low-performance devices and encourage further
SRResNet exploration across diverse applications in image processing and pattern
Super resolution recognition within loT and beyond.
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1. INTRODUCTION

In recent years, internet of things (IoT) has become a hot topic for research in industries, especially
topics on integration of deep learning image classification or detection in 10T technologies [1]. Within those
research, camera will always be present as the main sensor to gather input for the system. Modern camera
which is being utilized in 10T system will capture light which is going towards it, then construct a digital
picture from the light data received by the sensor. Camera will perceive data such as color information,
saturation, and brightness from incoming light and then assign those data into each tiny part within a picture
called pixel. Those set of pixels are going to be assembled into one and projected as a picture. The more pixel
within a picture, the sharper that picture gets or it can also be said that the picture contains more information.
The amount of pixel can be captured by camera means more information can be stored within a picture.
It means, larger resolution image contains more information which can be processed further.

Before using camera as an input, ones must consider its limitation and capabilities. Each camera has
their own limitations, which is the amount of pixel that could be captured in a single picture or the amount of
power needed to operate it [2]. Camera capability is often shown in the amount of mega pixel of information
can handled. Even though more pixel seems like the best option, it needs significantly larger space to store
the image and it needs more computing power to further process it. In recent studies which utilize camera as
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the main source of input, researcher focuses on improving performance or efficiency of their prototype.
In order to improve performance and efficiency, recent studies suggest lowering the image resolution for
object detection [3]. By using minimizing resolution, researcher aims to allocate computing power to other
processes like deep learning [4] or minimize battery consumption of remote controlled devices like drones
[5]. Furthermore by using lower resolution (LR), minimizing chances of unwanted information to appear [6].
Other things to consider is the cost to buy camera which capture high resolution (HR) image is significantly
more expensive, so people needs to consider which camera is best suited for its intended functionality.

Modern artificial intelligence breakthrough open its image generating abilities, in which opens more
possibilities to train deep learning model to generate image with larger resolution from its original resolution
[7]. Super resolution image enhancement aims to expand image resolution and enrich its information content
based on the original image. Super resolution will expand the resolution size of the original image by an
upscale factor then predict the expanded pixels based from information of the adjacent original pixel. Some
studies indicates that by improving quality of images has a significant impact in deep learning prediction
results [8], [9]. It means by utilizing super-resolution to pre-process image could improve performance of
deep learning integrated system. This is very beneficial, especially with low performance machine from
previous generation. By improving software without any needs to improve its hardware such as camera as the
main sensors of its system which can be very expensive to upgrade. Nevertheless, there is still yet any
research utilize enhanced super-resolution convolutional network (ESPCN) and super-resolution residual
network (SRResNet) super resolution to pre-process image using low performance devices like 10T devices.
This research tries to explore the idea of improving image captured by low performance devices by using low
resolution camera with super resolution has significant impact in classifying mask prediction deep learning
model (visual geometry group-16 (VGG16), MobileNetV2, and ResNet50). This research tries to explore
researches which has related topics. This is done by searching the Google Scholar page with the keywords
“super resolution deep learning”, “SRResNet”, “ESPCN” and “super resolution deep learning classification”
which were published between 2019 and 2023. In order to maintain the relevance of the research topic and
fill gaps in existing research. Study on single image super-resolution (SISR) was first conducted by [10]. The
present study employs super-resolution generative adversarial network (SRGAN) and SRResNet to produce
super-resolution images (SISR) for laser confocal images of the root cells of Solanum nigrum, a
hyperaccumulator [11] in the year 2023. The evaluation methods employed in this study are peak signal-to-
noise ratio (PSNR), structural similarity index (SSIM), and mean opinion score (MOS). The findings of this
work indicate that both the primary reconstruction and the subsequent reconstruction of SRGAN and
SRResNet have demonstrated enhanced resolution capabilities for laser confocal pictures.

In order to enhance the intricate features of texture, the authors of [12] propose the employment of
SRGAN, a framework that demonstrates the ability to generate photo-realistic natural images with a four-fold
increase in resolution. The SRGAN model employs a framework based on generative adversarial networks
(GANSs), comprising a generator network and a discriminator network. The generator network is trained to
produce HR images that exhibit visual similarity to the ground truth HR photos. Conversely, the
discriminator network is trained to discern between the generated images and the authentic HR photographs
[13]. Through the utilization of a perceptual loss function that amalgamates an adversarial loss and a content
loss, SRGAN demonstrates the capability to generate super-resolved images that exhibit not only elevated
PSNR, but also effectively capture intricate texture features, resulting in visually appealing outputs for
human observers. The evaluation methods employed in this study are PSNR, SSIM, and MOS. The findings
of [12] and [14] on the application of SRGAN in picture super-resolution demonstrated that SRGAN
exhibited superior performance compared to other advanced techniques, as determined through the utilization of
the MOS evaluation method, specifically in terms of perceptual quality. In terms of quantitative performance,
SRResNet exhibits superior results in comparison to SRGAN, as measured by metrics such as PSNR and SSIM.
Furthermore, ResNets have been shown to generate sharper super resolution image output [15].

ESPCN was proposed by [16], where the network primarily focuses on enhancing the resolution
from LR to HR in the latter stages of the network. It achieves this by super-resolving HR data using LR
feature maps. This obviates the necessity of doing the majority of the SR operation within the significantly
HR. The present work employs the ESPCN technique for the purpose of real-time super-resolution of 1080p
films. The findings of this study indicate that the ESPCN model outperforms the SRCNN model in terms of
performance. ESPCN excel in running times with decent PSNR image output [17], this means that ESPCN is
best suited to real-time super resolution processing that focuses on processing speed.

2. METHOD

The objective of this study is to determine the process of generating a HR image based on a
provided LR image. The initial stage of this research involves pre-processing, specifically the reduction of
the HR image to create the LR image. The training approach utilized two datasets, namely BSD500 and 600
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webscrapped photos. The ESPCN-SRResNet model will utilize LR images as its input. The ESPCN-
SRResNet model is trained to accurately predict HR images. The averaging of layers from ESPCN and
SRResNet will be performed, followed by the calculation of the PSNR. Hyperparameter tuning is also
conducted to ascertain the optimal model.

The testing procedure employed the face mask dataset supplied from Kaggle. The ESPCN-
SRResNet model is utilized for the purpose of super resolution prediction. The dataset consists of super
resolution images of face masks, along with their corresponding original photos. These images are
subsequently utilized as input for three different CNN models: VGG16, MobileNet, and ResNet 50. There are
three models that are commonly employed for the purpose of evaluating the performance of ESPCN-
SRResNet. The study flowchart is depicted in Figure 1.
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Figure 1. Flowchart of this study

2.1. ESPCN

The acronym ESPCN represents efficient sub-pixel convolutional neural network. Shi et al. [16]
introduces a unique CNN architecture designed specifically for the real-time enhancement of 1080p videos
through super-resolution techniques. The primary concept underlying ESPCN involves the extraction of
feature maps within the LR space [18], as opposed to the typical strategy of utilizing the HR space. This
facilitates enhanced computational efficiency and mitigates the complexity associated with the super-
resolution procedure.

Furthermore, ESPCN presents a highly effective sub-pixel convolutional layer. The present layer is
designed to acquire knowledge regarding an assortment of upscaling filters [19], which are subsequently
utilized to upscale the ultimate LR feature maps into the HR output. By substituting the manually designed
bicubic filter with these trained upscaling filters, the ESPCN model demonstrates the capability to produce
images with enhanced sharpness and increased contrast. The proposed method exhibits superior performance
in terms of both reconstruction accuracy and computational efficiency compared to earlier methods based on
CNNs.

In general, ESPCN refers to an architectural design within the CNN framework that effectively
utilizes LR feature maps and a sub-pixel convolution layer to accomplish real-time super-resolution of films
with a resolution of 1080p. The enhancement of super-resolved image quality is achieved with a
simultaneous reduction in computing complexity. The architectural design of ESPCN can be observed in
Figure 2.

2.2. Super-resolution residual network

The SRResNet algorithm is employed for the purpose of enhancing the resolution of digital core
images through a process known as super-resolution reconstruction. The proposed approach utilizes deep
learning techniques in order to improve the resolution and overall quality of photos that have a poor level of
detail. The network architecture of SRResNet comprises a generator network that is trained to establish the
relationship between LR and HR pictures [20].

The difficulty of utilizing limited data from small samples for super-resolution reconstruction is
effectively addressed by SRResNet with the implementation of transfer learning. Transfer learning is a
widely employed approach in the field of machine learning, wherein the parameters of a pre-existing model
are leveraged and repurposed for a different job [20]. In the context of SRResNet, the pre-existing model has
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acquired shared characteristics from an extensive dataset. Through the use of transfer learning, the SRResNet
technique has the capability to effectively train distinctive features within limited sample data [21], hence
diminishing the necessity for an extensive training dataset and alleviating the issues of overfitting that arise
due to inadequate data.

In the domain of super-resolution reconstruction of digital core images, the utilization of SRResNet
with transfer learning encompasses a two-step process [15]. The initial part of pre-training involves utilizing
the plunger sample image and the LR image acquired from downsampling as the training dataset. This stage
serves to illustrate the capability of SRResNet in achieving super-resolution reconstruction. Furthermore, the
feature extraction layer of the pre-trained model is immobilized, and the model undergoes fine-tuning by
utilizing real plunger samples and subsample images as the fresh training dataset. The utilization of transfer
learning in the SRResNet method enables the reconstruction of finer details, including texture and pores,
despite the presence of a limited number of training examples.

In brief, the SRResNet approach is designed for the purpose of super-resolution reconstruction [22].
It tackles the issue of limited data resulting from small sample sizes by employing transfer learning
techniques. This involves leveraging pre-existing models and training specific features using tiny sample
datasets. The architectural design of SRResNet can be observed in Figure 3.
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Figure 2. ESPCN architecture [16]
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Figure 3. SRResNet architecture [20]

2.3. Signal-to-noise ratio

PSNR is a commonly used metric to evaluate the quality of reconstructed pictures in the field of
super-resolution reconstruction. The relevance of this resides in its capacity to quantify the correlation
between the signal’s maximum potential power and the level of noise that impacts the accuracy of the signal.
PSNR is crucial in evaluating the accuracy of super-resolution reconstruction by measuring the similarity
between the reconstructed HR image and the actual HR image. The PSNR measure provides a numerical
evaluation of the quality of the reconstructed image. A higher PSNR value indicates a closer match to the
original image and hence fewer distortions. The primary advantage of PSNR is its dependability in catching
subtle intricacies and general similarity between the reconstructed and original HR images, rendering it an
indispensable tool for complete evaluation of image quality [23].

The PSNR is a widely used metric for evaluating the quality of compressed or distorted images [24].
It measures the discrepancy between the original and distorted images in terms of pixel values. PSNR, which
is measured in decibels (dB), is determined by calculating the mean squared error (MSE) between
corresponding pixels in two pictures and expressing it as the ratio of peak signal power (highest pixel value)
to MSE. The PSNR metric is crucial in assessing image quality, since a greater value indicates superior
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image quality, while a lower value signals poorer quality. The primary advantage of PSNR is its
dependability as a quantitative metric, offering a distinct indicator of the quality of the reconstructed or
compressed image. Its widespread usage stems from its capacity to accurately measure the similarity in pixel
values between the original and distorted images, providing a clear and understandable evaluation of image
quality [25]. The formula for PSNR is elucidated in (1).

PSNR = 20.log 10 (*at)

N 1)
2.4, Mask classification

After image enhancement has been built and fine-tuned, this research will have to prove its impact
on future research especially in computer science subjects. To do it, this research employ deep learning to
measure image enhancement effect on image classification. To determine whether image enhancement
improve or worsen deep learning performance, this research will focus to measure the accuracy of tested
models. Accuracy is chosen as metrics of performance because it measure model performance on correctly
classifying data. Accuracy is with (2).

CorrectlyGuessedimage

Accuracy = x100% 2

AmountofImagesTested

2.5. Dataset

The research utilized three datasets: 500 photos sourced from BSDS500, 600 images obtained from
pexels.com, and 3,444 face mask images extracted from the face mask dataset. The BSDS500 and 600
datasets consist of a combined total of 1,100 photos. These datasets aim to encompass a wide range of
subjects, including buildings, animals, humans, nature, and other relevant categories. The intention behind
this comprehensive collection is to ensure that all aspects of imagery in society are well represented.

In the initial training phase, a total of 450 photographs were utilized for training purposes, while an
additional 450 images were allocated for testing. Furthermore, an additional set of 200 images were
designated for validation in order to obtain the most optimal model for super resolution. The second training
session utilized a dataset consisting of 3,444 photos specifically designed for face mask detection. This
dataset was further divided into subsets, with 2,754 images allocated for training purposes, 485 images for
validation, and 205 images for testing. Illustrations depicting sample images for the initial and subsequent
training sessions are presented in Figure 4. Figure 4(a) shows several examples of BSD500 dataset, also
several examples of 600 scrapped images. Figure 4(b) shows several examples of face mask detection
dataset.

(b)

Figure 4. Examples of dataset (a) BSD500 and 600 scrapped images and (b) face mask detection dataset

3. RESULTS AND DISCUSSION

The implementation of the super-resolution methodology required doing multiple iterations of tests
that involved merging the ESPCN and SRResNet techniques. The conducted experiments encompassed the
process of hyperparameter optimization, employing both manual and grid search methodologies.
Experiments were performed using different hyperparameter configurations, including modifications in batch
size, learning rate, ESPCN structure, and SRResNet structure. The manual approach encompassed the
process of optimizing the quantity of layers and filters in both models. In the study conducted, four different
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structural variants were examined in the ESPCN model. These variations included (64, 64, 32), (64, 64, 64,
32), (128, 64, 64, 32), and (128, 128, 64, 32). Additionally, two different learning rate variations were tested,
specifically 0.001, 0.0001, and 0.00001. Amount of SRResNet layers examined in this study are (64, [5*64],
64, 256) and (64, [7*64], 64, 256). That variations also used for grid search. The test results are presented in
Table 1.

Table 1. Manual hyperparameter tuning

Number ESPCN SRResNet Learning rate PSNR predict (db)  Execution time (s)
1 64, 64, 32 64, [5*64], 64, 256 0.001 28.43 0.106
2 64, 64, 32 64, [7*64], 64, 256 0.001 284 0.381
3 64,64,64,32 64, [5*64], 64, 256 0.001 28.51 0.272
4 64,64,64,32 64, [7*64], 64, 256 0.001 28.38 0.127
5 128, 64,64,32 64, [5*64], 64, 256 0.001 28.39 0.377
6 128, 64,64,32 64, [7*64], 64, 256 0.001 28.35 0.452
7 128,128, 64,32 64, [5*64], 64, 256 0.001 28.51 0.347
8 128,128, 64,32 64, [7*64], 64, 256 0.001 28.52 0.92
9 64, 64, 32 64, [5*64], 64, 256 0.01 27.7 0.82
10 64, 64, 32 64, [5*64], 64, 256 0.0001 28.09 0.826
11 64, 64, 32 64, [7*64], 64, 256 0.0001 28.13 0.461
12 64,64, 64,32 64, [5*64], 64, 256 0.0001 28.05 0.427
13 64,64, 64,32 64, [7*64], 64, 256 0.0001 28.24 0.348
14 128, 64,64,32 64, [5*64], 64, 256 0.0001 28.05 0.487
15 128, 64,64,32 64, [7*64], 64, 256 0.0001 28.14 0.693
16 128, 128,64,32 64, [5*64], 64, 256 0.0001 28.12 0.347
17 128, 128, 64,32 64, [7*64], 64, 256 0.0001 28.14 0.766

From Table 1, it can be seen that the highest PSNR obtained by the 8th experiment and the second
highest PSNR obtained by the 7™ experiment. The PSNR values obtained by that two experiments are not
much different, but there are quite significant differences in execution time. The 7% experiment run 62.288%
faster than the 8" experiment, hence the 7' trial in yielded the optimal result. The results of this experiment
demonstrate that ESCPCN has exceptional time efficiency in computational tasks. There is only one
experiment that use 0.001 learning rate and that is the 9th experiment. Its because 0.001 learning rate produce
lower PSNR and longer execution time. Deeper ESPCN and SRResNet layers takes longer execution time,
could be seen in experiment 8" and 17%.

Grid search is also used in this study to find the best hyperparameter for image enhancement. Result
shown that compared to the best model from manual tuning (experiment 7), grid search has a little lower
PSNR. The result could be seen in Table 2. As seen in Table 2, number of SRResNet layer and learning rate
from grid search and manual tuning has the same value. However, model from grid search has less filter in
the second layer than model from manual tuning. Execution time of grid search and manual tuning has no
significant difference.

Table 2. Hyperparameter tuning with grid search

Experiment ESPCN SRResNet Learning rate  PSNR predict (db)  Execution time (5s)
Manual Tuning 128,128, 64,32 64, [5*64], 64, 256 0.001 28.5142 0.347
Grid Search 128, 64, 64,32 64, [5*64], 64, 256 0.001 28.5125 0.387

As previously mentioned, there are three classification model used in this research. VGG16 as
model number one, MobileNetV2 as model number two, and ResNet50 as model number three. Each models
was trained using transfer learning method by freezing its layer and connecting 1 layer of fully-connected
nodes and closed of with output layer which represents each classes in label. Figure 5 shows model training
result. Model training loss could be seen in Figure 5(a) and model training accuracy could be seen in
Figure 5(b).

Model 1 stands for VGG16, model 2 stands for MobileNetV2, model 3 stands for ResNet50. In the
testing phase, input from the mask classification model is upscaled with super-resolution from the image
enhancement model. Image enhancement model with the greatest performance with optimal PSNR and
execution time result was chosen as the model which and integrated to the mask classification. Based on
Table 1 the most optimal model with the greatest PSNR value and minimal execution time is model number 7.
And based on the grid search method resulted in PSNR value of 28.5125 and execution time 0.3872871092 ms.
Integration results is presented as comparison between three popular classification architecture which is
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VGG16, MobilenetV, and ResNet50. Accuracy was used to measure performance impact of those three
classification models, a comparison before and after super resolution will be presented.

Model 1 Loss Model 1 Accuracy
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Figure 5. Model training (a) loss and (b) accuracy

Data from Table 3 shown an increase in accuracy by using super resolution to pre-process input
images. VGG16 has the most significant improvement with 25% increase in accuracy, which is followed by
MobileNetV2 with 5% increase in accuracy, and ResNet50 which has the least improvement in accuracy with
less than 0.001% increase. Further analysis in deep learning classification model shows that VGG16
architecture has 16 layers of neural network [26], MobileNetV2 has 11 layers [27], and ResNet50 has 50
layers of neural network with residual network [26]. This indicates that increasing model complexity layer
reduces the impact of super-resolution. Nevertheless, this finding also supports this research purposes which
is improving results on deep learning model in a low performing device.

Data from Table 4 shown that fine-tuning image enhancement model with grid search and manual
fine-tuning achieve similar results. VGG16 model test resulted in 96.30% accuracy using manual and grid
search fine-tuning. followed by MobileNetV2 whose accuracy scored 76.30% in both manual and grid search
fine-tuning. and ResNet50 achieved 71.30% accuracy in both manual and grid search. All the tested models
showed a minuscule difference with less than 0.001% difference in accuracy between the two fine tuning
methods.

Table 3. Classification accuracy comparison

Model Classification accuracy
With super resolution  Without super resolution
VGG16 96.30% 71.30%
MobileNetV2 76.30% 71.30%
ResNet50 71.30% 71.30%

Table 4. Manual tuning and grid search impact on mask classification

Model Hyperparameter tuning
Manual tuning  Grid search
VGG16 96.30% 96.30%
MobileNetV2 76.30% 76.30%
ResNet50 71.30% 71.30%
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4. CONCLUSION

This research demonstrates the effective integration of ESPCN with SRResNet, resulting in a
substantial enhancement of picture quality for face mask classifiers. The hand tweaking trials yielded an ideal
configuration with a PSNR of 28.5142 dB and an execution time of 0.34704638 seconds. These findings
showcase the supremacy of this technique in effectively producing exceptional outcomes through meticulous
hand tweaking. The experimental results further emphasize the significant need of manually adjusting the
hyperparameters to attain optimal outcomes. Additionally, the integration of super resolution greatly
enhanced the performance of the VGG16 model, resulting in a notable increase in classification accuracy.
Specifically, the accuracy improved from 71.30% without super resolution to 96.30% with super resolution.

Subsequently, this research presents the possibility of integrating ESPCN and SRResNet into
alternative deep learning frameworks. Incorporating these two super-resolution approaches into a more
comprehensive deep learning framework can significantly enhance picture quality in many application
scenarios, extending beyond the scope of face mask classifiers. Hence, the forthcoming objectives involve
investigating the prospective uses of ESPCN and SRResNet in additional deep learning frameworks, so
expanding the beneficial influence of this study across many fields of image processing and pattern
recognition.
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