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(57) ABSTRACT

A method and a system for correcting set of input images is
disclosed. The computing device receives set of input
images from an imaging device. A corresponding set of
corrected output images are generated based on processing
of each of set of input images using pretrained and unsu-
pervised autoencoder neural network model. For each of set
of input images, the corresponding input image is encoded
to generate encoded image data by extracting image param-
eters by set of encoding layers. The encoded image data is
decoded to generate corresponding output image by set of
decoding layers. Further, one or more regions of interest
corresponding to specular reflection in the corresponding
input image are determined by determining a noise mask.
The one or more regions of interest are reconstructed in
corresponding input image by predicting one or more pixels
of region of interest.
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SPECULAR CORRECTION OF IMAGES
USING AUTOENCODER NEURAL
NETWORK MODEL

TECHNICAL FIELD

[0001] This disclosure relates generally to image process-
ing, more particularly to images processing techniques using
machine learning models.

BACKGROUND

[0002] Image processing has been a critical area of
research and development in computer vision and various
other fields. The quality of images plays a crucial role in the
success of numerous applications such as object recognition,
image segmentation, medical imaging, autonomous driving,
and surveillance systems, to list a few among others. How-
ever, in real-world scenarios, images are often subject to
various distortions and noise, therefore there is a require-
ment of correcting various distortions in order to effectively
use the images for their intended use.

[0003] Conventional methods to correct distortions and
noise have been based on simple image enhancement tech-
niques and filtering approaches. While these methods can
correct the distortions and noise such as specular reflections
and mitigate their effects, they often take a lot of processing
time, especially in complex scenarios with multiple sources
of reflection. Additionally, these traditional approaches lack
the adaptability and learning capability necessary to handle
diverse and challenging scenarios effectively.

[0004] Thus, there is a need to provide a faster and an
efficient system and method to correct images with specular
reflections, which may cater to processing of images in
real-time.

SUMMARY OF THE INVENTION

[0005] In an embodiment, a method for correcting a set of
input images is disclosed. The method may include receiv-
ing, by a computing device, the set of input images captured
by an imaging device. Further, the method may include
determining, by the computing device, a corresponding set
of corrected output images based on processing of each of
the set of input images using a pretrained and an unsuper-
vised autoencoder neural network model. In an embodiment,
the autoencoder neural network model may include a set of
encoding layers and a set of decoding layers. Further, for
each of the set of input images, the determination of each of
the corresponding set of corrected output images may
include encoding, by the computing device, a corresponding
input image to generate an encoded image data by extracting
aplurality of image parameters by the set of encoding layers.
Further, for each of the set of input images, the method may
include decoding, by the computing device, the encoded
image data to generate a corresponding output image by the
set of decoding layers. Further, the processing of each of the
set of input images to generate the corresponding set of
output images may include determining, by the computing
device, one or more regions of interest corresponding to
specular reflection in the corresponding input image by
determining a noise mask. Further, the processing of each of
the set of input images to generate the corresponding set of
output images may include reconstructing, by the computing
device, the one or more region of interests in the corre-
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sponding input image by predicting one or more pixels of the
one or more regions of interests.

[0006] In another embodiment, a system for correcting a
set of input images is disclosed. The system may include a
processor and a memory communicatively coupled to the
processor. The memory may store processor-executable
instructions, which, on execution, may cause the processor
to receive the set of input images captured by an imaging
device. The processor-executable instructions, on execution,
further cause the processor to determine a corresponding set
of corrected output images based on processing of each of
the set of input images using a pretrained and an unsuper-
vised autoencoder neural network model. In an embodiment,
the autoencoder neural network model may include a set of
encoding layers and a set of decoding layers. Further, for
each of the set of input images, the determination of each of
the corresponding set of corrected output images includes
encoding a corresponding input image to generate an
encoded image data by extracting a plurality of image
parameters by the set of encoding layers. Further, the
determination of each of the corresponding set of corrected
output images may include decoding the encoded image data
to generate a corresponding output image by the set of
decoding layers. In an embodiment, the processing of each
of the set of input images to generate the corresponding set
of corrected output images, may include the processor to
determine one or more regions of interest corresponding to
specular reflection in the corresponding input image by
determining a noise mask. The processor-executable instruc-
tions may further reconstruct the one or more region of
interests in the corresponding input image by predicting one
or more pixels of the one or more region of interests.
[0007] Various objects, features, aspects, and advantages
of the inventive subject matter will become more apparent
from the following detailed description of preferred embodi-
ments, along with the accompanying drawing figures in
which like numerals represent like components.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] The accompanying drawings, which are incorpo-
rated in and constitute a part of this disclosure, illustrate
exemplary embodiments and, together with the description,
serve to explain the disclosed principles.

[0009] FIG. 1 illustrates a block diagram of an image
processing system, in accordance with an embodiment of the
present disclosure.

[0010] FIG. 2 illustrates a functional block diagram of the
processing unit, in accordance with an embodiment of the
current disclosure.

[0011] FIG. 3 illustrates an exemplary autoencoder neural
network model, in accordance with an embodiment of the
current disclosure.

[0012] FIG. 4 illustrates a model summary of the exem-
plary autoencoder neural network model, in accordance with
an embodiment of the current disclosure.

[0013] FIG. 5 illustrates a flowchart of a method generat-
ing corrected output image various by the autoencoder
neural network model to generate using a noise mask, in
accordance with an embodiment of the current disclosure.
[0014] FIG. 6 illustrates a flowchart of a method for
correcting the specular reflections in an image using the
autoencoder neural network model, in accordance with an
embodiment of the current disclosure.
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DETAILED DESCRIPTION OF THE DRAWINGS

[0015] Exemplary embodiments are described with refer-
ence to the accompanying drawings. Wherever convenient,
the same reference numbers are used throughout the draw-
ings to refer to the same or like parts. While examples and
features of disclosed principles are described herein, modi-
fications, adaptations, and other implementations are pos-
sible without departing from the scope of the disclosed
embodiments. It is intended that the following detailed
description be considered as exemplary only, with the true
scope being indicated by the following claims. Additional
illustrative embodiments are listed.

[0016] In the figures, similar components and/or features
may have the same reference label. Further, various com-
ponents of the same type may be distinguished by following
the reference label with a second label that distinguishes
among the similar components. If only the first reference
label is used in the specification, the description is applicable
to any one of the similar components having the same first
reference label irrespective of the second reference label.
[0017] Referring to FIG. 1, a block diagram of an image
processing system 100 is illustrated, in accordance with
some embodiment of the current disclosure. The image
processing system 100 may include computing device 102,
an input/output device 110, a database 116 each communi-
cably coupled to each other through a wired or a wireless
communication network 118. The computing device 102
may include a processor 104, a memory 106 and a process-
ing unit 108. In an embodiment, examples of processor(s)
104 may include, but are not limited to, an Intel® Itanium®
or Itanium 2 processor(s), or AMD® Opteron® or Athlon
MP® processor(s), Motorola® lines of processors, Nvidia®,
FortiSOC™ gystem-on-a-chip processors or other future
processors. The memory 106 may store instructions that,
when executed by the processor 104, cause the processor
104 to correct a set of input images. The memory 106 may
be a non-volatile memory or a volatile memory. Examples of
non-volatile memory may include but are not limited to a
flash memory, a Read Only Memory (ROM), a Program-
mable ROM (PROM), Erasable PROM (EPROM), and
Electrically EPROM (EEPROM) memory. Examples of
volatile memory may include but are not limited to Dynamic
Random Access Memory (DRAM), and Static Random-
Access memory (SRAM).

[0018] Inanembodiment, the input/output device 110 may
include an imaging device and a Graphical User Interface
(GUI) 114. In an embodiment, the imaging device 112 may
capture a set of input images. In an embodiment, the imaging
device 112 may include one or more imaging sensors which
may capture a set of input images. In some embodiments, the
imaging device 112 may capture set of input images in
real-time and transmit the set of input images to the com-
puting device 102 via the network 118. In an embodiment,
the imaging device 112 may be, but not limited to a handled
camera, a mobile phone, a medical thermal cameras, a
surveillance camera, or any other image capturing device. In
an embodiment, the imaging device 112 may be provided on
a medical device for performing one or more invasive
medical procedures, such as, but not limited to, endoscopy,
colonoscopy, etc. Accordingly, the imaging device 112 may
capture the set of input images while performing an invasive
medical procedure. The GUI 114 may render the output
generated by the computing device 102. The GUI 114 may
be, but not limited to a display, a PC, any handheld device,
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or any other device with a digital screen. Further, the
input/output device 110 may be connected to the database
118 and the computing device 102 via the network 118.
[0019] In an embodiment, the database 118 may be
enabled in a cloud or physical database comprising data such
as configuration information of the computing device 102.
In an embodiment, the database 118 may store data inputted
or generated by the computing device 102.

[0020] In an embodiment, the communication network
118 may be a wired or a wireless network or a combination
thereof. The network 118 can be implemented as one of the
different types of networks, such as but not limited to,
ethernet IP network, intranet, local area network (LAN),
wide area network (WAN), the internet, Wi-Fi, LTE net-
work, CDMA network, 5G and the like. Further, network
118 can either be a dedicated network or a shared network.
The shared network represents an association of the different
types of networks that use a variety of protocols, for
example, Hypertext Transfer Protocol (HTTP), Transmis-
sion Control Protocol/Internet Protocol (TCP/IP), Wireless
Application Protocol (WAP), and the like, to communicate
with one another. Further, network 118 can include a variety
of network devices, including routers, bridges, servers,
computing devices, storage devices, and the like.

[0021] In an embodiment, the computing device 102 may
be computing systems, including but not limited to, a smart
phone, a laptop computer, a desktop computer, a notebook,
a workstation, a portable computer, a personal digital assis-
tant, a handheld, or a mobile device. In an embodiment, the
processing unit 108 may be implemented on the computing
device 102 and the processor 104 may enable correction of
the set of input images using a pretrained and an supervised
autoencoder neural network model.

[0022] In an embodiment, the autoencoder neural network
model may be an artificial neural network used to learn
efficient coding of unlabeled data. Further, the autoencoder
neural network model may be very efficient in data com-
pression, feature extraction, and reconstruction processes in
various domains of image processing. The autoencoder
neural network model may be a neural network that may be
trained unsupervised. In simpler words, the autoencoder
neural network model may be trained by the unlabeled input
fed to the neural network. The autoencoder neural network
model may train itself by recognizing patterns in the unla-
beled set of input images. Further, the autoencoder neural
network model may include a plurality of functions, an
encoding function, and a decoding function. The encoding
function may encode and compress the unlabeled input by a
plurality of layer of Convolutional neural networks (CNN)
and the decoding function may decode and decompress the
unlabeled input by the plurality of layers of CNN’s as
explained in detail below.

[0023] Inanembodiment, the computing device 102 of the
system 100 may receive the set of input images captured by
the imaging device 112. In an embodiment, the imaging
device 112 may capture the set of input images while
performing an invasive medical procedure using a medical
device or an invasive medical device. Further, the computing
device 102 may determine a corresponding set of corrected
output images based on processing of each of the set of input
images using a pretrained and an unsupervised autoencoder
neural network model. In an embodiment, the set of input
images may include one or more regions of interests corre-
sponding to specular reflections which may be corrected
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using the autoencoder neural network model. Further, the
autoencoder neural network model may include a set of
encoding layers and a set of decoding layers. The encoding
layers may enable the encoding function of the autoencoder
neural network model and the decoding layer may enable the
decoding function of the autoencoder neural network model.
[0024] Insome embodiments, the determination of each of
the corresponding set of corrected output images may
include a plurality of processing steps performed by the
autoencoder neural network model. In an embodiment, for
each of the set of input images the autoencoder neural
network model may encode a corresponding input image to
generate an encoded image data by extracting a plurality of
image parameters by the set of encoding layers. Further, the
autoencoder neural network model may decode the encoded
image data to generate a corresponding output image by the
set of decoding layers. Furthermore, the processing of each
of the set of input images to generate the corresponding set
of corrected output images may include the computing
device 102 to determine one or more regions of interest
corresponding to specular reflections in the corresponding
input image based on determination of a noise mask. Fur-
ther, the processing of each of the set of input images to
generate the corresponding set of corrected output images
may include the computing device 102 to reconstruct the one
or more regions of interest in the corresponding input image
by predicting one or more pixels of the one or more regions
of interest.

[0025] Referring now to FIG. 2, a functional block dia-
gram of the processing unit 108 is illustrated, in accordance
with an embodiment of current disclosure. The processing
unit 108 may include an image capturing module 202, an
autoencoder based processing module 204, and a training
module 210. Further, the autoencoder based processing
module 204 may include a noise mask generation module
206, and an image reconstruction module 208. FIG. 2 is
explained in conjunction with the description of FIG. 1.
[0026] Insome embodiments, the image capturing module
202 of the processing unit 108 may capture the set of input
images which may include specular reflections. In an
embodiment, the specular reflections may be the mirror-like
reflections at the air-surface interface that may occur when
the incident light is reflected from a smooth surface. The
image capturing module 202 may also receive the set of
input images from the imaging devices 112. The image
capturing module 202 may extract each of the set of input
images as frames of a video being captured by the imaging
device 112.

[0027] Further, the autoencoder based processing module
204 of the processing unit 108 may correct the set input
images to remove specular reflections in each of the set of
input images. The autoencoder based processing module
204 may receive each of the set of input images from the
image capturing module 202 of the processing unit 108. In
an embodiment, each frame of the video being captured may
be corrected by the autoencoder based processing module
204. The autoencoder based processing module 204 may use
an unsupervised autoencoder neural network model to cor-
rect each of the set of input images. Referring now to FIG.
3, an exemplary autoencoder neural network model 300 is
depicted, in accordance with an embodiment of the present
disclosure. In an embodiment, the autoencoder neural net-
work model 300 may include a set of encoding layers 302,
a bottleneck layer 306, a set of decoding layers 308. The set
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of encoding layers 302 and the set of decoding layers 308
may be convolutional layers. The set of encoding layers 302
may generate encoded image data by extracting a plurality
of' image parameters. In an embodiment, the set of encoding
layers 302 may be maxpooling layer that may compress the
image data of the input image 300 in the bottleneck layer
306 to generate encoded image data of a predefined dimen-
sion. In an embodiment, the bottleneck layer 306 may be a
compressed representation of input images 330 in a reduced-
dimensional space, also known as a latent space. The bottle-
neck layer 306 may learn a compressed representation of the
set of input images 330 while capturing the essential features
and discarding unnecessary details of the set of input images
330. The bottleneck layer may have fewer plurality of nodes
than the encoding layers 304 and the decoding layers 308. It
should be noted that the bottleneck layer 306 may restrict the
flow of information to the decoding layer 308 from the
encoding layer 304 and may allow only the most vital
information to pass through.

[0028] The set of encoding layers 302 and the set of
decoding layers 308 may use convolution operators to
convolute an input image 330 from the set of input images
and saves the convolution results to different channels of the
convolution layers. In some embodiments, the encoding
layers 304 may be communicatively connected with the
corresponding decoding layers 308 via the skip connections
310. The model 300 may learn to generate the corrected
images based on the skip connection 310 by learning the lost
information during maxpooling of the input image 300 by
the set of encoding layers 304. Further, for each of the set of
encoding layers 304 there is a corresponding decoding layer
in the set of decoding layers 308. Accordingly, the input
image 330 may be encoded by the set of encoding layers 302
to generate encoded image data that may be decoded by the
set of decoding layers 306 to generate corrected image data
using the image feature data. In an embodiment, the set of
decoder layers 308 may upsample the compressed encoded
image data generated by the set of encoding layers 304. In
an embodiment, the autoencoder model 300 learns to encode
the image data efficiently so that the set of decoding layers
306 can convert it back to the corrected image data devoid
of specular reflections.

[0029] In some embodiments, the encoding layers 304 of
the autoencoder neural network model 300 may include a
plurality of functions to extract the features from the set of
input images 330, and compress the set of input images 330.
The plurality of functions may be a Rectified Linear acti-
vation (ReL.u) function and a Max pooling function. The
ReLu function may be an activation function implemented
in the input layer of the encoding layer 304. In an embodi-
ment, the ReLu function may introduce non-linearity in the
autoencoder neural network model 300 by selecting the
maximum value of the input dataset. The Rel.u function may
be expressed as;

[0030] f(x)=max(0,x)
[0031] where x=an input value
[0032] In some embodiments, the output of Relu is the

maximum value between zero and the input value. An output
is equal to zero when the input value is negative and the
input value when the input is positive. Thus, we can rewrite
the above equation as follows:
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f0)=(0,if x<0 and x, if x>=0)

[0033] where x=an input value
[0034] Further, the ReLu function may be able to accel-
erate the training speed of the autoencoder neural network
model 300 in comparison to traditional activation function.
Since, the derivative of ReLu function is 1 for a positive
input. Due to a constant, the autoencoder neural network
model 300 may not need to take additional time for com-
puting error terms during a training phase.
[0035] A pooling operation includes sliding a two-dimen-
sional filter over each channel of feature map and summa-
rizing the features lying within the region covered by the
filter. In some embodiments, the Max pooling function of the
encoding layers 304 may be a pooling operation that may
select the maximum element from the region of the feature
map of the input images 330 covered by a filter. In simpler
words, the output after max-pooling layer may be a feature
map consisting of the most prominent features of the pre-
vious feature map. The Max pooling operation may reduce
the dimension of the feature map resulting in a decrease of
the number of parameters to learn and the amount of
computation performed in the autoencoder neural network
model. In some embodiments, the max pooling layer sum-
marizes the features present in a region of the feature map
generated by the encoding layer 304. So, further operations
may be performed on summarized features instead of pre-
cisely positioned features generated by the encoding layer
304. This may make the autoencoder neural network model
300 more robust to variations in the position of the features
in the input image 330.
[0036] In some embodiments, the decoding layers 308 of
the autoencoder neural network model 300 may include a
plurality of function to reconstruct the extracted features
from each of the set of input images 330, and decompress
each of the set of input images 330. The plurality of
functions may be the Rectified Linear activation (ReLu)
function and a Up sampling function. In some embodiments,
the Up sampling function may be a deconvolution layer
which performs the inverse of the Max pooling function of
the encoding layer 304. The Up sampling function may
reconstruct the spatial information which may be lost during
the operation of the max pooling function in the autoencoder
neural network model 300. The Up sampling function may
decompress and reconstruct the input images 330 by per-
forming the reverse of the Max pooling function.
[0037] In some embodiments, the autoencoder neural net-
work model 300 may be an unsupervised trained neural
network model. Further, the autoencoder neural network
model 300 may be trained by backpropagating 312 the mean
square error of the output images from the output layer to the
input layer of the autoencoder neural network model 300 as
explained in detail below.
[0038] Further, the autoencoder based processing module
204 may implement an unsupervised neural network 300 as
described in FIG. 3, to correct the specular reflections in
each of the set of input images. In some embodiments, the
autoencoder neural network model 300 may process each of
the set of input images to generate the corresponding set of
corrected output images by determining one or more regions
of interest corresponding to specular reflection in the cor-
responding input image. In an embodiment, the one or more
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regions of interest corresponding to specular reflection may
be determined by determining a noise mask. The determi-
nation of noise mask may include enhancing the correspond-
ing input image from the set of input images using a
non-linear filtering technique. Further, the determination of
noise mask may include determining a color space of the
corresponding input image and converting the color space of
the corresponding input image to an XYZ color space. Upon
conversion to the XYZ color space, a normalized image may
be generated by normalizing each of a plurality of pixels of
the of the input image in the XYZ color space based on a
predefined normalization threshold range. Further, a lumi-
nance value of each of the plurality pixels of the correspond-
ing input image may be determined. The noise mask may be
generated based on the luminance value of each of the
plurality pixels of the normalized image and the input image
in the XYZ color space.

[0039] In some embodiments, the autoencoder based pro-
cessing module 204 may reconstruct the one or more regions
of interest in the corresponding input image by predicting
one or more pixels of the one or more regions of interest. In
an embodiment, the noise mask generated may reconstruct
the one or more regions of interest in the corresponding
input image corresponding to specular reflections by pre-
dicting one or more pixels of the one or more regions of
interest. In an embodiment, the one or more pixels of the one
or more region of interests may be predicted based on
determination of a comparison between the one or more
pixels of the one or more region of interests and one or more
neighboring pixels of the one or more pixels of the one or
more region of interests in the corresponding input image.

[0040] In an embodiment, the training module 206 of the
processing unit 108 may train the autoencoder based neural
network model implemented by the autoencoder based pro-
cessing module 204. The training of the neural network
model may be unsupervised due to the unlabeled input
dataset being fed to the system 100. The training of the
autoencoder neural network model may include determining
a mean square error of the corresponding set of output
images. The mean square error of the corresponding set of
output images may signify the change in the output image
corresponding to the input image that may be processed by
the system 100. In an embodiment, the mean square error
may be calculated between the output image with recon-
structed one or more regions of interest corresponding to the
specular reflections and ground truth image i.e. a corre-
sponding image without the specular reflection. Accord-
ingly, based on the mean square error the model may learn
to generate output image devoid of specular reflections. The
training module 206 may train the autoencoder based neural
network model by backpropagating the mean square error to
optimize the set of decoding layers and the set of encoding
layers. Accordingly, weights and biases of each of the layers
of the autoencoder based neural network model may be
updated.

[0041] Referring now to FIG. 4, a model summary table
400 of the exemplary autoencoder neural network model
300 is illustrated, in accordance with an embodiment of the
current disclosure. The model summary table 400 depicts a
layer type 402, an output shape 404, and a number of
parameters 406. In an embodiment, the layer type 402 may
represent the type of layer of the autoencoder neural network
model 300. The layer type 402 may be arranged in an order
of their occurrence in the autoencoder neural network model
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300, a row in the order of encoding layer 304 and decoding
layer 308. Further, the output shape 404 may represent the
shape of the input image 330 after being processed by each
of the corresponding layer type 402. In an exemplary
embodiment, the number of parameters 406 may be defined
as the learnable weights and biases that the autoencoder
network model 300 adjusts during the training process to
optimize its performance a specific task. The output shape
404 corresponding to each of the layer type 402 may be
represented in the format [height, width, channels]. The
output shape 404 corresponds to the layer type 402 conv2D
layer may be represented in the format [output height, output
width, channels)]. In an embodiment, the output height may
correspond to layer type 402 “conv2D” may be determined
based on following formula:

output height = (input height — kernel height + 2 x padding)/stride + 1

[0042] In an embodiment, the output width corresponding
to layer type 402 “conv2D” may be determined based on
following formula:

output width = (input width—kernel width+ 2 *padding)/stride +1

[0043] In an embodiment, the output shape 404 corre-
sponding to the layer type 402 “maxpooling2D” layer may
be represented in the format [output height, output width,
channels)]. The output height corresponds to layer type 402
“maxpooling2D” may be determined based on following
formula:

output height = (input height — pooling window height)/stride + 1

[0044] In an embodiment, the output width corresponds to
layer type 402 “maxpooling2D” may be determined based
on following formula:

output width = (input width — pooling window width)/stride + 1

[0045] In an embodiment, the output shape 404 corre-
sponds to the layer type 402 “upsampling2D” may be
represented in the format [output height, output width,
channels)]. The output height corresponds to layer type 402
“upsampling2D” may be determined based on following
formula:

output height = input height«scaling factor

[0046] In an embodiment, the output width corresponds to
layer type 402 “maxpooling2D” may be determined based
on following formula:
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output width = input width = scaling factor

[0047] In an exemplary embodiment, kernel height and
kernel width may be defined as the dimensions of the
convolutional filter used in the layer. In an embodiment,
padding may add extra border pixels to the input. In an
embodiment, stride may determine how much the convolu-
tional kernel moves during each step of the convolution
operation. In an embodiment, the pooling window height
and width may be defined as the dimension of the pooling
window used in the layer. In an embodiment, the scaling
factor may be defined as the factor by which the dimensions
of the input feature map may be increased during up
sampling.

[0048] Referring now to FIG. 5, a flowchart 500 depicting
a method of generating corrected output image various by
the autoencoder neural network model to generate using a
noise mask, in accordance with an embodiment of the
present disclosure. The autoencoder neural network model
300, may perform a plurality of operations to correct the
specular reflection in the set of input images 330. In some
embodiments, some of the operations may be performed
independently of the autoencoder neural network model
300. In order for the computing device 102 to correct the
specular reflections in an input image 300 from the set of
input images, one or more regions of interest corresponding
to specular reflection may be determined by determining a
noise mask. In an embodiment, the computing unit 102 may
perform the operations iteratively on each of the set of input
images to generate corrected output images devoid of specu-
lar reflections.

[0049] At step 502, the computing device 102 may
enhance the input image 302 from the set of input images to
differentiate between an appearance of pale-colored tissue
and the specular light reflections. In order to perform
enhancement of the input a non-linear filter may be applied
to the input image 330 of the set of input images to amplify
the pixel values in order to enhance the difference between
the pixels representing the tissue and the specular reflec-
tions. In an embodiment, the non-linear function applied to
the input image may be depicted as following equation (1).

g, _ min®, G, B) g W
o ~ max(R, G, B)

B

[0050] Atstep 504, the computing device 102 may convert
the input image 302 from a CIE-RGB to CIE-XYZ format.
Accordingly, a first luminance value (Y1) of each pixel may
be determined of the input image 330 based on the following
equation (2).

Yl =wl xR+ w2xG+w3xB @)

[0051] Inanembodiment, the weights wl, w2 and w3 may
be determined based on experimentation. In an exemplary
embodiment, w1=0.2126, w2=0.7152, w3=0.0722.

[0052] Further, at step 506, color normalization may be
performed by the computing device 102, on the input image
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which may compensate for the variations due to lighting,
cameras, or other factors on the input image 330. In an
embodiment, color normalization may be performed for the
input image in RGB format, by dividing each pixel’s value
by sum of the pixel’s value over each of the channels.
Accordingly, for a pixel with intensities R, G, and B in a
respective channels, the normalized values may be deter-
mined R/S, G/S and B/S (where, S=R+G+B). Further, a
second luminance (Y2) value of each pixel of the normal-
ized input image may be determined.

[0053] At step 508, the computing device 102 may com-
pare if the first luminance value (Y1) is greater than the
second luminance value (Y2) of each of the plurality of
pixels of the corresponding input image.

[0054] In case, the first luminance value (Y1) of a pixel of
the corresponding input image is greater than the second
luminance value (Y2) of the corresponding pixel in the
normalized input image at step 508, the computing device
102 may determine that the corresponding pixel representing
specular reflection at step 510. Further, if the first luminance
value (Y1) of a pixel of the corresponding input image is
determined less than the second luminance value of the
corresponding pixel in the normalized input image, at step
508, the computing device 102 may determine that the
corresponding pixel is not representative of specular reflec-
tion at step 512.

[0055] At step 514, a noise mask may be determined by
the computing device 102 based on the determination of the
pixels representing the specular reflection at steps 508.
Accordingly, one or more regions of interest corresponding
to specular reflection may be determined.

[0056] At step 516, the computing device 102 may recon-
struct the pixels of the one or more region of interest based
on the determined noise mask. In an embodiment, the
reconstruction of the pixels of the one or more regions of
interest may be performed based on reconstruction tech-
nique such as but not limited to, inpainting technique. In an
embodiment, the inpainting technique may predict the pixels
of'the one or more regions of interest based on determination
of' a comparison between the one or more pixels of the one
or more regions of interest and one or more neighboring
pixels corresponding to the one or more pixels of the one or
more regions of interest. Accordingly, the pixels of the one
or more regions of interest may be replaced by the predicted
pixel values based on the inpainting technique.

[0057] Referring now to FIG. 6, a method for correcting
the specular reflections in an input image using the autoen-
coder neural network model is disclosed via a flowchart 600,
in accordance with an embodiment of the current disclosure.
FIG. 6 is explained in conjunction with FIGS. 1-5. Each step
of the flowchart 600 may be executed by various modules of
FIG. 2.

[0058] At step 602, the computing device 102 may receive
set of input images captured by an imaging device. Further,
at step 604, the computing device 102 may determine a
corresponding set of corrected output images based on
processing of each of the set of input images using a
pretrained and an unsupervised autoencoder neural network
model. In an embodiment, the autoencoder neural network
model may include a set of encoding layers and a set of
decoding layers.

[0059] Further, at step 606, for each of the set of input
images, the determination of each of the corresponding set
of corrected output images may include encoding a corre-
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sponding input image to generate an encoded image data by
extracting a plurality of image parameters by the set of
encoding layers.

[0060] Further, at step 608, for each of the set of input
images, the determination of each of the corresponding set
of corrected output images may include decoding the
encoded image data to generate a corresponding output
image by the set of decoding layers. In an embodiment, each
of the set of encoding layers may correspond to one of the
set of decoding layers via a skip connection.

[0061] Further, the processing of each of the set of input
images to generate the corresponding set of corrected output
images at step 602 may include determining, by the com-
puting device 102, one or more regions of interest corre-
sponding to specular reflection in the corresponding input
image based on determination of a noise mask.

[0062] Further, the processing of each of the set of input
images to generate the corresponding set of corrected output
images may include reconstructing, by the computing device
102, the one or more region of interests in the corresponding
input image by predicting one or more pixels of the one or
more region of interests. The one or more pixels of the one
or more region of interests may be predicted based on
determination of a comparison between the one or more
pixels of the one or more region of interests and one or more
neighboring pixels of the one or more pixels of the one or
more region of interests.

[0063] Thus, the disclosed method and system try to
overcome the technical problem of slow pre-processing of
the images to correct the specular reflections. The method
and system provide means to correct the specular reflections
in the image frames being captured by an imaging device in
a faster and efficient manner. Further, the method and system
may cater to plurality of applications of the image pre-
processing. Further, the method and system provide a means
to extract the features and parameters of the images and
process them to eliminate noise and distortions. Further, the
method and system may deploy the autoencoder neural
network model to cater to the faster processing of the images
which may be done in real-time. The method and system
may be deployed in the medical imaging techniques such as
colonoscopy and endoscopy to efficiently diagnose and
classify the polyps inside the body cavities. Further, the
method and system may be deployed in the surveillance and
security purposes by eliminating the noise and distortions
from the CCTV footages.

[0064] Inlight of the above mentioned advantages and the
technical advancements provided by the disclosed method
and system, the claimed steps as discussed above are not
routine, conventional, or well understood in the art, as the
claimed steps enable the following solutions to the existing
problems in conventional technologies. Further, the claimed
steps clearly bring an improvement in the functioning of the
device itself as the claimed steps provide a technical solution
to a technical problem.

[0065] It is intended that the disclosure and examples be
considered as exemplary only, with a true scope of disclosed
bodiments being indicated by the following claims

What is claimed is:
1. A method for correcting a set of input images, the
method comprising:
receiving, by a computing device, the set of input images
captured by an imaging device; and
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determining, by the computing device, a corresponding
set of corrected output images based on processing of
each of the set of input images using a pretrained and
an unsupervised autoencoder neural network model,

wherein the autoencoder neural network model comprises
a set of encoding layers and a set of decoding layers,
and

wherein the determination of each of the corresponding

set of corrected output images comprises:

for each of the set of input images:

encoding, by the computing device, a corresponding input

image to generate encoded image data by extracting a
plurality of image parameters by the set of encoding
layers, and

decoding, by the computing device, the encoded image

data to generate a corresponding output image by the
set of decoding layers, and

wherein the processing of each of the set of input images

to generate the corresponding set of corrected output

images, comprises:

determining, by the computing device, one or more
regions of interest corresponding to specular reflec-
tion in the corresponding input image by determin-
ing a noise mask, and

reconstructing, by the computing device, the one or
more regions of interest in the corresponding input
image by predicting one or more pixels of the one or
more regions of interest.

2. The method as claimed in claim 1, wherein each of the
set of encoding layers corresponds to one of the set of
decoding layers via a skip connection,

wherein each of the set of encoding layers generates a

compressed image of the corresponding input image,
and

wherein the corresponding one of the set of decoding
layers generates a de-compressed image of the corre-
sponding compressed image based on the skip connec-
tion.

3. The method of claim 1, wherein the determination of

the noise mask comprises:

enhancing, by the computing device, the corresponding
input image using a non-linear filtering technique;

determining, by the computing device, a color space of
the corresponding input image and converting the color
space of the corresponding input image to an XYZ
color space;

upon conversion to the XYZ color space, generating, by
the computing device, a normalized image by normal-
izing each of a plurality of pixels of the corresponding
input image based on a predefined normalization
threshold range; and

determining, by the computing device, a luminance value
of each of the plurality pixels of the corresponding
input image.

4. The method of claim 3, wherein the determination of
the one or more pixels of the one or more regions of interest
is based on a comparison of the luminance value of each of
the plurality of pixels of the corresponding input image with
a luminance value of the normalized image.

5. The method of claim 1, comprises training the auto-
encoder neural network model by:
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determining, by the computing device, a mean square
error of each of the corresponding set of corrected
output images based on corresponding set of ground
truth images; and

backpropagating, by the computing device, the mean

square error to optimize the set of decoding layers and
the set of encoding layers.

6. The method of claim 1, wherein the one or more pixels
of the one or more regions of interest are predicted based on
determination of a comparison between the one or more
pixels of the one or more regions of interest and one or more
neighboring pixels corresponding to the one or more pixels
of the one or more regions of interest.

7. A system for correcting a set of input images, com-
prising:

a processor; and

a memory communicably coupled to the processor,

wherein the memory stores processor-executable

instructions, which, on execution by the processor,

cause the processor to:

receive the set of input images captured by an imaging
device; and

determine a corresponding set of corrected output images

based on processing of each of the set of input images
using a pretrained and an unsupervised autoencoder
neural network model,

wherein the autoencoder neural network model comprises

a set of encoding layers and a set of decoding layers,
and

wherein the determination of each of the corresponding

set of corrected output images comprises: for each of
the set of input images:
encoding a corresponding input image to generate an
encoded image data by extracting a plurality of image
parameters by the set of encoding layers, and

decoding the encoded image data to generate a corre-
sponding output image by the set of decoding layers,
and

wherein the processing of each of the set of input images

to generate the corresponding set of corrected output
images, comprises:

determine one or more regions of interest corresponding

to specular reflection in the corresponding input image
by determining a noise mask, and

reconstruct the one or more regions of interest in the

corresponding input image by predicting one or more
pixels of the one or more regions of interest.

8. The system of claim 7, wherein each of the set of
encoding layers corresponds to one of the set of decoding
layers via a skip connection,

wherein each of the set of encoding layers generates a

compressed image of the corresponding input image,
and

wherein the corresponding one of the set of decoding

layers generates a de-compressed image of the corre-
sponding compressed image based on the skip connec-
tion.

9. The system of claim 7, wherein the processor-execut-
able instructions cause the processor to determine the noise
mask by:

enhancing the corresponding input image using a non-

linear filtering technique;
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determining a color space of the corresponding input
image and converting the color space of the corre-
sponding input image to an XYZ color space;
upon conversion to the XYZ color space, generating a
normalized image by normalizing each of a plurality of
pixels of the corresponding input image based on a
predefined normalization threshold range; and

determining a luminance value of each of the plurality
pixels of the corresponding input image.

10. The system of claim 9, wherein the determination of
the one or more pixels of the one or more regions of interest
is based on a comparison of the luminance value of each of
the plurality of pixels of the corresponding input image with
a luminance value of the normalized image.

11. The system of claim 7, wherein the processor-execut-
able instructions further cause the processor to train the
autoencoder neural network model by:

determining a mean square error of the corresponding set

of output images; and

backpropagating the mean square error to optimize the set

of decoding layers and the set of encoding layers.

12. The system of claim 7, wherein the processor-execut-
able instructions further cause the processor to predict the
one or more pixels of the one or more regions of interest
based on determination of a comparison between the one or
more pixels of the one or more regions of interest and one
or more neighboring pixels of the one or more pixels of the
one or more regions of interest.

13. A non-transitory computer-readable medium storing
computer-executable instructions for correcting a set of
input images, the computer-executable instructions config-
ured for:

receiving the set of input images captured by an imaging

device; and

determining a corresponding set of corrected output

images based on processing of each of the set of input
images using a pretrained and an unsupervised auto-
encoder neural network model,

wherein the autoencoder neural network model comprises

a set of encoding layers and a set of decoding layers,
and

wherein the determination of each of the corresponding

set of corrected output images comprises:

for each of the set of input images:

encoding a corresponding input image to generate
encoded image data by extracting a plurality of
image parameters by the set of encoding layers, and

decoding the encoded image data to generate a corre-
sponding output image by the set of decoding layers,
and

wherein the processing of each of the set of input
images to generate the corresponding set of corrected
output images, comprises:
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determining one or more regions of interest corre-
sponding to specular reflection in the correspond-
ing input image by determining a noise mask, and

reconstructing the one or more regions of interest in
the corresponding input image by predicting one
or more pixels of the one or more regions of
interest.

14. The non-transitory computer-readable medium of
claim 13, wherein each of the set of encoding layers corre-
sponds to one of the set of decoding layers via a skip
connection,

wherein each of the set of encoding layers generates a

compressed image of the corresponding input image,
and

wherein the corresponding one of the set of decoding

layers generates a de-compressed image of the corre-
sponding compressed image based on the skip connec-
tion.

15. The non-transitory computer-readable medium of
claim 13, wherein the computer-executable instructions con-
figured to determine the noise mask by:

enhancing the corresponding input image using a non-

linear filtering technique;

determining a color space of the corresponding input

image and converting the color space of the corre-
sponding input image to an XYZ color space;

upon conversion to the XYZ color space, generating, by

the computing device, a normalized image by normal-
izing each of a plurality of pixels of the corresponding
input image based on a predefined normalization
threshold range; and

determining a luminance value of each of the plurality

pixels of the corresponding input image.

16. The non-transitory computer-readable medium of
claim 13, wherein the compute-executable instructions con-
figured for:

training the autoencoder neural network model by:

determining a mean square error of each of the corre-
sponding set of corrected output images based on
corresponding set of ground truth images; and
backpropagating the mean square error to optimize the
set of decoding layers and the set of encoding layers.
17. The non-transitory computer-readable medium of
claim 13, wherein the one or more pixels of the one or more
regions of interest are predicted based on determination of a
comparison between the one or more pixels of the one or
more regions of interest and one or more neighboring pixels
corresponding to the one or more pixels of the one or more
regions of interest.
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