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Abstract—Face emotion is a form of non-verbal communication extensively used by human beings. Detecting emotion to ascertain a
human's mental state is a vital research area. Emotion detection for images with low resolution is an area where research is going as
practical real-world images will be mostly low resolution. Real-world applications like surveillance, forensic and drone imagery
capture low-resolution images due to camera resolution, distance of face, and motion of the camera as well as face and may contain
noise. Most of time, researchers consider image less than 32* 32 pixels as low-resolution image as there is no fixed definition for
categorizing low-resolution images. Human face emotion detection performance depends on factors such as lighting conditions, facial
occlusion, and facial movements. The loss of resolution will reduce the image's vital facial details. Performance on facial emotion
recognition is improving with newer deep learning models, but model accuracy remains a major issue.

This paper will elaborate methods and algorithms used in face emotion detection in low resolution conditions. The paper will
summarize different datasets, methodology and performance parameters and challenges.
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1. INTRODUCTION

During the past few decades, automatic facial expression
recognition has been an extensive research area in computer
vision and pattern recognition. It plays an important role in
applications like surveillance and security, human computer
interaction (HCI), and data driven animation . The main
functions in surveillance include identifying criminals in
crowds, in busy places like stadiums , airports, malls and
railway stations. Other useful applications are attendance of
employees and students , finding people in databases such as
drivers license , PAN and Aadhaar . The face possesses some
discriminating features for human beings which are used for
identification. Face detection is a complex task due to the
variations caused by pose, illumination, and so on but
complexity increases as resolution of image decreases [1]. In
real world scenario images captured by cameras may be of low
resolution due lighting condition, blurriness, distance of
camera etc. face recognition performance of LR images
decreases due lack of availability of discriminating features to
extract the features .

Most of time researchers consider image less than 32* 32
pixels as a low resolution image as there is no fixed definition
for categorizing low resolution images [2]. Capturing images
in real world scenarios using cameras , surveillance and
mobile or any other device may result in degradation of image
quality and loss of significant spatial details [3][4]. Resolution
of these images is affected due to sub optimal lighting
conditions , facial occlusion or camera sensor capabilities
resulting in generation of LR images which lack distinctive
details and clarity. Accuracy is the major challenge face
detection in LR images,

The very first step in any face detection system is image
acquisition using image sensors in imaging devices. Image
acquisition can be done in well lite and controlled
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environment generating good quality images with clear face
features or it can be done in a dim lite and uncontrolled
environment which generally produce LR images with face
occlusions [5]. Preprocessing is the next step which does
processes like noise reduction, resizing , normalization and
color conversion on captured images. Face detection
algorithms scans images and extracts key facial features which
are discriminative. It also removes redundant features [6][7].
Techniques lie SVM , neural network or traditional techniques
like euclidean distance are used for determining if a face is
detected and further for classification of image.

II. BACKGROUND AND RELATED WORK

High resolution images respond better to face detection
algorithms but low resolution images performance response
decreases sharply. The main issue in LR images is less number
of pixels describing the face , so face features are not readily
available as compared to HR images [8]. Other major factors
are condition of light, resolution of capturing device, focus
,blurriness that can degrade performance. Low resolution Face
recognition systems contain traditional stages like face
detection , feature mapping, face recognition along with some
specialized stages like super resolution for low resolution
problems.

A. Face Detection

Traditional face detection algorithms calculate similarities
between different images with techniques like LBP, SURFand
HOG. Deep learning algorithms like CNN, YOLO, SSD and
faster CNN capture variances of face when the training dataset
is large enough. the real time variations like position of head,
blurriness , lighting condition makes face detection difficult
[9]. The three stage CNN progressively refines facial regions
with increasing computational complexity improving
efficiency of face detection. To improve face detection
calibration stage based on CNN is introduced. But traditional
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calibration nets are trained independently, potentially leading
to suboptimal overall performance [10]. In Jointly Trained
Cascaded CNN (JDA) framework for face detection where
multiple CNNs in a cascade are trained end-to-end in face
detection [11]. A face detection algorithm that uses a cascade
of convolutional neural networks (CNNs) with specific
improvements to progressively filter and refine candidate face
regions to enhance detection accuracy, speed, and robustness
in challenging conditions.

Faster R-CNN is a landmark object detection framework
that introduces Region Proposal Networks (RPNs) to replace
traditional, slow region proposal methods (like Selective
Search), enabling end-to-end, real-time object detection. A
face detection approach leveraging the high accuracy and
robustness on the Faster R-CNN framework, adapts the
general-purpose object detector for the specific task of face
detection in complex environments, such as varying poses,
lighting, and occlusions [12]. Faster R-CNN with targeted
modifications of its components and training strategies, like
tuning anchors, feature extractors, and training data
significantly improve performance with better accuracy and
robustness in challenging scenarios [13]. The Single Shot
MultiBox Detector (SSD) is a real-time object detector
performs object localization and classification in a single
forward pass, making it significantly faster while maintaining
competitive accuracy. SSD significantly proved that one-stage
detectors could achieve both high speed and strong
accuracy.SSH (Single Stage Headless) is a real-time face
detection that eliminates fully connected layers and applies
detection directly on convolutional feature maps. SSH is a
lightweight, single-stage detector that can rival or outperform
more complex models like Faster R-CNN for face detection
without sacrificing speed. Face SSD, an optimized face
detection model, is based on the Single Shot MultiBox
Detector (SSD) architecture. It strikes a balance between the
accuracy and the efficiency needed for deployment in real-
time scenarios especially on embedded or resource-
constrained devices. A hybrid method combining an improved
SSD with a target tracking algorithm for face detection in
video shows how combining lightweight detection with
intelligent tracking can address the challenges of face
detection in real-time face detection with accuracy

An automatic face detection system integrates classical
geometric analysis modern deep learning methods like YOLO
object detection algorithm improves the accuracy and
reliability of face detection in real-time, real-world
environments where accuracy, speed, and resilience to visual
noise are essential [14] [15]. A real-time face detection system
for live video streams, combining the YOLO with a VGG16’s
deep feature extraction capabilities can significantly enhance
feature extraction by improving both detection accuracy and
processing speed [16] [17]. An enhanced face detection
method that combines YOLOvS with integrating image
enhancement techniques a super-resolution reconstruction
(SRR) module improves detection accuracy, especially in
low-resolution or blurry images. Dual Shot Face Detector(i.e.,
two detection passes) uses Feature Enhance Module (FEM) to
take original feature maps and enhance them via dilated
convolutions and context aggregation. Progressive Anchor
Loss (PAL) uses the first shot uses a coarser set of anchors and
the second shot refines using enhanced features and a different
anchor distribution in progressive manner [18] .Improved
Anchor Matching (IAM) module does regressor’s
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initialization and reduces mismatch between face sizes and
anchor boxes

B. Feature Mapping Techniques

Feature mapping refers to the process of transforming raw
data into a new representation space called a "feature space"
to make it more suitable for tasks like classification,
clustering,Feature mapping transforms input data into a space
that is more discriminative or separable [19]. Mapping bridge
the gap between HR features to LR features for effective
recognition. Different techniques like scaling, dimension
reduction, or transformations reduce the feature size but
preserve important information [20].

III. METHODOLOGIES

A. Traditional Methods

Local Binary Pattern (LBP) as an effective texture
descriptor. It outperform more complex methods despite its
computational simplicity [21][22]. LBP did so by capturing
local spatial patterns and gray-scale contrast, relying on the
statistical distribution of local pixel patterns for classification.
Figure 1 : Working of LBP operator [3]. A novel method
utilizing LBP with modifications including different scales
and temporal fusion for local feature matching face
recognition to low-resolution video, for faces as small as 8x8
pixels [23]. The approach tries to overcome limitations of
applying local feature approaches to low-resolution images. A
kernel-based manifold method that integrates gait features
with low-resolution face features using Sparse LBP
histograms with performance achievement of 78 % on
VidTIMIT and 84 % on the HONDA dataset.It maps nonlinear
features from faces and gait energy images into a common
subspace to minimize distance between features from the
same person, demonstrating improved accuracy over other
methods. A knowledge distillation framework extracts
features from low-resolution (LR) images for face recognition
using knowledge gained from high-resolution (HR) images to
improve performance of face recognition. Knowledge gained
from informative features from an HR-trained network and
transfers to an LR-trained network by decreasing the distance
between them. To find out face similarities a cosine similarity
measures and aligns the HR and LR features. The approach
effectively. Achieved a 3% improvement over the previous
benchmark. The performance is recognised on the CASIA and
ORL dataset.

A neural networks to classifies low resolution images after
upscaling. Interpolation techniques are used to recover
missing details of the low-resolution images to upscale them
before recognition [24]. Iterpolation techniques along with
feature extraction methods like Adaptive DCT , Block-based
DCT and DWT. Interpolation has improved recognition
performance of low resolution images [25]. A 2D face
synthetic data generator using 3D face models capturing 3D-
rendered synthetic data that allows for fully controlled and
automatic manipulation of features like pose, scale, facial
occlusion, background, and illumination. A raster scan
technique to extract block DCT for object features like facial
occlusion blur and low resolution. The effective use of
synthetic data can be done to train more face detectors, to
improve their performance making them more robust [26]. An
example-based image super-resolution (SR), Sparse Neighbor
Selection (SNS) scheme that simultaneously selects the
optimal neighbors and determines the reconstruction weights,
making the process more efficient and optimal. An extended
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Robust-SLO algorithm to perform sparse selection and
reconstruction [27]. Traditional Neighbor-Embedding (NE)
algorithms performed neighbor search and weight calculation
as two separate, sub-optimal processes for synthesizing high-
resolution image patches. To enhance the quality and speed of
neighbor search. Local structural information. Specifically,
Histograms of Oriented Gradients (HoG) of low-resolution
patches are used to cluster the training data as it is not sensitive
to noise. This ensures that the chosen neighbors have similar
local geometric structures[28]. By adaptively selecting
neighbors from an associated, smaller subset based on HoG
features, the proposed SNE method significantly improves the
speed of HR image synthesis while achieving competitive or
superior SR quality compared to existing state-of-the-art
methods.

B. Deep Learning-Based Methods

Deep learning methods have improved face emotion
detection methods accuracy to a large extent. they have
improved low resolution face emotion detection substantially
[8]. Xia Zhang et .al investigated the application of deep
learning models, particularly Deep Convolutional Neural
Networks (CNNs) and Generative Adversarial Networks
(GANS), in face feature extraction and generation. Analysis of
the importance of large-scale datasets and how data
augmentation techniques are essential for improving model
performance and robustness. Deep learning models, like
Convolutional Neural Networks (CNNs), have automated the
extraction of complex facial features, surpassing traditional
methods like LBP and Eigenfaces. Deep learning models can
learn and capture rich features in face images, achieving more
accurate and stable face recognition. Major steps in FER
systems include face detection, alignment, feature
representation, and matching, with feature extraction has a
vital role that affects the overall system performance[29].
Feature Extraction via Non-Negative Matrix Factorization
(NMF) extracts fundamental features from Several Angular
Faces Using a Deep Learning-Based Fusion Technique for
Face Recognition. Generative Adversarial Networks (GANSs)
fuses the extracted features from multiple angular views , to
synthesize a comprehensive feature vector representative of a
frontal face [30]. An advanced convolutional neural network
(CNN) model designed to improve facial emotion recognition,
particularly under challenging conditions such as occlusions,
scale variations, and illumination changes. The model
achieves a notable accuracy of 74.92% on the FER-2013
dataset, 99.47% accuracy on the CK+ dataset and 98.5% on
the FERG dataset. A DeepLabv3+backbone is integrated with
a Swin-Conv-Dspp (SCD) Transformer architecture to
mitigate “hole” effects with GLTB .It helps extract important
details even when parts of faces are occluded or only limited
pixels are visible and Crocodile Search Algorithm (CSA)
fine-tunes model parameters to improve classification
accuracy.

C. Super-Resolution Methods

Low-resolution (LR) images such as those from
surveillance footage, low-quality webcams, or compressed
videos lack discriminative features like wrinkles, muscle
movements, or subtle expressions [31]. One of the ways to
address these challenges in face emotion detection of low
resolution images is to convert them to high resolution images
.Super-resolution (SR) methods are mostly used for this LR to
HR image conversion .Applying super-resolution can enhance
facial details, making emotion.
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1)  Multi-Image Super Resolution

The multiple consecutive frames instead of a single frame
to reconstruct a higher-resolution, sharper face image using
Active Appearance Model (AAM) Fitting to form a super-
resolved image. The super-resolved images lead to higher
identification rates compared to the original low-resolution
frames [32] [33]. A deep network that simultaneously handles
feature extraction, non-rigid alignment, super-resolution, and
identity preservation together. Ulti-frame data uses additional
information from adjacent frames that can help reconstruct a
higher-fidelity face image. Wrapping networks predict
transforms to align adjacent frames to the central frame; warp
feature maps accordingly. Reconstruction network uses Fuse
warped features with central frame features to reconstruct the
high-resolution version of the central frame. YouTube Faces
(YTF) dataset is used for multi-frame sequences super-
resolution face alignment.

Multi-frame image restoration tasks, is reparametrizes the
maximum a posteriori (MAP) formulation into a learned
feature (latent) space, rather than optimizing in image space
directly. Model uses technique like learned error metrics ,
Latent representation and decoder and Feature-space
degradation [16]The certainty weighting helps reduce
influence of poorly aligned or noisy regions. Same structure is
used for super-resolution and denoising tasks. Burst / multi-
frame super-resolution (MFSR) process reconstruct a high-
resolution RGB image given a burst of low-resolution RAW
images . The Enhanced Burst Super-Resolution, a pipeline
that splits the task into three stages: alignment, fusion, and
reconstruction, with tailored modules for each [34] [35] . It
uses Feature Enhanced Pyramid Cascading & Deformable
Convolution , Cross Non-Local Fusion , reconstruction is
done using Long Range Concatenation Network (LRCN) and
Cascaded Residual Pathway (CR).EBSR achieves strong
results: in the NTIRE21 BurstSR Challenge, it ranked 1st
place in the real track and 2nd place in the synthetic track.

2) Map-based Methods

Using MAP-based (Maximum a Posteriori) methods for
facial emotion recognition via a super-resolution (SR)
approach is a powerful strategy to enhance performance,
especially when working with low-resolution or degraded
facial images. A method for video super-resolution,
generating high-resolution video from low-resolution video
input by a process called as video hallucination. The
redundant information across multiple frames in video
sequences is used to reconstruct fine high-resolution details
that are not explicitly present in any single frame. The spatio-
temporal regularization maintains no flickering and sharp
details without artifacts & helps suppress noise and errors
from motion estimation [36].DCT with face hallucination
reconstructs a high-resolution (HR) face image from a low-
resolution (LR) input [37]. The DCT preserves lower-
frequency coefficients in the LR image (after appropriate
scaling), but the high-frequency details are largely lost or
down-sampled. Learning-based Mapping / Regression
captures the correlation between existing low-frequency
content and missing higher-frequency detail [38]. Inverse
DCT reconstruction, Patch-Based Enhancement and
Regularization gives sharper results in restoring edges or
texture detail [39]. Super-resolution image reconstruction
from multiple low-resolution images is done using
probabilistic image models. Bayesian MAP technique along
with Learned image priors using Markov Random Fields
(MRFs) better captures the natural statistics of images and
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improve reconstruction quality [39]. Multiple-Model Learned
Image  Super-Resolution (MMSR) Benefits From
Class-Specific Image Priors model .Instead of choosing just
one model, they use a bank of SR class-specific models is
chosen . MMSR with generic fusion outperforms generic SR
or any single class-specific model. MMSR also reduces the
performance variance (across images) compared to generic
models, making results more stable [40]. Visual quality is also
better: edges (text edges etc.) preserved, textures, etc. Fusion
helps to bring in the strengths of different specialized models.

3) Example-based Methods

Example-based super-resolution (SR) techniques use
external or internal image examples to learn mappings from
low-resolution (LR) to high-resolution (HR) image patches.
These methods do not rely on explicit modeling of the imaging
process (e.g., blur, downsampling kernels), but rather learn
from data how high-frequency details look and how they relate
to low-resolution counterparts. A joint, sparse neighbor
embedding approach selects neighbors and solve weights so
the reconstruction is more consistent and less prone to
mismatch artifacts limits candidate sets helps speed up the
search without sacrificing reconstruction quality [41][42]. A
partial supervision improves SR performance over pure NE
methods, especially when the training set does not well cover
the test patch variety.The improvement is more pronounced
for underrepresented patterns which benefit from the
geometry preservation term. A single-image super-resolution
(SISR) recovers a HR image from a single LR input by
leveraging a training set of LR—HR image pairs. The
coefficients that reconstruct a LR patch from its LR neighbors
can be reused to reconstruct the corresponding HR patch from
its HR neighbors [43]. This neighbor-embedding method
produces plausible HR images with sharper details compared
to simpler interpolation or direct lookup methods. The face
hallucination from a single low-resolution (LR) image[44].
The combines example-based methods with morphable face
models and error correction to produce better hallucinated
(HR) faces.They evaluation is done on standard face datasets
including MPI, XM2VTS, and KF using Metrics like
reconstruction error, Structural Similarity Index (SSIM), and
face recognition rate .

4) FFD-based Methods

FFD-based methods in super-resolution uses Free-Form
Deformation (FFD) for aligning or modeling geometric
variations in images — particularly useful in tasks like face
hallucination, non-rigid object alignment, or multi-view SR
[25] Super-resolution reconstruction and face recognition
from LR input are improved by combining nonrigid
registration with multi-frame SR fusion to reconstruct a
higher-quality face image that is better suited for recognition.
method shows improved registration accuracy, more coherent
SR reconstructions under face deformation / expression
changes, and higher face recognition accuracy in the LR-to-
HR pipeline [45]. Sharp edges and identity are preserved in
the super-resolved face, as facial components are distorted
when upscaling from a low-resolution (LR) image. Method
improves on preserving facial component clarity compared to
existing models. Edges are enhanced or preserved not by
changing the loss function, but by modifying the network
architecture to explicitly integrate edge detection and
merging. Results show sharper edges (contours, object
boundaries) than comparable SR methods that do not
explicitly fuse edge information. A n edge-informed SR
approach that decouples the reconstruction of structure
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(edges) and texture (color / content) to improve final image
fidelity. method reformulates the SISR problem as a kind of
inpainting task [46] when upsampling, “new pixels” appear
between existing pixels, and those can be thought of as
missing regions to be filled in (inpainted) using both structural
(edges) and textural cues.the method produces sharper edges
and better structural delineation — the decoupling of edges
and textures results in images with more distinct boundaries
relative to many baselines.

D. Face Recognition

Face emotion detection systems often struggle with low-
resolution (LR) images due to the lack of fine facial details
required for accurate emotion classification. This is
particularly challenging in real-world scenarios like
surveillance footage or video calls under poor network
conditions., super-resolution (SR) techniques like deep
learning model (e.g., SRCNN, ESRGAN) upsamples and
reconstructs a high-resolution face image enhancing the
quality of low-resolution input. These SR-enhanced images
preserve important facial features such as eyes, mouth, and
wrinkles, which are crucial for emotion recognition[47].A
convolutional neural network (CNN) or other classifier
detects emotions (e.g., happy, sad, angry) from the super-
resolved image[48]. A parallel deep architecture augmented
with customized, learnable filters extracts discriminative
features even from degraded face images. A bank of filters
with multiple scales and orientations captures scale- and
rotation-invariant features. Parallel Deep Network Streams
architecture uses parallel branches (streams) to process
features at different levels / resolutions [30]. A CNN-based
model that can directly recognize faces from noisy inputs,
being robust to various noise types and intensities
NR-Network outperforms hand crafted FLBP and NRLBP
variants, as well as CNN baseline BN1 and BN2 baselines.
GPEN (a face-focused super-resolution / enhancement model)
to convert a low-resolution face image into a higher-resolution
version that better preserves facial details. GPEN + FaceNet
combined model showed improved recognition accuracy
compared to using FaceNet alone on low-resolution inputs,
validating the effectiveness of the super-resolution step[49]. A
combination knowledge distillation + an identity-preserving
network to emphasize low-frequency discriminative features
and bridge the LR—HR feature gap. A ResNet structure with
low-pass filtering via discrete wavelet transform (DWT)
filters out high-frequency noise forcing the network to focus
more on low-frequency components Applying SR methods
(OpenCV DNN SR, SRGAN) to LR images substantially
improved metrics like PSNR, SSIM, and MSE compared to
bicubic interpolation. Among the SR methods they tested, the
OpenCV DNN SR method often produced better PSNR /
SSIM than SRGAN or bicubic interpolation [50]. A
resolution-invariant face recognition method in uncontrolled
environments [51][52]. The result suggests that integrating
resolution-aware design (multi-scale feature extraction,
alignment losses) helps mitigate the drop in accuracy due to
resolution differences.

E. Datasets & Performance Measures

To perform analysis of models using low resolution
images requires different datasets. The table summarizes
different types of datasets used in Low resolution images. The
consistent performance measures used in analyzing the
performance of LRFR models are Accuracy, Recall,
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TABLE I. SUMMARY OF DATASET USED IN LOW RESOLUTION FACE EMOTION DETECTION

Dataset HR/LR

Number of images

Variations/Details

FDDB [54] HR

2845 images with a total of 5171
faces

gray-scale and color images;
Low-quality images containing occlusions, difficult poses,
and low-resolution and out-of-focus faces

Surveillance Cameras HR-+LR
Face Database
(SCface) ) [55]

4160 images from 130 subjects

the visible and infrared spectrum
contains nine different pose images suitable for head pose

Detection Dataset
(UFFD) [58]

UCCSFace [56] HR 6337 images pose, illumination, scale, expressions, occlusion

UTKFace [57] HR+LR 20k images pose, facial expression, illumination,occlusion, resolution
Face images with annotations of age, gender, and ethnicity.

Unconstrained Face HR+LR 6424 images Face detection with distractors like fog, blur,etc.

QMUL TinyFace [59] | LR

169,403 images from 5139 subjects

unconstrained low-resolution face images collected from
different web sources

QMUL-SurvFace [60] | LR

467,507 images from 15,573
subjects

unconstrained low-resolution face images
collected from surveillance cameras

CASIA-WebFace [61] | LR

Identities Collected from web

494,414 face images of 10,575 real

CASIA-WebFace is processed by face detection, face
landmarking, and alignment.

AgeDB HR 16, 488 images from 568 subjects Images captured under completely uncontrolled, real-world
conditions having different poses, containing noise, bearing
various expressions, containing occlusion, etc.

Images of actors/actresses, writers, scientists,
1)B-S HR+LR Over 3 M images from 202 Surveillance videos are collected at the Department of
subjects; Defense (DoD) training facility
350 surveillance videos spanning
30h
in total, 5, 656 enrollment images,
and
202 enrollment videos.

WiderFace HR 2203 images and label 393,703 Variability in scale, pose, and occlusion

faces

Labeled faces in the HR 13,000 images from 5749 subjects Collected from web

wild (LFW)

VGGFace HR 2.6 million face images of 2622 Images of celebrities, public figures, actors, and politicians

people

Chokepoint LR 48 video sequences and 64,204 face Variations in terms of illumination conditions pose,

images. sharpness, as well as misalignment
Captured from three different cameras
CalTech 10k HR 10,524 human faces from 7092 portrait images, groups of people
images The average image resolution is 304 x 312 pixels

Our Database of Faces | HR 400 images from 40 distinct each image is 92 x 112 pixels

(ORL) subjects images were taken at different times, varying the lighting,
facial expressions
Now called as AT&T dataset

MegaFace HR 4753,320 faces of 672,057 All the images are collected from Flickr (Yahoo’s dataset)

identities Now this dataset has been retracted and is not available for
from 3311,471 photos public use

Large-scale HR 202,599 faces of 10,177 identities Collected from web

CelebFaces 40 binary labels indicating facial attributes like hair color,

Attributes gender, and age.

(CelebA)

CMU Multi-PIE [1] HR

750,000 images of 337 people

Varying poses and illuminations by using a system of 15
cameras and 18 flashes

We

IV. CHALLENGES
summarize some challenges that affect the

performance of Low Resolution Face emotion Detection.

Dataset: The most important part of achieving better
performance of low resolution face emotion detection
is the requirement of a number of low resolution
databases. A few datasets of LR face images are
available. The other approach is to train the model on
HR dataset and map it to LR images but to make this
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approach work there is need of a strong resolution
algorithm [62].

Lack of discriminative information: major drawback
of low resolution images is absence of distinctive
features in images due to issues such as lighting
conditions, variations in pose, occlusion, and
blurriness.

Efficiency of LRFR: due to lack of databases, to
improve performance of LRFR addition of a super
resolution method becomes mandatory[63]. But now
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the performance of the SR method determines the
performance of LRFR.

Variety in dimensions of the face: major issues with
images captured by camera is the distance of face
from camera giving altogether different dimensions to
face based on camera position and distance[64]. The
degradation in performance is attributed to deviation
and distance.

Non-aligned faces: non alignment in faces is an issue
even in HR images ,but inLR images it becomes very
difficult impacting the performance.

V. CONCLUSION

LRFR has a wide variety of applications particularly in

areas like security. So a lot of research is going on to improve
the performance of LRFR. The paper gives detailed
methodology used in LRFR. It underscores the importance of
the super resolution method for mapping high resolution
images with low resolution images .Paper lists out different
methodologies, different datasets and challenges of LRFR
approach. The dataset mentioned can help researchers carry
out experimentation and check performance of their models.
Many solutions are proposed for LRFR but lack LR databases
are a major hindrance for researchers.
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