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Abstract - An efficient convolutional neural network
(CNN)-based approach to blind image quality assessment
(BIQA) for real-world distorted images is proposed,
optimized for real-time execution on mobile devices. The
framework is learned on the Challenge DB dataset to
estimate perceptual quality scores without reference
images. Inclusion of global average pooling in the
architecture reduces computational overhead with
predictive accuracy. The trained model is also converted
into TensorFlow Lite (TFLite) and added to an Android app
that can perform on-device quality prediction. The system is
tested on the Challenge DB dataset based on MOS vs
predicted quality score correlation. Experimental results
have strong correspondence with human vision, reaching a
Spearman’s Rank Order Correlation Coefficient (SROCC) of
0.83, a Pearson Linear Correlation Coefficient (PLCC) of
0.86, and a Mean Squared Error (MSE) of 0.021. With model
size as low as 0.39 MB, the system is properly adapted to
resource-limited environments and real-time applications.
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1.INTRODUCTION

Blind Image Quality Assessment (BIQA) has become an
important research area in recent years because of the
explosive growth in multimedia content taken and
distributed on mobile platforms. Conventional Image
Quality Assessment (IQA) methods were based on
reference images, which in real-world situations are
usually not available [1], [8]. BIQA sidesteps the
requirement for reference images by learning to estimate
perceived quality directly from distorted images.

Recent research on deep learning has greatly enhanced
BIQA performance by employing convolutional neural
networks (CNNs), transformers, and attention-based
designs [5], [11], [13]. These approaches have facilitated
more effective modeling of hard-to-characterize
distortions like blur, noise, compression artifacts, and low-
light environments. Yet, efficiently integrating these
models into resource-limited platforms like smartphones
is still a problem.

Here, a light CNN-based BIQA model implemented on an
android app with TensorFlow Lite (TFLite). The system

has real-time perceptual quality score prediction and
incorporates a backend for computation of optional
traditional no-reference metrics like BRISQUE, NIQE, and
PIQE [9], [12]. The predictions are compared to Mean
Opinion Scores (MOS) of the Challenge DB dataset [2], [6],
which shows high correlation with human judgements at a
low computational cost suitable for deployment on mobile
platforms.

1.1 Overview of Proposed BIQA System

The explosive development of mobile imaging
technologies has resulted in the growing need for accurate
and real-time quality assessment tools [3], [5]. Previous
BIQA models, although precise, are computationally
expensive and not ideal for real-time use on smartphones.
To fill this gap, the system to be proposed uses a quantized
and optimized lightweight CNN model that can be used for
TFLite deployment [4], [14].The Android application that
has been developed offers an easy-to-use interface that
enables users to capture images in real-time or choose
images from the device gallery. The application predicts
perceptual quality in real-time and, when integrated with
a backend, retrieves other quality metrics such as
BRISQUE, NIQE, and PIQE to perform comparative analysis
[12], [20]. This two-layered system design makes the tool
efficient, scalable, and easy to use, making it a good choice
for tasks such as photography improvement, visual
content analysis, and automated low-quality image
filtering.

1.2 Literature Review

Initial BIQA work concerned manual statistical features
derived from natural scene statistics (NSS). Sadiq et al.
[19] employed stationary wavelet transform-based NSS
for quality prediction but were not robust in difficult real-
world situations. The advent of deep learning has seen
various models enhance the accuracy and generalization
of BIQA. Yang et al. [10] improved feature representation
with data-driven transforms, whereas Song et al. [9]
introduced iterative training for realistic distortions.
Graph-based models such as GraphlQA [15], [18]
introduced graph-structured feature representations that
enhanced distortion-specific sensitivity.
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There was recent attempts to incorporate transformer-
based and attention-based processes for feature
aggregation and context-aware quality prediction. Zhang
et al. [13] showed the capability of transformers in feature
fusion, and Wang et al. [11], [20] utilized adaptive graph
attention for spatially aware quality estimation. Pre-
training techniques, including those by Zhao et al. [5], have
evidenced that pre-training with awareness of quality
improves performance on various datasets. The
availability of large-scale genuine datasets like BIQ2021
[8] spurred the creation of more general and stable
models that support precise prediction on various types of
images and distortion levels. Models such as MAMIQA [14]
coupled multiscale attention with NSS priors for high
performance without compromising efficiency.

Vision-language models are the current innovation in this
area. Zhang et al. [21] proposed a multi-task learning
framework by utilizing vision-language correspondence
for making semantically informed BIQA predictions.
Likewise, Zhu et al. [6] highlighted effectiveness measures
for assessing reliability in BIQA models in addition to
conventional correlation values. Based on these
developments, our approach utilizes a lean CNN
architecture that is specifically optimized for on-device
inference to achieve low latency with high correlation
with human judgment, especially in in-the-wild settings.
Our design takes cues from the principles of scalability [1],
efficient deployment strategies [4], and standard
evaluation protocols [2], [6], [11] to make the system
accurate and yet feasible for real mobile use.

2. METHODOLOGY
2.1 Existing Methodology

Blind Image Quality Assessment (BIQA) has gained a lot of
interest in recent years with its capability to assess image
quality based on the image itself. Conventional BIQA
techniques usually cannot generalize well to various real-
world distortions as they are trained with synthetically
distorted data. This is overcome by proposing a Bilateral
Network-based BIQA with iterative training, which is
aimed at improving the generalization power of the model
in natural, unconstrained situations. The technique is
based on a two-stage training protocol along with a
bilateral network architecture that works on both original
and selectively strengthened images.

The current bilateral network utilizes a dual-branch
architecture that handles both the original distorted image
and its selectively improved version in two parallel
backbones. This architecture allows for the derivation of
complementary quality-aware features, which are then
integrated to produce improved quality predictions.
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Fig -1: Bilateral network architecture [9]

Training is performed in two steps: in the first step, both
branches are jointly trained to acquire shared
representations, and in the second step, the first branch is
frozen and only the second branch is fine-tuned to further
cope with images having complex or extreme distortions.

This repeated training improves robustness and
guarantees enhanced generalization over diverse types of
distortions. Yet, although effective, the method is
computationally expensive and not as ideal for real-time or
mobile-platform applications. Thus, the work suggested in
this paper aims to create a lightweight CNN model that is
optimized for speed and efficiency while achieving
competitive prediction accuracy to ensure smooth
deployment on resource-limited platforms.

2.2 Proposed Methodology

To overcome the limitations of existing BIQA models in
real-world scenarios, we propose a lightweight CNN-
based architecture optimized for fast inference, low
computational complexity, and mobile deployment using
TensorFlow Lite (TFLite). The design ensures that the
model is compact yet effective for blind image quality
assessment on resource-constrained platforms.
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Fig -2: BIQA Tensorflow Model

A. Overview of the Proposed Architecture

The suggested architecture creates a continuous quality
score by processing a natural image through a series of
effective layers. The process starts with a Conv2D layer
that extracts low-level spatial information such edges,
textures, and structural distortions, as seen in Figure 2:

f = Conv2D(I)
(1)

Next, a Max Pooling layer is applied to reduce the spatial
dimensions and retain the most dominant features:

foool = MaxPool(f)
(2)

To further condense the feature representation while
preserving key information, a Global Average Pooling
(GAP) layer is applied:

. H W ((F))
fgap = WZ Z}_:lfpool
3) i

Finally, the pooled features are passed through a single
regression neuron to generate a scalar output
representing the predicted image quality score:

S=W - feptb
(4)
Figure 2 illustrates the architecture flow from input image

to the predicted regression score, highlighting its
deployability via TensorFlow Lite.

B. Model Training and Optimization

The model is trained to minimize the Mean Squared Error
(MSE) loss between the predicted quality score s;and the
ground truth quality score y;:

1 oN
Lysg = I Zizl(si - y)?
(5)

The predicted scores will always be in close agreement
with the ground truth's representation of the perceptual
quality thanks to this loss function. The number of
parameters is greatly decreased by the lack of fully
connected layers, guaranteeing quicker convergence and
effective training while maintaining prediction accuracy.

C. Workflow for Deployment

The trained BIQA model takes a pipeline of structured
conversions to facilitate real-time deployment on Android.
The model is trained initially with MATLAB's Deep Neural
Network (DNN) toolbox. In order to make the model
compatible with mobile deployment platforms, the model
first exported to the ONNX (Open Neural Network
Exchange) format is used as a liaison between MATLAB
and TensorFlow.

trained through conversion conversion
maﬂab onnx-> tensorflow tensorflow-> tflite
using DNN
toolbox \l/
tflight file
ready to
deploy to app
(Android
studio)

Fig -3: Model conversion workflow from MATLAB to
TFLite for Android deployment.

Secondly, the ONNX model is translated to TensorFlow,
with a subsequent second step of converting from
TensorFlow into TensorFlow Lite (TFLite). The final
product is a .tflite file — an efficient, optimized model
format for deployment at the edge. This TFLite model is
thereafter incorporated into an Android app via Android
Studio, enabling efficient, low-latency image quality
evaluation directly on handheld devices.

D. On-Device Inference Workflow

The on-device inference workflow eliminates the need for
a Python backend, ensuring low-latency and offline
functionality. As shown in Figure 4, the workflow proceeds
as follows:
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Fig -4: TFLite and traditional metric computation.

In this case, the user picks or captures an image from the
Android app interface using an onboard image picker. The
picked image is then analyzed directly by the onboard
TFLite CNN model on the smartphone. The model
produces a predicted quality score in real time, offering
instant feedback without requiring network access or
server-based computation. This end-to-end, all-on-device
pipeline facilitates quick, efficient, and robust blind image
quality assessment and is extremely well-suited for
resource-limited platforms like smartphones and
embedded systems.

3. SIMULATION RESULTS AND ANALYSIS

The new BIQA model was trained on the Challenge DB
dataset for predicting image quality scores without access
to any reference images.

Traing Progress 17402925 1803:55)

e, e e e

Fig -5: Training setup for the proposed BIQA model using
Challenge DB dataset.

The training was performed for 20 epochs and 580
iterations with a fixed learning rate of 0.001. Training was
performed on a single CPU, hence it is light in resource
usage and deployable on lightweight devices. The whole
process took around 47 minutes, which proves the
computationally simple nature of the model. A validation
check was run every 50 iterations to observe trends in
performance. Loss and Root Mean Square Error
(RMSE) metrics both exhibited smooth convergence, which
meant that the model learned well and reliably throughout

training. The final validation RMSE was at 58.98, and loss
was near zero, both on training and validation data —
verifying good generalization and little overfitting.

This strong performance indicates the ability of the model
to deal with mixed distortions found in natural images.
The ground truth is indicated by the Mean Opinion Score
(MOS), which is computed from subjective human ratings
of image quality. Multiple human subjects rate each image
in the dataset, and their individual scores are averaged to
calculate the MOS.
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Fig -6: model aligns with human-rated MOS

This offers a trustworthy starting point that represents the
human eye's assessment of perceived visual quality. The
suggested CNN model gains the ability to forecast picture
quality scores that are close to these MOS values during
training. The MOS serves as the only supervisory signal
without a reference (original) image, directing the model
to match its predictions with human sight. Even in the
absence of explicit reference data, the model successfully
captures perceptual quality aspects, as evidenced by the
significant connection between projected scores actual
MOS.

4. RESULTS

The proposed BIQA system includes a real-time Android
application that predicts perceptual quality scores using
the deployed TFLite model. The results are validated
against MOS scores from the Challenge DB dataset to
demonstrate correlation with human perception. The
experimental assessment indicated that the predicted
quality scores closely tracked the MOS values of the
ChallengeDB dataset, with high PLCC and SROCC values.
The model always gave higher ratings to clear and sharp
images while blurred images due to blur, noise, or
insufficient lighting received lower ratings. All these
findings confirm the effectiveness of the proposed system
for real-world application.
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Prediction: 70.381386 Prediction: 70.41287
Image B
Image A M
Vivo

Fig -7:Android app implementation

The Android application provides an easy-to-use interface
for real-time BIQA based on the TFLite model. The user
can either take or pick an image, and the on-device model
immediately predicts a quality score (0-100), with greater
values representing good quality. Vivo, MI, and Samsung
S24 images received around 70.3-70.4 scores, displaying
good visual quality. Real-time predictions match well with
ChallengeDB MOS scores.

Table -1 Comparison Table

i. Existing dataset results
BIQA Method Cs1 LIVEC KADID-IK ~ KonlQ-10K  Model Size
SROCC PLCC SROCC PLCC SROCC PLCC SROCC PLCC  (MB)
NIQE [14] 0627 0712 0455 0483 0314 0428 0531 0538
BRISQUE(13] 0746 0829 0608 0629 058 0567 0665 0681

Prediction: 70.42761

Image C
Samsung
s24

Fig -8: Existing Results [9]
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Challenge db(output)

SROCC PLCC
new model  0.84 0.89
new model  0.87 0.91
il. Proposed trained dataset results

The assessment was conducted on the ChallengeDB
database, in which the estimated quality scores of the
suggested CNN-based BIQA model were compared with
human-rated Mean Opinion Scores (MOS) as ground truth.
The model produced PLCC scores of 0.91 and 0.89, and
SROCC scores of 0.87 and 0.84 on various subsets,
demonstrating a high correlation with human-evaluated
image quality. The outcomes validate that the suggested
model competently represents perceptual quality and is
apt for real-time operation on mobile platforms.

5. CONCLUSIONS

A light-weight real-time Blind Image Quality Assessment
(BIQA) system was implemented and deployed on Android
based on a TensorFlow Lite-based CNN model. The model,
trained on the Challenge DB dataset, performed robustly
with SROCC of 0.83, PLCC of 0.86, and MSE of 0.021,
indicating high correlation with human judgment. The
system supports on-device quality evaluation without
using reference images, making it suitable for mobile use.
The model was tested against Challenge DB MOS scores
and correlated well with human judgment.

Potential future developments might involve classifying
distortion types, the incorporation of video quality
assessment (VQA), and training on larger and more
heterogeneous datasets for increased generalization.
Integration into the cloud to enable high-resolution
processing and user feedback loops can further enhance
flexibility and individualization of the system.
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