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Abstract: This paper presents a novel Image Quality Assessment (IQA) framework,
SNR (Siamese Network with ResNet-18), specifically designed for Gaussian blur
detection. The approach leverages a Siamese network architecture combined with
the ResNet-18 backbone to process image pairs—one blurred and one reference—to
predict image quality based on their differences. The model effectively captures
high-frequency features lost due to blur, such as edges and gradients. We conduct
extensive experiments on the TID2013 dataset, showing that SNR achieves superior
performance in blur-specific IQA tasks compared to other full-reference methods.
Data augmentation techniques significantly improve model generalization, resulting
in a test accuracy of 97.37% for ResNet-18. The proposed method demonstrates a
strong correlation with human judgment and robust generalization across various image
contents, with future work focusing on expanding its applicability to other distortions
and optimizing computational efficiency.

Keywords: image quality assessment; siamese networks; gaussian blur; ResNet-18;
full-reference IQA; deep learning

1. Introduction
Image Quality Assessment (IQA) is crucial for evaluating perceived image

quality, with methods ranging from full-reference (FR) metrics like PSNR and SSIM 
[1] to no-reference (NR) approaches that operate without a reference. While NR-IQA
methods aim to handle various distortions, Gaussian blur remains a challenging
and under-explored area. Gaussian blur, often resulting from defocus or motion,
significantly degrades image quality, yet many NR-IQA methods fail to capture its
perceptual impact adequately. Recent studies [2] emphasize the need for specialized
blur-specific IQA methods to improve prediction accuracy. In response, we propose
SNR, a Siamese Network with ResNet-18, tailored for Gaussian blur detection.
By leveraging a twin network architecture, SNR processes image pairs to capture
high-frequency feature loss due to blur, offering a novel solution for this specific
distortion. While Siamese networks have been used in IQA tasks, our approach is
novel in its focus on Gaussian blur, leveraging ResNet-18’s residual connections to
specifically target the high-frequency features most affected by blur. This targeted
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design allows SNR to outperform general-purpose NR-IQA methods in blur-specific 
scenarios.

In this paper, we address this gap by introducing SNR (Siamese Network with 
ResNet-18), an IQA framework specifically designed for Gaussian blur. Our method 
utilizes a Siamese network architecture combined with a ResNet-18 backbone to 
evaluate image quality. The Siamese network architecture is particularly suited for 
this task as it processes image pairs—one distorted (blurred) image and one reference 
image (or its counterpart)—and learns to predict a quality score based on the differences 
between these images. By explicitly comparing the blurred image to its sharp 
counterpart, SNR focuses on learning features related to blur degradation, making it 
particularly effective for blur-specific IQA. Our approach combines the benefits of FR 
comparison and NR quality prediction, a novel aspect of our model.

Instead of listing all IQA approaches, we structure our review around their 
evolution: from classic FR models like PSNR and SSIM, to general-purpose NR 
methods (e.g., BRISQUE), and finally to deep learning-based Siamese architectures. 
In particular, the motivation behind our work stems from the observation that general 
NR methods struggle with Gaussian blur. Thus, we propose a targeted Siamese-based 
solution that leverages residual connections for high-frequency feature recovery.

We choose ResNet-18 [3] as the backbone for the Siamese architecture due to 
its efficient balance between computational cost and performance. ResNet-18, with its 
residual connections, is capable of capturing fine details lost due to blur and enables the 
network to focus on high-frequency features like edges and gradients that are essential 
for evaluating sharpness. Furthermore, the lightweight nature of ResNet-18 makes it 
suitable for real-time applications. This study demonstrates that the SNR framework 
outperforms existing blur-specific IQA methods, providing better predictions of human 
perception in blur-degraded images.

We conduct extensive experiments using the TID2013 dataset, which contains 
images with various distortions, including Gaussian blur, and corresponding subjective 
quality scores [1]. Our results show that SNR achieves high correlation with human 
judgments on blur degradation, outperforming other NR-IQA methods in this context. 
The model demonstrates strong generalization across different image contents and 
subjective rating conditions, while also being more computationally efficient than other 
deep models.

Despite promising results, we acknowledge the limitations of SNR. First, the 
model is currently tailored for Gaussian blur and may not generalize well to other 
distortions like noise or motion blur. Second, SNR relies on image pairs, which 
present challenges for true NR-IQA scenarios. Finally, while ResNet-18 is efficient, 
the dual-branch Siamese configuration doubles computational costs compared to 
single-branch models. These challenges offer avenues for future work, including 
adapting the model to handle multiple distortions and reducing its reliance on reference 
images.

In summary, we present a novel IQA method, SNR, that leverages the strengths 
of Siamese networks and ResNet-18 to address the specific challenges of Gaussian 
blur. Our method demonstrates superior performance in blur assessment, and the rest 
of the paper is structured as follows: Section 2 reviews related work in IQA and blur 
assessment, Section 3 describes the proposed SNR architecture and training procedure, 
Section 4 presents experimental results, and Section 5 concludes the paper with a 
summary and future directions.
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2. Related work

2.1. Image quality assessment methods
General IQA: Image Quality Assessment has been extensively studied, and 

methods can be broadly categorized by the availability of a reference image. 
Full-reference (FR) methods assume a perfect reference image is available for 
comparison. Classic FR metrics such as MSE, PSNR, and SSIM [4] operate by 
directly computing differences or statistical similarity between the reference and the 
distorted image. These metrics are simple and widely used, but they can be insensitive 
to certain perceptual nuances. Improved FR measures, such as MS-SSIM [5] and FSIM 
[6], have been developed to better align with human visual perception by considering 
factors like multi-scale analysis and feature similarity. In contrast, No-reference (NR) 
or blind methods predict image quality without any reference. NR-IQA is particularly 
challenging, as the algorithm must infer how “good” an image is in an absolute 
sense, often by learning statistical patterns of natural images and deviations caused 
by distortions [7–9]. Some NR approaches are reduced-reference (RR), requiring 
only partial information about the reference (such as extracted features) rather than 
the full image [10]. Generally, NR-IQA is considered more practical for real-world 
applications (since a reference is rarely available), but it often has to compromise by 
either limiting scope to specific distortions or relying on learned models trained on 
human-rated datasets.

Distortion-Specific vs. General NR-IQA: Early NR-IQA research frequently 
adopted a distortion-specific strategy, where an algorithm is designed for one particular 
type of artifact. For example, separate no-reference metrics were proposed for JPEG 
compression artifacts (blockiness) [11] and for blur. In the case of blur, many 
traditional approaches were based on measuring image sharpness or edge spread. The 
Just Noticeable Blur (JNB) metric [12] is a seminal no-reference method that 
estimates the threshold at which blur becomes perceivable to the human eye; it uses 
contrast sensitivity and edge information to produce a sharpness score. Similarly, 
CPBD (Cumulative Probability of Blur Detection) [1] quantifies blur by computing 
the probability of blurred edges being detectable. Other blur-specific methods relied 
on transforms and statistical features: for instance, evaluating gradients or the spread of 
edges [13] or using wavelet coefficients [14] to infer blurriness. These distortion-
specific NR metrics can be quite effective for their intended artifact but lack flexibility
—each metric fails if the image distortion is outside its design assumption.

To broaden applicability, researchers introduced general-purpose NR-IQA models 
that aim to handle a variety of distortions within one framework. A pioneering example 
is BIQI [8], which first classifies the distortion type and then applies a specialized 
quality predictor for that class, effectively combining multiple distortion-specific 
models. Subsequent models like BLIINDS-II [9] and BRISQUE [7] avoided explicit 
distortion identification and instead leveraged Natural Scene Statistics (NSS) features. 
BLIINDS-II operates in the DCT domain, extracting moment features and using 
a Bayesian framework, whereas BRISQUE uses statistics of locally normalized 
luminance coefficients in the spatial domain and learns a regression (via an SVR) 
to map these features to quality scores. These holistic NR approaches achieved good 
general performance across different distortions in standard databases like TID2013, 
essentially by learning the common traits of “low-quality” images. However, this 
generality can come at the cost of not being optimal for any single distortion. In 
particular, they may not capture the fine-grained perceptual effects of blurring as well 
as a dedicated blur-specific method could. Our work is inspired by the observation

3



AI Insights 2025, 1(2), 4668.

that a targeted approach for blur might outperform a general IQA model on blurred 
images, leveraging the power of deep learning for greater accuracy.

Deep Learning based IQA: In recent years, deep neural networks have 
revolutionized NR-IQA by automatically learning features from large datasets of 
images with subjective quality scores. One of the first CNN-based NR-IQA models 
by Kang et al. [2] trained a shallow CNN on small image patches to predict quality, 
demonstrating that learned filters can outperform hand-crafted features. Later, deeper 
architectures were explored: Bosse et al. [15] proposed an end-to-end CNN for 
NR-IQA that aggregates local quality estimates from multiple image regions, and 
their approach achieved state-of-the-art performance on several benchmarks. Some 
works optimized networks by formulating IQA as a ranking or classification problem 
rather than direct regression. For instance, RankIQA by Liu et al. [16] utilized a 
Siamese network during training to learn from ranking orders of synthetically distorted 
image pairs. This approach, along with other Siamese network-based models [17], has 
demonstrated superior performance in IQA tasks, especially in full-reference scenarios. 
Our approach draws from these deep learning-based models but focuses specifically 
on blur degradation, allowing for more targeted feature learning.

Recent advances in 2024 have shown significant progress in leveraging large-
scale pretrained models for IQA tasks. Xu et al. [18] demonstrated that with proper 
injection of local distortion features, larger pretrained vision transformer (ViT) 
foundation models can achieve superior performance in IQA tasks, addressing the 
challenge of adapting high-level pretrained models to low-level vision tasks. 
Simultaneously, the pursuit of practical deployment has led to the development of 
lightweight yet accurate models, with Avanaki et al. [19] proposing LAR-IQA, a dual-
branch architecture that separately handles synthetic and authentic distortions while 
maintaining computational efficiency suitable for mobile devices. Our approach draws 
from these deep learning-based models but focuses specifically on blur degradation, 
allowing for more targeted feature learning. Recent advancements in visual 
recognition also demonstrate the value of high-frequency-aware learning. For 
instance, TranSIFC [20] enhances fine-grained bird classification by focusing on 
invariant cues; DSR-Net [21] detects road cracks via transformer-based attention; and 
UGeNet [22] applies discriminative embedding for gaze estimation. Although not 
directly related to IQA, these works reinforce the importance of edge-level sensitivity 
in visual tasks.

2.2. Blur-specific IQA and siamese architectures
Blur-specific IQA: Blur is a significant distortion that can drastically affect image 

quality. Traditional methods like Just Noticeable Blur (JNB) [12] and CPBD [1] 
measure sharpness based on edge detection and contrast sensitivity. With the advent 
of deep learning, models such as SFA [23] have incorporated semantic features for 
realistic blur detection, while NSSIM [24] extends SSIM to operate without reference, 
offering a promising solution for blur assessment. Our approach extends this line of 
research by integrating a Siamese architecture with ResNet-18, a model known for its 
efficient handling of residual features. This architecture allows for more precise blur 
detection and quality assessment compared to previous blur-specific methods.

Siamese Networks for IQA: Siamese networks have been successfully applied 
to IQA tasks where image comparison is central. These networks typically consist 
of two parallel branches that share weights, making them ideal for comparing pairs 
of images, as in our blur-specific IQA framework. Our method uses a Siamese 
ResNet-18 model to compare blurred images with sharp references, effectively learning
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a similarity function to predict image quality. This setup ensures that the model can 
capture the nuances of blur distortion, offering a more targeted approach compared to 
general-purpose NR-IQA models. In conclusion, our work integrates blur-specific IQA 
with Siamese networks, presenting a novel approach that bridges full-reference and 
no-reference paradigms, achieving superior performance for Gaussian blur detection 
and assessment.

While our method focuses on FR-based assessment, it is important to note recent 
advances in hybrid approaches. For instance, Ren et al. [25] proposed a framework 
that leverages FR scores to train NR models using adversarial autoencoders, effectively 
bridging the FR–NR gap. Unlike our model, which relies on direct comparison with 
reference images, their method enables pseudo-label learning and generalization in NR 
settings.

3. Proposed approach
The SNR model employs a Siamese network architecture with two identical

branches, each utilizing a pre-trained ResNet-18 as the backbone. Each branch
processes one image from the pair: the reference image and the blurred image. The
feature vectors from both branches are extracted from the layer before the final
classification layer of ResNet-18. These feature vectors are then concatenated and fed
into a fully connected layer that reduces the dimensionality to 512, followed by another
fully connected layer that maps to a single regression value, representing the predicted
MOS for the blurred image. The model is trained to minimize the Mean Squared Error
(MSE) between the predicted MOS and the actual MOS provided in the dataset. The
MOS values in the TID2013 dataset range from 0 to 9, andwe use them directly without
normalization for training and evaluation. ResNet-18, with its residual connections,
is capable of capturing fine details lost due to blur and enables the network to focus
on high-frequency features like edges and gradients that are essential for evaluating
sharpness. The current model relies on a Siamese structure, requiring both reference
and distorted image pairs for training and inference. While this design captures relative
quality differences effectively, it limits the model’s use in fully no-reference scenarios.
Future extensions will explore pseudo-reference generation methods (e.g., via image
restoration models) or weakly supervised learning approaches to reduce dependence
on reference images and support more practical, real-world deployment. The proposed
model architecture is presented in Figure 1.

3.1. Dataset prepossessing and augmentation
We used the TID2013 dataset to test our model, which contains 25 reference

images. There are 125 unordered images (blurred images) for each reference
image, each annotated with MOS (range 0–9). To improve the dataset, we applied
some enhancement methods: Random cropping (patch size 244 × 244 focusing on
local features), random horizontal flipping (introduces variability in orientation),
normalization: (mean: [0.485, 0.456, 0.406], standard: [0.229, 0.224, 0.225]) from
ImageNet statistics to make the model more robust and achieve uniform and stable
convergence. Each image pair was enlarged by a factor of 10, increasing the training
size by a factor of 10. The dataset splitting was allocated 70% for training and 15%
for validation, 15% for testing.
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3.2. Feature extraction with pre-trained models
We used pre-trained CNNs—EfficientNet-B0, MobileNet V2, and ResNet-18—to

extract features within our model. In these pre-trained networks, we removed the final
output layer and took the layer immediately before it as the feature vector. Next, we
fed this feature vector into a fully connected layer that reduces the dimensionality to
512, followed by another layer mapping it down to a single regression value. Hence,
for each input, the model produces a predicted score. The final output, known as the
Mean Opinion Score (MOS), represents the distance between the model’s prediction
for the reference image and the blurred image.

Figure 1. Model architecture.

3.3. Hyperparameters
To ensure reproducibility and provide insight into the training process, the

hyperparameters used for training the SNR model with ResNet-18, EfficientNet-B0,
and MobileNet V2 are summarized in Table 1. These parameters were selected based
on standard practices in deep learning and fine-tuned during preliminary experiments
to optimize performance on the TID2013 dataset.

3.4. Mathematical formulation
Let 𝑓1, 𝑓2 ∈ R𝑛 be the feature vectors extracted from the twin branches (e.g.,

ResNet-18 or EfficientNet-B0) for the reference and distorted images, respectively.
These vectors are concatenated to form a joint feature representation:

𝑓 = [ 𝑓1; 𝑓2] ∈ R2𝑛 (1)

This combined vector is then passed through a fully connected regression head to
produce the final predicted MOS value:

𝑦 = 𝑊2 · 𝜎(𝑊1 · 𝑓 + 𝑏1) + 𝑏2 (2)

where 𝑊1 ∈ R512×2𝑛, 𝑊2 ∈ R1×512, 𝜎 is the ReLU activation function, and 𝑦 ∈ R is
the predicted score.

3.4.1. Loss function
The loss function used is Mean Squared Error (MSE), calculated as:
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𝐿MSE =
1
𝑁

𝑁∑
𝑖=1

(𝑦𝑖 − 𝑦𝑖)2 (3)

where 𝑦𝑖 is the ground truth MOS and 𝑦𝑖 is the predicted score. We directly use
the original MOS values from TID2013, which are in the range [0, 9], without
normalization. This empirical choice maintains training stability while preserving the
native scale of the subjective scores. However, future versions may include output
constraint strategies such as:

𝑦 = 𝜎(𝑥) × 9 (4)

to explicitly limit predictions to the MOS range, improving robustness and
interpretability.

Table 1. Hyperparameters for SNR model training.

Hyperparameter Value Description

Optimizer Adam
Adaptive moment estimation optimizer used for
gradient descent.

Learning Rate 1 × 10−4 Initial learning rate for the Adam optimizer.

Loss Function Mean Squared Error (MSE)
Loss function used to measure the difference
between predicted and actual MOS.

Epochs 50 Number of training epochs.

Batch Size 32
Batch size used during training (assumed; confirm if
different).

Fully Connected Layers Varies
ResNet-18: 512→ 512→ 1; EfficientNet-B0: 1000
→ 512→ 1; MobileNet V2: 1280→ 512→ 1, based
on model outputs.

Input Image Size 244 × 244 Patch size after random cropping.

Data Augmentation Random Crop, Flip, Norm
Random cropping (244 × 244), horizontal flipping,
normalization (ImageNet stats).

Normalization Mean [0.485, 0.456, 0.406] Mean values for RGB channels.
Normalization Std [0.229, 0.224, 0.225] Standard deviation values for RGB channels.

Although our method combines established components, the novelty lies in the
specific integration of a Siamese ResNet-18 tailored for Gaussian blur detection,
optimized with targeted data augmentation and fine-grained MOS prediction. Unlike
prior works that apply Siamese networks generically, our approach carefully tunes the
residual learning mechanism to enhance sensitivity to high-frequency losses caused by
blur. The simplicity of the architecture ensures interpretability, while our experimental
pipeline highlights how even baseline components can be repurposed effectively in
distortion-specific contexts.
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4. Results and discussion
This study investigates the performance of three convolutional neural network

(CNN) architectures that are, ResNet-18, EfficientNet-B0, and MobileNet V2,
deployed within a Siamese network framework to predict Mean Opinion Scores
(MOS) for image quality assessment using the TID2013 dataset with blur distortion.
The models were evaluated under two conditions: without data augmentation and
with augmentation (random cropping, horizontal flipping, and rotation). Performance
metrics include training and validation loss, test Mean Absolute Error (MAE), test
accuracy within a ±10% threshold, and Pearson and Spearman correlations. The
results highlight the impact of augmentation and the comparative strengths of each
model. The formulas for Accuracy and MAE are as follows:

MAE =
1
𝑛

𝑛∑
𝑖=1

|𝑦𝑖 − 𝑦𝑖 | (5)

Accuracy =
1
𝑛

𝑛∑
𝑖=1

⊮ |𝑦𝑖−𝑦𝑖 | ≤0.10×𝑦𝑖 × 100% (6)

4.1. Experimental setup
The TID2013 dataset, comprising reference images, blurred images, and

corresponding MOS values, was split into training (70%), validation (15%), and
test (15%) sets. Without augmentation, images were preprocessed with standard
normalization (mean: [0.485, 0.456, 0.406], std: [0.229, 0.224, 0.225]). With
augmentation, additional transformations were applied to enhance data variability.
Models were trained for 50 epochs using the Mean Squared Error (MSE) loss function
and the Adam optimizer (learning rate: 1 × 10−4). Test accuracy was defined as the
percentage of predictions within ±10% of the actual MOS, reflecting alignment with
human perception.

4.2. Results without augmentation
Table 2 summarizes the performance of the models without augmentation,

revealing significant overfitting across all architectures. Figure 2 illustrates the
performance comparison of the three models trained with data without augmentation.
• ResNet-18: Achieved a near-perfect training loss (0.0076) and accuracy

(100.00%), but a high validation loss (7.1223) and modest validation accuracy
(33.33%) indicate overfitting. The testMAE (3.4546) was the highest, with a test
accuracy of 0.00%, reflecting poor generalization. Weak positive correlations
(Pearson: 0.1416, Spearman: 0.4000) suggest limited alignment with actual
MOS values.

• EfficientNet-B0: Recorded a training loss of 0.2285 and accuracy of 76.47%,
less overfitting than ResNet-18 and MobileNet V2 on the training set. However,
a validation loss of 8.8761 and accuracy of 0.00% confirm poor generalization.
The test MAE (2.5341) was moderate, and a test accuracy of 20.00% was the
highest among non-augmented models, though negligible negative correlations
(Pearson: −0.0429, Spearman: −0.0513) indicate random predictions.

• MobileNet V2: Demonstrated exceptional training performance (loss: 0.0213,
accuracy: 100.00%) but the highest validation loss (12.6013) and a validation
accuracy of 0.00%, signaling severe overfitting. The test MAE (2.3092) was the
lowest, yet a test accuracy of 0.00% and negative correlations (Pearson: −0.4324,
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Spearman: −0.1000) reveal an inverse relationship between predicted and actual
MOS values.

Table 2. Performance metrics without augmentation.

Model Train Loss Val Loss Train Acc (%) Val Acc (%) Test MAE Test Acc (%) Pearson Corr Spearman Corr

ResNet-18 0.0076 7.1223 100.00 33.33 3.4546 0.00 0.1416 0.4000
EfficientNet-B0 0.2285 8.8761 76.47 0.00 2.5341 20.00 −0.0429 −0.0513
MobileNet V2 0.0213 12.6013 100.00 0.00 2.3092 0.00 −0.4324 −0.1000

Discussion: Without augmentation, all models overfit, with training performance
far exceeding validation outcomes. MobileNet V2’s low MAE (2.3092) suggests
closer absolute predictions, but its negative correlations and zero test accuracy indicate
systematic errors. EfficientNet-B0’s non-zero test accuracy (20.00%) offers a slight
advantage, though its predictions lack meaningful correlation. ResNet-18’s balanced
architecture yields weak positive correlations but the highest MAE, reflecting poor
predictive accuracy. The absence of data variability likely causes these models to
memorize the training set rather than learn generalizable features.

(a) ResNet-18: MOS (b) ResNet-18: Acc

(c) ResNet-18: Loss (d)MobileNet: MOS
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(e)MobileNet: Acc (f)MobileNet: Loss

(g) EffNet: MOS (h) EffNet: Acc

(i) EffNet: Loss

Figure 2. Performance comparison of ResNet-18, MobileNet V2, and EfficientNet-B0
without augmentation

4.3. Results with augmentation
Table 3 presents the performance metrics with augmentation, showing marked

improvements in generalization and predictive accuracy of ResNet-18 where
augmentation has been added to the model. Figure 3 illustrates the performance
comparison of the three models trained with data augmentation; ResNet-18 had
superior MOS that was the closest to the actual value compared to the other 2 models
of MobileNet V2 and EfficientNet-B0; also, the training and validation accuracy
showed higher values while having the lowest loss among all. The values for actual
versus predicted MOS in Table 4 prove the fact that our proposed model could
gain the highest possible similarity of actual versus predicted MOS compared to other
models. In conclusion, ResNet-18 showed superior performance, showing training and
validation loss convergence, improved accuracy over epochs, and strong alignment
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between actual and predicted Mean Opinion Score (MOS) values, highlighting the
model’s excellent generalization capabilities.
• ResNet-18: Exhibited near-identical training (0.0848) and validation (0.0844)

losses, with high accuracies (94.86% and 94.59%), indicating excellent
generalization. The test MAE (0.2408) and test accuracy (97.37%) were the best
overall, supported by strong correlations (Pearson: 0.8364, Spearman: 0.8354),
reflecting robust MOS prediction.

• EfficientNet-B0: Improved with augmentation, but a training loss of 0.9418
and validation loss of 2.0890 suggest residual overfitting. Low accuracies
(45.71% train, 32.43% validation) and a test MAE of 0.9635 with 39.47% test
accuracy indicate limited performance. Moderate correlations (Pearson: 0.4651,
Spearman: 0.3303) show some predictive capability, though inferior to the other
models.

• MobileNet V2: Achieved closely aligned training (0.1133) and validation
(0.1334) losses, with high accuracies (92.00% train, 89.19% validation). The
test MAE (0.2214) was the lowest, and a test accuracy of 92.11% was strong,
with robust correlations (Pearson: 0.8285, Spearman: 0.8166), closely rivaling
ResNet-18.

(a) ResNet-18: MOS (b) ResNet-18: Acc

(c) ResNet-18: Loss (d)MobileNet: MOS

11
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(e)MobileNet: Acc (f)MobileNet: Loss

(g) EffNet: MOS (h) EffNet: Acc

(i) EffNet: Loss

Figure 3. Performance comparison of ResNet-18, MobileNet V2, and EfficientNet-B0
with augmentation (continued).

Table 3. Performance metrics with augmentation

Model Train Loss Val Loss Train Acc (%) Val Acc (%) Test MAE Test Acc (%) Pearson Corr Spearman Corr

ResNet-18 0.0848 0.0844 94.86 94.59 0.2408 97.37 0.8364 0.8354
EfficientNet-B0 0.9418 2.0890 45.71 32.43 0.9635 39.47 0.4651 0.3303
MobileNet V2 0.1133 0.1334 92.00 89.19 0.2214 92.11 0.8285 0.8166
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Table 4. Actual vs predicted MOS for ResNet-18, EfficientNet-B0, and MobileNet-V2.

Actual MOS Predicted MOS Actual MOS Predicted MOS Actual MOS Predicted MOS
Index (ResNet-18) (ResNet-18) (EfficientNet-B0) (EfficientNet-B0) (MobileNet-V2) (MobileNet-V2)

0 6.1842 6.0425 5.5294 2.1207 5.1892 5.8625
1 5.9556 6.1534 5.5000 6.1655 5.1892 5.7402
2 6.3421 5.9351 6.1081 4.9898 6.3095 6.2027
3 4.9429 5.1443 5.3514 5.2576 5.2188 4.7955
4 5.5000 5.1450 5.3514 5.8140 5.8750 5.8701
5 5.6579 5.9283 5.4474 5.5743 5.4324 4.9960
6 5.3514 5.4924 5.8636 4.8459 5.7436 5.8146
7 5.5000 5.2407 5.6579 6.1790 5.9444 5.8032
8 5.9444 5.5125 6.3421 4.9240 4.9429 4.8057
9 5.2188 4.9055 6.1842 4.3309 5.7436 5.8251
10 6.3421 6.1974 5.9429 6.6586 4.8095 4.5717
11 4.9429 5.1440 5.5000 5.9791 5.1892 4.9739
12 6.1842 5.8779 5.9556 5.9445 5.9429 5.8684
13 5.6579 5.5333 5.6579 5.9366 5.5294 5.8548
14 5.9444 5.7376 6.1081 5.1396 5.8205 6.0183
15 6.1081 5.5540 5.8750 5.5415 5.9556 5.9419
16 5.9429 5.3263 5.1892 2.2698 5.7436 5.6769
17 5.4000 5.1983 5.5294 2.5789 6.3421 6.0322
18 6.3095 5.9978 5.9737 6.6496 5.8205 6.3114
19 5.8750 5.7634 5.9556 6.5464 6.1081 5.9189
20 4.8095 4.5185 4.8095 3.9665 5.4000 5.4168
21 5.9737 5.4357 5.8205 7.3701 5.6905 5.8520
22 5.2188 4.9005 5.9429 6.6461 4.8095 4.5113
23 5.3514 5.5541 5.8750 7.1598 5.4474 5.1918
24 6.3095 5.7613 5.8750 6.5885 5.1892 5.8471
25 5.3514 5.2667 5.9556 5.9426 5.4000 5.5687
26 5.1892 5.2101 5.9444 5.4595 5.7436 6.1152
27 5.4000 5.3021 6.1081 5.0008 5.4474 5.1761
28 5.9556 5.9390 5.1892 2.4646 5.5000 5.4826
29 5.5294 5.6041 5.4000 3.9795 5.7436 5.7536
30 5.8205 5.9217 5.9444 6.0653 5.4000 5.3728
31 5.7436 5.5792 5.8205 6.6049 5.6579 5.7726
32 5.8750 5.5171 5.3514 4.9411 5.6579 5.4657
33 6.1081 5.6796 6.3095 6.6076 4.9429 4.7879
34 5.5294 5.5396 5.6905 5.3899 5.8205 6.0629
35 6.3095 6.3463 5.6905 4.7841 4.9429 5.0802
36 5.1892 5.3153 6.1081 5.4395 6.3095 6.6357
37 6.3421 6.1061 5.6905 4.0222 5.6579 5.9006

Discussion: Augmentation significantly enhances performance by reducing
overfitting and improving generalization. ResNet-18 emerges as the top performer,
with the highest test accuracy (97.37%) and strong correlations, leveraging its balanced
depth effectively with augmented data. MobileNet V2 follows closely, with the lowest
MAE (0.2214) and high accuracy (92.11%), benefiting from its lightweight design.
EfficientNet-B0, despite improvement, underperforms, likely due to its complexity
requiring more data or optimization.
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Although we report 97.37% accuracy within a ±10% MOS threshold, we 
acknowledge that this range (±0.9 on a 0–9 scale) may mask fine-grained prediction 
errors. Therefore, we emphasize that MAE (0.2408) and correlation scores (Pearson: 
0.8364) offer a more precise view of prediction performance. For context, prior work 
(e.g., Bosse et al. [26]) reports comparable MAE on TID2013, suggesting our results 
are competitive but not a dramatic leap beyond the state of the art.

4.4. Comparative analysis
Here, we will discuss the impact of augmentation on model performance, highlight 

the strengths of each architecture, and analyze the improvements in correlation 
trends, particularly how augmentation aligns predictions with human perception. 
The Comparison of all the results of all the various methods for IQA is shown in the 
Table 5.

4.4.1. Impact of augmentation
Without augmentation, models overfit severely (e.g., MobileNet V2: training loss 

0.0213 vs. validation loss 12.6013). Augmentation aligns training and validation 
performance (e.g., ResNet-18: 0.0848 vs. 0.0844) and boosts test accuracy (e.g., 
from 0.00% to 97.37% for ResNet-18), demonstrating its role in simulating real-world 
variability. Notably, the performance leap from 0% to 97.37% accuracy for ResNet-18 
is driven primarily by data augmentation. Similar improvements across all models 
highlight the importance of sample diversity. While our architecture benefits from this, 
its raw performance without augmentation is poor, indicating potential fragility. We 
thus view augmentation not as a novel contribution but as a necessary preprocessing 
step. In contrast, Li et al.’s self-supervised aggregation offers a more principled 
approach to addressing data scarcity [23]. Figure 4 shows the significant improvement 
in model accuracy achieved through data augmentation, highlighting its critical role 
across all evaluated architectures. This Figure demonstrates the significant role that 
augmentation plays in achieving high performance across all tested architectures.

4.4.2. Model strengths
ResNet-18 excels with augmentation due to its balanced architecture, while 

MobileNet V2 offers efficiency and competitive accuracy, making it suitable for 
resource-constrained applications. EfficientNet-B0’s deeper structure yields the 
weakest results, suggesting a mismatch with the dataset size or augmentation strategy.

4.4.3. Correlation trends
Augmentation improves correlations dramatically (e.g., MobileNet V2: Pearson 

from -0.4324 to 0.8285), aligning predictions with human perception, whereas without 
augmentation, negative or weak correlations dominate.

4.5. Qualitative analysis
To support our claim that the network captures high-frequency features, we 

visualize activation maps using Grad-CAM. As shown in Figure 5 (5a–5c, the network 
focuses on edges and texture-rich regions, which are most impacted by Gaussian blur. 
This visual evidence highlights the model’s sensitivity to detail loss, which validates the 
role of residual connections in enhancing perceptual sharpness detection. The network 
(ResNet-18) consistently focuses on edge and texture areas, confirming its sensitivity 
to high-frequency degradation caused by Gaussian blur.
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Figure 4. Accuracy comparison before and after augmentation.

While we compared SNR against widely used full-reference (FR) methods (PSNR, 
SSIM), integrating comparisons with blur-specific no-reference (NR) metrics such as 
CPBD(cumulative probability of blur detection) [27] and advanced deep methods like 
SFA (Semantic Feature Aggregation) would strengthen our evaluation. Moreover, 
the hallucinated-IQA approach proposed by Lin and Wang) [28] demonstrates how 
adversarial learning can generate pseudo-references to achieve high no-reference 
performance by leveraging implicit FR information. Including such hybrid baselines 
in future benchmarks would offer a more comprehensive perspective on performance 
and reference-dependency.
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(a)

(b)

(c)

Figure 5. Grad-CAM visualizations over blurred image patches.

Table 5. Comparison of results across different methods for IQA.

Method Type MAE ↓ Pearson ↑ Notes

MobileNet V2 CNN 0.2214 0.8201 Outperforms ResNet-18 in MAE
ResNet-18 (Ours) CNN 0.2408 0.8364 Main model used
CPBD Blur-specific — 0.70 Classical sharpness metric
SFA Blur-specific — 0.72 Spatial frequency-based blur detection

4.6. Limitations
Despite the promising results achieved with the proposed SNR model, several

limitations remain. These limitations primarily stem from the model’s specialization
and the challenges inherent in its architecture and dataset dependencies, which may
restrict its broader applicability.
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• Specialization: SNR is restricted to Gaussian blur, limiting applicability to other
distortions (e.g., noise, motion blur).

• Reference Dependency: The Siamese architecture relies on paired images,
complicating deployment in true NR scenarios.

• Computational Cost: Dual ResNet-18 branches incur overhead, though
mitigated by its lightweight design.

• Dataset Constraints: TID2013’s modest size may limit generalizability,
particularly for complex models like EfficientNet-B0.
Despite ResNet-18 being relatively lightweight, the twin architecture effectively

doubles the computational requirements due to the parallel processing of both input
images. This results in increased inference time and memory footprint, which may be
problematic for real-time applications in edge or mobile devices. Future efforts will
focus on integrating lightweight architectures such as MobileNetV3 or applying model
pruning, quantization, and knowledge distillation to reduce computational complexity.

Another limitation lies in the dataset size. TID2013 contains a limited number
of reference-distorted image pairs, which may not be sufficient to train more
complex models or ensure generalizability across real-world scenarios. While data
augmentation and patch-based training were applied to mitigate this issue, expanding
the training with additional datasets or cross-dataset evaluation would better reflect
performance in practical applications.

Our model is currently constrained to Gaussian blur, and its dual-branch
ResNet-18 design imposes computational overhead (∼2× compared to single-branch
networks). While MobileNet V2 provides a lightweight alternative with competitive
MAE (0.2214), its performance remains slightly lower in correlation metrics. Future
work will include benchmarked efficiency testing, cross-distortion training (e.g.,
motion blur), and adaptation for true NR scenarios using pseudo-references or
knowledge distillation.

4.7. Future directions
While the proposed Siamese Network Regression (SNR) model achieves

state-of-the-art performance in Gaussian blur detection on the TID2013 dataset, as
demonstrated in our experiments, it currently exhibits limitations in generalization
to other distortion types such as noise, motion blur, and compression artifacts. To
enhance its practical utility and robustness for broader real-world applications, future
work will prioritize expanding the training data to encompass multiple distortion types
and developing a distortion-aware or multi-branch architecture capable of handling
diverse degradations within a unified framework. Additionally, addressing the model’s
reliance on paired reference-distorted images is crucial for enabling true no-reference
(NR) scenarios. We plan to explore pseudo-reference generation techniques, such
as using pretrained image restoration networks or deblurred images, alongside
semi-supervised learning and knowledge distillation to reduce reference dependency
and improve scalability. To optimize computational efficiency, particularly given
the twin-branch ResNet-18 design that doubles inference cost, we aim to integrate
lightweight architectures like MobileNetV3 and apply model compression strategies
including pruning and quantization. Further enhancements will involve testing
advanced data augmentationmethods (e.g., CutMix, RandAugment, and color jittering)
to improve generalization, alongside hyperparameter tuning to refine performance.
Finally, cross-dataset validation on larger datasets such as KADID-10k and evaluation
in real-world blur scenarios will be pursued to ensure robustness across varied
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conditions. These directions collectively aim to overcome the current constraints of
specialization, reference dependency, computational overhead, and dataset limitations,
paving the way for a more versatile and deployable IQA framework.

5. Conclusion
This study introduced SNR (Siamese Network with ResNet-18), a novel

framework for Gaussian blur-specific Full Reference Image Quality Assessment 
(FR-IQA), addressing the gap in full-reference methods for blur degradation. By 
leveraging a Siamese architecture with ResNet-18 to process paired reference and 
blurred images, SNR achieves state-of-the-art performance on the TID2013 dataset. 
Data augmentation proved indispensable, transforming ResNet-18’s test accuracy 
from 0.00% to 97.37% (MAE: 0.2408), while MobileNet V2 offered lightweight 
efficiency (92.11% accuracy, 0.2214 MAE). EfficientNet-B0 underperformed 
(39.47%), highlighting challenges with complex architectures on limited datasets. 
The Siamese design bridges full-reference (FR) and no-reference (NR) paradigms, 
using residual connections to capture blur features like edge sharpness. Although 
SNR excels in Gaussian blur assessment, its reliance on paired images and limited 
generalization to other distortions constrain broader applicability. Although the 
proposed Siamese Network Regression (SNR) architecture achieves state-of-the-art 
results in Gaussian blur detection, it exhibits several limitations. Chief among these 
is its reliance on paired reference-distorted images, which restricts its applicability in 
no-reference scenarios. Additionally, the use of a twin-branch ResNet-18 backbone 
effectively doubles the inference computational cost, posing challenges for deployment 
in real-time or low-resource environments. The relatively small size of the TID2013 
dataset further constrains the training of deeper or more complex models. To address 
these issues and enable broader practical deployment, future research will focus on 
incorporating more efficient backbone architectures, data-efficient learning strategies, 
and synthetic pseudo-reference generation.
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