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Abstract

Blind image deblurring, where the blur type is unknown, remains a significant challenge. State-of-the-art models often employ large, monolithic
networks that are computationally expensive. To address this, we propose TikhoFormer, a novel two-stage framework that first identifies the
blur type and then applies a specialized deblurring network. The first stage is a highly efficient classifier operating on a compact set of 10 dis-
criminative, hand-engineered features designed to capture blur characteristics. This classifier, trained with Focal Loss and advanced scheduling,
achieves 92.5% accuracy and a 0.98 ROC AUC. The second stage deploys one of two lightweight a hybrid CNN-Transformer architecture featuring
a U-Net-style encoder-decoder, a Transformer bottleneck for global context, and a dedicated edge-refinement module. Each specialized network
is optimized for a single blur type using a composite sharpness-oriented loss. Our complete pipeline, with a total deployable size of only 1.33M
parameters, achieves a max PSNR of 27.7 dB and an excellent SSIM of 0.98. This work provides a detailed architectural breakdown and training
methodology for both the feature-based classifier and the deblurring network, presenting a complete blueprint for an efficient, expert-guided

deblurring system.
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1. Introduction

Image blur is one of the most common and detrimental dis-
tortions affecting the visual quality of digital images. It can be
caused by camera shake, subject motion, or incorrect focus set-
tings, and typically manifests as either Gaussian blur characterized
by smooth radial spreading or Box blur, which results from uni-
form averaging over pixels. These blur types have distinct spatial
and frequency characteristics, yet most state-of-the-art deblurring
models attempt to solve the problem in a blur-agnostic, one-size-
fits-all manner.

Recent deep learning-based methods such as MPRNet [1] and
Restormer [2] have demonstrated strong performance in blind
deblurring [3] by leveraging large-scale encoder-decoder archi-
tectures and attention mechanisms. However, their lack of ex-
plicit blur-type awareness limits their potential in scenarios where
lightweight and task-specific solutions are required.

In this work, we propose TikhoFormer, a two-stage deep
learning framework designed to perform blur-type classification
followed by targeted deblurring. The first stage consists of a
handcrafted feature-based classification network that identifies
whether an image is blurred using a Gaussian or Box filter. Once
classified, the second stage invokes a deblurring network opti-
mized for that specific blur type. This second stage features a com-
pact encoder-decoder structure with a Transformer bottleneck, al-
lowing it to capture long-range dependencies in the latent space
while maintaining computational efficiency.

Our motivation stems from the growing need for resource-
efficient Al solutions in emerging regions like Nepal, where high-
end GPU infrastructure may be limited. TikhoFormer is designed
to be lightweight with under 2 million parameters combined mak-
ing it well-suited for deployment in constrained environments,

such as mobile devices, edge processors, or institutional research
labs.

We evaluate our framework on a modified version of the
Flickr30k dataset, synthetically blurred with random kernel sizes
of 3x3, 5x5, and 7x7 for both Gaussian and Box blur types. Ex-
perimental results show that TikhoFormer achieves high classifi-
cation accuracy (F1 score of 0.926) and competitive restoration
quality in terms of PSNR and SSIM, while significantly reducing
the model size compared to existing literature. This paper details
the design choices, training process, and performance evaluation
of both stages of TikhoFormer and provides comparative analysis
with leading models.

1.1. Background

Image blur is a common visual distortion that negatively impacts
the quality and interpretability of digital images. It typically arises
due to motion, defocus, or atmospheric disturbances during image
acquisition. Blur removal, also known as deblurring, is an impor-
tant preprocessing step in various computer vision applications, as
it enhances the overall sharpness and detail of visual content.

Research in image restoration has led to the development of sev-
eral learning-based methods, particularly using convolutional neu-
ral networks (CNNs), which are capable of modeling complex im-
age degradations. These methods have shown significant success
inblind image deblurring, where the type of blur is unknown. How-
ever, such approaches often treat all blur types as a single class of
distortion, which can limit the effectiveness of restoration, espe-
cially when the characteristics of different blur types vary signifi-
cantly.

To address this, recent efforts have explored more tailored so-
lutions that consider the specific nature of the blur. By incorpo-
rating prior knowledge—such as distinguishing between Gaussian
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and Box blur—restoration pipelines can become more focused and
effective. These developments highlight the value of separating
blur classification from the deblurring process to improve restora-
tion accuracy and structural consistency.

1.2. Problem Statement

Image blur is a common visual distortion that negatively impacts
the quality and interpretability of digital images. It typically arises
due to motion, defocus, or atmospheric disturbances during image
acquisition. Blur removal, also known as deblurring, is an impor-
tant preprocessing step in various computer vision applications, as
it enhances the overall sharpness and detail of visual content.

Research in image restoration has led to the development of sev-
eral learning-based methods, particularly using convolutional neu-
ral networks (CNNs), which are capable of modeling complex im-
age degradations. These methods have shown significant success
inblind image deblurring, where the type of blur is unknown. How-
ever, such approaches often treat all blur types as a single class of
distortion, which can limit the effectiveness of restoration, espe-
cially when the characteristics of different blur types vary signifi-
cantly.

To address this, recent efforts have explored more tailored so-
lutions that consider the specific nature of the blur. By incorpo-
rating prior knowledge—such as distinguishing between Gaussian
and Box blur—restoration pipelines can become more focused and
effective. These developments highlight the value of separating
blur classification from the deblurring process to improve restora-
tion accuracy and structural consistency.

2. Related Works

The field of image deblurring has evolved significantly with
the emergence of deep learning techniques. This section dis-
cusses major contributions across five domains that have influ-
enced the design of TikhoFormer: deep learning for image de-
blurring, feature-based image analysis, transformer-based archi-
tectures, lightweight restoration networks, and modular expert
systems.

2.1. Deep Learning for Image Deblurring

Image deblurring is a foundational problem in low-level com-
puter vision, aiming to reconstruct a clear image from its blurred
counterpart. Early deep learning models such as DeblurGAN [3]
and SRN [4] demonstrated the potential of end-to-end learning for
this task, often utilizing adversarial training or multi-stage refine-
ment. However, these models were constrained by high computa-
tional costs and limited generalizability across blur types.

Subsequent developments focused on U-Net-like architectures
and multi-scale processing. For instance, MIMO-UNet+ [5] incorpo-
rates progressive refinement and multi-input/multi-output design
to improve blur removal performance. These designs exploit hier-
archical feature integration while remaining moderately efficient.

The susceptibility of downstream tasks to motion blur has also
driven the development of task-aware deblurring networks. As a
result, research has increasingly turned toward more specialized
and scalable architectures that target specific blur characteristics.

2.2. Feature-Based Image Analysis

Prior to the dominance of deep learning, image analysis heavily
relied on handcrafted features. Descriptors such as the Histogram
of Oriented Gradients (HOG), Laplacian variance, and Fourier-
based frequency metrics were commonly used for quality assess-
ment [6], object detection [7], and blur identification.

These methods offer several advantages, including computa-
tional efficiency, better interpretability, and robustness under spe-
cific conditions. Particularly for tasks like blur-type classification—
where the problem space is well constrained—such features can
match or even outperform complex models. TikhoFormer lever-
ages this principle in its classification stage, using a set of ten engi-
neered features to enable accurate and efficient blur-type predic-
tion.

2.3. Transformer-Based Image Restoration

Inspired by the Vision Transformer (ViT) architecture [8] and
the success of attention-based models like Transformers first in-
troduced in “Attention Is All You Need,”[4] transformer-based ar-
chitectures have gained prominence in image restoration. No-
table works such as Uformer [9]and Restormer [2] integrate self-
attention mechanisms to model global context, achieving state-of-
the-art results on several image enhancement tasks.

Hybrid designs that combine convolutional layers with trans-
former bottlenecks have shown promising results by balancing lo-
cal and global feature modeling [10]. These models benefit from
the precision of CNNs in extracting spatial features and the con-
textual awareness of transformers. However, their substantial pa-
rameter counts—e.g., 51.7M for Uformer and 26.1M for Restormer—
limit their deployment in real-world applications requiring com-
pactness.

2.4. Efficient and Lightweight Restoration Networks

Given the deployment challenges of large transformer-based
models, research has increasingly shifted toward lightweight al-
ternatives. Approaches such as BCRN and NAFNet [11] emphasize
architectural simplicity while preserving restoration performance.
NAFNet, in particular, introduces efficient gating mechanisms and
simplified attention, reducing complexity without sacrificing accu-
racy.

Other models like CSNet explore frequency domain modulation
to enhance detail restoration with minimal computation. These
efforts underline the growing emphasis on balancing performance
and efficiency—particularly relevant to our work, which aims to
minimize parameter counts without compromising image quality.

2.5. Expert Systems and Two-Stage Approaches

Modular, multi-stage pipelines have re-emerged as a viable alter-
native to monolithic networks. In expert systems, different models
are trained to specialize in particular types of degradation, thereby
improving overall accuracy and efficiency.

In image restoration, where balancing fine-grained spatial de-
tails and global context is critical, such specialization offers tan-
gible benefits. By first classifying the type of blur and then ap-
plying a dedicated deblurring model, TikhoFormer embodies this
expert system philosophy. This approach aligns with the divide-
and-conquer principle, allowing for simplified subproblems and
tailored optimization strategies.

2.6. Recent Advances and Benchmarking

Recent research in image restoration continues to be shaped by
standardized benchmarks such as those from the NTIRE workshop
series. These competitions have promoted reproducibility and ob-
jective evaluation across tasks such as deblurring, deraining, and
denoising.

Efforts like X-Restormer represent the ongoing evolution of
general-purpose restoration architectures. However, real-world
image degradation often arises from diverse sources such as sensor
noise, motion, and atmospheric artifacts. Addressing these with a
single universal model may not be optimal.
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Our work builds upon this understanding by proposing a
classification-guided, lightweight two-stage framework. By com-
bining efficient blur-type identification with transformer-based
deblurring specialists, TikhoFormer offers a practical solution for
high-quality image restoration under computational constraints.

3. Proposed Method

Our proposed method, TikhoFormer, is a sequential pipeline
designed to provide specialized deblurring by first classifying the
type of blur present in the image and then applying a dedicated
expert deblurring model. The two stages—blur classification and
conditional restoration—are described in detail below.

3.1. Stage 1: Feature-Based Blur Classification

The first stage is a lightweight classifier designed to distinguish
between Gaussian and Box blur. Instead of operating on raw pixel
data using deep CNNs, which can be computationally expensive,
this approach uses handcrafted features to reduce computational
load while preserving discriminative power.

3.1.1. Feature Engineering

A 10-dimensional feature vector is extracted from each blurred
image to capture key statistical differences between Gaussian and
Box blur:

¢ Laplacian Features: These include laplacian_var, lapla-
cian_max, and ma_laplacian. As the Laplacian operator is
sensitive to edges, these features measure how much high-
frequency detail is lost due to blur.

+ Fourier Domain Features: vlow_freqE, lowmid_freqE, and
mid_freqE quantify energy distribution in concentric regions
of the frequency spectrum. Since blur behaves like a low-pass
filter, these features help differentiate the blur type.

+ HOG Features: The Histogram of Oriented Gradients (HOG)
descriptors are used to measure textural information. The fea-
tures include mean, standard deviation, skewness, and 90th
percentile of the HOG descriptor.

3.1.2. Classifier Architecture

The extracted features are passed into a Multi-Layer Perceptron
(MLP)-based model, referred to as BlurClassifierModel. The architec-
ture includes:

« Input Layer: Projects the 10-dimensional input to a 512-
dimensional representation, followed by Batch Normalization
and GELU activation.

Residual Blocks: Three sequential blocks reduce dimension-
ality from 512 — 256 — 128. Each block includes two linear
layers with BatchNorm1d and GELU, connected through skip
connections for stable training.

Classifier Head: A final MLP takes the 128-dimensional vec-
tor, applies dropout, and produces a single logit using a Sig-
moid activation to yield the probability of the blur class.

This classifier model has approximately 1 million parameters
and was trained for 120 epochs with early stopping.

3.2. Stage 2: Specialized Deblurring with TikhoFormer
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Figure 1: Architecture For TikhoFormer Deblurring Network

Based on the output of the classifier, one of two special-
ized deblurring networks is selected—TikhoFormer-Gaussian or
TikhoFormer-Box. Both models share a unified architecture
called SharpDeblurViT, which combines convolutional layers and
a Transformer bottleneck for improved restoration.

3.2.1. Overall Architecture

TikhoFormer follows a U-Net-style encoder-decoder structure,
which is effective in preserving spatial detail through skip connec-
tions. The encoder extracts multiscale features, the Transformer
bottleneck captures global context, and the decoder restores reso-
lution.

3.2.2. Enhanced CNN Encoder

The encoder comprises three convolutional blocks—enc1, enc2,
and enc3—that progressively downsample the input. Each block in-
cludes:

+ A Conv2D layer

+ BatchNorm2d and GELU activation

+ A custom ResidualBlock for deep feature learning
+ Dropout2D for regularization

The input shape (3, 200, 200) is reduced to a latent feature map
of shape (128, 50, 50).

3.2.3. Transformer Bottleneck

At the bottleneck, the 50 x 50 spatial feature map is flattened
into a sequence of 2500 patches. Positional encodings are added,
and the sequence is passed through a Transformer Encoder com-
prising four layers with:

e d_model = 128
* nhead = 8
+ Feedforward layers and GELU activations

This module captures long-range dependencies and global re-
lationships in the image, which are difficult to model with CNNs
alone.

3.2.4. Sharpness-Enhancing Decoder

The decoder consists of two upsampling blocks-decl and dec2-
that mirror the encoder structure. Each decoder block includes:

* Bilinear upsampling
« Conv2D, BatchNorm, and GELU
+ A ResidualBlock for stable training

The decoder restores the resolution back to the original input
size.



4 M. Aryal et al.

3.2.5. Final Reconstruction and Edge Refinement
Two components refine the final output:

1. Global Skip Connection: The final output of the decoderde-
coderdecoder is concatenated with the original blurred input
along the channel axis. Tinformation,,rmation,,,.el infostruc-
ture,e,tructure,e,e,e,r and structure, to directly influence re-
construction.

2. Edge Enhancement Module: A lightweight CNN predicts an
edge map that is added to the final output with a fixed weight-
ing (output + 0.3 x edge). This acts as a learned sharpening
filter.

4. Training Methodology

This section outlines the training pipeline for both stages of
the Tikhonet framework: the blur classification network and the
specialized deblurring models. Dedicated dataset preparation,
optimizer configurations, learning rate schedules, and loss func-
tions were employed to maximize performance while maintaining
model compactness.

4.1. Dataset Generation

A custom DatasetGenerator class was developed to process
the Flickr30k dataset. For each clean image, two synthetically
blurred versions are generated—one using a box blur and one using
a Gaussian blur. The blur kernel size is selected deterministically
from the set {3, 5, 7} using a hash of the image path, ensuring re-
producibility. For the classification model, a 10-dimensional fea-
ture vector is extracted from each blurred image and stored with
its corresponding label (‘box’ or ‘gaussian’).

4.2. Classifier Training

The Multi-Layer Perceptron (MLP) classifier is trained for up to
150 epochs with a batch size of 32. The training setup includes the
following components:

Optimizer: AdamW with a base learning rate of 5 x 10™* and
weight decay of 1 x 107°,

Differential Learning Rates: The input layer uses a reduced
learning rate (0.5x), while the final classifier head uses an in-
creased rate (1.5x) for faster convergence.

Loss Function: Focal Loss (@« = 1,7 = 2) is employed to
focus learning on hard-to-classify examples.

Scheduler: CosineAnnealingWarmRestarts with 7o = 20 and
Tmut = 2 to enable the model to escape local minima and
improve generalization.

Regularization: Dropout layers are used throughout
the network, and gradient clipping is applied with
clip_grad_norm_ = 0.5.

Early Stopping: Training is terminated if the validation loss
fails to improve for 15 consecutive epochs.

4.3. Deblurring Network Training

Two separate training sessions are performed using a custom
DeblurTrainer class: one for TikhoFormer-Gaussian and one
for TikhoFormer-Box. Each model is trained independently to
specialize in its respective blur type.

4.3.1. Optimizer and Scheduler

+ Optimizer: AdamW with a learning rate of 3 x 10™* and
weight decay of 1 x 1077,

+ Scheduler: OneCycleLR is used to adjust the learning rate
dynamically over 50 epochs, improving stability and conver-
gence speed.

4.3.2. Loss Function

A composite loss function, SharpnessLoss, is employed. It com-
bines three loss components with weighted importance:

Liotal = a‘cpixel + /Bl:freq + 'Y‘Cedge (1)

¢ Lpie: Combination of L1 loss and MSE loss to ensure pixel-
level accuracy.

¢ Lfreq: L1 loss on the magnitude of the Real Fast Fourier Trans-
form (RFFT) to promote frequency fidelity.

¢ Legge: L1 loss between Sobel edge maps of the predicted and
target images to preserve edge sharpness.

The weights are set as: « = 1.0, 3 = 0.7,and v = 0.3.

4.3.3. Training Efficiency

To improve efficiency, the following techniques are incorpo-
rated:

+ Mixed Precision Training: Implemented  using
torch.cuda.amp.autocast to accelerate training and
reduce memory usage.

¢ Gradient Accumulation: A factor of 4 is used to simulate
larger effective batch sizes on limited GPU hardware.

5. Experiments and Results

This section presents a comprehensive evaluation of the pro-
posed Tikhonet framework. We first examine the performance of
the blur classifier, followed by the training behavior and perfor-
mance of the specialist deblurring models. Finally, we present the
overall pipeline’s results and compare them against state-of-the-
art approaches.

5.1. Blur Classifier Performance

The effectiveness of the Stage 1 blur classifier is of paramount
importance and directly influences the overall performance, ac-
curacy, and reliability of the entire two-stage processing frame-
work designed for image quality assessment. A rigorous evaluation
was conducted using a carefully curated held-out test set, indepen-
dent from the training and validation datasets, to objectively assess
the classifier’s generalization capabilities and robustness in real-
world scenarios. The results of this evaluation clearly demonstrate
that the feature-based Multi-Layer Perceptron (MLP) classifier em-
ployed in Stage 1 consistently achieves high levels of classification
accuracy across diverse image conditions, including varying levels
of blur intensity, lighting, and content complexity.

To further fine-tune the classifier’s decision-making ability, a
systematic threshold optimization was performed using the vali-
dation set. This process involved varying the decision boundary
and calculating key performance metrics—specifically precision,
recall, and the F1-score—at each threshold value. The F1-score, a
harmonic mean of precision and recall, was chosen as the guiding
metric due to its balanced emphasis on both false positives and
false negatives, which is particularly critical in binary classifica-
tion problems like blur detection. Through this optimization, an
ideal decision threshold of 0.480 was empirically determined, rep-
resenting the point at which the classifier achieved its highest F1-
score. This threshold was subsequently fixed and applied during
test-time inference, enabling the classifier to make reliable binary
decisions with confidence and consistency. The selection of this
threshold not only ensures optimal performance in terms of classi-
fication balance but also contributes to the robustness and stability
of the entire two-stage framework, which depends heavily on the
precision of the initial blur classification to prevent error propaga-
tion downstream.
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Figure 2: Confusion Matrix For Classifier

Classifier Performance Metrics:

* Accuracy: 92.54%
* F1-Score: 0.9260
* ROC AUC: 0.9819
* PR AUC: 0.9800

TikhoFormer Classifier Training Dynamics
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Figure 3: Classifier performance: (a) Loss vs Epochs Curve, (b) ROC Curve,
(c) PR Curve, (d) Validation Accuracy vs Epochs Curve

These results clearly demonstrate that the classifier can consis-
tently and accurately distinguish between Gaussian and Box blur,
allowing the system to select the most suitable deblurring model in
the majority of cases, thus improving the overall restoration qual-

ity.
5.2. Deblurring Network Training Dynamics
To assess the effectiveness of our training strategy, we

monitored loss, PSNR, and SSIM during the training of both
TikhoFormer-Gaussian and TikhoFormer-Box models.

TikhoFormer Gaussian Speciality Training Dynamics

Model Loss. PSNR Gain Best27.77 S5IM Gain Best 030

Epocns No.of epochs. No.of epochs

a. Training Validation Loss vs Epochs b. Validation PSNR vs Epochs c. Validation SSIM vs Epochs

Figure 4: Training dynamics of TikhoFormer-Gaussian: (a) Training Vali-
dation Loss vs Epochs, (b) Validation PSNR vs Epochs, (c) Valida-
tion SSIM vs Epochs.

TikhoFormer Box Speciality Training Dynamics
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e
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Figure 5: Training dynamics of TikhoFormer-Box: (a) Training Validation
Loss vs Epochs, (b) Validation PSNR vs Epochs, (c) Validation
SSIM vs Epochs.

Both models exhibit stable and consistent convergence through-
out the training process, as evidenced by a steadily decreasing val-
idation loss curve coupled with continuous improvements in key
image quality metrics such as Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index Measure (SSIM). This behavior
strongly indicates that the models were not only learning effec-
tively from the training data but were also generalizing well to un-
seen data, with no significant signs of overfitting observed during
the validation phase.

5.3. Performance of Specialist Deblurring Models
Each deblurring model was evaluated on its respective blur type.

The results demonstrate that specialist training leads to effective
and accurate reconstruction.

Table 1: Performance of Specialist TikhoFormer Models

Model Test Data PSNR (dB) SSIM
TikhoFormer-Gaussian  Gaussian Blur 27.77 0.982
TikhoFormer-Box Box Blur 26.54 0.975

Both models achieve high PSNR and SSIM on their respective tar-
gets, validating the decision to separate blur types and train inde-
pendently. The slightly better performance on box blur suggests it
is more predictable and easier to reverse.

5.4. Overall System Performance and Comparison

The total model size of the deployable system includes the classi-
fier (0.11M) and both TikhoFormer branches (2 x 0.61M), totaling
1.33M parameters.
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Table 2: Comparison with State-of-the-Art Deblurring Methods

Method Params (M) PSNR (dB) SSIM
SRN[12] 5.30 29.23 0.930
DeblurGAN-v2 [3] 11.40 28.55 0.920
MIMO-UNet+ [5] 23.90 30.93 0.950
Uformer [9] 51.70 32.84 0.960
Restormer [2] 26.10 32.92 0.960
TikhoFormer (Ours) 1.33 27.77 0.982

Despite utilizing significantly fewer parameters, TikhoFormer
achieves an outstanding SSIM score of 0.982, demonstrating its ex-
ceptional ability to preserve structural integrity and perceptual
quality in reconstructed images. While its PSNR is slightly lower
compared to larger, more complex models such as Restormer,
this trade-off is offset by its lightweight architecture, which
makes TikhoFormer an ideal candidate for deployment in resource-
constrained settings where computational efficiency and memory
footprint are critical considerations.

5.5. Qualitative Results

Qualitative Results: Gaussian Speciality

a. Blurred b. Prediction c. Target
=

Figure 6: Qualitative Results for TikhoFormer-Gaussian

Qualitative Results: Box Speciality

b. Prediction

Figure 7: Qualitative Results for TikhoFormer-Box

Figure 6 and Figure 7 illustrate sample outputs of our model.
TikhoFormer produces visually sharp images that closely resem-
ble the ground truth, confirming the efficacy of our lightweight,
two-stage design.

6. Conclusion

This paper introduced TikhoFormer, a two-stage image deblur-
ring framework that pairs a feature-based blur classifier with a
lightweight CNN-Transformer hybrid restoration network. The
system achieves exceptional structural fidelity, reaching an SSIM
of 0.982, which stands out when compared with previous work.
While large models such as Restormer (26.1M parameters) and
Uformer (51.7M parameters) may deliver slightly higher PSNR val-
ues, TikhoFormer matches or exceeds them in structural preser-
vation with a fraction of the size, at just 1.33M parameters. This
reflects a deliberate trade-off, prioritizing perceptual quality and
efficiency over maximizing pixel-level similarity.

The implications of this efficiency are significant. —Tikho-
Former’s low computational and memory demands make it well
suited for deployment on resource-limited platforms, including
mobile devices and edge Al processors, where larger models are im-
practical. Its modular, expert-guided architecture also offers bet-
ter interpretability than monolithic “black box” approaches, mak-
ing it easier to debug, maintain, and extend. This blend of clas-
sical feature engineering and targeted deep learning showcases
how combining established methods with modern architectures
can produce practical, high-quality restoration solutions.

Looking ahead, this modular design opens clear opportunities
for expansion. Future work will focus on developing additional
specialist modules to address more complex scenarios such as real-
world motion blur, mixed blur types, and video deblurring, further
testing the adaptability and robustness of our two-stage approach.
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