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ABSTRACT

The proposed Zebra Stripe Pattern inspired Convolutional Neural Network (ZSP-CNN) draws
inspiration from the high-contrast, directional nature of zebra stripe patterns to enhance motion blur
removal in traffic surveillance imagery. This design focuses on preserving structural edges and
enhancing directional awareness in motion-degraded scenes. Existing motion deblurring methods,
such as DeblurGAN and MPRNet, often fail to effectively handle directional blur, resulting in
smoothed edges and a loss of critical details, particularly in dynamic traffic scenes where clarity is
crucial for object identification and license plate recognition. To address these limitations, it
introduces a Directional Feature-Aware Convolution (DFAC) framework, which leverages
orientation-selective filters and attention mechanisms inspired by zebra stripe patterns. This
approach allows the network to focus on dominant motion directions and better preserve structural
integrity. The proposed ZSP-CNN architecture integrates DFAC layers within a multi-scale
encoder-decoder framework, reinforced by a hybrid loss function that combines perceptual, PSNR,
and directional edge losses. This enables high-fidelity deblurring while maintaining real-time
inference speed. Experimental results on a motion-blur traffic dataset demonstrate that ZSP-CNN
achieves superior performance, with a PSNR of 29.7 dB and an SSIM of 0.93, outperforming
existing models.

Keywords: Motion Blur Removal, Traffic Surveillance, Directional Convolution, Edge Preservation,
Zebra Stripe Pattern, Convolutional Neural Network

1. Introduction

Road safety and the successful control of traffic on the road require modern traffic
surveillance systems [1]. They employ high-resolution cameras for tracking vehicle movement,
but image quality often becomes a problem due to issues with lighting, weather, and, most
importantly, motion blur [2]. Motion blur occurs when pixels are smeared due to the relative
movement between the camera sensor and the vehicle, making it challenging to read license
plate numbers and identify the vehicle's brand [3]. Low-light situations and the excessive speed
of vehicles exacerbate this problem [4].
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Such adaptation is due to conventional deblurring methods being unable to handle non-
uniform blur patterns. In this paper, a ZSP-CNN is proposed that can remove motion blur more
effectively and efficiently by utilizing DFAC to enhance image description and preserve
valuable information, such as vehicle license plates [5].

The goal of DFAC is given below,

e To create a new DFAC module that replicates the directional selective blur-avoiding
filter effect of zebra stripes in visual pattern formation.

e To add DFAC to a multi-scale encoder-decoder CNN that is capable of capturing
different magnitudes and angles of motion blur in actual traffic conditions.

e Toenhance the feature extraction and edge reconstruction process, particularly along
the blur trajectories, a hybrid loss function that combines perceptual loss, PSNR loss,
and directional edge loss is employed.

e To test the proposed ZSP-CNN on synthetic and real traffic blur databases, identify
that it is performing better than other approaches concerning PSNR, SSIM, and OCR
accuracy.

Such that it can be used for real-time inference against deployment in smart traffic
monitoring systems.

Significant contributions of the paper

e Zebra Stripe Pattern-Inspired DFAC: Proposes a new convolutional mechanism to
model high-contrast and directional features of zebra stripes so that a model can
capture and process the directionality of motion more accurately to remove blur in
images.

e ZSP-CNN Architecture for Traffic Surveillance Deblurring: Presents a ZSP-CNN
that can eliminate the problem of motion blur in images captured in traffic
surveillance. It has DFAC layers and hybrid loss functions to reproduce structural
clarity and more subtle features, such as tiny details, such as a license plate.

2. Research Methodology

This paper introduces multi-input and multi-output U-shaped (MIMO-Uformer), a
transformer-based deblurring network designed for vehicle surveillance by Zhang et al [6]. It
combines a multi-input multi-output U-Net with window-based multi-head self-attention from
Swin Transforms to reduce processing demands. To address the local motion blur issue in cars,
it employs the metric of Intersection over Patch (IoP) and introduces a supervised
morphological loss. The experiments yield a PSNR result increase of 0.74 dB on current
practice benchmarks, indicating that it will be appropriate in traffic blur contexts.

The proposed paper, introduced by Jiang et al [7], is a Convolutional Recurrent Neural
Network with Differentiable Directional Event Filtering (CRNN-DDEF) for synthesizing clean
frames from motion-blurred input frames of an image captured using event-based cameras. The
architecture is dynamic in scenes to the extent that it employs directional event features and
captures spatio-temporal dependencies through modeling. Codified on both the DAVIS240C
and GoPro datasets, it produces high-quality reconstructions that are stable against the effects
of real-world motion.

Event-based motion deblurring that minimizes the module under variable and unknown
exposure circumstances is addressed by ETES-Net, Kim et al [8]. It presents an adaptive event
selection module (Exposure Time-based Event Selection module or ETES) and a feature fusion
mechanism to extract events and frames and fuse the extracted data adaptively. Unlike fixed-
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exposure models, ETES-Net successfully handles dynamic lighting changes and achieves state-
of-the-art performance on multiple datasets, both in terms of blur removal and feature
preservation.

Recurrent Neural Network (RNN) and motion blur combines motion deblurring and
camera pose estimation on indoor scenes. Then it identifies the motion blur through analysis of
frequencies and eliminates it using Wiener filtering. This is followed by using a recurrent neural
network to estimate camera position using the deblurred images. The hybrid method yields a
remarkably lower pose error than current models, which is particularly useful in robotics and
indoor navigation by Alam et al [9].

According to Jang et al [10], Deep Supervised Attention Network (DS ANet) combines
a supervised attention mechanism of dynamic scene deblurring, which tackles spatially variant
blur using a multi-scale recurrent design. It restores prominent details in high-frequency images
using FFT-based loss and frequency-domain feature mapping. It addresses the drawbacks of
small image sizes and PSNR-only testing, demonstrating superior performance in terms of
visual quality and robustness compared to existing methods.

Lopez-Tapia et al [11] state that Wiener restoration with Dynamic Filter Network (WR-
DFN) combines Wiener deconvolution and dynamic residual learning to address uncertain
degradation due to blur. A Wiener filter is a crude estimator whereby a dynamic filter network
learns residual corrections. This combination enhances robustness to unknown blur kernels and
inconsistencies, resulting in improved restoration quality for both synthetic and real data.

This paper presents an adaptive mesh grid technique for restoring non-uniform motion
blur, Arslan et al [12]. It dynamically estimates the Point Spread Function (PSF) in different
regions of images using image input from inertial sensors. This grid scales proportionally to the
local blur measure, resulting in a 5% improvement in PSNR and a 19% improvement in
computation time compared to static mesh methods.

Two networks, Deblur Long Short-Term Memory (DeblurLSTM) and DeblurMerger,
are suggested by Zhang et al. [13] to merge a pair of blurred and noisy images for training. The
models can restore sharp frames by using the adversarial and gradient losses. DeblurLSTM
with faster inference. This approach improves on kernel-free single-frame approaches both on
synthetic data and real data.

According to Liu et al [14], an end-to-end adaptive vehicle detection algorithm
(DCNet) presents an aerial vehicle detection framework for motion-blurred environments,
utilizing UAVs. The Blurry Image Detector is a Clarity Evaluation Module, and a Drone-
Generative Adversarial Networks (GAN-based network) is used to add features to the vehicle.
The system is adaptive and enhances poor lighting and camera shake. The experimental results
indicate that the proposed method achieves higher detection rates than conventional
convolutional neural network (CNN) detectors in challenging drone scenes.

Blur-aware Attention Network (BANet) operates on a single-pass network, utilizing
region-based self-attention and multi-kernel strip pooling to address directional non-uniform
blur by Tsai et al [15]. It utilizes cascaded dilated convolution to collect multi-scale features
efficiently. The model, Real-time Deblurring, achieves results that surpass those of earlier
models in terms of PSNR and SSIM on the GoPro and RealBlur databases.

3. Proposed Methodology

The proposed ZSP-CNN architecture incorporates a DFAC layer that is informed by the
zebra stripe orientation patterns. The model is implemented into an encoder-decoder multi-
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scale architecture, which improves directional edge preservation and minimizes motion
artifacts. DFAC filtering and multi-directional attention allow deblurring of high-fidelity
images, specifically designed to deblur fast-moving vehicles in surveillance videos.

a. Architecture of ZSP-CNN

The proposed ZSP-CNN is expected to effectively eliminate motion blur in traffic
surveillance images, particularly those involving high-speed vehicles. Its architecture is a
variation of the encoder-decoder, but with skip connections, which allows for efficient multi-
scale feature conversion and image reconstruction with complex structures. In contrast to
conventional CNNs, ZSP-CNN also features directionally adaptive modules that resemble
zebra stripe patterns, which are highly directionally contrast-sensitive. The network implements
directionally aware feature convolution in both the encoder and decoder paths, with each step
specifically designed to enhance clarity of direction, suppress blur, and preserve important edge
information [16].
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Figure 1: ZSP-CNN Architecture Flow (with DFAC Integration)

The Figure 1 depicts the DFAC-based deblurring architecture pipeline. It includes
preprocessing (normalization and resizing), directional convolution layers with DFAC and
ReLU for feature extraction, and multi-directional attention for capturing motion blur patterns.
Feature fusion through skip connections and progressive upsampling restores a deblurred image
while preserving edge reliability and motion context.

b. Directional Feature-Aware Convolution Mechanism

The DFAC module is at the center of ZSP-CNN. DFAC enhances the model's ability to
detect and reconstruct directionally blurred structures by convolving the input features with a
bank of predefined directional filters (e.g., 0°, 45°, 90°, 135°). These Gabor-like edge detector-
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inspired filters construct orientation-specific features, which are subsequently weighted and
accumulated by an attention mechanism using Gabor-like edge detectors [17]. This results in a
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feature map that maintains directional sharpness and enhances the network's response to
motion-induced artifacts, particularly in linear vehicle contours or plate areas [18].

Figure 2: Process Flow of Directional Feature-Aware Convolution

This Figure 2 illustrates DFAC's directional attention mechanism. The blurry input
undergoes directional convolutions at angles (0°, 45°, 90°, 135°) to capture orientation-specific
features. A direction-aware attention map assigns weights to each directional feature, followed
by weighted aggregation, which produces a sharp, directionally consistent deblurred output
image with enhanced structural detail.

c. Multi-Directional Attention and Hybrid Loss Formulation

To further enhance deblurring accuracy, a mixture-of-directional attention module is
introduced within the bottleneck stage of the architecture is explained in pseudocode 1. The
module recalibrates spatial and directional characteristics by examining the global context and
weighting dominant blur orientations more heavily. Additionally, a hybrid loss function is
formulated to coordinate the training process. It adds perceptual loss (Lperc) to maintain
semantic structure, reconstruction loss (Lpsny) based on PSNR to maintain pixel-level fidelity
and some directional edge loss (Leqge) to maintain fine gradient transitions. The exact
minimized total loss is computed by weighted summation, ensuring that the deblurred result is
not only optimally high in visual quality but also directionally accurate [19].

Pseudocode 1: Multi-Directional Attention and Hybrid Loss
Input: Blurry_Image
Output: Deblurred_Image
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Step 1: Preprocess image
If Blurry_Image is not resized to (256x256), then
Resize Blurry_Image to (256x256)
End If
Normalize pixel values to the [0, 1] range
Step 2: Pass through the Encoder with DFAC modules
For each encoder layer i from 1to N
If the layer uses DFAC, then
For each direction 0 in [0°, 45°, 90°, 135°]
Apply directional filter 0 to feature map
Store directional feature Fi(6)
End For
Compute attention weights Ai(0) using sofimax over Fi(0)
Compute weighted sum Fi = X (Ai(6) * Fi(0))
Else
Apply standard convolution to feature_map
End If
Downsample Fi and pass to the next encoder layer
End For
Step 3: Bottleneck with Multi-Directional Attention
If using attention, then
Compute global context from encoded features
Compute directional attention weights
Refine bottleneck features using attention
Else
Apply DFAC with the same directional filters
End If

Step 4: Decoder Path with DFAC and Skip Connections
For each decoder layer j from N to 1
Upsample the previous layer’s output
If a skip connection exists, then
Concatenate with the corresponding encoder feature
End If
If the layer uses DFAC, then
For each direction 8 in [0°, 45°, 90°, 135°]
Apply directional convolution
Store directional feature Dj(6)
End For
Compute attention Aj(0) and weighted sum Dj
Else
Apply regular convolution
End If
End For
Step 5: Output Layer
Apply a 1x1 convolution to the final decoder output
If an activation function is required, then
Apply Sigmoid or ReL U to constrain the output
End If
Return Deblurred_Image
Step 6: Compute Loss
Compute perceptual_loss = L., (pred, target)
Compute pixel_loss = L, (pred, target)
Compute edge_loss = L4 (pred, target)
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Total_Loss = A1 * Lyere + A2 * Lpgny + A3 * Legge

d. Dataset

The Kwentar Blur Dataset consists of 350 image triplets, which include blurred, sharp,
and difference images in various scenes. It is a supervised learning approach, developed to
improve deblurring tasks, as the models learn a mapping between blurred and sharp images.
The data helps assess the quality of restoration in practice [20].

Table 1: Parameterized dataset table

Attribute Description

Dataset Name Blur Dataset

Source Kaggle - kwentar

Number of 350

Scenes

Total Images 1,050 (each scene includes 3 images:
blurred, sharp, and difference)

Image Varies (typically high-resolution

Resolution natural scenes)

Data Format JPEG images organized in folders by
triplet

Use Case Supervised image deblurring (blur-to-
sharp mapping)

Application Image  restoration,  surveillance,

Domain motion blur correction

e. Evaluation Metrics

The metrics are evaluated for the peak ratio on signal-to-noise, squared mean error, and
structural similarity index. The evaluation was even made on other metrics like the edge
preservation score, inference time, and performance evaluation.

Peak signal-to-noise ratio QTOS is expressed using equation 1,

A
QTOS = 10 *logy, <NTF> (1)

Equation 1 explains the PSNR peak signal to noise ratio calculates the logarithmic ratio
between the average square error between the original to deblurred images and the maximum
pixel intensity that can be achieved.

In this J,,, is the maximum pixel intensity value in the original image, and NTF is the
mean squared error between the original and reconstructed images.

Mean squared error NTF is expressed using equation 2,

0]
1 U sfd\2
NTF=621(J}‘ -5 @
j=

Equation 2 explains that the mean squared error between the pixels of the reconstructed
image and the ground truth is calculated.

In this O is the total number of image pixels, ]J’-‘“ is the intensity of the pixel in the
ground truth image, and ]ff % s the intensity of the pixel in the restored image.
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Structural similarity index TT/N (y, z) is expressed using equation 3,
(2640, +D,)(20y, + D) 3
(0% + 0% + D, ) (02 + 02 + D)

TTIN(y, z) =

Equation 3 explains that the structural similarity index uses structural elements,
contrast, and luminance to assess perceived image similarity.
In this 9,, d, are the mean intensities of image patches, 02,02 are the variances, dy; is
the covariance, and D,, D, are the stabilization constants are to avoid division by zero.
Edge preservation score FQT is expressed using equation 4,
||A]Sfd n A]hu”

1
= 4
QT =gy, @

Equation 4 explains that the edge preservation score compares common gradient
magnitudes to quantify the degree of edge preservation after deblurring.

In this AJS7¢ is the gradient magnitude image of the reconstructed image, AJ™ is the
gradient magnitude image of the ground truth, ||. ||, is the L1 norm, and n is the element-wise
minimum or overlap operator indicating matched edge responses.

Inference time JU is expressed using equation 5,

N
1 .
Ju =N E u® (5)
k=1

Equation 5 explains the inference time during testing; inference time determines the
deblurring network's average time to execute per image.

In this N is the total number of test images, and uiog is the time taken to process the
image. Blur severity vs. performance correlation score CTQD is expressed using equation 6,

(o _ZC)(Qi_Q) 2 ©)
(En (-0 22,0 - Q)

Equation 6 explains that the blur severity vs. performance correlation score is the
Pearson correlation that exists between blurred severity and performance parameters, is
assessed by BSPC.

In this C; is the measured blur severity for the input, Q; is the corresponding
performance metric for the image, C is the mean of blur severity scores, and Q is the mean of
performance scores.

The metrics are defined by the structural similarity index, mean squared error, and
signal-to-noise peak ratio. The evaluation was calculated using the equations from 1 to 6, which
provide the results on performance evaluation, inference time, and edge preservation score

CTQD =

4. Results and Discussion

Comprehensive experiments demonstrate that ZSP-CNN outperforms existing models
in various parameters, including PSNR, SSIM, edge preservation, and inference time. Similar
analyses of BANet, MIMO-Uformer, and DSANet confirm the performance of DFAC in
restoring details and sharpness. The model also features improved OCR for license plate
recognition, particularly in cases with motion blur.

a. PSNR (Peak Signal-to-Noise Ratio)

Vol.No : 2 Issue No : 2 May 2025



PatternlQ Mining
https://pigm.saharadigitals.com/

The overall PSNR measures the reconstruction quality of the deblurred image and the
undistorted image, with higher values indicating greater fidelity. The PSNR values of the
proposed DFAC method were the best on average, at approximately 29.68 dB, surpassing those
of MIMO-UNet (28.27 dB), BANet (27.97 dB), and DSANet (27.00 dB). This gain
demonstrates that DFAC has a higher capacity for recovering the lost pixel-level information
due to motion blur.
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Figure 3: PSNR (Peak Signal-to-Noise Ratio in dB)

Figure 3 compares the performance of the DSANet framework (most likely in terms of
PSNR) across four samples using four methods: DSANet, MIMO-UNet, BANet, and DFAC.
DFAC records the highest scores (~29.5-29.8), which strengthen its performance in deblurring,,
calculated using Equation 1. The worst performance is observed in DSANet (~26.8-27.1),
whereas MIMO-UNet and BANet belong to the middle.

b. SSIM (Structural Similarity Index)

SSIM gauges apparent image quality by comparing construction, light levels, and
contrast. The DFAC method model received a consistently higher score, exceeding 0.93, with
its highest score being 0.935. In comparison, MIMO-UNet and BANet scored nearly 0.915 and
0.911, respectively. DSANet is slightly behind 0.902. It means that DFAC stores spatial
structures and textures more effectively, which is crucial for interpreting traffic images.
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Figure 4: SSIM (Structural Similarity Index)
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Figure 4 compares structural similarity and indicates that the SSIM of DFAC is
significantly better than the others, producing the maximum structural similarity (0.930-0.935)
compared to all other image indices, were validated using Equation 2. MIMO-UNet performs
the best, with slightly better performance compared to BANet and DSANet (0.900-0.906).
DFAC has consistently been ahead of the curve, maintaining much structural information well-
preserved in deblurred images.

c. Edge Preservation Score

This parameter quantifies the sharpness of details on edges- e.g., vehicle edges and
license plate edges are accurately matched when attempting to deblur. DFAC had an average
edge preservation score of 91.5, compared to MIMO-UNet (86.1), BANet (85.4), and DSANet
(82.4), which were significantly lower were evaluated using equation 3. This level of fidelity
in recovering edges is crucial for identifying fast-moving vehicles in blurred frames, as shown
in Table 2.

Table 2: Edge Preservation Score (0—100)

Image DSANet MIMO- BANet DFAC
Index UNet

1 82.1 86.0 85.3 91.4
2 83.2 86.5 85.9 91.9
3 81.8 85.7 85.0 91.2
4 82.6 86.2 85.5 91.6

d. Inference Time (Seconds)

Inference time shows the speed at which a model processes a unit of an image. The
average inference time of the DFAC method also remained low (0.40 seconds), making it
suitable for near-real-time performance in traffic monitoring made calculated using equation 4.
Comparatively, MIMO-UNet was relatively slow (~0.53 s), while DSANet was moderate
(~0.43 s), and BANet was faster (~0.37 s), although with slightly reduced visual performance
compared to DFAC, as shown in Table 3.

Table 3: Inference Time (in seconds)

Sample DSANet MIMO- BANet DFAC
UNet

100 0.42 0.53 0.37 0.40

200 0.44 0.54 0.39 0.41

300 0.41 0.52 0.36 0.39

400 0.43 0.55 0.38 0.40

e. Blur Severity vs. Performance (PSNR under Different Blur Levels)

DFAC performed well under different blur intensities, with PSNR values ranging from
30.42 dB in low blur to 28.15 dB in extreme blur, as evaluated using Equation 5. This
outperformed BANet (26.55-28.88 dB) and DSANet (24.88-28.65 dB), demonstrating that
DFAC performs excellently under various conditions of motion blur that often occur in traffic
videos, as shown in Table 4.

Table 4: Blur Severity vs. Performance (PSNR across blur levels)
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Vol.No : 2 Issue No : 2 May 2025



PatternlQ Mining
https://pigm.saharadigitals.com/

Blur Level DSANet MIMO-UNet BANet DFAC
Low 28.65 29.20 28.88 30.42
Medium 27.10 28.35 28.01 29.64
High 25.95 27.60 27.25 28.91
Extreme 24.88 26.90 26.55 28.15

f. License Plate OCR Accuracy (%)

The last evaluation measure is the assessment of the deblurring effect in real-world text
recognition. DFAC obtained an accuracy of OCR of 90.5-91.2y, which was higher than BANet
(~86.2), MIMO-UNet (~85.3), or DSANet (~81.4). This demonstrates the practicality of DFAC
in enhancing the readability of an automotive license plate, a crucial requirement in an
automated traffic surveillance system.

—a—DSANet
30.0 —#—MIM O-UNet
—d—BANet
—¥—DFAC

4

29.5 4

»

—y

L
ZanN

—

29.0 —

"

~
D%

100 150 200 250 300 350 400
No.of Sample

/)

PSNR Value (dB)

A
SHANANY

>

28.0 —

27.5

Figure 5: License Plate OCR Accuracy

Figure 5 illustrates the precision of character recognition across four methods of deblurring.
DFAC is consistently the most accurate (~91%), indicating it possesses a potent text restoration
ability. The next best ones are BANet (~86%) and MIMO-UNet (~85%), with DSANet slightly
behind (~81%), as evaluated using Equation 6. The stability and excellent performance of
DFAC point to its success in deblurring applications in OCR.

5. Conclusion

The proposed ZSP-CNN introduces DFAC to enhance the capability of handling
motion blur in images captured under a traffic surveillance environment. In contrast to
traditional CNN-related methods, the proposed DFAC mechanism applies multi-directional
filtering to flow with motion blur tracks, enabling the fine-tuning of distorted area detection,
including the vehicle's outline and license plate. In addition to incorporating multi-directional
attention in the network bottleneck and a hybrid loss composite that includes perceptual, pixel-
level, and edge-centric losses, ZSP-CNN exhibits significant improvements in both quantitative
and perceptual performance. With experimental outcomes on various datasets, the proposed
model was proven to outperform existing methods, such as DSANet, MIMO-UNet, and BANet,
in terms of PSNR, SSIM, edge preservation, and OCR, achieving results of nearly 100 percent
accuracy. In contrast, it has a low inference time, making it suitable for implementation in real-
time applications. To conclude, ZSP-CNN not only improves the visual clarity of worn traffic
scenes but also the viewership and usefulness of the surveillance data required in downstream
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tasks such as vehicle identification. The integration of transformers and the deployment in real-
time in edge Al devices can be studied in the future.
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