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Abstract

Robust recognition of alphanumeric text mounted on vehicle surfaces may present sig-
nificant challenges. These real-world challenges include conditions such as motion blur,
out-of-focus imagery, variation in illumination, and compression artifacts. Existing auto-
matic license plate recognition (ALPR) pipelines usually separate detection, enhancement,
and recognition into distinct stages, either relying on explicit deblurring networks or ex-
tensive augmentation for generalization, each incurring latency, error propagation, or a
performance ceiling on severely degraded inputs.

This study introduces YOLO CRNet, a unified end-to-end multi-task framework built
upon the YOLO object detector, designed to simultaneously localize characters, enhance
text regions, and perform optical character recognition (OCR) within a single network.
We integrate two specialized heads into the YOLO backbone: a reconstruction head that
restores degraded text regions, and a classification head that directly recognizes alphanu-
meric characters. Shared feature representations are extracted from multiple depths of the
core YOLO network for synergistic learning across complementary tasks.

To inform feature selection for the classifier head, we extract per-character embed-
dings from five different layer combinations of the YOLO network (ranging from early
backbone to deep neck layers) and visualize class separability via t-SNE. This analysis
reveals that Configuration A which comprises of early backbone layers (1,2,4) with neck
layers (10,13,16) yields the most distinct clusters for the alphanumeric character classes.
The YOLO CRNet classifier head trained on Configuration A achieves 95.2% accuracy
and a 94.97% F1-score on a held-out set of 10,100 sharp character crops, outperform-
ing alternative layer configurations by up to 18%. Extensive experiments on blurred text
datasets demonstrate that combined reconstruction followed by classification of YOLO
CRNet significantly outperforms both the baseline YOLO detector and the YOLO CRNet
classification head. In particular, the combined reconstruction followed by classification
configuration achieves a 23.5% relative improvement in classification accuracy (from 44.5%
to 68.0%) and a 15.5% gain in F1-score (from 0.550 to 0.705).

By integrating detection, enhancement, and recognition into a single network guided by
t-SNE based feature selection, YOLO CRNet reduces latency, mitigates error propagation,
and explicitly handles image distortions. This work lays a foundation for real-time, robust
vehicle text detection and illustrates the power of multi-task learning and data-driven
feature analysis in fine-grained text recognition tasks.
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Chapter 1

Introduction

This chapter introduces the key challenges in automatic scene-text detection and recogni-
tion under real-world degradations and motivates the need for an end-to-end, multi-task
approach (Section 1.1). Section 1.2 then briefly defines our problem and sets its compos-
ite loss function. Section 1.3 summarizes the main contributions of this thesis. Finally,
Section 1.4 provides a roadmap of the remaining chapters.

1.1 Motivation

Automatic scene-text detection and recognition is the task of localizing and transcribing
text from real-world images. It is crucial for applications like Automatic License-Plate
Recognition (ALPR) [18], assistive technologies [7], and augmented reality [16]. Unlike
document Optical Character Recognition (OCR), scene text contends with complex back-
grounds, variable illumination, and diverse fonts and orientations [12]. Moreover, severe
image degradations such as motion or defocus blur, sensor noise, compression artifacts,
glare, occlusions, and adverse weather critically impair detection and recognition accuracy
[18, 12, 44].

Convolutional Neural Networks (CNNs) have revolutionized visual recognition by learn-
ing hierarchical, translation-invariant features directly from pixels [35]. Early layers cap-
ture edges and textures, while deeper layers form semantic concepts. This power drives
state-of-the-art object detection and character recognition [24].

In ALPR, a key application, license plates are often captured under challenging condi-
tions. High vehicle speeds or camera motion induce motion blur, streaking characters and
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obscuring edges [18, 82]. Limited focus control or incorrect autofocus can lead to defocus
blur, causing a general loss of sharpness and character detail [4]. Sensor noise, exacerbated
by low-light conditions, introduces random pixel variations that mask fine details [18].
Lossy JPEG compression, used for efficient storage or transmission, can create blocking
artifacts (grid-like patterns) and ringing artifacts (spurious oscillations near edges), dis-
torting character shapes. Environmental factors like glare from reflective surfaces can wash
out text, while occlusions from dirt or damage can hide characters. Adverse weather (rain,
haze, snow) further degrades image quality [12, 18]. These often co-occurring distortions
significantly challenge traditional ALPR systems.

Classical deblurring methods typically assume spatially invariant blur kernels and re-
quire accurate kernel estimation, where errors lead to artifacts and noise amplification
[82]. They also rely on hand-tuned regularization and struggle with non-uniform or mixed
degradations [36]. Deep learning-based restoration networks [68, 50] learn data-driven fil-
ters but are often applied as standalone pre-processing steps. This introduces latency and
can compound errors for downstream tasks if the restoration is not optimized for the end
goal of recognition.

Object detection frameworks like ”You Only Look Once” (YOLO) have revolutionized
the field by recasting object detection as a single, unified regression problem [58, 59]. In-
stead of complex multi-stage pipelines, YOLO divides the input image into a grid and
simultaneously predicts bounding boxes, objectness scores (confidence that a box contains
an object), and class probabilities in a single forward pass through a convolutional neural
network backbone. This design leads to extremely fast inference speeds. YOLOv8, a re-
cent iteration, achieves state-of-the-art speed-accuracy trade-offs, particularly on embedded
hardware, making it an attractive candidate for real-time ALPR systems [24]. However,
standard YOLO architectures, while excellent for localizing objects, lack explicit mech-
anisms for image enhancement to counteract the severe degradations common in vehicle
text images.

To address these multifaceted challenges in a more integrated manner, Multi-Task
Learning (MTL) offers a principled and powerful framework [10, 63]. MTL involves jointly
optimizing a shared network model for several complementary objectives simultaneously,
tasks such as text detection, image reconstruction (enhancement), and character recogni-
tion. By learning these tasks in parallel, the model can leverage shared representations
that are beneficial for all objectives. This often leads to improved data efficiency (as the
model learns more from the same data), enhanced robustness of the learned features (as
they must be general enough to serve multiple tasks), and better regularization (as each
task acts as a regularizer for the others, reducing the risk of overfitting) [8, 3].
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For the image reconstruction aspect within an MTL framework, encoder-decoder archi-
tectures like U-Net have demonstrated exceptional performance, particularly in biomedi-
cal image segmentation and, more broadly, in tasks requiring high-fidelity image-to-image
translation [62, 26]. U-Net’s characteristic skip connections, which fuse features from the
encoder path directly with corresponding layers in the decoder path, allow the network to
effectively combine deep semantic information with fine-grained, low-level details, crucial
for accurate image restoration. To further refine the reconstruction process, techniques
such as sub-pixel convolution layers (often referred to as PixelShuffle) can be employed for
artifact-free upsampling, which is often superior to traditional deconvolution or transposed
convolution layers in generating sharper, more detailed output images [68]. Additionally,
architectural innovations like Squeeze-and-Excitation (SE) blocks can be integrated. SE
blocks adaptively recalibrate the channel-wise feature responses within the network by
explicitly modeling interdependencies between channels, allowing the model to emphasize
informative features and suppress less useful ones on a task-specific basis [22].

By synergistically integrating these advanced deep learning components, it becomes
feasible to construct a single, end-to-end trainable network. Such a network could localize
text regions, simultaneously restore the imagery within these regions from various degra-
dations, and then transcribe the characters from the enhanced features, all within one
efficient forward pass. This holistic approach holds the potential to significantly improve
the robustness and accuracy of scene text recognition systems, particularly in challenging,
degradation-prone environments like those encountered in vehicle text images.

1.2 Problem Formulation

We consider a blurred input image

Xblur ∈ RH×W×3,

with height H, width W , and 3 color channels, and its corresponding sharp image

X ∈ RH×W×3.

Each image contains N text instances, annotated by {(b⋆i , y
⋆
i )}Ni=1, where b⋆i ∈ R4 is the

ground-truth box for instance i and y⋆i the character sequence.

Our model fθ (YOLO CRNet) outputs

fθ : Xblur 7−→
{

(bi, pi)
}Mp

i=1
× X̂ × { ci}Mp

i=1,

3



where Mp is the number of predicted text regions, (bi, pi) are the predicted box and con-

fidence, X̂ is the reconstructed image, and ci the predicted character sequence for region
i.

We train end-to-end by minimizing the composite loss

L(θ) = Ldet + λrecon Lrecon + λcls Lcls. (1.1)

where:

• Ldet is the standard YOLOv8 detection loss.

• Lrecon corresponds to the reconstruction loss.

• Lcls corresponds to the classification loss.

Hyper-parameters λrecon, λcls balance the three tasks. Training uses Adam on the dataset
{X(k)

blur, X
(k), {b(k)i , y

(k)
i }}Mk=1.

1.3 Contributions

The research presented in this thesis makes several key contributions to automatic scene-
text detection and recognition, focusing on enhancing robustness against real-world im-
age degradations, particularly in applications like Automatic License Plate Recognition
(ALPR). The core of these contributions lies in a novel multi-task learning framework and
its comprehensive evaluation.

The key contributions are outlined below:

1. Development of a Novel Integrated Reconstruction Head within the YOLO
Framework: A novel reconstruction head was designed and seamlessly integrated
into the You Only Look Once (YOLO) object detection framework. This integration
facilitates the simultaneous execution of object detection and image reconstruction
tasks. A key aspect of this design is the utilization of shared features from the
YOLO backbone network by both the detection and reconstruction pathways. This
approach not only promotes computational efficiency but also encourages the learn-
ing of feature representations that are robust and beneficial for both understanding
image content and restoring image quality from potential degradations.
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2. Development of an Integrated Classification Head Leveraging Enhanced
Features: An integrated classification head was developed to operate in conjunction
with the aforementioned detection and reconstruction mechanisms. This classifica-
tion head is specifically designed to capitalize on the features that are potentially
enhanced or refined by the reconstruction task. By processing these improved fea-
tures, the classification head aims to achieve higher accuracy in identifying the classes
of detected objects. The entire architecture, encompassing detection, reconstruction,
and classification, is designed for end-to-end training, enabling the system to holisti-
cally optimize all components for improved classification performance directly within
the YOLO pipeline.

3. Investigation of Multi-Task Learning Efficacy and Regularizing Benefits:
This research systematically investigated the efficacy of adopting a multi-task learn-
ing (MTL) approach for the concurrent objectives of object detection, image recon-
struction, and classification. The study demonstrated that jointly training a single
model for these related tasks can yield significant regularizing benefits. These ben-
efits manifest as improved generalization capabilities and robustness of the learned
model when compared to traditional single-task baselines or sequentially executed
tasks, where each component is optimized in isolation.

4. Feature Representation Analysis using t-SNE Visualization: t-Distributed
Stochastic Neighbor Embedding (t-SNE) visualization was employed as an analytical
tool to examine the characteristics of feature representations learned by different
layers within the YOLO framework. Specifically, this analysis focused on assessing
the class separability of these features, which is crucial for effective classification. The
insights gained from t-SNE visualizations helped to elucidate the relationship between
the quality of the learned feature representations at various network depths and the
resultant performance of the classification head, providing a deeper understanding of
the model’s internal workings.

1.4 Outline of my thesis

The remaining chapters of this thesis are structured as follows:

Chapter 2: Literature Review
This chapter provides a comprehensive review of existing literature in scene text detection
and recognition, object detection frameworks including the evolution of YOLO and its
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specific application to text, the impact of image degradations, image restoration techniques
(both classical and deep learning-based), and advanced learning strategies relevant to the
proposed research.

Chapter 3: Detailed Problem Formulation
This chapter presents a formal definition of the problem addressed, including the system
overview, the unified mapping approach for simultaneous detection, reconstruction, and
classification, a detailed breakdown of the composite loss function and its components,
and the overall training objective.

Chapter 4: Exploratory Data Analysis
This chapter details the datasets utilized in this research, including their description and
preprocessing. It further presents an analysis of class separability through feature embed-
ding extraction from various YOLO layer configurations and dimensionality reduction via
t-SNE, concluding with visualizations and an analysis of label distribution and ambiguous
character groups.

Chapter 5: Methodology
This chapter outlines the proposed YOLO CRNet architecture in detail, covering the overall
pipeline, training flow, and specific designs for the YOLO architecture, the classifier head,
and the reconstruction head, including their respective design rationales, loss functions,
and strategies for regularization and preventing overfitting.

Chapter 6: Experiments and Results
This chapter describes the experimental setup and evaluation metrics used. It then presents
a comprehensive analysis of the results obtained from evaluating the YOLO CRNet classi-
fier head with different layer configurations, the reconstruction head with various designs
and loss ablations, and finally, the overall integrated pipeline performance.

Chapter 7: Conclusion and Future Work
The final chapter summarizes the key findings and contributions of this thesis, discusses
the challenges encountered and limitations of the current work, and proposes potential
directions for future research.
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Chapter 2

Literature Review

This chapter provides a comprehensive review of the existing literature relevant to au-
tomatic text detection and recognition, with a particular focus on vehicle license plates
captured in unconstrained environments. It begins by offering an overview of scene text
detection and recognition, highlighting its applications and inherent challenges in Sec-
tion 2.1. Section 2.2 then delves into object detection frameworks suitable for text, with a
specific emphasis on the evolution of YOLO and its strengths and limitations in this con-
text. The profound impact of various image degradations on text recognition performance
is examined in Section 2.3. Following this, Section 2.4 discusses both classical and contem-
porary deep learning-based approaches for image restoration and enhancement. Section 2.5
critically reviews existing workflows commonly employed in ALPR and text recognition,
categorizing them into multi-stage pipelines with explicit enhancement, multi-stage sys-
tems relying on robust training, and end-to-end methodologies. Finally, Section 2.6 ex-
plores advanced learning strategies pertinent to this work, including Multi-Task Learning
in computer vision and the use of t-SNE for feature visualization and analysis. This review
establishes the context and foundation for the research presented in this thesis.

2.1 Scene Text Detection and Recognition

Scene text detection and recognition, the process of localizing and recognizing text from
natural images or videos, is a pivotal area in computer vision due to its wide range of
applications. These include Automatic License Plate Recognition (ALPR) for intelligent
transportation systems [39], assistive technologies for the visually impaired [7], and real-
time translation systems [7]. Unlike Optical Character Recognition (OCR) on scanned
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documents, scene text presents significant challenges due to variations in fonts, sizes, orien-
tations, complex backgrounds, uneven illumination, and perspective distortions [19, 53, 44].
Furthermore, text in real-world scenes is often subject to various image degradations, which
severely impact the performance of recognition systems [18].

The task is typically broken down into two main stages: text detection (localizing text
regions) and text recognition (recognizing the text within the localized regions). Some end-
to-end approaches aim to solve both simultaneously [46, 7]. The accurate detection and
recognition of text, especially small or arbitrarily shaped text, remains an active research
area [53].

2.2 Object Detection Frameworks for Text

While generic object detection methods can be adapted for text detection, specialized tech-
niques are often required due to the unique characteristics of text, such as its variable aspect
ratios and sequential nature. Beyond the YOLO [57] family, which will be discussed in
detail, the field of scene text detection has seen several other influential frameworks. Many
early approaches adapted general object detectors like Faster R-CNN [60] or SSD (Single
Shot MultiBox Detector) [43] for text by modifying anchor strategies or post-processing
steps to handle elongated text regions. More specialized methods emerged focusing on the
specific challenges of text. For instance, CTPN (Connectionist Text Proposal Network) [73]
was designed to detect text lines by predicting sequences of fine-scale text proposals and
connecting them using a recurrent neural network. Segmentation-based approaches like
PixelLink [11] and TextSnake [45] treat text detection as a pixel-level segmentation task,
identifying text pixels and then grouping them into instances, which allows for the detection
of arbitrarily shaped text. EAST (Efficient and Accurate Scene Text Detector) [86] pro-
posed an efficient single-stage model that directly predicts word or text-line quadrilaterals.
More recently, Transformer-based architectures have also been explored for text detection,
leveraging attention mechanisms to capture long-range dependencies and improve localiza-
tion accuracy [55]. These frameworks represent various strategies, from regression-based
and segmentation-based to more recent attention-based models, each contributing to the
advancements in accurately and efficiently localizing text in natural images.

2.2.1 Evolution of YOLO and its Variants

The ”You Only Look Once” (YOLO) family of object detectors marked a paradigm shift
by framing object detection as a single regression problem, enabling real-time performance
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[57]. YOLO processes the entire image in one forward pass, dividing it into a grid and
predicting bounding boxes, confidence scores, and class probabilities for each cell simul-
taneously. This unified architecture contrasts with earlier multi-stage detectors, such as
R-CNN [17] and its variants, which involved separate region proposal and classification
steps.

Subsequent versions of YOLO, including YOLOv2 (YOLO9000) [58] and YOLOv3 [59],
introduced improvements like anchor boxes, multi-scale feature detection, and more sophis-
ticated backbone networks. These enhancements led to increased accuracy while maintain-
ing high processing speeds. The evolution of YOLO has continued through community-
driven efforts and new architectural refinements, exemplified by models like YOLOv8 from
Ultralytics [74], which strive for state-of-the-art trade-offs between speed and accuracy
[24]. These models typically comprise a backbone for feature extraction, a neck for feature
aggregation, and a head for making predictions [35].

2.2.2 YOLO for Text Detection: Strengths and Limitations

YOLO’s speed and efficiency make it an attractive choice for real-time text detection
applications, including ALPR. Its ability to process the entire image at once provides
global context, which can be beneficial for distinguishing text from complex backgrounds
[24, 49, 34, 6].

However, standard YOLO architectures encounter several challenges when applied
specifically to text detection. Text lines often exhibit extreme aspect ratios and can be
very small, characteristics that might overlap [23]. Detecting densely packed or arbitrar-
ily shaped text instances, which are common in general scene text [44], can also prove
difficult for standard bounding box prediction mechanisms [53]. Furthermore, standard
YOLO models, without specific enhancements or tailored training strategies, are suscepti-
ble to significant performance degradation when input images are severely affected by blur,
noise, or other artifacts commonly found in vehicle text imagery[6].

2.3 Impact of Image Degradations on Text Recogni-

tion

The quality of input images is paramount for achieving accurate text detection and recogni-
tion. Images captured by vehicle-mounted cameras or surveillance systems frequently occur
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under non-ideal conditions, leading to various forms of degradation that can significantly
hinder performance [18].

Common degradations in vehicle text imagery include motion blur, defocus blur, sensor
noise, compression artifacts, and environmental factors. Motion blur arises from relative
movement between the camera and the license plate or from camera shake, especially
prevalent at high speeds or with longer exposure times, resulting in streaked characters
and indistinct edges [36, 82]. Defocus blur occurs when the plate is outside the camera’s
optimal depth of field, a common issue with fixed-focus surveillance cameras or incorrect
autofocus, leading to a general loss of sharpness and obscured fine character details. Sensor
noise, often exacerbated by low-light conditions, introduces random pixel intensity varia-
tions that can mask character details and compromise edge detection [19]. Lossy compres-
sion techniques like JPEG, employed for efficient storage and transmission, can introduce
blocking artifacts (grid-like patterns) and ringing artifacts (oscillations near sharp edges),
both of which distort character shapes. Additionally, environmental factors such as glare
from headlights or sunlight, reflections, partial occlusions from dirt or physical damage,
and adverse weather conditions like rain, haze, or snow can further diminish text legibility
[18]. These degradations, frequently occurring in combination, substantially impair both
detection recall and recognition accuracy, heavily affecting the structural similarity and
overall quality of the image, which are key aspects of image quality assessment [80]. Fig-
ure 2.1 provides an overview of challenges faced in real-world vehicle text detection and
classification.
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Figure 2.1: Challenges With Real-world Vehicle Text Detection and Classification

2.4 Image Restoration Techniques

Given the detrimental effects of image degradations on text understanding tasks, various
image restoration techniques have been developed. These aim to enhance image quality
either as a pre-processing step or as an integrated part of the recognition pipeline.

2.4.1 Classical Image Deblurring and Enhancement

Classical deblurring algorithms, such as Wiener filtering and Richardson-Lucy deconvo-
lution, attempt to reverse the blurring process. This typically involves estimating a blur
kernel, or Point Spread Function (PSF), and then deconvolving this kernel from the ob-
served image [19]. However, these traditional methods face several significant challenges
that limit their effectiveness in real-world scenarios. Many such methods operate under
the assumption of a single, spatially invariant blur kernel, an assumption that often does
not hold true for images affected by complex, non-uniform, or object-motion blur [36]. The
accurate estimation of the blur kernel itself is a critical and extremely difficult task; even
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minor inaccuracies in this estimation can lead to substantial deblurring artifacts, such as
ringing, or an undesirable amplification of existing image noise [36, 82]. Furthermore, the
performance of these classical techniques often depends heavily on meticulous parameter
tuning, including regularization weights, which may not generalize effectively across diverse
images or varying types of degradation [37]. An additional concern is that inherent image
noise can frequently be amplified during the deconvolution process[72]. Other classical en-
hancement techniques, like histogram equalization and various filtering methods, exist but
may offer insufficient improvement for severe or specific degradation types like significant
motion blur[19].

2.4.2 Deep Learning-based Image Restoration

Convolutional Neural Networks (CNNs) have demonstrated remarkable success in a vari-
ety of image restoration tasks, including deblurring, denoising, and super-resolution, by
learning complex mappings from degraded images to their clean counterparts using large
datasets [20, 35]. Many CNN architectures for deblurring, often inspired by the U-Net
architecture [62], are designed to either estimate the blur kernel or directly regress to a
deblurred image, showing capabilities to handle more complex and spatially varying blurs
than classical methods [50, 18]. For enhancing image resolution and recovering lost details,
super-resolution techniques, such as those employing efficient sub-pixel convolution layers
(often termed PixelShuffle), have proven effective [68, 56]. The choice of loss function
is critical in training these restoration models; while pixel-wise losses like L1 and L2 are
common, perceptual losses, which measure similarity in a deep feature space [70], often
yield more visually appealing results and achieve better preservation of important textural
details [29, 26]. Despite their power, applying these deep learning restoration models as
isolated pre-processing steps can introduce computational latency and may not be opti-
mal for subsequent recognition tasks. This is because errors from the restoration stage
can propagate, or the restoration process might not specifically emphasize features that
are critical for accurate text recognition [13]. Figure 2.2 depicts the deep learning image
enhancement application in vehicle text detection.
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Figure 2.2: Vehicle text recognition workflow with image enhancement

2.5 Existing Workflows in ALPR and Text Recogni-

tion

Several distinct workflows are commonly employed for ALPR and general vehicle text
recognition, each characterized by its own set of advantages and inherent limitations when
dealing with degraded imagery.

2.5.1 Workflow 1: Multi-Stage ALPR with Explicit Deblurring

This sequential approach typically involves first detecting the license plate or text region.
Following detection, a dedicated restoration network, which can be based on classical algo-
rithms or, more commonly, deep learning techniques [56, 66, 2], is used to explicitly deblur
or enhance the cropped image region. The restored image is then passed to a separate
character recognizer for OCR. Pourjam et al. [56] propose a network that first denoises
and enhances the cropped plate via an adversarial enhancement GAN, then upsamples it
with a super-resolution generative network for sharper input to OCR. Sendjasni et al. [66]
introduce a pixel-and-embedding-consistency loss for super resolution via a Siamese net-
work, but recognition remains a downstream, separately trained module and AlHalawani
et al. [2] leverage diffusion models to super-resolve plate images. However, this workflow
has several common limitations. Restoration networks may introduce new visual artifacts
or fail to perfectly reconstruct details, particularly when faced with severe or complex
blur types that were not well-represented in their training data [33]. Furthermore, any
errors or imperfections remaining after the restoration stage are directly propagated to the
recognition module, which can negatively impact the final recognition accuracy [13]. The
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sequential execution of multiple complex models inherently increases the overall processing
time, potentially creating a bottleneck for real-time applications [16].

2.5.2 Workflow 2: Multi-Stage ALPR with Robust Training (No
Explicit Deblurring)

A widely adopted alternative also utilizes separate detection and recognition models but
forgoes an explicit image restoration step [38, 49, 34, 85]. Silva et al. [49] and Laroca et al.
[34] proposed ALPR systems based on sequence of modified YOLO networks. Silva et al.
uses two distinct networks where one detects cars and license plates and the second one
to perform OCR. Laroca et al. used five networks for detection, and character recogition.
Zherzdev et al. [85] introduces a lightweight end-to-end convolutional network, optional
spatial transformer alignment, global context embedding for plate recognition. Li et al.
[38] employ a cascade of CNNs comprising of a 37-class character detector, plate/non-plate
classifier and a sequence labeller for character recognition. This workflow relies heavily on
training both the detector and the recognizer with extensive data augmentation [64]. This
augmentation process involves exposing the models to a wide variety of simulated degra-
dations, including different types of blurs, noise, lighting variations, and other distortions,
with the aim of making the models inherently robust to such conditions [69]. YOLO is
a frequently employed object detector within such robustly trained multi-stage pipelines
[49, 34, 6]. This approach has its limitations. The performance is heavily dependent on the
augmentation strategy accurately mirroring the diversity and severity of real-world condi-
tions; a mismatch can lead to a domain gap where models still perform poorly on unseen
degradation types. While robust training enhances resilience, there may be an inherent
performance ceiling when dealing with extremely degraded images [6, 79].

2.5.3 Workflow 3: End-to-End ALPR with Robust Training

This paradigm seeks to use a single, unified deep learning model to perform both text
region localization and character sequence recognition simultaneously [46, 7, 53]. Such
models are trained end-to-end, often incorporating significant data augmentation strate-
gies to achieve robustness against image degradations [53]. Bartz et al. [7] introduces
a unified semi-supervised text spotting model that integrates a spatial-transformer de-
tection head with a recognition branch and is trained end-to-end on both labeled and
unlabeled data. Wang et al. [53] present a rapid arbitrary-shaped text detector featuring
a lightweight segmentation head and learnable post-processing that plugs into end-to-end

14



recognition pipelines. Ma et al. [46] proposes an end-to-end light LP detection and recog-
nition network which fuses the detection module and recognition module to generate a
parallelogram bounding box with a rotating angle and recognize the characters. Similar to
the workflow 2, this approach also doesn’t consider the imperfections of the scene text and
cause loss of semantic information in scene text regions such as blurring and occlusions
[27]. To mitigate this issue, increased training complexity and data requirements are re-
quired. Optimizing a single, potentially very deep network for multiple distinct sub-tasks is
complex [21]. Moreover, feature sharing, while promoting computational efficiency, might
lead to performance trade-offs where the unified model does not achieve the absolute peak
performance on both detection and recognition when compared against highly specialized,
separate models optimized for each individual task [27]. Interpreting failure modes in these
complex end-to-end systems can also present greater difficulty [63].

2.6 Advanced Learning Strategies and Analysis

2.6.1 Multi-Task Learning in Computer Vision

Multi-Task Learning (MTL) is a learning paradigm wherein a single model is trained to
perform multiple related tasks concurrently. This is typically achieved by sharing parts
of the network architecture, such as early layers for common feature extraction, while
employing task-specific heads for generating the final predictions for each task [10, 63].
Key characteristics of MTL include the use of shared representations, where common,
generalizable features useful for all tasks are learned. This can be realized through hard
parameter sharing, where lower layers are shared before branching out, or soft parameter
sharing , where each task has its own model but parameters are constrained to encourage
similarity [10, 63]. The model optimizes a combined objective function, usually a weighted
sum of losses from individual tasks [3].

There are several benefits for MTL. It can lead to improved data efficiency by leveraging
training signals from all tasks, as knowledge gained for one task can implicitly aid related
tasks [46]. It encourages the learning of more robust and generalizable representations
because these features must be effective across different objectives, thereby acting as a
form of regularization that can reduce overfitting compared to single-task training [8].
Furthermore, MTL can result in models with fewer total parameters and potentially faster
inference times due to shared computations, compared to deploying multiple independent
models. MTL has found successful applications in various computer vision problems, such
as joint object detection and recognition [14, 46, 7, 53].
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2.6.2 Feature Visualization and Analysis with t-SNE

t-Distributed Stochastic Neighbor Embedding (t-SNE) is a widely used dimensionality
reduction technique designed for visualizing high-dimensional datasets in a low-dimensional
space, typically two or three dimensions. It operates by modeling similarities between
high-dimensional data points as conditional probabilities and then seeks a low-dimensional
embedding that minimizes the divergence between these respective probability distributions
[77].

Applying t-SNE allows for the analysis of class separability by visualizing whether fea-
tures corresponding to different object classes form distinct, well-separated clusters in the
embedded space; such clustering indicates that the network has learned discriminative fea-
tures. It also enables an understanding of layer-wise feature evolution, showing how the
network progressively transforms raw input data into more abstract and separable repre-
sentations [32]. Furthermore, t-SNE can aid in debugging models by helping to identify
potential issues, such as classes that are consistently confused by the model, which might
manifest as significantly overlapping feature clusters in the t-SNE visualization [75]. How-
ever, effective use and interpretation of t-SNE plots require careful consideration of its
hyperparameters and an awareness of its limitations, as it primarily focuses on preserving
local data structure, meaning the global arrangement and relative sizes of clusters can
sometimes be misleading [81].
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Chapter 3

Detailed Problem Formulation

This chapter elaborates on the problem addressed in this thesis which is the robust detec-
tion and recognition of text from degraded images, with a specific focus on vehicle text
detection. It begins by outlining the overall system objectives, defining the inputs, desired
outputs, and the unified mapping approach in Section 3.1. Following this, Section 3.2
meticulously breaks down the composite loss function used to train the proposed YOLO
CRNet model. This includes detailed explanations of the detection loss (Ldet) in Sub-
section 3.2.1, the reconstruction loss (Lrecon) and its components in Subsection 3.2.2, and
the classification loss (Lcls) in Subsection 3.2.3. Finally, Section 3.3 describes the overall
training objective, the dataset structure, and the optimization strategy employed.

3.1 System Overview and Unified Mapping

The central challenge is to accurately detect and transcribe text from images that are
frequently damaged by real-world degradations such as motion blur, defocus blur, sensor
noise, and compression artifacts. These issues are particularly prevalent in Automatic
License Plate Recognition (ALPR) scenarios and significantly impair the performance of
traditional systems. This work proposes a unified framework, YOLO CRNet, designed to
concurrently perform text detection, image reconstruction, and character sequence recog-
nition in an end-to-end fashion.

Let Xblur ∈ RH×W×3 represent an input blurred image, where H and W are its height
and width, respectively, and 3 denotes the RGB color channels. The corresponding original,
non-degraded (sharp) version of this image is denoted by X ∈ RH×W×3. Each image Xblur
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and its sharp counterpart X is assumed to contain N ≥ 0 text instances. For each text
instance i in an image, ground-truth annotations are available, denoted as (b⋆i , y

⋆
i ), where

b⋆i ∈ R4 is the ground-truth bounding box outlining the spatial dimensions of the text, and
y⋆i is the corresponding ground-truth character (label) for that text instance.

The core objective is to learn a unified mapping function, fθ, parameterized by a set of
learnable weights θ (representing our YOLO CRNet model), that takes the blurred input
image Xblur and produces a comprehensive set of outputs. This mapping is defined as:

fθ : Xblur 7−→
{

(bi, pi)
}Mp

i=1
× X̂ × {ci}Mp

i=1 (3.1)

where Mp is the number of text instances predicted by the model. The specific outputs,
corresponding to the different heads of the YOLO CRNet architecture are:

•
{

(bi, pi)
}Mp

i=1
: The output of the text detection task. Each bi ∈ R4 is a predicted

bounding box, and pi is its associated confidence score (indicating text presence and
localization precision). This is handled by the YOLOv8 detection head.

• X̂: The reconstructed image, X̂ ∈ RH×W×3, generated by the reconstruction model
component. It aims to restore Xblur to approximate the original sharp image X.

• {ci}Mp

i=1: The output of the text recognition task. For each detected region bi, ci is
the predicted character sequence, produced by the classification model component
operating on enhanced features.

3.2 Loss Function Formulation

The parameters θ of the entire YOLO CRNet are optimized by minimizing a composite
loss function Ltotal. This loss integrates objectives from the three primary tasks: detection,
reconstruction, and classification. The overall structure of this multi-task loss is:

Ltotal = Ldet + λreconLrecon + λclsLcls (3.2)

Here, Ldet, Lrecon, and Lcls represent the loss terms for detection, reconstruction, and
classification, respectively. The hyperparameters λrecon and λcls are crucial scalar weights
that balance the contribution of the reconstruction and classification tasks relative to the
primary detection task and to each other during joint optimization. Each loss component
is detailed in the following subsections.
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3.2.1 Detection Loss (Ldet)

The text detection loss, Ldet, is responsible for training the network to accurately localize
text instances within the input image. This component is based on the standard loss
function utilized in the YOLOv8 object detection framework [24, 57]. The YOLOv8 loss
is itself a multi-component loss that typically includes:

Ldet =

Mp∑
i=1

LCIoU(bi, b
⋆
i )︸ ︷︷ ︸

box
regression

+

Mp∑
i=1

LDFL(bi, b
⋆
i )︸ ︷︷ ︸

distribution
focal loss

+

Mp∑
i=1

BCE(pi, p
⋆
i )︸ ︷︷ ︸

objectness
loss

(3.3)

• Bounding-box regression (CIoU). Complete Intersection over Union (CIoU) loss
penalizes overlap, center-distance, and aspect-ratio mismatches for tighter localiza-
tion.

• Distribution Focal Loss (DFL). Models each box edge as a discrete distribution
over bins, improving boundary precision.

• Objectness loss. Binary Cross-Entropy (BCE) loss measures the performance of
a binary classification model. BCE on pi trains the network to distinguish “object”
(text) vs. background.

End-to-End Learning Because detection happens on X̂ and all YOLOv8 parameters
remain trainable, gradients from Ldet flow back through both the detection head and the
reconstruction head. This joint update encourages reconstructions that not only look sharp
but also yield accurate detections.

3.2.2 Reconstruction Loss (Lrecon)

The image reconstruction loss, Lrecon, weighted by λrecon, guides the reconstruction head of
YOLO CRNet to transform the input blurred image Xblur into an enhanced image X̂ which
is a restoration of the original sharp image X. This loss is a carefully designed combination
of pixel-wise losses and a perceptual loss to ensure both fidelity at the pixel level and
preservation of higher-level image characteristics. Specifically, L1 loss and Perceptual loss
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are typically weighted higher compared to L2 loss to encourage sharp reconstructions while
maintaining stability. The formulation is:

Lrecon = w1LL1(X̂,X) + w2LL2(X̂,X) + w3Lperc(X̂,X) (3.4)

where w1, w2, w3 are weighting coefficients for each component, with w1 and w3 typically
being larger than w2.

Pixel-wise Losses (LL1 and LL2) These losses measure the direct discrepancy between
the pixel values of the reconstructed image X̂ and the original sharp image X.

• The L1 loss (Mean Absolute Error) is defined as:

LL1(X̂,X) =
1

CHW

C∑
c=1

H∑
h=1

W∑
w=1

|Xc,h,w − X̂c,h,w| (3.5)

L1 loss is known for encouraging sharpness in the reconstructed images and being
less sensitive to outliers compared to L2 loss [15].

• The L2 loss (Mean Squared Error) is defined as:

LL2(X̂,X) =
1

CHW

C∑
c=1

H∑
h=1

W∑
w=1

(Xc,h,w − X̂c,h,w)2 (3.6)

L2 loss penalizes larger errors more heavily and can contribute to smoother recon-
structions and optimization stability, though it may sometimes lead to blurrier results
if used weighted too highly [15].

Perceptual Loss (Lperc) The perceptual loss aims to capture a higher-level notion of
similarity based on semantic features rather than just raw pixel values [15, 29]. A pre-
trained deep convolutional neural network, typically VGG19 [70], is used as a fixed feature
extractor. Both the reconstructed image X̂ and the ground-truth sharp image X are passed
through this network. Feature maps are extracted from one or more intermediate layers of
the VGG19 network. The perceptual loss is then calculated as the squared Euclidean (L2)
distance between these corresponding feature map activations:

Lperc(X̂,X) =
∑
j

1

CjHjWj

∥ϕj(X̂) − ϕj(X)∥22 (3.7)
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where ϕj(·) represents the feature map extracted from the j-th selected layer of the VGG19
network, and Cj, Hj,Wj are the dimensions (channels, height, width) of that feature map.
This feature-space distance encourages the reconstructed image to be perceptually similar
to the ground truth, often leading to more visually realistic results.

3.2.3 Classification Loss (Lcls)

The text-recognition head operates on features cropped from the YOLOv8 feature maps at
the ground-truth box locations for each character. Concretely, for each detected instance
i and each character position j, we:

Extract the multi-scale feature maps {F n}Nn=1 from the YOLO backbone. Crop each
F n ∈ RCn×Hn×Wn spatially using the j–th ground-truth box b⋆i,j, yielding F̃ n

i,j. Apply

average pooling to F̃ n
i,j (over its Hn×Wn spatial dims) to obtain a channel vector vni,j ∈ RCn .

Concatenate {vni,j}Nn=1 into a single 1-D feature zi,j ∈ R
∑

n Cn . Pass zi,j through the classifier
head, producing logits ℓi,j ∈ RK , where K is the size of the character vocabulary.

Let the ground-truth character at position j be y⋆i,j ∈ {1, . . . , K}. We apply the stan-
dard cross-entropy loss at each position:

Lcls =

Mp∑
i=1

Li∑
j=1

− log
(
softmax(ℓi,j) y⋆i,j

)
(3.8)

where Li is the number of characters in instance i, and softmax(ℓ)k denotes the k–th entry
of the softmax over ℓ. Finally, we weight by λcls in the total loss (Eq. 3.3) to balance
against detection and reconstruction.

This formulation ensures that the classifier head trained end-to-end along with the
YOLO backbone and reconstruction head, learns to map cropped, YOLO features directly
to character probabilities via cross-entropy.

3.3 Training Objective

The overall training objective is to find the optimal set of network parameters θ⋆ that
minimizes the total composite loss Ltotal (defined in Equation 3.3) over the entire training

dataset D. The dataset D = {(X
(k)
blur, X

(k), {(b
(k)
i , y

(k)
i )})}Mk=1 consists of M tuples, each

containing an input blurred image X
(k)
blur, its corresponding original sharp version X(k), and

the set of ground-truth text bounding boxes and character labels for that image.
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Chapter 4

Exploratory Data Analysis

This chapter presents a detailed exploratory data analysis (EDA) foundational to the
experimental work in this thesis. The primary aim of this EDA is to understand the char-
acteristics of the dataset used for training and evaluation, and to investigate the inherent
separability of character classes based on features extracted from the YOLO architecture.
Section 4.1 begins by describing the synthetic dataset constructed for this research, in-
cluding its generation process and annotation details. Following this, Section 4.2 delves
into an extensive class separability analysis; this includes the methodology for extracting
feature embeddings from various YOLO layer configurations, the specifics of the t-SNE di-
mensionality reduction technique employed, the criteria for evaluating cluster quality, and
a presentation of the resulting t-SNE visualizations. Finally, Section 4.3 examines data
imbalances and the challenges posed by visually ambiguous character groups, discussing
the overall label distribution, identifying specific ambiguous character sets, outlining their
impact on model training, and briefly touching upon mitigation strategies considered.

4.1 Dataset Description

We constructed a fully synthetic dataset of paired sharp and blurred images to train and
evaluate YOLO CRNet. Each image pair consists of a sharp, ground-truth image and a
corresponding synthetically blurred version. Sharp images are generated on a 512 × 512
pixel, 8-bit grayscale canvas (96 dpi) by rendering random sequences of alphanumeric
characters drawn from 62 classes (digits [0–9], lowercase [a–z], uppercase [A–Z]). To
increase variability, character appearance is randomized through multiple font selections,
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scale factors, rotations and spatial placements, and salt-and-pepper noise of varying density
is added as background clutter.

Blurred images are produced by applying a synthetic motion-blur kernel to each sharp
image. The kernel length is sampled uniformly from the odd integers {3, 5, . . . , 19} pixels,
and its orientation is drawn uniformly from the full angular range [0◦, 360◦). This process
emulates real-world motion artifacts and challenges the components of the model.

Ground-truth annotations for each character instance consist of one line per character
with five space-separated values: the class index (0–61) followed by the normalized bound-
ing box coordinates (xctr, yctr,width, height), where xctr, yctr denotes the center coordinates
of the bounding box and width, height denotes the width and height of the bounding box
respsectively.

Figure 4.1: Sharp Image samples from the dataset
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Figure 4.2: Blur Image samples from the dataset

4.2 Class Separability Analysis

To assess the character class separability of our YOLO feature embeddings, we performed
a detailed t-SNE visualization study on the processed feature vectors. In what follows, we
describe the dataset used for t-SNE visualization, embedding extraction pipeline, YOLO
layer configurations experimented, dimensionality reduction procedure, and evaluation cri-
teria.

4.2.1 Dataset and Preprocessing

The training set comprises 10 428 images containing 59 323 annotated characters spanning
62 classes (10 digits, 26 uppercase, 26 lowercase).

1. Each image has corresponding ground truth bounding boxes bj = (xj, yj, wj, hj) for
character j.

2. Bounding boxes are used to crop the corresponding spatial regions from the YOLO
feature maps (see Section 4.2.2).
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4.2.2 Feature Embedding Extraction

The input image is passed through a pretrained YOLO detector, and we select a subset of
layers

L = { i1, i2, . . . , iL}

from which to extract feature maps. For each layer i ∈ L, let feature map be

Fi ∈ RHi×Wi×Ci

denote its output, where

• Hi is the feature map height,

• Wi is the feature map width,

• Ci is the number of channels.

Each character instance j ∈ {1, . . . , N} has a ground-truth bounding box

bj = (xj, yj, wj, hj),

where

• xj and yj are the center coordinates of the box in the feature map frame,

• wj and hj are the box’s width and height (in feature map pixels).

We crop the feature-map to extract

F
(bj)
i ∈ Rhj×wj×Ci ,

the region of Fi centered at (xj, yj) with spatial dimensions hj×wj.

We then apply channel-wise average pooling over the cropped spatial dimensions:

f
(j)
i =

1

hj wj

hj∑
u=1

wj∑
v=1

F
(bj)
i (u, v, :) ∈ RCi ,

where this average pooling operation computes, for each channel C, the arithmetic mean of
the hj ×wj activations in that channel’s crop. Basically, it sums the feature responses over
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all spatial locations (u, v) within the bounding box region and divides by hjwj, yielding

a single representative scalar per channel. The result is a Ci-dimensional vector f
(j)
i that

summarizes the spatial content of layer i for character instance j.

Finally, we concatenate these per-layer vectors across all i ∈ L:

f (j) =
[
f
(j)
i

]
i∈L ∈ R

∑
i∈L Ci ,

so that the length of the final embedding for each character j is
∑

i∈L Ci.

Figure 4.3 depicts the Feature Embedding Extraction workflow for t-SNE Plot visual-
ization.

Figure 4.3: Feature Embedding Extraction workflow for t-SNE Plot visualization

4.2.3 YOLO Layer Configurations

We evaluated five distinct YOLO layer configurations L to understand how shallow vs.
deep features affect class separability. Table 4.1 provides the YOLO layer configurations
with its ID and depth within the YOLO network architecture.

4.2.4 Dimensionality Reduction via t-SNE

We apply t-SNE to the full set of cropped high-dimensional embeddings

{f (j)}Nj=1, f (j) ∈ RD, here,N = 59,323,
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Configuration ID YOLO Layers Layer Category
A [1, 2, 4, 10, 13, 16] Early Backbone, Early Neck, Deep Neck
B [1,2,3,4,5] Early Backbone
C [8, 9, 10, 13, 16] Deep Backbone, Neck
D [9,10,16,19,20] Deep Backbone, Various Neck Layers
E [16,17, 19,20] Various Neck Layers

Table 4.1: YOLO Layer Configurations

where each f (j) is the j-th feature vector of dimensionality D. We fix the number of
gradient-descent iterations to 3000. We sweep the perplexity parameter

p ∈ {30, 40, 50},

which controls the effective number of local neighbors in the high-dimensional space, and
select p = 50 for all reported plots as it clusters the best.

t-SNE first converts pairwise Euclidean distances in the original space into conditional
probabilities

pj|i =
exp

(
−∥f (i) − f (j)∥2/2σ2

i

)∑
k ̸=i exp

(
−∥f (i) − f (k)∥2/2σ2

i

) ,
where each bandwidth σi is chosen so that the Shannon entropy of the distribution {pj|i}j
equals log2 p, i.e.

Perp(Pi) = 2−
∑

j pj|i log2 pj|i ≈ p.

The joint high-dimensional similarity is symmetrized as

pij =
pj|i + pi|j

2N
.

In the low-dimensional map {yi}Ni=1 ⊂ R2, similarities are measured with a Student
t–distribution (one degree of freedom) to allow heavier tails:

qij =

(
1 + ∥yi − yj∥2

)−1∑
k ̸=ℓ

(
1 + ∥yk − yℓ∥2

)−1 .

The embedding {yi} is found by minimizing the Kullback–Leibler divergence

C =
∑
i ̸=j

pij log
pij
qij
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via gradient descent. During the first phase, the pij are multiplied by a constant (default
4) to encourage formation of tight clusters. To scale to large N , scikit-learn’s Barnes–Hut
approximation reduces the cost of computing all pairwise forces from O(N2) to O(N logN)
by organizing points in a quadtree [76].

4.2.5 Evaluation Criteria

The quality of the feature representations learned by the model for individual characters,
is primarily assessed through qualitative visual examination. This assessment centers on
the structural characteristics of the clusters formed by feature vectors corresponding to
characters of the same class when embedded into a 2D space. Two principal aspects of
cluster quality are scrutinized: compactness and separation.

Compactness (Intra-Class Variance) Compactness refers to the degree of cohesion
among data points (feature vectors) that belong to the same character class within the
t-SNE visualization. A high level of compactness implies that the learned features for a
given character are consistent and closer in the feature space, despite variations in the input
images such as differing fonts, minor noise levels, or distortions. Visually, in the t-SNE
plot, compact clusters manifest as dense, tightly-knit groupings of points sharing a common
label. The analysis focuses on the intra-class variance observed in the 2D embedding. Low
intra-class variance suggests that the model has effectively learned a feature representation
that is robust to variations and can consistently map instances of the same character to a
localized region in the feature space. Conversely, scattered or diffuse clusters for a single
character class would indicate higher intra-class variance, implying less discriminative for
that particular character.

Separation (Inter-Class Margins and Overlap) Separation evaluates how distinct
and well-distanced the clusters representing different character classes are from one an-
other in the t-SNE plot. Effective separation implies that the learned features for different
characters are sufficiently dissimilar, which is crucial for enabling a subsequent classifier
to accurately distinguish between them with high confidence. The visual assessment of
separation involves examining the inter-cluster margins and the extent of overlap between
clusters. Ideally, clusters corresponding to different characters should be clearly separated
by margins or regions of lower point density between them. Wider margins are indicative
of superior feature discriminability, suggesting that a decision boundary implemented by
a classifier in this feature space would be clearer. Significant overlap or intermingling of
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points from clusters of different character classes signals feature ambiguity. For instance, if
the t-SNE plot reveals substantial overlap between the clusters for visually similar charac-
ters (e.g., ’O’ and ’0’, or ’I’ and ’l’), it implies that the learned features for these characters
lack sufficient distinction. Such ambiguity would likely correlate with higher confusion
rates during the classification stage. The nature and extent of this overlap for various
character pairs form a key aspect of this qualitative analysis.

4.2.6 Visualizations

Figure 4.4 and 4.5 shows the different t-SNE plots for all labels and all digits with different
YOLO layer configuration respectively.

Figure 4.4: t-SNE plots for all labels with different YOLO layer configurations (A-E)
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Figure 4.5: t-SNE plots for all digits with different YOLO layer configurations (A-E)

From the figures 4.4 and 4.5 we can observe that Configuration A consistently yielded
the tightest, most isolated clusters, guiding our final choice of layers for the classification
head. The t-SNE plot analysis indicates that the features that distinguish the classes
in the dataset are low-level visual properties like basic outlines, corners, curves, stroke
thickness, and serifs that are best captured by the initial layers of the YOLO backbone.
The deeper layers (later backbone, neck, head) learn increasingly abstract and complex
representations. YOLO’s later layers are tailored to feed the detection heads, predicting
bounding boxes, objectness, and class probabilities for detected objects. These features
encode strong spatial information that aren’t as relevant for the classification task. The
character classification relies on global texture, color and shape rather than localized ob-
jects. The combination of strong signals from early layer and signals from later backbone
and neck is ideal to learn features relevant for character classification.
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4.3 Imbalance Analysis and Ambiguous Character Sep-

arability

In this work, we observe two closely-related challenges in training a generalized classifier:
(1) a class imbalance across the labels; and (2) the presence of visually ambiguous character
groups that further increase classification errors. Below we quantify both phenomena and
discuss their implications.

4.3.1 Overall Label Distribution

Figure 4.6 shows the per-class occurrence counts for all 62 alphanumeric labels in our
dataset. On average, uppercase letters (A–Z) appear roughly 1400-1800 times each, digits
(0–9) around 800-900 times, and lowercase letters (a–z) only about 300-400 times. This
corresponds to a ∼5× imbalance between the most and least frequent classes, which can
bias standard training objectives toward majority classes and degrade performance on
minority ones.

Figure 4.6: Histogram of label occurrences for digits (0–9), lowercase (a–z), and uppercase
(A–Z) characters.
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4.3.2 Ambiguous Character Groups

Beyond global frequency skew, certain small sets of characters share very similar visual
appearance, making them especially prone to misclassification. Table 4.2 lists the six
ambiguous groups studied in this work. We projected YOLO feature-map activations into
2D via t-SNE, as discussed in section 4.2, to assess how well each group separates in feature
space (Figure 4.7).

Group ID Characters analyzed
A [O,o,o]
B [1,1,i]
C [2,z,Z]
D [i,I,L]
E [5,s,S]
F [c,C,G]

Table 4.2: Ambiguous character configurations evaluated via t-SNE.
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Figure 4.7: t-SNE embeddings of feature vectors for each ambiguous group (A–F). The
colored points correspond to the different character clusters. Some groups (e.g. E, F) form
well-separated clusters, while others (e.g. B, D) exhibit significant overlap.

4.3.3 Impact on Model Training

The combined effect of class imbalance and ambiguity is two-fold:

• Majority-class bias. Standard cross-entropy will be dominated by well-represented
uppercase classes, causing the model to underfit minority lowercase characters and
digits.

• Ambiguity-induced confusion. Overlapping feature clusters in t-SNE indicate
that the network’s embedding space does not sufficiently discriminate among these
visually similar characters, leading to high misclassification rates.

4.3.4 Mitigation Strategies

To address these challenges, we integrate the following measures into our training pipeline:

33



• Enhanced Class Separability. We inspected YOLO’s intermediate feature layers
via t-SNE, and selectively chose those layers whose embeddings produce the most
distinct class clusters for feature extraction and loss computation.

• Shared Representations via Multi-task Learning. Multi-task learning forces
the model to learn features that are useful across different, related tasks. This shared
representation can better capture subtle differences, such as those between ambiguous
character pairs.

• Regularization through Auxiliary Tasks. By training on detection, reconstruc-
tion and classification tasks simultaneously, YOLO model is regularized, guiding the
network to learn more general features, not just the dominant classes.

• Feature Discrimination via Reconstruction Attention. The reconstruction
head compels the model to focus on fine spatial and structural details (e.g. stroke
endings, curvature), which are critical for distinguishing between characters like l

vs. 1 or c vs. G. This attention helps the network differentiate between very simi-
lar characters by emphasizing unique patterns and details that might otherwise be
overlooked.

By combining these strategies, we significantly reduce the adverse effects of data im-
balance and ambiguity, yielding a more uniform performance across all character classes.

Additionally, the evaluation metrics used to assess model performance should take into
account the imbalance in class labels by providing more importance to achieving accurate
prediction results on the minority class[20].
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Chapter 5

Methodology

This chapter describes the design and implementation of the proposed YOLO CRNet
framework. Section 5.1 presents the overall pipeline architecture and training flow; Sec-
tion 5.2 details the YOLO backbone, neck, and head components and their feature rep-
resentations; Section 5.3 describes the classifier head architecture, input features, design
rationale, and training loss; Section 5.4 outlines the reconstruction head workflow, archi-
tectural configurations, loss functions, and overfitting prevention strategies.

5.1 Pipeline

Our proposed YOLO CRNet extends the standard YOLO framework with two parallel
heads: a reconstruction head and a classification head which are trained in a unified,
multi-task fashion. Figures 5.1 and 5.2 illustrate the high-level architecture and the end-
to-end training flow, respectively.

5.1.1 Architecture Overview

Training images are first passed through a standard YOLO backbone, which produces deep
feature maps encoding spatial and semantic cues. These shared features then branch into
two heads:

• Reconstruction Head A lightweight decoder that upsamples and refines the back-
bone’s feature maps to reconstruct an enhanced image. By learning to recover a
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sharp image from degraded input, this head encourages the backbone to capture
fine-grained structural details.

• Classification Head A classification head built on the same feature maps. It lever-
ages representations potentially enriched by the reconstruction task, yielding more
accurate object class predictions in an end-to-end pipeline.

Embedding the reconstruction head directly into YOLO is our first key contribution,
enabling simultaneous image reconstruction and detection from shared features. Our sec-
ond contribution is the integrated classification head, which benefits from those enhanced
features.

Figure 5.1 depicts the architecture overview of YOLO CRNet.

Figure 5.1: Architecture of the proposed YOLO CRNet model

5.1.2 Training Flow

A blurred image is fed into the reconstruction head. The head outputs a reconstructed
image, which is compared against the ground-truth sharp image. This reconstruction loss
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forces the network to capture fine details and low-level textures. The reconstructed image
is re-encoded through the same YOLO backbone into a processed feature vector. The
feature vectors are cropped using the ground truth bounding boxes. The classification head
transforms these features into predicted labels. A standard cross-entropy loss is computed
against the true label. Jointly training both tasks acts as a regularizer, encouraging the
backbone to learn features that are simultaneously good for reconstructing fine detail and
for discriminative detection.

Figure 5.2 depicts the training workflow of YOLO CRNet.

Figure 5.2: YOLO CRNet flow diagram

5.2 YOLO: Architecture and Feature Representation

The You Only Look Once (YOLO) framework represents a significant advancement in
real-time object detection by reformulating the detection problem as a single regression
task, rather than relying on traditional multi-stage pipelines that involve separate region
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proposal generation and subsequent classification [57]. This unified approach processes the
entire input image in one forward pass through a convolutional neural network (CNN),
making YOLO both exceptionally fast and efficient. YOLOv8 stands out from its pre-
decessors with its anchor-free design. This means that instead of relying on predefined
anchor boxes, it directly predicts the likelihood of objects being present using a sigmoid
function and then uses a threshold to identify the actual target objects. A key innovation
in YOLOv8 is the use of the Task Aligned Assigner, which helps in efficiently assigning
targets during the single-stage detection process. To further boost detection accuracy,
particularly for the bounding box regression, YOLOv8 employs Distribution Focal Loss
[40]. This specific loss function helps the network better handle situations where there’s an
imbalance between object categories or many background examples, allowing it to concen-
trate more effectively on learning the precise locations of objects. Alongside this, it uses
the Complete Intersection over Union (CIoU) loss function [84] to accurately measure the
overlap between the predicted bounding boxes and the actual ground-truth boxes. These
advancements collectively contribute to YOLOv8’s strong performance in object detection
tasks. YOLOv8 consists of three main components: Backbone, Neck and Head [65, 30] as
depicted in Figure 5.3.
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Figure 5.3: YOLOv8 architecture [65]

Backbone: Hierarchical Feature Extraction

The backbone is the foundational component of the YOLO architecture, responsible for
extracting essential visual features from the input image at various spatial resolutions and
semantic depths. It processes the input image to create hierarchical feature maps. The
early layers in the backbone are designed to learn fine-grained spatial information, such
as edges, corners, and textures, while, deeper backbone layers, with larger receptive fields,
learn more abstract and strong semantic information. The backbone part consists of Conv,
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C2f, and SPPF modules, designed to extend network depth and the receptive field, enabling
the fusion of local and global features [65, 30].

• Convolutional Layers (Conv): Standard convolutional layers, often referred to as
ConvBiSiLU (CBS), form the fundamental building blocks. These layers perform
convolution operations on the input images or preceding feature maps, typically us-
ing 3x3 kernels for feature learning and 1x1 kernels for channel adjustments. Strided
convolutions are used for downsampling, progressively reducing spatial dimensions
while increasing the depth of feature representation. These Conv modules are in-
strumental in initial feature extraction and assist other modules like C2f in their
operations. Similar to its predecessors like YOLOv5 [28], these layers are crucial for
capturing low-level features such as edges and textures in the early stages, and more
complex patterns in deeper stages.

• CSP (Cross Stage Partial) Bottleneck with 2 convolutions (C2f): A significant module
in the YOLOv8 backbone is the C2f block. It is designed as a lightweight convolu-
tional structure, offering an advancement over the C3 module found in YOLOv5. The
C2f module aims to enrich the gradient flow within the model by establishing more
cross-layer connections (shortcuts). This design enhances the ability of the network
to express vital features through its dense and residual structures. Operationally,
the C2f module often involves splitting feature maps and processing them through
parallel branches, followed by concatenation and fusion. It strategically changes the
number of channels using split and concatenate operations, guided by scaling coeffi-
cients, which effectively reduces computational complexity and model capacity.

• SPPF (Spatial Pyramid Pooling Fast): Located towards the end of the backbone,
the SPPF module plays a critical role in increasing the network’s sensitivity to ob-
jects of varying scales and capturing multi-level contextual information. Consistent
with its implementation in architectures like YOLOv5 [28], the SPPF module applies
multiple max-pooling operations with different kernel sizes in parallel to the same
input feature map. The outputs of these pooling layers are then concatenated and
processed, to produce an output feature map that adaptively incorporates informa-
tion from different receptive field sizes. This enables the model to capture the feature
information of different levels in the images to produce an adaptive-sized output.

Neck: Multi-Scale Feature Fusion

Following the backbone, the neck component of YOLOv8 is dedicated to multi-scale feature
fusion. The Neck part includes C2f (without shortcut), concatenation and upsampling
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modules, integrating feature maps at different scales through a PANet and C2f module,
promoting vertical information fusion. It takes the hierarchical feature maps produced
by the backbone and combines them to generate feature pyramids that are rich in both
semantic information (from deeper layers) and spatial detail (from shallower layers). This
fusion enables the detection of objects across various sizes and resolutions. The fusion
creates refined feature pyramid maps that contain both spatial and semantic information.
The neck produces feature maps at multiple resolution levels (P3, P4, P5 corresponding
to strides 8, 16, 32 relative to the input image size) that are fed into the detection heads
[65, 30].

YOLOv8 employs structures inspired by Feature Pyramid Networks (FPN) [41] and
Path Aggregation Network (PANet) [42]. This FPN-PANet architecture facilitates a bi-
directional flow of information. The FPN-PANet structure and C2f (without shortcut)
modules fuse feature maps of different scales from the three stages of the backbone, aggre-
gating shallow information to deep features.

Head: Prediction Generation

The head component is responsible for taking the fused multi-scale feature maps from the
neck and generating the final predictions, which include bounding box coordinates, ob-
jectness scores, and class probabilities. The original YOLOv8 has three detecting heads
with respective dimensions in height and width of 20*20, 40*40 and 80*80. YOLOv8 em-
ploys several key design choices in its head architecture to enhance detection performance
[65, 30].

• Decoupled Head: The head structure is decoupled, meaning that separate branches or
sub-networks are used for the classification task and the regression (localization) task.
This design choice aims to alleviate the potential conflict between these two distinct
objectives, allowing each branch to specialize and potentially leading to improved
accuracy for both tasks.

• Anchor-Free Mechanism: YOLOv8 adopts an anchor-free detection mechanism. Un-
like anchor-based detectors that rely on a predefined set of anchor boxes with varying
scales and aspect ratios, anchor-free methods directly predict object properties (like
center points or corner points, and dimensions) without these priors. This approach
can simplify the detection pipeline, reduce the number of hyperparameters related
to anchors, and improve the detection performance for objects with irregular heights
and widths or extreme aspect ratios.
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Figure 5.4: Figure shows samples of features from YOLO layers 1 (YOLO Early Backbone)
and 16 (YOLO Neck) respectively, where 32 channels are plotted.

5.3 Classifier Head

In this work, we first extract the feature embedding from YOLO as explained in 4.2.2
followed by employing a light weight multi-layer perceptron (MLP) as the classifier head
to map each pooled feature vector to one of the character classes. The overall data flow is
illustrated in Figure 5.5, and the detailed MLP architecture is shown in Figure 5.6.

Figure 5.5: YOLO CRNet classification flow diagram.

5.3.1 Architecture

The classifier head takes as input the N pooled channel-wise feature vectors (each of
dimension C) obtained by average-pooling the character bounding-box regions (explained
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in 4.2.2). These 1D vectors are concatenated into a single feature tensor of shape (N,C)
and then flattened into one long vector of length N×C. This vector is fed into a two-stage
MLP, each stage comprising:

The classifier head within the YOLO CRNet architecture is designed as a Multi-Layer
Perceptron (MLP). Its primary function is to take the N pooled channel-wise feature
vectors (each of dimension C) obtained by average-pooling the character bounding-box
regions (explained in 4.2.2), and to output class logits suitable for character recognition. As
depicted in Figure 5.6, the classifier head consists of repeating hidden blocks, culminating
in a final output layer that predicts the character classes. Each hidden block is typically
composed of a sequence of a fully-connected layer, batch normalization, a ReLU activation
function, and a dropout layer.

Fully-Connected Layer A fully-connected layer, also termed a dense layer, is a foun-
dational element in neural networks where each neuron in the input is connected to every
neuron in the current layer. For an input vector x, the output y is computed via a linear
transformation

y = Wx + b (5.1)

where W is the weight matrix and b is the bias vector of the layer. These layers serve
as powerful function approximators, capable of learning intricate, non-linear relationships
within the data [20]. The dense layers transform the input feature vector into more abstract
feature spaces, aiming to enhance the separability of different character classes.

Batch Normalization (BN) Following each dense layer, Batch Normalization (BN) is
applied. Introduced by Ioffe and Szegedy [25], BN normalizes the output of the previous
layer by re-centering and re-scaling. Specifically, it standardizes the activations to have
zero mean and unit variance, and then applies learnable scale (γ) and shift (β) parameters.
This technique addresses the issue of internal covariate shift, where the distribution of
layer inputs changes during training due to updates in preceding layers. The benefits
of BN include acceleration of the training process, allows for the use of higher learning
rates, reduces the sensitivity of the network to parameter initialization, and can act as a
regularizer.

ReLU (Rectified Linear Unit) Activation The Rectified Linear Unit (ReLU) is the
non-linear activation function employed after Batch Normalization. It is defined as

f(x) = max(0, x) (5.2)
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outputting the input directly if positive, and zero otherwise. The inclusion of non-linear
activation functions like ReLU enables the network to learn complex, non-linear mappings
from input features to output classes, which linear models alone cannot capture. ReLU
has gained widespread adoption due to its computational simplicity and its efficacy in
mitigating the vanishing gradient problem, by maintaining a non-saturating gradient for
positive inputs [51].

Dropout Dropout is a regularization technique implemented to prevent overfitting in
the network [71]. During the training phase, a random subset of neurons in the dropout
layer is temporarily ignored with a specified probability. This prevents neurons from co-
adapting too much and forces the network to learn more redundant features that are not
overly dependent on the presence of any single neuron. This enhances the generalization
capability of the character classifier head.

Output Layer The output from the final dropout layer in the last hidden block is then
fed into a concluding dense layer. This terminal dense layer has an output dimension equal
to the total number of distinct character classes that the model is tasked with recognizing
classes. This layer produces the raw, unnormalized scores, commonly referred to as logits,
for each character class. During training, these logits are passed through a softmax function
to derive a probability distribution over the character classes. The class corresponding to
the highest probability is then selected as the model’s prediction for a given character
position in the sequence.

In summary, the MLP-based classifier head processes the input feature vector through
a series of transformations involving linear mappings, normalization, non-linear activa-
tions, and regularization. This structured approach enables the learning of discriminative
features, culminating in the generation of class logits for the final character recognition
task.
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Figure 5.6: YOLO CRNet Classifier Head Architecture.

5.3.2 Design Rationale

The following key design considerations guided the choice of this architecture:

• Dimensionality Reduction and Efficiency. Applying Average Pooling reduces
high dimensionality to a single 1D vector. Training a relatively simple MLP on this
lower dimensional vector is computationally cheaper, faster, and often requires less
data to train effectively.

• Reduced Risk of Overfitting on Spatial Noise. Discarding the fine spatial
layout prevents the classifier head from overfitting on potentially noisy or irrelevant
spatial details specific to the training examples. The MLP focuses on the more global
feature presence provided.

• Focus on Channel Information. We hypothesize that which channels are acti-
vated is more discriminative for character identity than the precise arrangement of
activations within the bounding box. The model learns channel information (which
features are present) rather than their precise spatial arrangement.

• Fixed-Size Input Vector. Character bounding boxes extracted from feature map
might vary slightly in their spatial size. Average pooling ensures that variations in
bounding-box aspect ratios do not alter the classifier input dimension, simplifying
implementation.
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• Invariance and Robustness. Pooling provides a degree of invariance to small
translations or distortions of the features.

5.3.3 Loss Function for Training

We train the classifier head using the standard categorical cross-entropy loss:

LCE = −
K∑
i=1

yi log(pi) (5.3)

where K is the number of character classes, yi is the one-hot ground-truth indicator for
class i, and pi is the network’s predicted probability for class i after softmax. This objective
encourages the model to assign high probability to the correct class.

5.3.4 Regularization and Overfitting Prevention

To improve generalization, we incorporate multiple regularization strategies:

• Dropout after each ReLU layer to prevent co-adaptation of neurons [71].

• Batch normalization before each ReLU, which stabilizes training and acts as a
mild regularizer [25].

• Early stopping Employed early stopping monitoring validation loss with a patience
threshold of 10 epochs as a regularization technique to determine the optimal training
duration and avoid overfitting.

• Adaptive learning-rate scheduler Employed an adaptive learning rate scheduler
that reduces the learning rate when validation loss plateaus to fine-tune convergence
and improve final model performance.
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5.4 Reconstruction Head

5.4.1 Workflow

Figure 5.7: YOLO CRNet Reconstruction Head Workflow

The reconstruction head within the YOLO CRNet architecture is specifically designed
to mitigate image degradations present in the input. The workflow of this reconstruction
head, as illustrated in Figure 5.7, involves leveraging features extracted by the main YOLO
and then processing them through a dedicated reconstruction model.

Input to the Reconstruction Head

The reconstruction process begins with two primary inputs:

1. The Blur Image (Xblur): This is the original, degraded input image that the overall
YOLO CRNet system receives. The raw pixel information from the input image is
used by the reconstruction network through a skip connection.

2. YOLO Feature Embeddings: Concurrently, the blur image is processed through
the initial stages of the YOLO generating a set of multi-scale feature embeddings.
These embeddings, having been processed by convolutional layers, already encap-
sulate learned hierarchical features from the input image, ranging from low-level
textures and edges to more abstract representations. It allows the reconstruction
task to benefit from the rich, context-aware features already learned for detection,
potentially leading to more efficient and effective restoration [63].
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The Reconstruction Head Model

The core of the restoration process is the Reconstruction Head Model. The model uses
an encoder-decoder architecture. A common and highly effective instance of an encoder-
decoder architecture for image reconstruction and segmentation is the U-Net [62]. We
experiment over several modifications in the U-Net model to achieve better reconstruction
quality.

• Encoder Path: The encoder pathway within the reconstruction network systemati-
cally processes feature maps sourced from various hierarchical levels of the YOLO
pipeline. It initiates with higher-resolution features from YOLO Layer 1, capturing
finer details and progressively integrates features from deeper, consequently lower-
resolution, YOLO layers progressing towards YOLO Layer 5. This structured, down-
sampling like integration allows the encoder to build an increasingly abstract and
contextually rich representation of the input, effectively capturing broad contextual
information essential for the reconstruction task.

• Decoder Path: The decoder part then progressively upsamples these features, aiming
to reconstruct the high-resolution sharp image. Crucially, architecture employ skip
connections that concatenate feature maps from the encoder path with corresponding
feature maps in the decoder path. These skip connections allow the decoder to
directly access fine-grained, low-level features from earlier stages, which is vital for
preserving spatial details and producing sharp reconstructions [62, 26].

Output: The Reconstructed Image

The output of the Reconstruction Head is the Reconstructed Image, denoted as X̂. This
image is the model’s attempt to restore the original sharp image X from the blurred input
Xblur and the features provided. The quality of X̂ is critical, as it is hypothesized that
a cleaner, sharper image will lead to improved performance in the downstream character
recognition task.

Loss Calculation for Reconstruction

To train the reconstruction head, its output X̂ is compared against the ground-truth Sharp
Image X. The discrepancy between these two images is quantified by a loss function,
specifically the reconstruction loss (Lrecon as defined in the problem formulation section,
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Equation 3.4). The calculated reconstruction loss is then used, along with the detection
and classification losses, to update the parameters of the entire YOLO CRNet model
via backpropagation during the end-to-end training process. This joint training allows
the feature extraction part of YOLO to also learn features that are beneficial for the
reconstruction task.

In summary, the reconstruction head workflow leverages features from the main YOLO
pipeline and processes them through an encoder-decoder style network to generate a de-
blurred image. This reconstructed image is then compared to the ground-truth sharp
image to compute a loss, which guides the training of the reconstruction components and,
through shared layers, potentially influences the primary detection and recognition tasks.

5.4.2 Architecture

This section details three distinct configurations (A, B, and C) explored for this reconstruc-
tion head, each employing an encoder-decoder architecture with variations in upsampling
mechanisms and feature refinement strategies. All configurations leverage a U-Net-like
structure [62] with skip connections to fuse low-level spatial details from the encoder path
with high-level semantic information from the decoder path. All the three configurations
share a similar encoder pathway as explained in section 5.4.1. The YOLO layer features are
of varying channel depths and resolutions 96× 128× 128, 192× 64× 64, and 384× 32× 32.
The deepest part of the encoder, processing YOLO Layer 5 features, forms the bottleneck,
representing the most abstract, high-level feature representation before upsampling begins
in the decoder.

Common Encoder Structure

All three reconstruction head configurations share a similar encoder pathway. This path
progressively processes and downsamples feature maps. It starts by taking features from
different stages of the YOLO pipeline (YOLO Layer 1 through YOLO Layer 5, with varying
channel depths and resolutions 96 × 128 × 128, 192 × 64 × 64, and 384 × 32 × 32). At
each stage of the encoder, features from a specific YOLO layer are typically processed by
a DoubleConv block (which consists of two convolutional block sequences which includes a
convolutional layer with kernel size 3, a batch normalization layer and RELU activation).
These processed features are then concatenated with features from the subsequent YOLO
layer at the corresponding resolution before further processing and downsampling in the
next encoder stage. This hierarchical feature extraction allows the encoder to capture
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multi-scale contextual information from the input image via the YOLO embeddings. The
deepest part of the encoder, processing YOLO Layer 5 features, forms the bottleneck,
representing the most abstract, high-level feature representation before upsampling begins
in the decoder.

Reconstruction Head Configuration A

Figure 5.8: Reconstruction Head Configuration A

Configuration A (Figure 5.8) employs Transposed Convolution for its upsampling opera-
tions in the decoder pathway.
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• Upsampling Mechanism: The decoder path uses Transposed convolution layers ,with
a scale factor of 2 or 4 appropriately according to the output resolution required,
to progressively increase the spatial resolution of the feature maps, starting from
the bottleneck. Transposed convolution (sometimes referred to as deconvolution) is
a learnable upsampling method that maps a single point in the input feature map
to a larger area in the output feature map, effectively increasing its dimensions (as
illustrated in Figure 5.9).

Figure 5.9: Illustration of Transposed Convolution

• Decoder Path: At each decoder stage, the feature map from the previous stage is
upsampled using Transposed Convolution [62]. This upsampled map is then con-
catenated with the corresponding feature map from the encoder path via a skip con-
nection. Following concatenation, a Double Convolution block (DoubleConv) which
consists of two convolutional block sequences which includes a convolutional layer
with kernel size 3, a batch normalization layer and RELU [51] activation, refines
the merged features. This sequence of upsampling, concatenation, and refinement is
repeated until the feature maps reach a resolution suitable for the final image recon-
struction. The Blur Image is concattenated through a skip connection to this final
output generation stage with the decoder output before the final convolution.

• Output Generation: The final feature map from the decoder (64 × 512 × 512 after
the last Upsampling) is passed through a 1× 1 Convolutional layer with layer reduce
channels to 3 for an RGB image and a Sigmoid activation function to produce the
reconstructed image X̂ of size 3 × 512 × 512.
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Reconstruction Head Configuration B

Figure 5.10: Reconstruction Head Configuration B

Configuration B (Figure 5.10) distinguishes itself by utilizing PixelShuffle layers for up-
sampling in its decoder.

• Upsampling Mechanism: Instead of transposed convolutions, this configuration uses
PixelShuffle layers with an upscale factor of 2 or 4 appropriately according to the
output resolution required. PixelShuffle is a learned upsampling technique that first
uses a convolutional layer to output C · r2 channels (where C is the desired output
channel count and r is the upscaling factor). It then rearranges these C · r2 channels
into an output feature map of shape (C,H · r,W · r) by unfolding r × r blocks of
channels into r × r spatial blocks for each location (Figure 5.11) [68]. This method
is often preferred as it can avoid checkerboard artifacts sometimes associated with
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transposed convolutions and can produce smoother, more visually appealing results
[1, 52].

Figure 5.11: Illustration of PixelShuffle [68]

• Decoder Path: Similar to Configuration A, at each decoder stage, the feature map
from the previous stage is upsampled using PixelShuffle layers. the rest of the decoder
path is similar to as explained in 5.4.2.

• Output Generation: The process mirrors Configuration A for the final output.
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Reconstruction Head Configuration C

Figure 5.12: Reconstruction Head Configuration C

Configuration C (Figure 5.12) builds upon Configuration B by incorporating Squeeze-and-
Excitation (SE) Blocks for channel attention within the decoder’s refinement stages, while
still using PixelShuffle for upsampling.

• Upsampling Mechanism: This configuration also uses ‘PixelShuffle‘ layers with an
upscale factor of 2 or 4 for upsampling, identical to Configuration B.

• Decoder Path with SE Blocks: The key difference lies in the refinement blocks. After
upsampling with PixelShuffle and concatenation with encoder features via skip con-
nections, the DoubleConv blocks in Configuration C are augmented with an Squeeze
and Excitation(SE) block. (Figure 5.13).
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An SE Block is a form of channel attention that allows a network to learn which
feature channels are most important for a given input and then enhance those infor-
mative channels while suppressing less useful ones[22]. As illustrated in Figure 5.13,
it first squeezes global spatial information into a channel descriptor using global av-
erage pooling. Then, an excitation mechanism using two small fully-connected layers
and activations learns adaptive channel importance weights. These learned weights
are then multiplied channel-wise with the original input feature map to enhance
informative channels and suppress less useful ones.

Figure 5.13: SE Block Illustration [22]

By integrating SE blocks into the DoubleConv refinement stages of the decoder,
Configuration C aims to improve the quality of the learned features by enabling the
network to focus on more relevant channels during the reconstruction process.

• Output Generation: The final output generation remains consistent with Configura-
tions A and B.

In summary, all three configurations leverage the foundational U-Net encoder-decoder
structure with skip connections and progressively integrated YOLO layer features. They
differ primarily in their choice of upsampling methodology in the decoder (Transposed
Convolution vs. PixelShuffle) and the inclusion of advanced feature refinement mechanisms
like SE Blocks (in Configuration C), each aiming to produce a high-quality reconstructed
image X̂ from the blurred input Xblur.

5.4.3 Design Rationale

Several key design principles and components were considered and incorporated into the
various configurations of the reconstruction head, as previously detailed in Section 5.4.2,
to ensure effective image restoration. These choices are summarized as follows:
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• U-Net Structure: The foundational architecture for the reconstruction head is
the U-Net [62]. The U-Net is an effective architecture for image reconstruction and
segmentation tasks due to its encoder-decoder structure. The encoder path performs
contextual feature extraction through progressive downsampling, while the decoder
path gradually upsamples these features to reconstruct the image. A key strength of
the U-Net is its use of skip connections, which concatenate feature maps from the
encoder directly with corresponding layers in the decoder. These connections allow
the network to preserve fine-grained, high-resolution details from earlier stages and
combine them with rich semantic information from deeper layers, making it highly
effective at generating high-resolution images that are both contextually coherent
and spatially accurate.

• Multi-Scale YOLO Features as Input: The reconstruction head leverages fea-
tures extracted from multiple stages of the YOLO object detection pipeline (backbone
and neck), along with the original blurred input image, integrated via skip connec-
tions and as initial inputs. By taking features from different levels of the YOLO net-
work, the decoder gains access to a hierarchy of information, from low-level spatial
details to higher-level semantic content. This multi-scale feature input, a common
technique in U-Net like architectures when integrated with a primary feature ex-
tractor, aids in preserving high-resolution details and facilitates better gradient flow
during training [63].

• PixelShuffle for Upsampling: PixelShuffle layers [68] are employed as the up-
sampling mechanism, replacing traditional transposed convolutions. This method
is often preferred because it can effectively reduce or avoid checkerboard artifacts
commonly associated with transposed convolutions, leading to smoother and more
visually pleasing reconstructed images [1, 52].

• Channel Attention (Squeeze-and-Excitation Blocks): To further refine the
feature representations within the decoder, Squeeze-and-Excitation (SE) blocks [22]
are incorporated. These blocks are typically integrated at multiple stages of the de-
coder, often after the upsampling step and feature concatenation. This block effec-
tively amplifies informative channels and suppressing less useful ones. This adaptive
recalibration of channel features allows the network to focus on the most relevant
information for reconstruction.

• Final Output Layer: The culmination of the decoder pathway is a final output
layer. This typically consists of a 1x1 Convolutional layer used to map the feature
channels from the last decoder stage to the desired number of output channels (3
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channels for an RGB image). This is followed by a Sigmoid activation function,
which scales the output pixel values to the range [0, 1], appropriate for representing
a normalized image.

5.4.4 Loss Functions for Training

The training of the reconstruction head is guided by a composite loss function designed
to ensure that the reconstructed image X̂ is both quantitatively and perceptually similar
to the ground-truth sharp image X. As outlined in Section 3.2.2, this involves a weighted
combination of pixel-wise losses (L1 and L2) and a perceptual loss. The weighting strategy
prioritizes L1 loss and Perceptual loss over L2 loss to encourage sharpness and visual realism
while maintaining training stability.

• L1 Loss (Mean Absolute Error): This loss measures the average absolute differ-
ence between the pixel values of the ground-truth sharp image X and the predicted
reconstructed image X̂. It is defined as:

LL1 =
1

Np

Np∑
i=1

|Xi − X̂i|

where Xi is a pixel value in the ground-truth image, X̂i is the corresponding pixel
value in the predicted image, and Np is the total number of pixels. L1 loss is known
for promoting less blurry results and being robust to outliers.

• L2 Loss (Mean Squared Error): This loss measures the average squared difference
between the pixel values of X and X̂:

LL2 =
1

Np

Np∑
i=1

(Xi − X̂i)
2

While L2 loss penalizes larger errors more significantly, it can sometimes lead to
overly smooth or blurry reconstructions if heavily weighted. Its inclusion, typically
with a lower weight, can aid in stabilizing the optimization process.

• Perceptual Loss: To address the limitations of pixel-wise losses in capturing human
perception of image quality, a perceptual loss is incorporated [29]. As illustrated in
5.14, a pre-trained VGG19 network [70], known for its strong image feature extraction
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capabilities, is utilized. Both the reconstructed image X̂ and the ground-truth sharp
image X are passed through this fixed VGG19 network. Feature maps (ϕ) are then
extracted from two intermediate layers . The perceptual loss is computed as the L2

distance between these corresponding feature maps:

Lperc(X̂,X) =
∑
j

1

CjHjWj

∥ϕj(X̂) − ϕj(X)∥22

This feature-space distance encourages the reconstructed image to have similar se-
mantic and textural characteristics to the ground-truth image, often resulting in more
visually convincing restorations.

Figure 5.14: Perceptual Loss
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5.4.5 Measures to Prevent Overfitting

Training deep neural networks, especially for complex tasks like image reconstruction,
requires careful strategies to prevent overfitting, where the model performs well on the
training data but poorly on unseen validation or test data. Several measures were employed
to ensure robust generalization:

• Appropriate Weighting of Loss Components: The individual components within
reconstruction are weighted w1, w2, w3 as mentioned in 3.4. Careful tuning of these
weights is crucial to ensure balanced training, preventing one loss component from
dominating the learning process.

• Monitoring Validation Loss: Throughout the training process, the model’s per-
formance is continuously monitored on a separate validation dataset, which is not
used for updating the model weights. The validation loss serves as a crucial indicator
of the model’s ability to generalize to unseen data. An increasing validation loss
while training loss continues to decrease is a hallmark of overfitting.

• Early Stopping: To prevent overfitting and determine an optimal training duration,
an early stopping mechanism is employed. This technique involves monitoring the
validation loss and terminating the training process if the validation performance does
not improve for a predefined number of consecutive epochs, known as the patience
threshold (which is 10 epochs). Early stopping acts as a powerful regularization
technique by selecting the model iteration that generalizes best to the validation set.

• Adaptive Learning Rate Scheduler: An adaptive learning rate scheduler is uti-
lized to fine-tune the convergence of the training process and enhance final model
performance. We reduce the learning rate when the validation loss plateaus or stops
improving for a certain number of epochs (which is 5 epochs). Lowering the learn-
ing rate allows the model to make smaller adjustments to the weights, helping it
settle into a better minimum in the loss landscape and avoid oscillating around an
optimum.

These measures contribute to training a reconstruction model that is not only accurate
on the training data but also generalizes effectively to new, unseen degraded images.
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Chapter 6

Experiments and Results

This chapter presents the experimental evaluation conducted to validate the proposed
YOLO CRNet methodology, as detailed in Chapter 5. It provides a comprehensive anal-
ysis of the results obtained from these experiments. The chapter is organized as follows:
Section 6.1 outlines the dataset composition, data preprocessing steps and the training hy-
perparameters; Section 6.2 defines and formulates the metrics used to assess classification,
reconstruction and overall pipeline performance; Section 6.3 investigates different YOLO
layer feature-extraction configurations, compares their classification performance, and pro-
vides per-label analyses and a confusion matrix; Section 6.4 compares multiple reconstruc-
tion head architectures using PSNR and SSIM, presents qualitative examples, and reports
ablation studies on loss components; Section 6.5 performs a comparative study of baseline
YOLO, the CRNet classifier on blurred inputs, and the full reconstruction+classification
pipeline on degraded images. Finally, the results are presented, analyzed, and discussed in
detail.

6.1 Experimental Setup

In total, the dataset comprises 12,428 sharp and blur pairs. Of these, 10,428 pairs are
used for model development and are dynamically split during training into 80% for train-
ing and 20% for validation. A held-out test set of 2000 image pairs is reserved for the
final evaluation of model performance. Table 6.1 outlines the number of samples in each
category.
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Category Number of Image Pairs (LR/HR) Number of Characters
Training 8342 47,458
Validation 2086 11,865
Test 2000 10,100
Total 12,428 69,423

Table 6.1: Dataset Split.

All models were trained on a single NVIDIA GeForce RTX 3060 Ti GPU. A uniform
set of hyperparameters was used in the training phase of all the models. The Adam
optimizer was employed with an initial learning rate of 0.001 and was complemented by
a ReduceLROnPlateau learning rate scheduler with a factor of 0.1 to adjust the learning
rate for faster convergence dynamically. Early stopping monitoring validation loss with a
patience threshold of 10 epochs was employed as a regularization technique to determine the
optimal training duration and avoid overfitting. The models are developed using PyTorch
[54].

Hyperparameter Value
Optimizer Adam
Initial Learning Rate (LR) 0.001
ReduceLROnPlateau Patience 5
Batch Size 16
Epoch Size 100
Early Stopping Patience 10

Table 6.2: Hyperparameters used in the training phase.

6.2 Evaluation Metrics

To quantitatively assess the performance of the proposed YOLO CRNet model and its
components, a set of standard evaluation metrics are employed. These metrics cover the
two primary tasks: character classification and image reconstruction. In the proposed
approach, the classification performance of the trained models is evaluated four six met-
rics: Accuracy, Precision, Recall (Sensitivity), and F1-score, while the reconstructed image
quality is evaluated used Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity In-
dex (SSIM). The aforementioned metrics are explained below with their mathematical
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formulations. The notations used in the mathematical formulations are defined in Table
6.3.

Notation Description

TP True Positives: Correctly predicted positive instances

FP False Positives: Incorrectly predicted positive instances

TN True Negatives: Correctly predicted negative instances

FN False Negatives: Incorrectly predicted negative instances

Table 6.3: Notations for Performance Metrics

• Accuracy: Accuracy is a measure of the overall correctness of the model. It is de-
fined as the ratio of all correct predictions (both true positives and true negatives)
to the total number of instances evaluated. While straightforward to compute, accu-
racy can be misleading, especially in scenarios with imbalanced class distributions.
In such cases, a model predicting the majority class most of the time can achieve
high accuracy without having good performance on the minority class of interest.

Accuracy =
TP + TN

TP + TN + FP + FN
(6.1)

• Precision: Precision measures the accuracy of positive predictions. It is the ratio of
correctly predicted positive instances (TP) to the total number of instances predicted
as positive (TP + FP). A high precision indicates a low false positive rate, ie, the
ability of a model to reduce false positives.

Precision =
TP

TP + FP
(6.2)

• Recall (Sensitivity or True Positive Rate): Recall measures the ability of the
model to identify all actual positive instances. It is the ratio of correctly predicted
positive instances (TP) to the total number of actual positive instances (TP + FN). A
high recall indicates a low false negative rate. Recall places emphasis on minimizing
false negatives, thereby ensuring that all relevant positive instances are found.

Recall =
TP

TP + FN
(6.3)
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• F1-Score: The F1-Score is the harmonic mean of Precision and Recall, providing a
single score that balances both. It is particularly useful for datasets with imbalanced
classes, where accuracy might be an unreliable measure.

F1-Score = 2 · Precision · Recall

Precision + Recall
(6.4)

• Peak Signal-to-Noise Ratio (PSNR): PSNR measures the ratio between the
maximum possible power of a signal and the power of corrupting noise that affects the
fidelity of its representation. Higher PSNR generally indicates better reconstruction
quality. It is defined as:

PSNR = 10 · log10

(
I2MAX

MSE

)
(6.5)

where IMAX is the maximum possible pixel value of the image, and MSE is the Mean
Squared Error between the ground-truth and reconstructed images:

MSE =
1

H ·W · C

C∑
c=1

H∑
h=1

W∑
w=1

(Xc,h,w − X̂c,h,w)2 (6.6)

• Structural Similarity Index (SSIM): SSIM measures the perceived similarity
between two images based on three components: luminance, contrast, and structural
information [80]. It is designed to align better with human visual perception of
image quality than PSNR. SSIM values range from -1 to 1, where 1 indicates perfect
similarity.

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(6.7)

where µx, µy are the means of x and y; σ2
x, σ

2
y are the variances of x and y; σxy is the

covariance of x and y; and c1, c2 are stabilizing constants.

6.3 YOLO CRNet Classification Head Evaluation

This section details the experiments conducted to evaluate the performance of the YOLO
CRNet’s classification head. The primary goal was to determine the optimal set of YOLO
layers from which to extract features for the character recognition task and to comprehen-
sively assess the classifier’s performance using these optimal features.
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6.3.1 Experimental Setup

The evaluation of the classification head was performed independently of the end-to-end
YOLO CRNet system to specifically isolate and analyze its character recognition capabil-
ities based on different feature inputs.

Dataset The training dataset for the classifier model comprised features extracted from
various YOLO layers corresponding to 59,323 characters sourced from 10,428 sharp images.
For testing and performance evaluation, a distinct test dataset was utilized, consisting of
10,100 characters from 2,000 sharp test images (as detailed in Table 6.1).

Feature Extraction Configurations To identify the most effective feature represen-
tations for character classification, features were extracted from different combinations of
YOLO layers. Five distinct configurations, labeled A through E, were investigated, as
summarized in Table 4.1 . These configurations explore features from different depths and
components of the YOLO architecture as explained in section 4.2.3. The classifier model
was trained separately using features from each of these configurations and subsequently
evaluated on the common test set.

6.3.2 Performance Comparison of Layer Configurations

The performance of the classifier head when trained with features from each of the five con-
figurations (A-E) was evaluated using standard classification metrics: accuracy, precision,
recall, and F1-score. The results are summarized in Table 6.4 and visualized in Figure 6.1.

Table 6.4: YOLO CRNet Classifier Head Performance by Layer Configuration
Configuration ID YOLO Layers Accuracy Precision Recall F1-Score
A [1, 2, 4, 10, 13, 16] 0.9522 0.9528 0.9467 0.9497
B [1, 2, 3, 4, 5] 0.9379 0.9277 0.9343 0.9310
C [8, 9, 10, 13, 16] 0.8757 0.8820 0.8626 0.8722
D [9, 10, 16, 19, 20] 0.7814 0.8205 0.7415 0.7790
E [16, 17, 19, 20] 0.8350 0.8432 0.8192 0.8310
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Figure 6.1: YOLO CRNet Classifier Head Accuracy, Precision, Recall & F1-Score Charts
for Different Layer Configurations

As clearly indicated in Table 6.4 and Figure 6.1, Configuration A achieved the best
performance across all evaluated metrics. It yielded an accuracy of 0.9522, precision of
0.9528, recall of 0.9467, and an F1-score of 0.9497. This suggests that a combination
of features from early backbone layers (providing fine-grained spatial details) along with
features from early and deep neck layers (providing fused multi-scale semantic context)
offers the most discriminative representation for the character classification task.

Configuration B, utilizing only early backbone features, also performed commendably
with an F1-score of 0.9310, indicating that low-level features alone carry significant dis-
criminative power. However, it was slightly outperformed by Configuration A, which in-
corporates richer semantic information from neck layers.

Configurations C, D, and E, which rely more heavily on deeper backbone and various
neck layers, showed a noticeable decline in performance. Configuration D, in particular,
exhibited the lowest scores (F1-score of 0.7790). This suggests that while deep features are
crucial for semantic understanding, relying solely on them without the fine-grained details
from very early layers, might be detrimental to distinguishing subtle differences between
character shapes.
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Based on these results, Configuration A was identified as providing the best set of YOLO
layers for feature extraction for the classification head. Subsequent detailed performance
analyses are based on this optimal configuration.

6.3.3 Detailed Performance Metrics with Best Layer Configura-
tion A

To further understand the classifier’s behavior, a label-wise performance report was gen-
erated for Configuration A. Table 6.5 details the precision, recall, F1-score, and support
(number of instances) for each digit (0-9).

Table 6.5: YOLO CRNet Performance Metrics Classification Report for Digits (0-9) with
Configuration A

Label Precision Recall F1-Score Support

0 0.83 0.33 0.47 145
1 0.96 0.99 0.98 149
2 1.0 1.0 1.0 136
3 1.0 1.0 1.0 143
4 1.0 1.0 1.0 176
5 1.0 1.0 1.0 128
6 1.0 1.0 1.0 132
7 1.0 1.0 1.0 153
8 1.0 1.0 1.0 162
9 1.0 1.0 1.0 164

The classifier demonstrates exceptional performance for most digits (2-9), achieving
perfect precision, recall, and F1-scores of 1.0. The digit 1 also shows very high performance
(F1-score of 0.98). However, there is a notable performance drop for the digit 0, with a
precision of 0.83, a significantly lower recall of 0.33, and an F1-score of 0.47. This indicates
that while the model is reasonably precise when it predicts a 0 (83% of the time it is
correct), it misses a large proportion (67%) of actual 0 instances. This specific difficulty
with 0 will be further explored in the confusion matrix analysis (Section 6.3.4).

The label-wise performance for lowercase letters (a-z) is presented in Table 6.6. Simi-
larly, performance for uppercase letters (A-Z) is shown in Table 6.7.
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Table 6.6: Overall YOLO CRNet Perfor-
mance Metrics Classification Report (a-z)

Label Precision Recall F1-Score Support

a 0.94 0.87 0.90 108
b 0.98 0.86 0.92 58
c 0.94 0.87 0.90 68
d 0.98 0.92 0.95 64
e 0.99 0.82 0.89 83
f 0.98 0.88 0.93 58
g 0.98 0.81 0.89 59
h 0.98 0.87 0.92 68
i 0.96 0.88 0.92 106
j 0.98 0.82 0.89 49
k 0.95 0.87 0.91 71
l 0.59 0.47 0.52 70
m 0.96 0.82 0.88 61
n 0.96 0.89 0.92 95
o 0.93 0.88 0.91 78
p 0.98 0.88 0.93 65
q 1.0 0.84 0.91 50
r 0.97 0.83 0.89 71
s 0.81 0.84 0.82 73
t 0.94 0.80 0.86 83
u 0.98 0.90 0.94 72
v 0.94 0.81 0.87 57
w 0.95 0.80 0.87 66
x 0.90 0.92 0.91 62
y 0.98 0.92 0.95 59
z 0.94 0.82 0.88 61
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Table 6.7: Overall YOLO CRNet Perfor-
mance Metrics Classification Report (A-Z)

Label Precision Recall F1-Score Support

A 0.96 0.99 0.98 315
B 0.96 1.0 0.98 230
C 0.97 0.99 0.98 270
D 0.97 1.0 0.98 272
E 0.96 0.98 0.97 279
F 0.98 0.99 0.99 247
G 0.95 1.0 0.98 247
H 0.97 1.0 0.98 258
I 0.88 0.89 0.88 262
J 0.97 0.99 0.98 258
K 0.97 0.99 0.98 273
L 0.97 1.0 0.98 234
M 0.96 1.0 0.98 268
N 0.97 1.0 0.99 305
O 0.73 0.96 0.83 292
P 0.97 1.0 0.98 231
Q 0.97 1.0 0.98 259
R 0.96 1.0 0.98 282
S 0.96 0.96 0.96 298
T 0.96 0.99 0.98 265
U 0.97 1.0 0.98 232
V 0.94 0.98 0.96 252
W 0.95 0.99 0.97 272
X 0.98 0.97 0.97 250
Y 0.98 0.98 0.98 236
Z 0.95 0.99 0.97 210

For lowercase letters (Table 6.6), the F1-scores are generally high, mostly ranging from
0.82 to 0.95. A notable exception is the lowercase l, which has a significantly lower F1-score
of 0.52 (Precision 0.59, Recall 0.47). This suggests the model has considerable difficulty
with this character, potentially confusing it with visually similar characters like 1 or I.
The character s also shows a slightly lower F1-score of 0.82.

For uppercase letters (Table 6.7), the performance is generally excellent, with most
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characters achieving F1-scores of 0.96 and above, and many having perfect or near-perfect
recall. However, similar to the digit 0, the uppercase O exhibits a lower F1-score of 0.83,
primarily due to a lower precision of 0.73, despite a high recall of 0.96. This indicates
that while most Os are found, the model often misclassifies other characters as O. The
uppercase I also has a somewhat lower F1-score of 0.88. These specific confusions will be
further investigated with the confusion matrix.

6.3.4 Test Confusion Matrix Analysis

To gain deeper insights into the specific misclassification patterns of the classifier head
(Configuration A), a confusion matrix was generated from the test set predictions, as de-
picted in Figure 6.2. The confusion matrix visualizes the performance by showing the
actual versus predicted classes. The diagonal elements represent correctly classified in-
stances, while off-diagonal elements indicate misclassifications.
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Figure 6.2: Test Confusion Matrix for Classifier Head with Configuration A

The following key misclassification patterns are observed from Figure 6.2:

• Digit 0 and Uppercase O: A significant number (97 instances) of misclassifications
occur where the digit 0 is misclassified as an uppercase O. This aligns with the
lower recall for 0 and lower precision for O observed in the label-wise performance
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metrics. This confusion is attributed to the dataset containing characters in several
fonts where the letter o (lowercase or uppercase) and the number 0 look identical or
highly similar.

• Letters I, i, and l : Misclassifications are also noted among the characters I (upper-
case), i (lowercase), and l (lowercase). These characters are often visually identical
or very similar in many common fonts, especially when character height is normalized
or in the absence of strong contextual font cues. This explains the lower F1-score for
lowercase l and the slightly reduced performance for uppercase I.

• Case Mismatches: Smaller instances of misclassification occur where the model
confuses the case of certain letters, for example, between uppercase W and lowercase
w. This suggests that while the features generally capture letter shapes well, subtle
differences distinguishing case for some characters might still be challenging under
certain conditions or for specific fonts.

Overall, the confusion matrix highlights that the primary sources of error are due to in-
herent visual ambiguities between certain characters (0/O, I/i/l) that are present across
multiple fonts in the dataset, rather than widespread, random misclassifications. This in-
dicates that the feature representation from Configuration A is mostly generalized, but the
model’s performance is still constrained by these intrinsically confusable character pairs.

6.4 YOLO CRNet Reconstruction Head Evaluation

This section is dedicated to the experimental evaluation of the reconstruction head compo-
nent of the proposed YOLO CRNet model. The primary objectives of these experiments
are to assess the efficacy of different reconstruction head configurations (Configurations A,
B, and C, as detailed in Section 5.4.2) in restoring degraded input images and to analyze
the impact of various loss function components on the reconstruction quality.

6.4.1 Experimental Setup for Reconstruction Head

Dataset and Evaluation Task

The evaluation of the reconstruction head configurations was conducted on a held-out test
set consisting of 2,000 image pairs. Each pair included a sharp, ground-truth image con-
taining diverse alphanumeric characters with varied fonts and sizes, and its corresponding
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version synthetically degraded by motion blur. The three primary configurations (A, B,
and C) of the proposed YOLO CRNet model’s reconstruction head were utilized to perform
image reconstruction on these blurred test images.

Evaluation Metrics

The quality of the reconstructed images was quantitatively assessed by comparing them
against their respective sharp ground-truth references using two widely recognized image
quality metrics PSNR and SSIM defined in Section 6.2.

6.4.2 Performance Comparison of Reconstruction Head Config-
urations

The quantitative performance of the three reconstruction head configurations (A, B, and
C) on the test set is summarized in Table 6.8.

Table 6.8: Performance of Reconstruction Head Configurations

Model Type PSNR (dB) ↑ SSIM ↑

Reconstruction Model A 22.7353 0.6459
Reconstruction Model B 25.2442 0.8920
Reconstruction Model C 25.6303 0.9044

As presented in Table 6.8, Reconstruction Model C demonstrates the best performance,
achieving the highest PSNR of 25.6303 dB and the highest SSIM of 0.9044. This configu-
ration utilizes PixelShuffle for upsampling and incorporates Squeeze-and-Excitation (SE)
blocks for channel attention within its decoder.

Reconstruction Model B, which also uses PixelShuffle for upsampling but lacks the
SE blocks, achieved the second-best performance with a PSNR of 25.2442 dB and an
SSIM of 0.8920. This indicates that PixelShuffle is an effective upsampling strategy. The
improvement seen with Model C over Model B suggests that the inclusion of SE blocks for
adaptive channel-wise feature recalibration provides a visually perceivable benefit to the
reconstruction quality.

Reconstruction Model A, which employs transposed convolutions for upsampling, yielded
significantly lower performance with a PSNR of 22.7353 dB and an SSIM of 0.6459. This
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supports the literature suggesting that transposed convolutions can sometimes be subop-
timal compared to methods like PixelShuffle, potentially due to issues like checkerboard
artifacts or less effective feature propagation during upsampling [1, 52].

Based on these quantitative results, Reconstruction Model C was identified as the
optimal configuration for the reconstruction head.

6.4.3 Qualitative Evaluation of Reconstructed Images

Beyond quantitative metrics, a qualitative visual assessment of the reconstructed images
provides further insight into the performance of each configuration. Figures 6.3, 6.4, and 6.5
present sample reconstruction results for Model Configurations A, B, and C, respectively.

Figure 6.3: Reconstructed Result Samples of Model Configuration A

73



Figure 6.4: Reconstructed Result Samples of Model Configuration B
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Figure 6.5: Reconstructed Result Samples of Model Configuration C

Visual inspection of the reconstructed samples aligns with the quantitative metrics.
Images produced by Model C (Figure 6.5) generally exhibit the best visual quality, with
sharper characters and clearer details compared to the input blurred images. Model B
(Figure 6.4) also produces good quality reconstructions, though sometimes produce less
refined edges (with ringing effect) or textures than Model C. Model A (Figure 6.3), consis-
tent with its lower quantitative scores, tends to produce images that contain checkerboard
artifacts and the edges are also not properly formed. The characters in Model C’s output
appear most sharp and legible.

6.4.4 Ablation Studies on Reconstruction Loss Components

To understand the contribution of individual components within the reconstruction loss
function defined in equation 3.4, ablation studies were performed by removing or altering
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the weighting of each component and observing the impact on reconstruction quality. These
studies were conducted using the best performing architecture (Model C).

Impact of Perceptual Loss

Perceptual loss compares images based on high-level features like textures, edges, and
semantic information extracted by a pre-trained deep neural network (VGG19). Its inclu-
sion encourages the generated (reconstructed) image to have similar texture and structural
content as the ground-truth sharp image, even if individual pixel values do not perfectly
match. The ablation study (visualized in Figure 6.6) demonstrates that when perceptual
loss is omitted, the overall texture and edges in the reconstructed image are not learned
well. The example shows that background information is lost, and the characters lack
the fine details and natural appearance achieved when perceptual loss is included. This
underscores the importance of perceptual loss for generating visually realistic and detailed
reconstructions beyond simple pixel-level accuracy.

Figure 6.6: Ablation Study: Impact of Perceptual Loss

Impact of L1 Loss

L1 loss (Mean Absolute Error) is known for preserving high-frequency details such as edges
and textures, and it tends to be more robust to outliers than L2 loss. It focuses on accu-
rately reconstructing details without overly penalizing sharp transitions, often producing
more perceptually pleasing and sharper results, particularly in super-resolution and de-
blurring tasks [83]. A higher weighting for the L1 loss component can lead to sharper
images with better edges or clearer character boundaries. The ablation study without L1

loss (visualized in Figure 6.7) shows that when L1 loss is removed, the edges in the re-
constructed characters are not sharp and the image appears visibly smoothed or blurry.
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This finding highlights the crucial role of L1 loss in maintaining sharpness and preventing
excessive blurring in the reconstruction output.

Figure 6.7: Ablation Study: Impact of L1 Loss

Impact of L2 Loss

The L2 loss (Mean Squared Error) function has a smooth gradient everywhere, which can
sometimes make the optimization process more stable compared to L1 loss, especially in
the initial stages of training [83]. It strongly penalizes large errors, pushing the model
towards accurately predicting low-frequency information, such as the overall structure and
smooth areas of an image, ensuring the big picture is not wildly off. However, a higher
relative weighting for L2 loss can lead to an overly smooth or blurry image, as it tends to
average out fine details to minimize squared errors [83]. The ablation study without L2

loss (visualized in Figure 6.8) indicates that when L2 loss is absent, the overall structure
of the reconstructed image may not be well learned, and characters can exhibit broken
edges or appear somewhat disjointed. This suggests that while L1 and perceptual losses
are key for detail and realism, L2 loss, even if weighted lower, plays a role in maintaining
structural coherence and aiding stable optimization.

Figure 6.8: Ablation Study: Impact of L2 Loss

77



These ablation studies collectively demonstrate that a carefully balanced combination
of L1, L2, and perceptual losses, with an emphasis on L1 and perceptual components for
detail and realism, is essential for achieving high-quality image reconstruction with the
proposed YOLO CRNet architecture.

6.5 Overall YOLO CRNet Pipeline Evaluation

This section presents a comparative evaluation designed to assess the overall impact and
effectiveness of the proposed YOLO CRNet framework, particularly focusing on the contri-
bution of its integrated reconstruction and classification stages when dealing with degraded
(blurred) input images. The experiments aim to quantify the performance gains achieved
by the different operational modes of YOLO CRNet compared to a baseline approach.

6.5.1 Experimental Design and Models Compared

The evaluation was conducted on a held-out test set consisting of 2,000 image pairs. Each
pair comprised a sharp ground-truth image, containing diverse alphanumeric characters
with varied fonts and sizes, and its corresponding version synthetically degraded by motion
blur, as detailed in the dataset description (Section 4.1). All models and configurations were
evaluated against these blurry test images to simulate real-world challenging conditions.

A comparative evaluation was structured to assess the impact of the proposed YOLO
CRNet framework through the following approaches:

1. Baseline YOLO: To establish a performance benchmark and quantify the impact of
image degradation, a standard YOLOv8 model was employed. This baseline model
was initially trained exclusively on the sharp, non-degraded images from the training
partition of the dataset. The model’s architecture and training hyperparameters were
kept consistent with those intended for the YOLO detection component within the
proposed YOLO CRNet, but without any integrated reconstruction capabilities or
multi-task objectives involving image restoration.

During the evaluation phase for this baseline, the model was then directly applied to
the blurred test images. This experimental condition simulates a common real-world
scenario where a pre-trained object detector, optimized for clear imagery, encounters
degraded inputs for which it has not been specifically adapted through robust training

78



on blurred data or by an explicit enhancement module. No image reconstruction pre-
processing was performed on these blurred test images before they were fed to the
baseline YOLO model. This approach allows for a direct assessment of how much
standard detection and recognition performance deteriorates when faced with blurred
inputs and, consequently, the extent to which the proposed methods can mitigate this
degradation.

2. YOLO CRNet Classifier (YOLO CRNet C): The YOLO CRNet model, with its
integrated classification head using the optimal feature extraction from Configuration
A but with the reconstruction head’s output not explicitly fed to the classifier. The
classifier head uses features from blurred input processed by shared backbone and
was evaluated on the blurred test images. Similar to the baseline method, this
experimental condition simulates a common real-world scenario where a multi-task
model, optimized for clear imagery, encounters degraded inputs for which it has not
been specifically adapted through robust training on blurred data or by an explicit
enhancement module. No image reconstruction pre-processing was performed on
these blurred test images before they were fed to the integrated classifier head.

3. YOLO CRNet Reconstruction + Classifier (YOLO CRNet RC): Subse-
quently, the YOLO CRNet model was evaluated using an explicit two-stage pro-
cess. First, the reconstruction head utilizing the best performing Configuration C
processed the blurred test images to produce reconstructed versions. Then, the inte-
grated classification head utilizing the best performing feature set from Configuration
A processed these reconstructed outputs for character recognition. This setup ex-
plicitly tests the benefit of the image restoration stage prior to classification. This
assesses the benefit of the multi-task trained feature representation itself.

The performance of these three approaches was quantitatively compared using Accu-
racy, Precision, Recall, and F1-Score, focusing on the final character classification output.

6.5.2 Comparative Classification Performance on Reconstructed
Images

The classification performance results for the three evaluated approaches on the blurred
test images are presented in Table 6.9 and visualized in the comparison charts in Figure 6.9.

79



Table 6.9: Accuracy, Precision, Recall & F1-Score Comparison of Various Mod-
els/Configurations with Blurred Input Images

Model Type Accuracy Precision Recall F1-Score
YOLO Baseline 0.4446 0.7708 0.4277 0.5502
YOLO CRNet C 0.5515 0.7511 0.4989 0.5996
YOLO CRNet RC 0.6800 0.7609 0.6558 0.7045

Figure 6.9: Accuracy, Precision, Recall & F1-Score Comparison Chart of Various Models
with Blurred Images
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6.5.3 Analysis and Discussion of Pipeline Evaluation Results

The results presented in Table 6.9 and Figure 6.9 clearly demonstrate the effectiveness of
the proposed YOLO CRNet framework in improving character recognition performance on
blurred images.

Baseline Performance The baseline YOLO model, when applied directly to the blurred
test images, achieved an accuracy of 0.4446 and an F1-score of 0.5502. This relatively low
performance highlights the significant challenge posed by image blur to standard object
detection and recognition pipelines that do not incorporate mechanisms to handle such
degradations. The precision (0.7708) is notably higher than the recall (0.4277), suggesting
that while the predictions made are often correct, the model misses a large number of
characters entirely due to the blur.

Impact of YOLO CRNet Direct Classification on Blur (YOLO CRNet C) The
YOLO CRNet C configuration, representing the end-to-end trained YOLO CRNet model
where the classifier operates on features derived from the blurred input but potentially
benefiting from the multi-task learning of the shared backbone, shows an improvement
over the baseline. It achieved an accuracy of 0.5515 and an F1-score of 0.5996. The
precision dropped slightly to 0.7511, while the recall improved to 0.4989. This suggests
that this specialized classification head helps in identifying more characters, but with the
cost of slightly lower precise classification.

Impact of Explicit Reconstruction (YOLO CRNet RC) The most significant per-
formance gains are observed with the YOLO CRNet RC approach. In this two-stage
configuration, the blurred images were first processed by the best reconstruction head
(Configuration C) and then classified using the best classification head (using features
from Configuration A). This approach yielded the highest accuracy of 0.6800, recall of
0.6558, and an F1-score of 0.7045. The substantial improvement in all metrics, particu-
larly in recall (from 0.4277 for baseline to 0.6558) and F1-score (from 0.5502 to 0.7045),
underscores the critical contribution of the reconstruction stage. By explicitly deblurring
the images, the reconstruction head provides cleaner and more discriminative features to
the classification head, enabling it to recognize characters more accurately and to identify
characters that were previously missed due to severe blur.
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Overall Conclusion from Pipeline Evaluation The quantitative comparison demon-
strates that the YOLO CRNet pipeline, especially when leveraging its reconstruction ca-
pabilities explicitly before classification (YOLO CRNet RC), significantly outperforms the
baseline approach of applying a standard model directly to blurred images. This high-
lights the effectiveness of the integrated reconstruction stage within the YOLO CRNet
framework in enhancing image features and the features learned by the MTL setup con-
sequently leads to substantially improved classification performance on degraded images.
This validates the core hypothesis of this thesis that integrating image reconstruction di-
rectly within the detection and recognition pipeline is a beneficial strategy for handling
challenging real-world conditions.
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Chapter 7

Conclusion and Future Work

This chapter synthesizes the key findings of the research presented in this thesis in section
7.1, outlines the challenges encountered and limitations of the current work in section 7.2,
and proposes potential avenues for future research to further advance the field of robust
text recognition in degraded images in section 7.3.

7.1 Conclusion

This research successfully extended the capabilities of the YOLO object detection frame-
work by developing and integrating novel reconstruction and classification heads, thereby
enabling a versatile multi-task learning (MTL) approach. We presented and evaluated an
architecture, termed YOLO CRNet, capable of simultaneously performing object (text)
detection, image reconstruction/enhancement to mitigate degradations, and fine-grained
character classification, all while utilizing shared features extracted from the underlying
YOLO backbone and neck structures. This integrated system was specifically designed
to address the challenges of recognizing text, such as license plates, in images affected by
real-world degradations like blur and noise.

Our investigation into the efficacy of multi-task learning versus single-task learning
paradigms highlighted the potential regularizing benefits inherent in jointly training these
diverse yet complementary tasks. This joint optimization encourages the learning of more
generalized feature representations. A significant finding emerged from our systematic
analysis of feature extraction strategies for the character classification head. By leveraging
t-SNE visualizations to assess feature separability and quantitative classifier performance
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metrics, we demonstrated that, for the specific task of alphanumeric character classifi-
cation, features extracted from a combination of early YOLO backbone layers (rich in
spatial detail) and neck layers (providing fused multi-scale context) provided superior class
separability and resulted in higher classification accuracy compared to features sourced
exclusively from deeper layers. This underscores the importance of appropriate feature
selection for fine-grained tasks within a multi-task architecture.

The empirical evaluations confirmed the benefits of the proposed approach. The YOLO
CRNet, particularly when employing its reconstruction head to explicitly deblur images
prior to classification, demonstrated a substantial improvement in character recognition
accuracy on blurred test images compared to a baseline YOLO model operating without
such enhancements. Different configurations of the reconstruction head were explored, with
a U-Net-like architecture utilizing PixelShuffle for upsampling and Squeeze-and-Excitation
blocks for channel attention (Configuration C) yielding the best quantitative (PSNR, SSIM)
and qualitative reconstruction results. Ablation studies on the reconstruction loss com-
ponents further validated the importance of a combined loss incorporating L1, L2, and
perceptual terms, with L1 and perceptual losses being critical for sharpness and visual
fidelity.

In summary, this work contributes a flexible and effective multi-task YOLO-based archi-
tecture (YOLO CRNet) for improved text detection and recognition in degraded conditions.
It provides valuable insights into optimal feature extraction strategies from hierarchical
networks. The research demonstrates that by thoughtfully integrating task-specific heads
(reconstruction and specialized classification) and carefully selecting the feature sources for
these heads, the overall performance, generalization, and utility of object detection frame-
works can be significantly enhanced for challenging real-world applications like ALPR.

7.2 Challenges and Limitations

Despite the promising results achieved, this research encountered several challenges, and
the current implementation of YOLO CRNet has certain limitations that warrant discus-
sion:

1. Synthetic Data Domain Gap: A primary challenge in developing and training
models for degraded image processing stems from the reliance on synthetically gen-
erated training data. This is often necessitated by the scarcity of large-scale, paired
real-world datasets containing both sharp ground-truth images and their correspond-
ing naturally degraded versions. While synthetic data allows for controlled generation
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of various degradations, it inherently creates a potential domain gap. Models trained
primarily on such synthetic data may not generalize optimally to the full complex-
ity, diversity, and nuanced interplay of degradations present in authentic real-world
imagery. The specific characteristics of real-world blur kernels or noise patterns, for
instance, can differ significantly from their synthetic counterparts.

2. Reconstruction Fidelity Limits: The implemented reconstruction head, while
demonstrating significant improvements, exhibited limitations in accurately restoring
very fine details, particularly for characters characterized by small or thin strokes.
This limitation was especially pronounced when characters were subjected to sig-
nificant levels of motion blur. While the reconstruction successfully deblurred the
overall structure, the minute details essential for distinguishing certain characters or
ensuring perfect legibility were sometimes not fully recovered, which can impact the
subsequent recognition stage.

3. Fine-Grained Classification Ambiguity: Distinguishing between visually highly
similar character classes (e.g., ’0’ versus ’O’, ’1’ versus ’l’ versus ’I’) in different fonts
proved to be an inherent challenge for the classification head. Achieving consis-
tently high accuracy for these ambiguous pairs requires the extraction of extremely
subtle discriminative details from the feature representations. This task becomes
particularly difficult when operating on features derived from degraded images as
some critical distinguishing information might be irretrievably lost or distorted by
the degradation process itself.

These challenges underscore the complexity of building generalized end-to-end systems
for text recognition in unconstrained environments and highlight areas where further im-
provements are needed.

7.3 Future Work

Building upon the findings and addressing the limitations of this research, several promising
avenues for future work can be identified to further enhance the capabilities of the YOLO
CRNet framework and advance the field of robust scene text recognition:

1. Bridging Domain Gaps: A critical area for future research is to more effectively
address the synthetic-to-real domain gap. This could be pursued by:
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• Exploring unsupervised or semi-supervised domain adaptation techniques. These
methods could help the model adapt its learned representations from synthetic
data to better align with the characteristics of real-world degraded images, po-
tentially by leveraging large amounts of unlabeled or sparsely labeled real-world
data.

• Enriching synthetic data generation pipelines. This involves developing more so-
phisticated and realistic degradation models that can more accurately simulate
the diverse and complex blurs, noises, lighting variations, and compression arti-
facts found in real-world scenarios. Incorporating a wider array of background
variations and textures into the synthetic data could also improve generalization.

2. Enhancing Reconstruction Fidelity: To improve the restoration of fine character
details, especially under severe blur conditions, future work could investigate:

• Advanced reconstruction architectures: Exploring more powerful generative
models, such as advanced GANs, diffusion models, or Transformer-based archi-
tectures, specifically tailored for image restoration, might yield superior results
in recovering intricate details [18].

• Sophisticated loss functions: Employing loss functions that more explicitly pro-
mote sharpness and texture fidelity, such as adversarial losses (if using GANs),
gradient profile losses (to enforce edge sharpness), or frequency-domain losses,
could guide the reconstruction process more effectively towards producing highly
detailed and artifact-free images [48, 18].

3. Improving Fine-Grained Classification for Ambiguous Characters: To en-
hance the classifier’s ability to distinguish between visually similar and ambiguous
characters (e.g., ’0’/’O’, ’1’/’l’/’I’), several strategies could be explored:

• Incorporation of sequential context: For character sequences, leveraging contex-
tual information from neighboring characters using advanced sequential model-
ing architectures (e.g., Transformers, more powerful RNNs) could significantly
improve the recognition of ambiguous characters by considering linguistic plau-
sibility [67, 78].

Pursuing these directions could lead to even more generalized and accurate text recognition
systems capable of handling a wider array of challenging real-world conditions.
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