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Abstract

Automatic License Plate Recognition (ALPR) in unconstrained traffic environments re-
quires simultaneously addressing two fundamental challenges: reliable localization of
small and degraded license plates and accurate decoding of visually ambiguous charac-
ter sequences. This paper presents a hierarchical multi-stage framework that combines
deep-learning-based detection, geometric normalization, dual-channel recognition, and
structured post-correction to improve recognition robustness under diverse real-world con-
ditions. A systematic ablation study involving five configurations (A0-A4) demonstrates
the effectiveness of the proposed architecture across three benchmark datasets. On the
UC3M-LP dataset, exact-match accuracy increases from 45.2% to 88.3%, while achieving
91.6% partial accuracy and a zero detection-miss rate. The framework further attains 95%
exact-match accuracy on controlled European license plate crops and 93% on a large-scale
custom dataset. In addition, we identify systematic evaluation artifacts in partially anno-
tated benchmarks, showing that truncated ground-truth labels can underestimate genuine
character-level improvements. The proposed framework supports multiple license plate
formats through a configurable structural template library, and preliminary experiments on
a small Arabic-script subset suggest potential extensibility without full model retraining. To
ensure full reproducibility, all source code and evaluation resources are publicly released.

Keywords: automatic license plate recognition; YOLOv11; vision-language models; large
language models; geometric rectification; multi-jurisdictional ALPR; Arabic script recognition;
ablation study

1. Introduction

Automatic License Plate Recognition (ALPR) is a key enabling technology in Intelligent
Transportation Systems (ITS), supporting applications such as traffic monitoring [1], auto-
mated tolling [2], law enforcement [3], parking management [4], and vehicle tracking [5].
Despite extensive progress in computer vision, robust ALPR in unconstrained environ-
ments remains an open problem due to the gap between controlled training conditions and
highly variable real-world deployments.
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This gap becomes particularly evident in urban traffic scenarios, where vehicle regis-
tration extraction is not a single perception task but a tightly coupled inference problem
involving both detection and structured reading. On one hand, the system must identify
very small and often degraded license plate regions under extreme variations in viewpoint,
motion blur, occlusion, and illumination. On the other hand, it must correctly recover a
structured alphanumeric string from highly ambiguous visual signals, where even minor
character-level errors lead to complete semantic failure.

Rather than being independent, these two aspects are strongly interdependent: errors
in localization directly degrade recognition quality, while weak recognition models fail
to exploit spatial structure and contextual cues present in the visual input. This coupling
makes ALPR fundamentally more complex than standard object detection or generic
OCR tasks.

1.1. Challenges in Real-World ALPR

While deep object detectors have significantly advanced the localization stage of
ALPR, particularly through YOLO-based architectures [6-9], their improvements primarily
address spatial accuracy rather than end-to-end recognition reliability. Multi-scale strategies
further enhance detection robustness for small or distant objects [10], yet they do not resolve
the ambiguity inherent in character decoding.

In parallel, traditional OCR systems remain limited when applied to degraded license
plate imagery. By treating characters as independent classification units, they fail to model
dependencies within the license plate structure, making visually similar symbols such as
0/0,1/1, and 8/B difficult to disambiguate under realistic acquisition conditions [11,12].
These ambiguities are a major source of recognition errors in practical deployments.

Beyond character ambiguity, real-world ALPR systems must operate under multiple
interacting sources of degradation, including

*  Geometric distortions caused by viewpoint variation and perspective warping [13];

¢  Photometric degradations such as lighting changes, reflections, shadows, and motion
blur [14];

e  Structural variability arising from heterogeneous plate formats, spacing rules,
and script diversity [15].

1.2. Limitations of Existing Approaches

Most existing ALPR systems adopt a modular pipeline composed of detection followed
by recognition [12,16]. Although effective in constrained settings, this design introduces
fundamental weaknesses that limit robustness in real-world conditions.

First, the strict separation between localization and recognition prevents joint opti-
mization, causing detection errors to propagate directly into the recognition stage [17].
Second, most sequence-based recognizers [18-20] lack explicit enforcement of license
plate structural constraints, leading to outputs that may be visually plausible but syntacti-
cally invalid. Third, these approaches generally ignore contextual dependencies between
characters, reducing robustness under ambiguous or partially degraded observations [21].

These limitations suggest that improving ALPR performance requires moving beyond
independent perception modules toward more integrated reasoning frameworks.

1.3. Research Gap

Recent efforts have explored vision-language models and language-guided correc-
tion mechanisms to introduce contextual reasoning into ALPR pipelines. While these
methods improve robustness by leveraging multimodal representations, they are typically
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deployed as independent post-processing modules rather than integrated components of a
unified architecture.

Although recent ALPR research has improved either plate localization, contextual
visual decoding, or language-guided correction, these mechanisms are still mostly studied
in isolation. As a result, existing systems do not fully exploit the complementary roles
of geometric normalization, visual context, and jurisdiction-specific structural reasoning
within a single inference process. This leaves an important methodological gap in the
design of robust ALPR systems for unconstrained multi-format traffic environments.

To address these limitations, we formulate license plate reading as a progressive
inference problem rather than a simple detection-recognition cascade. In this perspective,
robust ALPR requires not only accurate visual perception but also the ability to reconcile
image evidence with geometric consistency and plate-format constraints. This viewpoint
motivates the hierarchical framework proposed in this work.

1.4. Research Objectives and Contributions

This paper proposes a hierarchical ALPR framework in which license plate read-
ing is formulated as a progressive inference problem rather than a simple detection—
recognition cascade. The proposed architecture jointly combines geometric normalization,
dual-channel visual decoding, deterministic structural validation, and selective language-
guided rewriting so that ambiguous predictions can be resolved using both image evidence
and jurisdiction-specific plate constraints.

The contributions of this work are as follows:

* A hierarchical ALPR framework that integrates detection, geometric rectification,
dual-channel recognition, structured post-correction, and confidence-guided re-
examination within a unified inference pipeline.

* A structure-aware recognition strategy in which visual predictions are refined us-
ing jurisdiction-specific formatting constraints, enabling more reliable resolution of
ambiguous character sequences than conventional OCR-only pipelines.

* A cascaded correction mechanism that prioritizes deterministic rule-based repair
and reserves language-model rewriting for unresolved low-confidence cases, thereby
improving syntactic validity while limiting unnecessary generative modifications.

* A controlled ablation protocol (A0-A4) that isolates the contribution of each module
and clarifies how geometric normalization, contextual visual decoding, and structural
reasoning provide complementary gains under adverse imaging conditions.

* A multi-format ALPR framework that demonstrates transfer across heterogeneous
license plate structures and shows preliminary extensibility to Arabic-script represen-
tations without retraining the full recognition pipeline.

*  An analysis of an annotation-related evaluation artifact in partially labeled bench-
marks, showing that exact-match scoring may underestimate genuine improvements
introduced by structure-aware correction.

¢ A fully reproducible implementation with publicly available code and evaluation
resources.

2. Related Work
2.1. Conventional Detection—Recognition Cascades

Most Automatic License Plate Recognition (ALPR) systems follow a two-stage pipeline
consisting of license plate localization followed by character recognition. Early ap-
proaches relied on handcrafted features, edge extraction, connected-component analy-
sis, and rule-based segmentation techniques [1,2]. Although computationally efficient,
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these methods were highly sensitive to illumination variations, geometric distortions, and
complex backgrounds.

Recent advances in deep learning have significantly improved the localization stage.
In particular, the YOLO family of detectors [6-9] has become the dominant solution due to
its favorable trade-off between accuracy and computational efficiency. These architectures
achieve detection recall exceeding 0.90 on several public ALPR benchmarks [12] while
maintaining real-time processing capabilities. Multi-scale inference and feature-pyramid
strategies further improve the detection of small and distant license plates [10].

Despite these advances, accurate plate recognition remains challenging in uncon-
strained traffic environments. Performance often deteriorates under adverse weather
conditions, severe perspective distortions, motion blur, partial occlusions, and non-uniform
illumination. Reported studies indicate that recognition accuracy may decrease by 30—
50 percentage points when models trained on controlled datasets are deployed on real
traffic footage [22,23]. Consequently, detection accuracy alone is insufficient to guarantee
reliable end-to-end ALPR performance.

2.2. Vision—Language Models for License Plate Reading

The emergence of large-scale Vision-Language Models (VLMs) [24-27] has introduced
a new paradigm for license plate recognition. Unlike conventional OCR systems that
process characters independently, VLMs formulate the task as image-conditioned text
generation, enabling contextual reasoning across the entire plate sequence.

This capability is particularly beneficial when dealing with visually ambiguous charac-
ters such as 0/0, 1/1, or 8/B, where neighboring symbols and global sequence context may
help disambiguate uncertain predictions. Recent VLM-based ALPR systems have reported
promising results on challenging datasets, achieving plate-level recognition accuracies
of 87.6% [23] and 92.3% [28]. These models exhibit improved robustness to perspec-
tive distortion, partial occlusion, and degraded image quality compared with traditional
OCR approaches.

Nevertheless, several limitations remain. Because recognition is performed through
autoregressive text generation, VLMs may produce invalid plate strings, hallucinated
characters, or outputs that violate jurisdiction-specific formatting rules. Furthermore, their
decision process is often difficult to interpret, and the computational requirements of large
VLMs may hinder deployment in resource-constrained environments [29].

2.3. Language-Model-Assisted Post-Correction

Recent studies have explored the use of Large Language Models (LLMs) as post-
recognition refinement modules [30-33]. Rather than replacing visual recognition systems,
these approaches operate on preliminary OCR outputs and attempt to correct recognition
errors by exploiting structural regularities and contextual information.

Language-model-based refinement is particularly effective for resolving common OCR
confusions and restoring syntactic consistency in license plate strings. Hmimou et al. [30],
for example, reported character error rate reductions of approximately 15-18% on multi-
jurisdiction evaluation datasets.

However, existing approaches generally employ LLMs as isolated post-processing
components. The correction stage is often detached from visual confidence information
and operates without deterministic validation against jurisdiction-specific plate structures.

2.4. Synthesis and Positioning of the Proposed Work

The literature demonstrates substantial progress in three complementary directions:
robust plate localization through deep object detectors, contextual recognition through
vision-language models, and textual refinement through large language models. However,
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these components are typically investigated independently and are rarely integrated within
a unified recognition framework.

To the best of our knowledge, existing ALPR systems do not simultaneously combine
multi-stage visual processing, dual-channel OCR-VLM recognition, deterministic structural
validation, and LLM-based refinement within a single hierarchical architecture evaluated
through a controlled ablation protocol. Furthermore, support for heterogeneous plate
formats, including Arabic-script license plates, remains relatively limited in existing studies.

3. Methodology

3.1. Problem Formulation

Given an input image [ € RH*Wx3

potentially containing multiple vehicles, the objec-
tive is to estimate structured license plate strings S = {c1, c2, ..., cx }, where each ¢; belongs
to a predefined jurisdiction-specific alphanumeric character set C. The overall architecture
of the proposed five-stage ALPR framework is illustrated in Figure 1.

The ALPR task is formulated as a hierarchical conditional estimation problem:

B = faet(L; Oder) )
$= frec(lé} erec) ()
S* = feorr(S; R, L) 3)

ANPR SYSTEM

1. YOLO - Plate Detection

A 4

2. Preprocessing

A 4

3. OCR (Easy OCR)

A 4

4. VLM (optional)

A 4

5. LLM Correction

Figure 1. Complete five-stage hierarchical ALPR framework architecture. Stage 1 performs multi-
resolution plate detection with test-time augmentation. Stage 2 applies clarity-based crop filtering.
Stage 3 conducts geometric rectification with dual-channel OCR-VLM recognition. Stage 4 executes
cascaded three-tier post-correction (confusion repair, format coercion, LLM rewriting). Stage 5 applies
confidence-driven re-examination to refine uncertain outputs.

Figure 2 provides an example of the preprocessing pipeline, from raw input and YOLO
detection to crop extraction, rectification, and final recognition.
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Before recognition, detected plate crops are filtered according to basic image-quality
cues. In particular, sharpness-related measures are used to reject severely degraded crops,
following classical autofocus and focus-measure principles [34,35].

4. EASYOCR 5. FINAL (with LLM) 1. INPUT IMAGE
TU4! TU4!
(a) Rectified (b) Result (c) Raw input
2. YOLO DETECTION 3. PLATE CROP
TU4!
(d) YOLO detect (e) Plate crop

Figure 2. Stage 3 preprocessing pipeline: (a) geometric rectification showing improved clarity, (b) final
OCR/VLM recognition output, (¢) raw detector input, (d) YOLOv11 detection output with confidence
scores, and (e) extracted plate region with background.

3.2. Stage 4: Cascaded Three-Tier Post-Correction
3.2.1. Tier 1: Position-Aware Confusion Repair

Characters whose predicted class contradicts the expected class are replaced using the
bidirectional confusion table (Table 1). Examples of common OCR confusions addressed by
the position-aware repair module are shown in Figure 3.

Table 1. Bidirectional character confusion table (Tier 1 post-correction).

Observed Expected Replacement Example
0,Q,D digit 0 OB5 — 0B5

LL digit 1 123 — 123

V4 digit 2 734 — 234

S digit 5 SA5 — 5A5

B digit 8 B17 — 817
G,C digit 6 G4A — 64A
0 letter O ABO — ABO

1 letter I 1B3 — IB3

8 letter B 8C2 — BC2

Wrong: S —> Correct: Wrong: Z —> Correct:

(a) S—5 confusion (b) Z—2 confusion

Figure 3. Additional common OCR character confusions. (a) Letter S frequently misread as digit 5 un-
der motion blur and low illumination conditions and (b) letter Z confused with digit 2 in perspective-
distorted or highly rotated plate images.

3.2.2. Tier 2: Jurisdiction-Specific Format Coercion

The decoded string is matched against predefined national registration templates.
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3.2.3. Tier 3: Language Model Rewriting (A4 Only)

When previous correction stages fail to produce a valid output, the Qwen2.5-0.5B-
Instruct model receives a structured correction prompt. The generated response is filtered
to preserve only valid alphanumeric sequences. Figures 46 illustrate representative cases
where format-aware rewriting resolves invalid or ambiguous plate strings.

Before: 123TU4567

After: 123TU4567

Figure 4. LLM correction example 1: OCR output I123TU4567 violates Tunisia plate format because
the first character must be numeric. The correction module rewrites the sequence to 123TU4567.

Before: 123TU4560

After: 123TU4567

Figure 5. LLM correction example 2: OCR output 123TU4560 contains an invalid trailing letter.
The rewriting stage replaces the ambiguous character and generates 123TU4567.

Before: BD—-2345SAB

After: BD—2345AB

Figure 6. LLM correction example 3: format-aware correction for Spanish license plates. Positional
constraints transform BD-234SAB into BD-2345AB.

3.3. Stage 5: Confidence-Driven Re-Examination

When the confidence value returned by Stage 4 falls below threshold T = 0.80,
a re-examination pass is initiated. One of three augmentation operators is selected
at random: sharpening convolution with center weight 9; contrast stretch with factor
a ~ Uniform[1.2, 1.5]; or fast non-local means denoising [36]. The contrast and denoising
operations are motivated by classical image-enhancement and edge-preserving filtering
techniques, including adaptive histogram equalization [37] and bilateral filtering [38].

3.4. Dual-Channel OCR-VLM Fusion Strategy

After geometric rectification, each license plate crop is processed by two complemen-
tary recognition channels: a conventional OCR engine and a vision-language model (VLM).
The OCR channel provides character-level predictions and confidence scores, whereas
the VLM channel generates an image-conditioned plate string using global visual context.
Both outputs are first normalized by removing non-alphanumeric symbols, converting
characters to uppercase, and applying jurisdiction-independent character cleaning. Let
SOCR and SVLM denote the candidate strings produced by the OCR and VLM chan-
nels, with associated confidence scores COCR and CVLM. The fusion module follows a
hierarchical decision strategy. Algorithm 1, Dual-Channel OCR-VLM Fusion, presents
the fusion procedure between OCR and VLM. First, if both channels produce identical
strings after normalization, the shared output is accepted. Second, if the predictions differ,
both strings are evaluated against the jurisdiction-specific format library. When only one
candidate satisfies a valid template, that candidate is retained. Third, when both candidates
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are valid, the prediction with the higher normalized confidence score is selected. Finally,
when neither candidate satisfies a known template, both predictions are passed to the
structured post-correction module, which applies position-aware confusion repair and
format coercion. This design avoids naive averaging of heterogeneous confidence values
and allows visual confidence, inter-channel agreement, and structural validity to jointly
guide the final recognition decision.

Algorithm 1 Dual-Channel OCR-VLM Fusion

Require: OCR output Spcr, VLM output Sy, confidence scores Cocr and Cypp, format
rules R
Ensure: Final plate prediction S ysion
1: Normalize Socg and Sy into a common alphanumeric representation
if Socr = Syrm then
Sfusion < Socr
return S0,
end if
Vocr  Validate(Socg, R)
Vvim Validute(SVLM, R)
if Vocr = True and Vi = False then
return Socr
else if Vpcr = False and Vyp; = True then
return Sy
. else if VOCR = True and VVLM = True then
return candidate with maximum normalized confidence
: else
Forward {Socr, Svrm} to the structured correction module
: end if

e e e e
A O =

4. Experimental Protocol

4.1. Evaluation Datasets
4.1.1. UC3M-LP (Primary Full-Scene Benchmark)

The Universidad Carlos III de Madrid License Plate dataset [39] provides high-
resolution (3888 x 5184 px) photographs. Of 395 test-split images, 333 are matched to
annotation files containing at least one legible plate, producing 491 verified reference
strings with median length of five characters (range 3-6). Figures 7 and 8 show examples of
challenging UC3M-LP images and illustrate the annotation difficulties encountered under
perspective distortion, low illumination, and motion blur.

(a) Original scene (b) Annotated GT
Perspective distortion Truncation artifact

Figure 7. UC3M-LP Test Image 2. (a) Scene exhibiting significant perspective distortion and partial
occlusion of target license plates. (b) Ground-truth annotations revealing the annotation truncation
artifact: edge characters fall outside polygon boundary due to oblique camera angle.
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(a) Original scene (b) Annotated GT
Low illumination Character-level boxes
Motion blur Annotation difficulty

Figure 8. UC3M-LP Test Image 3. (a) Challenging low-illumination traffic scene with motion blur
and non-frontal viewing angle. (b) Ground-truth character-level bounding boxes demonstrating
annotation difficulty in poor lighting.

The detection-miss analysis was conducted on the 333-image annotated evaluation
subset and not on the full 395-image split. A detection was considered successful if at least
one license plate region corresponding to a legible annotated plate was detected in the
image. Therefore, the reported detection coverage is image-level coverage on the selected
evaluation subset rather than exhaustive plate-level recall over the complete UC3M-LP split.

4.1.2. EU Plates (Controlled Recognition Benchmark)

This corpus provides 50 pre-cropped and well-framed plate images with complete
reference labels. This dataset evaluates the recognition pipeline in isolation, without local-
ization variability.

4.1.3. Custom License Plate Dataset

The custom dataset contains 9628 annotated images with YOLO-format license plate
bounding boxes. Images were resized to 640 x 640 pixels for detector training and internal
validation. The dataset was collected to represent heterogeneous acquisition conditions,
including daytime scenes, low-illumination or nighttime scenes, tilted plates, partially
occluded plates, and a subset of Arabic-script license plates. The recognition pipeline was
evaluated using the same jurisdiction-specific format library described in Table 2, which in-
cludes Tunisian, French, UK, Brazilian, Spanish, and generic alphanumeric plate templates.

Table 2. National registration format library (Tier 2 validation).

Jurisdiction Regex Length Example
Tunisia d{14}TUud{1,4} 5-10 123TU456
France [2d3 L2 7 AB123CD

UK L2423 7 AB12CDE
Brazil L3dLd2 7 ABC1D23
Spain d4L3 7 1234BCD

Generic [A-Z0-9]{4,10} 4-10 any

Annotations include plate-level bounding boxes and corresponding transcription
labels. For the internal validation reported in this work, a 50-image test subset was selected
to preserve representative acquisition variability rather than containing only ideal frontal
images. This subset includes 38 daytime images, 12 nighttime or low-illumination images, 9
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tilted plates, 5 partially occluded plates, and 7 Arabic-script plates. These values correspond
approximately to 76%, 24%, 18%, 10%, and 14% of the test subset, respectively.

For the complete custom dataset of 9628 images, the estimated acquisition-condition
distribution is as follows: approximately 7510 daytime images, 2118 nighttime or low-
illumination images, 1926 tilted plates, 770 partially occluded plates, and 578 Arabic-script
plates. These correspond approximately to 78%, 22%, 20%, 8%, and 6% of the full dataset,
respectively. These statistics were obtained through visual inspection and metadata-based
estimation and are therefore reported as approximate descriptive indicators rather than
exact stratified annotations.

Because the custom test subset is relatively small, the corresponding 93% recognition
accuracy should be interpreted as an internal validation result rather than a definitive cross-
dataset benchmark. The primary public benchmark evaluation remains UC3M-LP, while
the custom dataset (Table 3) experiment is used to assess the feasibility of the proposed
pipeline under additional acquisition conditions.

Table 3. Approximate acquisition-condition distribution for the custom dataset and its 50-image
internal test subset.

Condition Custom Test Subset Full Custom Dataset
(N = 50) (N = 9628)
Daytime images 38 (76%) ~7510 (78%)
Nighttime /low illumination 12 (24%) ~2118 (22%)
Tilted plates 9 (18%) ~1926 (20%)
Partial occlusion 5 (10%) ~770 (8%)
Arabic-script plates 7 (14%) ~578 (6%)

4.2. Ablation Configuration Design

To isolate the contribution of each pipeline component, we define five cumulative
configurations (A0-A4) that progressively incorporate additional stages. Each configuration
shares the same pre-trained YOLOv11-s detector checkpoint, allowing direct measurement
of recognition and correction improvements independent of detection performance [40].

Table 4 summarizes the capabilities present in each configuration.

Table 4. Capability matrix of ablation configurations (A0-A4). All configurations share identical
YOLOV11-s checkpoint.

Capability A0 Al A2 A3 A4
Multi-resolution YOLO + TTA v v v v v
Geometric rectification v v v v
Dual VLM-OCR reading v v v
Structured correction (Tier 1-2) v v
LLM rewriting (Tier 3) v
Confidence-driven re-examination v

4.3. Evaluation Metrics

(a) Exact Plate Match Accuracy (Primary):

T .
AcCexact = 3 Y 1[5 = S;] 4)
i=1
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(b) Partial Accuracy at 0.8:
1Y R
Accog = N gﬂ[&m(si, S7) > 0.8] (5)
where Sim(-,-) =1 — CER(-, ).
(c) Character Error Rate (CER):
1 Y Lev(S;, S¥)
ER=—) ————
CER=§ L5 ©)
where Lev(+, -) denotes Levenshtein distance [41].
(d) Inference Latency: Average processing time per image (ms) on Intel Core i7, 16 GB
RAM, no GPU.
(e) 95% Bootstrap Confidence Interval: 1000 image-level resamples.

4.4. Training Configuration

YOLOv11-s trained with batch size 16, SGD optimizer, learning rate 0.01, momen-

tum 0.937, weight decay 0.0005, input size 640 x 640, and 1 epoch fine-tuning on NVIDIA
RTX 4050.

Detector Performance: mAP@50: 60.7%, Precision: 78.1%, Recall: 53.8%. The YOLOv11-

s training behavior is reported in Figure 9.

Training

mMAP@50=60.7%

Figure 9. YOLOV11-s detector training curve. Final validation: mAP@50 = 60.7%, Precision = 78.1%,
Recall = 53.8%.

5. Results and Analysis

5.1. Primary Ablation Outcomes

Table 5 reports all five ablation configurations on UC3M-LP test partition.

Table 5. Complete ablation results on UC3M-LP (N = 333 images, 491 verified plates). Each row
represents the cumulative addition of components.

Configuration Exact Acc. 95% CI P@0.8 CER Latency (ms)
A0: YOLO + OCR 45.2% [41.8-48.6] 55.4% 0.369 2537
Al: + Geometry 58.3% [54.2-62.4] 68.1% 0.298 2203
A2: + VLM 72.5% [68.1-76.9] 78.2% 0.215 4850
A3: + Structured Corr. 82.7% [78.9-86.5] 85.4% 0.148 5920
A4: Full Pipeline 88.3% [85.1-91.5] 91.6% 0.095 6800
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Detection coverage: Zero missed images within the 333-image annotated evaluation
subset. This value corresponds to image-level coverage for images containing at least one
legible annotated plate and should not be interpreted as exhaustive plate-level recall over
the full UC3M-LP split.

Figure 10 summarizes the detection recall obtained across the evaluated datasets.
The progressive gain across ablation configurations is visualized in Figure 11 and detailed
in Table 6.

A0—A1 (+13.1 pp):

Geometric rectification yields a substantial accuracy gain on UC3M-LP, increasing the
exact-match accuracy from 45.2% to 58.3%. The observed latency decrease from 2537 ms to
2203 ms on this full-scene benchmark should be interpreted as dataset- and implementation-
dependent rather than as a general property of rectification. In full-scene images, rectifi-
cation and crop normalization can reduce OCR instability on highly variable detections.
However, on already cropped and well-framed EU Plates images, the same rectification step
introduces additional preprocessing overhead, increasing A1 latency. Therefore, geometric
rectification improves recognition robustness, but it should not be considered a universal
latency-reduction mechanism.

Al1—A2 (+14.2 pp):

Dual-channel VLM fusion provides substantial improvement through contextual
reasoning. VLM contributes most strongly under low illumination (+6.1 pp over Al).
A2—A3 (+10.2 pp):

Structured correction significantly improves syntactic compliance. Deterministic rule-
based approach provides reliable corrections without additional latency.

A3— A4 (+5.6 pp):

Confidence-driven re-examination provides consistent refinement. LLM rewriting
invoked for < 8% of plates.

Key Insight: Full A4 pipeline achieves a 95.2% relative improvement over the baseline
(45.2% — 88.3%).

100% 100% 1007

Custom UC3M EU

Figure 10. Image-level detection coverage across the evaluated subsets. The reported value corre-
sponds to zero missed images within the annotated evaluation subsets and should not be interpreted
as exhaustive plate-level recall over the full original datasets.
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937 98%

Custom UC3M EU

Figure 11. Exact match accuracy progression across ablation configurations: A0 baseline 45.2% — Al
+13.1 pp (geometry) — A2 +14.2 pp (VLM) — A3 +10.2 pp (structure) — A4 final 88.3% (re-exam).

Table 6. Final results across all evaluation datasets.

Dataset N Detection OCR Exact
Custom 50 100% 45% 93%
UC3M-LP 333 100% 55.4% 88.3%
EU Plates 50 100% 46% 95%

5.2. EU Plates Cropped Benchmark Results

To isolate the contribution of recognition and post-correction stages independent of
detection challenges, we evaluate on a curated set of 50 EU plate crops extracted from ideal
viewing angles and well-lit conditions.

Under ideal localization conditions, VLM reasoning dominates (A1—A2: +30%),
demonstrating contextual understanding’s importance when visual ambiguity is the pri-
mary challenge. Structured correction (A3—A4) adds further refinement through syntactic
compliance checks, achieving a 95% exact-match accuracy on this controlled benchmark
Table 7.

Table 7. Ablation results on EU Plates (N = 50 curated plate crops). Under ideal localization
conditions, VLM reasoning dominates.

Configuration Exact CER Latency (ms) FPS
A0: YOLO + OCR 46% 0.412 2180 0.46
Al: + Geometry 48% 0.395 4020 0.25
A2: + VLM 78% 0.198 5500 0.18
A3: + Structured Corr. 92% 0.071 6200 0.16
A4: Full Pipeline 95% 0.045 7500 0.13

5.3. Custom Dataset Evaluation

Table 8 summarizes the performance of the proposed pipeline on the 50-image Custom
test subset. The results show that all license plates were successfully detected, with a
detection rate of 100% (50/50). However, the standalone OCR read rate remained limited
to 45% (22/50), with an average OCR confidence of 0.35, confirming the difficulty of this
subset for conventional OCR-based recognition. After applying the full A4 configuration,
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which combines dual-channel OCR-VLM recognition, structured correction, LLM rewriting,
and confidence-driven re-examination, the exact-match accuracy increased to 93% (46/50).
These results demonstrate the ability of the proposed hierarchical correction strategy to
recover reliable plate strings even when the initial OCR output is uncertain or incomplete.

Table 8. Custom dataset performance (N = 50 test subset), which demonstrates LLM correction’s
ability to overcome standalone OCR limitations.

Metric Value
Detection Rate 100% (50/50)
OCR Read Rate (standalone) 45% (22/50)
Average OCR Confidence 0.35
Exact-Match Accuracy (A4) 93% (46/50)
Average Detections per Image 3.75

Although the custom test subset includes seven Arabic-script plate samples, the subset
is too small to support a statistically meaningful Arabic-script benchmark. Therefore,
the revised manuscript no longer presents Arabic-script support as a fully validated claim
but rather as a preliminary extensibility feature of the proposed template-based framework.

5.4. Cross-Dataset Generalization

Table 9 presents a cross-dataset comparative evaluation performed under the A4
configuration, highlighting the robustness and generalization capability of the proposed
approach across heterogeneous datasets.

Table 9. Cross-dataset comparative evaluation (A4 configuration).

Metric Custom UC3M-LP EU Plates
Detection Rate 100% 100% 100%
OCR Read Rate 45% 55.4% 46%
Final Exact Match (A4) 93% 88.3% 95%

5.5. Condition-Stratified Analysis

Figure 12 presents the character-level confusion matrix for raw OCR predictions.

Table 10 reports the exact-match accuracy of the five ablation configurations under
different imaging conditions. The results show that all modules contribute positively across
the evaluated difficulty categories, but the magnitude of improvement varies depending
on the degradation type.

For normal images, the full A4 configuration reaches 92.3% accuracy, compared with
58.1% for the AQ baseline. The improvement is more pronounced under adverse conditions.
For plates with a tilt greater than or equal to 15 degrees, the accuracy increases from
25.2% with A0 to 85.3% with A4, confirming the importance of geometric rectification
and structure-aware correction. Under motion blur, the proposed pipeline improves the
accuracy from 38.4% to 86.2%, while under low illumination it increases from 32.1% to
82.1%. Partial occlusion remains the most challenging condition, but A4 still improves the
performance from 28.8% to 78.5%.

These results indicate that the proposed hierarchical design is particularly benefi-
cial when the input image is affected by geometric distortion, blur, or poor illumination.
The condition-wise progression also confirms that the improvements are not limited to
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easy samples but extend to the main degradation factors encountered in unconstrained
ALPR scenarios.

Confusion Matrix

Custom UC3M—LPEU

Custom| 45% 5% 0%

ucam—Lp | 3% EiEie =

- 0% | 4% | 95%

Figure 12. Character-level confusion matrix from AO raw OCR predictions on UC3M-LP. Predominant
confusions: O<+0 (18%), I+>1 (16%), B8 (14%), S+5 (10%), Z+>2 (4%).

Table 10. Exact accuracy (%) stratified by image condition (UC3M-LP).

Condition N A0 Al A2 A3 A4
Normal 145 58.1 65.4 72.8 85.9 92.3
Tilt > 15 80 25.2 43.3 62.5 78.7 85.3
Motion blur 55 38.4 52.5 66.3 78.9 86.2
Under-illuminated 35 32.1 47.3 61.4 75.5 82.1
Partial occlusion 18 28.8 41.1 55.9 70.2 78.5
Overall 333 45.2 58.3 72.5 82.7 88.3

5.6. Computational Efficiency Analysis

Figure 13 shows the latency distribution of the A4 pipeline and highlights the dominant
contribution of VLM recognition.

The computational cost of the proposed framework increases as additional reasoning
modules are introduced. As reported in Table 5, the A0 baseline requires 2.537 s/image
on CPU, while the full A4 pipeline requires 6.8 s/image. The latency breakdown of A4 is
detailed in Table 11 and visualized in Figure 13.

The dominant computational component is the VLM recognition stage, which ac-
counts for 2.4 s/image, corresponding to 35.3% of the total runtime. Multi-resolution
detection is the second most expensive component, requiring 1.85 s/image, followed by
OCR recognition and LLM correction. In contrast, quality filtering, geometric rectification,
and confidence-driven re-examination contribute relatively modest overhead.
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These results show that the current CPU implementation is not suitable for real-time
video processing. Instead, the full A4 configuration is more appropriate for offline, batch,
or accuracy-critical applications. Real-time deployment would require further optimization,
such as GPU benchmarking, model compression, batching, or replacement of the VLM and
LLM modules with lighter task-specific alternatives.

The latency results in Tables 5 and 7 should be interpreted separately because UC3M-
LP evaluates full-scene images, whereas EU Plates evaluates pre-cropped plate images.
In the full-scene setting, rectification is coupled with detection, crop extraction, and quality
filtering, while in the cropped setting it acts mainly as an additional preprocessing operation.
This explains why Al is slightly faster than A0 on UC3M-LP but slower than A0 on EU
Plates. All CPU latencies were measured under the same hardware configuration, but the
executed preprocessing paths differ between full-scene and crop-only benchmarks.

Table 11. Latency breakdown (A4 full pipeline), measured on Intel Core i7, 16 GB RAM, and no GPU.

Processing Stage Time (ms) Percentage
Multi-resolution Detection 1850 27.2%
Quality Filtering 120 1.8%
Geometric Rectification 380 5.6%
OCR Recognition 950 14.0%
VLM Recognition 2400 35.3%
LLM Correction 780 11.5%
Re-examination 320 4.7%
Total Pipeline 6800 100%

PROCESSING TIME
YOLOE B50ms [ S—

OCR: 150ms R ———

LLM: EDms -

Total: 230ms I —

Figure 13. Latency breakdown for A4 full pipeline on CPU (Intel Core i7, 16 GB RAM). Pipeline
latency: 6.8 s per image on CPU.

5.7. Image Quality Impact

The image quality has a direct influence on both character recognition and post-
correction reliability. Figure 14 compares representative high-quality and low-quality
plate crops. High-quality plates with sharp character boundaries and sufficient contrast are
generally recognized reliably by both OCR and VLM channels. In these cases, the structured
correction module mainly acts as a validation mechanism.
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In contrast, low-quality images affected by blur, weak contrast, shadows, or low reso-
lution produce more frequent character-level ambiguities. These degradations particularly
increase confusions between visually similar symbols, such as O/0,1/1,B/8,S/5, and Z/2,
as also illustrated by the confusion matrix in Figure 12. Although the proposed correction
strategy reduces many of these errors, severe degradation can still prevent reliable recovery
when the visual evidence is insufficient.

This analysis confirms that the proposed framework improves robustness under
degraded imaging conditions and also highlights the need for future work on temporal
fusion or higher-capacity visual encoders to handle extremely low-quality inputs.

SCOOD QuUALITY
POOR QUALITY

Blurr., Dark
Sharpe, Clear

(a) High-quality plate (b) Low-quality plate
Figure 14. Image quality impact on recognition accuracy. (a) High-quality plate (Q(I) > 200, contrast

> 0.6) achieves A4 accuracy > 95%. (b) Low-quality plate (Q(I) < 80, contrast < 0.3, motion blur)
achieves A4 accuracy 65-75%.

5.8. Partial-Annotation Artifact Analysis

The official UC3M-LP evaluation reported in this work is always computed using
the original benchmark annotations. Under this protocol, the proposed A4 configuration
achieves an 88.3% exact-match accuracy. The analysis presented in this section is not
intended to replace the official benchmark score. Instead, it is reported as a secondary sen-
sitivity analysis to examine how partial or truncated annotations may affect the evaluation
of structure-aware ALPR systems.

5.8.1. Observation

During qualitative error analysis on UC3M-LP, we observed that some license plate
annotations correspond to partial character sequences rather than complete registration
numbers Table 12. In particular, for plates captured at oblique viewpoints or moderate
distance, one or more edge characters may be visually present in the image but absent
from the reference transcription. This phenomenon is related to the polygon-based anno-
tation protocol, where only characters whose centroids fall within the annotated region
are retained.

To avoid presenting this observation as a correction of the benchmark, all main results
in this paper are reported using the original UC3M-LP labels. Potentially truncated refer-
ences were identified only for a secondary artifact analysis. The screening criteria were
as follows: (i) the visible plate contains one or more edge characters not included in the
reference string; (ii) the missing characters are located near the left or right boundary of the
annotated polygon; (iii) the reference string is shorter than the expected national plate for-
mat; and (iv) the predicted full-length string satisfies the corresponding jurisdiction-specific
format rule.

This manual screening was used only to characterize the effect of partial annotations on
structure-aware correction modules. It was not used to modify the official benchmark labels.
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Table 12. Effect of reference string length on corrected output evaluation.
Ref. A0 Raw CERag A3 Corrected CERa3
630CX 630CXO 0.17 0630CXO 0.43
597LK 597LK 0.00 5971LK 0.29
141DD 14155 0.33 141SS 0.33

5.8.2. Implications for ALPR Evaluation Design

The official UC3M-LP results reported in this work are computed on the original
benchmark annotations. Under this protocol, the A4 configuration achieves an 88.3% exact-
match accuracy. As a secondary sensitivity analysis, we also evaluated A4 after excluding
samples flagged as potentially affected by partial annotation or truncation. Under this
filtered setting, the A4 exact-match accuracy increased to 94.1

This filtered value should not be interpreted as a replacement for the official benchmark
result. It is reported only to illustrate the potential magnitude of the partial-annotation
artifact. A complete configuration-wise filtered evaluation for A0-A4 is not reported,
because it would require a fully verified truncation mask across all reference strings and
predictions. To avoid introducing subjective bias, we restrict the filtered analysis to the
final A4 configuration and present the finding as evidence of a benchmark annotation issue
rather than as a corrected performance score.

This observation suggests that future ALPR benchmarks should explicitly distinguish
between complete and partial plate annotations and should report complementary metrics
such as the character error rate, partial accuracy, or substring-based recall alongside exact-
match accuracy. Such metrics would reduce the risk of penalizing structurally valid
full-length predictions when the reference label is incomplete.

6. Discussion
6.1. Insights from the Ablation

The ablation results show that the proposed modules provide complementary improve-
ments. Geometric rectification is the most influential early-stage component, improving
recognition accuracy across all difficulty strata by reducing the impact of perspective
distortion and non-frontal views. However, the latency behavior of this module is dataset-
dependent and should not be interpreted as a general acceleration effect.

The VLM channel further improves the recognition robustness by exploiting the global
visual context, particularly under low illumination and degraded character appearance.
Structured correction then increases the syntactic validity by enforcing jurisdiction-specific
format constraints and resolving common OCR ambiguities. Finally, the complete A4
configuration achieves the best overall performance, with an 88.3% exact-match accuracy
and 91.6% partial accuracy on UC3M-LP.

Comparison with State of the Art

Arabic-script support for this work is reported as preliminary because it is evaluated only
on a small subset of the custom dataset rather than on a dedicated Arabic-script benchmark.

Table 13 reports the performance comparison with state-of-the-art systems, demon-
strating the competitiveness of the proposed approach and its effectiveness across key
evaluation metrics.
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Table 13. Performance comparison with state-of-the-art systems.
System Dataset Accuracy Multi-J. Arabic
Laroca et al. [12] UFPR (crops) 95.7% No No
AlDahoul et al. [23]  Hard (crops) 87.6% Partial No
Sivakoti et al. [28] Multi-country 92.3% Yes No
Hmimou et al. [30] Mixed corpus 89.4% Yes No
Silva and Jung [16]  Brazilian (crops) 93.5% No No
Selmi et al. [15] Arabic (crops) 91.2% No Yes
This work (A4) UC3M-LP (scenes) 88.3% Yes Prelim
This work (A4) EU Plates (crops) 95.0% Yes Prelim
This work (A4) Custom (scenes) 93.0% Yes Prelim

6.2. Practical Deployment Considerations

The current CPU implementation is not in real time. On an Intel Core i7 CPU with
16 GB RAM, the A2 configuration requires 4.85 s/image, while the complete A4 pipeline
requires 6.8 s/image. Therefore, the proposed framework should currently be considered
suitable for offline processing, batch analysis, and accuracy-critical ALPR applications
rather than real-time video deployment.

*  Accuracy-critical applications: The full A4 configuration provides the highest recog-
nition accuracy, achieving an 88.3% exact-match accuracy on UC3M-LP full-scene
images and 95% on controlled EU plate crops. However, this configuration has the
highest computational cost and is therefore more appropriate for offline or server-
side processing.

* Resource-constrained deployments: The Al configuration offers a lighter alternative
by combining detection, geometric rectification, and OCR. It achieves an 58.3% exact-
match accuracy with 2.2 s/image latency on a CPU, making it more suitable when
computational resources are limited, although with reduced recognition accuracy.

* Intermediate accuracy-latency trade-off: The A2 configuration, which adds the
VLM recognition channel but excludes LLM rewriting, achieves a 72.5% exact-match
accuracy with 4.85 s/image latency. This configuration may be useful when im-
proved recognition robustness is required but full A4 correction is computationally
too expensive.

*  Multi-country deployments:The jurisdiction-specific template library can be extended
through YAML configuration without retraining the full recognition pipeline, enabling
adaptation to additional plate formats.

Real-time deployment remains future work. Achieving real-time performance would
require dedicated GPU benchmarking, model compression, batching, optimized infer-
ence engines, or replacement of the VLM/LLM components with lighter task-specific
recognition modules.

6.3. System Strengths

The proposed framework presents several practical strengths. First, the multi-
resolution YOLO-based detection strategy provides comprehensive plate localization across
the evaluated datasets, reducing missed detections in the tested images. Second, the use
of a configurable jurisdiction-specific template library makes the framework adaptable
to multiple national plate formats without retraining the full recognition pipeline. Third,
the dual-channel OCR-VLM design, combined with deterministic correction rules, sug-
gests that the same processing architecture can be extended to both Latin and Arabic-script
plate representations, although broader Arabic-script validation remains necessary. These
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characteristics make the framework suitable for heterogeneous ALPR deployments where
plate formats, scripts, and acquisition conditions vary significantly.

6.4. Limitations and Future Work
6.4.1. Current Limitations

e Latency: CPU inference at 6.8 s/image precludes real-time video processing with-
out substantial optimization or hardware acceleration. Although GPU deployment
is expected to reduce the inference time, real-time performance for the complete
OCR-VLM-LLM pipeline has not yet been empirically validated.

*  Morphological ambiguity: Character pairs indistinguishable at low resolution require
higher-capacity models.

*  Single-frame processing: Lack of temporal modeling prevents exploitation of inter-
frame consistency.

*  Manual artifact analysis: The partial-annotation artifact analysis on UC3M-LP was
based on manual inspection and was not independently validated by a third-party
annotator. Therefore, the filtered-subset result is reported only as a secondary
sensitivity analysis, while all primary comparisons rely on the original UC3M-LP
benchmark annotations.

*  Annotation-artifact quantification: The partial-annotation analysis was conducted
as a secondary sensitivity study and was not extended to a complete A0-A4 filtered
benchmark. A full configuration-wise quantification would require an independently
verified truncation mask for all reference strings. Therefore, the filtered A4 result
is reported only to illustrate the potential effect of truncated annotations, while all
primary comparisons rely on the original UC3M-LP annotations.

6.4.2. Future Research Directions

¢  Temporal modeling: Exploit temporal consistency using recurrent architectures [41],
temporal attention mechanisms [42], or multi-object tracking approaches such as
ByteTrack [43,44] to associate detections across consecutive video frames.

*  Meta-learning: Automatically learn jurisdiction-specific patterns from unlabeled
data [45].

¢  End-to-end differentiable architecture: Unified transformer-based model [46] for
joint detection-recognition optimization.

¢ Adversarial robustness: Assess system resilience against adversarial perturba-
tions [47].

*  Multimodal fusion: Integrate infrared, depth, and radar modalities for all-weather
operation.

*  Privacy-preserving federated learning: Collaborative training across jurisdictions
without sharing raw imagery [48].

7. Conclusions

This paper presented a hierarchical ALPR framework that integrates YOLOv11-based
plate detection, geometric rectification, dual-channel OCR-VLM recognition, cascaded
structural correction, and confidence-driven re-examination. The proposed design ad-
dresses both visual degradation and structural ambiguity by combining image-based
evidence with jurisdiction-specific formatting constraints.

On the UC3M-LP benchmark, the full A4 configuration achieved an 88.3% exact-
match accuracy and a 91.6% partial accuracy, improving substantially over the AQ baseline.
The same configuration reached a 95% exact-match accuracy on the controlled EU Plates
benchmark and 93% on the custom test subset. The ablation study showed that geometric
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rectification, VLM-based contextual recognition, structured correction, and confidence-
driven re-examination each contribute positively to the final performance.

The analysis also highlighted the influence of partial annotations on exact-match
evaluation and emphasized the importance of reporting complementary metrics such as the
partial accuracy and the character error rate. Despite these encouraging results, the current
CPU implementation remains too slow for real-time video processing, and the annotation-
artifact analysis was not independently validated. Future work will therefore focus on
GPU benchmarking, model compression, temporal fusion across video frames, and broader
validation on larger multi-jurisdictional datasets.
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