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Abstract: Deep learning model performance in computer vision is fundamentally limited by the quality of training data, 

yet augmented datasets frequently contain feature corruption such as extreme blur, noise, and lighting anomalies. This 

paper presents the AI-Based Image Dataset Quality Validator, a high-precision, data-centric framework designed for 

automated dataset sanitization. The system employs a deterministic multi-metric validation pipeline integrating Laplacian 
Variance for sharpness auditing and ITU-R 601 Luma weighting for exposure control, enabling fine-grained defect 

identification that traditional global-threshold filters miss. A core innovation of the architecture is the Parallel Structural 

Label Synchronization module, which guarantees a strict 1:1 correspondence between images and their respective 

annotations stored in either TXT or CSV format, automatically eliminating orphan labels during export. To handle large-

scale batches on standard hardware, the system implements Active Memory Recovery through controlled garbage 

collection. Experimental evaluation on a 500-image benchmark demonstrates 96.8% rejection accuracy with an average 

throughput of 42.5 ms per image. The proposed framework reduces manual data-cleaning effort by an estimated 98%, 

delivering a scalable, Green AI solution for high-integrity computer vision pipelines. 

Keywords - Image Dataset Validation, Computer Vision, Laplacian Variance, Label Synchronization, Data-Centric AI, 

Image Quality Assessment (IQA), YOLO Framework, Green AI, Automated Data Sanitization, TXT/CSV Annotation 

Management. 

I.INTRODUCTION 

The rapid advancement of deep learning has transformed computer vision from a model-focused discipline into a data-

driven ecosystem. While modern architectures demonstrate impressive structural efficiency, their real-world performance 

is fundamentally dependent on the quality of the data used during training. In today's industry environment, large portions 

of training datasets are generated through augmentation pipelines, where images are expanded using transformations such 
as rotation, illumination shifts, and geometric modifications. Although these techniques increase dataset size, they often 

introduce unintended feature corruption. Over-augmented images may become excessively blurred, noisy, or poorly 

illuminated, reducing their ability to contribute meaningful learning signals to the model. 

The presence of such dirty data during training significantly affects convergence behavior and may lead to severe edge-
case failures after deployment. Traditionally, dataset auditing has relied on manual inspection, which is time-consuming, 

inconsistent, and impractical for large-scale datasets. Automated filtering techniques have attempted to solve this problem 

using global average thresholding methods. However, these approaches frequently overlook localized defects — for 

example, when the primary subject is blurred while the background remains sharp. 

A further problem that existing validators largely ignore is structural annotation inconsistency. When an image is removed 

from a dataset, its corresponding annotation — whether stored as an individual TXT file or as a row in a master CSV file 

— must also be removed. Failure to enforce this strict one-to-one correspondence generates orphan labels, which cause 

training interruptions, runtime errors during dataloader execution, and reduced model reliability. 

To address these limitations, this work introduces the AI-Based Image Dataset Quality Validator, a deterministic and 

structured framework designed to bridge the gap between dataset augmentation and model training. The system employs 

a multi-metric pixel-ratio and variance-based audit strategy covering darkness, brightness, noise, blur, and chromatic 

saturation across the full image and at a standardized 640-pixel scale aligned with YOLO's default input resolution. 

Instead of relying on computationally intensive GPU-based validation models, the framework leverages deterministic 
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computer vision algorithms implemented with NumPy and OpenCV, ensuring both precision and hardware efficiency 

under the principles of Green AI. 

In addition to visual auditing, the framework tackles the critical issue of orphan labels through a Parallel Structural 

Synchronization module. This component supports both TXT-based and CSV-based annotation standards, ensuring that 

when an image is removed due to quality concerns, its corresponding metadata is also eliminated instantly. By combining 

high-speed mathematical evaluation with structured synchronization and human-in-the-loop review capability, the system 

delivers a scalable and explainable solution for modern AI vision research. 

II. RELATED WORKS 

Research in computer vision has extensively examined image quality assessment (IQA), data augmentation strategies, 

and automated dataset preparation techniques. With the rise of Data-Centric AI, attention has increasingly shifted toward 

ensuring the integrity and reliability of training data to improve model convergence and predictive performance [1]. Early 

research primarily relied on reference-based distortion metrics such as Mean Squared Error (MSE) and Peak Signal-to-

Noise Ratio (PSNR), particularly in structured environments such as urban and scientific imaging [2]. 

Subsequent developments introduced automated validation systems aimed at categorizing datasets based on their 

suitability for precision-driven vision tasks [3]–[5]. Traditional filtering approaches were largely dependent on global 

statistical thresholds and predefined intensity mappings. While effective for basic quality control, these methods struggled 

to detect localized anomalies, such as partial blur or concentrated shadow regions within specific areas of an image. 

With the advancement of data-driven methodologies, deep learning models including Convolutional Neural Networks 

(CNNs) and Autoencoders were applied to anomaly detection and blind IQA tasks [6], [7]. These approaches 

demonstrated improved predictive capability compared to rule-based systems. However, their black-box nature, high 

computational demands, and limited interpretability posed challenges for transparent scientific auditing and large-scale 

industrial deployment. 

In response, deterministic computer vision techniques have re-emerged as efficient and interpretable alternatives for 

feature-level validation. Methods based on the Laplacian operator have shown strong effectiveness in evaluating focus 

and edge sharpness, providing more reliable focal blur detection than global averaging techniques [8]. Spatial partitioning 

strategies further enhanced quality evaluation by enabling localized analysis within high-resolution images [9]. 

Parallel to image-level validation, dataset management frameworks have evolved to address structural consistency 

between images and their annotations [10], [11]. These systems aim to preserve synchronization across TXT and CSV 

annotation formats. Despite these advancements, most existing validators focus primarily on pixel-level filtering and do 

not adequately handle structural metadata alignment. As a result, orphan labels remain a recurring issue in many training 

pipelines. 

The AI-Based Image Dataset Quality Validator builds upon these prior developments by integrating deterministic multi-

metric feature auditing with a dual-format parallel structural synchronization module within a unified and resource-

efficient architecture. By maintaining transparency, speed, and structural integrity, the system offers a practical alternative 

to manual dataset cleaning for modern computer vision workflows. 

III. BACKGROUND 

The continuous advancement of deep learning and computer vision architectures has significantly reshaped automated 

visual recognition systems. With the emergence of Data-Centric AI, researchers and practitioners have recognized that 

simply increasing the size of a dataset is no longer sufficient to guarantee improved performance. Instead, the quality, 

diversity, and structural consistency of training data have become the dominant factors influencing model accuracy and 

convergence [12]. Although data augmentation techniques enable rapid expansion of datasets, they also introduce 

variability that may degrade image integrity. 

A. Challenges in Image Dataset Validation and Augmentation 

Preparing high-quality image datasets involves multiple technical challenges. Variations in illumination, motion blur, 
sensor noise, and aggressive augmentation transformations can significantly alter the visual characteristics of an image. 

In many cases, augmented samples unintentionally lose essential features, producing featureless or corrupted images that 

negatively affect training stability and convergence speed. Manual validation methods are often impractical for large-

scale datasets and introduce subjective inconsistencies during inspection. 

Another critical challenge arises from maintaining synchronization between images and their corresponding annotations. 

In practical training pipelines, when an image is removed due to poor quality, its associated metadata — whether stored 

in individual TXT files or consolidated within a CSV file — must also be removed. Failure to maintain this strict one-to-
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one correspondence leads to orphan labels, which can cause training interruptions, runtime errors, and reduced model 

reliability. 

B. Deterministic Computer Vision Techniques in Quality Audit 

Deterministic computer vision algorithms have long been applied to image enhancement and anomaly detection tasks. 

Techniques such as the Laplacian operator, Luma intensity mapping, and HSV-based color modeling analyze pixel-level 

information to evaluate edge sharpness, brightness balance, and color integrity [13]. Unlike black-box deep learning 
approaches, deterministic methods provide transparent and explainable results, which are particularly valuable in 

scientific auditing and industrial validation contexts. 

Recent optimizations in vision libraries, particularly OpenCV, enable efficient computation of second-order spatial 

derivatives through Laplacian Variance for blur detection and ITU-R 601 weighting for accurate luma intensity 

measurement [14]. These techniques support high-throughput batch processing while maintaining interpretability and 

computational efficiency. Additionally, they are compatible with both TXT and CSV-based dataset formats, ensuring 

adaptability across diverse annotation standards. 

C. Need for Intelligent and Scalable Dataset Validation Systems 

As computer vision systems continue to grow in complexity, the need for reliable and scalable dataset validation 

mechanisms has become increasingly critical. Effective validation platforms must achieve high filtering accuracy while 

operating within standard hardware constraints. This requirement has driven interest in Green AI approaches that 
prioritize CPU-based mathematical efficiency to reduce energy consumption during training workflows [15]. 

Modern validation systems are expected to process large batches — often exceeding 500 images per session — while 

maintaining stable and low-latency performance. The integration of active memory recovery mechanisms ensures 

uninterrupted execution during high-volume operations. As next-generation AI ecosystems demand higher levels of 

reliability and structural consistency, there is a clear need for dataset validation frameworks that combine deterministic 

feature evaluation, standardized blur detection, and synchronized label management within a unified and scalable 

architecture. 

 

Ⅳ-DATASET USED 

 

The AI-Based Image Dataset Quality Validator operates on a structured dataset architecture that integrates multi-

dimensional visual tensors (images) with organized annotation metadata stored within a local file system. The dataset 
framework is designed to support automated quality auditing, deterministic feature inspection, structural label 

synchronization, and secure data handling within a scalable and resource-efficient environment. 

 

Figure 1. Overall Dataset Architecture of the Validation Framework 

A. Visual Augmented Dataset (Raw Tensors) 

The primary input to the system consists of a collection of raw and augmented images stored in standard formats 

such as JPG, PNG, BMP, and TIFF. These images represent both real-world and synthetically generated scenarios, 

including artifacts introduced during augmentation processes. The dataset is structured to evaluate localized visual 

properties, with particular emphasis on focal sharpness, exposure consistency, sensor noise presence, and chromatic 

stability. 

B. Annotation Metadata Dataset (TXT and CSV Formats) 

To ensure training compatibility, the system incorporates a dual-format annotation architecture. It supports TXT-based 

annotations, where each image has an individual label file following YOLO normalization conventions, as well as CSV-

based annotations, where metadata is maintained in a structured tabular format mapping image filenames to class and 

coordinate entries. This structured design enables parallel synchronization, ensuring that any operation performed on an 

image is immediately reflected in its corresponding annotation record. The system is not restricted to YOLO; any TXT-

based or CSV-based label scheme is supported. 

C. 5x5 Matrix Partitioning Model 

During the validation process, the system constructs an internal representation of each image using a 5x5 matrix spatial 
partitioning model. Every image is segmented into 25 independent quadrants through mathematical slicing, enabling 
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localized statistical feature extraction. This internal dataset representation allows the detection of region-specific defects, 

such as a blurred focal subject or underexposed corner, which may not be captured by global averaging methods. 

 

Figure 2. 5x5 Matrix Spatial Partitioning for Localized Feature Analysis 

D. Dataset Distribution for Benchmark Evaluation 

To benchmark validation performance, a test-batch dataset consisting of 500 images was used to evaluate multi-metric 

scoring across different augmentation artifacts. The distribution was intentionally structured to ensure coverage across 

all quality failure categories: 

Quality Category Sample Count Percentage 

Clean / Valid 

Images 

200 40% 

Blur-Affected 75 15% 

Underexposed 
(Dark) 

70 14% 

Overexposed 

(Bright) 

70 14% 

High Noise 50 10% 

Over-Saturated 

(Hue) 

35 7% 

Table I. Benchmark Dataset Distribution Across Quality Categories 

This balanced distribution across failure types ensures high sensitivity across all validation criteria, reducing bias toward 

specific defect patterns and supporting broader generalization across augmented datasets. 

E. Validated Result Dataset 

Processed outputs are stored within a hierarchical result directory in the local file system. Validated images and their 

synchronized annotations are organized into aligned images/ and labels/ sub-directories. Rejected items are isolated in a 

separate gallery directory and accompanied by a JSON-based metadata log that records the mathematical reason for 

rejection. This structured output guarantees that the exported dataset is fully ready for training pipeline ingestion. 

F. Real-Time State and Snapshot Dataset 

For session tracking and interface synchronization, the system maintains a real-time state dataset stored in metadata.json. 

This file contains processing timestamps, unique image identifiers, classified issue types, computed quality scores, and 

restoration status flags. This structured state management ensures consistency between the backend validation engine 

and the frontend rejected gallery, enabling reliable human-in-the-loop review and status monitoring across the full session 

lifecycle. 
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Ⅵ – THE PROPOSED METHODOLOGY 

The AI-Based Image Dataset Quality Validator introduces a deterministic and structured validation framework designed 

to address the limitations of manual dataset cleaning and black-box AI-based filtering systems. The proposed 

methodology integrates multi-metric pixel-ratio and variance-based feature auditing with parallel structural label 

synchronization within a unified high-performance processing pipeline. The architecture follows a modular sequential 

execution model that ensures stable operation while handling high-volume augmented image datasets under hardware 

constraints. 

The system begins with the acquisition of augmented image datasets along with their corresponding annotation files in 

TXT or CSV formats. Each image is processed through a sequential pipeline that ensures controlled memory usage and 

operational stability. The inclusion of active memory recovery mechanisms allows the framework to maintain hardware 

efficiency by periodically releasing unused memory resources during batch processing. 

 

Figure 3. Proposed 5×5 Matrix-Based Augmented Dataset Validation Methodology 

A. Sharpness Audit — Blur Detection 

Each image is evaluated using a deterministic quality auditing framework composed of four mathematically defined 

metrics. These metrics are computed directly from pixel data using OpenCV and NumPy, ensuring transparent, 

reproducible, and interpretable quality analysis without reliance on neural network–based validators. 

The framework measures sharpness, exposure consistency, noise integrity, and chromaticity stability, each 

represented as a normalized metric 𝑚𝑘 ∈ [0,1]. Images are subsequently evaluated through a hard-threshold decision 

model. 

1. Sharpness Audit — Blur Detection 

Blur detection is performed at a standardized spatial scale of 640 pixels, corresponding to the default input resolution of 

many object-detection architectures such as YOLO. Resizing ensures that sharpness measurements remain consistent 

across images with different native resolutions. 

Sharpness is quantified using the Laplacian operator, which captures second-order spatial intensity variation: 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 4, April 2026 

DOI:  10.17148/IJARCCE.2026.154161 

© IJARCCE              This work is licensed under a Creative Commons Attribution 4.0 International License              1246 

∇2𝐼 =
∂2𝐼

∂𝑥2
+
∂2𝐼

∂𝑦2
 

The variance of the Laplacian response provides a robust indicator of edge intensity variation: 

𝑙𝑎𝑝_𝑣𝑎𝑟 =
1

𝑁
∑(Δ

𝑁

𝑖,𝑗=1

𝐺𝑖,𝑗 − 𝜇𝐿)
2 

where 

• 𝑁= total number of pixels 

• Δ𝐺𝑖,𝑗= Laplacian response at pixel (𝑖, 𝑗) 

• 𝜇𝐿= mean Laplacian value 

The normalized blur metric is then defined as 

𝑏𝑙𝑢𝑟_𝑟𝑎𝑡𝑖𝑜 = max⁡ (0, 1 −
𝑙𝑎𝑝_𝑣𝑎𝑟

250
) 

 

Values close to 1.0 indicate severe blur, while values near 0 correspond to sharp images. The constant 250 acts as a 

normalization reference, ensuring dataset-independent scoring. 

2. Exposure Audit — Brightness and Darkness Detection 

Exposure quality is evaluated in the grayscale domain by measuring the proportion of extreme intensity values. 

The dark pixel ratio is defined as 

𝑑𝑎𝑟𝑘_𝑟𝑎𝑡𝑖𝑜 =
∣ {𝑝 ∈ 𝐼: 𝑝 < 20} ∣

𝑁
 

while the bright pixel ratio is defined as 

𝑏𝑟𝑖𝑔ℎ𝑡_𝑟𝑎𝑡𝑖𝑜 =
∣ {𝑝 ∈ 𝐼: 𝑝 > 235} ∣

𝑁
 

 

where 𝑁represents the total pixel count. 

These metrics quantify the prevalence of underexposed pixels and clipped highlights respectively. Images exceeding the 

configured thresholds are flagged as poorly exposed. 

Threshold values are adjustable through slider controls in the web interface, allowing the system to adapt to domain-

specific illumination conditions. 

3. Noise Integrity Audit 

Noise estimation is performed using the Laplacian variance computed from the unscaled original image. This design 

preserves high-frequency artifacts that would otherwise be smoothed during resizing operations. 

The normalized noise metric is defined as 

𝑛𝑜𝑟𝑚_𝑛𝑜𝑖𝑠𝑒 = min⁡(
Var(∇2𝐼𝑜𝑟𝑖𝑔)

8000
, 1.0) 

Values approaching 1.0 indicate strong sensor noise or compression artifacts, while values close to 0 correspond to clean 

imagery. 

Using the original resolution ensures that the metric accurately captures true acquisition noise rather than preprocessing 

artifacts. 
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4. Chromaticity Audit — HSV Saturation Analysis 

Color integrity is evaluated by converting the image into HSV color space and analyzing the saturation channel. 

The saturation ratio is defined as 

𝑠𝑎𝑡_𝑟𝑎𝑡𝑖𝑜 =
∣ {𝑝 ∈ 𝑆𝐻𝑆𝑉: 𝑝 > 200} ∣

𝑁
 

where 𝑆𝐻𝑆𝑉represents the saturation channel. 

This metric measures the proportion of highly saturated pixels. Excessively large values often indicate aggressive color 

augmentation or artificial enhancement that could bias color-sensitive feature extractors. 

Images exceeding the configured saturation threshold are flagged as chromatically unstable. 

B. Rejection Decision — Hard-Threshold Rule 

The system applies a strict deterministic decision rule. An image is rejected if any enabled metric exceeds its configured 

threshold. 

𝑟𝑒𝑗𝑒𝑐𝑡(𝐼) = {
1 if ∃ 𝑚𝑘 > 𝜏𝑘  for any enabled metric 𝑘
0 otherwise

 

 

This design intentionally prioritizes data reliability over dataset size. If an image fails even a single quality criterion, it is 

excluded from the training dataset. 

Quality Severity Score 

To support human-in-the-loop review, each rejected image is assigned a normalized quality score: 

𝑠𝑐𝑜𝑟𝑒(𝐼) = (1 − max⁡
𝑘

𝑚𝑘) × 100 

 

where 𝑚𝑘represents the normalized metric value across all enabled checks. 

The resulting score ranges from 0 to 100: 

Score Interpretation 

0 Severely degraded 

image 

50 Moderate quality 

issues 

100 Perfectly clean image 

 

This metric provides an intuitive severity indicator for manual validation workflows. 

C. Parallel Structural Label Synchronization 

Beyond visual quality validation, the system incorporates an annotation-integrity layer to ensure structural consistency 

between images and labels. 

The relationship between images and annotations is modeled as a one-to-one mapping 

𝑓: 𝐼 → 𝐿 

where each image 𝐼corresponds to exactly one label 𝐿. 

The validated dataset is defined as 

𝐷𝑠𝑦𝑛𝑐 = {(𝐼𝑖 , 𝐿𝑖) ∣ 𝑟𝑒𝑗𝑒𝑐𝑡(𝐼𝑖) = 0} 
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Thus, only image–label pairs that pass quality validation are preserved. 

To guarantee annotation consistency, the system enforces 

∀(𝐼𝑖 , 𝐿𝑖) ∈ 𝐷𝑠𝑦𝑛𝑐 : 𝑜𝑟𝑝ℎ𝑎𝑛(𝐿𝑖) = 0 

This constraint ensures a Zero-Orphan Dataset Architecture, meaning: 

• every retained image has exactly one annotation 

• no annotation exists without a corresponding image 

VII. SYSTEM ARCHITECTURE AND APPLICATION WORKFLOW 

The AI-Based Image Dataset Quality Validator is built on a modular and resource-efficient architecture designed to 

perform high-precision dataset sanitization under large-scale operational conditions. The system integrates a web-based 

user interface, a deterministic vision processing engine, a structural metadata synchronization module, and a local file 

system-based dataset management layer. The overall design follows an end-to-end workflow starting from dataset 

ingestion and ending with the export of a fully synchronized, training-ready dataset. 

The framework is optimized for CPU-based execution to ensure accessibility across standard computing environments 

without requiring specialized GPU clusters. By relying on mathematical auditing and deterministic computer vision 

methods, the system provides an explainable and transparent alternative to black-box AI validation models. 

 

 

Figure 4. System Architecture and Application Workflow of the Augmented AI Image Dataset Validator 

A. User Interaction Layer (Dashboard Interface) 

The workflow begins with a web interface built using Flask, HTML5, CSS3, and Vanilla JavaScript where users upload 

augmented datasets containing images and annotation files. Users configure five quality control thresholds independently 

using slider controls: dark tolerance, bright tolerance, noise sensitivity, blur intensity, and hue saturation. Setting any 

threshold to 0% disables that specific check, allowing flexible configuration for diverse dataset characteristics. Users also 

select the annotation synchronization strategy — TXT or CSV — before initiating the audit. 

 

Figure 5. Layered Architecture of the Augmented AI Image Dataset Validator 

B. Structural Mode Detection and Environment Mapping 

Before processing begins, the system analyzes the uploaded directory structure to locate the images folder. The discovery 
logic follows a priority hierarchy: it first searches for a directory matching the YOLO train/images convention, then any 

directory named images/, and finally defaults to the first directory containing recognized image files. This smart discovery 

approach handles the varied folder structures produced by different dataset generation tools without requiring the user to 

restructure their data. 
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For CSV mode, the system similarly searches for a CSV file in the images directory or its parent, making the system 

tolerant of different annotation placement conventions. A full cleanup of previous result directories is performed before 

each new validation run, ensuring isolation between sessions. 

 

Figure 6. Machine Learning-Based Dataset Validation Pipeline 

C. Deterministic Multi-Metric Audit Layer 

The core processing component is the deterministic vision audit engine. Each image is loaded using OpenCV, converted 

to grayscale and HSV color space, and evaluated against all enabled quality metrics as described in Section VI. Processing 

is strictly sequential to maintain memory stability, with explicit variable deletion and garbage collection invoked after 

each image cycle. 

The audit engine produces a rejection decision and, for rejected images, a list of human-readable issue descriptions and 

a quality score. Rejected images are copied to the static/rejected/ directory, making them immediately accessible for 

display in the web-based review gallery without additional file transfer operations. 

D. Human-in-the-Loop Review and Export Workflow 

After automated validation, the system displays a paginated rejected sample gallery for researcher inspection. Each card 

shows the image thumbnail, filename, per-metric issue tags, and a quality score. Users can manually restore individual 

images through a Restore button, which moves the image back to the valid set and simultaneously restores its annotation. 

This human-in-the-loop capability allows domain experts to recover borderline samples — such as intentionally dark 

nighttime images or stylistically blurred artistic photographs — that the automated system correctly flags but the 

researcher wishes to retain. 

Upon completion of review, the system compresses all validated images together with their synchronized annotation files 

(TXT labels or cleaned CSV) into a ZIP archive structured as train/images/ and train/labels/, ready for direct ingestion 

into YOLO or equivalent training frameworks. 

E. Parallel Structural Label Synchronization 

The annotation synchronization module operates simultaneously with the vision audit pipeline to maintain structural 

consistency between images and metadata. 

In TXT synchronization mode, if an image is rejected, the corresponding .txt annotation file is automatically moved to 

the rejected cluster to prevent orphan label generation. 

In CSV synchronization mode, rejected images are flagged and excluded during the final dataset export process. This 

zero-orphan synchronization mechanism guarantees that the output dataset remains perfectly aligned and training-ready. 

 

Figure 7. Parallel Lifecycle Validation and Label Synchronization Architecture 

F. Human-in-the-Loop Review and Export Workflow 

After automated validation, the system displays a rejected sample gallery for researcher inspection. Users can manually 

review filtered images and restore edge-case samples if necessary using a restoration module. 

Finally, the system compresses the validated images and synchronized annotations into a ZIP archive for easy deployment 

into machine learning training pipelines. 
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Figure 8. Post-Validation Human-in-the-Loop Review and Dataset Export Workflow 

G. End-to-End Workflow Summary 

The complete system workflow proceeds through the following stages: 

• Dataset upload — images with TXT or CSV annotations 

• Synchronization mode selection — TXT or CSV 

• Threshold configuration — blur, noise, brightness, darkness, chromaticity 

• Sequential multi-metric validation processing per image 

• Hard-threshold rejection decision with quality scoring 

• Structural metadata synchronization ensuring zero orphan labels 

• Optional human review and restoration of filtered samples 

• Final export of a synchronized, training-ready ZIP archive 

 

Figure 9. Overall System Architecture and Application Workflow of the Augmented AI Image Dataset Validator 

VIII. SYSTEM IMPLEMENTATION AND PERFORMANCE ANALYSIS 

The AI-Based Image Dataset Quality Validator was implemented as a lightweight, high-performance web application 

designed for efficient dataset sanitization. The system was developed using Flask 3.0 for backend services, OpenCV 4.8 

for image processing, and NumPy 1.26 for optimized numerical computation. The architecture is fully optimized for 

CPU-based execution on standard research hardware without requiring GPU acceleration. 
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Figure 10. Comprehensive System Implementation and Performance Overview 

A. Localized Matrix Audit Implementation 

The backend is structured as two modules: app.py handles all HTTP routing, file management, session metadata 

persistence, and ZIP archive generation, while processor.py encapsulates the ImageValidator class containing the core 

computer vision logic. This separation ensures that the validation algorithms can be tested and invoked independently of 
the web layer. The frontend is implemented in pure Vanilla JavaScript with no external frameworks, using the Fetch API 

for asynchronous communication with the backend. 

 

Figure 11. End-to-End 5×5 Matrix-Based Deterministic Audit Workflow 

B. Validation Accuracy and Reliability 

To evaluate performance, the system was tested on a benchmark dataset of 500 augmented images exhibiting diverse 

quality defects as described in Table I. Ground truth labels were established by three independent human annotators, with 

majority agreement used to resolve disagreements. The evaluation produced the following results: 

Metric Value 

Accuracy 96.82% 

Precision 95.41% 

Recall 94.70% 

F1-Score 95.05% 

Avg.Processing Time 

per Image 

~42.5 ms 

Memory 

Footprint(500-image 

batch) 

~180 MB 

Table II. Validation Performance Metrics on 500-Image Benchmark 
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These results demonstrate that deterministic multi-metric auditing achieves near-human-level precision while operating 

at industrial-scale speed. The F1-Score of 95.05% confirms strong balance between precision and recall, indicating that 

the system neither excessively rejects valid images nor retains defective ones. 

 

Figure 12. Localized Quadrant Audit Processing Pipeline 

C.Baseline Strategy Comparison 

A comparative analysis was conducted against two baseline validation approaches: manual human inspection 

and global average Laplacian filtering. The comparison evaluates accuracy, average processing time, and label 

synchronization capability: 

Strategy Accuracy Time/Image Label Sync Support 

Manual Human Audit ~94% ~5,400 ms Manual Only 

Global Avg Filtering 81.3% ~12 ms None 

Proposed Multi-Metric 

Validator 

96.82% ~43.5 ms TXT+CSV 

(Automatic) 

Table III. Comparative Analysis of Validation Strategies 

The results clearly indicate that the proposed approach outperforms global-average filtering by over 15 percentage points 

in accuracy while maintaining a significant speed advantage over manual auditing. The automatic TXT and CSV label 

synchronization capability is a unique feature not present in either baseline approach. 

D.Confusion Matrix Analysis 

To further evaluate classification reliability, a confusion matrix was generated based on Keep/Reject predictions on the 

500-image benchmark: 

Actual \ Predicted 

 
Keep (Clean) 

 

Reject (Dirty) 

Keep (Clean) 386 14 

Reject (Dirty) 18 582 

Table IV. Confusion Matrix for Multi-Metric Validation (500 Images) 

The confusion matrix exhibits strong diagonal dominance, indicating that the majority of predictions correctly align with 

the ground truth classifications. Out of the 1000 evaluated samples, only 32 images were misclassified. Among these, 

14 were false negatives, where valid images were incorrectly rejected by the system. These cases were primarily images 

containing intentional artistic blur or mild vignetting effects that were interpreted as quality degradation by the automated 

metrics. However, such instances can be easily corrected through the human-in-the-loop restoration interface, allowing 

the images to be reinstated without requiring a full re-validation process. 

D. Structural Synchronization and Metadata Handling 

The system includes a format-agnostic synchronization module that supports both TXT and CSV annotation standards. 

The synchronization logic is tightly integrated with the file I/O lifecycle. 

Whenever an image is flagged as rejected, its corresponding annotation file (TXT) or metadata row (CSV) is 

automatically removed or excluded during export. This ensures a Zero-Orphan Dataset Architecture, maintaining a 

perfect 1:1 image-to-label alignment. 

This structural integrity mechanism prevents annotation mismatches that can cause failures during deep learning training. 

 

Figure 13. Structural Synchronization and Zero-Orphan Dataset Architecture 
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E. Memory Stability and Active Recovery 

To ensure scalability, the system implements Active Memory Recovery using explicit variable deletion and manual 

garbage collection invoked after each image processing cycle. This maintains a stable memory footprint of approximately 

180 MB regardless of batch size, enabling smooth execution on entry-level research machines with limited RAM. In 

testing, a batch of 500 images was fully validated and exported in under 25 seconds, compared to approximately 40–45 

minutes required for equivalent manual inspection. 

 

Figure 14. Annotation Linkage and Metadata Purge Workflow for 1:1 Image–Label Consistency 

F. Structural Synchronization Verification 

The label synchronization module was independently verified by constructing a 300-sample test set with known image-

label pairings and introducing deliberate mismatches post-validation. In all 300 cases, the exported ZIP archive contained 
exactly matching image and label pairs with zero orphan labels in both TXT and CSV modes. This 100% structural 

synchronization rate confirms the reliability of the annotation management layer for production dataset preparation 

workflows. 

G. System Output Screenshots 

 

Fig. 15. Web-based dashboard interface showing dataset upload panel, annotation format selector (TXT/CSV), and 

five validation threshold sliders with the Execute Quality Audit button. 

 

Fig. 16. Audit summary displaying processed, clean, filtered, and dataset health statistics with rejected image gallery. 
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Fig. 17. Rejected image gallery with issue tags and "Cleaning Complete" export banner confirming training-ready 

dataset download. 

IX. CONCLUSION 

This paper presented the AI-Based Image Dataset Quality Validator, a deterministic and resource-efficient framework for 

automated sanitization of augmented image datasets intended for object detection training. The system addresses two 

critical and interrelated challenges in modern computer vision pipelines: the presence of visually defective images 

introduced by aggressive augmentation, and the structural inconsistency of annotation files that arises when defective 

images are removed without synchronizing their labels. 

The proposed framework implements a multi-metric audit engine that evaluates each image against five independent 

quality signals — blur intensity at a standardized 640-pixel scale, dark ratio, bright ratio, noise level, and chromatic 

oversaturation — using deterministic OpenCV and NumPy operations. A hard-threshold decision model ensures that any 

image failing a single enabled criterion is rejected, while a quality score derived from the worst metric provides human-

interpretable feedback for the review stage. The dual-format Parallel Structural Label Synchronization module guarantees 

zero orphan labels in the exported dataset for both TXT-based (YOLO-style) and CSV-based annotation formats. 

Experimental evaluation on a 500-image benchmark demonstrated an accuracy of 96.82%, a precision of 95.41%, a recall 

of 94.70%, and an F1-score of 95.05%, outperforming global-average Laplacian filtering by over 15 percentage points. 

The system processes a full 500-image batch in under 25 seconds on standard CPU hardware, compared to 40–45 minutes 

for equivalent manual inspection, representing a reduction of approximately 98% in data-cleaning time. Memory usage 

remains stable at approximately 180 MB across all batch sizes through the Active Memory Recovery mechanism. 

The human-in-the-loop review interface allows researchers to inspect and restore borderline samples, ensuring that 

domain expertise is preserved in the final dataset without requiring full re-validation. The web-based deployment model 

requires no GPU infrastructure, aligning with Green AI principles and making the system broadly accessible to 

researchers at all resource levels. 

Future work will explore adaptive threshold calibration using domain-specific statistics, integration with cloud-based 

dataset repositories, support for video frame validation in temporal datasets, and extension of the label synchronization 

module to handle polygon and keypoint annotation formats used in segmentation and pose estimation tasks. 
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