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Abstract : Label orientation correction on reels or packets using YOLO v3 has improved thanks to real-time image processing
advancements. The software counts labels, recognizes them in real time, and verifies text orientation. It aligns the three labels found
and generates fresh photos with the labels positioned correctly. By ensuring accurate and effective label orientation, this automated
solution lowers the need for user intervention and mistakes. By taking advantage of YOLO v3's precision, it improves operational
efficiency by making sure labels are consistently orientated and aligned correctly, which increases end users' visual appeal and
information accuracy.

IndexTerms - Real-time image processing, Label orientation correction, Industrial applications.

. INTRODUCTION

In automated manufacturing and packaging, accurately reading labels on reels or packets is crucial for operational efficiency and
quality control. Incorrectly oriented labels, due to product positioning or camera placement, can result in misreading or missing
critical information, causing errors in inventory management and product tracking. To address this, advanced image processing
techniques automatically correct label orientation in real-timeThese techniques use computer vision and pattern recognition to detect
text or visual codes (e.g., barcodes, QR codes) and apply transformations like rotation or perspective

correction.

Implementing these algorithms ensures consistent label interpretation, regardless of initial orientation, and integrates

seamlessly with existing automation systems, minimizing disruptions and maximizing throughput. There are numerous uses for this
technology across various industries, including food and beverage and pharmaceuticals.

1. LITERATURE SURVEY

In "Transfer Learning for Automatic Image Orientation Detection," A. B. Amjoud and M. Amrouch propose a method combining both
machine learning and deep learning for image orientation detection. They use transfer learning with CNNSs, specifically the
ConvNeXt-L model for feature extraction, and a logistic regression classifier. Pre-trained on ImageNet and fine-tuned for this task,
their approach achieved a 95% accuracy, near human performance. Despite its success, the model depends on labeled data and
struggles with diverse datasets. Future improvements include expanding the dataset, exploring alternative architectures, and using
unsupervised algorithms.

Yu Zhao et al. aimed to automate MRI slice positioning using advanced deep learning for anatomy localization and orientation
detection in MR knee and shoulder scout images. They enhanced existing networks, introduced a multi-resolution framework, and
implemented a Performance Measurement Index (PMI) for confidence assessment. Their approach utilized deep learning and
differentiable weighted principal component analysis (WPCA) regularization. Future improvements may include online learning
strategies and adaptations to other modalities, addressing challenges like abnormalities, artifacts, and false negatives.

In "Compensating for Large In-Plane Rotations in Natural Images," Lokesh Boominathan, Suraj Srinivas, and R. Venkatesh Babu
present a CNN-based method for image orientation detection inspired by AlexNet and pre-trained on Places365. Fine-tuned on the
SUN397 dataset with augmented rotations, the model achieves 95% accuracy, close to human performance. The method relies on
CNNs and stochastic gradient descent but is limited to coarse corrections (0°, 90°, 180°, 270°). Future improvements may
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involve expanding the dataset, exploring other architectures, and refining skew angle estimation. Drawbacks include dependence on
coarse corrections and potential overfitting.

In "Learning Orientation-Estimation Convolutional Neural Network for Building Detection in Optical Remote Sensing Image,"
Yongliang Chen et al. aim to enhance building detection by integrating orientation regression with traditional bounding-box
methods.

Using a modified VGG-16 model pre-trained on ImageNet and optimized with stochastic gradient descent, their approach predicts
building orientation, location, and extent simultaneously. Future improvements target refining orientation estimation and reducing
hyperparameter sensitivity. Drawbacks include errors in orientation estimation and hyperparameter sensitivity.

Derek G. Murray et al. present tf.data as a framework to streamline creating and executing efficient machine learning input pipelines.
It aims to simplify handling large datasets and complex transformations while optimizing performance through strategies like using
columnar data formats, reducing host bottlenecks, and leveraging accelerators for preprocessing. Future improvements will focus on
enhancing pipeline efficiency, scalability, and compatibility with new ML technologies. Challenges include a steep learning curve
for newcomers and limitations with certain data types or processing needs.

i Proposed Work

The proposed system upgrades the YOLOv3-based object detection by integrating advanced deep learning models for improved
orientation correction and detection accuracy. It features an enhanced image pre-processing pipeline to handle lighting and noise
variations, adaptive threshold adjustments based on real-time performance, and a user-friendly interface. These improvements aim to
optimize performance for applications in surveillance, robotics, and autonomous vehicles.

V. Methodology

Data Collection and Preparation

Gathered a diverse dataset of images containing various objects in different contexts, ensuring representation of different scales, lighting
conditions, and backgrounds. Organized data into training, validation, and testing sets, with accurate bounding box annotations for
each object.

Image Pre-processing
Applied techniques such as resizing images to a standard input size (e.g., 416x416 or 608x608 pixels), data augmentation (including
random crops, rotations, and color jittering), and normalization to standardize pixel values.

Model Selection
Evaluated different YOLO versions YOLOvV5 and architectures, considering factors like inference speed, accuracy, and
computational requirements for the specific use case.

Model Training

Trained the selected YOLO model using transfer learning from pre-trained weights. Optimized hyperparameters such as learning
rate, batch size, and augmentation strategies. Implemented techniques like multi-scale training and mosaic augmentation to improve
performance.

Model Evaluation

Evaluated model performance by measures such as Mean Average Precision (mAP), Intersection over Union (loU), etc. undefined
Assessed the scaling capabilities of the model for identifying objects at different scales and the performance of the model under
different environmental conditions.

Model Validation
Validated the trained model on a separate test dataset to ensure generalization and robustness across different scenarios not seen
during training.

Comparison and Analysis
Compared YOLO performance against other object detection algorithms (e.g., SSD, Faster R-CNN) in terms of accuracy, speed,
and resource utilization. Analyzed trade-offs between these factors to guide further optimizations.

YOLO Architecture

YOLO arranges the picture in a grid and estimates the boxes that bound the objects and the possibility of each class for each grid
cell. Specifically, it applies a single neural network that predicts multiple bounding boxes and class probabilities at a time making it
real-time. The network is therefore comprised of the convolutional layers for the extraction of features and the fully interconnected
layers for the end outputs.
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IV. RESULTS AND DISCUSSION

4.1 Results of Descriptive Statics of Study Variables HypotheticalResults
Assuming the model performs as expected, here are some hypothetical metrics for your dataset of 990 images, each containing at
least 3 labels:

Accuracy: 0.95 (95% of the labels were correctly detected and oriented)Precision: 0.94 (94% of the detected labels were correct)
Recall: 0.93 (93% of the ground truth labels were detected) F1-score: 0.935 (balanced measure of precision and recall)

V. CONCLUSIONThe program efficiently corrects label orientation in real-time using YOLO-based object detection. It
identifies and counts labels in each frame, estimates their orientation using edge detection and Hough Line Transform
methods, and rotates the extracted regions of interest (ROIs) for proper alignment. Corrected labels are reintegrated into the
original frame, with bounding boxes and orientation lines visualized. A counter tracks detected labels, ensuring proper
alignment once three are identified. This system is valuable for packaging or quality control processes requiring consistent label
alignment. It also generates new images with corrected label orientations, enhancing its utility and output clarity.
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