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Abstract: Artificial intelligence has been involved in several domains. Despite the advantages of using artificial intelligence techniques, some crucial limitations prevent them from being implemented in specific domains and locations. The accuracy, poor quality of gathered data, and processing time are considered major concerns in implementing machine learning techniques, certainly in low-end smart devices. This paper aims to introduce a novel pre-treatment technique dedicated to image text detection that uses the images’ pixel divergence and similarity to reduce the image size. Mitigating the image size while keeping its features improves the model training time with an acceptable accuracy rate. The mitigation is reached by gathering similar image pixels in one pixel based on calculated values of the standard deviation σ, where we consider that two pixels are similar if they have approximately the same σ values. The work proposes a new pipeline approach that reduces the size of the image in the input and intermediate layers of a deep learning model based on merged pixels using standard deviation values instead of the whole image. The experimental results prove that this technique significantly improves the performance of existing text detection methods, particularly in challenging scenarios such as using low-end IoT devices that offer low contrast or noisy backgrounds. Compared with other techniques, the proposed technique can potentially be exploited for text detection in IoT-gathered multimedia data with reasonable accuracy in a short computation time. Evaluation of the MSRA-TD500 dataset demonstrates the remarkable performance of our approach, Standard Deviation Network (σNet), with precision and recall values of 93.8% and 85.6%, respectively, that outperform recent research results.
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1  Introduction

Computer vision in general, in recent years, has become one of the major computer science research topics, where efficient text detection in multimedia content is one of the major challenges. Advancements in artificial intelligence have significantly improved various facets of computer vision, allowing for the automation of numerous tasks. In the realm of image classification, various machine-learning algorithms are frequently used [1]. Deep Learning (DL) stands out as a subset of these algorithms, with one of its key strengths being its capacity to automatically extract pertinent features from the data, thereby diminishing the necessity for manual feature selection [2].

With the rapid advancement of mobile computing devices and the massive proliferation of smart devices [3], images containing text data are being collected more readily, conveniently, and efficiently. Therefore, recognizing text within an image has become an active research topic in computer vision. The texts in the image often contain rich semantic information of high-level importance that helps in analysis, guidance, and understanding of the corresponding environment. Therefore, detecting and recognizing texts in images have received increasing attention in several applications [4], including automatic navigation, image retrieval, human-computer interaction, security, data integrity [5–9], etc. For example, considering the application of autonomous vehicles, a field rapidly gaining momentum. These self-driving cars navigate complex urban environments, relying on many sensors and cameras to perceive their surroundings. In this context, accurate text detection can be a game-changer.

The extraction and analysis of text from images and videos have emerged as focal points within multimedia understanding systems. Numerous methods have been put forward for extracting text from visual media, and many studies have offered comprehensive reviews [10–13] on this subject. Text recognition and extraction address two primary challenges when locating text within a target image. The first challenge is identifying the geometric representation that encapsulates the text’s position, which may take the form of a contour, such as a square, rectangle, oriented rectangle, or quadrilateral. The second task is to transform text-containing regions within images into machine-readable strings. Hence, the first crucial step in text identification is text discovery [14]. Text within an image can be classified into two categories: Scene text, which is inherent in the image at the time of capture, and artificial text, which is introduced into the image during post-production processes [15].

On the other hand, the Internet of Things’s significance in the text detection domain cannot be overstated. In today’s digital information, a substantial portion of multimedia data emanates from IoT devices and embedded systems, underscoring the sheer volume and diversity of information generated.

Integrating IoT into various applications underscores the pivotal role of text detection in computer vision. This paper addresses IoT-generated multimedia data’s critical challenges, focusing on enhancing text detection methodologies to extract valuable information efficiently. IoT-generated data containing embedded text is indispensable for streamlining shipping information processing in logistics and supply chain management domains. Similarly, in the realm of smart cities, the utilization of IoT is instrumental in text detection applications such as smart parking systems, enabling effective traffic management through license plate and signage recognition.

This paper’s primary target is to propose novel approaches tailored to the intricacies of IoT-generated multimedia data. Specifically, our research endeavors to enhance text detection algorithms to cope with the unique challenges of variable image quality, diverse orientations, and complex environments inherent in IoT-driven scenarios. We aim to contribute significantly to advancing robust and efficient text detection methods within IoT frameworks by addressing these challenges.

However, a pivotal challenge that emerges is the often poor quality of text data extracted from these sources. Text detection in this context necessitates robust solutions capable of real-time processing and maintaining high levels of accuracy. In response to this challenge, researchers and engineers have proposed a spectrum of innovative solutions designed to address the multifaceted concerns surrounding poor-quality data. These solutions not only enhance the accuracy of text detection but also ensure that it operates seamlessly in real-time scenarios, ultimately facilitating the effective utilization of IoT-generated multimedia data in various applications. The following points, among others, render the detection task more difficult [16]: (1) The absence of prior information regarding the text’s location within the image presents a significant challenge, particularly when the text is distributed throughout the scene. Knowledge of factors such as the number of text lines, line spacing, and word count can significantly streamline the process, especially in the case of scanned documents. Consequently, the lack of such pre-established formatting rules makes direct segmentation implementation more challenging in these image types.

1.    Text within an image can appear in many sizes, fonts, and orientations. It may even include embossed or uniquely designed characters, such as calligraphy logos, presentation slides, or messages displayed on a digital bulletin board. Recognizing text with such distinctive and non-traditional appearances poses a significant challenge.

2.    The quality may differ from one photo to another, depending on the digital device the image was taken with, which may in several cases be poor.

3.    Images often contain numerous patterns resembling letters, set against complex backgrounds, where certain unfamiliar objects like icons, windows, and leaves may closely resemble letters and words. Various other elements may be interwoven with the text, resulting in new styles and representations.

Therefore, one of the critical sources of information in the image and video is the inside text. For instance, the caption text may explain information about where and when the events in the video occur and possibly who participated in the events, and the banner text is used as a visual indicator for navigation and notification in the scene. Additionally, among the different types of objects that appear in the videos, the text that contains abundant semantic information plays an important role in many practical applications, such as video annotation and multimedia retrieval [17]. The accuracy of text extraction is critical for the reliability and effectiveness of these applications, while faster processing times enhance efficiency and user experience. Achieving the right balance between accuracy and speed is often a key consideration in developing text extraction systems. Fig. 1 shows an overview of text detection in images in the literature. In the pre-processing phase of image text detection, particularly in practical real-world applications, substantial efforts have been poured into the pursuit of swift and resilient algorithms [18–21]. The most important, among other challenges, is the imperative for outstanding performance, which includes achieving an acceptable processing time and a high recall rate while maintaining a low false alarm rate. These requested efficiencies must be accomplished while accommodating an intricate web of variables. These variables encompass the intricacies of font size, font color, textual orientation, linguistic diversity, and the often perplexing intricacies of diverse backgrounds. Nonetheless, a further challenge lies in the arduous task of distinguishing text from an eclectic array of text-like elements, ranging from leaves and window curtains to generic textures. Adding to the complexity is the ever-evolving nature of text patterns, as they meander through variations in font sizes, colors, and languages. To complicate matters further, the pervasive influence of noise and the capricious nature of image encoding and decoding procedures conspire to undermine the integrity and quality of the text.
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Figure 1: A comprehensive vision of text detection in images

Moreover, the factor of treatment time emerges as a crucial consideration in this landscape. Swift and robust text detection algorithms must also account for timely processing to meet the demands of real-world applications. The pertinence of time in text detection further underscores the complexity of this multifaceted challenge.

Compared with proposed approaches, recent text detection algorithms often face the following challenges:

1.    Text Orientation: Text can be written in different orientations, such as horizontal, vertical, and diagonal. Detecting text in non-horizontal orientations can be challenging for text detection algorithms.

2.    Font Size and Style: Text detection algorithms can struggle with recognizing text with a small font size, written in a different style, or complex structure.

3.    Language and Script: Text detection algorithms may be trained in specific languages or scripts and cannot detect text in other languages or scripts.

4.    Background and Contrast: Text detection algorithms can have difficulty detecting text if the background is complex or if the contrast between the text and the background is low.

5.    Image Quality: The image quality can significantly affect text detection algorithms’ performance. Low-quality images or images with noise or distortion can make it difficult for the algorithms to detect text accurately.

6.    Computational Resources: Text detection algorithms can be computationally intensive and may require significant computational resources to operate efficiently. This can be a limitation in some scenarios where computational resources are limited.

The primary goal of this paper is to achieve the right balance between accuracy and speed in developing text extraction systems, so the significant contribution lies in addressing this balance, ensuring that text extraction systems not only maintain high accuracy but also operate efficiently in terms of speed.

The purpose is to address the three last challenges, where we propose a text detection approach focusing on the pre-processing phase of Fig. 1. To reach this goal, the proposed approach considers the values of the computed σ instead of the whole pixels’ image while preserving its features to reduce the data size by reducing both the input image channels and the tensor channels of the intermediate layer of the deep learning model. We run a deep learning model without pre-trained models to reduce the computational time speed and increase the accuracy compared with original RGB images. To improve the accuracy, we introduce σ in different stages of the proposed pipeline approach.

The rest of the paper is organized as follows: Section 2 presents a background and some related works. In Section 3, the proposed approach is explained. Section 4 shows the experimental evaluation and results. The manuscript is concluded in Section 5.

2  Background and Related Work

This section presents an overview with an analysis of text detection techniques of recent and relevant work. The discussed text detection techniques in this section will be reviewed depending on their operating modes and characteristics. We organize our review by classifying text detection techniques into traditional Machine Learning-based (ML-based) approaches and deep learning-based approaches.

Machine learning is a powerful tool that aids in a multitude of tasks, particularly in prediction. Its versatility lies in exploring various methods and algorithms, allowing for effective analysis and interpretation of data [22].

However, traditional ML-based approaches rely on handcrafted features and classifiers. These features could include gradient-based features, edge detection, and texture analysis. The common classifiers used in traditional ML-based approaches are Support Vector Machines (SVM), decision trees, and random forests. These techniques prove their good performance in several applications, which explains their wide uses. However, these approaches have some critical limitations, such as their dependency on the quality of handcrafted features, which could be sensitive to lighting conditions, and their inability to generalize well to unseen data.

Deep learning-based approaches in text detection are often based on neural networks that can learn features automatically from data. Convolutional Neural Networks (CNNs) proved to be effective in text detection tasks. CNNs can learn hierarchical representations of visual features, enabling them to detect text in images with varying orientations, fonts, and sizes. Several deep-learning architectures have been proposed for text detection, including Faster R-CNN, YOLO, and SSD. These architectures exhibited outstanding performance on various text detection benchmarks.

2.1 A Taxonomy of Text Detection Techniques

The main characteristic of text detection is the features’ design and testing. Deep learning incorporates many modern methods and enables researchers to avoid the cumbersome work of designing and testing handcrafted features. To provide a comprehensive investigation of the existing techniques for text detection, we classify existing techniques into two categories [23], before deep learning and in deep learning, as shown in Fig. 2.

[image: images]

Figure 2: Text detection taxonomy

•   Before deep learning: The text detection methods relied on two main techniques: (a) Connected Components Analysis, which extracts the candidate components through various methods such as color grouping and then filters the non-text components using manually designed rules, as well as automatically trained on handcrafted features. (b) Sliding Window where each window is specified as text areas. Those deemed positive are then grouped into text regions.

•   In deep learning: Deep learning techniques automatically learn features from the input images. In this era, researchers no longer need to design or test handcrafted features, as deep learning models can independently learn the most relevant features for text detection. There are four main known deep learning types:

(1)   Text detection to localize text in natural images. This method went through several stages, starting with early attempts to utilize deep learning, which uses CNNs passing by methods inspired by object detection and methods based on sub-text components.

(2)   Recognition strategy that transforms the content of the detected text regions into linguistic characters. This strategy contains several methods, including connectionist temporal classification, encoder-decoder methods, and rectification modules for Irregular text.

(3)   End-to-end strategy, where text detection and recognition are performed in one unified pipeline. Several techniques can be cited, such as two-step, two-stage, and one-stage pipelines.

(4)   Auxiliary methods, where these kinds of approaches aim to support the principal task of text detection and recognition. Among these methods, we can mention synthetic data, text editing, and weakly and semi-supervision (bootstrapping for character-box, partial annotations).

2.2 Related Work

Advanced technology offers the possibility to place modern camera systems in different places, such as mobile phones, surveillance systems, and autonomous cars, generating high-quality images at a lower cost. The huge amount of generated images and videos increases the demand for the systems to read and interpret these images. In fact, the rapid development of Deep Neural Networks (DNN) has made significant progress in detecting text in scene images, which explains why recently several works have been released using DNN.

Scene text detection can be included taxonomically under general object detection. The generic object detection methods’ designs inspire many scene text detection algorithms. However, scene text discovery has different characteristics and challenges that require independent methodologies and solutions. Huang et al. [24] used CNNs to classify local image patches into text and non-text classes. The authors proposed scooping such image patches by using MSER features. Text Flow [25] applied CNNs to the whole images in a fully convolutional approach to detect characters. In [26], a convolutional neural network is utilized to determine if a pixel in the input image belongs to characters if it is inside the text region and the text orientation around the pixel. Hereafter, they considered the connected positive responses as detected characters or text regions. Sun et al. [27] presented a text detection technique belonging to the Connected Component (CC) based methods that divide text detection into two sub-issues: CC generation and text/non-text classification. The proposed technique uses neural networks and Color-Enhanced Contrasting external regions (CER). The authors of [28] presented text recognition in natural scenes. Two steps were performed to achieve the goal. Firstly, detecting the text area which is an important function in the general performance of the OCR engine. The second step translates the detected text area using the accurate and open-sourced OCR engine Tesseract V5. In their work, the authors found that minor lighting and text angle differences resulted in significant text recognition errors. Sayahi et al. in [15] proposed a technique for detecting text in the scene file. Using neural networks and wavelet transformation to classify pixels into text and non-text areas. Yan et al. [29] presented a Uyghur language text detection system in complex background images for intelligent vehicles. They proposed a channel-enhanced maximally stable extremal regions (MSERs) algorithm to detect component candidates.

Using the ICDAR 2003 database, Hanif et al. [30] proposed a text detector that uses a small set of heterogeneous features spatially (choosing the Likelihood Ratio Test (LRT) as a weak classifier) combined to build an extensive set of features; the text segment is equal to 32 × 16 pixels. They presented a modified AdaBoost technique named CAdaBoost that considers the complexity of the weak classifiers at the feature selection step. The authors used a neural network to learn the localization rules automatically for text localization. As an application of Intelligent Transportation Systems (ITS), the authors in [31] proposed an approach to detect traffic boards in street-level images to recognize their information. After applying blue-and-white segmentation, the technique focuses on extracting local descriptors at some key points of interest. These images are then represented as a bag of visible words and categorized using Naïve Bayes vector machines. Finally, the images in which a pass-through was detected are considered to apply the text-detection method to it. Using the reverse geocoding service, a language model based on a dynamic dictionary for a limited geographical area is adapted to automatically read and save the information shown in the panels. Non-Latin families of cursive scripts like Hindi, Arabic, and Chinese pose a challenge for text detection from natural scene images. Arafat et al. [32] presented a technique to detect, predict orientation, and recognize Urdu ligatures in images. The authors have used the FasterRCNN algorithm and CNNs such as Resnet50 and Googlenet on images of size 320 × 240 pixels for detection and localization.

In [33], the authors introduce an efficient pipeline that combines simplicity with effectiveness, delivering swift and precise text detection in natural scenes. This approach directly anticipates words or text lines with arbitrary orientations and quadrilateral shapes, utilizing a single neural network.

The authors proposed a Differentiable Binarization (DB) module in [34] to perform the segmentation network’s binarization process. In [35], the authors incorporated a DB module and an Adaptive Scale Fusion (ASF) module into the segmentation network, improving the network’s performance by fusing multi-scale features. Optimized along with a DB module, a segmentation network can adaptively set the thresholds for binarization, simplifying the post-processing and enhancing the performance of text detection. A new approach is presented in [36] for text detection that combines a text proposal model with a deep relational reasoning network using a local graph and a Graph Convolutional Network (GCN). The resulting network is end-to-end trainable, allowing for efficient and accurate arbitrary shape text detection. The authors of [37] propose a novel approach for representing arbitrary-shaped text contours using the Fourier Contour Embedding (FCE) method, which converts text instances into compact signatures in the Fourier domain. Based on FCE, the FCENet is developed with a backbone, feature pyramid networks, and post-processing with the Inverse Fourier Transformation and Non-Maximum Suppression, enabling end-to-end training for arbitrary-shaped text detection. The proposed FCE method is accurate and robust in fitting highly-curved text contours, and FCENet achieves good generalization for detecting arbitrary-shaped text in scenes.

A Mask R-CNN-based approach for text detection that can detect multi-oriented and curved text in natural scene images is described in [38]. To enhance the feature representation ability of Mask R-CNN, the authors proposed to use the Pyramid Attention Network (PAN) as a new backbone network; PAN can more effectively suppress false alarms caused by text-like backgrounds.

The authors of [39] proposed an efficient and accurate arbitrary-shaped text detector called the Pixel Aggregation Network. It consists of a low computational-cost segmentation head and a learnable post-processing module. The segmentation head comprises a Feature Pyramid Enhancement Module (FPEM) and a Feature Fusion Module (FFM), introducing multi-level information to guide better segmentation. The FFM gathers features from FPEMs of different depths for final segmentation. Pixel Aggregation (PA) implements the learnable post-processing, which precisely aggregates text pixels using predicted similarity vectors. The proposed method achieves high accuracy on various benchmark datasets while being computationally efficient.

In [40], the authors proposed a Progressive Scale Expansion Network (PSENet) to enable the accurate detection of text instances with arbitrary shapes. PSENet achieves this by generating kernels of different scales for each text instance and gradually expanding the most small-scale kernel to cover the complete shape of the text instance. Because the minimal scale kernels have large geometrical margins between them, this method effectively splits closely spaced text instances, making it easier to use segmentation-based methods for detecting text instances with arbitrary shapes.

This paper proposes a text detection technique based on the channel-reducing step. The idea is based on the standard deviation value extracted from both RGB images to generate new images with clear objects and tensors of intermediate layers of the deep learning model. We implement the algorithm of the released work in [41] to reach this goal. Then, we use these newly generated images instead of the original images in the learning process. The reason for using this procedure is that in this proposed σNet, we apply the standard deviation over the RGB images in the σ step to avoid using any pre-trained model.

The geometric representation of text positions is foundational in various domains, ensuring accurate and efficient transformation of text-containing regions into machine-readable formats. Several examples and case studies illustrate the significance of these processes.

In scene text recognition [42], geometric representation aids in capturing the spatial layout of text through methods like bounding boxes or quadrilateral shapes. This enhances accuracy in recognizing text within natural scenes. Geometric representation is crucial for aiding visually impaired individuals. By transforming text into machine-readable strings, systems can provide valuable assistance in interpreting and interacting with visual content.

In autonomous driving systems, geometric representation is employed for sign recognition [43]. This enhances the understanding of visual content, contributing to safer and more efficient transportation.

While numerous existing methods in the field of text detection in images primarily rely on pre-trained deep learning models, the proposed approach takes a distinctive and innovative path by eschewing the use of pre-trained models. This decision carries several distinct advantages that set our work apart from the existing literature:

•   Reduced Processing Time: By avoiding the need for pre-trained models, our approach significantly reduces the computational overhead typically associated with fine-tuning or adapting these models to specific tasks. This translates into faster text detection, making it well-suited for real-time or resource-constrained applications. Table 1 illustrates the use of a pre-trained model by the most relevant research. Our approach uses no pre-trained model to reduce computational load and increase processing speed.

•   Customization and Adaptability: Our model’s independence from pre-trained models allows for greater flexibility in adapting to various domains and datasets. Researchers and practitioners can tailor the algorithm more effectively to their specific needs, enabling better performance across various scenarios.

•   Competitive Precision Rates: Our approach maintains competitive precision rates despite not relying on pre-trained models.
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3  Text Detection Pipeline Approach Specifications

We present a novel approach to image text detection that achieves state-of-the-art limits while significantly reducing the pipeline’s computational complexity. This work focuses on the initial idea proposed in [41] to define the σ step.

The present paper aims to adjust the adequate regions depending on the text detection in automation and robotics domains [44], such as automatic driving, visual search, and robot navigation, to quickly recover precious and meaningful textual information in image scenes.

There are some specifications in each multimedia domain, such as the background and the salient object colors. The best way to detect the salient objects is by eliminating the background and unnecessary objects. Therefore, if the user application area is well-defined, it will be easy to detect and extract the existing texts by considering them salient objects in this work.

So, the pipeline uses the standard deviation principle (σ step) in several pipeline stages. The first step applied to the original image reduces the three RGB channels to one, as shown in Eqs. (1) and (2). Algorithm 1 illustrates in detail these steps, where for each pixel, we compute the distance to (0, 0, 0) and extract its σ value. In the end, Algorithm 1 returns the value of σ of each pixel depending to its distance to the RGB cube corner. The binary semantic segmentation established by the fully convolutional network (FCN) architecture upgraded with the σ step called σNet in the context of text detection and extraction. The result of the deep learning model is a saliency map that is thresholded to obtain the binary image. Finally, we use Connected Component Analysis (CCA) to generate a bounding polygon that encloses each text region. The first published idea in [41] applies the σ step on only the input RGB three-channel image without using the deep learning model. Fig. 3 presents the proposed approach by showing the role of the standard deviation image in the segmentation process, where for the general tensor T of n channels, we follow a consistent process for each group of three consecutive channels Ti within T with i ranges from 1 to n3. As result, we obtain a single-channel tensor σi from the three channels of tensor Ti. This method allows us to preserve the most pertinent information in the image or tensor while significantly reducing the computational complexity of subsequent operations. Text in scene images could be in random places, sizes, and colors. Furthermore, texts in images could be multi-oriented and curved or vertically.
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Figure 3: Illustration of channel reduction principle

Our approach has two main contributions based on [41]: First, it reduces the number of channels in the image sensor using the standard deviation of the image pixels [41], enabling us to achieve better performance with fewer computational resources. Second, it uses a deep learning model for text detection that leverages both downsampling and upsampling operations and skip connections, with a standard deviation of intermediate tensors, to preserve high-resolution information and improve the accuracy of the final output. The proposed approach is designed to be a fast and light deep-learning text detection model.

3.1 Reducing the Channel Step (σ Step)

A wide variety of machine learning and computer vision applications have used the clustering method as an unsupervised algorithm [45]. Clustering as an unsupervised machine learning method has great utility certainly in data science [46]. It groups a subset of the data set characterized by most similar features into the same cluster. A subset of dataset interclusters has the most dissimilarity features [47]. In unsupervised learning, unlabeled datasets are provided for training, and unsupervised algorithms can find clusters of data samples based on the notion of distance or another similarity measure [48]. The color divergence approach is a novel clustering method used for image segmentation and object detection that will be exploited in this work [41].

We name the standard deviation step of an image (RGB image defined as three channels) the tensor T of n channels with n ≥ 3 as a generalization. In our study case of a tensor T, we take each of three successive channels Ti of T for i = {1,..., [n3]} and apply Algorithm 1, which resumes the idea of the σ step.

The output of Algorithm 1 will be used instead of using the three values of RGB pixel, where the standard deviation will keep the feature of the computed pixel and reduce its size from three to one value. To understand the secret behind using standard deviation, we discuss our study case by starting with the cube representation of the three channels tensor Ti. In this case, we define the cube C with eight vertices j=(0…7) in such a way that encloses the tensor. In this representation, we consider each element tik for k={1,…,w×h} of Ti as have three coordinates (xk,yk,zk) with w and h is the width and the height of the channel’s tensor:

•   xk corresponding to the value of the element in the first channel

•   yk corresponding to the value of the element in the second channel

•   zk corresponding to the value of the element in the third channel
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Then, we compute the Euclidean distance between each element of Ti and the eight vertices of the cube Cj=(0…7) as shown in Fig. 3. The cube representation of three channels tensor Ti involves calculating the distance between each element tik of Ti and the cube’s eight vertices using Eq. (1). A distance vector Dtik=[d0,d1,d2,d3,d4,d5,d6,d7] is defined for each element tik, where dj is the distance between the element tik and vertex j of the cube. The distance is calculated using the formula


djk=xjk2+yjk2+zjk2(1)

where xjk,yjk and zjk are the difference between the element tik of the tensor and the corresponding vertex j. We use Eq. (2) to calculate the standard deviation vector σ, which can enhance the accuracy of the outputs.


σtik=∑(djk−averageDtik)28(2)

The distance values djk represent the distance between the element tik and the vertices j=(0…7) of the cube. averageDtik denotes the element average distance vector Dtik.

Finally, from the three channels of the tensor Ti we obtain one channel σi tensor each element corresponds to σtik for k={1,…,w×h}.

The σ step is applied first to the input RGB three-channel image to reduce it to one σ channel, as illustrated in Fig. 3. After that, it is applied to the tensor in the intermediate layer of the deep learning model.

This method enables us to retain the most relevant information in the image or the tensor while significantly reducing the computational complexity of subsequent operations.

3.2 Deep Learning Text Detection Model

Segmentation-based approaches are commonly employed in scene text detection [34]. The significance of image classification and segmentation in object detection cannot be overstated, particularly in applications like autonomous driving. In addition to their role in object detection, these techniques are pivotal in advancing text detection and recognition systems, which are vital components of autonomous vehicles and blind assistance systems [49]. In digital image processing and analysis, image segmentation stands out as a fundamental and extensively used method. It facilitates the division of an image into multiple segments or regions, typically based on the distinctive characteristics of the pixels. This process offers several advantages, including the separation of foreground from background elements and the grouping of pixel regions with similarities in color or shape, ultimately enhancing the analysis and understanding of the image.

In the context of our research, image segmentation is a pivotal tool for achieving our text detection objectives. In order to enhance the accuracy of the regression method and introduce greater flexibility in the field of text object detection within scene images, we present a novel approach that involves harnessing the standard deviation matrix derived from the original image as the input to the FCN. In this stage, the proposed FCN incorporates the σ step into the tensors at various intermediate layers of the model.

Certain challenges could appear when using FCN, like the extensive variability in the sizes of word regions in scene images, where effectively detecting these regions requires a strategic adaptation. Recognizing the presence of larger words demands the extraction of features from the later stages of the neural network, while accurately delineating the geometry of smaller word regions relies on the availability of low-level information in the early stages. Consequently, our network must be capable of leveraging features at different levels to address these diverse requirements. To overcome this challenge, we embrace the concept of the U-shape architecture [50]. This approach facilitates the gradual fusion of feature maps while maintaining the compactness of the upsampling branches. This results in utilizing features at different levels while minimizing computational overhead effectively.

The following steps show the pipeline details of the proposed method:

•   σ of intermediate channels in hidden layers: A fully convolutional network (FCN) is a type of neural network architecture commonly used in computer vision tasks such as semantic segmentation. The FCN architecture takes an input image and outputs a pixel-wise prediction of the class label for each pixel. This architecture with skip connection follows the ordinary architecture of a convolution neural network as the downsampling step and up-convolution as an upsampling step. In the first phase, we apply the standard deviation principle to the original three-channel image, which reduces it to a tensor of one channel, to preserve high-resolution information and improve the accuracy of the final output. Then, in the second phase, we develop a deep learning model σNet, as shown in Fig. 4, for text detection that leverages both downsampling and upsampling operations and skip connections. We apply the σ method in the downsampling step of our deep learning model, which consists of a contracting path defined by a sequence of operations that increase the number of feature channels. We reduce the number of feature maps using the standard deviation values, resulting in a tensor of n/3 channels instead of n channels. The upsampling step consists of an expanding path defined by the transposed 2D convolution (up-convolution) of the feature map that reduces the number of feature channels to half. Applying the standard deviation step between expanding paths also reduces the n’s tensor channels to n/3. We introduce skip-connections between the downsampling and upsampling steps, which preserve and combine high-resolution information from previous layers. This approach enables our deep learning model to capture better the spatial relationships between different elements in the image, resulting in more accurate text detection.

•   Downsampling step: It consists of a contracting path defined by a sequence of operations of two 3 × 3 convolutions with the same padding, each accompanied by the activation function rectified linear unit (ReLU) and the application of σ method, which reduces the number of the feature map using the standard deviation, after that performing 2 × 2 max pooling with stride 2. At each step, the number of feature channels is increased by double, then decreased by a third using σ process until the fifth step, we add the attention module instead of 2 × 2 max pooling before the upsampling step.

•   Attention module: In this step, we apply both the 2 × 2 max and average pooling to the output of σ map of the fifth step. We concatenate the result of max and average pooling then we use the dropout regularization to avoid overfitting and improve the generalization ability of the deep neural network.

•   Upsampling step: It consists of an expanding path defined by the transposed 2D convolution (up-convolution) of the feature map followed by a skip connection and then by a 2 × 2 convolution that reduces the number of feature channels to half; after that, we add the σ process, which reduces the n’s channel tensor to a third.

•   Skip connection: After each transposed convolution in the expanding path, the image is concatenated with the corresponding image result of max pooling from the contracting path. Skip connections preserve and combine high-resolution information from previous layers.
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Figure 4: An overall overview of the proposed text detection approach

Unlike conventional deep-learning text detection models, the proposed method does not require feature extraction layer transfer learning. Therefore, the proposed method can be implemented with a relatively small memory and low computational complexity.

4  Experimental Evaluation and Results

This section gives the experimental setup and the three public datasets used to evaluate the proposed algorithm. Table 2 shows the result of the different steps of the pipeline, beginning with the original images through the standard deviation step and the output of the deep learning model. Compared with the ground truth, we remark that the result of the σNet is near to the ground truth and gives us an enhanced result in extracting text from scene images.

[image: images]

While the σNet framework for text detection demonstrates significant advancements, it is important to acknowledge its limitations and areas for improvement. One notable weakness is its vulnerability to scenarios where text regions are closely positioned or intersecting.

4.1 Technical Details

We conduct 100 epochs of fine-tuning the models on real-world datasets. The training batch size is set to 8. The model is compiled with a custom loss function related to the Dice coefficient, which is commonly used in image segmentation tasks, and uses the Adam optimizer with a learning rate of 1e-4 for training the model.

We harness computational complexity by leveraging Google Colab’s GPU resources for our experiments. Specifically, we utilize the T4 GPU, which boasts 2,560 CUDA cores—parallel processing units designed for efficient parallel computation. This GPU comes equipped with 16 GB of GPU RAM, allowing us to work seamlessly with large datasets and complex models.

4.2 Datasets

•   ICDAR 2015 dataset [51] includes 1000 training images and 500 testing images; Google Glasses captured this dataset with a resolution of 720 × 1280 and annotated the text instances at the word level.

•   Total-Text dataset Total-Text [52] dataset is a collection of text data in various shapes, such as horizontal, multioriented, and curved. The dataset consists of 1255 training images and 300 testing images. Each text instance in the dataset is labeled at the word level, meaning individual words within the text instances are annotated and labeled for training and evaluation purposes.

•   MSRA-TD500 dataset [53] contains text data in English and Chinese. It comprises a total of 300 training images and 200 testing images. The text instances within the dataset are annotated at the text-line level. Additionally, we augment the dataset with an extra 400 training images from the HUST-TR400 dataset [54].

4.3 Dice Coefficient Metric

In the analysis, we evaluate the proposed approach using the dice coefficient metric. The σNet text detection pipeline incorporates a standard deviation step. To evaluate its performance, we compare the performance of σNet with a similar semantic segmentation model. The evaluation results, shown in Table 3, indicate the dice coefficient values for both σNet and the baseline RGB model on three public datasets.
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The dice coefficient is a commonly used metric for evaluating the similarity between two sets. In the context of text detection, it measures the overlap between the predicted text regions and the ground truth regions. A higher dice coefficient indicates a better performance of the text detection model.

Table 3 presents the evaluation results of the MSRA-TD500 dataset and their corresponding variety in terms of the σ step in the dataset and model.

“rgb fcn” is the proposed fcn model without σ step.

“σ fcn” is the proposed fcn model with σ step applied only in the input image.

“σNet” is the proposed model with σ step.

For each dataset, we provide the size of the training set and test set, denoted as “training size” and “test size”, respectively.

As a result, the standard deviation step in the σNet text detection pipeline significantly improves the dice coefficient values, thereby enhancing the model’s performance on various public datasets as shown in Tables 4 and 5.
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This suggests that utilizing a one-channel input image with the standard deviation step effectively enhances the accuracy of the text detection model.

4.4 Precision and Recall

Among the existing methods, σNet is the only approach with no pre-trained model. This indicates that σNet does not benefit from pre-existing knowledge and instead learns directly from the provided data. Tables 6 and 7illustrate the precision and recall values of semantic segmentation with and without σ step.
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4.5 Comparison with Pre-Trained Models

We conduct comparative analysis between our proposed approach without pre-trained models and with the pretrained model used in [34,36,37] on the MSRA-TD500 dataset.

In this study, we employed a cloud-based NVIDIA T4 GPU for the training and testing of our proposed model, while other studies utilized performance-focused hardware configurations. It is important to note that due to the inherent differences in hardware architecture, design, and optimization, we faced challenges when attempting to directly compare the results of other studies. Therefore, we implemented the proposed approach by incorporating a pre-trained ResNet-50 model which has been trained on the ImageNet dataset, as the feature extraction channel. Table 8 presents the evaluation results on the MSRA-TD500 dataset, where “Resnet fcn” is the fcn model with pre-trained Resnet-50 on ImageNet used in the contracting path of the fcn (feature extraction).
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The comparative analysis conducted on the MSRA-TD500 dataset aimed to showcase the efficacy of the proposed approach.

Table 8 presents the precision and recall results of the semantic segmentation phase. In contrast, Table 9 displays the precision and recall results of the final phase, which involves the prediction of bounding boxes for the text regions after segmentation.
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Table 9 delineates the performance improvements achieved by the σNet algorithm in contrast to existing methodologies in text detection.

Analyzing the precision and recall metrics on the MSRA-TD500 dataset provides a comprehensive view of the algorithmic advancements.

The σNet algorithm demonstrates substantial progress in both precision (93.8) and recall (85.6), outperforming contemporary research endeavors. This outcome underscores its heightened effectiveness in accurately identifying text instances compared to prior state-of-the-art models.

The notable improvement in precision indicates the algorithm’s capability to limit false positives, while the enhanced recall signifies its proficiency in capturing a larger proportion of actual text instances. The significantly higher precision and recall values consolidate σNet as a frontrunner, showcasing its potential for advancing text detection methodologies. These results substantiate the compelling performance of the σNet algorithm, positioning it as a noteworthy advancement in text detection research, promising higher accuracy and reliability in practical applications.

4.6 A Speed Assessment Comparative

A comparative analysis between the proposed model and the East text detection model [33] is conducted, emphasizing speed assessment as the focal point of comparison. Table 10 presents the result of speed comparison analysis.
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We deployed the East [33] model to ascertain its performance metrics. The East model achieved an FPS of 1.44 on our system. We observe that the proposed model achieved a significantly higher FPS of 2.37, showcasing markedly superior performance in terms of speed. This notable disparity in processing speed underscores the efficiency gains inherent in our proposed model compared to the established East text detection model.

In scenarios where text strongly mimics the background, the effectiveness of the proposed text detection methodology may falter, introducing challenges in precisely isolating individual text components. This particular scenario highlights a critical aspect where the accuracy of the detection framework faces potential compromises. We observe that when text strongly resembles the background, the framework’s efficiency may diminish, impacting detection accuracy. These weaknesses underline the need for further refinement in handling intricate text layouts, enhancing adaptability to varied backgrounds, and optimizing precision efficiency for broader applicability. These observations underscore the imperativeness of further refinement in addressing intricate text layouts. Enhancements should focus on augmenting the adaptability of the framework, particularly in scenarios with diverse and complex backgrounds.

5  Conclusion and Future Work

In conclusion, image text detection plays a crucial role in computer vision, but it remains a challenging task. This article presented a novel technique that enhances the accuracy of text detection by incorporating standard deviation values into the learning process. The experimental results clearly demonstrated the effectiveness of this technique in improving the performance of existing text detection methods, especially in challenging scenarios with low contrast or noisy backgrounds. The proposed technique holds great potential for improving text detection accuracy in various applications, including document analysis, scene text recognition, and optical character recognition (OCR). By leveraging standard deviation values, the technique can better handle image quality variations and enhance text detection algorithms’ robustness.

The proposed technique opens up opportunities for its application in the context of IoT and low-end devices. Using standard deviation values can provide a lightweight and efficient solution for text detection on resource-constrained devices, making it suitable for deployment in scenarios where computational resources are limited. This is particularly relevant in IoT applications, where devices with limited processing power and memory are commonly used. Further future research can investigate the use of this technique in other computer vision tasks and explore its potential for real-world applications. However, it is vital to acknowledge the limitations of this approach. The proposed technique may encounter challenges when dealing with the closest text regions and multiple intersections of texts. Furthermore, in scenarios where text closely resembles the background, its efficiency may be compromised.

5.1 Future Research

The proposed approach not only holds promise but also opens doors to numerous opportunities for expansion. Its applicability in IoT and low-end devices stands as an intriguing prospect. Using standard deviation values can provide a lightweight and efficient solution for text detection, making it particularly fitting for resource-constrained devices often found in IoT applications. These devices, with limited processing power and memory, could benefit greatly from the enhanced accuracy and efficiency this technique offers. The path ahead beckons further exploration, with future research avenues delving into its potential in other computer vision tasks and its applicability in a diverse array of real-world scenarios.
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Table 3: Dice coefficient evaluation metric for semantic segmentation of MSRA-TDS500 dataset
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Table 8: Comparison with pre-trained on MSRA-TD500 dataset
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Table 6: Precision and recall of text detection results of MSRA-TD500 dataset
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Table 4: Dice coefficient evaluation metric for semantic segmentation of ICDAR2015 dataset

Model Training set Test set Training size Test size Dice_coeff
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Table 9: Precision and recall of text detection results of MSRA-TD500 dataset

Model Precision Recall
East model [33] 87.2 75.3
DB-ResNet [34] 91.5 79.2
DBNet [35] 91.5 83.3
DRRG [36] 88.05 82.30
o Net 93.8 85.6
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Table 7: Precision and recall for semantic segmentation of ICDAR2015 dataset

Model Training set Test set Precision Recall

rgb fen ICDAR2015 train ICDAR2015 test 0.75 0.32
oNet oICDAR2015 train oTD3500 test 0.93 0.72
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Table 2: o images detection compared with the ground and predicted images
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Table 10: Comparison of speed assessments with the east model

Model Training set Test set FPS

East model [33] TD500TR400 TD500 test 1.44
oNet o TD500TR400 o TD500 test 2.37
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Table 5: Dice coefficient evaluation metric for semantic segmentation of total text dataset

Model Training set Test set Training size Test size Dice_coeff
o Net oTotalTextTrain o TotalTextTest 1254 300 0.97
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