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Abstract: Advanced Driver Assistance Systems (ADAS) technologies can assist drivers or be part of automatic driving systems to support the driving process and improve the level of safety and comfort on the road. Traffic Sign Recognition System (TSRS) is one of the most important components of ADAS. Among the challenges with TSRS is being able to recognize road signs with the highest accuracy and the shortest processing time. Accordingly, this paper introduces a new real time methodology recognizing Speed Limit Signs based on a trio of developed modules. Firstly, the Speed Limit Detection (SLD) module uses the Haar Cascade technique to generate a new SL detector in order to localize SL signs within captured frames. Secondly, the Speed Limit Classification (SLC) module, featuring machine learning classifiers alongside a newly developed model called DeepSL, harnesses the power of a CNN architecture to extract intricate features from speed limit sign images, ensuring efficient and precise recognition. In addition, a new Speed Limit Classifiers Fusion (SLCF) module has been developed by combining trained ML classifiers and the DeepSL model by using the Dempster-Shafer theory of belief functions and ensemble learning’s voting technique. Through rigorous software and hardware validation processes, the proposed methodology has achieved highly significant F1 scores of 99.98% and 99.96% for DS theory and the voting method, respectively. Furthermore, a prototype encompassing all components demonstrates outstanding reliability and efficacy, with processing times of 150 ms for the Raspberry Pi board and 81.5 ms for the Nano Jetson board, marking a significant advancement in TSRS technology.
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1  Introduction

Road transportation is considered as the most widely used mode of transport in the world. Unfortunately, this situation has led to an increased number of traffic accidents, which has numerous negative drawbacks for public health, the economy, and society. According to the World Health Organization (WHO), about 1.3 million people die and about 50 million get injured every year. Moreover, in 2016, a study carried out by the National Highway Transportation Safety Administration (NHTSA) revealed that 94% of vehicle accidents are caused either by driver negligence, misinterpretation of the road signs, or non-compliance with them. Therefore, it is imperative to deploy automated and/or intelligent systems either to aid the driver in decision-making or to potentially replace the driver and autonomously make appropriate decisions.

In recent years, research and development of intelligent driving have been the topic of several initiatives and studies since there have been considerable breakthroughs in the performance of onboard equipment in vehicles. These advancements have allowed automotive manufacturers to include the following systems: Advanced Driver Assistance Systems (ADAS) and Automated Driving Systems (ADS), both belonging to Driver Automation (DA) [1] and offering various levels of autonomy and safety for drivers. In fact, the study [2] underlines the importance of ADAS in enhancing the mobility of older drivers by assisting them on unfamiliar roads and mitigating age-related impairments that may affect driving abilities. In addition, the Auto Outlook 2040 report by Deepwater Asset Management predicts that by 2040, over 90% of all vehicles sold will fall into the categories of Level 4 and Level 5 automation [3]. According to the American auto insurers’ statistics, vehicles equipped with collision warning systems that alert the driver of an imminent danger or equipped with automatic braking systems cause fewer accidents compared to those without such features. For example, at Mercedes, the use of a forward collision warning system has resulted in a 3% reduction in accident frequency, according to a report published by the Insurance Institute for Highway Safety.

In the context of intelligent and/or autonomous vehicles and the enhancement of road safety, the suggested methodology involves acquiring and analyzing a real-time video stream from a camera mounted on the dashboard of a vehicle to recognize encountered signs. Such methodology serves a dual purpose: in the case of ADAS, it displays and informs the driver about the nature of the sign, and in the case of ADS, it enables the appropriate decision-making for driving and vehicle control. One of the most impacting challenges of a Traffic Sign Recognition (TSR) system is the rapidity and effectiveness of traffic sign recognition in real-world scenes, especially when the vehicle is moving at high speed in critical weather conditions. Indeed, several parameters influence the detection and classification of signs, such as fog, rain, sandstorms, snow, differences in brightness between day and night, similar objects, degradation of sign quality, partial obstruction, etc. [4].

This paper focuses on the recognition speed limit signs, a special category of traffic signs from the German Traffic Sign Recognition Benchmark (GTSRB) dataset, that thanks to their pivotal role in guiding drivers have enhanced traffic safety therefore reducing the risk of accidents on the roads. For these reasons, the suggested real time Speed Limit Recognition (SLR) methodology includes three modules: a Speed Limit Detection (SLD) module aiming to detect the traffic sign in the captured frame using the Haar Cascade technique, a Speed Limit Classification (SLC) module in which Machine Learning (ML) classifiers (KNN, SVM and Random Forest) and a new developed deep learning model based on CNN called DeepSL focused on speed limit images from the GTSRB dataset. Due to various conditions of image capturing, road sign recognition is subject to uncertainties. As a result, a Speed Limit Classifiers Fusion (SLCF) module has been introduced in the suggested approach. This module combines trained ML classifiers and the DeepSL trained model by using Data fusion techniques like Dempster Shafer’s (DS) theory of belief functions and voting classifier from Ensemble Learning. These methods are employed to identify the most accurate combination of classifiers to improve the recognition process. In order to validate the effectiveness and the reliability of the proposed SLR methodology, a prototype including all software and hardware components is developed and tested initially, by simulation using video sequences and secondly, by using electronic targets such as Raspberry Pi 4 Model B and Nvidea Nano Jetson.

Remaining sections have been organized as follows: Section 2 describes different road signs found in the driving environment and summarizes methods used to detect and classify them. Section 3 details the suggested SLR methodology and discusses the obtained results. Section 4 illustrates the developed prototype of the elaborated SLR system. Finally, the last section is dedicated to a conclusion and the suggestion of potential future work.

2  Related Works

In the driving environment, various kinds of traffic signs have been installed to ensure safety on roads. Every road sign has a certain purpose, such as indicating which way to go, informing drivers about the rules of road, notifying of a danger, crossing, etc. In addition, some road signs have the same meaning around the world but look different. Table 1 shows an example of the different categories of signs used on European and American roads [5].
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In recent research, TSR systems have been widely studied. It has been understood that they are developed by using road sign detection and classification methods on various traffic signs datasets like GTSRB [6], DITS (Dataset of Italian Traffic Signs) [7], BTSD (Belgium Traffic Sign Dataset) [8], RTSD (Russian Traffic Sign Dataset) [9]. In fact, a TSR system aims to recognize a road sign from an image and instantly transmits the result to the driver, either through a display on the dashboard or an audible signal in the case of ADAS, or a command signal that interacts with the vehicle’s driving equipment (braking, steering, acceleration, etc.) in the case of ADS. However, the TSR’s ability to accurately identify a sign depends on the vehicle’s speed and the distance between the vehicle and the sign. One notable work by [10] introduced a deep learning-based approach, specifically YOLOv5, which achieved high accuracy of up to 97.70% and a faster recognition speed of 30 fps compared to SSD. Additionally, a study in [11] emphasized the use of finely crafted features and dimension reduction techniques to enhance traffic sign recognition accuracy to 93.98%. These works highlight the advantages of improved accuracy and faster recognition speeds in TSR systems. However, challenges such as environmental restrictions, limited driving conditions, and the need for continuous dataset expansion remain as notable disadvantages in the field [10,11].

The process of recognition relies on five stages: image capture, preprocessing, detection, classification, and decision-making, as shown in Fig. 1.
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Figure 1: General architecture of TSR system

Initially, the image acquired from onboard camera(s) in a vehicle is cleaned and prepared through processes such as correcting image distortion, changing dimensions, and eliminating noise are carried out. These activities aim to make the image more suitable for in-depth analysis in subsequent stages. The system then utilizes object detection algorithms to locate road signs in the pre-processed images, which are subsequently classified according to their meanings. Finally, the system uses the obtained information to alert the driver to decision-making or to transmit commands to other vehicle components. In most TSR systems, the detection step is dissociated and independent from the classification step. This dissociation can lead to certain malfunctions such as false detections, multiple detection for the same panel, failure of detection due to temporary occultations, etc. In order to overcome these problems, it is possible to add a time tracking step for the processing of video sequences [12] as illustrated in Fig. 1. Indeed, this process makes it possible to consider the redundancy of a traffic sign in several consecutive frames before its disappearance from the camera’s field of vision in order to confirm its presence [13].

2.1 Image Acquisition

The onboard camera of the TSR system ensures the real-time acquisition of images related to the driving environment. The quality of the captured images can impact the reliability and accuracy of the detected sign information. Hence, it is crucial to equip the system with a high-quality camera to guarantee optimal performance.

2.2 Pre-Processing

A road sign is typically exposed to various challenges in its environment, such as varying brightness, diverse weather conditions, viewing angle issues, damage, or partial obstruction which in turn can lead to variable visibility or various traffic sign appearances, a chaotic background, and poor image quality caused by high speeds. To mitigate the impact of these challenges, serval preprocessing techniques are employed at the initial stage to eliminate noise, reduce complexity, and enhance overall sensitivity and recognition accuracy. The most used preprocessing techniques include normalization, noise removal, and image binarization. These techniques can be applied individually or in a combination to improve image quality and facilitate sign detection. A pre-processed image then undergoes the next step, which is the detection process.

2.3 Traffic Sign Detection (TSD) Methods

The aim of the traffic sign detection is to identify traffic sign sizes and locations in real visual scenarios. The speed and efficiency of the detection process are crucial elements that significantly impact the overall system. Their role is to minimize the search area and only pinpoint the road sign present in the captured image. Many approaches for detecting traffic signs depend on attributes such as the sign’s color and shape, or leverage machine and deep learning methods.

Color-based traffic sign detection methods seek to identify the region of interest (ROI) in a captured image based on the colors of traffic sign. According to [14], they are remarkably affected by illumination, the daytime, weather conditions, color and surface reflection of the sign. Shape-based traffic sign detection methods entail the process of identifying and estimating contours, which then lead to a decision based on the count of these contours [15]. Experiments show that these approaches are more reliable than colorimetric techniques because they are not affected by variations in daylight or colors. Yet, they are sensitive to small and ambiguous signs, need a large capacity of memory and time-consuming calculations [16]. Color and shape-based detection methods are a combination of color and shape characteristics [17]. Typically, they depend on appropriate parameters and effective color enhancement results [14,15]. Various factors, including changes in lighting, occlusions, translations, rotation, and scale change, are lacking, however.

Methods based on ML and deep learning can detect traffic signs accurately and address the short comings of the previous methods, such as lighting changes, occlusions, translations, rotation, and scale change. Most ML based detection methods, such as AdaBoost detection technique and SVM algorithm, employ handcrafted features for extracting the traffic sign whereas deep learning-based detection methods learn features through CNN (Convolutional Neural Network). In fact, the Haar-like Cascade technique has been developed by [18]. It involves a cascade of Haar-like features to identify objects within images. Support Vector Machine (SVM) employs HOG-like features to characterize and detect objects as an SVM classification problem. In this situation, each potential area of interest is categorized as either containing objects or being part of the background [19]. According to [20], using Haar-like Cascade features is faster and more useful in detecting faded and blurry traffic signs in different lighting conditions than HOG-like features.

In general, CNN-based detection networks which are deep learning techniques, tends to be slow. Nonetheless, there are networks like You Only Look Once (YOLO) that demonstrate swift and efficient performance. Yet, some networks, such as You Only Look Once (YOLO), have fast performance [21]. Using the German Traffic Sign Detection Benchmark dataset (GTSDB) and Faster RCNN 84.5% in 261 ms are achieved, compared to 94.2% in 155 ms using the standard RCNN algorithm for Haar like cascade technique [22]. Furthermore, ROI extraction is not necessary for AdaBoost-based approaches, unlike SVM-based approaches, which have a substantial effect on the efficiency of SVM-based TSD detectors.

2.4 Traffic Sign Classification (TSC) Methods

The TSC step is the third stage in the TSR process. It concerns standard computer vision and ML techniques. These methods are replaced later by deep learning models. In fact, ML based classification methods involve two major phases: First, image features are extracted to emphasize distinction between classes. Subsequently, they undergo classification through ML algorithms. Hand-crafted features including Histogram of Oriented Gradients (HOG) which focuses on the structure or shape of an object [23], Locally Binary Patterns (LBP) describes the texture of an image [24] and Gabor filter is used for edge detection, texture recognition, and image segmentation [19]. These manually designed features are frequently employed in conjunction with ML classifiers like KNN (K-Nearest Neighbors), Random Forest, and SVM (Support Vector Machine) [25].

Table 2 displays examples derived from the application of ML based classification methods on the GTSRB dataset. As detailed in [26], HOG features are utilized with KNN and Random Forest classifiers, yielding accuracy percentages of 92.9% and 97.2%, respectively. Additionally, another study referenced by [19] employs a combination of Gabor, LBP and HOG features in conjunction with a SVM classifier, achieving an accuracy rate of 92.9%.
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According to DL classification methods, they are based on ConvNets (CNNs). In fact, a CNN extracts features from images through the training of a multitude of hidden layers on a set of images. Hence, the deeper the network is, the more exclusive and informative the features become, with reduced redundancy. In [27], authors suggest using 3CNNs, a new variant of their previous model (CNN) and they achieve 99.70% compared to 99.51% on GTSRB. Additionally, another study referenced by [28] propose a TSC method using CNNs, which achieved an accuracy level of 99.6% on the validation set on the GTSRB dataset. Based on these results, DL methods based on CNN demonstrate superior accuracy and robustness in classifying traffic signs. These findings highlight the potential of DL approaches to enhance road safety and traffic management systems.

2.5 Decision

The decision-making step in the TSR system involves finding the type of existing sign in the image and determining the appropriate action based on its type such as displaying a warning signal on the dashboard, sounding an audible alert indicating the nature of the sign, or even transmitting a command signal to other vehicle equipment. It is crucial for the TSR system to be capable of making quick and accurate decisions, as an error in sign detection can lead to dangerous consequences for road users. For this very reason, these systems require rigorous testing and continuous improvement to ensure their effectiveness and adaptability to changes in the environment.

2.6 Temporal Tracking

Temporal tracking identifies previously recognized signs to avoid reclassifying them, which reduces processing time. The step of grouping the data, linking known signs (previously recognized) with perceived signs (detected at the current moment), ensures this identification. This coupling helps prevent signaling the same signs to the driver again, avoiding unnecessary disturbances.

A study by [29] highlights different problems of existing TSR systems that have reduced their robustness when tested in various illumination scenarios, leading to a significant drop in performance in low or strong lighting conditions. Additionally, these systems struggle with scalability, primarily due to a lack of diverse and high-quality training data. Lack of transparency in decision-making is also a common issue with TSR systems, making debugging and gaining trust challenging. Furthermore, existing TSR systems have difficulty accurately recognizing rare or new road signs that are not present during their training period, posing a potential road hazard in real-world situations, especially during cross-country travel where traffic signs can differ significantly. To address these constraints, the following section describes a new SLR methodology, aiming to fulfill the real-time, robustness, and accuracy requirements.

3  Proposed SLR Methodology

The accuracy and the fast-processing time are extremely important for a robust and efficient SLR system. Thus, the proposed SLR methodology satisfies these two constraints. Moreover, it is based on three modules: Speed Limit Detection (SLD), Traffic Sign Classification (SLC) and Traffic Sign Classifiers Fusion (SLCF). Different steps of the SLR system are summarized in the algorithm below:

Step 1:   Prepare the speed limit Haar cascade detector.

Step 2:   a) Develop a deep neural network for speed limit signs (DeepSL).

b) Train and test KNN, SVM, RF and DeepSL on speed limit images of the GTSRB dataset.

c) Save trained KNN, SVM, RF and DeepSL.

Step 3:   Fuse classifiers using a data fusion technique.

Step 4:   Capture frame from the video camera.

Step 5:   Extract the ROI from the frame by using the Haar cascade detector.

Step 6:   Predict detected ROI by using the most accurate combination.

Fig. 2 illustrates how the SL sign recognition process starts with a real-time camera frame capture. Then, a list of pre-processing treatments drawn up for each captured frame like resizing the image and applying filters on the image. A pre-processed image is after that treated by the SLD module which uses a speed limit Haar cascade detector to extract the ROI (SL sign). In the SLC module, SVM, KNN, RF and the newly developed ConvNet model (DeepSL) are trained on SL images from the GTSRB dataset and then saved onto the local disk to be used later in the Speed Limit Classifiers Fusion (SLCF). As a matter of fact, different combinations of classifiers are established after using fusion techniques like Dempster Shafer theory and the voting technique from EL. The output of the SLCF module is the most accurate combination of classifiers used to predict the detected SL sign.
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Figure 2: Proposed speed limit recognition methodology

3.1 Speed Limit Detection (SLD) Module

The rate and the time processing for the detection of road signs are important factors to minimize the area of detection and indicate only potential regions. Hence, the Haar Cascade method is used to extract Regions of Interest (ROIs) from the captured frame. The Haar-like Cascade method is an object detection algorithm used to identify faces in a real-time image or video [18] and then used for detecting other objects. Indeed, this detector extracts first the Haar-like features from an input image and builds cascaded classifiers which are embedded into one strong detector (Adaboost: Adaptive boosting) able to discard negative images quickly and identify the candidate region of traffic sign.

3.2 Speed Limit Classification (SLC) Module

The performance of an automatic SLR system must firstly be validated first using a publicly accessible dataset. Therefore, speed limit images from the GTSRB dataset are used to train and evaluate ML classifiers (SVM, KNN, and Random Forest) and the developed deep learning model with CNN called DeepSL.

3.2.1 Speed Limit Dataset

The GTSRB is a large, organized, and open-source dataset used for developing classification machine learning models for traffic sign recognition. It contains more than 50,000 images, with over 39,000 images in the training set and 12,630 images in the test set, classified into more than 40 classes [30]. The dataset is widely used for traffic sign recognition tasks and has been used in numerous studies to evaluate the performance of various machine learning algorithms. In this work, nine speed limit classes (20, 30, 50, 70, 80, end of 80, 100 and 120 km/h) from the GTSRB dataset are used with approximately 13,200 images taken under different conditions (blurring, lighting, etc.) and presents noises like pixelization, low resolution, and low contrast of traffic sign images. In addition, the distribution of samples for each class is unbalanced. Actually, the largest classes (major) contain 10 times as many images of traffic signs as the smallest classes (minor) as in reality some signs, such as 50 km/h, appear more frequently than others.

3.2.2 Classification Metrics

In order to evaluate the classification process, various metrics are used:

Accuracy=True positives+True negatifsTrue positives+False positives+True negatifs+False negatifs (1)

Precision=True positivesTrue positives+False positives(2)

Recall=True positivesTrue positives+False negatives(3)

F1=2∗Precision∗RecallPrecision+Recall(4)

In this work, speed limit classes have unbalanced distributions. For this, the weighted-averaged (precision, recall, F1) score is used to increase the lowest scores. Google Collaboratory is used as a framework for training and testing SVM, KNN, Random Forest and (DeepSL) on speed limit classes from the GTSRB dataset.

3.2.3 Speed Limit Classification Results Using ML Classifiers

Machine learning classifiers such as KNN, SVM, and Random Forest are used for traffic sign classification due to their specific advantages. In fact, KNN is simple, adaptable, and suitable for multi-class problems, while SVM excels in high-dimensional spaces and can handle non-linearly separable data [31]. According to the Random Forest classifier, it requires less feature engineering and provides feature importance insights. These classifiers are used in various traffic sign recognition systems, such as the one described in [32] which uses KNN and SVM classifiers for their ability to provide good accuracy rates in road safety applications and the system in [33] that employs Random Forest for its ability to detect traffic signs under various conditions. As a result, these classifiers are used in order to train speed limit images using three feature descriptors: RGB colour descriptor, 3D colour histogram and HOG descriptor. Table 3 summarizes obtained F1 scores.
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Table 4 explains reached F1 scores for each type of speed limit by applying ML classifiers (SVM, KNN and Random Forest) using the RGB colour feature descriptor (DF1), the 3D colour histogram descriptor (DF2) and the HOG descriptor (DF3). Results confirm that the SVM, KNN and RF classifiers used with the (DF2) ensure higher classification rates compared to the other results obtained with (DF1) and with (DF3).
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3.2.4 Speed Limit Classification Results Using DeepSL Model

Recently and with the development of deep learning, diverse deep neural network architectures have appeared and have drawn a lot of academic and industrial interest [34]. In this context, DeepSL (Deep Speed Limit), a new ConvNet, for the classification of speed limit signs is developed and presents the architecture detailed as follows: the images (ROIs), in gray level, are transferred to a first convolutional layer (Conv2D) with 32 size filters (3 × 3), followed by a ReLU activation function to improve nonlinearity and model performance. This layer extracts features from grayscale images, such as edges and textures. A Batch Normalization layer follows the first convolutional layer. Next, a second Conv2D layer with the same settings as the first convolutional layer is added, followed by another Batch Normalization layer. This sequence of convolutional and normalization layers is repeated with filters of size 64. Between each pair of convolutional layers, a 2D Maxpooling layer of 2 × 2 size is added to extract the most important features. Dropout layers with a dropout rate of 0.25 are added after each Maxpooling layer to avoid overfitting. Once all the features have been extracted, a Flatten layer is used Then, a Dense layer of 512 neurons with a ReLU is added. A layer of Batch Normalization and another layer of Dropout with a deactivation rate of 0.5 are added. Lastly, a final last Dense layer of 9 neurons with a Softmax activation function is added to perform the classification of the input images into the 9 specified speed limit classes.

Table 5 shows experimental results found after training the model with 10 epochs on speed limit signs of the GTSRB dataset. We notice good F1 scores of classification results (>91%) in recognizing limit road signs.
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Table 6 shows that DeepSL model give a better classification rate of speed limit signs (98.8%) compared to those obtained by SVM, KNN and RF.
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Table 7 summarizes best classification rates for each speed limit road sign obtained from applying Random Forest and DeepSL classifiers.
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3.3 Speed Limit Classification Fusion (SLCF) Module

In the previous section, ML algorithms and the DeepSL model are used to classify different speed limit road signs with proportional accuracy rates. In fact, Table 6 shows the different weakness rate of each classifier that are respectively 1.2%, 4.15%, 3.58% and 4.12% for DeepSL, KNN, RF and SVM. Despite obtained good results, SLR system must have the minimum of possible errors to ensure road safety requirements and not be in a situation of uncertainty. In order to achieve lower classification error probability, classification rates can be improved by combining the results of classifiers to get benefit from the strengths of one method to overcome the weakness of another by using data fusion methods. Three non-exclusive categories can be used to group the available data fusion techniques: decision fusion, state estimation, and data association [35]. The decision fusion approach and the variety of classifier types have a major impact on a classification system’s performance. Accordingly, a classifiers fusion module is introduced in the proposed approach in order to fuse the various classifiers outputs in order to boost the final classification results and reduce decision conflicts.

First, relevant features are extracted from the input data using techniques such as traditional feature extraction or the use of convolutional neural networks (CNNs). Then, each classifier is trained on a separate training dataset by learning from the already extracted features and builds its own classification model. Once trained, each classifier is used individually to predict validation and test data. The predictions are then merged to a final decision. Finally, an evaluation of the fusion performance is carried out using metrics to enhance the fusion of the trained classifiers. The effectiveness of the decision fusion theory has been discussed in [36,37]. The most used strategies are the voting method, Bayesian theory, and the Dempster–Shafer evidence theory [38–41].

3.3.1 Dempster Shafer (DS) Theory

DS theory is a mathematical theory for reasoning under uncertainty, particularly in situations where there may be incomplete or conflicting evidence. It is presented first within the framework of statistical inference, and further expanded as an evidence theory [42]. Both supervised and unsupervised classification have used it. Unlike the Bayesian technique, the DS method explicitly accounts for unknown alternative sources of observed data. The DS technique uses probability and uncertainty intervals to assess the probability of hypotheses based on many pieces of data. Furthermore, it computes a probability for any valid hypothesis. When all the hypotheses investigated are mutually exclusive and the list of hypotheses is exhaustive, these two methods (DS and Bayesian theories) yield the same answers. In [43–46], Classifier outputs are represented as belief functions, which are then coupled with Dempster’s rule in the event of classifier fusion. In [37,47], the employed method involved converting the decisions made by the Support Vector Machine (SVM) classifiers into belief functions. In this work, DS theory has been chosen to be used rather than the other approaches since it permits the depiction of both imprecision and uncertainty data. The basics of DS theory are:

Mass function m defined by (5).

m:2Ω→[0,1]with∑A⊆Ωm(A)=1(5)

Correction of the information: The new mass function of the weakness operation is defined by (6).

m(A)=μ∗m(A);∀A≠Ω(6)

(m1⊕m2)(C)=∑A,B:C=A∩Bm1(A)∗m2(B)(7)

Information fusion: The new mass function after the use of Dempster’ rule is defined by (7).

Pignistic transformation (Decision making) defined by (8).

Betp(ω)=∑{A⊆Ω,ω∈A}m(A)(1−m(∅))|A|(8)

The decision will be made by choosing the element x with the greatest probability from pignistic transformation by applying (9).

Rp(x)=argmaxx∈ΩBetp(ω)(x)(9)

In this paper, DS theory is used by fusing two, three and four classifiers. 11 different forms of combinations (data fusion) between classifiers are possible based on the mass’s combination DS rule, given the mass function for each classifier (m1, m2, m3, and m4) of the DS theory, which correspond to the SVM, RF, KNN, and DeepSL classifiers. the decision on the outcomes following fusion is aided by the pignistic transformation of the acquired masses. Consequently, two, three and four classifiers are combined. Obtained results are 99.38% by fusing RF and DeepSL classifiers, 99.93% by fusing KNN, RF and DeepSL and 99.98% by fusing SVM, KNN, RF and DeepSL. Achieved results of classifiers combinations are shown in Table 8.
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3.3.2 Ensemble Learning Methods

Ensemble Learning (EL) is a ML technique that involves combining multiple classifiers using various methods to produce a more accurate and reliable final decision, aiming to reduce classification errors and minimize the effects of information uncertainty. The different classifiers can be trained on distinct subsets of data or use different learning methods. The most common techniques in EL include bagging, boosting, stacking, and voting [48]. Bagging (Bootstrap Aggregation) creates multiple copies of the same model by training each copy in parallel on a random subset of the dataset using sampling techniques. Boosting involves sequentially training multiple relatively weak models, starting with an underfitting situation, and having each model correct the errors of its predecessor to form a complete and highly reliable final model. Two types of boosting exist: AdaBoost and Gradient Boosting. When two or more base models, or level 0 models, are used in a stacking (blending) process, a meta-model called the level 1 model is created by combining the predictions of the base models. Both hard and soft votes are supported by the voting technique. The class with the most votes, or the class having the highest likelihood of being predicted by each classifier, is the projected output class in a hard voting process. The forecast made for a class based on its average probability is known as the output class in soft voting.

In order to combine the proposed DeepSL model with the three ML classifiers (KNN, Random Forest and SVM), a fusion approach exploiting the characteristics of the input images is applied. Training and test image features are extracted from the pre-trained DeepSL model to capture complex patterns, textures, and relevant structures, resulting in high-quality features for each input image. These extracted features are then used separately to train each classifier independently. The voting method is chosen to merge classifiers. Table 9 summarizes the weighted rates of F1 as well as the weakness rates of KNN, RF, and SVM using DeepSL as the feature extractor. By combining the features extracted by DeepSL with the KNN, RF and SVM classifiers, one can exploit the advantages of both approaches (ML and DL) and improve the performance of image classification.
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According to Table 10, it is remarkable that merging the ML classifiers using DeepSL as feature extractor improved the F1 score of the validation significantly compared to using each classifier separately. The combination of RF and KNN achieves the best F1 rate of 99.96%.
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To validate the effectiveness and to confirm the performances of the proposed SLR solution, it is crucial to undergo two validation stages: software and practical validation.

4  Prototype of SLR System

4.1 Software Validation

Software validation is an essential step in ensuring that a system works effectively and reliably. There are two types of software validation: simulator validation, which uses interactive virtual environments similar to real life [49], and simulation validation, which tests road scenes full of road signs on a PC. In fact, enhancing systems through simulation-based validation using driving sequences on urban roads or freeways is a widely used method for testing and validating recognition systems, especially those related to traffic signs. In fact, this type of validation simulates different environmental driving conditions and evaluate the performance of the recognition system in a variety of scenarios. Hence, to validate the SLR system by simulation, two video sequences describing two road scenes rich in speed limit signs are used. The simulation is carried out by using a PC (configuration: Intel® Core (TM) i57200 CPU, 64-bit, 8 GB RAM) and Google Colab with 12.4 GB RAM. To evaluate the performance of the SLR system, processing time and the classification rate are calculated. Recognition time is calculated from the detection of the speed limit sign to its classification. The SLR system achieves an average of 0.06 s to identify each detected road sign in the case of computer simulation, and an average of 0.025 s using Google Colab. Fig. 3 shows examples of speed limit sign images recognized correctly by the SLR system in addition to their prediction rate using Google Colab.
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Figure 3: Examples of speed limit signs correctly recognized by the SLR system

All speed limit signs located in the video sequence are well localized by the Haar Cascade detector and subsequently well recognized by applying the new model obtained from the vote fusion. However, two detected road signs are not correctly recognized by the SLR system, as shown in Fig. 4.
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Figure 4: Examples of signs incorrectly recognized by the SLR system

In fact, the 40 km/h sign is detected as a speed limit sign, but misidentified because it is not included in the GTSRB learning base and the No passing sign is wrongly recognized once as a speed limit sign out of the three times it appeared.

4.2 Practical Validation

A system’s hardware architecture can vary according to its specific processing and performance requirements. Indeed, there are different hardware architectures based on CPU (Central Processing Unit), GPU (Graphic Processing Unit), FPGA (Field Programmable Gate Array) or heterogeneous by combining different types of units to take advantage of their specific benefits. For example, SoCs (System on Chip) combine two units in the same circuit to meet the criteria of an embedded system, i.e., dimensions, power consumption (autonomy), heat dissipation and speed of exchange between the two units.

In order to validate an architecture on a hardware target, several factors need to be considered, such as the performance of the core used for image processing (execution time and accuracy), the available memory and its type for efficient use of resources, and the availability of libraries and development tools to facilitate implementation, testing and subsequent improvements to the architecture. Based on the characteristics of the different board types already presented, the validation and evaluation of the SLR system will be carried out on Raspberry Pi 4 and Nano Jetson boards. Indeed, this choice is based on the specific technical characteristics of these two boards, summarized in Table 11, and their adaptability for artificial intelligence applications.

[image: images]

In order to ensure hardware validation, Raspberry Pi 4 and Jetson Nano boards are first configured with the needed software. Indeed, several useful libraries are installed, such as OpenCV, TensorFlow, Keras, as well as others required for the system to function properly. Then, the same driving sequences used previously for software validation are reused to achieve a hardware validation close as much as possible to the real driving environment. In this step, the on-board camera is positioned in front of the PC screen to capture the video sequences. Tests are carried out to evaluate the SLR system performance, such as processing speed and sign recognition rate. The processing speed represents the time required to detect and classify road signs, while the sign recognition rate represents the system’s accuracy in correctly recognizing road signs, by giving the number of correctly or incorrectly recognized or unrecognized signs in relation to the total number of signs. Obtained results are summarized in Table 12, which shows the performance of the SLR system on the two hardware platforms.

[image: images]

On the Raspberry Pi board, some experiments with the SLR system have been conducted. The authors’ first work in [50] is the development of a Raspberry Pi-based recognition system for speed limit signs, with consideration given to the stability of color detection with respect to daylight. According to the results, their system can process data in as little as two seconds and has an accuracy of 80%. In addition, a second study uses a Raspberry Pi 3 board and ML techniques to create a real-time sign recognition system that recognizes five different classes of signs, identifies their type, and notifies the driver. According to the results, the system’s maximum average time to identify the type of sign when the vehicle is moving at 50 km/h is 3.44 s, and the average accuracy of sign recognition for the five classes is over 90% [51].

Considering Table 12, the proposed SLR system outperforms the approaches cited in terms of accuracy according to the number of classes, with a score of 90% for 9 classes. In terms of processing time, the proposed SLR system is the fastest, with an average of 0.15 s. Meanwhile, the NVIDIA Nano Jetson outperforms the Raspberry Pi 4 in terms of performance, thanks to its ability to exploit powerful NVIDIA GPUs. Indeed, the Jetson Nano is significantly faster in image processing, with an average recognition speed of 0.0815 s (from 0.071 to 0.092 s), which translates into shorter inference times for speed limit sign recognition. What is more, in terms of accuracy, the recognition rate achieved by Nano Jetson is higher than that achieved by Raspberry, with a value of 95%.

5  Conclusion and Perspectives

The automotive industry is constantly developing automated safety technologies with the goal of creating automated driver systems that can perform all driving-related tasks and assist in preventing accidents and saving lives by averting potentially dangerous situations brought on by distracted driving. Driving automation technologies help drivers perceive their surroundings and relieve them of several driving responsibilities. In fact, TSR system is considered as one of the most crucial parts of driving automation. It consists of automatically identifying road signs with the fastest processing time. This paper focus on the recognition of speed limit signs which hold a significant importance in regulating traffic speed, maintaining road safety, and minimizing the risk of accidents. For this reason, a new SLR methodology is proposed based on three modules. First, in the SLD module, the Haar Cascade technique is used to generate a SL detector able to localise the SL sign on the captured image. Then, A new developed CNN model (DeepSL) in addition to several ML classifiers are trained on the SL signs from GTSRB dataset in the SLC module. Compared to KNN, Random Forest and SVM, DeepSL give better performance (98.8%).

To improve the performance of the developed SLR system, a new module SLCF aiming to combine classifiers (DeepSL and ML classifiers) is proposed by using Dempster Shafer theory and the voting technique from the EL. Achieved results are clearly better compared to those using each classifier separately. In fact, 99.98% and 99.96% are the best combinations result found respectively by combining DeepSL, SVM, RF and KNN using the DS theory of belief functions and by merging RF and KNN classifiers using the voting method. To assess the reliability and the effectiveness of the developed system, a software and hardware validation are conducted. In fact, the SLR system achieves an average of 60 ms to identify each detected road sign in the case of computer simulation, and an average of 25 ms using Google Colab. The effectiveness of the proposed methodology is assessed using two hardware targets, achieving processing times of 150 ms for the Raspberry Pi board and 81.5 ms for the Nano Jetson board.

While the proposed SLR methodology has shown promising results in recognizing SL signs compared to other studies, there are some improvements that can be done in future works. Indeed, it is essential to extend the methodology to recognize all traffic sign categories. This extension would make the system more comprehensive and applicable to various driving scenarios. In terms of hardware validation, two popular and accessible hardware targets: the Raspberry Pi board and the Nano Jetson board are used in this paper. Another ongoing aspect of this work is to test and validate the system on other hardware platforms to achieve better performance. For instance, implementing the system on FPGA (Field-Programmable Gate Array) and Jetson Xavier can offer better processing time and accuracy. These proposed improvements would make the system complete, more robust, and adaptable to various driving scenarios and lighting conditions.
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Table 11: Technical specifications of the Raspberry Pi 4 and Nano Jetson boards
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Table 1: Different traffic sign categories in European Union and United States
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Table 3: Fl-scores obtained by SVM, KNN and random forest classifiers

Features descriptors ML classifiers F1 score (%) Dataset

RGB color descriptor SVM 34.85 Speed limit (13,200 images:
KNN 7939 75% for training and 25%
Random forest 74.36 for validation) from the

3D color histogram SVM 93.33 GTSRB

from the HSV color KNN 92.67

Space Random forest 96.42

HOG descriptor SVM 95.88
KNN 95.85
Random forest 92.58
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Table 8: Different fusion classification results using DS theory

Combined classifiers Weakness fusion Fusion classification
classifier value (%) rate (%)

2 combined classifiers KNN and SVM 0.0069 99.31
RF and SVM 0.0065 99.35
RF and KNN 0.0513 94.48
RF and DEEPSL 0.0062 99.38
KNN and DEEPSL 0.0072 99.29
SVM and DEEPSL 0.0067 93.3

3 combined classifiers KNN and RF and 0.0007 99.93
DEEPSL
SVM and KNN and RF 0.0008 99.91
SVM and KNN and 0.0009 99.91
DEEPSL
SVM and RF and 0.0008 99.92
DEEPSL

4 combined classifiers SVM and RF and 0.000115 99.98

KNN and DEEPSL
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Table 6: F1 scores of TSR methods

TSC methods F1 scores (%) Weakness rates (%)
DeepSL (the proposed model) 98.80 1.2

KNN + HOG features 95.85 4.15

Random Forest + 3D color histogram 96.42 3.58

SVM + HOG features 95.88 4.12
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Table 4: Classification rates of each speed limit sign obtained from SVM, KNN and random forest

classifiers
SL (km/h) F1 scores (%)
SVM KNN RF
DF1  DF2 DF3 DFl DFE2 DF3 DFl DF2 DF3

20 0 86 98 89 96 96 75 100 100
30 50 94 95 83 94 99 72 95 95
50 38 94 92 81 93 97 72 96 90
60 41 92 98 76 91 97 75 97 94
70 24 97 99 76 93 97 76 98 96
80 22 90 96 76 87 93 74 96 89
End of 80 78 96 100 88 98 100 92 100 100
100 0 97 96 79 90 96 75 97 94
120 26 98 95 79 93 89 74 97 89
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Table 9: Performances of KNN, RF et SVM classifiers

Classification methods SL Weighted F1 score (%) Weakness rate (%)
KNN + DeepSL 99.88 0.12
Random Forest + DeepSL 99.90 0.1

SVM + DeepSL 99.87 0.13
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Table 7: F1 scores obtained from RF classifier and DeepSL model

SL (km/h) 20 30 50 60 70 80 Endof8 100 120

F1 scores (%) DF2+RF 100 95 96 97 98 96 100 97 97
DeepSL 98 98 99 100 100 91 100 99 99
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Table 2: Examples of ML and DL based classification methods

Works ML methods Accuracy (%)

[26] HOG KNN 92.9
Random forest 97.2

[19] Gabor + LBP + HOG SVM 92.9
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Table 10: F1 scores of ML classifier fusion using DeepSL as feature extractor

Combined classifiers Hard vote (F1 score %)
2 combined classifiers KNN and SVM 99.90

RF and SVM 99.87

RF and KNN 99.96

3 combined classifiers SVM and KNN and RF 99.90
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Table 5: Experimental results obtained from training DeepSI model

SL (km/h) 20 30 50 60 70 80 End of 80 100 120
F1 scores (%) 98 98 99 100 100 91 100 99 99
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Table 12: SLR evaluation results on Raspberry Pi 4 and Nano Jetson boards

Target materials

Evaluation results Raspberry Pi 4 Model B Nano Jetson
Number of recognized signs 18/20 19720
Number of unrecognized signs 0/20 0/20
Number of wrongly recognized signs 2/20 1/20

Average speed of sign recognition

0.15s (6 fps)

0.0815 s (12 fps)






