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Abstract: Traffic signs are basic security workplaces making the rounds, which expects a huge part in coordinating busy time gridlock direct, ensuring the prosperity of the road and dealing with the smooth segment of vehicles and individuals by walking, etc. As a segment of the clever transportation structure, the acknowledgment of traffic signs is basic for the driving assistance system, traffic sign upkeep, self-administering driving, and various spaces. There are different assessments turns out achieved for traffic sign acknowledgment in the world. However, most of the works are only for explicit arrangements of traffic signs, for example, beyond what many would consider a possible sign. Traffic sign recognizable proof is generally seen as trying on account of various complexities, for example, extended establishments of traffic sign pictures. Two critical issues exist during the time spent identification (ID) and affirmation of traffic signals. Road signs are occasionally blocked not entirely by various vehicles and various articles are accessible in busy time gridlock scenes which make the signed acknowledgment hard and walkers, various vehicles, constructions, and loads up may frustrate the ID structure by plans like that of road signs. Also concealing information from traffic scene pictures is affected by moving light achieved by environment conditions, time (day-night), and shadowing. Traffic sign revelation and affirmation structure has two guideline sorts out: The essential stage incorporates the traffic sign limitation and the resulting stage portrays the perceived traffic signs into a particular class.
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1  Introduction

Modified traffic sign disclosure and affirmation is a captivating point concerning Personal Computers (PC) vision and is especially critical concerning independent vehicle advancement. To maintain road prosperity, it expects to play a significant role in front-line driver assistance systems and autonomous vehicles. Automatic Traffic Sign Detection and Recognition (ATSDR) is a constantly evolving topic to address, given the variety of rush hour jam signs and contrasting environmental variables exhibited in genuine road settings [1]. Furthermore, development relics contained in a live, very active congested video stream complicate disclosure and confirmation. The issue has been researched for a long period of time, and numerous solutions have been proposed. These techniques, in general, split into two sections: Traffic Sign Instantly recognizable proof and Traffic Sign Confirmation, and handle each one independently. Limiting zones in a picture that may include traffic signs are revealed in the revelation step, and these constrained areas are depicted in the affirmation step to convey sign types of establishments. The use of the deep convolution association method in Traffic Sign Area has shown significant improvements in image affirmation, partition, and thing recognition [2,3]. In any event, traffic signs account for below 3% of the picture in the peak period jam sign ID datasets. As a consequence, the thing to imagine extent addresses a significant difficulty in describing a model for dividing such small items. To plan truly meaningful relationships, the technique requires additional computer capacity and a large amount of data. Testing biological conditions has an effect on the image, making it insensitive to road conditions. The inconvenient conditions, along with the sign size objectives and the enormous volume of data needed to measure, make this extremely inconvenient [4]. Across all benchmarks, significant learning computations based on Convolutional Neural Connections have showed enormous performance in PC vision tasks like as picture confirmation, division, and article recognition. It’s also a good time to think about incorporating these tactics into ATSDR structures. Another stumbling block to properly using Convolutional Neural Networks (CNNs) to resolve this issue is the enormous amount of information necessary to plan genuinely meaningful associations [5]. To work with study in the field of Road Signs Interpretation and Affirmation, a massive number of photographs with substantial standards are used. Encoder-Decoder Designing is used to create the localizer, which is then followed by a Fully Convolutional Association that is powered by SegNet & U-Net Plan. There are two phases to the connection: a codec and a neural connection, which are linked using a residual learning technique. From the Cutoff points area detected by the Localizer [6], the Classifier component predicts the traffic sign. Images from the German Road Signs Areas Test Data and German Road Signs Affirmation Benchmark Dataset are used to create the Neural Associations (GTSRB). The GTSRB collection comprises almost 50,000 images divided into 432 categories. The GTSDB dataset contains 900 images that localizer modules use to detect and reduce traffic sign region limitations.

Convolutional neural networks have demonstrated significant advances in image recognition, segmentation, and object recognition when used to identify traffic signs. The localizer as well as the classifier, both of which are detailed below, are the two primary components of this research. A Transceiver framework [7] as well as a Fully Convolutional Neural System architectures are employed to produce the localizer. Multiple convolution frames, each with a handful of 3 * 3 or even more convolution layers, some type of batch normalization layer, and a ReLU activation layer, make up the encoder stage. In most cases, the encoder step is divided into two tiers. A pair of * 2 max-pooling functions are used to accomplish reduced sampling for everyone and every block. The best component’s individual index is noted so that it may be utilised throughout the up-sampling procedure. The number of feature stations grows by a factor of two with each down sampling step. The development of the subsequent decoder block has begun in earnest. At each level of decoding, the map is upward sampled by using a 2 * 2 up convolution. During up sampling, a duplicate of an element is created to the index saved from the relevant max - pooling of the decoder [8]. This up convolution reduces the feature map by half, which is then combined with the comparable convolution layer from the decoder. After the concatenation feature map has already been treated via two 3 * 3 convolution layers, a ReLU activation layer is added. A 1*1 convolution layer inside the final layer maps each component feature vector from the previous layers to two categories. When it happens, a Convolutional Neural Network is employed to boost the Encoder-Decoder Network’s performance. It is possible to predict the boundaries of 32 × 32 square images using the Encoder-Decoder, which are then scaled and created from the predicted bounds. The CNN style incorporates the VGG-16 design, which appears to be often used in image recognition applications. This picture is acquired by some other CNN [9] for law enforcement agencies road signs zones during a specific area. It’s made up of two interconnected layers, each with two serial 3 * 3 convolutions, a Relu layer, but at most one layer [10,11]. When each block of the algorithm is executed, a dropout layer with a probability of 0.25 is inserted. The characteristics are sent via two completely linked layers to induce at this point: the first, triggered by ReLU, has a concealed size of 1024 bits, while the other, triggered by SoftMax, has a concealed length of fifteen bits [12].

The major goal of our research is to construct a deep CNN for vehicle detection with the highest possible accuracy. Our proposed work’s second goal is to split the inputs into several modules in order to establish the path, determine the outside, classify the photos, and acquire the final result.

2  Proposed Method

The paper holds the main objective of implementing a deep convolutional neural network for detection of traffic signs and achieving maximum accuracy. The predicted coordinates by the localizer module should be more accurate so that the intersection portion with the background is minimum. To label the images in the dataset more accurately and further analyze the dataset. To detect the image edges properly and extract features under critical challenging conditions. To implement VGG 16 Classification model approach in detection of traffic signs. To improve the accuracy of the classifier module by adding hyperparameters and adding more regularization parameters and dropout layers to the neural network module. Fig. 1 depicts the general architecture schematic for the proposed system. Path Extractor, Localizer, Boundary Extraction, and Classifier are the four modules that make up the suggested work.
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Figure 1: Overall architecture diagram

2.1 Path Extractor

Fig. 2 shows how we designed the Path Extractor technique to allow us to work on multiple features of traffic sign recognition at the same time. Thanks to Extractor Design, we may use different optimization algorithms at various stages of the pipeline. Neural networks excel at executing extremely precise tasks. As a consequence, we may take use of the strengths of various designs to increase the efficacy of one network while sacrificing the precision of others. Because Neural Models are produced in constrained equipment contexts, it is considerably easier to train multiple deep networks for each specific job rather than a single extremely deep network for the entire network.
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Figure 2: Path extractor module diagram

The Path Extractor Module involves generating a Stable set of frames, which are fed into the neural network for boundary detection.

2.2 Localizer Module

The localizer is implemented by Encoder-Decoder Architecture shown in Fig. 3, SegNet and U-Net [13] inspired a Fully Convolutional Neural Network architecture. The network is made up of two stages: a down sampling encoder and an up - sampling decoder, which are linked together like a residual learning technique [14].
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Figure 3: Localizer module diagram

2.2.1 Encoder/Down Sampling
•   During down sampling, every convolution blocks in the encoder stage had two 3 * 3 convolution operation, a batch normalization level, a ReLU activation layer, and a 2 * 2 pooling process [15].

•   The maximal element’s index is kept for use in up sampling [16]. Each down sampling step doubles the number of characteristic channels [17].

2.2.2 Decoder/UpSampling
•   The map is unsampled at each phase of decoding using a 22-up convolution [18].

•   An item is copied to the position stored from the decoder’s appropriate max-pooling layer during up sampling [19].

•   The set of feature maps is reduced by half using this up convolution, which is subsequently concatenated with the decoder’s matching feature map [20].

•   After that, the feature map is concatenated and processed via two 3 * 3 convolution operation and a ReLU activation layer [21].

•   A 11-convolution layer is utilized in the final layer to transfer each element feature representation from the preceding layer to two classes [22].

The Localizer was designed to mirror the SegNet and U-Net designs, resulting in improved identification of tiny indications [23]. During training, U-Net was shown to be resistant to low-resolution image characteristics [24]. In the generally greater comparable layers, there are a considerable number of distinctive channels that allow the user to transfer environment information to various complicated structure [25]. This is a very useful tool for solution to a specific problem in loud circumstances whenever the highly targeted items may not be visible. In the decoder step, SegNet uses an elegant approach of upsampling. Upsampling is performed by the decoders using the max-pooling indices obtained from their respective encoders [26]. This allows the network to separate pixels far more precisely than standard up convolution. To forecast the border boxes, a CNN is incorporated to the encoder and decoder. Some few 3 * 3 convolutional layers, 2 * 2 max-pooling layers, dense layers, and a final layer with four neurons are used in the CNN [27,28].
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L(Ytrue,Ypred)=1n∑i=1n⁡(Ytrue−Ypred)2
(1)

Eq. (1) is used for calculating the distance between the coordinates predicted by the Localizer Module. MSE Loss function helps the Localizer network to improve the accuracy.

2.2.3 Boundary Extraction Module

The Boundary Extraction Module is shown in Fig. 4, first converting the localizer predicted coordinates into full valued numbers. The traffic sign detection in image patches of size 800X1360 is valued from the bottom right of the input image. The coordinates of the detected region are calculated. A new 32X32X3 square image is resized from the detected boundaries [29].
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Figure 4: Boundary extractor module diagram

2.2.4 Classifier Module

The Classifier Module, as shown in Fig. 5, has a similar architecture to VGG-16. Convolutional blocks are the general definition of the VGG-16 architecture. Two convolutional layer is represented by a Max-pooling in each convolutional block. Three to four times the convolutional blocks were repeated. The next few Fully connected Dense Layers are attached to these convolutional blocks. Finally, the Output Layer contains Softmax as an activation function. ReLu is the activation function for all other levels except the Output Layers. Three convolutional blocks with nine layers, three fully linked layers, and one output layer make up the conventional design. So total of 13 Layers are added to the classifier Module. Since more layers are used for a very small input image. The Neural Network Accuracy must be very good. The Classifier Module defined with 13 layers does a pretty good job, due to the Deep structure for 32*32 Input Image. There are many chances for overfitting the Classifier Neural Network. The Neural Network is modified by adding a few additional layers to reduce overfitting also to increase Accuracy, Precision, and Recall [30].
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Figure 5: Classifier module diagram

For multi-class classification, the category Cross Entropy Loss method is applied. For each image, we’ll train a CNN to generate a probability over particular classifications. If true labels are one-hot encoded, Categorical Cross Entropy (CCE) is employed.


CCE=−1N∑i=0N⁡∑j=0J⁡yj.log(yj^)+(1−yj).log(1−yj^)
(2)

Eq. (2) is used for calculating the loss between true labels predicted and actual labels. CCE Loss function helps the classifier network to improve the accuracy. The Localizer Module Contains Encoder Blocks which Down samples the Input Image. The input dimensions are 800 * 1360 pixels. The Encoder Block 1 Down samples the Network to 400*680 pixels. The Encoder Block 2 again Down Samples the Network to 200*380 pixels. The Encoder block contains a 3*3 convolutional layer followed by a 2*2 max-pooling layer. The next 2 Decoding blocks are used to Upsample the images. Decoder Block concatenates two encoder blocks that are associated with different filters. The Decoder block also contains Dropout layers to avoid overfitting.

Fig. 6 describes the Encoder and Decoder Blocks in Localizer Module. Next Fig. 6 describes the Convolutional Neural Network Architecture associated with the Encoder-Decoder Module. The Convolutional Neural Network Architecture contains several 3*3 Convolutional Layers and 2*2 Average Pooling Layers. Finally, 3 dense layers and Output layer are added to the CNN. Fig. 7 gives the conclusion that total trainable parameters are more than 22 million. The Localizer Module Network is a very deep convolutional neural network. The Module is trained in the presence of GPU. Training and testing data are divided as 30% and 70% to carry out this experiment. Fig. 8 represents the sample predicted boundary region by the localizer module. The picture is fed into the Neural Network, which returns the boundary coordinates as its output. The length and width of the input picture are used to standardize the boundary coordinates. Finally, Bounding Boxes regions are drawn upon the image.
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Figure 6: Localizer module encoder-decoder
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Figure 7: Localizer module neural network
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Figure 8: Localizer module sample prediction

2.2.5 Boundary Extractor

The boundary coordinates predicted by the localizer are the corners of the traffic sign in the image. the width, height, and ercenter of the region being computed. After computation, the region is cropped from the road image, and the cropped image is resized into a 32*32 Square image to fit the classifier Neural Network model as shown in Fig. 9.
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Figure 9: Sample image boundary extraction

3  Classifier

The Classifier Module is inspired by the VGG-16 Neural Network. The Classifier Neural Network contains convolutional layers, max-pooling layers, and dense layers. Three different Networks are implemented, they are LeNet Neural Network, VGG Neural Network, and Classifier Neural Network.

3.1 LENET Neural Network

LeNet is 7 layers Neural Network. The LeNet contains a convolutional layer, 2*2 Max Pooling layer, and finally 3 dense layers as described in Fig. 10.
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Figure 10: LeNet neural network architecture

3.2 VGG Neural Network

The VGG architecture is generally defined as convolutional blocks. Two convolutional layer is represented by a 2*2 Max - pooling in each convolutional block. The convolutional blocks are repeated 3 times. The next 3 Fully connected Dense Layers are attached to these convolutional blocks. Finally, the Output Layer contains Softmax as an activation function as shown in Fig. 11.
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Figure 11: VGG neural network architecture

3.3 Classifier Neural Network

The Classifier Neural Network contains the same structure as VGG. To overcome the overfitting problem in the VGG Neural Network few layers are added and a few are modified, but the working architecture is almost the same as shown in Fig. 12. The classifier Module Validation Accuracy is 0.9944, Precision Score is 0.9954, Recall Score is 0.9937, and F1- Score is 0.9946
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Figure 12: Classifier neural network architecture

4  Results and Discussion

We have extracted the real-time road and traffic sign images from the German Traffic Sign Dataset. The Dataset contains nearly 900 images and represents 43 different types of classes. We have labeled all the traffic signs in those images. The labels generated indicate the type of class they belong to and the coordination of the bounding boxes.

4.1 Localizer Detection

The Localizer predicts the traffic sign coordinates in the image. Accuracy and Mean Square Error are the criteria used to assess this module (MSE). The Accuracy for the proposed Module is 0.6805 as shown in Fig. 13. Mean Square Error tells how close the predicted coordinates are to the actual coordinates. MSE is calculated with Eq. (3).


MSE=1n∑i=1n⁡(Ytrue,Ypred)2
(3)

where, MSE – Mean Square error, N – Number of coordinates to be predicted, Ytrue – True coordinate values, and Ypred – Predicated Coordinate Values. The MSE for the proposed Module is 0.3040 obtained based on the execution.
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Figure 13: Localizer module validation accuracy

4.2 Classifier Prediction

Classifier Neural Network Module classifies the given image to the respective class. So, the evaluation is carried out using the basic parameters used for evaluating predictions namely accuracy, precision, recall, and the f-measure. The Precision for the proposed Module is 0.9954, the Recall for the proposed Module is 0.9937, the Accuracy for the proposed Module is 0.9944 and the F1 Score for the proposed Module is 0.9946. First we do train the dataset with two hidden layer one input and one output layer. In the first iteration we set epoch to some lower value as 10 and its increased gradually until marginal difference was obtained in all the parameters.

4.3 Comparison Graphs

The performances of the proposed classifiers are compared with LENET and VGG classifier with the performance metrics of accuracy, precision, recall, and F1 score. The performance of the proposed system outperforms all the other classifiers used in the existing systems. Based on the execution, it is found that the proposed model produced 99.44% of accuracy and 99.54% of precision as shown in Tab. 1.
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Figs. 14 and 15 compare the suggested classifiers’ performance to that of other existing classifiers The performance of the proposed Deep Neural Network method is compared with the performance metrics of accuracy and F1 score. Because the suggested technique pre processes the picture using colour space and segmentation with the image threshold, labels the image, and identifies the border coordinates of the traffic sign Region, it outperforms other current methods. The Existing systems are FCNN which are developed with having large hyperparameters, our model uses 1*1 convolution layers and more filters, to reduce the computation power and also reduce the overfitting problem. Deep convolution layers have been added to the classifier neural network which detects edge detection in images. The edge detection system is built with the reference of VGG Neural network. For our model the accuracy is 99.44% when we set the epoch is 17.5 and the Recall is 99.37 when the epoch is 17.5 and its proved that our model produced better results than other algorithms. But do we need to stop here? Yes, because we almost close to 100% of the accuracy, even that can be tested by increasing the epoch.
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Figure 14: Classifier comparison recall metrics
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Figure 15: Classifier comparison accuracy metrics

5  Conclusion and Future Work

The classifier module’s accuracy is greater, as can be observed. After the recovered signs are cropped off from the image, the Classifier Module does a good job of identifying various types of traffic signs, as seen in the following findings. When the collected indicators from looking at photographs are cropped wrongly, our method fails to produce good results. The Localizer Module ought to be trained with a massive dataset and image Labelling ought to be improved to provide higher Results. The Neural Network can be further trained with different real-time challenging conditions like snow and rain. The Growth in distributive training can be used to train large datasets like CURE-TSD Dataset to improve the Network. Also, the proposed Deep Neural Network method proved that its classifier accuracy, precision, Recall, F1- Score is far better than the other existing methods. To conclude on an considering all the parameters individually its witnessed that approximately 3% performance improvement than compared to LENET and approximately 2% improvement than compared to VGG algorithm.
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cenwlg_26 (Convld) iNcoe, 899, 136e, 3) 153 activation_9|8])[e]
convdy_&7 (Conv2D) (Nene, 798, 1358, 16 a3 conv2d_4&6(9)|0)
average_poulingld_12 {AveragePu (Nooe, 399, 679, 16) @ conv2d_S7(9)|0)

convdo_&8 ({onv2D) (None, 397, 677. 32) &640 average_poolingd_12{2)|9)
average _poulingla_13 [Averagetu (Nuoe, 198, J38, J2) @ conv2d_28[R)10)

conwly_&9 (ConvlD) (Nonwe, 196, 1336, 64) L183%6 aversge_poolingld_13[e)|8)
average_pooling2s_14 {Average®o (None, $8, 168, &8) @ conv2d_2as|2)|9)

wowly_ 0 (<envlD) iNonwe, 96, 166, 22) LBaGe aversge_poolingd_23[(9)|0)
average_poolingld 15 {Average®o (Ncoe, &3, 83, 32) @ Conv2a_SeLe)|o)

conv2d_351 {<cnv2D) iNenwe, &G, Bl, €2) 184S0 average_poolingd_315(9)10)
average_poulingld_ 16 {AveragePu (Neae, 23, 3@, &2) 9 conv2a_SI9)10)

conwld_%2 (Conv2D) (None, 21, 138, 15) S232 aversge_poolingld_16(2)|98)
average_poolingldd_17 {Averagefo (Nooe, 10, 19, 15) @ Conv2d_S2(9)19)

tlatllen 6 (Flaltlen) (Nene, 3040) &) aversge_poolingld_17i0)19)
dense_17 (Densed (Ncoe, 236) 778496 +latten_0l2)|0)

Oerise_19 (Dense) INctwe, 256} G792 dense_17[Q)(0)

derise_15 (Dense) (Ncoe, 128% 123%6 dense_138]2 )10
bouncling_box (Dense) iNone, &) 516 dense_19(€ (2]

Teral purams: 21,240,951

Trainable parans: 22,
Non-trainable perams:

26,971

e
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Algorithm: Path Extractor

Input: The input video or input picture is fed into the module.
Output: A set of frames.

Begin

“Step 1: Loading and setting the video using VideoObject Libraries.
from imageai.Detection import VideoObjectDetection
execution_path=os.getcwd()

detector= VideoObjectDetection()

Step 2: Applying the image enhancement equation to the input video.
Step 3: Applying Hough Transform Equation to the input video.
Step 4: Convert the video into frames.

Step 5: Resizing Each Frame.

End”
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Algorithm: CLASSIFIER

Input:

A Square Shaped Image.

Output: Predicted Traffic Sign Class.

Begin

End

Step 1: Module Training Pre-processing the Data and Mapping the input squared image to an output
category classification array.

Step 2: Define a Model with convolutional, pooling, and Fully Connected Layer.
Step 3: Predicting the best Convolutional layer by Trial and Error method.
Step 4: Calculate Loss and update each weight in each iteration.

Step 5: Adding Regularization Parameters and Dropout Layers To increase the accuracy of the
model.

Step 6: Predicting the Traffic Sign.
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VGG_model . summary ()
Model: “"sequential 2

Layer (type) Output Shape Param »
com2d6 (Coma0)  (Wone, 32, 32, 32)  2am2
conv2d_7 (Conv2D) (None, 32, 32, 32) 9248
max_pooling2d_4 (MaxPooling2 (None, 16, 16, 32) 0
conv2d_8 (Conv2D) (None, 16, 16, 64) 18496
conv2d_9 (Conv2D) (None, 16, 16, 64) 36928
max_pooling2d_S5 (MaxPooling2 (None, 8, 8, 64) 0
conv2d_10 (Conv2D) (None, 8, 8, 128) 73856
conv2d_11 (Conv2D) (None, 8, 8, 128) 147584
max_pooling2d 6 (MaxPooling2 (None, 4, 4, 128) 0
flatten_2 (Flatten) (None, 2048) B
dense_S (Dense) (None, S12) 1049088
dense_6 (Dense) (None, 128) 65664
dense_7 (Dense) (None, 43) 5547

Total params: 1,408,843
Trainable params: 1,408,843
Non-trainable params: ©
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LeNet_model.summary()
Model: "sequential 1"

Layer (type) Output Shape Param #
convad_4 (Comv20)  (none, 30, 30, 6) 168
max_pooling2d_2 (MaxPooling2 (None, 15, 15, 6) (5}
conv2d_5 (Conv2D) (None, 11, 11, 16) 2416
max_pooling2d_3 (MaxPooling2 (None, S, S, 16) 0
flatten_1 (Flatten) (None, 400) 0

dense_2 (Dense) (None, 120) 48120
dense_3 (Dense) (None, 85) 10285
dense_4 (Dense) (None, 43) 3698

Total params: 64,687
Trainable params: 64,687
Non-trainable params: ©
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Table 1: Standard metrics comparison for classifier

Neural network Accuracy Precision Recall F1-score
CLASSIFIER 99.44 99.54 99.37 99.46
LENET 96.83 97.5 96.15 96.82

VGG 98.02 98.31 97.79 98.05
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Layer (type) Output Shape Parom 8 Connected o

Lrput_2 (Inputlaywr) [(Norw, 580, 1360, 3 @

caov2e_J6 (Conwid)y (Noree, 309, 1360, 64 1752 Input_2(0)(2)
sctivation (Activation} (None, 309, 1360, 6 @ cunwvd_J36(d)|0)
ccowid_37 (ConvaDy (Nore, 300, 1360, G J6828 activation(@]le)
ectivation_1 (&ctivetlion) (None, 3%, 1360, 64 9 convad_37(@}19)
wax_poollng2d_24 (MexPucllng2D) (Nove, 402, 680, 63) 2 activation_1198)(2]
Srepout_7 (Oropust) (Noe, <09, €80, 64) @ max_poolingdd_23(Rf(Q})
conv2e_ )8 (ConviDy (Norwe, &9, 680, 128 738%6 dropout_7(@11e)
ectivation_2 (Activatlon) (None, a9, 480, 128 @ Conv2g_J8[d]]0)
coov2a 39 (CoanwlD) (Note, 209, 680, 128 137582 activation_2{e)(e]
ectivation_ ) (activation) (None, 09, 680, 128 © Conv2a_J9[e110)
max_poolingd_2% (MaxPooling2D) (Norw, 209, 349, 128 @ activation_J10)(2]
Srupout _B (Orcpuet ) (None, 209, 320, 128 @ max_poolingy 2%(0](Q)
corvlo_s0 (Convaly (Nore, 209, 340, 102 1180672 dropout_Blos1e]
ectivatlion_& (&Ctivetlon) (Nooe, 0@, JéR, 102 @ Conv2g_4&0[9]10)
oo _481 (ConvdD)y (Norwe, 200, 340, 102 333820 activation_&10)(2]
activatlion_% (Activaticn) (None, 209, 350, 102 @ cunv2da_sSiie)le)
convld_transpose (Corl0Transpo (None, a9, 689, %12 a71%i0a activation_Zle)e!]
cancatenate (Concetenate) (None, &0, 480, 60 9 Conv2d_transpose|2]1Q)
activation _d|@)[e]
orcpout_9 (Orcpoet) (None, &0€, 689, 640 @ concatenatel@)id]
convdy_42 (ConvaD) (Nove, 220, 689, %12 2848032 drupout _9S[2)]98)
activation_6 (Activatilon) (None, <00, 689, 512 @ wonvd_&2{o)(e)
onvdg_4&3 (ConvaD) (None, 200, 680, 512 2150808 Jctivation_sleje)
QCtivatlon_? (Activaticn) (None, S0¢, 489, 512 @ conv2d_&l(R)e)
convld_transpose_i [Coav0Trans (Nooe, 0@, 1360, 62 283679 sctivatlion_7le)(e)
cencatenate_1 (Comcatenate) (Nonwe, 300, 1360, 12 0 LOonv2d_transpuse_2|@)L@)
activation_Ljof(e)
Srepout _10 (Drupocts (Nore, 309, 13C0, 120 concatenate_3|0)(0)
Convad_44 (Corval) (Noow, 300, 1360, 64 73792 dropout _IQ[e]1d)
ectivetion 8 (activetlion) (Norwe, 309, 1360, G @ conv2d_&4(d1 o
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output_image=boundries_extraction_and
fig = d2l.plt.imshow(output_image)
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Algorithm: Localizer

Input: A set of Images/Frames.

Output: Bounding box coordinates.

“Begin

End”

Step 1: Pre-processing the Dataset and Mapping the input images/frames to corresponding output
coordinates.

Step 2: Defining the Encoder and Decoder.

Step 3: In Encoder each layer contains 3 * 3 convolutional layer, batch normalization layer, and Relu
function and max pooling.

Step 4: Add the same Encoding blocks 2 or 3 times.

Step 5: In Decoder each Layer contains 2 * 2 up convolutional and mapping to next 3 * 3
convolutional layer.

Step 6: Check whether the same size is generated as the input image size.

Step 7: Add 3 * 3 convolutional layers, max-pooling layers, and Finally Dense Layers.

Step 8: The Output Layer should contain 4 neurons. For predicting the traffic sign bounding box
region.

Step 9: Add Loss Function to the network with L1 regularization.

Step 10: Start Training the network until getting good accuracy.

Step 11: Bounding Box coordinates are predicted.
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