
• There are over 1,400 self-driving cars in the United States being 

tested on by over 80 companies.

• Traffic sign detection and recognition (TSDR) systems are 

especially important to the development of advanced driver 

assistance systems (ADAS). [3]

• The rise in prevalence of  ADAS in the United States is going to 

require classification systems that are trained on U.S. Traffic Signs. 

This research hopes to determine whether we can begin to bridge 

the gap in image classification models that are trained based on 

these signs. 
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• Split the LISA Dataset[1] 80/20 into training and testing sets.  

• Used the EdLeNet 3x3 CNN architecture for the image classification model. Input 

image is a 32x32 grayscale image and the output is the model’s prediction. Training 

and testing the model on the 32x32x1 images acted as our base case. 

• Performed image preprocessing on the training/testing sets to reduce the noise in 

each image and as a result, increase model accuracy. After being tested on the base 

case, a series of progressively more complex transformation compositions was applied 

to observe how the model handles noise.  

• Lastly, tested the model on the “extreme case”, the imperfect traffic sign images.

• Currently, most existing high-accuracy image classification models 

for traffic signs are trained on the German Traffic Sign Recognition 

Benchmark Dataset (GTSRB).

• How will the U.S. Traffic Sign Dataset, LISA, perform in training 

and testing an image classification model?

• Additionally, what would happen if we fed the classifier imperfect, 

yet realistic traffic sign images? How would it perform? 
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• This loss in testing accuracy can be attributed to bias in the class 

distribution of the LISA dataset. This bias contributes to overall loss of 

testing accuracy (Figure 3).

• These images are only from the San Diego, California area. Some signs 

are underrepresented, and some are not present at all. A more robust 

dataset is needed in order to more efficiently train and test an image 

classifier based on U.S. traffic signs. 

• Plan on creating a testing set based on crisp images with missing 

information in order to obviate the need for image preprocessing. Will 

compare training loss and testing accuracy to the body of obtained 

data.

• In the future, I plan on testing the LISA Dataset against other, more 

modern CNN architectures such as ResNet. Also intend to move on to 

object detection models, possibly using YOLOv5.

EdLeNet 3x3 CNN Architecture

• The model was trained on a random 80% split from 
the entire LISA dataset. Total of 5472 training images. 

• This curve demonstrates how well the model is fitting 
the training data.  Minimal loss leads to a more 
accurate model. 

• The model was tested on a random 20% split from 
the entire LISA dataset. Total of 1515 testing images.

• This curve demonstrates how accurately the model is 
making its classification predictions. Over 200 epochs 
the average accuracy was 93%. 

“Imperfect” Traffic Sign Images 

LISA Dataset Class Distribution

Image Preprocessing for Producing Input Image

Publicly Available Traffic Sign Datasets

• By measuring the testing accuracy, we can determine 

whether this dataset and the corresponding classification 

model would be efficient in training ADAS.

• We will be using the “EdLeNet”[2] 3x3 Convolutional Neural 

Network (CNN) architecture due to its high performance 

with classifying images in the GTSRB dataset. 

• We are choosing to use this architecture over YOLOv5 (You 

Only Look Once version 5), an object detection model, 

because we want to make sure that we can accurately

achieve image classification first.

Figure 1 - Training Loss: Base Case Traffic Sign Images

Figure 2 – Testing Accuracy: Base Case Traffic 
Sign Images

Figure 3 – Testing Accuracy: Extreme Case 
Traffic Sign Images

• The model was tested on 37 “imperfect” images that 
are representative of signs you may find in reality. 

• Oscillations occur around 63% accuracy. 
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Model Output Results 

• Average training loss and average testing accuracy both decreased 

as the transformations applied to the images became more complex.

• To compare, EdLeNet performed with 98% testing accuracy when 

using the GTSRB dataset to train and test the model. 

6. Conclusions & Future Work

Input Transformations Average Training Loss
Average Testing 

Accuracy
LISA Images Resize, Grayscale, Gaussian Blur 0.31 93%

LISA Images 
Resize, Grayscale, Random Rotation, Random 

Horizontal Flip 1.87 62%

LISA Images
Resize, Grayscale,  Random Resized Crop, Random 

Affine 4.18 16%
Collection of Augmented 

Signs Resize, Grayscale, Equalize, Gaussian Blur 2.69 63%


