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machine learning algorithm that classifies street signs and pedestrians. o
This grand challenge contributes to the problem of car accidents. We wrote 2 0.313141 0.354825 0.101562 00:07 <
a machine learning algorithm that 1s trained to detect object and people on
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the road with the help of fastAl. Our grand challenge highlights machine

learning, an essential mechanism to the furtherance of science and society,
and 1ts implementation and efficacy. Figure 2. Data table shows four trials with

predictive and actual error time generated

Introduction

Pedestrnans -
Street Signs

o Our grand challenge is o create a machine learning algorithm tha
classifies street signs and pedestrians with 95% accuracy . o . . . . _
. o e e Our confusion matrix, Figure 3.a, 1s our confusion matrix. From our Figure 4. Confusion matrix between
e (Car accidents cause 35,000 annual deaths, 3 million annual injuries, . . . . .
q 530.6 billion | A bel confusion matrix we can calculate the following results: Pedestrians and Street signs generated from
and create $ > 11l1on 1 annual costs. Autonomous vehicles are a o Accuracy: ~89% data
foreseeable solution to these problems. o Precision: ~92%
e Since we are software engineers by trade, there 1s a large knowledge o Sensitivity: ~88%
gap necessary to conceptualize the major parts of an autonomous Conclusion

vehicle. We therefore decided to focus on the software aspect for Our data tells us that our machine learning algorithm 1s more precise when
detecti treet si 91%), th destri 38%). O 11, 1t h : : :
etecting a street sign ( OA))’ an pedestrians (88%) verdls, It s an e 'The model correctly predicts street signs with 89% accuracy
accuracy score of .89 (89%) and very good recall scores which indicates . . .
e The model correctly predicts pedestrians with 89% accuracy

that the algorithm 1s correctly classifving a large total of relevant results. . . . . . .
Methods S 4 e s An accurate and wide breadth machine learning algorithm is essential to
autonomous vehicles. Our accurate and low breadth model illustrates the

implications machine learning has on autonomous vehicle safety and
precision  recall fl-score support efficacy. The next steps are to expand the model classifications and
investigate this algorithm’s application to autonomous vehicles.

our grand challenge by implementing a classification model.

e We built and characterized a machine learning algorithm that 1s trained
using images we downloaded from Google.

e We downloaded images of pedestrians and of street signs, as shown 1n |
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e Our model was trained with four epochs, each epoch training in ~1
second, demonstrated in Figure 2.

Figure 3. Data table showing the precision, recall,
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