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Goal

« Utilize transfer learning to train a YOLOv3 for vehicle detection.

* Avoid hand labelling video images by training on a combined set
of stock car images (Stanford cars dataset) and real world video
images (NEXAR dataset).

1. Resize image.
2. Run convolutional network.
3. Non-max suppression

Loss Function

* Sum squared error of prediction and ground truth.

* Composed of 3 losses:
1) classification loss
2) localization loss (predicted box and ground truth errors)
3) confidence loss (objectness of the box)
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Data

* NEXET images (bottom) are different quality, lighting conditions,
and perspective from Stanford car images (top).

* 9 vehicle classes.

Hyperparameter Search e ot
* Learning rate: [0.00001, 0.0001 0.0005] Batch size o
+  Confidence threshold: [0.01, 0.05, 0.10] Wil bt
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Results L e

¢ Total mAP @ IOU_0.50 = 0. 1607 -

+ Sedan achieved a class mAP of 0.5040 @ IOU_0.50 .~
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Evaluation
* The model was evaluated using the mean average precision (mAP)

metric.

* Mean average precision is the average precision (AP) per class.

Type Fiters Size___Ouput
Convolutional 32 3x3 256 %256
Convolutional 64 3x3/2 128 128

YOLOv3 - DarkNet53
* Pre-trained on ImageNet.
* Each image padded and resized to 416 x
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* A prediction is considered positive if the IOU score >= 0.5.

* APisalsothe area
under the precision
recall curve
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Error Analysis

1) Poor lighting conditions

2) No training examples for some classes
3) Perspective issues

4) Poor visibility
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Future: Data Augmentation

* Augment minority classes to address issues from error analysis.
* Flipping, scaling, brightness variation, perspective transform, image
sharpening.
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