Abstract

In this project, we choose SSD algorithm as training model for implementation. However, SSD
algorithm has less accuracy in detecting and recognizing small objects, since these small objects
don't have enough amount of feature in the top layer of the network. Besides, SSD algorithm don't
utilize the feature in low-level layers, which is helpful with detecting small objects.

To ameliorate this dilemma, we can choose to enlarge the size of the input image, or implement
Feature Pyramid Networks(FPN) algorithm to improve accuracy, because FPN produces a multi-
scale feature representation where all levels are semantically strong, including the high-resolution
levels. Consequently, the detection of small object can become more accurate, thus increase the
successful rate of the hand gesture recognition.

We built our very own hand gesture detector by using the Tensorflow object detector and
python. In order to reach the goal, first, we labeled images for object detection with Labellmg and
generate the xml file. Labellmg will specify the detected object in the image by a rectangular
bounding box, which is used for comparing the rate of overlapped area between ground-truth
bounding box and predicted bounding box. Furthermore, we use Tensorflow model zoo to train
custom dataset with a view to realizing real time hand gesture recognition.

After model training, we can accomplish hand gesture recognition in real time precisely.
However, we found that the background of the dataset and the difference between hand gestures
would have an impact on the training outcome. At the same time, it is the capacity of dataset and the
selection of the images that result in accuracy error of hand gesture recognition.
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