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Data augmentation technique based on image

binarization for constructing large-scale datasets
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Abstract

Deep learning can solve various computer vision problems, but it requires a large dataset. Data augmentation
technique based on image binarization for constructing large-scale datasets is proposed in this paper. By extracting
features using image binarization and randomly placing the remaining pixels, new images are generated. The
generated images showed similar quality to the original images and demonstrated excellent performance in deep

learning models.
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Algorithm 1: Random rearrangement image generation technique based on maximum frequency

axis

| Input: Image matrix M |

| Output: Randomly shuffled image matrix R |
1.Convert M to binary image.

2.Compute the size of M.

3.Find the x-axis and y-axis with the most 255s.

3-1. Compute the number of 255s in each row and each column of M.
3-2. Select the x-axis and y-axis with the highest count of 255s.
4 Define a bounding box around the selected x-axis and y-axis.
4-1. Compute the coordinates of the bounding box as follows: x_min = the minimum index
of the selected x-axis with a 255 value Xx_max = the maximum index of the selected x-axis
with a 255 value v_min = the minimum index of the selected y-axis with a 255 value
y_max = the maximum index of the selected y-axis with a 255 value
4-2. Define the bounding box R as a submatrix of M with the coordinates computed above.
5.Shuffle the values of M outside of the bounding box R.

5-1. Create a copy of M called R.

5-2. for i=0 to M's row size-1: for j=0 to M's column size-

1: if (i) is not inside R:

randomly shuffle the value of R[i.j] with another value outside of R

6 Return the shuffled image matrix R.

Fig. 3. Random rearrangement image data generation technique based on maximum frequency axis.
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Fig. 4. Example of proposed system.
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(a)-original Image (b) origmal+Augmented Image

Fig. 7. object detection result.
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