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import numpy as np . .
import matplotlib.pyplot as plt ouluwasd o J5S0D 1B gy il S
from skimage.transform import resize )
input_image = np.array([[1, 2], [3, 4]1])

# Lwliso o510

scale_factor = 2

# 23> 905 sl

new_shape = (input_image.shape[0] * scale_factor, input_image.shape[1] * scale_factor)

# alaod 0)iSusy Gy b > ygai skl

output_image = resize(input_image, new_shape, order=0, preserve_range=True,
anti_aliasing=False).astype(int)

# oulo Guwlos

plt.subplot(1, 2, 1)

plt.title("Input Image")

plt.imshow(input_image, cmap='gray’, interpolation="nearest')
plt.axis('off")

plt.subplot(1, 2, 2)

plt.title("Output Image (Upsampled)")
plt.imshow(output_image, cmap='gray’, interpolation="nearest") Output Image (Upsampled)
plt.axis('off")
plt.show()
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Input Image

import numpy as np

import matplotlib.pyplot as plt

from scipy.ndimage import zoom

#539)9 1905 )2

input_image = np.array([[1, 2], [3, 4]1])

# puliso ;951

scale_factor = 2

# vy, U )y uaigos Jauuls8lBilinear Interpolation
output_image = zoom(input_image, scale_factor, order=1) -
# olas Llos Output Image (Bilinear)
plt.subplot(1, 2, 1)

plt.title("Input Image")

plt.imshow(input_image, cmap='gray', interpolation="nearest’)
plt.axis('off")

plt.subplot(1, 2, 2)

plt.title("Output Image (Bilinear)")

plt.imshow(output_image, cmap='gray’, interpolation="nearest")
plt.axis('off")

plt.show()
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import numpy as np
from scipy.ndimage import zoom
import matplotlib.pyplot as plt
# 53959 y9a) )2
input_image = np.array([[10, 20, 30, 40],
[50, 60, 70, 80],
[90, 100, 110, 120],
[130, 140, 150, 160]])
# owliso 5081
scale_factor = 2
# Uwg, U Sy paigos Sawl;8lBicubic
output_image = zoom(input_image, scale_factor, order=3)
plt.subplot(1, 2, 1)
plt.title("Input Image")
plt.imshow(input_image, cmap='gray’, interpolation="nearest’)
plt.axis(‘off")
plt.subplot(1, 2, 2)
plt.title("Output Image (Bicubic)")
plt.imshow(output_image, cmap='gray’, interpolation="nearest')
plt.axis('off")
plt.show()
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