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import requests
# Path to the image you want to predict
image_path = 'azadi.jpg'
# Send a POST request to the Flask server with the
image file
with open(image_path, 'rb') as img:

response = requests.post('https://tehran-img-
classification-webapp.onrender.com/predict’,
files={'file': img})
print("Raw response content:",
response.content) \# Print raw response content
try:

print(response.json()) # Try to parse JSON
except requests.exceptions.JSONDecodeError as e:

print("JSON decode error:", e)
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