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𝟎. 𝟓

• 𝐹𝑃𝑅 =  0%,

• 𝑇𝑃𝑅 =  100%

(𝐹𝑃𝑅, 𝑇𝑃𝑅) 
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𝐼 ∈ ℝ𝑅 × 𝐶 × 3

• 𝑥, 𝑦, ℎ, 𝑤

𝐼 → (𝑥, 𝑦, ℎ, 𝑤)



(𝑥, 𝑦, 𝑤, ℎ) 
ℛ

ℓ2, ℓ1, . . 

ො𝑥, ො𝑦, ෝ𝑤, ℎ − 𝑥, 𝑦, 𝑤, ℎ
2

2



# Prepare the output layer, 4 real numbers (bounding box 

coordinates) and linear activations

output = tfkl.Dense(4, activation='linear', name='regressor')(x)

# Connect input and output through the Model class

regressor_model = tfk.Model(inputs=inputs, outputs=output, name='re

gressor_model')

# Compile the model using Mean Squared Error (MSE) as loss

regressor_model.compile(loss=tfk.losses.MeanSquaredError(), optimiz

er=tfk.optimizers.Adam())



𝐼 ∈ ℝ𝑅 × 𝐶 × 3

• 𝑙
Λ = {"wheel", "cars", …, "castle", "baboon"}

• 𝑥, 𝑦, ℎ, 𝑤

𝐼 → (𝑥, 𝑦, ℎ, 𝑤, 𝑙)



𝒮

(𝑥, 𝑦, 𝑤, ℎ) 
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2



ℒ 𝑥 = 𝛼 𝒮 𝑥 + 1 − 𝛼 ℛ(𝑥)

𝛼 ∈ [0,1]

𝜶

𝛼



# Add the classifier layer to the MobileNet

inputs = tfk.Input(shape=(img_size,img_size,3))

x = mobile(inputs)

x = tfkl.Dropout(0.5)(x)

# The network has two heads, one for classification using sigmoid (when it 

is binary classification)

class_output = tfkl.Dense(1, activation='sigmoid', name='classifier')(x)

# The other head has 4 sigmoid activation to predict the bounding box, each 

number to be considered in [0,1] as its location is normalized w.r.t. the 

image sizes. The bounding boxes then cannot be predicted outside the image

box_output = tfkl.Dense(4, activation='sigmoid', name='localizer')(x)



# Connect input and output through the Model class. Here the output is the 

concatenation of the outputs of the two heads

object_localization_model = tfk.Model(inputs=inputs, outputs=[class_output,

box_output], name='object_localization_model')

# Compile the model using binary cross entropy over the «stacked» outputs. 

The labels for training need to stacked accordingly

object_localization_model.compile(loss=tfk.losses.BinaryCrossentropy(), opt

imizer=tfk.optimizers.Adam())

object_localization_model.summary()
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def compute_CAM(model, img):

# Expand image dimensions to fit the model input shape

img = np.expand_dims(img, axis=0)

# Predict to get the winning class

predictions = model.predict(img, verbose=0)

label_index = np.argmax(predictions)

# Get the 1028 input weights to the softmax of the winning class

# These are the weights of the fully connected after the GAP before the output

class_weights = model.layers[-1].get_weights()[0]

# These are the weights related to the winning class

class_weights_winner = class_weights[:, label_index]

# Take the MobileNetV2 until the final convolutional layer

final_conv_layer = tfk.Model(

model.get_layer('mobilenetv2_1.00_224').input,

model.get_layer('mobilenetv2_1.00_224').get_layer('Conv_1').output)



… 

# Compute the convolutional outputs and squeeze the dimensions

conv_outputs = final_conv_layer(img)

conv_outputs = np.squeeze(conv_outputs)

# Upsample the convolutional outputs

mat_for_mult = scipy.ndimage.zoom(conv_outputs, (32, 32, 1), order=1)

# Flatten the spatial dimension

mat_for_mult = mat_for_mult.reshape((256*256, 1280))

# Compute the CAM as the weighted sum of channels, using the weights of dense la

yer as weights of the combination. This is the matrix variant of the formulas seen 

before, it is possible to replace this by for loops

final_output = np.dot(mat_for_mult, class_weights_winner)

# reshape the CAM

final_output = final_output.reshape(256,256)

return final_output, label_index, predictions
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𝒜𝑙: ℝ𝑁×𝑀 → ℝ𝑁×𝑀
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