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1. INTRODUCTION
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4. SeHA & A= (Class Activation Mapping)
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3. Case Study

MNIST Dataset
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CIFAR10 Dataset
HEOY 2. CIFAR10-example
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Index 0 1 2 3 4 5 6 7 8 9
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> OVERALL STRUCTURE

Layer Number of Output Channels Filter Size
Input 3
Convolution 1 16 (3, 3)
Convolution 2 32 (3, 3)
Convolution 3 64 (3, 3)
Dense 128 -
Output 10 -
Hgtgt CNN 2ol MEMH QI 2= & M 52| & (Convoution)-E& (Pooling) 2 Z+H2E AM 2T &Y
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> HYPERPARAMETER
epochs batch size activation kernel intializer dropout rate
100 32 ‘relu’ ‘he_uniform’ 0.1
> CALLBACKS
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- callback_model_checkpoint(filepath, monitor = ‘val_loss’, save_best_only = FALSE, period = 1)
XYt 420 ZHo| HIAEZQEE XESI0 save_best_only=TRUEZ HH& AL & gr=3ls(epochs) & HE
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- callback_early_stopping(monitor = ‘val_loss’, min_delta = 0, patience = 0)
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callback_model_checkpoint(filepath, monitor = ‘val_loss’, save_best_only = TRUE)

callback_early_stopping(monitor = ‘val_loss’, patience = 20)

loss
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1. BASIC MODEL

Block 1 Block 2 Block 3

Convolution = Pooling = Convolution | Pooling = Convolution = Pooling

& 3o gdE-AU EYE AN LB HIE = 2T =530 2t HZECL
- DEFINE
# Define
modell <- keras_model_sequential() %>¥
layer_conv_2d(input_shape = c(img_size, img _size, 3),
16, (3, 3), activation = 'relu', padding = "same',
kernel_initializer = "he_uniform’,
name = "1 _conv') %>%
layer_max_pooling_2d(c(2, 2), padding = 'same', name = 'l pool') %>%
layer_conv_2d(32, c(3, 3), activation = 'relu', padding = 'same’,
kernel_initializer = "he_uniform’,
name = "2 _conv') %>%
layer_max_pooling_2d(c(2, 2), padding = 'same', name = "2 pool') %>%
layer_conv_2d(64, c(3, 3), activation = 'relu', padding = "same',
kernel_initializer = "he_uniform’,
name = '3 _conv') %>%
layer_max_pooling_2d(c(2, 2), padding = 'same', name = '3 pool') %>%
layer_flatten(name = 'flatten') %>%
layer_dense(n_class, activation = 'softmax', name = 'output')
# Compile
modell %>% compile(
loss = 'categorical crossentropy’,
metrics = "accuracy',

optimizer = optimizer_rmsprop(lr = 1le-3, decay = le-6)
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## Model

#i#

## Layer (type) Output Shape Param #
# ====

## 1 _conv (Conv2D) (None, 32, 32, 16) 448
#H#

## 1 pool (MaxPooling2D) (None, 16, 16, 16) 2]

#i#

## 2 conv (Conv2D) (None, 16, 16, 32) 4648
#i#

## 2 pool (MaxPooling2D) (None, 8, 8, 32) (5]

H##

## 3 _conv (Conv2D) (None, 8, 8, 64) 18496
##

## 3 pool (MaxPooling2D) (None, 4, 4, 64) 5]

#H#

## flatten (Flatten) (None, 1824) 5]

#i#

## output (Dense) (None, 18) 18258
## ====

## Total params: 33,834

## Trainable params: 33,834
## Non-trainable params: ©
##

- TRANING

modelpath <- 'Model/model-user-he-1.hdf5"’
saving <- callback_model_checkpoint(modelpath, monitor = 'val acc', save best only = TRUE)

stopping <- callback_early_stopping(monitor = 'val acc', patience = 208)

epochs <- 180
batch_size <- 32

# Start Training

historyl <- modell %>% fit(
Xtrain, Ytrain, validation_data = list(Xval, Yval),
epochs = epochs, batch_size = batch_size,

callbacks = list(saving, stopping), verbose = 2

# Save History to a CSV file

write.csv(as.data.frame(historyl$metrics), 'Model/history-user-he-1.csv', row.names = FALSE)
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- EVALUATION

# Evaluation Table for Each Sample Set
evaluate.table <- function(model) {

result_train <- model %>% evaluate(Xtrain, Ytrain, verbose =

result_val <- model %>% evaluate(Xval, Yval, verbose
result te <- model %>¥ evaluate(Xtest, Ytest, verbose

as.data.frame(rbind(

train = result train, validation

)

[

modell <- load_model_hdf5(modelpath)

result val, test

2) %>% unlist
2) %>% unlist
= 2) %>% unlist

= result_te

checkpointt] MYE %A ZHS CHA| E2{Q HAE Mo Cjet 452 sAtc,
resultl <- evaluate.table(modell)
resultl
loss acc
train 0.5409 0.8176
validation 0.8728 0.7149
test 0.8683 0.7104
2. DEEP MODEL
Block 1 Block 2 Block 3
Flatten = Dense = Dense = Output
Conv | Conv  Conv Pool  Conv  Conv Conv @ Pool Conv Conv Conv Pool
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> RESULT SUMMARY
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Layer Output Shape
Input (None, 28, 28, 1)
Conv2D(filters=32, kernel_size=(3,3), activation="relu’, input_shape=(28,28,3)) (None, 26, 26, 32)
Conv2D(filters=64, kernel_size=(3,3), activation="relu’) (None, 11, 11, 64)
GlobalAveragePoolind2D (None, 64)
Dense(units=10, activation='softmax’) (None, 10)

A. Class Activation Mapping (CAM)

Tltot
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B. Gradient-weighted CAM
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D> GRAD-CAM PROCESS with R

x <- img
# 2 O 0 e WESEEE HE (Z SHA00 HE 2 F5)
pred_prob <- model %>% predict(x)

# AI0 A = S

¢ <- which.max{prad prob)

# oo BIME S5 SEE Tensor FD —----mmmmmmmmmoooo #
¥ DHOY Q0 BEZ 2

last_conv_layer <- model %>% get_layer(layer_name)

# W= ZHES class ¢ BF
x_output <- model$output[,c]

# 28 /A 0 HE EFEE EF g2
# I B SHA EFHEs & Bo & Bag Digf BES J0HE
grads <- k_gradients(loss = x output,

variables = last _conv_layer$output)[[1]]

# HE £& 8 g By JHUEE(ZE)*
# 'oHLIS SEALI FdN o F BEFoE O JFHEE FLE SOELL
pooled grads <- k_mean(grads, axis = (1, 2, 3)})

# ZEZ/E Tensor=0 ol 20X g8 &5 5+ UEE keras E5+5 FZ50)
iterate <- k_function(inputs = list(model$input),
outputs = list(pooled grads, last conv_layer$output[1l,,,]))

# B E B ARE ZF SN 0 I g#E 2=
c(pooled grads_value, conv_layer output value) %<-% iterate(list(x))

# OIAE B S04 E55Hs 58 BE i
num_maps <- last_conv_layer$output_shape[[4]]

# OIAE BHAZ SOA 55 F =& B RN AME BT JJO0E(ZEL)E ST
for (i in 1:num _maps) {

conv_layer output_value[,,i] <- conv_layer output_value[,,i] * pooled _grads_value[[i]]



# S& Io I FALN A g 2Ecs EFS A5 (channel-wise mean)
# St EES JIHEE LIEHE SIE Qv+
heatmap <- apply(conv_layer output_value, c(1, 2), mean)

# AIZBIE Flof B2 FEAT 0-1 A0S gre s SHESH.

heatmap <- pmax(heatmap, @)
heatmap <- heatmap / max(heatmap)

> EXAMPLE

R Keras O] Z2|H 0|0 A M E3t= ImageNet2| AHH Sh5E VGG16 2ES 0|88l AHU &of R 7HX| Doy =
O[O X0 CHoli Grad-CAM Process& M&0dl0] S|EHYS ALt £t SIEYS A= O[0IX[of @X 127 Ik

Python OpenCVE &83tRiLt.

M2 3. Grad-CAM-example

MEote 4. CAM-OpenCV

- RESULT

African Elephant Golden Retriever Racer
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