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Configuration Manual

Srija Venkata Sai Ravali Kothapalli
Student ID: x21227454

1 Introduction

This manual details about the setup and various techniques that has been followed such as
software and hardware specifications, and the processes used for the implementation of this
research project with the proposed models which are deep learning tools such as Transfer-
Learning models like EfficientNet, MobileNetV3, and InceptionV3 and the newly built
Convolutional Neural Network model for “Wildfire Detection and Aerosol Identification
using Satellite Imagery”.

2 System Configuration

Programming Language Python Version 3
Tools Google Collaboratory, Word, and Excel
Email Access to Gmail Account

Table 1: Software Configuration

oS Windows 10
RAM Minimum 8GB
Hard Disk Space Minimum 100 GB

Table 2: Hardware Configuration

3 Working with Google Collaboratory

The benchmark has been run using the google collab system with Python 3 version Google
Compute Engine (GPU). Here we have used T4-GPU as the hardware accelerator with the
shape of High-RAM. The System RAM in the collab was 51.0GB and the Disk had 166.8
GB space. Gmail account is required to access the Google Colab and the information related
to the research project such as Dataset and the Notebook files have been stored in the Google
Drive and performed the analysis. Keras and the TensorFlow libraries are used with the
respective proposed models to train the models.

4 Dataset Sources

USTS-Smoker dataset has been obtained from the Kaggle; it has all the data related to six
categories of images in aerosol classes. It has 6225 RGB images with spatial resolution of
1km for each image.
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Figure 1: Dataset from Kaggle
5 Project Implementation

The Dataset has been obtained from the Kaggle Website and is uploaded on Google Drive,
where we have to setup the Colab Environment to perform the experiments in this research.

Step 1: Uploading the Dataset on the Google Drive
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Figure 2: Dataset in Google Drive

The Dataset has been downloaded and it is stored on the Google Drive as proj_dataset. Here
the drive has to be mounted in the colab where the dataset is imported to use the data for the
research.



Step 2: Importing required Packages and Libraries

t tensorflow
tensorflow

tensorflow. backend as K

tensorflow. .layer t Dense, Activation,Dropout,Conv2D, MaxPooling2D,BatchNormalization, Flatten
tensorflow.keras.optimizers import Adam, Adamax

tensorflow. keras. ics import categorical_crossentropy

tensorflow. ]
tensorflow. .preproc ng.image in ImageDataGenerator
tensorfl . i t Model, load_model, Sequential
ort numpy as
t pandas
ort shutil
t time
sklearn.metrics imp roc_curve,roc_auc_score
sklearn.model selection import train test split
t matplotlib.pyplot as plt
matplotlib.pyplot import imshow
t os
ort seaborn
et_style( d
PIL i t Image
sklearn.metrics imp confusion matrix, classification report
IPython.core.display import display
ort kerastuner as kt
ort random
t IPython

Figure 3: Python Libraries

Step 3: Mounting Google Drive to Colab.
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Figure 4: Mounting Google Drive



Step 4: Data Splitting and Data Balancing, where equal number of images is taken inwith
respect to six categories of data related to aerosol classes in the dataset.

filepat
labels=[]

or klass in classlist:
classpath=os.path.join(sdir,kla
flis .listdir(classpath)
~ £ in flist:
fpath=os.path.join(classpath,f)
filepaths.append(fpath)
labels.append(klass)
pd.Series(filepaths, name="fi
pd.Series(labels, nam
df=pd.concat([Fseries, Lseries], axi
trsplit= .9
it=.05
vsplit/(1-trsplit)
train_df, dummy_df = train_test split(df, train_si plit, shuffle= , random_state=123
ain_test_split(dummy_df, 1 split, shuffle= m_state=123)
', len(train df), ' df : ',len(test df 1 df length: ', len(valid df))

balance=1i t?train_df ].value_counts()
b in balance:
print (b)

train_df length: 5602 test_df length: 312 wvalid df length: 311
1849
923
911
911
906
9092

Figure 5: Data Splitting
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label in t df *]-unique():
group=groups .get_group(label)

roup.sample({max size, replace= » weights= , random state=1 ) -reset_index(drop=
sample_list.append(samples)
f sample_ count>= min_: =
sample_list.append(group)
train_d d.concat(sample_list, axis=8).reset index(drop=
print (len(train_df))
print (train_df[ ]-value_counts())
print(train_df)
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Figure 6: Data Balancing

Step 5: Pre-Processing Steps like Image-Processing, Data Augumentation , and Data
Normalization on the data.

ght, width, channels)
dth)
en(test_df)
orted([int gth/n) for n in range(1,length+1) if length ¥ n nd length/n
test_steps=int(length/test _batch size)
print ( ° ' ,test_batch_size, » test_steps)
scalar(img):

rn img

tvgen=ImageDats: (preprocessing functic
train_ge gen. flow_from_dataframe( train df, W : mg_ class_mode=
color_mod F a batch_
test | 5 from_dataframe( i co » [farget_size=img_size, 5_mode
class_mode
shuffle= , batch_size=batch
55
ass_count=len(classes)
train_steps=np.ceil((len(train_gen.labels)/ba

E) test batch siz 78 test steps: 4
Found 5412 validated image filenames belonging to 6 classes.
Found 312 validated image filenames belonging to 6 classe
Found 311 validated image filenames belonging to 6 classe

Figure 6: Data Pre-Processing steps in performing Data Augumentation and Normalization

Below are the proposed models implemented each model with 25 epochs with their
respective outparamters.



Step 6: EfficientNet Model

model_name 81

base_model=tf.keras.applications.EfficientNetB1(include top= , weights="1i ,input_shape=img_shape, pooling=

x=base_model.output

x=keras.layers.BatchNormalization(axis=-1, momentum=0.99, epsilon=0.001 )(x)

X = Dense(256, kernel_regularizer = regularizers.12(1 = 8.816),activity_regularizer-regularizers.11(@.806),
bias_regularizer=regularizers.11(8.806) ,activation='relu’)(x)

x=Dropout{rate=.45, seed=123)(x)

output=Dense(class_count, activation=

model=Model (inputs=base_model.input, output

model. compile(optimizer="adan", loss= 1 t ', metrics=[

epochs =25

patience= 1

stop_patience =3

threshold=.9

factor=.5

dwell=

ask_epoch=5

batches=train_steps

ith tf.device("/gpu:8"):
callbacks=[LRA(model-model, base_model= base_model, patience=patience,stop_patience=stop_patience, threshold=threshold,

factor=factor,dwell=dwell, batches=batches,initial epoch=-8,epochs=epachs, ask_epoch=ask_epoch )]

history=model.fit(x=train_gen, epochs=epochs, verbose=1,callbacks=callbacks, validation data=valid_gen,validation steps=None, shuffle= , initial epoch=8)

initializing callback starting train with base model trainable
Epoch Loss Accuracy V loss V. acc LR Next LR Monitor Duration

Epoch 1/25
1884/1804 [ ] - ETA: @s - loss: 4.6131 - accuracy: .4913

1884/1804 [ ] - 174s 73ms/step - loss: 4.6131 - accuracy: ©.4913 - val loss: 2.6297 - val accuracy: 8.3859
Epoch 2/25
18e4/1804 [ ] - ETA: @s - loss: 1.7512 - accuracy: 0.5767

epochs =25
patience= 1
stop_patience =3
threshold=.9
factor=.5

batches=train_steps
ith tf.device("/gpu:@”):
callbacks=[LRA(model=-model ,base_model= base model,patience=patience,stop_patience=stop patience, threshold=threshold,
factor=factor,dwell=dwell, batches=batches,initial epoch=8,epochs=epochs, ask_epoch=ask_epoch )]
history=model . fit(x=train_gen, epochs=epochs, verbose=1,callbacks=callbacks, validation_data-valid_gen,validation_steps=lione, shuffle= , initial_epoch=@)

1884/1884 [ 1 - ETA: @s - loss: ©.9279 - accuracy: 8.7919

1304/1884 [ ] 7oms/step - loss: @.9279 - accuracy: @.7919 - val loss: @. - val_accuracy: @.8585
Epoch 15/25
1884/1884 [ @s - loss: ©.9251 - accuracy: @.80901

1304/1884 [ 7oms/step - loss: @.9251 - accuracy: ©.8801 - val loss: ©.7438 - val accuracy: @.
Epoch 16/25
1884/1884 [ @s - loss: ©.8493 - accuracy: @.8171

1804/1884 [ 7ems/step - loss: @.8493 - accuracy: 8.8171 - val loss: ©.7943 - val accuracy: .
Epoch 17/25
1804/1884 [ : @s - loss: B.8587 - accuracy: .3206

1804/1884 [ 7ems/step - loss: @.8597 - accuracy: 8.8206 - val loss: 8.998@ - val accuracy: ©.8871

Epoch 18/25
1884/1884 [: : Bs - loss: 8.829@ - accuracy: 8.819118 /25 8.829 81.911 8.89185 82.637 8.98850 @.88825 accuracy 125.87

1804/1884 [ 69ms/step - loss: @.8298 - accuracy: 8.8191 - val_loss: 8.8918 - val_accuracy: 8.8264
Epoch 19/25
1884/1884 [ : @s - loss: B.6660 - accuracy: 8.8620'

1884/1884 [ 70ms/step - loss: B.6668 - accuracy: 8.8628 - val loss: 8. - val_accuracy: 8.
Epoch 28/25
1884/1884 [ : @s - loss: B.6123 - accuracy: 8.8753

1804/1804 [ 70ms/step - loss: 8.6123 - accuracy: 8.8753 - val loss: 8.6221 - val accuracy: @.
Epoch 21725
1884/1884 [ : @ - loss: B.5637 - occuracy: 8.8845

1884/1884 [ 70ms/step - loss: 8.5637 - accuracy: 8.8845 - val loss: 8.5713 - val accuracy: @.
Epoch 22/25
188471884 [ @s - loss: ©.5623 - accuracy: @.3847

1304/1884 [ 7lms/step - loss: @.5623 - accuracy: ©.8847 - val loss: 0.6587 - val accuracy: ©.8007
Epoch 23/25
1884/1884 [ @s - loss: ©.5299 - accuracy: @.8971

1884/1804 [ 128s 7lms/step - loss: 9.5623 - accuracy: ©.8847 - val_loss: 9.6587 - val_accuracy: 0.8987
Epoch 23/25
1884/1884 [ ETA: @s - loss: 8.5299 - accuracy: 8.8971

1884/1804 [ 127s 7ems/step - loss: ©.5299 - accuracy: @.8971 - val loss: 0.5243 - val accuracy: 0.89@7
Epoch 24/25
1884/1884 [ ETA: @s - loss: ©.5174 - accuracy: 0.8997

1884/1884 [ 1285 7lms/step - loss: @.5174 - accuracy: @.8997 - val_loss: 9.5864 - val_accuracy: ©.8971
Epoch 25/25
1884/1884 [ ETA: @s - loss: 8.4965 - accuracy: 8.985425 /25 B8.497 98.548 ©0.57487 88.424 @.80025 0.80013 wal loss 128.36

enter H to halt ,F to fine tune model, or an integer for number of epochs to run then ask again

E
setting base_model as trainable for fine tuning of model

Epoch Loss Accuracy V _loss V_acc LR Next LR Monitor Duration

1884/1804 [ ] - 218s 121ms/step - loss: B.4965 - accuracy: 0.9954 - val_loss: 0.6749 - val_accuracy: 9.8842




Step 7: MobileNet Model

. keras . applications .MobileNetV3Large(include_top= , weights= ,input_shape=img shape, pooling="
x=base_model . output
x=keras.layers.BatchNormalization{axis=-1, momentum=98.99, epsilon=0.201 )(x)
x = Dense(256, kernel_regularizer = regularizers.l12(1 = @.916),activity_regularizer=regularizers.11(8.806),
bias_regularizer-regularizers.11(@.98@6) ,activation='r
x=Dropout (rate=.45, seed=123)(x)
output=Dense(class_count, activation=
model=Model (inputs=base_model.input, output
model. compile(optimizes , loss= ori o = , metrics=

Downloading data from
T 12683000 [ - 2s @us/step

epochs =25

patience= 1

stop_patience =3

threshold=.9

factor=.5

dwell=

ask_epoch=5

batches=train_steps

ith tf.device("/gpu:@"):
callbacks=[LRA(model=model,base_model= base_model,patience=patience,stop patience=stop patience, threshold=threshold,

factor=factor,dwell=dwell, batches=batches,initial_epoch=8,epochs=epochs, ask epoch-ask_epoch }1

history=model.fit{x=train_gen, epochs=epochs, verbose=1,callbacks=callbacks, validation data=valid_gen,validation_ steps=i , shuffle= , initial epoch=8)

initializing callback starting train with base model trainable
Epoch Loss Accuracy V. loss  V_acc LR Mext LR Monitor Duration

Epoch 1/25
188471884 [ ETA: @s - loss: 4.8526 - accuracy: 8.5244

1884/1884 [ 97s 4@ms/step - loss: 4.8526 - accuracy: 8.5244 wval_loss: 1438.9158 - val_accuracy: 8.1961
Epoch 2/25
1884/18084 [ ETA: @s - loss: 1.5878 - accuracy: 9.6234

1864/1864 [ 98s Sems/step - loss: 1.1238 - accuracy: 8. val_loss: 4. val_accuracy:
Epoch 6/25

1884/1804 [ 38ms/step | accuracy: 8. val loss: 1. val_accuracy:
Epoch 7/25

1884/1804 [ 38ms/step : accuracy: 8. val_loss: 1. val_accuracy:
Epoch 8/25

180471804 [ 38ms/step : accuracy: . val_loss: 1. val_accuracy: ©.8183
Epoch 9425

1884/1804 [ 38ms/step : accuracy: 8. val_loss: 1. val_accuracy:
Epoch 18/25

1884/1884 [ 38ms/step : accuracy: @. wal_loss: 3. val_accuracy:
Epoch 11/25

1864/1864 [ 38ms/step - loss: ©.9718 - accuracy: ©. wval_loss: 1. val_accuracy:
Epoch 12/25
1884/1884 [ : @s - loss: @.9254 - accuracy: ©.7929

1884/1804 [ 38ms/step - loss: @.9254 - accuracy: @. val loss: 2. val_accuracy:
Epoch 13/25
188471804 [ : @s - loss: @.8688 - accuracy: ©.8873

1884/1884 [ 38ms/step - loss: B.8688 - accuracy: @. wal_loss: 6. val_accuracy:
Epoch 14/25
1884/1884 [ : @s - loss: @.8544 - accuracy: @.8178

1864/1864 [ 38ms/step - loss: ©.8544 - accuracy: ©. wval_loss: 1. val_accuracy:
Epoch 15/25

Epoch 16/25
16 /25 . . 1.42638 7 ©.80050 ©.80825 accuracy 69.28

1804/1804 [ 69s 38ms/step - loss: ©.8443 - accuracy: . val_loss: 1. val_accuracy:
Epoch 17/25

1884,/1804 [ 69s 38ms/step - loss: 8.6488 - accuracy: 8. val_loss: @. val_accuracy:
Epoch 18/25
18 /25 a. 7. 0.00025 ©.80013 accuracy 78.@1

1884/1804 [ 76s 3Sms/step - loss: ©.6815 - accuracy: 8. val loss: 8. val_accuracy:
Epoch 19/25
1804/1804 [ ETA: @s - loss: @.5279 - accuracy: ©.8969

1804/1804 [ 72s 48ms/step - loss: ©.5279 - accuracy: . val_loss: . val_accuracy:
Epoch 28725
20 /25 . . ©.80013 ©.80006 val loss 70.32

1804/1804 [ 70s 39ms/step - loss: ©.4878 - accuracy: . val loss: 8. val_accuracy:
Epoch 21/25
18@4/1884 [ ETA: ©s - loss: 9.4852 - accuracy: 0.96026.

1804/1884 [ 69s 3Bms/step - loss: ©.4852 - accuracy: 8. val loss: B. val_accuracy:
Epoch 22/25
22 /25 . . ©.63282 89.711 0.89006 ©.80003 val loss 68.74

1804/1804 [ ] - 695 38ms/step - loss: ©.4681 - accuracy: 8. val_loss: @. val_accuracy:
Epoch 23/25
23 /25 . . ©.55801 908.675 0.89003 0.80002 val loss  68.89

1884/1804 [ ] - 69s 38ms/step - loss: ©.4575 - accuracy: 8.9898 - val loss: B. val_accuracy: 8.
Epoch 24/25
1804/1804 [ ] - ETA: @s - loss: ©.4328 - accuracy: ©.917224 /25 9.433 8.62760 89.711

training has been halted at epoch 24 after 3 adjustments of learning rate with no improvement

1804/1804 [ ] - 695 38ms/step - loss: ©.4328 - accuracy: 8.9172 - val_loss: 8.6276 - val_accuracy: @.




Step 8: InceptionV3 Model

model name="I
° base_model=tf.keras.applications.InceptionV3(include_top=’ , weights= sinput_shape=img_shape, poocling="

x=base_model .output

x=keras.layers.BatchNormalization{axis=-1, momentum=8 epsilon=@.801 )(x)

x = Dense(256, kernel regularizer = regularizers.12(1 = @.816),activity_regularizer=regularizers.11(8.986),
bias_regularizer=regularizers.11(@.886) ,activation=" u' y(x)

x=Dropout(rate=.45, seed=123}(x)

output=Dense(class_count, activation="s x" ) {x}

model=Model (inputs=base_model.input, outputs=output)

mode1 . compilefoptimizer="adam", loss="c ntropy', metrics=['ac

epochs =25

patience= 1

stop_patience =3

threshold=.9

factor=.5

dwell=

ask_epoch=5

batches=train_steps

ith tf.device(” @
callbacks=[ LRA{model=model ,base_model= base model,patience=patience,stop patience=stop_patience, threshold=threshold,

factor=factor,dwell=dwell, batches=batches,initial epoch=8,epochs=epochs, ask_epoch=ask_epoch )]

history=model.fit(x=train_gen, epochs=epochs, wverbose=1,callbacks=callbacks, validation_data=valid_gen,validation_steps= » shuffle= » initial_epoch=8)

initializing callback starting train with base_model trainable
Epoch Loss Accuracy V_loss V_acc LR Mext LR Monitor Duration

Epoch 1/25
1884/1884 [ ETA: @s - loss: 4.88@85 - accuracy: 8.2336

1884/1884 [: 1255 55ms/step - loss: 4.8885 - accuracy: 9.2336 - val_loss: 34.591@ - val_accuracy: 8.2637
Epoch 2/25
1s@4/1804 [ ETA: @s - loss: 1.9913 - accuracy: 9.2448

1884/1884 [: 98s S4ms/step - loss: 1.9813 - accuracy: 8.2448 - val_loss: 1.799@ - val_accuracy: 8.3633
Epoch 3/25
1s@4/1804 [ ETA: @s - loss: 1.9845 - accuracy: 9.2363 3 /25 1.9e4 23.633 10.78722 35.691 ©.09180 0.88858 accuracy

1884/1884 [: 98s S4ms/step - loss: 1.9845 - accuracy: 8.2363 - val_loss: 18.7872 - val_accuracy: 8.3569
Epoch 4425
1s@4/1804 [ ETA: 8s - loss: 1.8743 - accuracy: 9.2387 4 /25 1.874 23.873 2.93763 36.977 ©.00850 0.88825 accuracy

1884/1804 [ 97s 54ms/step - loss: 1.8743 - accuracy: 9.2387 - val loss: 2.9376 - val accuracy: ©.3698
Epoch 5/25
1884/1884 [: ETA: @s - loss: 1.7967 - accuracy: 8.2773

E Epoch Loss Accuracy V_loss V_acc LR Mext LR Monitor Duration

1884/1804 [ 1230s 682ms/step - loss: 1.3658 - accuracy: ©.5009 - val loss: 1.7913 - val accuracy: ©.5402
Epoch 16/25
1884/1884 [ ETA: @s - loss: 1.36@8 - accuracy: 8.5061

1884/1884 [: 995 55ms/step - loss: 1.3688 - accuracy: 8.5861 - val_loss: 1.8572 - val_accuracy: 0.5838
Epoch 17/25
1s@4/1804 [ ETA: @s - loss: 1.3129 - accuracy: 9.5351

1884/1804 [ 10@s Séms/step - loss: 1.3129 - accuracy: 0.5351 val_loss: 1.3882 wval_accuracy:
Epoch 18/25
1884/1884 [: @s - loss: 1.3357 - accuracy: 8.5355

1884/1884 [ 56ms/step - loss: 1.3357 - accuracy: ©.5355 - val loss: 1.3616 - val_accuracy: 9.5691
Epoch 19/25
1884/1884 [ : @s - loss: 1.2931 - accuracy: 8.5447

1884/1884 [: 56ms/step - loss: 1.2931 - accuracy: @. val_loss: 1.6492 - val_accuracy:
Epoch 28/25
1s@4/1804 [ : @s - loss: 1.2629 - accuracy: 8.5532

1884/1804 [ 55ms/step - loss: 1.2629 - accuracy: ©.5532 - val loss: 1.3096 wval_accuracy:
Epoch 21/25
1884/1884 [: @s - loss: 1.2417 - accuracy: 8.5734

1884/1884 [ 55ms/step - loss: 1.2417 - accuracy: ©.5734 - val loss: 1.3228 - val_accuracy: 9.5916
Epoch 22/25
1884/1884 [ : @s - loss: 1.2191 - accuracy: @.5802

1884/1884 [: 55ms/step - loss: 1.2191 - accuracy: val_loss: 1.3198 - val_accuracy:
Epoch 23/25
1s@4/1804 [ : 8s - loss: 1.1714 - accuracy: 8.6872

1884/1804 [ 55ms/step - loss: 1.1714 - accuracy: 0.6872 - val loss: 1.3233 wval_accuracy: @.5884
Epoch 24/25
1884/1884 [: @s - loss: 1.1793 - accuracy: 8.682724 /25 1.179 60.273 1.17883 62.781 ©.00813 08.80806 accuracy 99.61

1804/1864 [ 1 - 188s S5ms/step - loss: 1.1793 - accuracy: @.6827 - val loss: 1.1788 - val_accuracy: 8.6278
Epoch 25/25
1804/1864 [ 1 - ETA: 8s - loss: 1.1181 - accuracy: 8.6266

enter H to halt ,F to fine tune model, or an integer for number of epochs to rum then ask again

E
setting base_model as trainable for fine tuning of model

Epoch Loss Accuracy V loss V_acc LR Mext LR Monitor Duration

1884/1884 [: 1 - 237s 13Ims/step - loss: 1.1181 - accuracy: @.6266 - val_loss: @.9987 - val_accuracy: @.6977




Step 9: New CNN Model, Hyper-Parameter tuning has been performed for the model.

&> A Final CNN from Scratch.ipynb ¥
!
File Edit View Insert Runtime Tools Help L

+ Code + Text
v Hyper-Parameter Tuning

tune_model(hp!

input_data = tf.ker

layer = tf.kera

for i in range( total b
layer, number_of_filte

, kernel_initializer=' 1", kernel_regularizer )( input_data )

,_for_each_block , number_of_filters, growth_rate , hp )

number_of_filte:
layer
layer

ctivations.softmax( layer )
jodel( input_data , output_layer )

ras. lo: egorical_crossentropy ,optimizer=tf.keras.opti

model

hyper_ parameter_ tuner():
kt.Hyperband(hypermodel=tune model,
objective="y
max_epochs=
factor
hyperband_iterations=
seed=seed,

overwrite=
early stopping = tf.kera EarlyStopping(patience=
tuner.search(train_gen, epoch

validation_data= wvalid_.
e=1, callback

rn tuner

hyper_parameter_tune

Complete [8@h @2m 29s]

best hps = tuner.get b _hyperparameters(num_trials = 1)[
print(best_hps)
print({best_hps.get("

eras_tuner.src.engine.hyperparameters.hyperparameters.HyperParameters object




Step 10: Training the New CNN model.

1 Mail - S

for the 3 x afe. when replacin

(Hone, 118,

average_pooling2 (Avera (Non w2d_16[8][e]"]
gePooling2D)

batch_normalization_15 (Ba (Non ["average_pooling2d_a[e][e] ]
tchNormalization)

tivation 15 (Activation) (Non: ormalization_15[e][@]
zero_padding2d 16 (ZeroPad (None
ding2D)
convzd 17 (Conw2D) (None ro_padding2d_18[@]
dropout_15 (Dropout) (None [*conv2d_17[e][e]"]

ncatenate 16 (Concatenat (Nene . 10 [*dropout_1s[e][e]",
<) average_paoling2d_4

batch_normalization_16 (Ba (None concatenate_1e[@][e]"]
tchNormalization)

activation_16 (Activation) (Non
zero_paddingzd_: roPad (Non e i on_1s6[@][0]" ]
ding2D)
convzd_18 (Conv2D) (Non, _padding2d_11[e]
(Dropout) (Non. & w2d_1s[e][e]"]
. 11 (Concatenat (Non ["dropout_16[e@][e]" .
batch_normalization_17 (Ba (Non
tchNormalization)

tivation 17 (Activation) (None

conu3d_15 (Conv3D}) . ['activation 17[6][&]"]

SICIR |

23[0][0] "]

t_21[0][0]",
e_pooling2d s[@][e]"]

2 (Ba concatenate_1afe][e]']
[*batch_normslization
g |

dding2d_15 (ZeroPad ] [‘activation_22[8][a]"]

(Convany 1 A 15[e1[0]" 1
(Dropout) 24[0][0]"]

enate_15 (Concaten 22[a][0]

ncatenate_1a[e]{e]"]

[*concaten ejre]]

conv2d 25 (Convzp) (None, a tion_23[e][a]"]
(non 2 . 21011
ge_pooling2d_1 ] age_pooling2d 100171
a1ing20)

e_1 (Dense) ] ["global_a afe
11e1°1

sftmax_1 (TFOpLambd ] ["dense_1[@][a]"]

1 params: 391567 (1.49 MB)
nable params: 389195 (1.
Non-trainable params: 2
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Trainable params
Non-trainable params

val_acc:

in

val_acc:

val acc:

i

val_acc:

b

in

val acc:

n

val_acc:
Epoch 7/20
1804/1804 -
Epoch 8/

1804/1804 -

val_acc: 8.52 44s/epoch

in

val acc:

i

b

val_acc: @. {epoch

in

val acc: @. 44z /epoch

1804/1804 -
Epoch
1804/1804 -

val_acc: 0.652 44s/epoch

val_acc:

in

i

val acc:
Epoch 14/2@
1804/1804 -
Epoch 15/28
1804/1804 -
Epoch 2
1804/1804 -
Epoch 17/20

b

val_acc:

val acc: @. 44s/epoch

in

val_acc: @. 44s/epoch

b

in

val_acc: @. fepoch

val_acc: 0. 44s/epoch

n

val_acc: ©.58 44s/epoch

b

44
44
44
44
44
44
44
44
44
44s
44
44
44
44
44
44
44
44
44

1804/1804 - val acc: @. E 44c/epoch

i
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