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1. EREFIEANE— , FHRE R KX/)NE A64x6487 Bl

dff load uniguei):
size_img = 64,64

images _tor_plot = []
labels_for_plot = []
for folder in os.listdir(train_dir):

for file in os.listdir(train_dir + '/' + folder):
filepath = train_dir + '/" + folder + '/ + file
image——cul iscesdifilapath)

final_img = cvZ.resize(image, size_img)
L rrt—tme—rrsrrr ot r2—E8L0R_BGR2RGE)
images_for_plot.append(final_img)
labels for plot.append(folder)
break
return images_for_plot, labels_for_plot

images_for_plot, labels _for_plot = load_unique()

print{"unique labels = ", labels for_plot)

labels_dict = {'A":@,'B":1,'C':2,'D":3,'E":4,'F":5,'6":6,'H":7,"'I":8,"2":9,"K":18, "L":11, "M :12,
"NT:13,'0':14, 'PT:15, 0 16, R' 117, 5 18, T 19, U 28, "V s 21, "W 122, X 123, 'Y 124,
"Z':25, 'space’:26, 'del’':27, "'nothing':28}



BRI RE

2. BMEABTER , SEH BCREBEHRIRGBEM

def load_unique():

size_img = 64,64

images_for_plot = []

labels_for_plot = []

for folder in os.listdir(train_dir):

for file in os.listdir(train_dir + "/’ + folder):

filepath = train_dir + '/' + folder + '/’ + file
image = cvz.imread(filepath)

B ! timeper—yire—ime)
final img = cv2. cvt[olor(flnal 1mg} cv2.COLOR_BGR2RGE)

labels:for:plot.append(folde?)
break
return images_for plot, labels for_plot

images_for_plot, labels_for_plot = load_unique()

print{"unique_labels = ", labels_for_plot)

labels_dict = {'A":8,'B":1,'C":2,'D’ 3 ""4,':':5,'G':6,'H':?,'I':8 "1%:9, K18, "L s 11, "M 12,
‘N':13,'0':14,'P':15,°Q" 16,'R':1?)'S':18)'T':19,'U 128, "W i1, W22, TN 123, Y 124,
'Z':25,'5pace':26,'del':2?)'ncthing':28}



labelsl dict = {'A":@,'B":1,'C":2,'D":3,"
‘N':13,°0":14, P':15, 0" 116, 'R
,'del':27, "'nothing":28}

labels_dict = {'A":8

125, ;pace

Z':25, 'space’:26

def load_data():

images = []

labels =[]

size = 64,64

print("LOADING DATA FROM : ",end = "")
for folder in os. llstdlr(traln diry:

prlnt(folder, end =

+ folder +

BEHRE

3. EMZEERIK , REES

H":7,
18,'T"

for image in os.listdir({train_dir + "/" + folder):
temp_img = cv2.imread(train_dir + ',
temp_img = cv2.resize(temp_img, size)
images. append(temp img)
if folder == 'A'
labels. append(labels dick['A"])
elif folder == 'B'
labels. append(labels dickt['B"])
elif folder == 'C’

labels. append(labels dict['C"])
elif folder == 'D":

labels.append(labels_dict['D"])
elif folder == 'E":

labels.append(labels_dict['E"])
elif folder == 'F'

labels. append(labels dick['F'])

elif folder == 'G'
labels. append(labels dict['G"])
elif folder == 'H'

labels. append(labels dict['H'])
elif folder == "I’

labels. append(labels dict['I"])
elif folder == "1

labels. append(labels dick['7'])
elif folder == "K'
labels.append(labels_dlct[ K'13

6,'H":7,'I
18,'T':19,'U":20
,'del':27}'nc:hing':28}

‘I':8,"3
19,

‘U'ize

| &R R AR E A ET

8,'77:9, 'K 1@, LT 11, M 112,

111,°M 112,
X 23,'v':24,

+ image)

labeling

elif folder == "K':

labels. append(labels dict[ "K'])
elif folder == "L’

labels. append(labels dict['L'])
elif folder == 'M'

labels. append(labels dict[ "M'])
elif folder == 'N':

labels.append(labels_dict['N'])
elif folder == '0":

labels.append(labels_dict['0'])
elif folder == 'P':

labels.append(labels_dict['P'])
elif folder == 'Q":

labels.append(labels_dict['0'])
elif folder == 'R':

labels. append(labels dict[ 'R'])

elif folder == 'S’

labels. append(labels dict['5'])
elif folder == 'T’

labels. append(labels dict['T'])
elif folder == "U':

labels. append(labels dict['U"])
elif folder == "V’

labels.append(labels_dlct[ v'])
elif folder == "W':
labels.append(labels_dict['W'])
elif folder == 'X':
labels.append(labels_dict[ 'X'])
elif folder == 'Y’
labels.append(labels_dict['Y'])
elif folder == 'Z':
labels. append(labels dict['Z'])
elif folder == 'space’
labels.append(labels_dict['5pace'])
elif folder == 'del’
labels.append(labels_dict[ 'del’])
elif folder == 'nothing’

labels.append(labels_dict[ ‘nothing'])

H{E A0-28129%F
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4. REGME— , EHEE&IREL [0-255] AR E] [0-1]

images

print{"images for_plot
images = images.astype( float32')/255.8
print{“images for_plot '

[[196
[ 65
[ 6@
[18@
[100
[182

8
a4
a1

118
119
11@

1a7
1laa
1ea

8]
45]
39]

117]
119]
106]]

5]
13]
9]

187]
109]

971111

np.array(images)

", images)

“, images)

Bt

v

. /6862746
. 25498198
. 23529412

. 39215687
. 39215687
LAL37255

819687385
3764786
. 3647859

LA176471
. 7858824
89411765

LB3137255
17254962
16878432

LA4627451
. 46666667
LA3137255

LBlo9s8734
.B3921569
LB3137255

41968785
42352942
. 39215687

.B3137255]
1764786 ]
.15294118]

.45882353]
46666667
.41568628] ]

81968784 ]
85898830 ]
.B3520412]

.4196@785]
.42745098 ]
.38039216]]]]
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5. #labelsi 1Tone-hot encoding

[e. 8. @. @. 1. 8. 8. 8. @
@. 8. 8. 8. 0.]
[e. 8. 8. 8. @. 1. B. 8. 0
@. 8. 8. 8. 0.]
[6. 8. 8. 8. @. @. 1. 8. @
@. 8. 8. 8. 0.]
. . @. 8. 8.0.0.0.0.1.8
labels = keras.utils.to categorical(labels) [a. 8. 8. 8. 8.]
print(labels) [@. @. @. @. 8. @. 8. 8. 1
8. 8. 8. 8. 0.]
X_train, X_test, Y train, Y_test = train_test _split({images, labels, t [g' g' g' g' g.]a e. e. e
. [e. 8. @. 8. @. @. 8. 8. @
print() 8. 8. . 8. @.]
print('Loaded’, len(X_train),'images for training,','Train data shape [@. 8. @. @. . 0. 8. 0. @
print('Leaded’, len{X_test), 'images for testing','Test data shape =', 6. 6. 0. . 0.]
[6. 8. 8. 8. @. . B. 8. @
8. 8. 8. 0. 0.]
[6. B. . @. @. . B. 8. ©
8. 8. 8. 8. 0.]
[e. B. @. @. @. . B. 8. @
8. 8. 8. 8. 1.]
[e. 8. @. @. @. 8. 8. 8. @
@. 8. 8. 8. 0.]
[e. B. 8. 8. @. 8. B. 8. 0
©. 8. 8. 8. 0.]
[6. 8. 8. 8. @. . B. 8. @
@. 8. 8. 8. 0.]
[6. B. . @. @. . B. 8. ©
8. 8. 8. 8. 0.]
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6. B0%HMEREEINRE ; 1000 EREERFE
(2REERRIFEBEZPSIREPFHNLI0%N D EIHREERTE)
(FIFREE 70470 5k , BaR& EE 7830 5k , JAIEA £ 8700 5R)

Hepop Bl W R AEEN ABEEE FHRE , REIETERE A HEUH R
RS R HIMEE

labels = keras.utils.to_categorical(labels)
print({labels)

¥_train, ¥X_test, ¥_train, ¥_test = train_test split(images, labels, test_size = 8.1, random_state = 3) ]

det fit model():
| history = model.fit(X_train, ¥Y_train, batch_size = 64, epochs = 18, validation_split = E.l)l
return history
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LETMESERE 6. 1T — LB
24818 — R 4 20.5 2 dropout 7. #{TFlattenhl B
SHETMEBEE 84818 — IR 1 0.5 2 dropout
4588 — R el /0.5 2 dropout 9. ETMREERE
5. ETMESBEE 1050 208 (v z B HH 1B
(1024)
(8,8,256) (2.2.256) 512)
(64,64,64) B35 (16,16,64) (15.1684) i /16 (10_24)
‘\ (32.32,32) (C § | (29) (29)
1\ ’ = = =
N
Z o o
3 Lr; = Dense
Conv2D  Conv2D Conv2D  Conv2D LL MaxPool2D jeal T (Softmax)
33) (3:3) 63 63 —_— 22) —
(Relu) (Relu) (Relu) (Relu) (3.3) Conv2D Dense
(Ré\u) (3.3) Flatten (Relu)



def build_i

model

model.
model.
-add(Dropout(@.5))

model

model

model

model .
model.
model.

model.

model .
.add(Dropout(©.5))
model.
model .

model

model.

RERE

BEE, wLE

) RE—E
Loss G COMVED  smmm MEES SESE  @(LE  Epoch
: Dropout(0.5) BE B
P: MaxPool2D(3)
1. categorical 2C1D2C1D2C1P 2 relu softmax adam 10

model():
= Sequential()

add(Conv2D(64, kernel_size
add(Conv2D(32, kernel_size

.add(Conv2D(32, kernel_size
model .
.add(Dropout(©.5))

add(Conv2D(64, kernel size

add(Conv2D(128, kernel size
add(Conv2D(256, kernel_size
add(MaxPool2D(3))
add(BatchNormalization())
add(Flatten())

add(Dense(512, activation =
add(Dense(29, activation =

compile(optimizer = "adam’,

3, padding = 'same’, activation = 'relu’, input_shape = (64,64,3)))
3, padding = 'same’, strides = 2, activation = "relu'))
3, padding = 'same', activation = 'relu'})
3, padding = ‘same’, strides = 2, activation = 'relu’))
= 3, padding = "same’, activation = ‘relu’))
= 3, padding = 'same', strides = 2 , activation = "relu'))
"relu’))
‘softmax’))

loss = tensorflow.keras.losses.categorical_ crossentropy, metrics = ["accuracy”])

1.ETMESERE

2418 — )X tb 51 /0.5 2 dropout
ETMESBREE

4.1&8 — R el /0.5 2 dropout
5. ETMESBREE

6. 4T — Bt (LB

7. fTFlatten$IE

8.4%18 — Rk 1 0.5 2 dropout
9. TR EEE

10.%0 HH 295 2 i HH IR
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CREATED
Model: "sequential"

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 64, 64, 64) 1792
conv2d_1 (Conv2D) (None, 32, 32, 32) 18464
dropout (Dropout) (None, 32, 32, 32) 2]
conv2d_2 (Conv2D) (None, 32, 32, 32) 9248
conv2d_3 (Conv2D) (None, 16, 16, 64) 18496
dropout_1 (Dropout) (None, 16, 16, 64) Q
conv2d_4 (Conv2D) (None, 16, 16, 128) 73856
conv2d 5 (Conv2D) (None, 8, 8, 256) 295168
max_pooling2d (MaxPooling2D) (None, 2, 2, 256) 2]
batch_normalization (BatchNo (None, 2, 2, 256) 1024
flatten (Flatten) (None, 1824) 2]
dropout_2 (Dropout) (None, 1824) 2]
dense (Dense) (None, 512) 524800
dense_1 (Dense) (None, 29) 14877

BE-AE (1)

AW, bt ni%—
Loss C: Convab +EER WEEM SESR  @L#E  Epoch
D: Dropout(0.5) B R
P: MaxPool2D(3) /
1. categorical 2C1D2C1D2C1P 2 relu softmax adam 10

Train on 78478 camples, validate on 7838 samples
Epoch 1/1@
7e470/70478 [ 1 - 276s 4ms/sample - loss: 1.6808 - accuracy: ©.5063 - val_loss: 8.7665 - val_accuracy: ©.7386
Epoch 2/1@
7e47e/7047@ [ 1 - 277s dms/sample - loss: ©.3839 - accuracy: ©.8674 - val_loss: ©.2628 - val_accuracy: ©.9114
Epoch 3/1@
7e47e/70470 [ ] - 277s Ams/sample - loss: ©.2227 - accuracy: 9.9229 - val_less: 0.1001 - val_accuracy: @.9645
Cpoch 4/1@
70470/70470 [ 1 - 277s Ams/sample - loss: @.1514 - accuracy: 9.9474 - val_loss: 0.4122 - val_accuracy: ©.8765
Cpoch 5/1@
78470/70470 [ 1 - 277s dms/sample - loss: @.1251 - accuracy: ©.9581 - val_loss: 8.1217 - val_accuracy: 8.9572
Epoch &6/18
Ta4Ta /70478 | ] - 278s dms/sample - loss: @.1857 - accuracy: @.9634 - val_loss: @.8783 - val_accuracy: @_9757
Epoch 7/18
Ta478/70470 | ] - 2785 dms/sample - loss: @.0975 - accuracy: @.967%8 - val_loss: @.1628 - val_accuracy: @_9489
Epoch &/18
7a47a/70478 | 1 - 278s dms/sample - loss: 8.88390 - accuracy: 8.9708 - val loss: B.8269 - val accuracy: 8.9980
Fpoch 9718
fara/ aan | 1 - 2775 dmsfsample - loss: B.B/67 - accuracy: 8.9742 - val loss: B.825%7 - val accuracy: 8.9982
Fpoch 18718
mara/maam [ 1 - 277s Amsfeample - loss: B.8/84 - accuracy: 8.9778 - val loss: B.B484 - val accuracy: 8.9824

Final Accuracy: 97.78%
Validation Set Accuracy: 98.24%

Total params: 957,725
Trainable params: 957,213
Non-trainable params: 512

Test loss: 0.051930919951383273
Test accuracy: 0.98114944

] - 8s 925us/sample - loss: 0.1029 - accuracy: 0.9811



AR (EEE
BB XREE Abinary

| MODEL CREATED
Model: "sequential”

IFBE-RE(2)

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 64, 64, 64) 1792
conv2d_1 (Conv2D) (None, 32, 32, 32) 18464
dropout (Dropout) (None, 32, 32, 32) 5]
conv2d_2 (Conv2D) (None, 32, 32, 32) 9248
conv2d_3 (Conv2D) (None, 16, 16, 64) 18496
dropout_1 (Dropout) (None, 16, 16, 64) 5]
conv2d_4 (Conv2D) (None, 16, 16, 128) 73856
conv2d_5 (Conv2D) (None, 8, 8, 256) 295168
max_pooling2d (MaxPooling2D) (None, 2, 2, 256) 2}
batch_normalization (BatchNo (None, 2, 2, 256) 1624
flatten (Flatten) (None, 1024) 5]
dropout_2 (Dropout) (None, 1024) 5]
dense (Dense) (None, 512) 524800
dense_1 (Dense) (None, 29) 14877

AWM, bt ni%—
Loss C: Convab +EER WEEM SESR  @L#E  Epoch
D: Dropout(0.5) B R
P: MaxPool2D(3) /
1. categorical 2C1D2C1D2C1P relu softmax adam 10
2. binary 2C1D2C1D2C1P relu softmax ~ adam 10

Train on 70470 samples, validate on 7830 samples
Epoch 1/10
70470/70470 [ ] - 280s 4ms/sample - loss: 0.0806 - accuracy: @.9756 - val_ loss: 0.1429 - val_accuracy:
Epoch 2/16
70470/70470 [ 1 - 2795 4Ams/sample - loss: ©.8237 - accuracy: ©0.9909 - val_loss: ©.859@ - val_accuracy:
Epoch 3/18
70470/70470 [ ] - 278s 4ms/sample - loss: ©.0139 - accuracy: @.9947 - val_ loss: @.0236 - val_accuracy:
Epoch 4/10
70470/70470 [ ] - 279s 4ms/sample - loss: 0.0104 - accuracy: 0.9961 - val_loss: @.8176 - val_accuracy:
Epoch 5/18
70470/70470 [ ] - 279s 4ms/sample - loss: 8.0085 - accuracy: ©.9969 - val_loss: 0.8320 - val_accuracy:
Epoch 6/10
70470/70470 [ ] - 279s 4ms/sample - loss: 0.0872 - accuracy: @.9974 - val loss: 0.0284 - val_accuracy:
Epoch 7/16
70470/70470 [ ] - 279s 4ms/sample - loss: 8.0866 - accuracy: ©0.9976 - val_loss: @.8281 - val_accuracy:
Epoch 8/18
70470/70470 [ ] - 279s 4ms/sample - loss: ©.0058 - accuracy: 0.9980 - val_loss: ©.0165 - val_accuracy:
Epoch 9/16
70470/70470 [ ] - 280s 4ms/sample - loss: 0.0856 - accuracy: 0.9981 - val_loss: @.8250 - val_accuracy:
Epoch 108/1@
70470/70470 [ ] - 279s 4ms/sample - loss: 8.00850 - accuracy: ©.9982 - val_loss: 0.8139 - val_accuracy:

Final Accuracy: 99.82%
Validation Set Accuracy: 99.54%

Total params: 957,725
Trainable params: 957,213
Non-trainable params: 512

=] - 8s 915us/sample - loss:

Test loss:

0.0141085188155696653
Test accuracy: ©.9953756

.9646
.9826
.9918
.9938
.9898
.9912
.9907
.9945
.9921

.9954

0.0216 - accuracy: 0.9954
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A (3)

EME. bW
C: Conv2D

BE—W

=rn L — = . Loss , SHEER HENE SHEZEW  EHB  Epoch
a% \/ —_ ; D: Dropout(0.5)
A —_ = . . BUEER
el < P: MaxPool2D(3)
~EUr < ] 1 1 -
E&ﬂ/ﬁ@%ﬁ% SlngId 1. categorical 2C1D2C1D2C1P 2 relu softmax  adam 10
2. binary 2C1D2C1D2C1P 2 relu softmax adam 10
3. binary 2C1D2C1D2C1P 2 relu sigmoid adam 10
gy Lftﬂ'tu : T [rrain on 78472 samples, validate on 7838 samples
Model: "sequential 2 Epoch 1/18
7e47e/Te47e [ = == == ] - 654s 9ms/step loss: 8.8882 - accuracy: .9734 - val loss: ©.8637 -
Layer (type) Output Shape Param # val_accuracy: 8.977@
Epoch 2/1@
conv2d_7 (Conv2D) (Mone, 64, 64, 64) 1792 7eave/7e47e [ == == ] - 6435 9ms/step loss: @.8239 - accuracy: ©.9988 - val_loss: ©.8529 -
val_accuracy:
conv2d_8 (Conv2D) (Mone, 32, 32, 32) 13464 Epoch 3/10
78478/78478 [====== == == ] - B4l1s 9ms/step loss: ©.8132 - accuracy: .9958 - val_loss: 8.8864 -
dropout_4 (Dropout) (None, 32, 32, 32) ] val_accuracy: @.9978
Epoch 4/1@
Convzd 9 (ConvaD) (Mone, 32, 32, 32) 9248 78478/78478 [====== == == ] - B4Bs 9ms/step loss: 8.8892 - accuracy: 8.9966 - val_loss: 8.8896 -
= val_accuracy: 8.9965
2d_19 (ConvaD N TE 0 16, 1A 18496 Epachhas1a
comeZd e {ConyIn) {Maac. 516\ 16, ;61 70470/70470 [ == == ] - 6485 9ms/step - loss: ©.8873 - accuracy: ©.9974 - val_loss: @.0929 -
val_accuracy:
dropout_5 (Dropout) (Mone, 16, 16, 64) @ Epoch 6/18
7e47e/7e47e [ == == ] - 8635 9ms/step loss: ©.8858 - accuracy: .9979 - val loss: ©.8016 -
conv2d_11 (Conv2D) (Mone, 16, 16, 128) 73856 val_accuracy:
Epoch 7/1@
conv2d_12 (Conv2D) (Mone, 8, 8, 256) 295168 7e4ave/7e47e [ == == ] - 6585 9ms/step loss: @.8843 - accuracy: ©.9983 - val loss: 9.2535e-@4 -
val_accuracy:
max_pooling2d_2 (MaxPooling2 (Mone, 2, 2, 258) ) Epoch 8/10
7e4ve/Ted47e [ == == ] - 668s 9ms/step loss: ©.8846 - accuracy: ©.9984 - val_ loss: 8.8812 -
batch_normalization_2 (Batch (Mone, 2, 2, 256) 1924 val_accuracy:
= = Epoch 9/1@
Flatten 2z (Flatten) (None, 1024) ) 7eave/7eare [ == == ] - BB7s 9ms/step loss: 8.8838 - accuracy: 8.9987 - val_loss: 7.1685e-84 -
= val_accuracy:
3 Epoch 18/18
ropout_6 (Dropout) (None, 1824) 4 70470/70470 [====== == - ] - 658s 9ms/step - loss: 8.8833 - accuracy: ©.9989 - val_loss: 8.8817 -
val_accuracy: @.9994
dense_3 (Dense) (Mone, 512) 524308 Final Accuracy: 99.89%
Validation Set Accuracy: 99.94%
dense_4 (Dense) (Mone, 29) 14877 I YW = e —— il 1.5, =/step

Total params: 957,725

Trainable params: 957,213
Non-trainable params: 512

Test loss: @.8@17858756841191523

Test accuracy: @.9992982149124146




IR E- AR (4)

EME. tE E—
= C: Conv2D &
Eﬁ ‘|_ % ﬂil *E F¥ : Loss D: Dropout(0.5) LEER BEEE 2 fEEWN ! 1[4 Epoch

P: MaxPool2D(3 BB
e LR i

1 categorical 2C1D2C1D2C1P 2 relu softmax adam 10
2 binary 2C1D2C1D2C1P 2 relu softmax adam 10
3. binary 2C1D2C1D2C1P 2 relu sigmoid adam 10
In [32]: model = build_model() . ) .
MODEL CREATED 4 binary 2C1D 2C1P 2 relu sigmoid adam 10
Model: "sequential 3"
In [30]: model history = fit_model()
Layer (type) Output Shape HenameE, Train on 70478 samples, validate on 7832 samples
== == == = s == = Epoch 1/16
conv2d_13 (Conva2D) (None, 64, 64, 64) 1792 78478/70478 [ ] - 658s 9ms/step - loss: ©.8843 - accuracy: ©.9986 - val_loss: 0.0021 -
val_accuracy: 8.3992
Epoch 2/1@
conv2d_14 (Conv2D) (Mone, 32, 32, 32) 18464 70470/ 70478 [ ] - 6575 9ms/step - loss: 8.8829 - accuracy: ©.999¢ - val_loss: 4.9589e-84 -
val_accuracy: @.9939
Epoch 3/1@
droportizDropomt) (None; 123,732, 33) 8 70470/70470 [ ] - 66@s 9ms/step - loss: ©.0028 - accuracy: ©.9999 - val loss: 3.9362e-04 -
val_accuracy: 8.9939
conv2d_15 (Conv2D) (Mone, 32, 32, 128) 36992 Epoch 4/1@
Feaze/7e47e [ ] - 6575 9ms/step - loss: @.8825 - accuracy: ©.9991 - val_loss: 1.2871e-04 -
1 : 1.6080
conv2d_16 (Conv2D) (Nane, 16, 16, 256) 295168 e
Fea7e/7e470 [ ] - 6565 9ms/step - loss: @.8824 - accuracy: ©.9992 - val_loss: 5.5297e-04 -
: : 1 : 8.
max_pooling2d 3 (MaxPooling2 (Mone, 5, 5, 258) @ ESDETE?;;(Y e
FB478/78478 [ ] - 654s 9ms/step - loss: 8.8823 - accuracy: 8.9992 - val_loss: 2.8194e-84 -
batch_normalization_3 (Batch (Mone, 5, 5, 256) 1824 val_accuracy: ©.9999
Epoch 7/1@
70470/70470 - 6515 9 tep - loss: 9.8628 - : 8.9993 - val_loss: 2.2082e-04 -
flatten 3 (Flatten) (None, 64@8) ) Vauiwacyf S ! samsiErent: l0ss aceuracy valtoss €
Epoch 8/1@
dropout_8 (Dropout) (None, 6488) ) 70470/76470 [ ] - 652s 9ms/step - loss: 8.8819 - accuracy: 8.9994 - val _loss: ©.8020 -
fomd * val accuracy: ©.9993
Epoch 9/1@
dense_5 (Dense) (MNone, 512) 3277312 78478/78470 | ] - 652s 9ms/step - loss: 8.8821 - accuracy: 8.9993 - val loss: 5.3428e-84 -
val_accuracy: 8.9999
Epoch 18/1@
dense_6 (Dense) (None, 29) 14877 78470/ 70478 [ ] - 6525 9ms/step - loss: B.8817 - accuracy: ©.9995 - val_loss: 1.5189e-84 -
. == . = = — = val_accuracy: @.9999
Total params: 3,645,629 Final Accuracy: 99.95% - 185 2ms/step

Trainable params: 3,645,117
Non-trainable params: 512

Validation Set Accuracv: 99.99% | Test loss: ©.8001364278185967091

Test accuracy: @.9999642968177795
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BWE, W= B%—F ) )
P: MaxPool2D(3) ’
categorical 2C1D2C1D2C1P 2 relu softmax adam 10 97.70%  98.24% 98.11%
binary 2C1D2C1D2C1P 2 relu softmax adam 10 99.82%  99.54%  99.54%
binary 2C1D2C1D2C1P 2 relu sigmoid adam 10 99.89% 99.94%  99.92%

binary 2C1D2C1P 2 relu sigmoid adam 10 99.95% 99.99%  99.99%
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A test B_test C_test D_test del_test E_test F test G_test

= Al X A "!
i L e
™ L )
H_test |_test J_test Kdt-est L test I _test N tt nothing_test
P_test Q_test R test S_test T_test U_test
‘! In [9]: loss , acc =model.evaluate(X testl, ¥Y_testl)
.=z print{'Test loss_New:", 1055}
.. print('Test accuracy New:', acc}

W test W_test X test ¥ test 7 test 29/29 [========== [ ======== ====] - @s 3ms/step
| Test loss MNew: @,4344358444213867
Test accuracy_MNew: 8.9738486538963318 I
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