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(2) FHE 65
At 2020 # 2R E2AIFERFLE TR0 GRF R
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(-) #AER

A ONN#HE 2 2% Blae Frpe A s m s ONN e e 45 0 5
FPAFRAERY LG Eeanf e td ME R TR BLFAG PR (4
FEA ALK prgh s d FRTF G ) D A LR R RFER ) F L
HF* fd e ImageNet Bl * FH E I HET R EIFR L xiiz\—g ] # = e CNN

B : MobileNetV2 ~ DenseNet201 12 2 InceptionResNetV2 > 7 2 £ S fcenii-a)
TEFAAIFETAORF TR > FED - ll%#%ﬁ}iﬁv;rs mCNN PREHFAE
Gl EE TRl = 2 BN Sl 1

(1)MobilenetV?2 :

MobilenetV2 #_d Google #73 J1e— B A & g% B & aie § %37
CNN e o T 2 £ AR HAEFIR LR RART T IFRET
/\ ﬁepéﬁa:}ﬁ? £, 7 & * average pooling #-#Facs = 1% L 45+ 2 &k

EARE A V2 A5~ 0 3 A S fobottleneck & - Bk A & & 7 {1
* AR ‘\ﬁif’%f"f:m/}ﬂrT B ER ARG A A LR T A
enid oA gy & < et > o MobilenetV2 M 7 HEAc B 2



Dwise 3x3,
stride=2, Relu6

conv 1x1, Linear

Dwise 3x3, Relu6 Y

Conv 1x1, Relub

Conv 1x1, Relu6

Stride=1 block Stride=2 block

B 2 MobilenetV2 i 7 H
(%% F# : https://medium. com/ai-academy-taiwan/efficient-cnn-
%E4%BB%8B%E 7%B4%B9-%E4%BA%8C-mobilenetv2-7809721f0bc8)

(2)DenseNet201 :

DenseNet .+ erdF 8L A 30 H F w2t - Boend f 4l G 8550 4o R 4 B en
S AR ITLRAE S B A {Qﬁéf%iﬁimfﬁi(‘f | % %iE P ] Bk o
# i * 7 dense block S if » &8 - ANl KRG L BERT Y
L(L+1)/2 B4 > EE*.“:wfé dense block 3k 3+ 3 Apit 75 k> 28 %
;;’;bjj‘}{ﬁ fﬂ;éi“"fig X Hoa g Ty K T 5 H3p¢ Pmﬁﬂ)\ o ¥ — K 4Fd iR
Hct channel ¥ e i k% M AcE * (feature reuse) F|t & # B 5 f & 0
feature map #& ] M AP Ao R B A v RS 7S
PR e DenseNetZOl PR EHEACR 3

IL"“I | |

96 128 192 256

Y 160+32 224+32
Ll P, 128 P=1 '
s=1 g1 2 Concatenation |
iP5 @» 17
1 3

l%] 3 DenseNet169 e B 7E AR
(%% F# : https://blog. csdn. net/u014380165/article/details/75142664)




(3)InceptionResnetV2 :
%@M@%ﬁ?7%£$$ﬁﬁ£%ﬁﬁaf’mN FH 0 AR RN
7 AP T FERCA 2 ¢ % foshorteuts AT H oA AR L »"mé e
% o B¢ Stem#x* 7 7 02 InceptionV3 % & & eh¥ # féi ; Inception-ResNet
module # * Inception-ResNet-A ~ Inception-ResNet-B ~ Inception-ResNet-
C> % 4c » Reduction-B *k*# ™ feature map ? <1 » @ ok ek i@ Figf < a0

BoAl e B B 4 2 & Ma 2 s { B ejeacad & 0 InceptionResnetV2 4
B

Relu activation .
Softmax Ot 1000 Inception-ResNet-v2
] * Filter concat
Ouput 1792
Dropout (keep 0.8) 3x3 Conv
] (mstride 2 V)
{
S Oupu: 3x3 MaxPool 3x3 Conv 3x3 Conv
Average Pooling e (stride 2 V) (n stride 2 V) (0)
'
|
] 1x1 Conv
(k)
5 x Inception-resnet-C = ™+ "= —
{ Filter concat
Reduction-8 Output: Bx8x1792 Figure 7. The schema for 35 x 35 to 17 x 17 reduction module.
Different varias (with various number of filters)

|

are used in Figure [} and [I5]in each of the new Inception(-v4, -

Relu activation ResNet-v1, -ResNet-v2) variants presented in this paper. The k, I,
10x P Figure 16. The schema for 35 x 35 grid (Inception-ResNet-A) "‘H_{‘h’l‘“g"““ repeescat filter bank sizes which can be looked wp
Inception-resnet-B module of the Inception-ResNet-v2 network. El
] Filter concat
) Ouput 171718
Reduction-A
Y 3x3 Conv.
-3 (320 stride 2V)
] 1x1 Conv "] sacow 363 Conv
e ("5“;":')_7 R (384 siide2V) | (288 stride 2V) 3
5x Inception-resnet-A ™ S n(:'g;w primeiys f | (268) . B
‘ S~ Migem 1x1 Conv 1 e
| ass) @) 1 Conv 1
(256) Wiy | | tacon
(WQY (224)
Stem / i
Previous / 11 Comw
] Layer (192)
Figure 18. The schema for 17 x 17 10 8 x 8 grid-reduction mod- B
Inpul (299X299X3) ule. Reduction-B module used by the wider Inception-ResNet-v1

network in Figure 13

®l 4 InceptionResnetV2 % i 7 #
(%% 74 : https://medium. Com/chlng—1/1ncept1on—/oE7%B3%BB%E5%88%97—
inceptionv4-inception-resnet-vl-inception-resnet-v2-42bebd23b2ec)

ONN e 55 2 fd= 8 3 % 4o 2

CNNp 224 - fi  |# % accuracy |#7 % epoch#ic

MobileNetV2 0.74722 15
DenseNet201 0. 7847 13
InceptionResNetV2 0. 76389 12

2 ONN spe %8 i i 5

Flpt 8 A E 3% DenseNet201 #e i iv 5 & =07 3 G ONN & g et 28 4


https://medium.com/ching-i/inception-%E7%B3%BB%E5%88%97-inceptionv4-inception-resnet-v1-inception-resnet-v2-42be5d23b2ec
https://medium.com/ching-i/inception-%E7%B3%BB%E5%88%97-inceptionv4-inception-resnet-v1-inception-resnet-v2-42be5d23b2ec
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(2) Faw Ao
Step 1:
d %?;kfra;gg,% A d ﬁ‘;;:;rq\gquq' ::geg\g;;,jg\@ﬂ FT o F] gl 2N e Ala];g
AT Z0 AR EY AR IR EY ST Y SRR -

Step 2 :
a%@xm@uﬁﬁz&ém%ﬁﬁné" 17 P15 R AT B
R sz * 7 OpenCV énGrabeut B8 Ean S+ R A28 RIS

I~ R &e 35 B anf 58 7R 2 $odiRiten® - Bd A kg P
PRRAAER 3 FR R AT R DE R RAAGE - TR ELRE T HERL
MATZET B e 4

,
[]

(a) Image with seeds. (d) Segmentation results.
4 f
Background Background
@ terminal (::) terminal
C\!!

terminal

(b) Graph. (c) Cut.
Bl 5 Grabcut /% & 2 7 &



try:
img = cv2.resize(img, (width,height), 1nterpn1at10n cv2.INTER_CUBIC)
mask = np.zeros(img.shape[:2], np.uint8)# &l EpiiEE
bgdModel = np.zeros({1,65), np.floated)# =
fgdModel = np.zeros({1,65), np.floated)#
rect = (17,2@,287,206)
cv2.grabCut(img,mask, rect, bgdModel , fgdModel ,5,cv2.GC_INIT _WITH RECT)
mask2 = np.where{(mask==2)| (mask==0)},0,1).astype{ uint3")
img = img*mask2[:,:,np.newaxis]

Bl 6 Grabcut #23¢

F
£

B 7 & * Grabcut & {7

Step 3 :
57T Grabeut A~ 2l 24 F FALF FE€ 2 & T # % OpenCV £
findContours() & #icit {7 4~ %8 el Brdw 4 > T 1 * & p 442 boundingRect()
= E R ROl Fie7 2 4§ nd %

img2=cv2.cvtColor({img, cvw2.COLOR_BGR2GRAY)
ret, thresh = cv2.threshold(img2,5@&,255,cv2.THRESH BIMARY)
cnts,hier = cv2.findContours(thresh,cv2.RETR_EXTERNAL, cv2.CHATN_APPROX_SIMPLE)
dot = []
if cnts is not Mone:
for ¢ in cnts:
min_list = []
®,y,w,h=cv2 . boundingRect(c)
min_list.append(x)
min_list.append(y)
min_list.append(w)
min_list.append(h)
min_list.append(w*h)
dot.append(min_list)
max_area=dot[@][4]
for inlist in dot:
area=inlist[4]
if area »= max_area:
x=inlist[@]
y=inlist[1]
w=inlist[2]
h=inlist[3]
max_area=area
img=img[y:y+h, ®x:x+w]
cv2.imwrite(os.path.join(outdir,os.path.basename(jpgfile) ), img)

W8 FF gt
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Step 4 :

AR R s HEER ST Ao Tt AP = 4 X B2 [ 'g‘?\ﬁl@(
ﬁ’&i%#ﬁbaﬁéé%?%ﬁﬁmﬁé%9:1wwﬁﬂi% #la o 4e@l 10
[ 1 #shuffleEATER IEARERETEL

¥ _train, v _train = shuffle(¥ train,y_train, random_state=101)

# train_test_splitHIZ WEHEAIEAT, EEAI trainfCRATERD AU, v_trainfURETERID AHEFER, test_sizefFREE G

¥_train, ¥_test,y_train,y_test = train test_split(¥ train, v_train, test_size=. 1, random_state=101)

B 10 SE48 4 B3 s TR B

FEECES SN R I T3 S R

[ 1 histoxy = model.fit(¥_train, v train, validation split=0.1, epochs =950, werboze=l, batch size=IF,
callbacks=[tenzorboard, checkpoint, reduce_lr])

ORSEEEIP T

(Z)~ 322 &0
ﬂ\ﬁﬁ % F1* TensorFlow B /mac 8 B & (7275 » H 3 527 7 © & ImageNet
TR R S ONN e ,ﬁoﬂﬁﬁﬁﬂﬁﬁvﬂ»jﬁﬁéﬁ%
2D > B T 3o it Rt WA S8 L EHLE 5 M & 4o~ Dropout A B C TR
PR > 2 G WL ER S 5 Bt £ U Softmax S Borr i { G pkenA B o iC
FE 2 afe s A Bl 12

[ 1 effnet = +f.keras.applications. densenet.DenseNetl2l (weights="imazenet’, include_top=Falze, input_shape={image_size, image_size, 3))
model = effnet.output
model = tf.keras. layers.GlobaldveragePooling2D () (model)
model = tf.keras. layers.Dropout (rate=0. 5) (model)
model = tf.keras. layers.Denze(d, activation=" zof tmax’ ) (model)
model = tf.keras.models.Model (inputs=effnet.input, outputs = model)

B 12 #cile =

"1 ¢ * Optimizer p & SABE Y FE B U A St > 57 el RaE
Bo>Ba@ge sy XL Exaizjcar BR_* 7 ReducelROnPlateau Si#c o ¥
T Y% B epoch ¥ > %@ & ehaccuracy ¥ AR o F menF Y F € f L
- Bt L i JTe e Ap M AR S 4c R 13 ¢



[1 # ReducelROnPlateau BILIERISEAFEPIBIEAER. val acowacyFrn B RIFHR acouracy, REE—EIRITAMERESEE; factofrn Bl RS Rz
# patienceFornE e E AR LSS nin_d=1tB5E, RAMEREAREESETEWEA

reduce_lr = ReducelROnFlateaulmonitor = ’wal_accuracy’, facter = 0.3, patience = 2, nin_delta = 0.001,
mode=" auto’ , verbose=1)

B 13 Y Fax
e fdm o R SRS TR AR et TR R g G RS "”Iﬁ»‘?» (B
14) > A= dipl A d >0E R 91 g BT R L P AATHIR R L @ S RL
Lo TRk fEF \,)g\-rﬁ"v‘\éu%LZ e 'ﬁ.@%ﬁ%j
S B 4c R 15 ¢

Epochs vs. Training and Validation Accuracy/Loss

5
10| —# TFaining Accuracy T — &~ Taining Loss
—&— Validation Accuracy » —&— Validation Loss
.
*
¥
09 o
o 4
.
0.8 4 "
¥ 53
" =
[ =]
b=
Z o7 2
s ¢ £
e
E 52
06 E
£
05 1
04 -
"t ees
0 b S e e e S o
T T T T T T T T T T T T T T
o 5 10 15 20 25 30 o 5 10 15 20 5 30
Epochs Epochs

W 14 @4 L WAL

12 = tf.keras.regularizers.12{1e-4)
for layer in model.layers:
# if hasattr(layer, ‘kernel’):
# or
# If you want to apply just on Conv
if isinstance(layer, tf.keras.layers.Conv2D):
model.add loss(lambda layer=layer: 12(layer.kernel})

B 15 4e» L2 & it

(z) S8cigi
= 48 ONN % it T{if TEVUPE A 1T e 1 50T Sl 0 H e gl
{@“wkmﬁﬁ’** LB A R BIR T B o H AR B liche R o A
A
% 4 H B heBicE

L i . A
Initial learning rate 0.001
Learning rate change 0.3

Optimizer Adam

Dropout rate 0.5

Batch size 16

10
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TEEPR SR A PERT AR OE Y 28 ST 2 BFF X
A BOKE S et L4382 A ke SdB o B R AFEFAED

q % Dropout Optimizer |[Batch Size
0.5 Adam 8
0.5 Adagrad 16
0.6 Adam 16
0.6 Adagrad 8

#0142 24

= o DO | —

(1) #3IRHE> 2
1. #3174 (Model Pruning)
*+% A s3I (inference) hfgfc (+ ff‘u{iﬁ * R RLR R

Alac A4 ) g AL B PG 0 T A RIS ETE D e S i A R TR
.F,\‘F % g % 3 “Lrp gl e Fltdoie ko] i PR F aniRT 5 0 ek
SR EFRT EFANT PP oA S HE mféfk/‘zﬁ*{i% F L L&
PR IPRI E R I o 24T FEnt Sparsity Ratio shP & (0 Sdicr
b)) R R BT E 2RI e R B iR A AT 3R LAY B A
B 0 AR BE A2 AS 4o B 16 ¢

import tensorflow model optimization as tfmot

prune_low magnitude = tfmot.sparsity.keras.prune_low magnitude
# Compute end step to finish pruning after 2 epochs.
batch_size = 16

epochs = 2

validation_split = @.1

num_images = X_train.shape[@] * (1 - validation split)

end step = np.ceil(num_images / batch_size).astype(np.int32) * epochs

# Define model for pruning.
pruning_params = {

‘pruning_schedule': tfmot.sparsity.keras.PolynomialDecay(initial sparsity=8.5@,
final sparsity=9.88,
begin_step=8,
end_step=end_step)

¥

model for pruning = prune_low_magnitude(model, **pruning_params)

# “prune_low magnitude” requires a recompile.

model_for_pruning.compile(optimizer="adam",
loss=tf.keras.losses.CategoricalCrossentropy(from logits=True),

metrics=["accuracy'])

model_for_pruning.summary()

B 16 #3134
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() BAlE S 2
Tensorflow & i* 3% & 7 #-H-3] = £ hb #4 5 & Android +} 7 (7= 2 42
s tflite AR R AN 4o 1T

converter = tf,lite.TFLiteConverter.from_keras_model(model for export)
pruned tflite model = converter.convert()
with open('.\pruned_model exp4.tflite’, 'wb') as f:

f.write(pruned tflite model)

Bl 17 B2 4
B2 3 E TR F metadata T4 ~ tflite 2 i o Ap B4 T AR 4o B
17 :

from tflite_support.metadata writers import writer_utils

from tflite_support.metadata_writers import image classifier

ImageClassifierbriter = image_classifier.MetadataWriter

_MODEL_PATH = "pruned_model_exp4.tflite"

_LABEL_FILE = "labsl.txt"

_SAVE_TO_PATH = "pruned_model exp4 meta.tflite”

_INPUT_NORM_MEAN = @

_INPUT _NORM STD = 1

writer = ImageClassifierWriter.create_for_inference(
writer_utils.load_file(_MODEL_PATH), [_INPUT_NORM_MEAN], [_TNPUT_MNORM_STD],
[_LABEL FILE])

# Verify the metadata generated by metadata writer.

print(writer.get_metadata_json())

# Populate the metadata into the model.

writer_utils.save file(writer.populate(), _SAVE_TO_PATH)

Bl 17 4 » metadata

4 F > i % android #rA& o T4e » tflite = 20 2 K T AP B S8 0 4P

M 473N 75 48] 18 -

B 18 Android Studio #p B & #c2k %

12



flra v 222 [48 R EABFFHRPEFL A E404 6
2 % Dropout Optimizer |Batch Size|Accuracy
1 0.5 Adam 8 0. 7667
2 0.5 Adagrad 16 0.79028
3 0.6 Adam 16 0. 78333
4 0.6 Adagrad 8 0. 7958

H ¢ 2 Dropout % % 0.6 ~ Optimizer :% 4% Adagrad '# %2 Batch Size % 8
Bk FAARERE BN P EFEAHAAT RS TEREL
a3 B 2% 2 4cB 19 %2 B 20 :

1 model.weights[1]

BB 2

g Q%&

%5& (w.

<tf.Variable "convl/bn/gamma:@" shape={&4,) dtype=float32, numpy=

array([ 5.06224421e-22, 1.52682587e-02, -1.17978752e-02, 3.39749033e-82,
6.58297241e-82, 3.57331188e-92, -4.06870268%c-02, 2.37534675%e=-82,
4,36519145e-82, 5.26746668e-02, -2.80182242e-87, 6.69109300=-22,
4,44241688e-82, 1.32779125e-92, -1.3182731le-01, 3.68724@56=-22,
1.92752388e-21, -1.34529637e-0l, 4.0267977%=-02, -4.25500285=-82,
-1.895529@3e-82, -2.15617735e-82, 7.83298118=-02, 1.52008085=-81,

B19 Tw A ge

1 model_for_pruning.weights[1]

<tf.vVariable

'convl/conv/kernel:a"’

shape=(7, 7, 3, 64) dtype=float32, numpy=

array([[[[-®@. s 8. s a. s seey -B. B
a. , e. 1s
[ e. , @. , a. ) , e. .
a. , @. 1.
[ &. , 0. . a. s eees B .
. s 8. ]].l
B 20 Ficis Al L

WAIA 2 BEmA A

Gl s 0.7958 2 0. 7425

s ’]fst‘q' BT 113 E" t& 7
» FIbERF B A A G tflite

RIS L § R T

T ERELHEE ApDD BE R AP S % E T 4cB 21

TensorFlow

Bl 21 $okg = %
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r >~ BEEEH
He > DenseNet210 A 2[4 ERA=ZFAFF e FIHRELET 2B A&

Dropout/ Optimizer/ Batch Size ¥ ¥|# & #&x ¥ 4 % 5 0.6/ Adagrad/ 8/ -
EhA R S 5 0.7908 0 H ¢ o A P ts ek B B S 5 0. 7425.
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BLik (7R3 o
(=) B

FAFET R TGRS AR PR 2P A2 BUER YA ARA
o 0 N PIRBALY UG ARG DT o R T TRE R Y G R
B0 A ERASHAER TR S T L PHRAON (LG R 7R T g

(=) @* 2

B AFE T RS RR T 0 RREFHA AL ARG A IS
AR S o 2RSS AT AN RO HiEE  RBEF AL E
)\Ejfﬁﬂ’

(2) *%EY
0 PE S SR M BT e AT AR {58 A
Bk H A BT A TR 0 AU S B B BRI R A S

s

(- ) https://www. kaggle. con/ jaykumar1607/brain-tumor-mri-

classification-tensorflow-cnn
(=) https://hackmd. io/@computerVision/rkVg2xRWO
(= )https://www. tensorflow. org/model optimization/guide/pruning/pruni

ng with keras

(z ) https://codelabs. developers. google. com/codelabs/recognize-
flowers-with-tensorflow-on-android#3

14
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