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TOM TAT

Trong bai viét nay, van dé dir liéu mdt can bang, mot hi¢n tuwong
pho bién trong cdc bai todn phén logi nhi phan khi ma sé lwong
mau ciia mot 16p nhé hon ding ké so voi [6p con lai dugc dé cdp
dén. Nhiéu phwong phdp xir 1y div liéu mat can bang trong hoc sdu
dugc so sanh va danh gia, bén canh do sir dung bo dit lieu Cat-
Dog dé nghién ciru tac dong cia sy mdt cin bang dén qua trinh
phan loai. Cac giai phap duwgc so sanh bao gom cai tién tir ba
phiwong phdp tiép cin: Data, Model va Loss, nham ndng cao hiéu
sudt dw dodn ciia cac thudt todn mdy hoc. Phwong phdp tiép cdn
Model qua viéc ap dung Transfer Learning voi mé hinh Resnet-18
ciing duoc dé xudt, da dwoc hudn luyén truoc trén bo dir liéu
ImageNet, cho két qua Fl-score la 95,19% va do chinh xac la
95,20% chi sau 10 epochs. Piéu nay cho thdy hiéu qua vuot tréi so
voi cdc nghién curu trudc ddy tap trung vao cdi thién Data va Loss.

Tir khod: Dit licu mdt cdn bang, phdn loai nhi phén, tang mau div
liéu, giam mau dit li¢u
ABSTRACT

In this article, we address the problem of data imbalance, a
common phenomenon in binary classification problems, where the
sample number of one class is significantly smaller than the other.
We compared and evaluated multiple approaches to processing
imbalances in deep learning, using the Cat-Dog dataset to study
the impact of imbalances on the classification process. The
solutions compared include improvements from three approaches:
Data, Model and Loss, aimed at enhancing the predictive
performance of machine learning algorithms. We also recommend
the Model approach by applying Transfer Learning with the
Resnet-18 model, which was pre-trained on the ImageNet dataset,
giving an Fl-score of 95.19% and an accuracy of 95.20% after
only 10 epochs. This showed superior efficacy compared to
previous studies focused on improving data and loss.

Keywords: Imbalanced Data, Over-

Sampling, Under-Sampling

Binary Classification,
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1. GIOI THIEU

Mot tap dit liéu duge xem 1a mit can bang khi c6
su chénh 1&ch 16n vé sb lugng mau giita cac 16p phan
loai. Piéu nay xay ra khi c6 mot 16p chira s6 luong
mau 16n hon hin so véi cac 16p khac. Trong trudng
hop nay, mot mo hinh phén loai ¢6 thé dat duge do
chinh xac cao khi du doan trén 16p ¢6 s6 lwong mau
16n, nhung lai hoat dong kém hiéu qua trén 16p co it
mau Do dic diém nay, cac thuat toan hoc may
truyén thong thuong khong phat huy hiéu qua trén
tap dir liéu mat can bang, dan dén viéc phat trién cac
phuong phap va k¥ thuat méi nham cai thién kha
nang du doan cuia cac thuat toan hoc may trén nhitng
tap dir liéu nhu vay.

Bai viét | ndy tap trung vao viéc kham pha thuat
toan ldy mau dir liéu (data sampling) gdém co lay
mAu giam (under- sampling) va lay mau tang (over-
sampling) va su két hop giita 1dy mau giam voi lay
mau tang (Duong & Dinh, 2023) nham giai quyet
véan dé mét can bang dit liéu thong qua cach tiép can
dya trén dir liéu. Ngoai ra, thuat toan Focal Loss
(Lin et al., 2017) ciing dugc xem xét dé giai quyét
van d& twong ty nhung thong qua cach tiép can dua
trén ham mat mat va dé xudt gidi thiéu phuong phap
ap dung Transfer Learning (Truong & Nguyen,
2022b) véi mé hinh Resnet-18 tiép can Model.
Trong qua trinh nghién clru, cac thuat toan hoc may
dugc xay dung, trién khai, thyc nghiém va danh gié;
sir dung tap dit liéu Cat-Dog (B6 dit liéu huan luyén:
1000 anh meo, 11000 anh cho; Bo dir liéu kiém thu:
1500 anh meéo, 1500 anh ché). Thyc nghiém dugc
thuc hién trén ba phuong phap tiép can khac nhau:
Data, Model va Loss dé giai quyét van dé dir liéu
mat cin bang, ap dung trén chin k¥ thuat khac nhau
trong hoc may, va do luong hig¢u suét qua chi s6 F1-
score va accuracy. Két qua nghién ctru chi ra rang
viéc lya chon thuat toan hoc may phu hop cé tac
d6ng déng ké dén hiéu qua ciia md hinh dy doan.

Ix1 conv, 512
Stride: 2

[sscomet | 7
G

Hinh 1. Kién tric mé hinh Resnet-18 (He,
2016)
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2. PHUONG PHAP NGHIEN CUU
2.1. Dit van dé

Imbalanced Classification dwoc hiéu 1a tinh
trang mot tap dir liéu co sy phén phdi khong dong
déu gitra cac 16p (class). Piéu nay thudng gip trong
cac bai toan phan loai nhi phan (Binary
Classification), noi ma ) luong mau thudc mot 16p
cu thé chi chiém mot ty 18 nho so v6i 16p con lai.

Vi dy, xét bai toan dy doan khach hang c6 kha
ning rdi mang cua cac cong ty cung cap goi cude
mang. Céc cong ty nay thuong chi trong vao viéc
phat hién khach hang c6 xu hudng ngiing st dung
dich vu dé kip thoi trién khai cac chién lugc chim
soc va giilr chan ho, nhim duy tri lgi nhuan. Trong
tinh huong nay, ty 1é khach hang ngimg st dung dich
vu thudng rat thap so véi sd luong khach hang tiép
tuc sur dung (chi khoang 5%). Du 5% la mot ty 1€
nho, nhung nd lai co y nghia 16n dbi v6i loi nhuén
clia cong ty. PSi vi bai toan phan loai mit cén bang
(imbalanced binary classification), ty 1€ 5% va 95%
tao nén sy chénh léch dang Kké, gay thach thie cho
cac k¥ su Al trong qué trinh 1ap ké hoach va trién
khai giai phap.

Do sy mat can bang trong phén phéi dit liéu, hau
hét cc thuat toan hoc may khong mang lai hiéu suat
cao va can dugc tinh chinh ky ludng dé mo hinh
khong chi du doan pho bién (majority class) trong
phan 16n truong hop. Bén canh d6, mot s chi sd
danh gia nhu Accuracy khong thé hiéu qua trong
viéc danh gia cac bai toan mat can bang.

Vi dy, trong bai todn dy doan khach hang roi
mang (Duong & Dinh, 2023), néu str dung Accuracy
lam chi s danh gia hiéu suat mé hinh, né tap trung
vao do chinh xac trén ca hai 16p (ro1i mang va khong
rdi mang). Tuy nhién, thuc té cho thdy ching ta chi
quan tdm dén chat luong ctia md hinh trén 16p khach
hang c6 kha nang rdi mang. Do do, trong tinh huéng
nay, Accuracy khong phai 1a chi s6 phu hop dé sir
dung trong danh gia hoac bao céo.

Trong cac bai toan dir liéu khong can ddi
(Imbalanced Data), mot thach thirc phire tap khac
ma chung ta thuong gap phai la viéc hai 16p trong
bai toan phén loai nhi phan, 16p c6 nhiéu mau va 16p
¢6 it mau thudng co phan phéi dir liéu khac nhau.
Diéu nay thudng xay ra trong cac tinh hudng nhu
phat hién ngoai 1& (Outlier Detection), phat hién bat
thudong (Anomaly Detection), chan doan bénh, hay
phat hién giao dich dang ngo. Do d6, viéc xay dung
mot mo hinh hoc may co6 kha nang hiéu qua trén loai
dir liéu nay ciing tro nén kho khan.
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Dir liéu khong can d6i (Imbalance Data) tao ra
thach thirc dang ké trong viéc mo hinh hoa dy doan
(Predictive Modeling) boi vi phan 16n cac thuét toan
phén loai dugc phat trién dya trén gia dinh rﬁng s6
lugng mau trong mdi 16p (Class) 1a twong duong
nhau. Piéu nay thudng dan d&én viéc cac mé hinh
khong dat hiéu suat du doan t6t, dic biét 1a dbi voi
cac 16p co s6 lugng mau it hon (thiéu sd). Trong bai
viét nay, ba phuong phap khac nhau duge deé capva
nghién ctru dé xur Iy van dé dit liéu mt can bang, 4 ap
dung trén chin k¥ thuat hoc may khac nhau, nhdm
tim ra giai phap hiéu qua cho van dé dir liéu mét can
béng.

Examples of a two-class problem

.. «  Majoritymegative class
¥ *  Minority/Positive class

Feature 2
o

Feature 1

Hinh 2. Dix liéu mét cin bang giira 2 16p véi
tilé 1: 100 (Fernandez et al., 2018b)

2.2. Phuwong phap

Trong nhitng niam gan déy, nhiéu cach tiép can
m&i da xuét hién nham giai quyét van dé dir liéu mat
can bang trong phan 16p. Cac nghién ctru cua
Chawla et al. (2002), Paula et al. (2015), Buda et al.
(2018a), Yu & Zhou (2021), Ghosh et al. (2022a) da
dong gop dang ké trong V1ec cai thién hi€u qua cta
cac ung dung d6i mat voi van dé nay. Muc ti€u cua
bai viét nay 1a ap dung ba phuong phap tiép can: Dur
liéu (Data), M6 hinh (Model) va Ham mat mat
(Loss) dé giai quyét nhitng thach thirc do dir liéu mat
cin bang gy ra.

Loss
Feature Extraction Metric

Normalization Parameter
Convert to Tensor Initialization

. { e } { Model } g

Trained | Score: Accuracy

Tost v . 4
Dataset Evaluation \ Model

Hinh 3. Mé hinh dwoc huén luyén
(Trained Model)
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2.2.1. Tiép cdn Data

Lay mau dir liéu (Data Sampling) 14 qué trinh tao
ra mdt phién ban maéi cua tap dir li¢u, trong do6 cac
diém dir liéu (Data Points) dugc chon sao cho phan
phéi 16p (class) co sy khac biét. Day 1a mot chién
lugc don gian nhung higu qua dé xir Iy van dé dir
liéu mat can béng Co6 ba loai chinh trong léy mﬁu
dir liéu: iy mau giam (Under-Sampling), lay mau
tang (Over-Sampling) va két hop giita lay mau ting
va gidm (SMOTE - Synthetic Minority Over-
Sampling Technique). Muc dich ctia nhitng k¥ thuat
nay la giam thiéu anh huong tiéu cyc cia viée phan
b 16p khong can dbi trong qué trinh huan luyén mo
hinh.

C6 nhiéu phuong phéap ldy mau dir liéu (Data
Sampling) dugc wa chudng va thuong xuyén su
dung, dac biét trong viéc xur 1y dit liéu mat can béng.
Duéi day 1a mot sé phuong phap ndi bat:

* SMOTE (Synthetic Minority Over-sampling
Technique) hoat dong bang cach chon cac sample
gin nhau trong feature space, v& mot duong thing
gilta cac sample trong d6 va tao ra mt sample mai
tai mot dlem nao d6 trén dudng thing d6. Mot
sample ngau nhién tir minority class durgc chon. Sau
d6, tim ra k sample gan nhét quanh sample d6 (k =
5, twong tu KNN). Mot neighbor duoc chon ngau
nhién va mot synthetic sample duoc tao ra tai mot
diém dugc chon ngiu nhién giira hai samples trong
feature space (Chawla et al., 2002).

EIN
W

Hinh 4. Ting miu dir li¢u (Over Sampllng)

e Under Random (Random Under Sampling):
ky thuat 1y mau giam ngau nhién 14 thyc hién viéc
loai bé mot cach ngau nhién mot ) 16p thudc da sb
16p (Tahir et al., 2009).

e Under_Clustering: ky thuat lay rn?u} giam dya
vao gom cym KMeans d¢ thu gidm mot s6 mau trong
16p da so (Lin et al., 2018).

e Over Aug (Over Augmentation): Ky thuat
tang cuong di liéu va cai thién kha nang ciia mo
hinh bang cach tao ra cac bién thé méi tir dir liéu
hién c6 théng qua cac phep bién d6i nhu xoay, lat,
thay d6i mau sic.
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* Over_Dup (Over Duplication): ky thuat tang
dir liéu bang cach tao ra cic mau trung lap.

Qua nghién ctru va khao sat tong quan chung toi
nhén thay cac ky thut lay mau tang dugc sir dung
pho bién hon cac ky thuét lay mau giam va khi so
luong mau cua 16p thiéu s6 kha nho so véi s lugng
cua 16p da so.

2.2.2. Tiép cdn Loss

Fix-
Fix \
#coll #ml [

input (mini-batch) ‘A

1 I
f - How 2

- Fik
ror colll Furcll
Hinh 5. Mat cian bang tai ham Loss

Phuong phép nay chép nhan dix liéu dau vao mat
can bang tap trung vao viéc dam bao rang thong tin
tin hiéu trong ham mat mat (Loss Function) can
dugc can bang dung cach. Dé thyc hién diéu nay,
cac thudt toan sau déy duoc ép dyng nham tinh chinh
va can bang gia trj trong ham mat mat:

Class-Weighted Binary Cross-Entropy 1a mét
bién thé cia ham mat mat Binary Cross-Entropy
(BCE) bang viéc thém trong sd (W;) cho cac Class
trong ham mit mat dé xur Iy vin dé mat can bing
Class (Johnson et al., 2019).

Cong thtic cua Class-weighted Binary Cross-
Entropy (BCEuwcighted):

N

1
BCE s = —NZ[WI ; log(p,)+w,.(1-y)log(1- p)] O

Trong do6:
N 1a sb lwong mu trong tap dit liéu

Y; 1a nhin thyc té cia mau thir i (thuong 1 0
hodc 1)

P; 1a x4c suat du doan ciia mé hinh cho mau thu

W, 1a trong s6 cho 16p c6 nhin 1
Wo 1a trong s6 cho 16p ¢6 nhén 0

Cach chon trong s6 Wi va Wy phu thudc vao ti 1€
mat cin bang gilta cdc 16p trong tap dir li¢u. Mot
phuong phap phé blen 1a dat trong sb ty 1& nghich
v6i tan suat ciia mdi 16p trong tap dir liu, giup tang
anh hudng cta 16p it xuat hién hon trong qué trinh
huén luyén.
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e Focal Loss 12 mot bién thé cia ham mAt mat
Cross-Entropy duoc thiét ké dé giam tac dong dén
nhiing Easy Samples ma tdp trung vao cac Hard
Samples dugc gidi thiéu bédi (Lin et al., 2017) trong
bai bao “Focal Loss for Dense Object Detection”.

Cong thtrc Focal Loss (FL)
FL(p)=—a,(1-p,)" log(p,) @

P, 14 x4c suét dy doan ctia md hinh cho 16p ding.
Néu nhén thyc té 1a 1, p, = pva néu nhan thyc té 1a
0, pi =1 — p v6i p 1a x4c sudt dy doan ctia mo hinh
cho l6p 1

o112 trong s6 dung dé can bang mat can dbi giita
cac 16p.

v 1a tham s focusting diéu chinh mirc d6 ma cac
ham mat mat tap trung vao Hard Samples va it tap
trung vao Easy Saples. Diéu nay giup md hinh tap
trung hoc tir nhitng mau phirc tap hodc it xuét hién
hon thay vi chi tp trung vao cac mau dé phan loai.

2.2.3. Tiép cdn Model

4 ™
I [ Model (ResNet18)
]
] — Feature ;
- Extraction Clasuticy
Large Dataset o 1 _/
(ImageNet)
l Initialize Weights
s N
] Model (ResNet18)
-
U featue New Classifier
Extraction ‘
Small Dataset - J
(Cat Dog...) Train a new model

Hinh 6. Hoc chuyén giao véi mé hinh Resnet-
18

Phuong phap nay tiép nhan dif liéu mat can bang
va sir dung ky thudt hoc chuyén giao (Transfer
Learning) tir tap dir liu ImageNet, bao gom 1.2
triéu hinh anh thudéc 1000 danh muc khac nhau.
Trong qua trinh nay, 16p cudi cung ciia mo hinh da
duoc dao tao trén ImageNet duoc loai bé va thay thé
no bé’lng mdt ham phén loai softmax mai, dugc thiét
Kké riéng cho 2 16p ¢o6 trong bo dir li¢u thuc té dang
khao sat, d6 1a b dit liéu Cat_Dog. Diéu nay gitp
tan dung kién thtrc da hoc duogc tir mot tap dit liéu
16n va phong pht, nham cai thién higu suat trén b
dit liéu muc tiéu c6 tinh chat mat can béng.

2.3. D) do danh gia hiéu suit phan 16p

Trong truong hop dit liéu can béng, d0 chinh xac
(Accuracy) thudng dugc sir dung dé danh gia hiéu
quéa phan 16p. Tuy nhién, ddi véi dir liéu mat can
béng, viéc dwa vao do chinh xac khong con hiéu qua.
Ly do 1a trong dir liéu mat can bang, 16p c¢6 sé luong
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mau 16n (16p da s6) thuong duge du doan chinh xac
hon, 1am cho d6 chinh xé4c tong thé ciia mé hinh tré
nén cao mdt cach khong thuc té, bat chép viéc hiéu
suat dy doan trén 16p thiéu sd (c6 sd lugng mau it)
c6 thé rit kém. Do do, cac do do sau thuong dugc
sir dung dé danh gia hiéu suat phan 16p trén dir lidu
mét can bé“mg (Johnson et al., 2019; Liu et al., 2020).

Actual Label
Confusion Matrix
Positive Negative

Positi P
Predicted osttve True Positive
Label — ™
SENE True Negative

True Positive (TP): Observation is positive, and is predicted to be positive

False Negative (FN): Observation is positive, but is predicted negative

True Negative (TN): Observation is negative, and is predicted to be negative

False Positive (FP): Observation is negative, but is predicted positive

Hinh 7. Ma tran nham lan (Confusion Matrix)
(Paula et al., 2015)

Do chinh xac (Accuracy) la ty 1é giita sb truong
hop dugc du dgén chinh xac True Positive va True
Negative trén tong truong hop

TP+TN

Accuracy = (3)
TP+TN + FP+ FN

Do chinh x4c tuyét doi (Precision) 1a ty 1¢ phan
trdm cac truong hop True Positive du doan chinh
Xéc so v6i tong sb trudng hop du doan 1a Positive

TP

Precision =——— 4
TP+ FP

Do nhay (Recall) 14 ty 16 phan trim True Positive
dy doan chinh xac so véi tong soO truong hop du
doan 1a True Positive

Recall = L @)
TP+ FN

Fumeasure 14 moOt cach két hop giita Precision va
Recall thanh mét chi s6 duy nhat véi B 1a trong so
giira Precision va Recall

(B* +1)x Precision x Recall (6)

F =
Measure() B x Precisionx Recall
Frneasure khi B = 1 dugc goi Fl-score trd thanh
trung binh diéu hoa ctia Precision va Recall

Fl—score - 2 x Precisionx Recall ™
Precision x Recall
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3. XAY DUNG VA HUAN LUYEN MO
HINH
3.1. Chuén bi dir li¢u

Trong bai viét nay, chung t6i sir dung bo dit liéu
Cat Dog Dataset, c6 san trén thu vién Kaggle
(https:/www.kaggle.com/). B dit liéu nay bao gom
mot tap dit lidu huén luyén (train) véi 1000 hinh anh
meo va 11000 hinh anh cho, cung véi mot tap dir
liéu kiém thir (validation) gdm 1500 hinh anh méo
va 1500 hinh anh ché. M6i hinh anh trong bd dir li¢u
nay la mot anh mau véi kich thuée khac nhau. Moi
anh dugc gén nhan tir 0 dén 1, phan loai vao 2 16p,
v6i s6 0 twong ing vai 16p meéo va sd 1 twong tmg
véi 16p cho.

Péng thoi, bdo dir lidu ImageNet
(https://www.image-net.org/) ciing dugc st dung,
gdm 1,2 triéu hinh anh thudc 1000 danh muc khac
nhau, dé thyc hién viéc huén luyén (Pretraining) cho
md hinh. Viéc st dung dir li¢u tir ImageNet giup
cung cAp mot nén tang kién thtrc rong 16n cho md
hinh, tir 46 ¢6 thé tan dung dé cai thién hiéu suét khi
lam viéc véi b dir liéu Cat_Dog.

=)

750 1000 1250 1500

tensor([8) 1, 5,005 0 §,00500, 1,005 4, B0, 1,000, 1,000, 4,044,
1,1, 1,1,1,1,1,8)])

Hinh 8. Cac miu dir li¢u trong Cat_Dog
Dataset

3.2. Xay dung va huén luyén mé hinh

Dé theo dbi va luu trit gia tri mat mat (losses) va
d6 chinh xé4c (accuracy) cia mé hinh trén tap huan
luyén (train set) va tap kiém thir (validation set) sau
mdi ky huén luyén (epoch), chiing t6i khéi tao bon
danh sach (list): train_losses, train_acc, val losses,
vaval acc.

Train: Vong lip for chay qua sb luong epoch da
xac dinh truge (num_epochs). Trong moi epoch:
model dugc chuyén sang ché do hudn luyén
(model.train()).

— Mot vong lap bén trong chay qua tat ca cac
batch dir liéu trong train_loader.

—  Gradient ctia cc tham s6 model duoc dat vé 0.

— Model tién hanh du doan va mit mat dugc
tinh toan.


https://www.image-net.org/
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— Gradient dugc tinh toan thong qua phuong
thirc backward().

—  Céc tham s6 model dugc cap nhat bang thuat
toan cua optimizer.

— Gia tri mat mat va do chinh xac cia model
trén tap huan luyén duoc log lai.

Evaluate: Sau khi huan luyén xong trén tat ca
cac batch:

— Model dugc chuyén sang ché do danh gia
(model.eval()).

— Test data dugc dua qua model.

— MAét mat va do chinh xéc trén tap test dugc log
lai.

Luu trir va in két qua: Gia tri mat mét trung binh
va d6 chinh x4c trung binh cho tap huin luyén va tap
kiém thtr dugc thém vao cac list twong mg (xem
hinh 9).

1 from sklearn.metrics import

classification_report

3 target_names = ["Cat”, "Dog"]

cl unning_target, runnin _pr‘ads target_names)
targe np.hstack(running_target[:-1]}
np.concatenste((targets, running_target[-11))

2 predicts = np.hstackfrunning_preds[:-1]}

predicts = np.concatenate((predicts, running_preds[-1]))

report = classification_report(targets, predicts,

13 target_names=target_names,

14 zerg_division=2.e, output_dict=True)
del report['weighted avg']
return report

Hinh 9. Classification Report

4. KET QUA THUC NGHIEM

Dé chuan bi va xir 1y dit liéu: hinh anh dau vao
14 anh mau vé6i 3 kénh mau RGB s& dugc diéu chinh
kich thudc thanh 3x224x224 pixels dé dam béao kich
thuéc nhit quin cho mé hinh, kich thudc nay
thuong duge str dung trong cac md hinh hoc séu vi
n6 1a mot tidu chuan khong chinh thirc nhung phd
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bién cho hinh anh dau vao dic biét 1a trong cac mo
hinh dugc huin luyén truéc nhu VGG, ResNet ...
sau d6 chuyén hinh anh thanh tensor PyTorch va
chudn hoa dir liéu bang cach sir dung gia tri trung
binh (mean) va d6 1éch chuén (std) 1a 0,5 cho mdi
kénh mau, dwa gia tri pixel vé pham vi [-1, 1] gitp
céi thién qua trinh huén luyén. M6 hinh sir dung 13
kién trac ResNetl8 (cu thé la models.resnetl8 voi
weights=None), trong do6 16p cudi ciing duoc loai bo
va thay thé bang mot 16p méi phu hop véi hai 16p
ctia dit liéu dich: Méo va Ché. Dbi v6i qua trinh t6i
uu héa, mo hinh s€ st dung thuat toan Adam lam
optimizer va Cross Entropy Loss 1am ham mét mat,
v6i toe do hoc dugc thiét 1ap 13 0,0001. Thuc nghiém
dugc thiét 1ap dé kiém tra chin ky thuat khac nhau,

ap dung ba phuong phap t1ep can: Data, Model va
Loss, nham giai quyét van dé dit liéu mat can bang.
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Hinh 10. Pj chinh xic va d) mit mat trong
qua trinh huan luyén sir dung phwong phap
hoc chuyén giao

Bing 1. Két qua thwe nghiém cac phwong phap tiép cin Data, Model va Loss

METHOD EPOCH METRIC MACRO AVG CAT DOG
Over Aug 50 Train Loss: 0,87%, Accuracy: 99,68%
Precision 99,68% 99,62%  99,62%
Recall 99,68% 99,74%  99,74%
Fl-score 99,68% 99,68%  99,68%
Valid Loss: 127,69%, Accuracy: 79,05%
Precision 82,04% 9191% 91,91%
Recall 79,00% 63,60%  63,60%
Fl-score 78,49% 75,18%  75,18%
Over Dup 50 Train Loss: 2,53%, Accuracy: 99,12%
Precision 99,12% 99,09%  99,09%
Recall 99,12% 99,15%  99,15%
F1-score 99,12% 99,12% 99,12%
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METHOD EPOCH METRIC MACRO AVG CAT DOG
Valid Loss: 217,86%, Accuracy: 63,26%
Precision 72,53% 87,05% 87,05%
Recall 63,17% 30,93% 30,93%
F1-score 58,90% 45,65% 45,65%
Over SMOTE 50 Train Loss: 0,02%, Accuracy: 100%
Precision 100% 100% 100%
Recall 100% 100% 100%
Fl-score 100% 100% 100%
Valid Loss: 142,84%, Accuracy: 69,76%
Precision 71,09% 76,43% 76,43%
Recall 69,73% 57,07% 57,07%
F1-score 69.,24% 65,34% 65,34%
Under Clustering 50 Train Loss: 7,07%, Accuracy: 97,36%
Precision 97,45% 97,59% 97,59%
Recall 97,45% 97,30% 97,30%
F1-score 97,45% 97,45% 97,45%
Valid Loss: 253,87%, Accuracy: 61,08%
Precision 68,32% 79,89% 79,89%
Recall 61,00% 29,40% 29,40%
F1-score 56,67% 42,98% 42,98%
Under Random 50 Train Loss: 1,97%, Accuracy: 99,56%
Precision 99,70% 99,40% 99,40%
Recall 99,70% 100% 100%
Fl-score 99,70% 99,70% 99,70%
Valid Loss: 136,97%, Accuracy: 64,33%
Precision 67,91% 59,94% 59,94%
Recall 64,37% 86,60% 86,60%
F1-score 62,51% 70,85% 70,85%
Respet-lS 20 Train Loss: 0,18%, Accuracy: 99,95%
(weight=none)
Precision 99,88% 99,80% 99,96%
Recall 99,79% 99,60% 99,98%
Fl-score 99,84% 99,70% 99,97%
Valid Loss: 246,88%, Accuracy: 62,90%
Precision 75,82% 94,08% 57,56%
Recall 62,90% 27,53% 98,27%
Fl-score 57,60% 42,60% 72,59%
Class weight 20 Train Loss: 0,19%, Accuracy: 99,98%
Precision 99,85% 99,70% 100%
Recall 99,99% 100% 99,97%
Fl-score 99,92% 99,85% 99,99%
Valid Loss: 153,87%, Accuracy: 69,27%
Precision 75,33% 87,73% 62,94%
Recall 69,27% 44.,80% 93,73%
F1-score 67,31% 59,31% 75,31%
Focal Loss 20 Train Loss: 0%, Accuracy: 100%
Precision 100% 100% 100%
Recall 100% 100% 100%
Fl-score 100% 100% 100%
Valid Loss: 39,00%, Accuracy: 59,23%
Precision 74,29% 93,42% 55,17%
Recall 59,23% 19,87% 98,60%
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METHOD EPOCH METRIC MACRO AVG CAT DOG
F1-score 51,76% 32,77% 70,75%
Transfer Learning 10 Train Loss: 1,16%, Accuracy: 99,74%
Precision 99,05% 99,21% 99,88%
Recall 99,27% 98,70% 99,84%
Fl1-score 99,16% 98,45% 99,86%
Valid Loss: 13,39%, Accuracy: 95,20%
Precision 95,61% 99,93% 91,29%
Recall 95,20% 90,47% 99,93%
F1-score 95,19% 94,96% 95,42%

Két qua thuc nghiém da cho thdy hau hét cac
phuong phap déu dat hiéu suét cao trong giai doan
huén luyén, v6i do chinh xac thuong dat gan hoic
bang 100% cho c4ac phwong phap nhu
Over SMOTE va Focal Loss. Hiéu suét cao nay cho
thdy cdc mo hinh c6 kha nang hoc sy khéc biét giita
meo va cho tir dit liéu huéan luyén.

Bién dong hi¢u suit tap kiém thir: Tuy nhién,
hiéu suit tap kiém thu lai cho th.'?iy su bién dong
dang ké giita cac phuong phap khac nhau. Chang
han, trong khi phuong phap M6 hinh tién huan luyén
mang lai d§ chinh xé4c cao nhét 1a 95.20% trén dir
liéu tap kiém thir, phwong phap Focal Loss lai chi
dat do chinh xé4c thap 14 59.23%, cho thay su chénh
léch trong kha ning tong quat hoa cia cac phuong
phap khac nhau déi véi dir lidu chua ting thay.

Diu hiéu ciia hién twong qua khép: Sy glam
st dang ké trong hiéu suat tir huin luyén sang kiém
thir cho mét sO phuong phap (vi du, Over_Aug,
Over_Dup) c6 thé chi ra hién twong qua mirc khdp,
noi mé hinh hoc qua tt dir liéu huan luyén, bao gobm
ca nhiéu va dir liéu ngoai lai, dan dén hiéu sut kém
trén dir liéu mdi, chua ting théiy.

Hiéu qua cia mé hinh hoc chuyén giao:
Phuong phap Transfer Learning v6i md hinh
Resnet-18 ndi bat véi 6 chinh xac danh gia cao nhat
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