HUFLIT Journal of Science

CAI TIEN MO HINH HQC SAU DUA TREN CNN VA BI-LSTM TRONG VAN PE
GIAM SO LUONG THAM SO VA XU LY DU LIEU MAT CAN BANG
Nguyén Thi Phwong Trang”, Nguyén Pirc Cwdrng
Khoa Cong nghé théng tin, Trwong Pai hoc Ngoai ngit - Tin hoc Thanh ph6 H6 Chi Minh
trangntp @huflit.edu.vn, cuongnd@huflit.edu.vn

TOM TAT—Bai bao trinh bay cac cai tién trong mé hinh hoc sdu két hop CNN va Bi-LSTM, nhim giai quyét hai vin dé quan
trong: dir liéu m4t cin bing va d6 phitc tap tinh toan. D& d6i phé véi dit liéu mat can bing, cac k§ thuat nhu: k§ thuat ting
cwdng miu thiéu s6 (SMOTE), ki thuat gidam miu dw thita (Undersampling), va diéu chinh trong s& 1ép dwoc 4p dung, giup
nang cao d6 chinh xac cho cac 1&p thiéu s6 trong bo dir liéu. Két qua thwc nghiém trén bo dir liéu UCI Student Performance cho
thay hiéu qua ctia mo6 hinh trong viéc dw doan hiéu suit hoc tip cta hoc sinh. Trong khi d6, d€ giam do6 phirc tap tinh toan, bai
b4o 4p dung ki thuat tich chap phan tach theo chiéu sdu (Depthwise Separable Convolutions) nhim gidm s6 lwgng tham s8
ctia mo hinh. K&t qua duwgc trinh bay théng qua bai todn dy bao chit lwgng khéng khi PM2.5 tai Thanh phé H6 Chi Minh, chirng
minh tinh hiéu qua trong viéc tiét kiém tai nguyén tinh todn ma khong lam gidm hiéu suit dw doan.
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I. GIO'1 THIEU

Trong bdi canh ctia Cudc cdch mang cong nghiép Ian thi tw, ky nguyén bung né ctia Céng nghiép 4.0, cac linh vuc
hoc mdy va hoc sdu da ndi 1én nhw nhitng diém trong tim thu hut sw chi y ctia cac nha nghién ctru. M6t trong
nhitng loi ich t6t nhat clia hoc siu la né cé thé hoc cac dic trung tir dit liéu gbc. Viéc két hop t6i wu hda véi hoc
may nhw mot hinh thitc hoc sdu dwa trén mé hinh sé gitp qua trinh hoc c6 két qua tdt hon [1, 2]. M6i mé hinh hoc
sau str dung cac kj thuat may hoc khac nhau sé cho ra két qua véi do chinh xac khac nhau [3]. V&i kha nang h6 tro
manh mé& ctia m6 hinh hoc sau trong viéc hoc cac biéu dién tinh niang phttc tap tit mét lwong 1én dit liéu, xu hwéng
4p dung cac mé hinh hoc siu vao cac bai todn dw doan thudc cic linh vie nhw kinh té [4, 5], gido duc [6], y té va
cham séc sirc khoe [7, 8], moi trwong [9], quan 1y tiéu thu ndng lwong [10, 11], x& Iy ngén ngit tw nhién [12, 13]
va du doan chudi thoi gian ngdy cang ting [14, 15]. Cac thuat todn dwa trén hoc may va hoc siu 1a nhitng cach tiép
can kha phoé bién trong viéc giai quyét cac van dé dw doan theo chudi thoi gian. Cac ki thuat hoc may dwoc sir
dung nhiéu nhit trong cac nghién cttru trén nhw: RNN, CNN, LSTM, BiLSTM. Nhitng ki thuit nay da dwoc chirng
minh 1a tao ra két qua chinh xac hon so véi cdc mé hinh dwa trén hoi quy thong thwong. The Recurrent Neural
Network (RNN) dwgc biét dén nhw mot trong nhitng cich ti€p cin hiéu qua dé giai quyét cac bai toan vé du bao
chudi thoi gian [16]. Mdt s6 nghién ciru khac sir dung mot sb bién thé ciia RNN nhw Long Short-Term Memory
(LSTM) va Bidirectional Long Short-Term Memory (Bi-LSTM) va thu dwgc nhiéu két qua kha quan trong mot sé
rng dung. Nghién ctru cia Sahoo va cac dong sw trong [17] chi ra rdng LSTM-RNN rat hitu ich trong qua trinh xt
ly chudi thoi gian lién tuc. M6 hinh LSTM-RNN cho két qua t6t hon mo hinh chi sit dung RNN trong bai toan dw
bao méit d6 lwong nwée thip tai lwu vec sdng Mahanadi (An bd) theo muc dich dw bao trwéc mot buére theo cac
gia tri hang thang, phwong phap dya trén tat ca cac gia tri hang thang ctia ndm truéc. M6 hinh bao goém mot 16p
input, mot 1¢p hidden 14 16p LSTM véi cac khdi nhé va mét 16p output. Kién triic LSTM gitp ghi nhé cac chudi dit
liéu d4u vao dai hon. Mot kién tric BiLSTM thwdng chiva 2 mang LSTM don dwgc stt dung dong thoi va doc 1ap dé
mo hinh ho4 chudi d4u vao theo 2 hwéng: tir trai sang phai (forward LSTM) va tir phai sang trai (backward LSTM).
Trong [18] nhém tac gia @& xuit md hinh BOP-BL dya trén Bi-LSTM d€ dw doan gid dau. Kién trdc mé hinh gom 2
khoi, khéi thi nhat str dung ba 1&p Bi-LSTM, khéi thi hai c6 mot 16p két ndi day du d€ dw doan gia dau. Trong [19]
nhém tac gia chi ra rang cac mo hinh Bi-LSTM vwot troi hon dang ké so v&i cdc mo hinh LSTM thong thwong. Cu
thé, khi st dung hai mé hinh trén d€ dw bao dir liéu chirng khodn, m6 hinh Bi-LSTM vwot troi hon LSTM véi ty 18
16i gidam 37,78%, tuy nhién mo hinh Bi-LSTM dat dén trang thai can bang chadm hon so véi cadc LSTM. Twong tu,
vGi nghién ciu trong [20], nhém tac gid sit dung moé hinh Bi-LSTM dwa trén hoc sdu (DLBL-WQA) dé duw bao cac
yé&u t6 chit lwong nwéce cla song Yamuna (An D). Két qua thwe nghiém cho thay gi tri dw bdo ctia mé hinh tét
hon mé hinh LSTM. Dit liéu chudi thoi gian ¢6 cAc méi quan hé bat bién theo thoi gian, diéu nay 1am cho cac md
hinh dwa trén CNN phtt hgp véi cac tic vu chudi thoi gian. Mot s6 nghién ctru da két hgp CNN va BiLSTM trong dw
doan chudi thoi gian. CNN giup trich xudt va gidm kich thuéc tinh nang va sau dé Bi-LSTM dwoc gidi trinh tw dé
dv dodn cac gia tri cu thé. Cach tiép cin nay gidp cai thién hiéu suit va thoi gian clia cdic mo hinh dw doadn. Trong
[21] cAc tac gid da dé xuidt phwong phap st dung CNN va Bi-LSTM dé€ du dodn mirc tiéu thu nang lwong dién. Két
qua cho thdy mo6 hinh céi thién hiéu suit cia md hinh dw dodn. Nghién ctru trén cho thiy cic mé hinh CNN va Bi-
LSTM c6 hiéu suit t6t vé phat hién dit liéu chubi thoi gian va cé thé tim ra cac van dé gy ra theo thoi gian, c6 thé
trich xudt cac tinh ning cuc b6 mdt cach hiéu qua, nhwng ciu triic mang twong ddi phirc tap va dd phirc tap tinh
todn cao, doi hoi nhiéu tai nguyén tinh toan trong qua trinh dao tao va dyw doan. Vi vay su két hop dwa trén CNN
va Bi-LSTM khéng thé cai thién hiéu suit trong mdt sé trweong hop bdi vi cdc mo hinh dwa trén CNN ¢6 thé mét cac
tinh nang thiét yéu do cic dic diém han ché ctia dir liéu. Nhiéu ciu tric dwoc dé xuit dé giam do phirc tap tinh
toadn va sd lwgng tham sé ctia cic m6 hinh CNN. Trong d6, Depthwise Separable Convolution (Tich chép chiéu sdu

* Coressponding Author



12 CAI TIEN MO HINH HOC SAU DU’A TREN CNN VA BI-LSTM TRONG VAN DE GIAM SO LFONG THAM SO...

tach biét) dwoc st dung rong rai [22-24]. Depthwise Separable Convolution 1a mét cdi tién trong MobileNet, kién
tric nay khdng ap dung bé loc 1én toan bd dd siu cia layer trwéc d6 ma chi dwoc 4p dung trén mot diém don 1¢é,
gitp gidm kich thwéc va s6 lwong tham s6 clia mo hinh. Trong [24] céc tac gid dé xudt mo hinh chuin doan 18i ciia
cac 6 truc str dung CNN dwa trén Depthwise Separable Convolution gitp cai thién hiéu qud, ting dé chinh xac cta
qud trinh nhan dang va ddm bao téc d6 tinh toan nhanh, khéng gian tham s6 nho, md hinh c6 kha ning hoc thay
d6i nhanh va hiéu suit chdng nhiéu.

Bai bao tap trung vao viéc cai tién mo hinh hoc sau bang st dung Convolutional Neural Networks (CNN) va
Bidirectional Long Short-Term Memory (Bi-LSTM) v&i viéc giai quyét hai thach thitc chinh:

e  Giam s0 lwong tham s6 trong mo hinh: M6t trong nhitng vin dé ndi bat khi phat trién cadc m6 hinh hoc sau
14 s6 lwong tham s& 1én, dan dén chi phi tinh to4n cao va khé khin trong viéc trién khai trén cac hé théng
tai nguyén han ché. Viéc gidm s6 lwong tham s6 ma khong lam gidm hiéu suit ctia mé hinh 1a mot bai toan
quan trong. Bing cach két hop Depthwise Separable Convolutions (DSC) véi mé hinh sé gitip t6i wu héa
c4u triic md hinh sao cho gidm thiéu tham s6 ma van duy tri kha ning hoc tét tir dit liéu.

e  Xirly ditliéu mat can bang (Imbalanced Data): Dit liéu m4t cAn bang, trong dé mot s6 16p c6 s6 lwong mau
quad it so v&i cac 16p khac, 1a mdt thach thirc 16n trong viéc hudn luyén mo hinh hoc sdu. Cic m6 hinh hoc
sdu c6 xu hwdng thién vé cac 16p co thn sult cao, din dén viéc du doan khdng chinh xac cho cac 1ép it phd
bién. Bai bao s& nghién ctru cac k§ thuat nhw diéu chinh trong s6, tai cAn bang dir liéu va cac phwong phap
hoc khong gidm sat dé cai thién hiéu sudt mé hinh d8i véi dit liéu mat can bang. Cu thé, bai bao di su vao
rng dung ctia k§ thuat ting cwdng mau thiéu s (Synthetic Minority Over - sampling Technique - SMOTE),
bién thé ctia SMOTE la Borderline-SMOTE, ki thuat 14y mAu téng hop thich nghi (Adaptive Synthetic
Sampling - ADASYN) va cac ky thuit twong tw trong phan tich dir liéu bang, cung cip théng tin chi tiét vé
céch giai quyét hiéu qua cac thach thirc mat can bang dir liéu

Nhirng déng gop chinh ctia nghién ctru ndy dwoc tém tat nhu sau:

e  Xay dwng mod hinh tich hgp CNN va Bi-LSTM (goi 1a mé hinh CLS) két hop SMOTE dé d6i pho véi dir liéu
mat can bang trong bai todn dw doan k&t qua hoc tip clia hoc sinh trén bd dit litu UCI Student
Performance. Thywc nghiém trén 4 mo hinh khac nhau: CNN-LSTM, CNN-Bi-LSTM va Naive Predictor,
XGBoost. Két qua cho thdy mo hinh cta dé xuit hoat dong t6t hon cac phwong phap thwc nghiém khéc.

e Xay dwng mo hinh tich hgp CNN va Bi-LSTM, trong d6 CNN dwoc két hgp véi Depthwise Separable
Convolutions d€ ting hiéu sudt mé hinh (goi 1a mé hinh CDL). Phén thwc nghiém tién hanh danh gid kha
ning dv bdo clia phwong phap dé xuit va so sdnh két qua véi cdc mé hinh LSTM, Bi-LSTM, CNN-LSTM,
ARIMA va PM25-CBL trong bai todn dw bao nong dd bui min PM2.5 trong bo dir liéu Air Quality HCMC tai
Vietnam. K&t qua chi ra rang mo hinh CDL vwot troi so véi cdc phwong phap thir nghiém khac déi véi tip
dix liéu Air Quality HCMC vé cac chi s6 MSE, RMSE, MAE va MAPE.

Phén con lai ctia bai viét ndy dugc t6 chirc nhw sau. Tém tit cic nghién ctru lién quan dwoc trinh bay trong Phan
2. CAc md hinh dé xuat dwoc trinh bay trong Phan 3. K&t qua thwc nghiém & Phin 4. Cudi cing, Phin 5 dwa ra két
luan cta nghién ctru nay.

II. CAC CONG TRINH LIEN QUAN

Trong nhitng ndm gan day, nhiéu nghién ctru da chi ra rang viéc xt Iy hiéu qua dir liéu m4t can bang c6 thé cai
thién dang ké hiéu suit cia m6 hinh hoc sdu. Cac phwong phap nhw SMOTE (Synthetic Minority Over-sampling
Technique), ADASYN (Adaptive Synthetic Sampling) da dwoc ap dung rong rai dé giai quyét van dé nay. Nghién
ctru clia Kannan va dong su trong [25] 4p dung SMOTE va ADASYN dé ting cwdng mau cho 1ép thiéu s6 trong cac
bai toan phén loai y té. Két qua cho thay viéc str dung cac ky thuit nay gitp cai thién d6 chinh xac cia mé hinh, véi
d6 chinh xac dat 99.2% trén bo dir liéu COVID-19, 99.4% trén bo dit liéu Kidney, va 99.5% trén bo dit liéu Dengue.
Ho ciing sir dung TabNet, mdt mé hinh hoc sdu chuyén biét cho dit liéu bang, dé xtt 1y dir liéu mat can bing va dat
dwoc hiéu suit cao trong cac bai todn phan loai y té. Ngoai ra, nghién ctru cia Joloudari va cong sw [26] dd két hop
SMOTE véi mang CNN d€ xtr 1y dit liéu mat can bing trong cac bai toan phan loai. K&t qua cho thdy mo hinh két
hop nay dat dd chinh xac 1én cao trén 24 bo di¥ liéu mAit cin bang, vot trdi hon so véi cac phwong phap khac nhuw
chi str dung CNN hoZc SMOTE riéng lé. M6t nghién ctru khac ctia Liu va cong sw [27] da dé xuét phwong phap Deep
Attention SMOTE, két hop gitta SMOTE va co ché chu y trong hoc sau dé cai thién viéc tao mau cho 1ép thiéu sé.
Két qua cho thdy phwong phap nay gitp cai thién kha ning phén loai 1&p thiéu s6 va gidm thiéu sy thién 1éch cta
mo hinh. Nhitng nghién cttu nay cho thiy ring viéc 4p dung cic phwong phéap xtt Iy dit liéu mat cAn bing nhw
SMOTE, ADASYN c6 thé gitp cai thién hiéu suit ctia mé hinh hoc sau trong cac bai toan phan loai, dic biét 1a khi
d6i mit véi dir liéu mat can bang. Trong phan tich dit liéu bang, viéc gidi quyét tinh trang mat can bang dir liéu 1a
rit quan trong va cac phwong phap 14y mau qua mirc nhw SMOTE va ADASYN déng vai tro quan trong trong viéc
can bang phan phdi 16p va ngin ngira sai léch khi dao tao. SMOTE tao ra céc lap trwong tong hop cho 16p thiéu sd,
trong khi ADASYN diéu chinh quy trinh dé tip trung vao cac trweong hgp diy thach thirc. Cic phwong phap nay
khong chi cAn bang c4c tap dir liéu ma con ting cwdng kha ning phan biét mé hinh trong cac 16p thiéu s, thuc day
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dd chinh xac dw doan. Bai bao nay di sau vao (rng dung cia SMOTE, ADASYN va cac kj thudt twong ty trong phan
tich dit liéu bang, cung cip thong tin chi tiét vé cach giai quyét hiéu qua cac thach thirc mat can bang dir liéu.

Hién nay, van dé vé 6 nhiém khong khi dang 1a méi quan tdm ctia thé gi¢i va Viét Nam, béi tadc dong nghiém trong
clia n6 dén moi tredng va stec khde con ngudri. Khong khi xung quanh chira cac chit gy 6 nhiém bao gdm: cac chat
6 nhiém dang bui (particulate matter, aerosol) va cac chit 6 nhiém dang khi. Trong d6 PM2.5 1a ch4t 6 nhiém dang
bui dwoc xem 1a ké giét nguwoi thim lang nguy hiém nhit hién nay. Cé nhiéu nghién ciru st dung may hoc va hoc
siu dé dw dodn PM2.5. Pak va cOng sw trong [28] di sir dung Hoc sdu dé dw dodn néng do PM2.5 & mdt s6 thanh
phé & Trung Qudc. Mé hinh st dung CNN-LSTM c6 hiéu suit dw dodn tét va 6n dinh hon so véi cdc mo hinh
perceptron (MLP). Vo va cac cdng su trong [29] phat trién mo hinh hoc sdu PM25-CBL tich hgp CNN va Bi LSTM
dé du doan ndong do6 PM2.5 trong bo dit lidu Air Quality HCMC. Két qua thwc nghiém x4ac nhan ring PM25-CBL Két
qua chi ra ring mo6 hinh PM25-CBL vwot trdi so v&i cdc phwong phap doan chudi thoi gian bao gdm LSTM, Bi-
LSTM, CNN, CNN-LSTM, CNN-Bi-LSTM va ARIMA trén b dit liéu Air Quality HCMC vé cac chi s6 MSE, RMSE, MAE
va MAPE. Céc tac gia trong [30] x4y dwng md hinh str dung CNN va LSTM d€ dy doan noéng d6 PM2.5 hang gi¢
trong 24 gi¢r sap téi trén sau dia diém tai Thanh phd H6 Chi Minh (HCMC), véi tap dit liéu dugc 1y tir 6 tram do
khong khi theo thoi gian thwe. Nghién ciu chi ra két qua mé hinh dw dodn t6t hon khi so sanh v&i cac phwong
phap SGDRegressor, XGBoost. Cac mo hinh trén dwa ra dw dodn PM2.5 véi do chinh xac cao, tuy nhién van con han
ché vé thoi gian huin luyén mé hinh hodc mét s6 mo hinh khéng thé 4p dung cho viéc dy doan tai cic dia diém
khéc c6 tp dit liéu v&i nhiéu tinh ning khac nhau. Trong nghién ciru nay, ching tdi phan tich sy anh hwéng cta
cac bién s dén ndng d6 PM2.5 trong bo dit liéu Air Quality HCMC tai Vietnam. Tiép dén xiy dung mo hinh PM25-
CBL tich hop CNN va Bi-LSTM, trong d6 CNN duwoc két hop véi Depthwise Separable Convolutions dé€ ting hiéu
sudt mo hinh. Phan thwc nghiém tién hanh danh gia kha niang du bao clia phwong phap dé xuit va so sanh két qua
v&i cac md hinh LSTM, Bi-LSTM, CNN-LSTM, ARIMA va PM25-CBL. K&t qua chi ra rdng mé hinh PM25-CDSCBL
vuot troi so vdi cac phwong phap thir nghiém khac ddi véi tp dit liéu Air Quality HCMC vé cac chi s6 MSE, RMSE,
MAE va MAPE.

I1I. CAC MO HINH PE XUAT

A. MO HINH DU’ POAN KET QUA HOC TAP SINH VIEN

1. CAC BO DU LIEU

Trong bai bao nay, ching t6i st dung ba tap dit liéu: tip dit liéu Student Performance in Mathematics [30], tap dit
liéu Student Performance in Portuguese language [30] va tap dit liéu Students’ Academic Performance (xAPI) [31].
Thu thap tir UCI ML Repository, tap dit liéu Student Performance in Mathematics cé 395 bd véi 33 thudc tinh,
trong dé thudc tinh 'G3’ dwoc chon lam ddi twong dw dodn. Véi tip dir liéu Student Performance in Portuguese
language, c6 tdng cdng 649 b, bao gdm 33 thudc tinh, trong d6 thudc tinh 'G3’ dwgc chon 1am ddi twong dw doan.
Cuéi cung, tip dit liéu Students’ Academic Performance bao gom 480 bd va 16 thudc tinh, trong dé cac nhian dw
doan dugc chia thanh 3 16p.

2. MO HINH PE XUAT
Trong phan ndy, chung tdi gi¢i thiéu kién tric tdng thé bao gdbm tién xir 1y, phan chia tap dit liéu, 14y mau xt ly
mat cin bing, phan loai va danh gia. Kién tric chung dwoc trinh bay trong Hinh 1.

a) Bwdrc 1: Tién xtr ly dir liéu (Data preprocessing):

Truwdc khi dao tao mé hinh, d€ ddm bao md hinh x 1y hiéu qua, ching tdi d3 4p dung ma hda one-hot trong qua
trinh xt 1y dit liéu trwérc. Pidu nay chuyén déi cac bién phan loai thanh dang nhi phan, giip mé hinh hoc dé dang
hon véi dir liéu phan loai. Bwdc chon dac trung (Feature selection) st dung cic phwong phap nhu Pearson
Correlation va Linear Regression, cing v&i Chi square score d€ chon cac dic treng quan trong nhat cho mé hinh.
Diéu nay gitp giam thiéu dd phirc tap va cai thién hiéu sudt mo hinh. Diu tién, m6 hinh sé tinh Pearson Correlation.
Thudc tinh nao c6 sigps >= 0,6 hoic sigps <= 0,6 trong Pearson Correlation sé& dwoc gitt, néu abs (sigps) <= 0,6, md
hinh sé& x6a thudc tinh nay. Sau khi xéa cac thudc tinh dwoc xac dinh 1a khéng twong quan, chiing t6i chuin héa dir
liéu bing phwong phap chia ty 1& Min-max cho c4c thudc tinh (trir cac tinh ning dugc dw doan). Bwdc chuin hda
dit liéu (Normalize data) dam bao tat ca cac ddc trung cé cung thang do, gitip md hinh hoat dong hiéu qua hon.

b) Bwéc 2: Chia dir liéu

Tiép theo, chia tAp dit liéu thanh tAp hudn luyén va tap kiém tra bang cach st dung Random sampling va Fractional
Sampling Floor. Vi bd dit liéu cé sy chénh léch vé s6 lwong phin tir gitra cac 16p dw doan, nén mé hinh st dung
cac phwong phap danh trong sé va tang kich thwéc miu 16p thiéu s6 dé ddi phé véi bo dir liéu mat can bang.

¢) Bwérc 3: Hudn luyén va danh gia mo hinh

Tép huin luyén sé dwgc dwa vao d€ hudn luyén véi cac thuit todn hoc may va thu dwoc mé hinh dw doan. M6 hinh
du doan nay sé dwgc kiém tra dwa vao tip véi cac chi sé Accuracy, Precision, Recall, F1-Score. Trwéc khi hudn
luyén, ching t6i thiét 1ap ba trwong hop: Repeated Cross-validation, oversampling véi SMOTE, oversampling véi
ADASYN, va oversampling véi Borderline SMOTE.
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Hinh 1. Mé hinh CLS dw dodn két qud sinh vién

B. MO HINH DU POAN NONG PO BUI MIN PM2.5

1. BO DU’ LIEU

Dit liéu str dung la Air Quality HCMC dataset dwoc cung cip b&i Open Development Mekong [32]. BO dit liéu gom
7 bién: ngay (Date) dwoc dung lam index trong bd dit liéu, nhiét dd (Temperature), d6 4m (Humidity), téc dd gi6
(Wind Speed), PM2.5 (gi4 tri muc tiéu), swong (Dew) va ap suit (Pressure) (Bang 1). Trong d6, PM2.5 la bién cin
du bio, cac bién con lai dwoc dung lam dau vao. Moi quan hé gitra cac bién temperature, humidity, wind speed,
dew va pressure v&i néng dé PM2.5 trong Air Quality HCMC dataset dwgc minh hoa trong Hinh 2. Quan sat tir cot
cudi cia ma tran phan tan cho thiy temperature, dew, humidity va wind speed c6 xu hwéng twong quan 4m nhe
v&i ndng do PM2.5, trong khi pressure thé hién méi twong quan dwong nhe. Vi viy, nghién ciru nay lwa chon st
dung toan bo cac bién temperature, dew, humidity, wind speed va pressure trong mé hinh dé xuit.

Bang 1. Cdc bién ctia tdp dir liéu Air Quality HCMC
TT Bién Min Max Median Pon vi
1 Ngay 30-12-2019 | 20-01-2021 | 10-07-2020 Ngay
2 Nhiét d6 trung binh 23 31 27.5 °C
3 Do 4m trung binh 47 100 76.5 %
4 | Téc dd gio6 trung binh 0.5 5.4 2.3 m/s
5 Swong trung binh 14.5 26.5 24 oC
6 Ap sudt trung binh 1003 1014 1009 hPa
7 | Nong dd PM2.5 trung binh | 5 171 68 ug/m?

2. MO HINH DPE XUAT

Mb hinh CDL dwoc phat trién nhim giai quyét bai toan dw doan nong do PM2.5 trong khéng khi, mot trong nhitng
yéu td quan trong trong viéc bao vé strc khoe cong ddng va méi treorng. M6 hinh CDL két hgp cac ki thuit hoc sdu
hién dai nhuw Convolutional Neural Networks (CNN), Bidirectional Long Short-Term Memory (Bi-LSTM) va
Depthwise Separable Convolution (DSC) d€ dat dwoc hiéu qua cao trong viéc dw doan néng dé6 PM2.5. Kién tric
mb hinh CDL dwgc trinh bay trong hinh 3 v&i hai giai doan chinh: Hudn luyén va Thi nghiém.
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Hinh 2. Ma trdn phdn tdn ctia cdc bién véi bién pm2.5

a) Lop Convolutional Neural Networks (CNN) véi Depthwise Separable Convolution (DSC)

Lép CNN két hop véi DSC gitp gidm thiéu s6 lwgng tham s6 trong md hinh ma van gitr dwoc hiéu sut cao trong
viéc trich xuit dic trung khong gian. DSC 1a mdt ki thuét gitip phan tach cac phép toan convolution thanh hai phin
nho hon, tir @6 gidm thiéu tinh todn va sé lwgng tham sé. Lép CNN nay déng vai trd quan trong trong viéc hoc cac
d4c trung khong gian cta dit liéu, ching han nhw cic xu hwéng thoi gian va sy thay d6i trong nong do PM2.5. Viéc
két hop CNN véi DSC gitip gidm s6 lwgng tham sé trong mo hinh, dong thoi duy tri kha ning hoc dic trung manh
mé tw dit liéu.

Depthwise Separable Convolution cé thé dwgc chia thanh hai bwéc chinh: Depthwise Convolution: Thwc hién phép
tich chép riéng biét cho tirng dic trung va Pointwise Convolution dé két hop cac dic trung.

Cong thirc Depthwise Convolution:

K-1
Vie = Z Xitk,c * Wi,c
k=0
Trong doé:
N iz e an R S
¥i la gia tri dau ra tai vi tri i cia dac trung c
hY sz . x . ~
Xi+k,c 12 gid tri mau i+k trong déc trung c
Wy, . 1a trong s6 bo loc véi chiéu dai K
Cong thirc Pointwise Convolution:
A
Yier = Z Xic* Weer
c=0

Trong do:
Vi 1a gia tri dau ra tai vi tri i ciia ddc trung ¢’

x; . la giad tri dau ra tai vi tri i cia ddc trung ¢’
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W, 1a trong s6 bd loc két hop cac dac trwng dé tao ra ddc trung dau ra ¢’ trong bang dit liéu véi A ddc trung

b) Lép Bidirectional Long Short-Term Memory (Bi-LSTM)

Bi-LSTM c6 kha nang xir ly thong tin theo ca hai chiéu thoi gian (tir qua khit dén hién tai va tir hién tai dén qua
khtt). Diéu nay gitip mo hinh hiéu rd hon vé cic m6i quan hé gitta cac sw kién trong chudi thoi gian, dic biét 1a
trong cac bai toan nhw dw doan néng dd PM2.5, noi thong tin tir qua khit va twong lai déu cé thé anh hwdng dén
dw doan.

CNN layers Bi-LSTM Output
Input (Separable Conv) layers

Bi-LSTM
- ) g —
Bi-LSTM

1

Dropout
0,1

00000

Dense
Output

Hinh 3. Kién triic mé hinh CDL giai dogn hudn luyén

Trong giai doan }(iém thir, chi ndm bién gdm temperature, humidity, wind speed, dew va pressure dugc dua vao mo hinh
da huan luyén dé du bao gia tri PM2.5. i
IV. KET QUA THU'C NGHIEM

A. THIET LAP THU'C NGHIEM
Két qua thwc nghiém dwoc trién khai trén framework Keras véi may tinh Ubuntu Intel Core i7-4790K (4.0 GHz x
8 cores), RAM 32 GB, va GeForce GTX 1080 Ti.

B. KET QUA MO HINH DU’ POAN KET QUA HOC TAP SINH VIEN

Cac théng s6 ciu hinh cta ca hai m6 hinh dwoc trinh bay trong Bang 2. M6 hinh CLS bao gém ba 16p tich chip 1D
(1D Convolution) véi 64 bd loc mbi 1¢p. Bén canh d6, mé hinh ciing st dung cac 1¢p Max Pooling va Bi-LSTM dé
hoc cac dac trueng phirc tap.

Két qua thyc nghiém sau khi stt dung SMOTE két hop CNN véi LSTM va Bi-LSTM, két qua ctia mo hinh CLS khi két
hop CNN véi Bi-LSTM c6 sw ci thién cao, qua trinh dao tao dwgc thé hién & hinh 4 va Ian lwot thé hién cac tham
s6 dd chinh xac va mit mat (accuracy va loss). Nhw chiing ta c6 thé thiy, dd chinh x4c cta ca tAp hudn luyén va tap
kiém tra déu ting nhanh trong 20 epochs d4u va dat chi s chinh xac cao cho tip kiém tra. Bén canh do, 1&p Dropout
dwoc thém vao d€ gidam hién twong overfitting, do d6 ching ta c6 thé thdy chi s6 accuracy cia tap huin luyén nho
dat két qua tdt. Ngworc lai, chi s6 loss cé xu hwéng giam dang ké trong 20 ky nguyén diu tién. Cac két qua thuc
nghiém ctia m6 hinh dwoc trinh bay va so sdnh trong bang 3 cho thiy hiéu qua vwot troi gitta két qua ciia mé hinh.

Bang 2. Cdc théng s6 cdu hinh ctia mé hinh CLS

STT Loai lép S6 no-ron (Neurons) (i’(;;:;rgtse?‘s)
1 Tich chip 1 chiéu (1D Convolution) (None, None, 5, 64) 192
2 P(’;(?(?li;lg): dai 1 chiéu (1D Max (None, None, 5, 64) 0
3 Tich chip 1 chiéu (1D Convolution) (None, None, 4, 64) 8,256
4 lg(?(ﬁiillg dai 1 chiéu (1D Max (None, None, 4, 64) 0
5 Flatten (None, None, 256) 0
6 LSTM hai chiéu (Bi-LSTM) (None, None, 128) 164,352
7 Dropout (None, 128) 0
8 LSTM hai chiéu (Bi-LSTM) (None, 64) 41,216
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Hinh 4. D chinh xdc khi hudn luyén va kiém tra dir liéu véi CNN va Bi-LSTM trong ba bé dir liéu Student Performance in
Mathematics Dataset (a) Portuguese language dataset (b) va xAPI dataset (c)

Bang 3. Dw dodn két qud trong Student Performance in Mathematics Dataset va Portuguese language dataset

CNN véi LSTM (cia CNN véi Bi-LSTM  Random forest XGBoost
bai bao) (caa bai bao - CLS)
Accuracy 89.23% 92.31% 76.9% 78.9%

D&i vai dit lieu xAPI, ching tdi str dung 14y mAu qua mirc véi phwong phap ADASYN kha hiéu qué khi két hop véi
céc thuit todn hoc mdy, tao ra két qua kha tich cwc khi chi s6 d6 chinh x4c vwot troi so véi cdc phwong phép 14y
mau qua mic khac. Véi CNN két hop véi LSTM va Bi- LSTM (CLS), chiing toi ting thoi gian hu4n luyén 1én 100
epochs va dat két qua t6t khi chi s6 chinh xac dat téi 84,38%. Bang 4 so sanh két qua gitta CNN v&i LSTM, CLS
(CNN véi BiLSTM) va két qua thwc nghiém trwdc d6 cta Elaf Abu Amrieh va dong su [30]. K&t qua cta ching t6i
cao hon 10% so v&i két qua ctia Elaf Abu Amrieh va cho thiy XAPI két hop véi BiLSTM tao ra két qua thwe sw hiéu
qua.

Bang 4. Ddnh gid mé hinh trong xAPI dataset

CNN véi Bi-LSTM (CLS) CNN véi LSTM (caa bai bao) ANN [30]
Accuracy 84.38% 80.21% 73.8%
Precision 84.26% 80.17% 73.8%
Recall 85.21% 80.59% 73.9%
F1-Score 84.47% 80.33% 73.2%

C. KET QUA MO HINH DU’ POAN NONG PO BUI MIN PM2.5

Trong phan nay, dé chirng minh hiéu qua ctia mé hinh, chiing t6i cai dit trén cing bo dir liéu véi cdc mo hinh: CNN-
LSTM, ARIMA, PM25-CBL trong bai bao [31] va m6 hinh ctia ching t6ila CDL. chiing t6i so sdnh hai mo hinh PM25-
CBL [31] va CDL vé c4u truc va hiéu qua tinh toan. Cac thong sd cdu hinh cta ca hai m6 hinh dworc trinh bay trong
Bang 5 va Bang 6. Trong qua trinh thwc nghiém, gia tri loss & ca giai doan huin luyén va kiém thir dwoc theo doi
hinh (5). K&t qua cho thdy dwong loss & hai giai doan gan nhu 6n dinh sau khodng 100 epoch, vi vAy mé hinh dwoc
dn dinh huin luyén trong 100 epoch. Ngoai ra, nghién cttu st dung batch size = 30 va b6 t6i wu Adam cho mo6 hinh
CDL, vé&i learning rate khéi tao 1a 0,001.

M6 hinh PM25-CBL (Bang 5) bao gom ba 1¢p tich chap 1D (1D Convolution) véi 64 b loc mbi 16p. Bén canh do,
mo hinh ciing stt dung cac 1&p Max Pooling va Bi-LSTM d€ hoc cac dic trung phirc tap. Tdng cdng, mé hinh PM25-
CBL ¢6 214,081 tham s6. Lép Bi-LSTM dau tién c6 164,352 tham s8, chiém phin 1én trong tdng s6 tham s clia mo
hinh. M6 hinh CDL (Bang 6) thay thé cac 1¢p tich chap théng thwong bang 16p SeparableConv, gitip giam thiéu s
lwong tham s6 va dé phic tap tinh todn. Cu thé, CDL st dung hai 16p SeparableConv va mot 16p Bi-LSTM gidng
nhw md hinh PM25-CBL. Téng s6 tham s6 clia mé hinh nay 1a 67,299, thdp hon dang ké so véi PM25-CBL, chi yéu
do viéc str dung 16p SeparableConv gitip gidm thiéu sé lwgng tham sé.
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Bang 5. Cdc thong sé cdu hinh ctia m6 hinh PM25-CBL [31]

STT Loai lop SO no-ron (Neurons) (Pszigrlr?gclesri)
1 Tich chép 1 chiéu (1D Convolution) (None, None, 5, 64) 192
2 GOp cuc dai 1 chiéu (1D Max Pooling) (None, None, 5, 64) 0
3 Tich chép 1 chiéu (1D Convolution) (None, None, 4, 64) 8,256
4 GOp cuc dai 1 chiéu (1D Max Pooling) (None, None, 4, 64) 0
5 Flatten (None, None, 256) 0
6 LSTM hai chiéu (Bi-LSTM) (None, None, 128) 164,352
7 Dropout (None, 128) 0
8 LSTM hai chiéu (Bi-LSTM) (None, 64) 41,216
Tong tham sé: 214,081
Bang 6. Cdc thong sé cdu hinh ctia mé hinh CDL
STT Loai lép S6 no-ron (Neurons) (Psi‘grlr?:‘:esri)
1 Tich chép 1 chiéu (1D Convolution) (None, None, 5, 64) 66
2 GOp cuc dai 1 chiéu (1D Max Pooling) (None, None, 5, 64) 0
3 Tich chap 1 chiéu (1D Convolution) (None, None, 4, 64) 1,120
4 GOp cuc dai 1 chiéu (1D Max Pooling) (None, None, 4, 64) 0
5 Flatten (None, None, 256) 0
6 LSTM hai chiéu (Bi-LSTM) (None, None, 128) 41,216
7 Dropout (None, 128) 0
8 LSTM hai chiéu (Bi-LSTM) (None, 64) 24,832
9 Fully connected (None, 1) 65

T6ng tham s8: 67,299

Viéc stt dung 16p SeparableConv gitip giam thiéu s6 lwgng tham s6, gidp md hinh c6 thoi gian hudn luyén nhanh
hon (Bang 7). M6 hinh CNN-LSTM c6 thoi gian hudn luyén 1a 30.54 gidy va thoi gian kiém thir 12 1.33 gidy, trong
khi m6 hinh CDL c6 thoi gian huln luyén la 35.71 gidy va thoi gian kiém thir 1a 2.62 gidy. Mdc du thoi gian hudn
luyén va kiém thir cia CDL cao hon mét chit so véi CNN-LSTM, nhwng diéu quan trong 13 CDL da s dung
Depthwise Separable Convolution (DSC), gitip giAm dang ké s6 lwong tham s8 trong md hinh ma van gitr duoc
hiéu suit tét.

Bang 7. Thoi gian hudn luyén va kiém thit.
#No Mo hinh Hudn luyén Kiém thi
1 CNN-LSTM 30.54 1.33
2 CDL 35.71 2.62
3 PM25-CBL 53.99 2.65

Viéc ap dung DSC gitiip mé hinh CDL giam dwgc s6 lwong phép toan trong cac 1op chip so véi cdc mé hinh truyén
thong, tir d6 gitp t6i wu héa bd nhé va tdc d6 tinh todn, CDL thwc sy thé hién hiéu qua vuot troi khi 4p dung
Depthwise Separable Convolution, vi mé hinh nay khéng chi gidam s6 lwong tham s6 ma con duy tri dwoc kha nang
hoc dic treng manh mé tir dit liéu. Pac biét khi so véi cdc m6 hinh khéng sir dung DSC nhw PM25-CBL, vdn c6 thoi
gian huén luyén dai hon dang ké (53.99 gidy). Diéu nay chirng té rang CDL c6 s can bing t6t gitta d6 chinh x4c va
kha ning toi wu tai nguyén, dong thoi cung cip mét phwong phap hiéu qua trong viéc giadm thiéu chi phi tinh toan
ma khong lam giam dd chinh xac trong cac nhiém vu dy doan.
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Hinh 5. Minh hoa két qud dw dodn ctia mé hinh CDL

Két qua dw doan dwoc minh hoa trong hinh 5. Pwong xanh dai dién cho gia tri thwc té ciia néng dé6 PM2.5 qua cac
buwéc thoi gian, trong khi dwong dé thé hién gia tri dw bao tir mé hinh. Cac két qua cho thiy sw khép kha tot gitra
gia tri thuc té va gia tri dy bio. Nhin chung, m6 hinh dw bdo di theo sat duwoc xu hwéng thay ddi cia div liéu thuc
té, dic biét 1a & nhitng giai doan bién déng khong khi manh. Tuy nhién, tai mot sd diém, dic biét 1a khi néong do
PM2.5 c6 su dao dong manh hodc dot ngdt thay ddi, sw chénh 1éch gitra gia tri thuwc t& va gia tri dw bao van ton tai.
Didu nay chi ra rdng mé hinh da c6 kha ning téng quat t&t nhwng cé thé can cai tién thém dé nang cao do6 chinh
xac, dic biét trong cac giai doan ma dit liéu c6 sw thay d6i nhanh va manh. M3c du vay, két qué nay van cho thiy
mé hinh dw bdo c6 tiém nang Gng dung thuc té cao trong viéc theo ddi chit lwgng khéng khi.

Bang 8. Két qud thwe nghiém trén bé dir liéu Air Quality HCMC 2020.

STT Mo hinh MSE RMSE MAE MAPE

1 CNN-LSTM 1.4 1.1 0.9 34

2 ARIMA 1.9 1.4 0.9 16.1
PM25-CBL [28] 1.2 1.0 0.8 3.1
CDL 0.9 0.9 0.7 2.9

Két qua thwc nghiém tai bang cho thady mé hinh CDL thé hién hiéu suit vigt troi so véi cac mé hinh khac nhw CNN-
LSTM, PM25-CBL, va ARIMA trong viéc dw doan gia tri cho bd dir liéu Air Quality HCMC 2020. Cu thé, khi danh gia
qua cac chi s6 MSE (Mean Squared Error), RMSE (Root Mean Squared Error), MAE (Mean Absolute Error) va MAPE
(Mean Absolute Percentage Error), mé hinh CDL luén dat cac gia tri thap nhat, chitng té6 dd chinh x4c cao va sai s6
nho. Cu thé, md hinh CDL dat MSE = 0.9, RMSE = 0.9, MAE = 0.7, va MAPE = 2.9%. Nhitng chi s6 nay cho thiy CDL
khong chi c6 sai s6 tuyét ddi va binh phwong trung binh thip ma con mang lai hiéu qua dw doan chinh xac véi ty
1é phén trdm sai 1éch thap, gitp t6i wu hoéa cac chién lwgce dy bio va phan tich. Trong khi d6, m6 hinh CNN-LSTM
cho két qua v&i cac chi s6 MSE = 1.4, RMSE = 1.1, MAE = 0.9 va MAPE = 3.4%, mi3c du md hinh nay c6 cac chi sd
kha tot, nhwng khéng thé virot qua mo hinh CDL vé d6 chinh xac va hiéu qua. M6 hinh PM25-CBL ciing cho thiy
hiéu suit kha én v6i cac chi sé6 MSE = 1.2, RMSE = 1.0, MAE = 0.8, va MAPE = 3.1%. Tuy nhién, mic du PM25-CBL
vuot troi hon so véi CNN-LSTM va ARIMA, nhung van khong thé dat dwoc mirc dd chinh xac nhw CDL, d3c biét 1a
trong céc chi s6 MAE va MAPE, noi ma CDL thé hién sy vuot troi ro rét. Véi nhirng két qua trén, nghién ciru két
ludn rang CDL 12 md hinh t8i wu trong viéc dw doan céc gia tri trong bd dir liéu Air Quality HCMC 2020, mang lai
dd6 chinh xac cao nhit va cac chi s6 hiéu suit to6t nhat. M6 hinh nay c6 kha ndng dw dodn chinh xac hon cadc mé hinh
truyén thdng nhw ARIMA va cdc mé hinh hoc may két hgp nhw CNN-LSTM. Diéu nay lam néi bat tAm quan trong
cta viéc chon Iwa mo hinh phtut hop khi gidi quyét cac bai toan dw doan va phén tich dit liéu. Vi hiéu suit veot
troi va kha nang xt ly dit liéu phirc tap, mé hinh CDL dwgc dé xuit 1a lwa chon wu tién trong cac tng dung thuc té
va nghién ctu trong twong lai, dic biét 1a trong cac bai toan yéu ciu do chinh xac cao va tinh dn dinh trong dw
dodn.
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V. KET LUAN

Viéc cai tién mo hinh CNN va Bi-LSTM trong viéc gidm sd lwong tham s6 va xt ly dir liéu mat cAn bing 1a mot cach
ti€p cin quan trong nhim t8i wu héa mo hinh hoc siu, lam gidm tai nguyén tinh todn va dong thoi cai thién hiéu
sudt ddi voi dit liéu khong can bang. Cac chién lwoc nhw gidm kich thwéc dau vao, st dung cac 16p CNN nhe, 4p
dung cac phwong phap can bing 16p va diéu chinh loss function sé& gitp ting hiéu qua ctia m6 hinh. Pé tai trinh
bay hwéng giai quyét ctia hai bai todn dw dodn khi str dung mé hinh CNN va Bi-LSTM. Mé hinh CLS dw doan thanh
tich chia hoc sinh, 1a vin dé da thu hit sw quan tAm clia nhiéu nguwoi trong va ngoai nganh. Két qua dat dwoc va
cling 1a muc tiéu cta bai bdo nay la tim ra cac dic trung c6 tac dong dén doi twong du doan, do6 la diém G3 trong 3
bo dir liéu Portuguese Language Dataset, Student Performance in Mathematics Dataset and outputClass data sets
with xAPI. Két qua dat dwoc kha tot véi mo hinh CNN két hop véi BILSTM. Dac biét, chung téi khong chi tinh chinh
va cai thién thanh cdng mo hinh thuit todn du dodn dé giai quyét cac bai todn da 16p ma con dwa ra két qua tét
nhit so véi cAc md hinh thuat toan du doan khac bang cach st dung cac ky thuat 1y mau qua mitc véi SMOTE,
ADASYN va Borderline-SMOTE SVM. Bai toan thi hai ching tdi dé xuidt mé hinh CDL dé€ cai thién két qua ctia mo
hinh PM25-CBL trong nghién ctu [31] trén tap dit liéu Air Quality HCMC. M6 hinh PM25-CBL bao gom ba mé dun:
CNN, Bi-LSTM va Két n6i day du (Fully connected). Uu diém ctia m6 hinh 1a kha ning dy bao chinh xac cao nhung
mob hinh c6 khuyét diém la thoi gian hudn luyén lau, hiu nhw gdp déi so véi mé hinh CNN théng thwdng. Kién tric
mé hinh PM25-CDSCBL 1a sw két hop gitra CNN v&i Depthwise Separable Convolutions va Bi-LSTM. Depthwise
Separable Convolutions dwoc két hop véi CNN d€ gidp gidm s6 lwgng tham s6 cia md hinh PM25-CBL tir 214,081
xudng 67,299 gitip cho qua trinh huin luyén mé hinh dat hiéu qué vé mit thoi gian tdt hon, nhwng van gitr dwoc
hiéu suit dw doan cao. Pong théi mo6 hinh 4p dung Bi-LSTM dwa trén qua trinh hoc chuyén ddi dé dw doan chit
lwgng khong khi trong tinh huéng thiéu dit liéu. K&t qua chi ra CDL dat dwgc RMSE thip nhit khi so sanh véi cac
phwong phap CNN-LSTM, PM25-CBL, ARIMA khi thir nghiém trong méi tredgng maéi.

VI. TAI LIEU THAM KHAO

[1] N. Shlezinger, Y. C. Eldar and S. P. Boyd, "Model-Based Deep Learning: On the Intersection of Deep Learning
and Optimization," in IEEE Access, vol. 10, pp. 115384-115398, 2022, doi: 10.1109/ACCESS.2022.3218802.

[2] El Nahhas, Omar SM, et al. "From whole-slide image to biomarker prediction: end-to-end weakly supervised
deep learning in computational pathology." Nature Protocols 20.1 (2025): 293-316.

[3] Razak Olu-Ajayi, Hafiz Alaka, Ismail Sulaimon, Funlade Sunmola, Saheed Ajayi (2022). Building energy
consumption prediction for residential buildings using deep learning and other machine learning techniques,
Journal of Building Engineering, Volume 45, 2022,103406

[4] Hajek, Petr, and Michal Munk. "Corporate financial distress prediction using the risk-related information
content of annual reports." Information Processing & Management 61.5 (2024): 103820.

[5] Chu Zhang, Huixin Ma, Lei Hua, Wei Sun, Muhammad Shahzad Nazir, Tian Peng (2022). “An evolutionary
deep learning model based on TVFEMD, improved sine cosine algorithm, CNN and BiLSTM for wind speed
prediction”, Energy, Volume 254, Part A, 2022,124250.

[6] A.S. Aljaloud et al., "A Deep Learning Model to Predict Student Learning Outcomes in LMS Using CNN and
LSTM," in IEEE Access, vol. 10, pp. 85255-85265, 2022, doi: 10.1109/ACCESS.2022.3196784.

[71 Liu, Tianming and Siegel, Eliot and Shen, Dinggang (2022), Deep Learning and Medical Image Analysis for
COVID-19 Diagnosis and Prediction, Annual Review of Biomedical Engineering, Volumn 24, 1, 179-201

[8] T.P.T.Nguyen,N.L.-T.Nguyen, and T. H. Duong, "Deepo: An ontology-based deep learning system for disease
prediction,” Int. J. Intell. Inf. Database Syst, vol. 15, no. 2, pp. 166-182, 2022, doi:
10.1504/1J11DS.2022.121897

[9] Bihter Das, Omer Osman Dursun, Suat Toraman (2022). Prediction of air pollutants for air quality using deep
learning methods in a metropolitan city, Urban Climate, Volume 46, 2022,101291

[10] Ali Agga, Ahmed Abbou, Moussa Labbadi, Yassine El Houm, Imane Hammou Ou Ali (2022), CNN-LSTM: An
efficient hybrid deep learning architecture for predicting short-term photovoltaic power production, Electric
Power Systems Research, Volume 208, 2022,107908

[11] Rodney Rick, Lilian Berton, Energy forecasting model based on CNN-LSTM-AE for many time series with
unequal lengths, Engineering Applications of Artificial Intelligence, Volume 113, 2022, 104998,

[12] Vo, M.T.,, Vo, A.H., Nguyen, T., Sharma, R. and Le, T. (2021), “Dealing with the class imbalance problem in the
detection of fake job descriptions”, Computers, Materials and Continua, Vol. 68 No. 1, pp. 521-535.

[13] Haque, R;; Islam, N.; Islam, M.; Ahsan, M.M. A Comparative Analysis on Suicidal Ideation Detection Using NLP,
Machine, and Deep Learning. Technologies 2022, 10, 57. https://doi.org/10.3390/technologies10030057

[14] Tony Salloom, Okyay Kaynak, Xinbo Yu, Wei He (2022). “Proportional integral derivative booster for neural
networks-based time-series prediction: Case of water demand prediction”, Engineering Applications of
Artificial Intelligence, Volume 108, 2022, 104570

[15] Godahewa, R., Bergmeir, C., Webb, G.I., Hyndman, R.]J., Montero-Manso, P.: Monash time series forecasting
archive. In: NeurIPS Track on Datasets and Benchmarks (2021).



Nguyén Thi Phuong Trang, Nguyén Pirc Cwong 21

[16] Hansika Hewamalage, Christoph Bergmeir, Kasun Bandara, “Recurrent Neural Networks for Time Series
Forecasting: Current status and future directions”, International Journal of Forecasting, Volume 37, Issue 1,
2021, 388-427

[17] Sahoo, B.B,, Jha, R, Singh, A. et al. Long short-term memory (LSTM) recurrent neural network for low-flow
hydrological time series forecasting. Acta Geophys. 67, 1471-1481 (2019).
https://doi.org/10.1007/s11600-019-00330-1

[18] H. A. Vo, T. Nguyen and T. Le, “Brent oil price prediction using Bi-LSTM network,” Intelligent Automation &
Soft Computing, vol. 26, no. 6, pp. 1307-1317, 2020.

[19] S. Siami-Namini, N. Tavakoli and A. S. Namin, "The Performance of LSTM and BiLSTM in Forecasting Time
Series," 2019 IEEE International Conference on Big Data (Big Data), Los Angeles, CA, USA, 2019, pp. 3285-
3292, doi: 10.1109/BigData47090.2019.9005997.

[20] Sakshi Khullar, Nanhey Singh, “Water quality assessment of a river using deep learning Bi-LSTM
methodology: forecasting and validation” (2022), Environmental Science and Pollution Research, 29, 12875-
12889

[21] M. T. Vo, D. Vu, H. Nguyen, H. Bui and T. Le, “Predicting monthly household water consumption,” in Proc. of
Int. Conf. on Computing and Communication Technologies, Ho Chi Minh City, Vietnam, pp. 720- 724, 2022.

[22] H. Srivastava and K. Sarawadekar, "A Depthwise Separable Convolution Architecture for CNN Accelerator,"
2020 IEEE Applied Signal Processing Conference (ASPCON), Kolkata, India, 2020, pp. 1-5, doi:
10.1109/ASPCON49795.2020.9276672.

[23] Liu, B.; Zou, D.; Feng, L.; Feng, S.; Fu, P.; Li, ]. An FPGA-Based CNN Accelerator Integrating Depthwise
Separable Convolution. Electronics 2019, 8, 281.

[24] S. Ma, W. Liu, W. Cai, Z. Shang and G. Liu, "Lightweight Deep Residual CNN for Fault Diagnosis of Rotating
Machinery Based on Depthwise Separable Convolutions," in IEEE Access, vol. 7, pp. 57023-57036, 2019, doi:
10.1109/ACCESS.2019.2912072.

[25] M. Kannan, "An enhancement of machine learning model performance in disease prediction with synthetic

data generation," Scientific Reports, vol. 15, no. 33482, pp. 1-12, 2025. [Online]. Available:
https://www.nature.com/articles/s41598-025-15019-3

[26] ]. H. Joloudari, A. Marefat, M. A. Nematollahi, S. S. Oyelere, and S. Hussain, "Effective class-imbalance learning
based on SMOTE and convolutional neural networks," Applied Sciences, vol. 13, no. 6, p. 4006, 2023. [Online].
Available: https://doi.org/10.3390/app13064006

[27] D. Liu, "Deep attention SMOTE: Data augmentation with a deep attention synthetic minority over-sampling
technique," Journal of Computational Science, vol. 68, p. 101622, 2023. [Online]. Available:
https://doi.org/10.1016/j.jocs.2023.101622

[28] P.Y.Wong, H. Y. Lee, Y. C. Chen, Y. T. Zeng, Y. R. Chern et al.,, “Using a land use regression model with machine
learning to estimate ground level PM2.5,” Environmental Pollution, vol. 277, pp. 116846, 2021.

[29] Vo M. T.,, Vo H. A, Bui H,, Le T.: A Hybrid Deep Learning Approach for PM2.5 Concentration Prediction in
Smart Environmental Monitoring. Intelligent Automation & Soft Computing, Volume 36 (2023) 3029-3041
http://www.techscience.com/iasc/v36n3/51909

[30] Elaf Amrieh, Thair Hamtini, and Ibrahim Aljarah. Mining educational data to predict student’s academic

performance using ensemble methods. International Journal of Database Theory and Application, 9:119-
136,09 2016.17

[31] P. Cortez, "Student Performance [Dataset]," UCI Machine Learning Repository, 2014. [Online]. Available:
https://archive.ics.uci.edu/dataset/320/student%2Bperformance

[32] Dataset on Air Quality in Vietnam in 2020. https://data.opendevelopmentmekong.net/dataset/timelines-
dataset-on-air-quality-in-vietnam, accessed on February 20, 2025.


https://doi.org/10.1007/s11600-019-00330-1
https://doi.org/10.1007/s11600-019-00330-1

22 CAI TIEN MO HINH HOC SAU DU’A TREN CNN VA BI-LSTM TRONG VAN DE GIAM SO LFONG THAM SO...

AN IMPROVED CNN WITH BI-LSTM MODEL FOR PARAMETER REDUCTION
AND HANDLING IMBALANCED DATA

Nguyen Thi Phuong Trang, Nguyen Duc Cuong

ABSTRACT— This paper presents improvements to a deep learning model that combines CNN and Bi-LSTM to address two
key issues: imbalanced data and computational complexity. To address the issue of imbalanced data, techniques such as
SMOTE, undersampling, and class weight adjustments are employed, thereby enhancing the accuracy of minority classes in
the dataset. Experimental results on the UCI Student Performance dataset demonstrate the model's effectiveness in predicting
student academic performance. Meanwhile, to reduce computational complexity, Depthwise Separable Convolutions are
employed to decrease the number of model parameters. Results are presented through the air quality prediction task for
PM2.5 in Ho Chi Minh City, showing the efficiency in saving computational resources without sacrificing prediction
performance.

Keywords—Bi-LSTM, CNN, Deep learning, Depthwise Separable Convolutions

Nguyén Thi Phwong Trang la thac
sT Cong nghé thong tin. Cac huéng
nghién ciru tip trung vé khai thac
dir liéu va hoc mdy, deep learning.
Cac chu dé nghién clru tip trung vao
cac m6 hinh khuyén nghi nhv Dy
doan két qua hoc cua sinh vién, dw
dodn gia dau, x{r ly mit cn bing dit
liéu.

Nguyén Pirc Cwdrng 13 tién si Cong nghé
Thoéng tin. CAc hwéng nghién ctru tap trung
vao machine learning, khai thac dit liéu, dw
bdo thién tai va xtt 1y dit liéu thiéu. Cac &rng
dung bao gdbm nhan dang thuc thé va mé
hinh héa nguéi dung.




