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Tém tit: Véi tam quan trong ciia viéc dy bdo va canh bdo lii, cde nghién ciru tdp trung vdo ing
dung cac mo hinh hoc mdy vao cdc bai toan dy bao il dang ngdy cang dwoc quan tam. Trong
bai bdo nay, chiing t6i tong quan lai cdc bai nghién ciru gan ddy vé vmg dung ciia hoc may trong
linh vue vé di bdo lii, di dodn muc niede, luu heong, do sdu ngdp, ... cing véi dé la cdce chi s6
thwong dimg dé danh gia do tin cdy cia cdc mé hinh hoc may. Céc nghién ciru di cho thay, khdc
Véi cdc mé hinh todn, mé hinh hoc mdy can it thong sé ddau vao, ton it thoi gian dé mé phong va
khéng doi héi nhiéu kién thirc vé mé phong ngdp lut ma van dwa ra két qua du dodn c6 do chinh
xdc tot. Bén canh db, nhém nghién cuu cing da chi ra mot s6 han ché cua viéc ung dung cac mo
hinh hoc mady, tir d6 dé ra nhitng goi ¥ vé hwéng nghién ciru can thue hién dé téi wu hod cic mé
hinh hoc may trong dyw bao lil.

Tw khéa: Hoc may, Hoc sdu, Dy bao lii, Du doan Myc nwoc, Dy doan Luu lwong.

Summary: In accordance with the great significance of flood prediction and warning, there has
been much research focusing on machine learning models applications (data-driven models) in
flood prediction problems. In this paper, we reviewed recent research on the application of
machine learning in flood prediction, water-level prediction, discharge prediction, flood depth
prediction, etc along with adopted popular indicators for the evaluation of the reliability of
machine learning models’ performance. These studies have shown that, unlike traditional
numerical models, machine learning models require fewer input parameters, and less simulation
time, and do not require extensive knowledge of flood modeling, while still providing good
precision prediction results. Besides, the research group has also identified and highlighted
some limitations and challenges in the application of machine learning models, along with
suggestions for future research orientations to optimize machine learning models in flood
prediction.

Keywords: Machine Learning, Deep Learning, Flood Prediction, Water Level Prediction,
Discharge Prediction.

1. PAT VAN PE nude trén toan thé gidi. Nguyén nhan chu yéu
gy ra 18 lut 1a do cac tic dong cua bién do6i
khi hau, do tdc dong cua con nguoi, do mua
16n 1am myc nudc trén song ting nhanh, khién
nudce khong kip thoat [1]. Trong hon 27 nam
qua, 1& Iyt 12 nguyén nhén gay ra céi chét cho
Ngay nhan bai: 10/7/2023 hon 175.000 ngudi, va gay anh huéng ning né

Ngay thong qua phan bién: 25/7/2023 vé kinh té wdc tinh 1én dén 2,2 ti d6 trén toan
Ngay duyét dang: 02/8/2023

La lut 1a mot hién tugng thién nhién hang ndm
gay ra nhiéu thiét hai ndng né doi voi co s ha
tang, hoa mau cling nhu nén kinh té cta céc
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cau [2]. Viéc tmg pho véi 1 lut rat quan trong,
dac biét tai cac nudc dang phat trién, khi céc
bién phap phong ngira va giam thiéu thién tai
con han ché va cic dong bang noi thuong phai
hing chiu 1d lut thuong tap trung dong dan cu
[3]. Do d6 viéc du bao 14, muc nudc va luu
luong trén song dac biét trén cac song chua cod
hodc c6 it tram quan tric thuy vin, rit quan
trong trong viéc canh béo 1 cho ngudi dan va
chinh quyén dia phuong.

Pén nay di c6 nhiéu dy 4n ciing nhu nghién ctru
cta cac nha khoa hoc trong va ngoai nudc ung
dung cic mod hinh dwa trén tinh chat vat Iy
(physically-based model) c6 d6 chinh xac cao
vao viéc dy doan myc nudc, luu lugng hay dong
chay dén trén cac con séng, hd chira, ... nhu mod
hinh  MIKE, HYDRO River, HEC-HMS,
SOBEK, EFDC, ... Tuy nhién cdc mé hinh loai
nay con ton tai nhiéu han ché boi vi ching can
rat nhiéu cic théng sé dau vao trong mo hinh
nhu myc nudc, luu lugng, bdc hoi, toe do tham,
d6 am cua dat, ... va dic biét can rat nhiéu thoi
gian dé mo phong. Hon thé, dé thiét lap, mo
phéng va phan tich cac két qua dau ra cia cac
m6 hinh dua trén tinh chét vat 1y doi héi sy tham
gia cua cac chuyén gia trong linh vuc thuy vén,
thuy luc,... Do d6 tinh ing dung thuc té cia cac
mo hinh nay vao viéc canh béo It theo thoi gian
chua cao. Hudng phat trién trong twong lai cta
nganh thuy van va quan 1y tai nguyén nudc do 1a
tim ra phuong phap dé tich hop quan 1y tai

nguyén nudc dya trén cac mé hinh toan truyén
thdng vao cic mé hinh hoc may dé truc tiép xir
ly, phan tich va liy thong tin tir cac ngudn dir
liéu 16n [4]. Do d6 trong nhimg nim gan day,
hoc may (machine learning) d thu hat nhiéu su
quan tam, chi y ctia cac nha thuy van hoc va
duoc tmg dung rong rii trong nhiéu linh vuc nhd
kha nang quan ly dir lidu lon.

Ngay nay, v6i su phat trién cta cong nghé théng
tin thi cac thuat ngir hoc may hay hoc sau (deep
learning) khong con qua xa la voi chung ta. Hoc
may dugc timg dung vao nhiéu nganh nghé, linh
vuc khac nhau cia xa héi trong d6 cé linh vuc
quan 1y tai nguyén nude. Trong Bang 2 liét ké
mot sd bai bao tong quan vé tmg dung phuong
phap hoc may trong linh vuc quan ly tai nguyén
nudc noi chung va du béo 1d ndi rieng. Cac bai
téng quan da cho thay sy phét trién nghién ctu
va ung dung hoc may vao céc bai toan trong linh
vuc quan ly tai nguyén nudc va quan 1y rii ro
thién tai. Tuy nhién cac bai bai bao nay chu yéu
duoc viét bang tiéng Anh khién cho nhiéu doc
gia, nha khoa hoc trong linh vyc thuy van, tai
nguyén nudc & Viét Nam c6 thé chua tiép can
duoc hay chua c6 cai nhin sau dén k¥ thuat tién
tién va hién dai nay. Hon nira, cac tac gid hién
nay phan da tap trung nhiéu vao viéc lam sang to
cau trac thuat toan trong hoc may hon 1a tap
trung vao cac timg dung cta ching, khién nguoi
doc voi nén tang vé linh vyc thiy van, tai
nguyén nude kho tiép can.

Bang 2: Cac bai bao tong quan gan day vé wng dung hoc may trong bai toan du bzo lii

Linh virc nghién o, Trich
Tom tat x
ciru dan
b anh gia tinh chinh xac cda mé hinh dinh hueéng dir lieu (data-
Mo phéng | driven model) si¢ dung hoc may trong viéc mé phéng ngap lut 5
ngap lut thong qua viéc so sanh vé&i cac mo hinh dua trén tinh chat vat ly
truyén thé ng
Xay dung ban | banh giaté ng quan vé nhirng ’ng dung cta ho c sau trong viéc -
dé ngap lut xay dung ban dé ngap lut va huédng nghién ciru trong twong
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Linh virc nghién L, Trich
Tom tat -
clru dan
lai.
Dy doan myc | Danh gid téng quan vé cac diém manh cia mot s6 thuat toan o
nuwéc trong ho c may trong bai toan dv doan muc nudc
b anh gia té6ng quan vé cac mé hinh tri tué nhan tao (Artificial
Dy doan Iwu | Intelligence — A) dugc st dung trong linh vyc dy doan luwu 8
lvong lwgng nham gdp phan cai thién va t8i wu hoa trong viéc quan
ly va van hanh hé chaa
Dy doan 1a, , s . A e .
b anh gia té ng quan cho thdy cac mo hinh dinh huéng dir liéu
lvong mua, _ Y , , A , L s
. thé hién tét va chinh xac hon cac mé hinh toan trong cac bai
chat lvong o ) . . [9]
. toan vé du bao I, lwvgng mua, chat lwgng nwdc va myc nudc
nuédc va muc . , o ; ,
. ngam, ddc biét trong bai toan dy bao ngan han
nwécngam
) . D anh gia té ng quan vé nhirng phat trién vé &¢ng dung hoc may
Dy bao dong . ) . o ) . ,
hs trong gan 2 thap ky trong viéc m6 phéng thuy van va dy bao [10]
cha .
Y dong chay tai cac lwu vec khong co tram quan trac
X ) b anh gia té ng quan cac md hinh ho ¢ may dwoc ¢ng dung chinh
Mo phéng ) . ) .
. . | trong linh vyc thuy van hoc nhu dong chay mat, chat lugng
dong chay va o ) o [11]
) nuwdc, qua trinh thoat nudc, van chuyén bun cat, myc nuéc
dv bao i .
ngam, ngap lut,...
Dy doan sw| = e o .
" dai D anh gia mét cach c6 hé thong vé cac thuat toan trong hoc
a i
4 may st dung cho viéc dy doan dao dong va sy thay déi muc [12]

Vi¢c g dung hoc may vao cac bai toan du
bdo 1l 1a mdt phuong phap khéd mdi va hién
dai & Viét Nam ciing nhu trén thé gidi. Trong
bai bao niy, nhom nghién ctru téng quan cac
bai bdo khoa hoc dugc cong bd tir nam 2020
dén nay trén cac co so dit liéu khoa hoc uy tin
(bao gdm Google Scholar, Science Direct,
Web of Science, Scopus, IEEE Xplore,
Springer Link,...) nhdm cap nhat va dem dén
cho nguoi doc nhitng kién thirc va nghién ctru
moi nhat vé cha dé nay.

2. CAC THUAT TOAN HQC MAY SU
DUNG TRONG DU BAO LU
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Hinh 1: Cac nhom thudt toan chinh trong hoc may

Phuong phap hoc may (Machine Learning) la
mot linh vuc cua tri tué nhan tao (Artificial
Intelligence) va tap trung vao viéc xay dung
cac mod hinh va thuat toan c6 kha nang hoc hdi
va tu diéu chinh dit liéu. Muc tiéu chinh cua
hoc may la cho may tinh tu dong “hoc hoi” tur
nhting dir liéu ma khong can phai duoc lap
trinh mot cach cu thé. Cac thuat toan hoc may
¢6 thé dugc chia thanh 3 nhom chinh gom hoc
c6 giam sat (Supervised Learning), hoc khong
gidm sat (Unsupervised Learning) va hoc tang
cuong (Reinforcement Learning) [9] (Hinh 1).

Hoc c6 giam sat 1a nhém pho bién nhat trong
cac thudt toan hoc may. Chung huan luyén mo
hinh bang cach st dung mot tap dir liéu gom
cac tham sd dau vao da duoc gan nhan, cé cdp
dir liéu dau vao va dau ra twong tng voi muc
dich nham gitip mo hinh c6 thé “hoc héi” dé
dua ra du doan dau ra cho cac tap dir liéu moi.
Céc thuat toan hoc c6 giam sat dugc phan ra
thanh hai loai chinh: 1) phan lop
(classification) — khi cac nhén cua dit liéu dau

vao duoc chia thanh mét sb hitu han 16p (mién
1a gia tri roi rac); va ii) hdi quy (regression) —
khi nhan khong duogc chia thanh cac nhém ma
1a mot gia tri thuc cu thé (mién 1a gia tri lién
tuc) [13]. Trai vdi hoc cd giam sat, hoc khong
giam sat khong yéu cau dir liéu di duoc gan
nhin. M6 hinh dugc huin luyén dé tim hiéu
cdu trac, mau hodc nhoém trong dir li¢u ma
khong c6 dau ra twong tng. Cac thuat toan hoc
khéng co giam sat thuong dugc st dung dé
phan cum (clustering) dit liéu, phan tich thanh
phan chinh (principal component analysis),
hodc kham phé cdu tric dir liéu [14]. Hoc ting
cuong la mot hinh thirc hoc may noi moé hinh
hoc thong qua tuong tac lién tuc véi mot moi
truong va nhan diém thudéng (thu duogc trong
qué trinh tuong tdc cua md hinh vdi moi
truong dé khich 16 mo hinh thyc hién cac hanh
dong c6 loi dé dat dugc muc tiéu — reward)
dua trén hanh dong cta n6. Muc ti€u cua
phuong phap nay 1a tim ra cach t6i da hoa
diém thuong tich lily trong thoi gian dai thong
qua viéc tim hiéu va t6i uu hoa chinh sach
hanh dong (quy tic chién luge xac dinh cach
ma moO hinh chon hanh dong trong mot tinh
hubng cu thé - action policy) [15]. Bang 3
trinh bay mot cach tong quan vé su khac nhau
gitra ba phuong phéap chinh cua hoc may.

V6i nhiing dic diém va tinh ing dung cta cac
phuong phap hoc may ké trén, bai bao sé tap
trung tong quan vé ing dung cua cac thuat toan
héi quy, phén 16p ciing nhu hoc sau thuong dugc
st dung trong cic bai toan du bao dir licu theo
chudi thoi gian (time series prediction) nhu du
doan myc nudc, luu lugng, ....

Bang 3: So sanh ba phwong thirc hoc chinh trong hoc may

Phuong Loai Huan luyén . Céc thuat toan
_ o Linh vwrc 4p dung o
thiechoc | dir lieu m& hinh tiéu biéu
, Huan luyén moé | Bai toan héi | Bai toan phan | Linear
| D lieu | | | .
Hoc c6| , , |hinhtw d lieu | quy loai Regression,
L co gan | , . .
giam sat s dd duoc gan | (Regression): (Classification): | Neutral
nhan
nhan thwong st | thwong str | Network
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dung trong cac | dung trong | Regression,

bai toan dy | phan loai nhi| Random Forest

doan phan va cac lép | Regression, ...
khac nhau
Huan luyén mo
. . GMM, PCA, t-
. hinh  véi dir
Dir ligu | | X ) X _ o | SNE, K-means,
R A lieu khong gan | Phan cum (clustering) va giam so .
Hoc khong | khong B ) X . . _ ) ‘ C-means, Phan
o ) nhan, dé mo | chiéu caa dir lieu (dimension o
c6 giam sat | gan . . . cum phan cap
. hinh ty tim ra | reduction) ] _
nhan ) . (Hierarchical
cdu trdc dir )
, clustering),...
lidu
D lieu | M6 hinh hoc )
A . Q-Learning,
khéng | hdi qua twong ,
Hoc tang| | o o o . DQN, Policy
Xac tac lién tuc vai | Ly thuyét tro choi (Game theory) }
cxong . gradient,
dinh moi trwong
PPO....

trwdc | xung quanh

2.1. Cac thuét toan hoc may dung cho bai trong linh vuc thuy van va quan 1y tai nguyén

toan du bao la

Vi sy phat trién cua cac thuét toan trong hoc
may, ngay nay nhiéu nha khoa hoc, chuyén gia

nuoc da nghién ctru va ap dung cac thuat toan
ké trén vao cac bai toan thyc té trong du bao
va canh bao 1 (Bang 4).

Bang 4: Cac nghién ciru gin diy vé viéc ing dung phwong phap hoc may trong du bso lii

Linh virc va
quy mo

nghién ciru

Trich

Thuat toan Két qua .
dan

Dy doan
muc nudc

(theo ngay)

Héi quy tuyén tinh (LR),
Support  Vector Machine o ! ! _
. GPR d& dem lai két qua tét nhat so véi
(SVM), Ensemble Regression
(ER), Xgboost, Tree

Regression (TR), Gaussian

cac mo6 hinh s&r dung cac thuat toan con | [16]

lai

Process Regression (GPR)

Dy doan

LR, Random Forest | LR da thé hién dé chinh xac cao hon so
Regression (RFR) va Light | v&i 2 mo hinh con lai véi chi s6 R? NSE,

E;:'reco ngg;)m Gradient Boosting Machine | MAE va RMSE lan lvet la 0,959; 0,958; [17]
Regression (LGBMR) 6,67 cmva 12,2 cm

Dy  doan | Single-output  Long-Short | LSTM ED cho thay su chinh xac hon so 18]

muc  nudc | Term Memory (LSTM SO) va | véi LSTM SO va két qud clia nd ciing
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Linh vic va Trich
quy md Thuat toan Két qua drécn
nghién ciru
(theo gio) Encoder-Decoder Long- | cho thay xu thé twong déng so véi cac
Short Term Memory (LSTM | nghién c&u cii st dung cac mé hinh
ED) Encoder-Decoder
Du dodn Support Vector Regression | LGBMR thé hién t6t nhat va&i sai s6 muc
. , (SVR), RFR, Multilayer | nwéc khi dat dinh 1G va thoi gian muc
mwc nuéc ’ ] , - e T [19]
(theo gid) Perceptrgn Regression nuoc dat dm\h G so VoI s6 liéu quan
(MLPR) va LGBMR traclanlwgtla 0,22 mva 2h
, | Artificial Neural Network ,’,\Aé h\l.nh A.N.FIS, két hqu,Vdi t}hu%t toéﬂn
Dy doan (ANN), Fuzzy Logic va hybrid training’ cho ra két qua t6t nhat
lwu lwgng Ada ti’ve Neuro véi cac chi s6 NSE, R?, MSE va RMSE lan | [20]
(theo tusn) P 1O TUZZY | wot 14 0,968; 97,066%, 0,00034 m3/s va
Inference System (ANFIS) 0018 m?
,018 m°/s
LSTM,  Bayesian  Neural o La | , .
Dy doan | Network (B&N), LSTM with | BLoTM thé hién két qua vuot trdi hon
so v@i cac mo hinh khac vé do tin cay,
luu luong Monte = Carlo - Dropout sdc nét va vé hiéu sudt téng thé cua dv 21
(theo ngay) | (LSTM-MC) va Bayesian bio ' 9 ;
LSTM (BLSTM)
Dung phwong phap phan tich phé don
lé (SSA) va phan rd Mua vy bang
phuvong phap Loess (STL). K&t qua cho
Du dodn ' thay cac mo h‘lnh\ duwa trén SSA (SSA:
Iu"u wong ANN, Convolutional Neural A.NN, SSA—CNN va SSA—LASTM) deu thé 22]
(theo t.héng) Network (CNN), LSTM hién veot tréi hon véi mod hinh dwa trén
STL. Va dic biet md hinh SSA-ANN thé
hién t6t nhat so v&ai cac md hinh con lai
v@i chi s6 NSE = 0,9045 va chi sé
Willmott WI = 0,9764
Dy doan
duwong Ca 3 mo hinh déu thé hién tét, tuy nhién
quan hé SVM E . SVM van nhinh hon trong dy doéan hé
o , xtreme  learning | ~, . .
gitta \mu'c machine (ELM) va ANN sé 'Iu'u Il\rc_mg (Q/scharge \Coeﬁ‘/aem‘- C,;{) [23]
nwédc va lwu véi R? va RMSE lan lwot 1a 0,95 va
lvong 0,01
(theo ngay)
M6 hinh CNN-LSTM vurgt trdi hon cac mo
Dy doan CNN-LSTM. CNN. LSTM va hinh Al khac, véi,$4% 16 gié tri dw dqép
lwu lwvgng Deep Neural Network (DNN) lwu lvgng Q dudi 0,05 m?/s, trong khi & | [24]
(theo tuan) mo hinh LSTM va DNN [an lvgt la 80% va
66% 161 gia tri dy doan Q duéi 0,05 m3/s
Ban a Mé hinh thé hién tot :[rong viéc d/u' doan
ngap lut vung ngap lut duq vao thuat toan CNN
(saiJ i mai CNN trong hoc sau, dé x&r ly cac anh thu| [25]
305) duogc tir camera giam sat vai ty 1é chinh
Xac lén t¢i 92,7%
Ban dé | Logistic Regression, SVM, K- | K&t qud cho thdy XGBoost da thé hién | [26]
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Linh vuc va .
) . Trich
quy md Thuat toan Két qua .
” dan
nghién ciu
ngap lut nearest neighbor (KNN), | t6t nhat so v&i cac mo hinh con lai trong
(theo  cac | Adaptive Boosting | viec dw doan vung bi ngap va vung
tran 1t lich | (AdaBoost), XGBoost. khong bi ngap tai An Do véi gia tri
str) trung binh cao nhit cta dién tich dudi
duong cong ROC |a 0,83
Ban do K&t qua cho thay viéc tich hgp CNN va
ngap lut phuong phap xt ly anh Regional
(theo cac | CNN Growing (RG) cho két qua vé vung ngap | [27]
tran 1o lich chinh xac hon so véi phwong phap RG
str) don thuan (92,4% so véi 91,8%)

2.2. Mot s6 phuong phap hoc c¢é giam sat
thwong sir dung trong du bao li

Hoc c6 giam sat 1a qué trinh xay dung mot mo
hinh dy doan hodc phan loai dya trén tap di
liéu huén luyén da dugc gan nhan. Trong hoc
c6 giam sat, ching ta c6 mot tap dir liéu huan
luyén bao gdm cac mau dir liéu di duoc gan
nhan voi két qua mong mudn. Muc tiéu 14 tim
mdi quan hé giira bién doc lap (cac dic trung)
va bién phu thudc (két qua du doan hoic
nhin), dé sau d6 co thé udc luong hoic dy
doan gia tri ky vong cta bién phu thudc cho
cac dir liéu chua dugc gan nhan. Mot sb
phuong phdp hoc c6 giam sat thuong dugc su
dung trong bai toan du bdo li dugc miéu ta
dudi day.

2.2.1. Héi quy tuyén tinh

Hoi quy tuyén tinh (Linear Regression - LR) la
mdt trong nhiing phuong phap quan trong va
phd bién nhit trong hoc may. Muc tiéu ctia hdi
quy tuyén tinh 13 xay duyng mot mo hinh dy
doén co thé tim ra cac hé s tdi wu dé du doan
gia tri bién muc tiéu dua trén gia tri bién dau
vao [19]. Trong bai toan dy bao chudi thoi
gian, hdi quy tuyén tinh c6 thé duoc ap dung
bang cach st dung cac dic trung (features) cua
chudi thoi gian dé du doan gia tri twong lai clia
chudi thoi gian. Vi du nhu trong bai toan vé du
bao muc nudc, mo hinh s€ hoc tir cac dac
trung cia chudi s6 liéu muc nudc, luong mua,

bbc hoi hay luu lugng dén, ... dé dua ra du
doan vé muc nudc tai vi tri va thdi diém mudn
dy doan. M6 hinh hoi quy tuyén tinh ¢ ging
tim mot dudng thiang hodc siéu mat phang tot
nhat dé pht hop véi dir lidu chudi thoi gian va
du doén gia tri tiép theo dya trén mbi quan hé
tuyén tinh ctia cac didc trung.

2.2.2. Random Forest Regression

RFR 1a mot phwong phap hoc may co giam sat
dugc str dung trong bai toan hdi quy. N6 1a
mot thuat toan téng hop dua trén viéc két hop
nhiéu cay quyét dinh dé tao ra mot mé hinh du
béo chinh x4c va 6n dinh. RFR hoat dong béng
cach xay dung mot tap hop cac cdy quyét dinh
don 1&. Mdi cay trong RFR dugc xdy dung
bang cach ldy mot mau ngiu nhién tr tap dir
liéu hudn luyén va sir dung mot phuong phap
goi 1a “bagging” dé lwa chon mot tip con cia
cac thudc tinh tai mdi nat cia cay. Qud trinh
ndy gilp tao ra sy da dang va kha ning tong
hop thong tin tir cac cay con. Khi c6 mot dir
lidu méi can du bdao, RFR sir dung céac cay
quyét dinh dé dua ra du doan riéng 1¢. Két qua
cudi cung ciia RFR dugc tinh bang cach iy
trung binh (hodc trung vi) cua cac du doén tu
cac cay [17]. Piéu nay giup can nhic cac du
doén tir cac cay khac nhau va tao ra mét du
béo tong thé chinh x4c hon.

2.2.3. Light Gradient
Regression

Boosting Machine

LGBMR la phuong phap duogc phat trién dua
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trén ky thuat “boosting” va stir dung thuat toan
gradient boosting. M6 hinh dugc cho 1a co
hiéu qua tot hon, thoi gian xir Iy chay mé hinh
nhanh hon va tn it bo nhé hon do nd sir dung
phuong phap phat trién theo 14 cdy (leaf-wise
tree growth) [28] (Hinh 2).

2.2.4. Support Vector Machine

SVM 1a mot k¥ thuat phi tuyén tinh trong linh
vuc hoc may va cé thé hoat dong tbt trong cac
bai toan vé phén loai, hdi quy va du bao chudi
thoi gian [29]. Phuong phap SVM duogc st
dung rong rai trong linh vuc vé du bao li va
thuy van vi chung phu hop cho ca cac van dé
vé tuyén tinh va phi tuyén tinh, va cling noi
tiéng voi kha nang tong quat hoa manh mé.
Tuy nhién, nhuogc diém chinh cua thuat toan
nay 1a thoi gian huan luyén c6 thé 16n ddi voi
tap dir li€u chta nhiéu dbi tuong (néu khong
st dung thuat toan cy thé dé thuc hién téi uu
hiéu qua) [30].

2.3. Mot s6 phwong phap hoc hoc siu sir
dung trong du bao li

Mo hinh hoc sau (Deep Learning) hay mé hinh
cac mang noron, la mot nhanh cua hoc may
duogc phat trién dya trén hé thdng noron trong
nao bd cuia con ngudi. Do d6 cac mo hinh hoc
sau c6 thé xtr 1y va hiéu sy twong tac phtrc tap

Téang trieong theo cﬁp

oo mpeo om) o o m
o0 o0
e

Phat trién theo 14 cay

Hinh 2: Cdu tric ciia phirong phdp LGBMR

2.3.2. Long Short Term Memory

LSTM la mot bién thé caia RNN dang duoc st
dung rong rai trong cac bai toan vé du bao

hon cta céc dir liéu dau vao. Vé ciu tric, cac
mo hinh hoc sau sé€ gém ba 16p chinh, cu thé 1a
16p dau vao (input layer) &é mo hinh nhéan dir
lidu, cac 16p an (hidden layers) dé thuc hién
cac phép tinh va bién dbi dit liéu thong qua cac
noron nhan tao, va 16p dau ra (output layer) dé
san xuat va dua ra két qua du doan cua md
hinh (Hinh 3).

2.3.1. Recurrent Neural Network

RNN la mét loai mang than kinh nhan tao
dugc st dung trong hoc sau dé xur 1y dir liéu
chudi hodc dir liéu c6 tinh tuan tur [31]. RNN
¢6 kha nang mé hinh héa va hiéu cic mdi quan
hé phu thudc thoi gian trong dir li¢u. Mot dac
diém quan trong ciia RNN 1a kha nang luu trir
thong tin tir cac budc trude do va su dung no
dé anh huong dén cac budc ké tiép. Diéu nay
giip RNN x1r 1y cac chudi dit liéu c6 do dai
thay doi va phu thudc vao ngir canh. Cau trac
co ban cia mot RNN bao g@)m mot chudi cac
"don vi" (Units) nam trong cac 16p. Mdi don vi
RNN nhan dau vao tir bude thoi gian hién tai
va trang thai an tir bude thoi gian trude do, sau
d6 tinh toan trang thai 4n moi. Qua trinh nay
duogc 1ap lai qua tung budc thoi gian trong
chudi dit liéu.

Lop én 1

Lép ddu vao Lopan2 Lop daura

Hinh 3: Cdu tric ciia mé hinh hoc sdu
chudi thoi gian [32]. Bang cach sir dung cac co

ché cong (gate mechanism) dé kiém soat ludng
thong tin trong qua trinh tinh toén trang thai an
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da gitp LSTM c6 thé tang kha ning mo hinh
hoc va hiéu cac phu thudc dai han trong chudi
dir liéu hon nhiéu so véi phuong phap RNN.
Céac cong nay gébm: Cong quén (Forget gate)
dé quén thong tin khong can thiét tir trang thai
an trude do, cong dau vao (Input gate) dé
quyét dinh thong tin méi nao s& duoc luu trit
vao trang thai 4n va cong dau ra (Output gate)
dé quyét dinh phan nao cia trang thai an s&
dugc chon 1am dau ra (Hinh 4). Cac cbng nay
cho phép LSTM luu trir thong tin quan trong
tir cac budc thoi gian trude d6 va diéu chinh
luu trit va truyén thong tin tiy theo ngir canh.
Piéu nay giap LSTM xur ly dit lidu co tinh
tudn tu va mo hinh hoéa céc phu thudc dai han
trong dit liéu chudi.

2.3.3. Gated Recurrent Unit
GRU la mot loai kién tric RNN duoc dé xuat

4 A

Chng

(bvu Cong

(ﬁu véo ﬁu ra
Trang théi n
M,
Diu vho X,
W Tang kit ol diy du Goépndl
vart hdm kich host —L. e

Hinh 4: Cau tric ciia thudt toan LSTM

2.3.4. Convolutional Neural Network

CNN 1a mot kién trac mang noron nhan tao
dugc st dung chu yéu trong xur ly dir lidu
khong gian nhu hinh anh va video. Tuy nhién,
md hinh CNN cho bai toan xay dung ban do
ngap lut, dir liéu duogc chuyén thanh mot ma
tran dau vao 2 chiéu, trong do6 truc thir nhat dai
dién cho thoi gian va truc thir hai dai dién cho
cac bién dic trung. Cac 16p “Convolutional”
trong CNN duoc str dung dé trich xuét cac dic
trung cuc b tur dir liéu chudi thoi gian. Cac

[_kHoAHOC IV
nham giai quyét van dé mat mat thong tin xa
(long-term information loss) trong cac mang
RNN truyén théng. GRU c6 kha ning hoc cac
phu thudc dai han trong dit liéu chudi thoi gian
ma khong bi anh hudng nhiéu boi van dé
“gradient vun”. Cau trac cia GRU bao gdm
cac cong dé kiém soat thong luong thong tin
trong mang (Hinh 5). Cac cong nay bao gém:
Cong cap nhat (Update gate) dé xac dinh murc
do cap nhat thong tin méi vao trang thai an cla
GRU. Cong dat lai (Reset gate) dé quyét dinh
xem théng tin trong qua khir ¢6 can dugc dat
lai hay khong. GRU c6 thé luu giit thong tin
quan trong tir qua khr va sir dung n6é dé anh
huong dén trang thai hién tai. Piéu nay giup
GRU vuot qua van dé mat mat thong tin xa va
giit duoc kha ning du bao cho cac chudi thoi
gian dai [33].

Cong dat lai  Cong cip nhit

0o el
: o P9
eI
E -

Hinh 5: Cdu tric cia thudt toan GRU

16p “Pooling” gitip giam kich thudc khong
gian cia dic trung trich xuét, trong khi 16p
“Activation” tao tinh phi tuyén cho mé hinh.
Cudi cuing, cac 16p “Fully Connected” duoc sir
dung dé du doan gi4 tri tiép theo dua trén cac
dic trung da dugc trich xuat (Hinh 6).
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Hinh 6: Cdu tric cia thudt toan CNN

3. CAC BUOC XAY DUNG MO HINH
HQC MAY

Trong cac bai toan cuia hoc may no6i chung va
trong cac bai toan vé dy bao 1i néi riéng, viéc
mo phong mé hinh hoc may dé du doan ra két
qua mong mudn s& gdm 5 budc chinh, d6 1a i)
Thu thap va xu ly dir liéu — cac tham s6 dau
vao v& dugc thu thap va tong hop lai, cing voi
do cac gia tri ngoai lai (outliers) s€ dugc loai
bo, xu ly; ii) Lwa chon cic tham sd dau vao
phu hop — trong bude nay thuc hién chon céc
tham s6 (bién) dau vao c6 anh huong dén két
qua du bao (outcome); iii) Lya chon thuat toan
hoc may — lua chon thuat todn phu hop cho bai
toan; iv) Huan luyén mé hinh — tap dit liéu s&

dugc chia ra 80% tap dir li¢u cho qua trinh
huan luyén md hinh (hodc 70%), tai ddy mo
hinh s& tu hoc va tim ra mdi lién hé gilta céc
tham s6 tr d6 dua ra gia trj du doan twong
ung. Sau do tap dir li€u con lai s€ dugc dua
vao mé hinh dé tién hanh kiém tra mo hinh
dua vao cac chi s6 nham danh gia d6 chinh xéc
cua gia tri du doan véi gia tri thuc do; va v)
Trién khai va sir dung mé hinh —mo hinh dat
duoc hiéu suét tot sé duoc dua vao moi truong
thuc té va st dung dé du doan két qua trén tap
dir liéu méi (Hinh 7).

Tinh chinh xac va d¢ tin cay cua cac moé hinh
du bao thuong dugc danh gid dua trén cac chi
s6 danh gia nhu hé s6 xac dinh (R?), sai sd
trung binh tuyét d6i (MAE), sai s6 trung binh
phuong (MSE), sai s trung binh phuong cin
bac hai (RMSE), d6 léch chuan trung binh ho
(MBE). Ngoai ra, hai chi s6 méi 14 sai s6 dinh
muc nude (PWE) va sai s6 thoi gian muc nudc
dat dinh ciing rat phu hop trong viéc danh gia
hiéu qua cia mdé hinh du doan (Bang 5).

Bang 5: C4c chi s6 thwong dwoc sir dung dé danh gia dé chinh xé&c ciia md hinh

Chi s6 danh gia Phuong trinh Tom tat
Sai s& dinh muc ~ Po sai s6 gitra muc nudc dat dinh giita gia tri dy
. | PWE=HP—HP | doan va thuc do (néu PWE cang gan 0 thi md hinh
nuocC R . .
cang chinh xac)
Sai b thoi gian Do sai sb gira thoi gian muc nuéc dy doan dat
e mude dat di%lh ETP=T"-T° dinh vai thoi gian mue nudc thue do dat dinh (néu
: : ETP cang gan 0 thi md hinh cang chinh xéc)

Trong d6, H?,H?, Tva T° 1an luot gia tri muc nudce thuc do va du doan dat dinh, thoi gian muc

nudc thue do va du doan dat dinh.
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mai

- J
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- Khi hudn luyén hoan tat, mé hinh
s€ duge kiem tra lai voi t@p dir licu
kiém tra. Cdc chi so danh gid sé
duoc sit dung de danh gid 4o tin
tn, cua mo hinh )

Hinh 7: Cdc bucc chay mé hinh hoc may trong bai toan dy bao lii

4. KET LUAN

Viéc du bao va canh bao lii luon la nhi€ém vu
cép bach can phai thuc hién dé hd trg cho viée
dua ra quyét dinh ciia chinh quyén dia phuong.
Tuy nhién, nhitng han ché cua cic mo hinh
dua trén tinh chat vat 1y truyén thong (nhu can
nhiéu dir liéu, tham s dau vao dé moé phong
chi tiét va sat nhat véi thuc té, doi hoi nhiéu
thoil gian m6 phong va cling nhu cac chuyén
gia trong linh vuc dé c6 thé xay dung va van
hanh mo hinh) khién cho viéc du béo lii theo
thoi gian thuc chua kha thi. Do d6, bai bao nay
da cung cap cho ngudi doc cai nhin tong quan
vé hudng tiép cn mdi va hiéu qua, do 1a su
dung cac mé hinh dinh hudng dir liéu, cu thé
la cac mo hinh ing dung hoc may, hoc sau vao
trong du bao lii. Pé danh gia hiéu qua cua md
hinh, bai bao ciing liét ké cac chi s6 thudng
dugc dung dé danh gia hiéu qua va do tin cay
cta cdc md hinh. Nhin chung, cdc md hinh str
dung phuong phap hdi quy va hoc sau déu dua
ra cac du doan c6 d6 chinh xac cao va hiéu
qua. Tur cac két qua cua cc nghién ctru thi day
s& 1a mot cach tiép can mdi, hiéu qua trong du
doan va giam nhe thi¢t hai gay ra do 1i lut.

Tuy viéc 4p dung cadc md hinh hoc may, hoc
siu vao bai toan du bdo lii mang nhiéu tiém
nang va co hoi, nhung cling dat ra mdt )
thach thirc nhu doi héi luong 16n dir ligu, chét
luong cua dir li€u, hi¢u qua cua mé hinh, do
chinh xé4c ctia md hinh, cu thé nhu dudi day:

- Dit liéu dau vao: Mot trong nhing thach thirc
16n d6 1a sy khan hiém dix liéu 1d chinh xac va
day di. Bén canh d6 ciing can phai phat trién
thém cac phuong phap xtr 1y, ndi suy hay sinh
thém dit liéu bi thiéu dé c6 thé ddm bao tinh
chinh x4c va dg tin cdy cia md hinh du bdo.
Dic biét diém han ché & cac mo hinh hoc sau
1a phai can mot tap dir liéu 16n hon rét nhiéu
so voi hdi quy hay phan 16p dé co thé dua ra
nhiing du bdo chinh x4c;

- P phirc tap ctia md hinh: Do mdi quan hé
gitta cac tham s6 dau vao 1a phi tuyén tinh va
rat phiic tap, do d6 can thém nhiéu nghién ciru
dé phat trién cac kién trac mang noron va cac
thuat toan t6i wu hoa phu hop véi bai toan du
bao 1ii. Gan didy mot sd nghién ciru da két hop
cac thuat toan hoc may lai di dem lai mot sd
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budc tién mai trong viée du bao 1i; - Két hop dit liéu da ngudn: Két hop dir lidu tir

- K§ thuat phan hdi: Trong bai toan du béo I,
thong tin thoi gian thuc va sy phan hdi nhanh
chéng 14 rat quan trong. Do d6 can phét trién
cac hé théng tu dong va theo thoi gian thuc dé
c6 thé dua ra cac canh bao cho chinh quyén va
ngudi dan mot cach kip thoi nhat;

nhiéu ngudn khac nhau nhu mé hinh thay vén,
thuy luc, radar, va cac tram quan tric mua,
muc nudc tu dong cod thé cai thién kha nang du
béo 1i. Nghién ctru vé ky thuat tich hop dit
liéu da ngudn va két hop cac phuong phap hoc
méy va hoc sau sé tao ra két qua tot hon.
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