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MG DAU

Luan an tap trung vao bai toan nang cao hiéu qua
nhan dang déi tuong va hanh dong tir camera giam sat, mot
huéng nghién citu ¢6 § nghia khoa hoc va thyc tién cao trong
b6i canh cac hé thong camera ngay cang dudc trien khai rong
rai tai do thi, khu dan cu, co sé ha tang trong yéu va moi
truong cong cong. Khoi lugng dit lieu hinh anh va video phat
sinh rat 16n khién viéc quan sat va phan tich thii cong khong
con kha thi, trong khi cac tinh huéng nguy hiém nhu bao
lite, sy xuat hién cta vii khi hodc cac déi tugng bat thuong
thuong dién ra dot ngot, doi héi hé thdng phai c6 kha nang
ho trg phat hién chinh xac va kip thoi.

Tt nhu cau d6, luan 4n xéc dinh cac nhom thach thic
chinh can giai quyét. Thit nhat 1 dit lieu mat can bang, do
cac truong hop doi tugng hiém ho#ic bat thuong thuong xuat
hién it so véi dit liéu ctia cac 16p binh thuong. Tha hai la
phat hién déi tugng nhé trong anh va video giam sat, nhat
14 trong boi canh géc nhin rong, do phan giai han ché hoic
dé6i tuong bi che khuat. Thit ba 1a phat hien hanh dong bao
luc trong video, noi hé théng can co lap ving chuyén dong
¢6 ¥ nghia vi mo hinh hoéa st bién déi clia hanh vi theo thoi
gian.

Muc tiéu tong quat ciia luan an la nghién ciu va dé
xuat cac phuong phap nham nang cao hiéu qui nhan dang
d6i tugng va hanh dong tit camera giam sat. Dé hien thuc

héa muc tiéu nay, luan an duge trien khai theo cac huéng noi



dung b6 trg cho nhau: xay dung co ché hoc hiéu qua tren dit
licu mat can bang; cai thién kha ning phat hién ddi tuong
nho; phat hién hanh dong bao lic trong video tir camera
giam sat theo dac tinh khong gian—thoi gian; va danh gia

thuc nghiém trén cac tap dit lieu chuan.



TONG QUAN VAN DE NGHIEN CcUU

Luan an tiép can bai toan nhan dang déi tuong va
hanh dong tit camera giam sat theo hai huéng chinh: nhan
dang theo d6i tugng va nhan dang theo hanh dong. Hudéng
thtt nhat tap trung phat hién sit xuat hién ctia cac doi tuong
quan tam trong khung hinh va dac biét 1a cac ddi tugng co
kich thuéc nhé. Huéng thit hai huéng dén nhan dién cac
chudi chuyén dong, tuong tac va dién bién theo thoi gian clia
cac dbi tugng, chang han nhu hanh dong bao luc, xam nhap
trai phép hodc cac tinh hudng bat thuong trong dam dong.
Hai huéng nay c6 quan hé bo trg, béi bude phat hien va theo
déi dbi tugng c6 thé cung cap céc ving quan tam dé biéu
dién chuyen dong tap trung hon vao con ngusi. Trong pham
vi bai toan phat hién bao lyc, luan an st dung phat hién
va theo déi ngusi dé xac dinh vimg khong gian clia ting ca
thé, sau d6 mo hinh hoa chudi dac trung théng ké clia dong
quang hoc theo thai gian.

Trén phuong dién phuong phap, luan 4an ké thita cac
nén tang hoc may, hoc sau va thi gidc may tinh hién dai,
bao gdm cac mo6 hinh hoc c6 giam sat, hoc trén dit lieu mat
can bang, cac kién trac CNN, RNN, Transformer va co ché
chil ¥, cing cac mo hinh phat hién déi tuong mot giai doan,
hai giai doan va duya trén Transformer. Dé6i véi dit lieu video,
luan 4n khao sat cac k¥ thuat mo hinh héa chuyén dong va
lia chon quy trinh két hop phat hién ngusi, theo doi da doi

tuong va dong quang hoc. Tt qua trinh tong quan, luan an



xac dinh cac thach thitc noi bat gom méat can bang dit licu,
phat hien déi tuong nho, tinh bén vitng ctia mo6 hinh trong
moi trudng cong cong va kha nang nhan dang hanh dong bat
thuong theo dic tinh khong gian-thoi gian. Day 1a co sé dé
xay dung cac chuong nghién cttu tiép theo theo huéng két
hop gitta déng gép phuong phap luan nén tang va cic bai
toan tng dung chuyén biét.

Trén co sé d6, luan an da dat dude mot s6 két qua
chinh c6 ¥y nghia ca vé phuong phap luan 1an thiyc nghiém.
Thit nhat, luan an dé xuit co ché gan trong so thich nghi
dong trong ham mat mat nham nang cao hiéu qua hoc trén
dit liéu mat can bang, qua do cai thién chat lugng nhan dang
trén cac 16p hiém va tao mot cong cu nén tang c6 kha ning
tich hop vao nhiéu bai toan thi gidc may tinh khac nhau.
Thit hai, luan 4n phat trién mo hinh phéat hién déi tugng
nhe c6 tang cudng chi ¥ da ti lé nham nang cao kha ning
phat hién déi tugng nhé trong anh va video giam sat, dong
thoi bdo dam hiéu qua tinh toin cho cac nén tang tai nguyen
han ché. Thit ba, d6i v6i bai toan nhan dang theo hanh dong,
luan an dé xuat quy trinh phat hién bao lyc lay con ngudi
lam trung tam, trong d6 dong quang hoc duge tinh trong
ving theo doi ciia ting ca thé va duge tém tat bang cac dac
trung thong ké trén chudi thoi gian ngan.

Phan tdng quan da hé théng héa cac huéng nghien
citu, cac nhém phuong phap chii yéu va nhitng thach thic dic
trung ctia bai toan, dong thoi lam r6 khodng trong nghién
ciu va dinh vi cdc dong gép chinh cua luan an. Trén co sé

dé, cac chuong tiép theo dudc trién khai theo mot cau tric



logic, trong d6 mdi chuong tap trung gidi quyét mot khia
canh trong tam ctia bai todn tong thé nhung van bao dam
tinh lién két thong nhat v6i muc tiéu nang cao hiéu qua nhan

dang ddi tuong bat thuong trong diéu kién giam sat thuec té.



NOI DUNG, KET QUA NGHIEN CUU

Chuong 1. Tong quan vé nhan dang d6i tugng va
hanh dong ti&r camera giam sat

Chuong 1 trinh bay co sd Iy thuyét va boi cAnh nghién
cttu cho toan bd luan an. Noi dung chuong tap trung lam ro
dic trung cia dit lieu anh va video giam sat, su khac biét gitta
thong tin khong gian va thong tin thoi gian, cling cdc nén
tang phuong phap chii yéu cia hoc may, hoc sau va thi gidc
may tinh hién dai. Bén canh d6, chuong téng hop cac huéng
tiép can tieu biéu trong phat hien déi tugng, nhan dang hanh
dong, cac tiéu chi danh gia thuong dung va nhiing bo dit lieu
chuan c6 lién quan dén phat hién déi tugng va phat hien
hanh dong bao Iyc tlt camera giam sat.

Mot ndi dung trong tam ctia chuong la phan tach bai
toan thanh hai huéng tiép can chinh: nhan dang theo déi
tuong va nhan dang theo hanh dong. Huéng thit nhat tap
trung vao viéc phat hién cac déi tuong hiém gap, nguy hiém
hodc khong mong mudn trong khung hinh, nhu vii khi, vat
thé la hoac cac muc tiéu ¢é kich thude nho. Huéng thi hai
nhan manh viéc phat hien cac chudi chuyén dong, tuong téc
va dién bién hanh dong theo thsi gian, ching han nhu hanh
dong bao luc, xam nhap trai phép hoic cac tinh hudng bat
thuong trong dam dong. Cach phan tach nay gitp xac dinh
ro pham vi nghién ctiu ciia tiing chuong, dong thoi lam sang
t6 mdi lien hé giita cac huéng nghién cttu thanh phan trong

mot muc tiéu chung cia luan an.



Vé phuong dién hoc thuat, Chuong 1 c6 vai tro xac
lap khung van dé nghién cttu, chi ra cic thach thic cot 16i
va dinh vi cac huéng tiép can ma luan an lga chon. Trén co
sé do, chuong lam ré moéi lien hé gitta cac bai toan dit lieu
mat can bang, phat hién déi tuong nho, phat hién déi tuong
trong moi truong cong cong va phat hién hanh dong bao luc
trong video. Day 1a co s§ dé luan an trién khai céc déng gép
theo huéng két hop gitta phuong phap luan nén tang va céc
bai toan ting dung chuyén biét, bdo ddm tinh thong nhat ve

muc tiéu nghién cttu va tinh lién két gitta cac chuong.

Chuong 2. Phuong phap hoc trén dit liéu mét
can bang

Chuong 2 tap trung gidi quyét bai toan dit lieu mat
can bang thong qua viéc dé xuat co ché gan trong s thich
nghi dong trong ham mat mat, ky hieu 1a DFL. Y tudng
cot 16i clia phuong phéap la diéu chinh déng gop clia ting
mau trong qué trinh huan luyén dya trén phan bo 16p va do
khé ctia mau, nham gidm sy chi phéi ctia 16p da s6 va duy
trl anh hudéng clia cac mau duong hiém. Phuong phap dude
khao sat khong chi trén phan loai anh ma con trén phat hién
dé6i tugng va phan doan anh.

Vé mit phuong phap, DFL duge xay dung nhu mot
bién thé thich nghi clia Focal Loss, trong dé tham sb tap
trung duge cap nhat dong theo timg epoch. Cu thé, ham
mat mat dugce viét dudi dang:

DFL(p) = —a(1 — py)" log(py), (1)



trong d6 tham s6 7, dugc xac dinh theo cong thic:

t—1

P

Ve = Y0 + (Vtinal — Y0) (ﬁ) : (2)
Trong d6, p; 1a xac suat dy doan dung 16p, o 1a he s6 can
bang 16p, v 1a gia tri khdi tao, Yena 1a gid tri 6 cudi qua
trinh huén luyen, t 1a epoch hién tai, 7' la tong sb6 epoch va
p la tham s6 diéu khién téc do thay ddi. Nho co ché nay, mo
hinh ¢6 thé diéu chinh mic do wu tién danh cho cdc mau khé
theo ting giai doan hoc, thay vi duy tri mot mic tap trung
c6 dinh trong toan bo qua trinh huan luyén.

Trong toan bo cac thi nghiém, DFL st dung chung
cau hinh v9 = 0, Yfinal = 5, @ = 0.25 v& p = 1, khong tinh
chinh riéng theo ting tac vu. Két qua tren ISIC2019 cho thay
DFL cai thién cac chi s6 phan loai qua nhiéu kién tric. D6i
v6i phét hien déi tuong, tac dong tich cuc thé hieén r6 hon &
mAP@50 va mAP, nhung khong ting dong thoi moi chi s6;
mot s6 cau hinh gidm nhe & mAP@75 hoac mAP,,. Trong
bai toan phan doan anh, viéc thay Cross-Entropy bang DFL
trong nhanh phan loai ctia RPN cai thién két qua trén ca hai
cau hinh Mask R-CNN dugc khao sat. Cac két qua cho thay
DFL 14 mot co ché gan trong s6 dong c6 kha ning tich hgp
vao nhiéu tac vu, dong thoi can duge dién gidi theo ting chi
s6 va diéu kien thuc nghiem cu thé.

Ngoai gia tri thyc nghiém, Chuong 2 con cho thay
tam quan trong ctia thiét ké ham mat méat trong viéc chi

phéi hanh vi hoc ctia mo hinh. Thay vi chi tap trung vao



thay doi kién tric, nghién ctu nhan manh riang viéc diéu
chinh co ché t6i wu ¢ mic ham mat mat c6 thé tao ra céi
thien dang ké ma van gitt duge tinh linh hoat khi tich hgp
v6i nhiéu ho mo hinh khac nhau. Day 1a mot déng gop co
¥ nghia vi né cung cap mot cong cu nén tang dé hd trg cac

chuong ting dung sau cta luan an.

Chuong 3. Phat hién déi tuong cé kich thuéc nho

Chuong 3 dé xuat LWMA-Net, mot kién tric phat
hién déi tuong nhe c6 tang cudng co ché chu y da ti le, dugc
thiét ké cho bai toan phat hién ddi tuong nhd trong anh
UAV. M6 hinh huéng t6i giai quyét cac kho khan dién hinh
cua du liéu chup tu trén cao nhu kich thuéc muc tiéu nho,
nén canh phic tap, mat do déi tuong cao va yéu cau trien
khai trén phan cing han ché. Diém noi bat ctia mo hinh la
co ché tinh chinh va hop nhat dic trung dya trén cha ¥ da ti
le, cho phép nhan manh cac viing dic trung quan trong doi
v6i muc tieu nho hodc bi che khuét.

Bén canh thiét ké kién tric, chuong con phan tich
vai tro ctia tiing thanh phan trong LWMA-Net thong qua
cac thyc nghiém ciat bd va tryc quan héa. Cac két qua cho
thay co ché cht ¥ khong chi lam ting do chinh xac phat hién
ma con gitp mo hinh tap trung tét hon vao ving doéi tuong
thuce, dac biét trong cac truong hgp muc tiéu c6 kich thude
rat nho, do tuong phan thap hoac bi nhiéu nén manh. Diéu
nay lam ro tinh hgp 1y cia lya chon kién tric theo huéng
nhe nhung van c6 kh& niang mo hinh héa dac trung da ti 1é

hiéu qua.



Chién luge huan luyén ctia LWMA-Net sit dung tang
cuong dit lieu, bo t6i uu AdamW va lich gidm toc do hoc
dang cosine. Trén bo dit lieu VisDrone2019, mo hinh dat
29.0% mAP va 47.4% mAP@50, dong thoi cai thién ro ret
hiéu nang trén déi tugng nhd so véi mo hinh co sd. Thi
nghiém tich hgp DFL ctia Chuong 2 vao LWMA-Net tiép
tuc nang két qua len 29.5% mAP, 48.3% mAP@50, 30.1%
mAPQ75, 21.3% mAPg, 40.0% mAP,, va 41.4% mAP;. Do
DFL chi tac dong trong giai doan huan luyén, cau hinh tich
hop khong lam thay ddi sé tham s6, FLOPs va téc do suy
luan ctia LWMA-Net. Két qua nay cung cap bang chimg thuec
nghiém vé tinh bd trg gita co ché gan trong sé dong va co
ché cha y da ti le.

Mang trich xuat dac trung Khéi Neck Dau dy doan
(PAN)

20 x 20 x 1024 | ————— 20 x 20 x 1024 ——
F D le he
S5 5 ecouple head
40 x 40 x 512 40 x 40 x 512
sS4 4 Decouple head
80 x 80 x 256

20 x 20 x 1024

80 x 80 x 256

Hop chira,
16p d6i tugn:

640 x 640 x 3 ..-
Tang cuong dir liéu R

Hinh 3.1. Kién tric mo6 hinh dé xuit LWMA-Net

Hinh 3.1 minh hoa céu tric tong thé ciia LWMA-Net,
trong d6 cac thanh phan trich xuat dic trung, hop nhat da
ti Ié vd mo-dun cha ¥ dugce to chiic theo huéng wu tien phat
hién muc tiéu nhé nhung van gitt s6 luong tham sd & mtic

thap. Viec dua hinh kién trtac vao ban téom tat giap lam 1o
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tryc quan ¥ tudng thiét ké trong tam ciia chuong, dong thoi
phan anh dang cau trac phuong phiap da trinh bay trong

luan an.

Chuong 4. Phat hién hanh dong bao luc trong
video theo dac tinh khong gian—thdi gian

Chuong 4 trinh bay cach tiép can phat hién hanh dong
bao Iic 1ay con ngudi lam trung tam. Phat hién va theo doi
ngusi duge sit dung dé xac dinh viing quan tam cta ting ca
thé; dong quang hoc sau dé duge tinh trong cac ving nay
va tom tat bang 25 dac trung théng ke vé do 16n va hudng
chuyén dong trén ctta s6 15 khung hinh. Anh RGB va dac
trung ngoai hinh khong duge dua trie tiép vao bo phan loai.
Vi vay, thuat ngit khong gian—thoi gian trong chuong phan
anh viéc bieu dién chuyén dong trong viing khong gian ciia
timg nguoi v mo hinh héa su bién doi ciia biéu dién dé theo
thoi gian.

Dé tranh 10 ri do cac cita s6 lién ké chong 1an, dit lieu
dugc chia theo nhom véi ti 1 huan luyén /xac thyce/kiem tra
la 70/10/20. D6i v6i AIRTLab, hai video cing canh dugc
quay tu hai camera duge xép vao ciing mot nhom; déi véi
Movies Fight, mdi video 14 mot nhém doc lap. Tat ca cia
s6 va chudi theo déi clia ciing nhém chi thudc mot tap, va
qué trinh kiém tra tu dong xac nhan khong cé chong lan
nguon gitta cac tap. Tam mo hinh phan loai v& mot mo hinh
ensemble dude danh gia trén ba hat giong 42, 1 va 2; két
qué dudce béo cao dudi dang trung binh + do lech chuan &

cd miuc cta s6 va mic video.
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Tréen AIRTLab véi bude trugt 1, ensemble gom 3D-
CNN, CNN-LSTM va Transformer dat Fl-macro 64.95 +
1.28% va accuracy mic video 85.7142.86%. Véi buée trugt 5,
cac gia tri tuong tng 12 65.13+1.70% va 80.48 +2.97%. Trén
Movies Fight, 3D-CNN dat F1-macro cao nhat 89.2243.88%;
XGBoost dat accuracy miic video cao nhat 98.33 4 1.44%;
ensemble dat recall cao nhat 90.014:3.55%. Két qua cho thay
hieu nang phu thudc dang ké vio diac diém mién dit lieu va

khong c6 mot mo hinh duy nhat vugt troi trén moi chi sb.

Danh séch hop chira |

YoLovs Phat hién
ngudi d6i tugng ngudi

T6ng hop
déc trung
théng ké

a

Y

]

]

Mang phan loai dya 1
Vec-to dac trung trén phuong phap Vec-to két qua )
Ensemble '

'

]

'

.

ViolencelNon-Violence

(Bao Iyc/Khdng bao Iyc)

Hinh 4.1. Kién trdc tong thé cta hé théng

Hinh 4.1 thé hién chudi xit 1y chinh ctia hé théng, ti
phat hién ngudi, theo doi déi tuong, trich xuat dong quang
hoc, tong hop diic trung théng ké dén phan loai hanh dong.
Phan tich hiéu qua tinh toan tréen GPU NVIDIA RTX 3080
10 GB cho thay do tré ciia cac bo phan loai déu duéi 11 ms
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cho mot cita so; tuy nhién, chi phi chinh ctia toan hé théng
nam & giai doan phéat hien-theo dai va trich xuat dong quang
hoc. Day 1a diém can tiép tuc t6i wu khi huéng dén xtt Iy
thoi gian thuec.
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KET LUAN VA HUGNG PHAT TRIEN

1. Két luan

Luan an da nghién citu va dé xuat cac phuong phap
nham nang cao hieéu qua nhan dang doéi tugng va hanh dong
t camera giam sat, tap trung vao viéc gidi quyét ba thach
thitc cot 16i: dit lieu mat can bang, phat hién déi tuong nho,
va nhan dang hanh dong bao luc trong &nh/video tit camera
giam sat. Cac két qua chinh dat dude bao gom:

Thit nhat, luan an dé xuat DFL, mot chién luge gan
trong s6 dong thong qua viéc ting tham s6 tap trung - theo
tién trinh huan luyén. Phuong phap st dung mot cau hinh
chung cho phéan loai, phat hién va phan doan, qua d6 cho
thay kha niang tich hgp vao nhieu tac vu thi giac may tinh.
Két qua thuyc nghiem xac nhan xu huéng cai thien, dic biét
dé6i v6i cac mau kho va doi tuong nhd, dong thoi ciing chi ra
tac dong ctia DFL khong dong déu trén moi chi s6.

Thit hai, luan an phat triecn LWMA-Net, mot mo
hinh cht y da ti 1é nhe cho bai toan phat hién déi tuong
nhé trong anh UAV. M6 hinh dat 29.0% mAP va 47.4%
mAP@50 trén VisDrone2019. Khi tich hgp DFL, két qua
tang len 29.5% mAP va 48.3% mAP@50 ma khong thay doi
do phtic tap suy luan. Thi nghiém nay cung cap bang chiing
trite tiép vé tinh lien két va bo trg gitta dong gép ctia Chuong
2 va Chuong 3.

Thit ba, luan 4n dé xuat khung phat hién hanh dong

bao luc dua trén biéu dién chuyén dong theo ving ngusi. Dau
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vao clia bo phan loai 1a chudi dac trung thong ké ctia dong
quang hoc, khong bao gom nhanh dic trung RGB doc lap.
Quy trinh chia dit lieu theo nhém loai bé chong lan nguon
gitta cac tap; thuc nghiém trén AIRTLab va Movies Fight
v6i ba hat giéng cung cap danh gia than trong hon vé kha
nang tong quat hoa. Két qua dong thdi cho thay budc phan
loai c6 do tré thap, trong khi phat hién-theo déi va trich
xuat dong quang hoc la diém nghén tinh toan chinh.

Toém lai, luan an da hoan thanh cac muc tiéu nghién
citu dé ra va déng gop céac gidi phap cho ba khia canh bd trg
clia bai toan nhan dang doi tuong va hanh dong tit camera
giam sat. Cac két qua cho thay tiém nang tng dung cia
cac phuong phap dé xuat, dong thoi viec trién khai trong
hé théng thuc té van can duge kiém ching thém trén dit
licu giam sat da dang va trong cac diéu kién van hanh khac
nhau. Bén canh do, c¢6 thé thay céc chuong clia luan an khong
duge t6 chitc theo dang phu thudce tuan tu, trong do két qua
clia chuong truée phai duge tich hop thuc nghiem tryc tiép
vao chuong sau, ma theo hudéng giai quyét cac khia canh bo
sung clia cling mot bai todn tong thé. Cu thé, Chuong 2
dé xudt mot co ché hoc ¢6 tinh tong quat cho dit lieu mét
can bang, trong khi Chuong 3, Chuong 4 phat trién cac giai
phap chuyén biét cho cac bdi canh tng dung khac nhau cia
nhan dang ddi tugng va hanh dong tit camera giam sat. Theo
huéng nay, dong gop ctia Chuong 2 ¢6 vai tro phuong phap
luan nén tang va da duge kiém ching bude dau thong qua
thi nghiém tich hgp DFL vao LWMA-Net. Chuong 4 dugc
danh gia theo mot thiét lap rieng nham co6 lap anh hudng
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ctia biéu dién chuyén dong va mo hinh héa thoi gian.

2. Huéng phat trién

Dua trén cac két qua dat duge va nhitng han ché con
ton tai, luan an dé xuat cac huéng nghién cttu va phat trién
tiép theo:

MG rong tich hgp DFL va LWMA-Net vao quy
trinh video: Luan an da tich hop DFL vao LWMA-Net va
ghi nhan cai thién trén VisDrone2019 ma khong lam thay
doi kién tric suy luan. Huéng phat trién tiép theo la dua
mo-dun phat hién doi tuong va co ché hoc trén dit lieu mat
can bang nay vao quy trinh video, sau d6 danh gia anh hudéng
d6i v6i chat luong chudi theo doi va nhan dang hanh dong.

MGa rong danh gia trén dw liéu giam sat thuc:
AIRTLab va Movies Fight déu con chiu anh huéng ctia dan
dung. Vi vay, phuong phap phat hién bao lyc can duge danh
gia thém trén cac bo dit lieu giam sat thuc nhu RWF-2000
hodc RLVS, dong thai thiyc hién thi nghiém huan luyén trén
mot mién va kiém tra trén mien khac dé khéo sat mic do
phu thudc mien.

MG rong sang cac dang dbi tuong va hanh dong
khac: Céac han ché chinh cia cac mo hinh bao gom sy phu
thudc vao chat luong dit lieu huan luyén, diéu kién 4nh sing,
géc quay camera, mic do che khuat, sit da dang ciia boi canh
giam sat va chénh léch phan bé gitta dit lieu huan luyén véi
dit lieu thuc té. Do dé, khi trién khai trong moi trudng mdi,
cac mo hinh can dude hieu chinh, danh gié lai va c¢6 thé can

b6 sung dit lieu dac thit ctia ting boéi canh. Bén canh cac bai
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toan da dugc nghien cttu, mot huéng phét trién tiép theo 1a
md rong phuong phap sang cac dang hanh dong khac nhu
xam nhap khu vuc cdm, tu tap bat thudng, té nga, chay no,
trom cip hoiic cac hanh vi nguy hiém khéc trong moi truong
giam sat. Viec md rong nay can két hop phat hien déi tuong,
nhan dang hanh dong va mo hinh héa ngit cAnh dé nang cao
kha nang ting dung ctia hé théng trong cac tinh hudng thuec
té da dang.

Hoan thién kiém dinh théng ké va phan tich
do tin cay: Chuong 4 da dugc danh gia trén ba hat giong
va bao céo trung binh kem do lech chuan. D6i véi cac thi
nghiém quy mo 16n ¢ Chuong 2 va Chuong 3, can tiép tuc
thuc hién nhiéu lan chay doc lap, bé sung khoang tin cay va
kiém dinh ¥ nghia théng ke, diic biét khi chénh léch gifta céc
cau hinh nhé hon mot diém phan tram.

Nghién citu hoc chuyén giao mién va hoc véi it
dit liéu: Phét trién cac phuong phap thich ting mién va hoc
vai mau dé mo hinh c6 thé thich tng nhanh chéng véi moi
truong mdi va hoc duge cac loai bat thuong mdi tir s6 luong
mau han ché.

Tang cudng kha ning gidi thich vaA hé trg ra
quyét dinh: Cac két qua truc quan héa can duge phat trién
theo huéng khong chi minh hoa ving chii § ctia mo hinh ma
con hd trg ngusi van hanh hiéu duge nguyén nhan tao ra
canh bao. Trong tuong lai, c6 thé két hop ban do cha ¥, qui
dao chuyén dong, thong tin déi tugng va mo ta ngit nghia
ngin gon dé cung cap bang chiing tric quan cho titng quyét
dinh ctia hé thong.
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Khai thac dit lieu khong gan nhan va thong tin
b6 trg: Mot huéng nghién citu tiép theo 1a tan dung luong
16n video gidm sat chwa gan nhan thong qua hoc ty giam
sat, hoc tuong phan hodc tién huan luyén trén dit lieu mién
dich. Bén canh di liu hinh anh, cac nguon thong tin bd trg
nhu thoi gian, vi tri camera, ving quan tam hodc thong tin
ngit canh ctia canh quan sat c6 thé duge khai thac dé tang
do 6n dinh ctia hé théng.

T6i wu héa quy trinh trién khai va van hanh
hé théng: D6i véi quy trinh phat hién bao lic, can wu tién
tang toc giai doan phat hién-theo déi va trich xuat dong
quang hoc trén GPU, bédi day 1a thanh phan chiém phan 16n
thoi gian xt ly. Bén canh d6, can nghién cttu co ché canh
bao theo ngudng tin cay, cap nhat moé hinh sau trién khai va
danh gia tai khi xit Iy dong thoi nhiéu luong camera.

Tich hgp véi ha tang giam sat théng minh:
Trong cac ting dung thuyc té, mo hinh nhan dang can duge
két ndi véi cac thanh phan quan 1y camera, luu trit video,
truy van sy kién va canh bao thoi gian thuc. Do d6, mot
huéng phat trién quan trong la xay dung kién tric he théng
theo mo-dun, cho phép mé rong s6 lugng camera, phan quyéen
truy cap dit lieu va tich hop véi cac nén tdng quan 1y an ninh

hién cé.
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INTRODUCTION

This dissertation focuses on enhancing the efficiency
of object and action recognition from surveillance cameras, a
research direction of substantial scientific and practical sig-
nificance as camera systems are increasingly deployed in ur-
ban areas, residential zones, critical infrastructure, and pub-
lic environments. The enormous volume of image and video
data makes continuous manual monitoring and analysis im-
practical. Meanwhile, hazardous events such as violence, the
presence of weapons, or other abnormal objects often occur
suddenly and therefore require systems capable of supporting
accurate and timely detection.

Based on these practical demands, the dissertation
identifies three major groups of challenges. The first is data
imbalance, because rare objects or abnormal cases gener-
ally appear much less frequently than normal classes. The
second is small-object detection in surveillance images and
videos, particularly under wide viewing angles, limited reso-
lution, and occlusion. The third is violence detection in video,
where the system must isolate meaningful motion regions
and model behavioral changes over time.

The overall objective of the dissertation is to inves-
tigate and propose methods for enhancing the efficiency of
object and action recognition from surveillance cameras. To
achieve this objective, the research is organized into comple-

mentary directions: developing an effective learning mech-



anism for imbalanced data; improving small-object detec-
tion; detecting violent actions in surveillance video through
spatio-temporal characteristics; and conducting experimen-

tal evaluations on benchmark datasets.



OVERVIEW OF THE RESEARCH
PROBLEM

The dissertation approaches object and action recog-
nition from surveillance cameras through two principal direc-
tions: object-oriented recognition and action-oriented recog-
nition. The first direction focuses on detecting objects of
interest in individual frames, especially small objects. The
second aims to recognize motion sequences, interactions, and
temporal developments, such as violent behavior, unautho-
rized intrusion, or abnormal crowd situations. These two di-
rections are complementary because object detection and
tracking can provide regions of interest that allow motion
representations to focus more directly on people. For vio-
lence detection, the dissertation uses person detection and
tracking to determine the spatial region of each individual
and subsequently models temporal sequences of statistical
optical-flow features.

Methodologically, the dissertation builds upon mod-
ern foundations in machine learning, deep learning, and
computer vision, including supervised learning, learning
from imbalanced data, CNN, RNN, Transformer and at-
tention architectures, as well as one-stage, two-stage, and
Transformer-based object detectors. For video data, the dis-
sertation reviews motion-modeling techniques and adopts a
pipeline that combines person detection, multi-object track-

ing, and optical flow. The literature review identifies several



prominent challenges, including data imbalance, small-
object detection, model robustness in public environments,
and abnormal-action recognition through spatio-temporal
characteristics. These findings provide the basis for com-
bining a foundational methodological contribution with
specialized application-oriented studies in the subsequent
chapters.

The dissertation achieves several major methodolog-
ical and experimental results. First, it proposes a dynamic
adaptive-weighting mechanism in the loss function to im-
prove learning from imbalanced data, enhance recognition of
rare classes, and provide a foundational tool that can be in-
tegrated into multiple computer-vision tasks. Second, it de-
velops a lightweight object detector enhanced with multi-
scale attention to improve small-object detection in surveil-
lance imagery while maintaining computational efficiency
for resource-constrained platforms. Third, for action-oriented
recognition, it proposes a human-centric violence-detection
pipeline in which optical flow is computed within the tracked
region of each individual and summarized using statistical
features over short temporal sequences.

The overview systematizes the main research direc-
tions, methodological groups, and task-specific challenges,
while clarifying the research gaps and positioning the princi-
pal contributions of the dissertation. The subsequent chap-
ters are therefore organized so that each addresses a central
aspect, of the overall problem while remaining aligned with

the common objective of enhancing abnormal-object and ac-



tion recognition under practical surveillance conditions.



RESEARCH CONTENT AND
RESULT'S

Chapter 1. Overview of Object and Action
Recognition from Surveillance Cameras

Chapter 1 presents the theoretical foundations and
research context of the dissertation. It clarifies the charac-
teristics of surveillance image and video data, the distinction
between spatial and temporal information, and the princi-
pal methodological foundations of modern machine learn-
ing, deep learning, and computer vision. The chapter also
reviews representative approaches to object detection and
action recognition, commonly used evaluation criteria, and
benchmark datasets related to object detection and violence
detection from surveillance cameras.

A central aspect of the chapter is the division of the
research problem into object-oriented and action-oriented
recognition. Object-oriented recognition focuses on rare,
dangerous, or unwanted objects in individual frames, such
as weapons, unusual items, or small targets. Action-oriented
recognition emphasizes motion sequences, interactions, and
temporal developments, including violent behavior, unau-
thorized intrusion, and abnormal crowd situations. This
division defines the scope of the subsequent chapters and
clarifies the relationship among the component research

directions within the common objective of the dissertation.



Academically, Chapter 1 establishes the research
framework, identifies the core challenges, and positions
the approaches selected in the dissertation. It clarifies
the relationships among imbalanced learning, small-object
detection, object detection in public environments, and
violence detection in video. This foundation supports the
combination of general methodological contributions and
specialized application problems while maintaining coher-
ence in the research objectives and interconnections among

the chapters.

Chapter 2. Learning Method for Imbalanced
Data

Chapter 2 addresses data imbalance by proposing a
dynamic adaptive-weighting mechanism in the loss function,
denoted DFL. The central idea is to adjust the contribution
of each training sample according to the class distribution
and sample difficulty, thereby reducing the dominance of ma-
jority classes while preserving the influence of rare positive
samples. The method is evaluated not only for image classifi-
cation but also for object detection and image segmentation.

DFL is formulated as an adaptive variant of Focal
Loss in which the focusing parameter is dynamically updated

at each epoch. The loss is defined as

DFL(p)) = —a(l — p)" log(py), (1)



where ~; is determined by

t—1

P
Ve = Y0 + (Vtinal — Y0) (ﬁ) : (2)
Here, p; is the predicted probability of the correct class, «
is the class-balancing factor, v is the initial focusing value,
Yinal 1S 1ts final value, t is the current epoch, T is the total
number of epochs, and p controls the rate of change. This
mechanism allows the model to adjust its emphasis on diffi-
cult samples throughout training rather than maintaining a
fixed focusing level.
All experiments use the common configuration vg =
0, Yfinal = 5, a = 0.25, and p = 1, without task-specific tun-
ing. On ISIC2019, DFL improves classification metrics across
multiple architectures. In object detection, the positive ef-
fect is more apparent for mAP@50 and mAP, although not
every metric improves simultaneously; several configurations
exhibit slight decreases in mAPQ75 or mAP,,. For image seg-
mentation, replacing Cross-Entropy with DFL in the RPN
classification branch improves performance for both evalu-
ated Mask R-CNN configurations. These results demonstrate
that DFL is a dynamic weighting mechanism applicable to
multiple tasks, while its effects should be interpreted accord-
ing to individual metrics and experimental conditions.
Beyond the empirical findings, Chapter 2 highlights
the importance of loss-function design in governing model-
learning behavior. Instead of relying exclusively on architec-

tural changes, the study demonstrates that modifying the op-



timization mechanism at the loss-function level can improve
performance while retaining flexibility across model families.
DFL therefore provides a methodological foundation for the

application-oriented chapters that follow.

Chapter 3. Small-Object Detection
Chapter 3 proposes LWMA-Net, a lightweight object-

detection architecture enhanced with multi-scale attention
for small-object detection in UAV imagery. The model ad-
dresses typical aerial-imagery challenges, including small tar-
get size, complex backgrounds, high object density, and de-
ployment constraints on limited hardware. Its key design is
a multi-scale attention-based feature-refinement and fusion
mechanism that emphasizes informative features correspond-
ing to small or occluded targets.

The chapter analyzes the contribution of each
LWMA-Net component through ablation experiments and
visualization. The results show that the attention mecha-
nisms improve detection accuracy and enable the model to
concentrate more effectively on actual object regions, partic-
ularly for extremely small targets, low-contrast objects, and
scenes with strong background interference. These findings
support the design choice of a lightweight architecture that
still models multi-scale features effectively.

LWMA-Net is trained with data augmentation, the
AdamW optimizer, and a cosine learning-rate schedule. On
VisDrone2019, the model achieves 29.0% mAP and 47.4%

mAP@50 while providing a marked improvement for small



objects over the baseline. Integrating DFL from Chapter
2 further increases performance to 29.5% mAP, 48.3%
mAP@Q@50, 30.1% mAPQ75, 21.3% mAP,, 40.0% mAP,,
and 41.4% mAP,. Because DFL affects only the training
stage, the integrated configuration preserves the param-
eter count, FLOPs, and inference speed of LWMA-Net.
This experiment provides direct empirical evidence of the
complementarity between dynamic sample weighting and

multi-scale attention.
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Figure 3.1. Architecture of the proposed
LWMA-Net

Hop chira,
16p d6i tugng
W

Figure 3.1 illustrates the overall LWMA-Net archi-
tecture, in which feature extraction, multi-scale fusion, and
attention modules are organized to prioritize small-target de-
tection while maintaining a low parameter count. The archi-
tecture visually summarizes the principal design contribution

presented in this chapter.
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Chapter 4. Violence Detection in Video through
Spatio-Temporal Characteristics

Chapter 4 presents a human-centric approach to vio-
lence detection. Person detection and tracking are used to de-
termine the region of interest associated with each individual.
Optical flow is subsequently computed within these regions
and summarized using 25 statistical features describing mo-
tion magnitude and orientation over 15-frame windows. RGB
images and appearance features are not directly provided to
the classifier. Accordingly, the term spatio-temporal refers to
representing motion within each person’s spatial region and
modeling the temporal evolution of that representation.

To prevent leakage caused by overlapping neighboring
windows, the data are partitioned by group using a 70/10/20
training/validation/test ratio. For AIRTLab, the two videos
of the same scene captured by different cameras are assigned
to the same group. For Movies Fight, each video constitutes
an independent group. All windows and tracklets from a
group belong exclusively to one subset, and an automated
audit confirms that no source overlap exists among the sub-
sets. Eight classifiers and one ensemble are evaluated using
three random seeds, 42, 1, and 2, and the results are re-
ported as mean + standard deviation at both window and
video levels.

On AIRTLab with stride 1, the ensemble of 3D-CNN,
CNN-LSTM, and Transformer obtains a macro-F1 score of
64.95 £ 1.28% and a video-level accuracy of 85.71 £ 2.86%.

11



With stride 5, the corresponding values are 65.13 & 1.70%
and 80.48 + 2.97%. On Movies Fight, 3D-CNN achieves the
highest macro-F1 score of 89.22 + 3.88%; XGBoost achieves
the highest video-level accuracy of 98.33 & 1.44%; and the
ensemble obtains the highest recall of 90.01 £ 3.55%. These
results indicate substantial domain dependence, and no sin-

gle model is consistently superior across all metrics.
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Figure 4.1. Overall architecture of the

violence-detection system

Figure 4.1 presents the main processing stages, in-
cluding person detection, object tracking, optical-flow ex-
traction, statistical feature aggregation, and action classifi-
cation. Computational analysis on an NVIDIA RTX 3080
10 GB GPU shows that all classifiers have a latency below

11 ms per window. Nevertheless, person detection, tracking,

12



and optical-flow extraction constitute the principal computa-
tional bottleneck and therefore require further optimization

for real-time processing.
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CONCLUSIONS AND FUTURE
DIRECTIONS

1. Conclusions

The dissertation investigates and proposes methods
for enhancing the efficiency of object and action recognition
from surveillance cameras, with emphasis on three core chal-
lenges: imbalanced data, small-object detection, and violent-
action recognition in surveillance images and videos. The
principal results are summarized as follows.

First, the dissertation proposes DFL, a dynamic
weighting strategy based on progressively increasing the fo-
cusing parameter v during training. The same configuration
is applied to classification, detection, and segmentation,
demonstrating its integration potential across multiple
computer-vision tasks. Experimental results show positive
trends, particularly for difficult samples and small objects,
while also indicating that DFL does not improve every
metric uniformly.

Second, the dissertation develops LWMA-Net, a
lightweight multi-scale attention model for small-object
detection in UAV imagery. The model achieves 29.0% mAP
and 47.4% mAP@50 on VisDrone2019. Integrating DFL
increases these values to 29.5% mAP and 48.3% mAPQ@50
without changing inference complexity. This experiment
provides direct evidence of the relationship and comple-

mentarity between the contributions of Chapters 2 and
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Third, the dissertation proposes a violence-detection
framework based on motion representations within person
regions. The classifier input consists of temporal sequences
of statistical optical-flow features and does not include an in-
dependent RGB appearance branch. Group-based data par-
titioning eliminates source overlap among the subsets, while
experiments on AIRTLab and Movies Fight using three ran-
dom seeds provide a more cautious evaluation of generaliza-
tion. The results also show that classification latency is low,
whereas person detection, tracking, and optical-flow extrac-
tion remain the principal computational bottlenecks.

In summary, the dissertation accomplishes its stated
research objectives and contributes solutions to three com-
plementary aspects of object and action recognition from
surveillance cameras. The results demonstrate the potential
of the proposed methods, while deployment in operational
systems still requires further validation using diverse surveil-
lance data and under varying operating conditions.

The chapters are not organized as a strictly sequential
pipeline in which the result of each chapter must be directly
integrated into the next. Instead, they address complemen-
tary aspects of the overall problem. Chapter 2 proposes a
general learning mechanism for imbalanced data, whereas
Chapters 3 and 4 develop specialized solutions for different
object- and action-recognition contexts. The methodologi-
cal role of Chapter 2 is empirically demonstrated through
the initial integration of DFL into LWMA-Net. Chapter 4 is

15



evaluated separately to isolate the effects of motion repre-

sentation and temporal modeling.

2. Future Directions

Based on the achieved results and remaining limita-
tions, the dissertation identifies the following future research
directions.

Extending the integration of DFL and LWMA-
Net into the video pipeline: The dissertation integrates
DFL into LWMA-Net and observes improvements on Vis-
Drone2019 without modifying the inference architecture.
Future work should incorporate this object detector and
imbalanced-learning mechanism into the video pipeline
and evaluate their effects on tracklet quality and action
recognition.

Extending evaluation to real-world surveil-
lance data: AIRTLab and Movies Fight are both influenced
by staged scenarios. The violence-detection method should
therefore be evaluated on real-world surveillance datasets
such as RWF-2000 or RLVS. Cross-dataset experiments,
in which training and testing are performed on different
domains, should also be conducted to investigate domain
dependence.

Extending the methods to other object and ac-
tion categories: The current models remain dependent on
training-data quality, illumination, camera viewpoint, occlu-
sion, scene diversity, and distribution shifts between training

data and operational environments. Deployment in a new
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environment may therefore require recalibration, reevalua-
tion, and context-specific data. Future studies may extend
the methods to unauthorized intrusion, abnormal gathering,
falls, fire and explosion events, theft, and other hazardous
behaviors. Such extensions should combine object detection,
action recognition, and contextual modeling to improve ap-
plicability across diverse surveillance scenarios.

Completing statistical validation and reliabil-
ity analysis: Chapter 4 is evaluated using three random
seeds and reports mean values with standard deviations. For
the computationally intensive experiments in Chapters 2 and
3, future work should conduct additional independent runs,
report confidence intervals, and perform statistical signifi-
cance testing, especially when differences between configu-
rations are below one percentage point.

Investigating domain transfer and few-shot
learning: Domain-adaptation and few-shot learning meth-
ods should be developed so that models can adapt rapidly to
new environments and learn new abnormal-event categories
from limited samples.

Improving explainability and decision sup-
port: Visualization should move beyond illustrating model-
attention regions and support operators in understanding
the reasons behind alerts. Attention maps, motion trajecto-
ries, object information, and concise semantic descriptions
may be combined to provide visual evidence for individual
system decisions.

Exploiting unlabeled data and auxiliary in-
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formation: Large volumes of unlabeled surveillance video
may be exploited through self-supervised learning, con-
trastive learning, or pretraining on target-domain data.
Auxiliary information, including time, camera location,
regions of interest, and scene context, may also improve
system stability.

Optimizing system deployment and operation:
For violence detection, optimization should prioritize GPU
acceleration of person detection, tracking, and optical-flow
extraction because these components account for most
of the processing time. Future work should also investi-
gate confidence-based alert mechanisms, post-deployment
model updating, and workload evaluation for concurrent
multi-camera streams.

Integration with intelligent surveillance in-
frastructure: In practical applications, recognition models
must connect to camera-management, video-storage, event-
retrieval, and real-time alert components. A modular system
architecture should therefore be developed to support cam-
era scalability, data-access control, and integration with

existing security-management platforms.
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