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RESEARCH ON PERCEPTION AND RECOGNITION OF
STUDENTS' CLASSROOM SITUATION BASED ON VIDEO

ABSTRACT

The inherent requirement of education i1s to enhance the learning
effectiveness of students towards knowledge. The best evaluation indicator
for student learning effectiveness 1s their level of engagement in the
classroom. Therefore, the evaluation of student classroom conditions plays
a crucial role in the field of education. In traditional classrooms, the
evaluation of student classroom conditions relies on the supervising
teachers of the supervisory working group. This approach not only
consumes manpower, but also lacks data support, making 1t easy for
supervised classrooms to engage 1n fraud. In recent years, with the
development of deep learning, researchers have achieved certain results 1n
the field of student classroom situation perception and recognition.
However, there are still many problems, such as the lack of publicly
available student behavior datasets, unreasonable classification of student
behavior categories, low algorithm accuracy, and a lack of reliable
classroom situation evaluation algorithms. In response to the above 1ssues,
the main work of this thesis 1s as follows:

First, addressing the scarcity of data and the wunreasonable

IV
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categorization of student behavior, constructed a dual granularity annotated
Student Action dataset.

We collected video data of student volunteers simulating classroom
teaching, collected real classroom behavior data of single and multiple
people on the internet, and used data processing and data augmentation
methods to annotate the SA dataset in two ways. One 1s the fine-grained
nine methods: write, stand, sleep, read, raise hands, play with mobile
phones, listen normally, bow your head, and look left and right; The second
consists of three coarse-grained categories: non participation (including
sleeping, playing with the phone, looking left and right, and bowing),
participation (including normal listening, reading, and writing), and
interaction (including standing and raising hands).

Second, addressing the 1ssue of low algorithm accuracy, proposed the
SGE-BI (Spatial Group wise Enhance BiFormer) dual attention mechanism
module and successfully applied 1t in the YOLOvS algorithm.

This thesis introduces the relevant research achievements in the field
of convolutional neural networks and object detection, briefly analyzes the
shortcomings of current deep learning models, and describes the relevant
theories of attention mechanisms. We have designed comparative
experiments on the SA dataset using various popular algorithms that
include the field of object detection and apply the Transformers method,

and determined that the YOLOvVS algorithm 1s the backbone network of
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this paper. On the basis of the above experiment, we designed the SGE-BI
dual attention mechanism module and added it to the YOLOvVS5 network.
By designing ablation experiments, we have demonstrated that this module
can significantly improve the performance of the original algorithm. In
addition, we designed a comparative experiment to demonstrate that
adding two SGE-BI modules on the backbone network 1s more appropriate
by stacking the module on YOLOVS.

Third, addressing the 1ssue of lacking rehiable classroom quality
assessment algorithms, combining the dual granularity annotated student
behavior dataset, the traditional Analytic Hierarchy Process (AHP) 1s
improved, and the Analytic Hierarchy Process Double Granularity
Weighted (AHP-DG) 1s proposed.

We conducted data analysis and verified that the use of traditional
AHP method tends to bias the evaluation of students in the classroom.,
leading to non objective conclusions. In response to the aforementioned
shortcomings of the traditional AHP method, we utilize the dual granularity
annotation of the SA dataset and improve 1t to a weighted average to fit a
linear function that 1s more appropriate for the proportion of interactivity
and other classroom behaviors 1n real-life student classroom evaluations.
Finally, we collected videos of multiple real classrooms and nvited
multiple experts 1n education to rate these classrooms. By comparing the

ratings of the experts and the improved algorithm, we proved that the

Vi
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improved algorithm can adjust the subjectivity of the evaluation, making it

more reasonable than the traditional AHP method.

KEY WORDS: Classroom condition evaluation, Object detection, Deep
learning, Convolutional neural network, Attention mechanism, Analytic

Hierarchy Process

Vil
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ARERC T LR EOR, i mag, GRMEME ., T GRME
25 1) 3 AT H A U 5008 FER ILH SR REAT 1 e . IXEEAIERBOR A 5

SIS AT T JTIATUE R A

2.1 LK

IMTFENL R PSR, AMT— BB E LR B0 N e TAEPLE] . 7E

1943 4, PS5 McCulloch fliZ 455 5K Pitts L[ #EH 7 MP BERIBY Ix 2 —

SN i =t
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Fig.2-1 Single hidden Layer Perceptron

2.1.1 fHZIT

— N EMERI AR U

KSR RCE, U] 4 381 Ho A

u=wrlx+b»s

11

E—MHZ N2, & 6 (Neuron) s Ham /IR, B 2-2 BIR T

Bix = {xq, %5, -+, X B ZMETCHIN DRI, w = {wy,wy, -, w, e

(2-1)
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Hor, bOyMEIN, uNizMETCRI T
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Fig.2-2 Linear neuron model

2.1.2 HIEMERS R EEH
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28 P AN
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A M)A 36 2 18 22 ) 28 M N = 2150 2 AR FE RS - 7E B MR R i A2
ER— ZTW R IAT IR, 2 JeiEd e R %L (Activation Function) H)1HE 5[ A
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REEAT VR4

R :(2- )45 21 1% H 25 Ruddd — N Bud R 2L

0= f(u) (2-2)
Horp, fr2Bum R, ose N TE RS HIFHEE T0 50 45 R .

2. RIMEHE

AL 3% 2 — Pt 45 25 BB (Loss Function) X 4N 25 F1k 22 U JE 1)
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e ik EAE S AR R AR B A B B
i an— > E R N KA n A H H outputy, output,, -+, output, MmN %= 1
i Ninput,, input,, -+, input,,, WIARYE T FI1% 4 -

output; = f (ij" input; + b") (2-3)

HA, w? NZZ8AWIBE, b? NZZWIRETN,  f () ARG REL.

A SEBRE Ntarget,, target,, -+, target, , TR RE Nloss(), FATHEZZE
PR -
Eioiqr = Yloss(target; — output;) (2-4)
DI EZEw? 9], A 202 D o s R 22 06 Ho i 52

0E: tar 0E; +q; 0 output, 0 input,

| 2-5
owy 0 output; 0 input ow? (2-5)
ILAEXT w2 B 34T 55 3T -
: OEotal
(wi) =wi—n- (';/Ov}a (2-6)

Horp, nae e 23, BIERIR M2 2R 58 TR
SRS S EIR TR IR, 1H B T R = A A TN = i 2
Ja— R T A M AT RBIIR 2, B DAFETH IR 2 i 2 B AT
2.1.3 XWE, ZUERELERGE
M2 R T, AATTESKR B2 M A AN ZR 2R _EA Har R,
[F] ISt BE AT B oA L B 2 s b R B RIS P RE o X T ) 4 X5 i e A\ B
[F13& M. g JIBFRONIZ AL (Generalization) o P2 7E Ab R A Lk 5 48 o 1 5% 22 B R
YEMRIRZE (Test Error)o 1E 223080/ I ZRi% 22 AR ZE R B, ISR RE2
BB @ —J7H, M IIAENSREHE LA R EWIRRIRZE, XFILRFR AR
W& (Underfitting); 55— 7 1H, G0 MEELE I 2804 B iR 2w K T 7E
B EHIRZE, RGO NS (Overfitting) .

JORE NG NSt TRY iRy 1) 5 2T O I N  i oM =W 0 e TSI (1D OSSO
A8 A IENE (Regularization) 17772, WA E IR, Bif# H Dropout /7%

1. EHR

R ZEIR 2 — AP IE NI J5 32, R8I PR i) 2 208 )it 33 Y0 R 42 i B AU 2
o UM 2% 4 2k R B N loss(w, b), ] s R HIIESE, £

48
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Iwl*<6 (2-7)
HAr o RS, W/ O R B 5% i 18 U 15
P —fth, 8 INAIY T e EHAT FR i -
min loss(w,b) + > RAR (2-8)
HoA, AZRToe MAE, DLy e ) I B 2R
ZJa v BRI S AL
. b +’1|| I G (2-9)
aW(oss(w, ) > w[9) = S w _
1 — ) dloss(w, b) (2-10)
/’:\:Ej’ nj'\j%é;‘]%O
B, nA <1, FEIREZEIPIUERERIR. AR 2-6), BJLIKIL, A
Q- 10 ES AT H 2 it T T —REvNa & . AR IE T L2 1E N i
il S S SR INIOE il SRS =F S Y O R4S U Y G
2. Dropout 5%
Dropout 1 7J77%FE Z R EREE — 1 B N B N AZ X FENL S & B . X x
MAMEER R, AR ELEAZR, B
E[x']=x (2-11)
SR A TR I R L)
0, D
I __ X: -
i_{ -, other (2-12)
1-p

Hrpuflix, = ORIMEZR . ZJa, MZT
o Bl 2-3 2 K% H Dropout A%

3 Dropout

FRATHT AL 3R AR 3R AT 224

| Dropout J7 V& M 2 2514

4 Dropout

2-3 Dropout /7%

Fig.2-3 Dropout method
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2.1.4 BEREMN . RGBS HESRE
1. BUERREH

W ZEwt FIERE .

dloss  dloss ohd  9ht*l ghpt
owt  9h? 0h?-1"" Qht owt

fE LR, TE I — (R IR, £ KT A b

1 X 2 AR TR AR B BSOS, B T 3 s R B E FR e M Y ) . R
TMZ: MERIVREEAdIE, tR8 901 =E, hZsi ANBE L, 115 KlosskT

(2-13)
T A A&

WL AR A 2 FR A0 BE BOd e, AT -3 35090 255 B0 EE I R ARz /)N g B8 55, BT

N—

5 R R R 6 D 2 L R 1
2. BREIIH

-

B — A AARAE I 4 R 2 R T R A2 O A AT

R NERIREETH R IR . LA, IREZA 2, W50 we A A R AR

PLAS &, (EEMIRBEHENTT ZARORSF — 8. — M, XA )& 4%

E[hi] = 0,Var[hi] = a Vit
X 2 F) A% 3 -

dloss| 0dloss|
E_ PYX; = 0,Var PYX;

I - , [ _

=b Vit

/’:\:Ej’ a; bj‘jf%i&o

Elw| =0,Var|w/| =y

/:\: HH b ytj'\jlll%gi& 0

{I Gn 387 ISF AN FE 0T bR 5O LT, DU 0) AT w0 4% 4%, 2

EIR1 = E| ) wihi™
1

= ) EwjlEm ]

=0
7%
Var[hi] = E[(h;)?] — E[h;{]*
15

RRTIEA

A R

(2-14)

(2-15)

BB AE LSRMZ W € Rromes, wE ST R A, B Uhar Twl, T

(2-16)

EXPNESE

LI PE -
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= £ | (wh) ()’ --sz-wfkh;lhzﬂ (2-18
]

j*k

= D E o) E ()]

— 2 Var[wfj]Var[h]?_l]
J

= n,_qy:Var|hi ']

EECRT R, A ORISR Nt B 5 22—

Ne_1Ye = 1 (2-19)
B BRI E, AE S AR
dloss
ny, =1 (2-21)

(PR, AQR-19)FARQ-2D)AF LA R 2, I
A FERITIEFEZRN NG RN AT Y6, REIHIMES 7 2. T HfEEN,
28 W A X £ AT AR A T Vs

(1) Xavier =

HIEE4L -
Ye(Me—qg + 1) /2 =1 (2-22)
RIS ACER 1) 5 22 00 PARR i -
Ye = 2/(Me—1 +1t) (2-23)
(2) #MEIH—4t (Batch Normalization, BN)
INGHER:
h,' K B (2-24)
= )
l Vo? + ¢

Hodv, h b7 53878 batch BRI SR H7 G IS N, a1 B FH S TR 2 B8 7
M ZRINNBMEN E, B R AAEFEF AT, BOMERZ 1 1 0. pAl
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o’ R ANRISME S T7 2. e NFENLILE) .
A, JUTPRTA R Em M T HtEIH—4b, HAEAR SR A2 R
MR — BB E/NMEE R RIENTT 2, 2] HidEE KImE A 4a 780,
PRICSIGE B, 1557 ] LR RCR, JFHAVIRERY, vil@d AR /MtE
FOMA M S ] TR R R, e 1A i) Bt

3. BUEHEREL
FESEPRM A, BRSSP T RERNE R 0 ). T2, BO&E R EAE R
ZNE R, BT T AT 9] NP X 28 LIS 0 I 25 4005 20dls ) AR R T 1 o T80s BRI 2R
P8 5 [RI A T CAORAIE X 285 452 7Y ) 25 B A e 12k

J-Ll

TARGNE bR B 2 UL v DA 2R3 2 U e Ve eR L B TR] LR 25
1 R B3 AT T4 7 A
(BB AT BRI HUE Se 1 PR 2
f(x) =ax+b (2-25)
B2, tEmARHED:
E[h{] = Elax; + b] = b (2-26)

T EN:
Var(h;] = E[(h;)?] — E[h;]?
= E[(ax! + b)?] — b? (2-27)
= Ela?(x})? + 2abx; + b*] — b?
= a’Var|x/]
ANRQR260)FA(2.27), Ha=1,b =0, FANEIEEGEERRENM.
R 2-1 = FPEOE SR B X 2R R T

Table.2-1 The definitions of three activation functions and Taylor expansion

ARR I TE X R EIT
1 x x3
Sigmoid(x) = ==+ - : >
igmoid(x) 1+ o7 sigmoid(x) = > 4 1 O(x>)
pX — p~X 3

Tanh(x) = = O (x®

anh(x) T o7 tanh(x) = 0 + x 3 0 (x>)

_ (0 x<0 relu(x) =0+x for x=0

ReLU(x) = {x N

%= 2-1 Won % AP =M E0E K2 Sigmoid. Tanh. ReLU W& X MIEE K
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A

27 2017 %, wmEAXPHEEEH T DenseNetP”), 1M 281511 | Dense Block,

BIL IR A7 LR — R AR R AT A = BN, XA R A6
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Fig.2-8 R-CNN algorithm structure
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FH AT 7. HA, SSD (Single Shot Multibox Detector) 1 YOLO (You Only
Look Once) F 41| 5% 421X — 403 1 FE 77t -
(1) SSD RFH¥E

2016 4, Liu F AHEH 7 SSD Hik. &HIELL VGG-16 N E T M4, %k
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CornerNet HJZEAE F, $&H T CenterNet AP, ZH R AR M) AK B — Xt
R RIGINE] T =1, X BuR T TR BR R REAT A B . 2 [ 2020 4, Zhai
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16 2%, FEUAL T 2 RIERHIEREG AL, 3t P35t 7 AR AP RE
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Fig.2-11 YOLOv1 algorithm structure
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Network) 1o, X @& —FldEyd: 2 pLH], em i B G N 25 16 (R K 3K
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Ry

45 EFuH YOLOVS B4 iR 1T IR R & X

THAERE FATAAEES. FAFE RSO, FEREAT IR MRS
R A B A S ek e . H BT, B RENTC &8 1 — SRk ok IR n]
(HEATHRS AR . AT I 1Y SA Fidme XL 7 24 Tl F A aR
FrLCRORAT B B ARl B, 3 T RPOR s, KNS IER] YOLOVSm 5.
VEAE MR ZS, 2 T SGE-BI XF = JyALHI B, R ZE R A YOLOVSm
HVE) neck M, B REERIREE . mAP@O.5 Al mAP@0.5:0.95 18 5> Al 42 5
T 1.9%- 0.5%#1 0.8%, KA E | FAEWREAT NI B AERE.

4.1 SGE-BI YGEE SIHLHIFRER

4.1.1 e &
JREFETHBIRMHE ML (CNND BIJ7VETE B bt TS5 2a s 17 EET
FOR, AHIXECRRAE ) EAYE — € B RBR A, M g2 eAT T e 2R I 1 BE
B, BB ERBEE (h— 24 RERZ FRAE (LT
PR CNN N R R BUX SRk, IR UL HB e A e R =
HRFAE R, IR AR D7 20T ge2= RN B = AR M B St 90 2 B0 TR B € A7
HR, CNN fEfe BB E R BN BRI HAAERME . a2k A B & e
R = WL T — Mo kb 78, ERefE 7 Bhink 2 CNN 7E_Ld 5 H 1A 2
BT EJRE, AR SGE-BI ME & JINLHIBE IR INTE CNN MZH, H
13 TR BIUR
4.1.2 SGE-BI #&1R

SGE-BI & — PMXGEE LGS, FE 5 9 E9: SGE LA
BiFormer &8, SGE X4 A BR8N 1E AH RS R B A K
R T RS TRFE R BB, DR 5 X 25 AR 1) 5 > B 77 - 4 g e 109,
BiFormer #ECRA 12k BIEE AMLHIYY,  wT DA 5 B e B ) B S0fK
K, PR AR R AR B, SGE-BI MEEREEMI UK 4-1 Aros, HA Patch
Embedding " H1E F /&R R UG 1) —4E BB #e e — R 4B — 4[] =, 2RI CNN
PG ERAE . Patch Merging! > BI1E H 2% 24>/ Mk Bl & Be— 1> K IEE], L
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RRZEY, e AT RAE S B, AR B0 CNIN Al AL ) 3R

£ SGE 3R, Frib B Ey 8 ME XH, dTR1E AN EZHA
ZH, NI SGE BRI S EE R A IR, KR B8 B AR IS AT 338 5 Y 5 MR ol - LAl
[ #E BiFormer &I, ZEE KLN 26M 4>, HAMRTHHEBEIE RS
YOLOv5m #H3 .

EC3

/SGERHE ® &R @ B .

| X X |

|

| h

U ; @—r@—r Sigmoid(a;)

|

! BiFormerf&iR
o
- ] = oy = Y = T

- g — % ——» = > % —» % e - > 7
2 5 S S S 5 S %
= % = X - ,i S ®
= B Q s = 0o Q s

%] 4-1 SGE-BI 4 #4)

Fig.4-1 Structure of SGE-BI
MK 4-1 Frs, RS EIN AU, EEC/NEE, K/NMNANHXW X C, Z
a4 RHE R, 18I SEG-BI B HEYE (BiE 1) AL NEL T A PR
LURE—: KUK SGE bk, EoeiimiEgE, BUnEkedl (K ek BN
8), HPHE—PHEGMIBERFERTIA: X ={,x . xpn}x; € RY®,m =

HxW.o &L~ MNHNVIIREF 00(), FLLRIR IR 23 18] (1) 42 7 1 SURHIE -

m

1
h = Favg(xi) — EE Xi (4-1)
i=1
ZJa, RRERIEY; 5 4 R R AT MR
s;=h-x; =|l h|lll x; Il cosé; (4-2)

Hrh, s, R BA R IEx; 52 RS AERRIABIE . S5, xR /NAL
05 1A BERE I A R (IR, s S BUS B RIWIIGE . AEERiRE, XNfs; i T7IH—
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1. SGE-BI MR

3% 1: SGE-BI.
AN SEEUH, W, C), 5 4B e

e dt =

UK 4

BUDEIAeth,;
2. repeat
3 T —"TH X = {x4, X5 ... X,,, )
4: RFEX (4-1) HEEFEIEXFFLRE,
5: BRI 5 £ BRI h S RGBS,
6! IH—1ts 558
70 WXy, B) HIAM 455 3
8.  RIER (4-3) BEIEEREa;
9: 1817 Sigmoid FKEL{a;;

10: >|T;i§$%§§§)‘(ai '3}: ijF Xi s \$/\’f 'Jiﬁ['ﬂiéﬁ)?l,
11: until $f7e°>X
12 EFHEEL = (8,8, .. L.}

13: 3L 47 Patch Embedding ##{EBF|L,,
14: XL, 174 XEX 2, B# A% ﬂ%%;

15: while t < 3do # FAHM TEIRTHFIEEL, HITER

16: #1947 Patch Merging #&{E;
17: WiT 4 REX 2,
18: t =1t + 1;
19: If t = 1 then
20 .47 Patch Merging;
21 MIT 18 XE% 25
22: t =t + 1;
23 end if
24 end while
i : Z
W, /28, N8y, PHUIMNZE T2

=yS5;+p (4-3)

Wi 5 ia HAR B G 9R R a, 438 —4> Sigmoid BT, 5 FEER)R

S s AR, 15 BRI A N 4 RIS R 2 5 RIvIe I 828X, . g d3it &
TR G, R A IR L = (X1, X, . Xeo

b
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2. BiFormer HhEERAE

&Eix 2: BiFormer tk.
N : $SF(EEIL,;
AE T BETRZRIEDWConv();
= I3 — 1R EILN();
B 4% R £ gather (1);

o

% ERAIF MLP(.).
UK 4
1: M = DWConv(L,) + Ly;
2: Y= LNM), Y e RirWrtr g == W.;
3. BYDEIAS B,
4. RIEX (4-5) XNY#FHITEMTIHREFRNQ, K, V;
5. RIEIL (4-6) BRIBEEIEA,;
6: RIEIN (4-7) FEIESL KSR
7. RIEIN (4-8) FHIFQMIKRERFEFEFEIK,, V;
8: MRIEIX (4-9) 52| BRA RIRMFH O;

=i 0 = MLP(LN(0)) + 0
IR KL%\ BiFormer ftR . 54T — X Patch Embedding #:1E, 152
L,, F¥HH A — BiFormer ¥t (Fy%2), g5MunE 4-2 Frs.

&

v
oW
&
el
W
>

[ DWConv 3x3 ]

% 4-2 BiFormer B2

Fig.4-2 BiFormer block details

BB 4-2 0 IR AT 43 B 5 (Depthwise Convolution) i€ X ADWConv(+),

Z ZFIHL (Multilayer Perceptron) x€ X AMLP(:).

E X LN(ONEH—H (Layer Norm, LN) BRZY:
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LN(y,) = a—2—E 4+ o (4-4)

g% + €

b, WMo BT A Ty RS BRI, e MM,
| TR b BERE, a0 A2 S IS4

%] 4-2 H Bi-Level Routing Attention (BRA) FEHHE{/EaN T -

s NFFEE Y, NS TR ESE, e hERFS, SHKNA
H. X W. X Cpo EHEEEBNY,., KINHS? X ”"W" X Cno 1, H. =W, S?

NY VBN EL )5, ®YHEHAT A #fe 2 & (@), # (KD, fH (V),

SZ HT'W

Q K) V E IR XCr’ EI]:
Q=Y W, K =YW,V =YW, (4-5)

Hoy, Wy, Wy, WoeRQs K. VERIEARKNERE, )5, 33Xz
[ () R B QR R FE R A, -

A, = QrKrT (4-6)

o, QMK 2 XM, Q. K, € RS XC, LSRRI M

4m
U

I = topkindex(4,) (4-7)
Horhr, topkIndex(-) EESLI I IATAL & 5 iAN X IR AH S5 (R kAN X 3 11 22 5
R, 1 e NS>k, RS, kBEEA 4.
JEEE AR E, [ MR R I 6 $gather (), X6 55 QA& )
K, VHHEZER:

K, = gather(K,I),V, = gather(V,I) (4-8)
o1, K,V € RSC2 50r, 205, W% 1 LRI R A A

it
0 = Attention(Q, K,,V,) + LCE(V) (4-9)

Hrh, pPRELCE()NZEALHIRE R 4 B 6A1, nCEk 73]+ prik .
ik 4-1 Arzs, BiFormer FEBLIEAE X2 BT FE AN W H H) Transformers 22
w, BIPUZk &5 iEasm) . F0E BEE VYA BiFormer B[] 4T Patch Merging #1F,
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4.2 EF YOLOVS By iF1EHaY
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Mr&sr, XF SR g RAE 4.3 75,
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A

Ultralytics A F7E 2021 SF#EH T YOLOvS £f, H
JIMAE TP AL AR AR 2] )32 B
2% . neck M2 LSS o A\ Um A FH Mosaic 2043 s oA IH 1T e
P55 TT BORY Rl 2R 235 52 5 backbone 2% K
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(ks AL AE 77, JFidEd SPPF BB SCHL M #-5 4 R ik ) i & s

neck ¥

] Focus f BT iR
JRb-E R IE HY Bottleneck 45 M) F1 C3 4514 i3 —
e

a9

fe i 5 AT PRI

1. YOLOVS FZEM) 55 % N ¥« backbone

_L‘ —
EL|
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S RIS Sk A T s 0 F ¢

AT

= PMAF R

Eih A A L] S Y7
BAs FH v

N—

%

HH AP : YOLOvSn. YOLOv5s. YOLOvSm. YOLOvSI fl YOLOVSX,

THF
HE4 =1 (FPN) FMZ RS ML (PAN) iktl, 123EikEREE ]

401 1450 055 ) BiFormer BRI 3 42 12 4,

PR I 40138 ) 22 Pt A T XX 2% A 28
ZEERAIER YOLOvVSm M2 52 A4 B IR I 4y

"7, YOLOV5

=t

EIZHE S L9 190 Ji+ 720 Ji 2100 J3. 4600 371 8650 Ji. X LEA AR

5 CRIMZ =20 A9 B CRIEITE R0 R OGHIS, [l 2 A I s ik ey

N—

AR EFE | ZEEMEGEAT) YOLOVSmM hiiAs. 4 /358 YOLOvSm f A7

AR AT IR ARSI RE, AN AR HAT T LM, B S, DT
—/~ SGE-BI fRE BRI neck W4, FRIGUE | iZBBEE R Z T YOLOVSm

FRAIEE ) B, BN T neck W25 K] SGE-BI F ¥ = .

S\ o+ B
SUG 75 B

£

W, =3 neck ML E IS SGE-BI BRI, LAY IR RCRGA B i L. 2% 4.3

TR XA TIA RN EEsE IR 45 R . &
.
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Fig.4-3 Improved YOLOVS structure
4.3 SL¥u KT H
43.1 P ETR. SERIMESIRIT

£ st EVES, PR — B g A fe b i@ % B A5 B (Precision, P),

LD

HF[ZF (Recall, R) M F2FEE#{E (Mean Average Precision, mAP), A=l

P = P (4-10)
TP + FP )
TP
R = (4-11)
TP + FN
Y AP
MAP = > (4-12)

Hrf, TP FP FNAY IR IEHR AR IEREAR CELERD . SR B IE
FAR CBEBD BRI R AR (BB, NEREMEL. mAP 454
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P AR, & P-R £ N, oy H ekl 5yA 1 g 1) B Z 85

A AEH mAP@O0.5 A1 mAP@0.5:0.95 PiFt mAP 845, HHF, mAP@O.5 #5
7E TIoU (EIERAE SR ICHEE A2 B{E N 0.5 B 1 mAP {6, mAP@0.5:0.95 #5 ToU
B 0.5 £ 0.95 &:[A]FE 0.5 THE—K, —3 10 > ToU BME LRI mAP {H.
J 2 LU B R o8 B0 P8

A H ArE H Arka il sk i) — R 810 E BRI 25 SA Fidm e, i x) L
FHEIAR mAP H, 5 1A RUR & 1 YOLOvVSm, 34 SGE-BI LS INTE
H neck W%, A ATHBSCESUERR | BV AMOE R A U, 25, BIIAE neck
2% R HEZ SGE-BI AR, B0k | E 1% M2 T nmi 1~ SGE-BI B BIUR 5 1

A AFFH Ubuntu20.04 #21E 248, Python3.9 4wfE, PyTorch §l#s5% > E (R
7% 1.13.1, CUDA fitZ 11.6); A1 CPU %54 Intel Core i9-10900X, GPU %Y

=2 NVIDIA GeForce RTX4090. BMEEIELRT, Si— & RER 640x640 R

T, MIGRE R E N 0.01, batch size BN 30,
4.3.2 M BFREMNRE X EL SLIE

N T Hkidt IS S A PR AT IR ) H AR AR, AT FUAE SA ZidE SR L
IZRFFM 1 TURPAS ] BIAT SR, B 2 A 4H ) SSDLR-CNN 41
YOLOvS5s VLK | Transformers J7% ] Deforamble-DETR &%, iX L8 5& AL AL
Fh AR Tt X I 5, WAEREE T RIER TR, JFFEXTE 17 i LR BiT i S
Al T VRS SIHLH ) s B, AR T S ET E AR TN T FA AT ) e i AN A

PERERT AR AL . 3R 4-1 J&oR | LR Sy 5 A GE T TR IR U SEIR 45 R
% 4-1 IR SA Bl dE bR H sl

Table 4-1. Comparative experiments of different modules on the SA dataset

plisy

=N MAP@0.5 MAP@0.5:0.95
RTMDet[74] 0.918 0.752
SSD 0.919 0.769
Deformable-DETR][75] 0.935 0.780
Two-Stage Deformable-DETR[75] 0.942 0.791
Cascade R-CNN 0.923 0.797
RetinaNet[ /6] 0.936 0.798
Faster R-CNN 0.933 0.800
YOLOvV5s 0.946 0.813
TOOD[77] 0.948 0.815
YOLOv5m 0.948 0.828
AXTTiE 0.953 0.836

MFE 4-1 B EESEBGHAR P LUE H, 7E SA £idE4 ., YOLOvVSm fEiR A {e
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= 0L A R = 3 B H
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f5, SEEIERE, n
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EEd
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ENN

|
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H

LRI A
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ENN

SRAL T 0.7%, {EFE
"B T SGE-BI X{E

E R TN BRAE 222

LEINIER 4-2 F
PIECHE R DO B 3], R AR R kA
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Lo BUAh, AE
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o

Y
3y2
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K EMEZ, e

Al N
9

~ ) HI e

s AR

DR EAT il -
17 T iHRESLES . IXESIG X 1R EA L 3900 7 SGE R 1) it
2 B9 T BiFormer AER R B SES  BE0 1 #LS SGE-BI B 1) it
W71 . SEIR RS
1N SGE BY BiFormer F2.{3

E R IHLHIARER T IN fe

Wiy

A5 )

1] SGE-BI Fithfe
1A H1ER YOLOVSm 47 2t

PRI &Y, YOLOvVSm [
- mAP@0.5 3

IR

)b

N 9

e N

=8

LA

N

.
-
_a

(BB 1K . mAP@O0.5
1\ SGE 5% BiFormer

=

71

-

7)

]

H

A)

J—

N/

N
. mAP@0.5 Al

N

4 W

~

. /;A,Le\\_
A=A

. mAP@0.5 Al

mAP@0.5:0.95 73 AlHemE T 1.9%. 0.5%A1 0.8%, ot MEEH BRI 7 RE

V2 PR I 1A BE
® 4-2 HEhELE
Table 4-2. Ablation experiments
Bk P R MAP@0.5 MAP@0.5:0.95
YOLOvV5m 0.935 0.883 0.948 0.828
YOLOV5M+SGE 0.945 0.878 0.949 0.833
YOLOv5m+BiFormer 0.943 0.878 0.949 0.832
YOLOV5m+SGE-BI 0.953 0.876 0.952 0.835
KXTTE 0.954 0.881 0.953 0.836
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4.3.4 FxINZ A SGE-BI #& A% L SE 14

A3

-
o ——a-

HeTH R RE

BI fRth (fFEARR b4y =N FIPY S SGE-BI #2H) J5, 7F SA #dE4

SRR 45

SERDT T/E YOLOvVSm R -

o ;i:_.

CINIZAR R, 3R 4-3

XS EE

O HE S T 22 SGE-BI A2 5 GE g KR4
AL T D SGE-BI L) YOLOvVSm FfY [, AHf 55 2
BN | AEAR TR B AR usin—" NS SGE-

Pl

% 4-3  YOLOVS W5 2 SGE-BI Bt Ll S

LTI

Table 4-3. Comparative experiments on adding more SGE-BI modules in YOLOvS

o MmAP MAP
Hi& i R 0.5@ 0.5:0.?5
YOLOv5m+3 SGE-BI 0.938 0.891 0.954 0.836
YOLOv5m+4 SGE-BI 0.939 0.892 0.954 0.836
KX Tk 0.954 0.881 0.953 0.836
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BI s, SIRFEAMEE, A RERGSaigm, (B

S8R ECCAATALL e o

(X, [ mAP@0.5 1 mAP@0.5:0.95 BIME JL-F-RAE . B [& B HiLis 1T EE Y,

AR REE

VAN

-

BHPTFEAK. XX st

SGE-BI = 5 M e s 2l i L

4.4 INEIG

R HEE

B S K5
28 A A ) 27 > e AN e =, I I g

e &

&

7 SA R4
A 0.8%, BAEIEE T IREERIHERE, W 11
BREAT NE B, N2E-

~

SN

I~ T

e PR RS

2 AL B A AR

—aA
|—a

ALt B
LA g

LT L AT R UALE I SGE-BI XU
ININZE YOLOVS Mg, FTiR 5%~

j<

SR AT N . 1L

TR TR

42

E R IPLRIARLER, R
SRURSE PN GRS

150, YOLOvSm HE 7 78 5 pf >

BB, DG 5 o

122 Sk B2 IHLH] 75380 1 X 2%
PR R CHOBIRE 7T, PR E TR RO . N PSR,
. mAP@0.5 F1 mAP@0.5:0.95 {H HlHEE T 1.9%. 0.5%
FSEBRER B AU B R N RS
CUR AT NIRRT — M R
AR T X B S 2 AR R R AT R B

- ] E‘F_.
AR

Xl




g SV N = VA 78S

£ 58 FERER=WMHEER

WO S AL PR AT Y REAT Tl B U1, T 22 1 PR

N

b2 TIREREY
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N
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Table 5-2. Ten real classroom student behaviors detected using the method of this thesis
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Table 5-4. Quantitative Method for System Scoring
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