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Semi-supervised Object Detection Algorithm Based on Feature Alignment and Feature Fusion
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School of Computer Science and Engineering, Anhui University of Science and Technology, Anhui Huainan 232001,
China

Abstract: Objective In response to issues such as insufficient data feature representation and imbalanced sample classes
in semi-supervised object detection, a semi-supervised object detection method based on feature alignment and feature
fusion was proposed. Methods In common semi-supervised object detection frameworks, pseudo-labels are generated
solely based on classification scores. However, high-confidence predictions do not always fully guarantee accurate bbox
positioning. In order to solve problems of inaccurate positioning and insufficient feature representation, inspired by the
FAM-3D algorithm in the Consistent Teacher, considering that the optimal features for classification and positioning may
be at different scales, the T-head feature alignment head algorithm was introduced and the classification and positioning
branches were successfully aligned in Unbiased Teacher V2. Additionally, ASFF was introduced to suppress inconsistency
by spatially filtering conflict information, thereby improving the scale invariance of features and achieving spatial fusion of
features. The internal inconsistencies within the feature pyramid were addressed by learning the connections between
different feature maps. Results According to experimental results, the improved algorithm demonstrated certain
performance improvements on the COCO dataset and VOC dataset. Conclusion The proposed algorithm effectively
alleviates issues of insufficient data representation and imbalanced sample classes while also enhancing algorithm
accuracy.

Keywords: object detection; semi-supervised learning; feature alignment; feature pyramid; ASFF

Wi H191:2023-03-19 il H 1B1:2023-05-21  SCHE4H'S : 1672-058X(2025) 01-0035-07

BRI 1305 (1967—) 5 W TR , A S LI i F e

S 2236 (1998—) , 2, R RN A A, N RIS A 5T . Email ; 1403038232@ qq. com.

5 DR 730 AT, FETRAIEXS SRR R & B B EARRGIN A )], PR TRl ( I OARIAAR) ,2025,42(1) :35-41.
TANG Wenbing, LI Fei. Semi-supervised object detection algorithm based on feature alignment and feature fusion[]J]. Journal of
Chongqing Technology and Business University (Natural Science Edition), 2025,42(1):35-41.

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



36 ERIHAZER(E AFEH)

%40 %

1 50 5

UTAER A TR BE 7 2] 1 A J 78 H ARk AT 55 |
BUAS T WG (HX RS A R AEAR R |
W T IN Gk — B R HA N TR TR % 1Y R )
SR DO K NN i Rl R (RN T /1
AR FIbRIC BT 2 508 (0 /AR WAERG in . SR, X TR
UK AR | T AR bR 28 F1 i FOAE 2 — Ik 5
BOFNVE BN TAE . R 7 380 Y R0k G A6 I 4% ) b 28 1
BB TR B H AR A U (Semi — Supervised Object
Detection, SSOD) &4k, & 76 F A BR AR iC 55 4 Fin
T\ AR IO R P2 = ERE

TEA B B AR I 5 2 b, P B B A i 0 5 1
Bl S B A TR R A L — B B A P
g, TR IR BARE T B4k R — I BOE
PHTHRE PR AU R R 3o B B AR A I B
B 24 H ) /& Unbiased Teacher V2 F7k HUF 248
— A — B B I i B 1 1 3 o W B E s A U o
B, B R B AT T B 25 5 A 200 0 8 A 0 U5 A B A I 4
b, EHR EE ARSI S AR

H AT, fa g W B A il i 32 3 7 A AR B
bR ) RS IR AR D bR &2 T T bR
TP /N 43 B0 2 S N 2 — DA AL SR J5 AR AR 1Y
XTI 4% b 2 AT 4R B, AT AR A% R (B 40 i ( Non -
Maximum Suppression, NMS) i AR 8 13 Threshold 77 5t
AR AYARAS o T — B IE WA AZ O AR X T — A
25 A, BV A it i 2l , 28 AT39K 1T LA™ Az s
] TG R 0 . AL Z N DR 285 > HORTE
H br K I 0 48 B8 52 O 1, R 2 B R 2 L T Faster
RCNN" (Y T 9% 5 23 &6 W 2%, 40 Soft Teacher'* |
Unbiased Teacher'* &5 e HARKG I 75

A Vr 2P B SRAAE B bn kI ST e,
fdt P AR 252 27 | 3 3k 500 2 A A 2R R R A 72 e B
FRRill o 155E , APRE I ] 38 A R R B A G 5
HAL 1% 25 2 A T ZOI A AL 38 &2 EMA ( Exponential
Moving Average, #5401 3 F-2) ¢ BB AR | H0
SN S ok i L e o L K B S A= s
$E FixMateh' ™ 15 % , Sohn 251§ H1 T STAC HEZE,
B2 W B 2% 2] ( Semi—Supervised Learning, SSL) 572 A
G3AT 55 L T BIAG WAT: 55, ABAF7E DA AR 25 J0 12 S I B
PTEE ] B AR X X AN ] 8 Liv % B 5 32 ) Unbiased
Teacher B JZBIARIHE H T — > Student—Teacher #HH.
2R BN ZREER, B Focal loss 5t 2% pREIOK fif
RIS Z 8] AN V- A7 , (H O s 28 A7 78 78 A0 F1 43 A8 —
FR) L, Xu 52 J5 $E Y Soft Teacher F5 78T (2 45 7R 41 1
TERHITALE AN &R s Ok, i & s

KA AT RE M P& (HA RIS 28 1 3 1 b e B A A%
25 . Unbiased Teacher V2 AL AN A — 2k
W HE 28 0] AR FHAE anchor —free K60 4% b f%) ] 7T
Unbiased Teacher V2 PN L £ $54 2 7 2 W B £ R H7E
FCOS'" 3 Flt anchor—free Kl 4% I, {HJ&, FCOS % 3
K 255t = RPN 1 ROI Pooling/ Align &2 HUERf £
HArfe BTN BT A, IR FCOS Y T80 vhos i
A REAR A AR E AL i i

BEXTUA L2 B BRSO 2 3R R T —Fh g
TRHEXT FF AR IR Rl G A . A B AR 3 2
H w7 73 3, B 58 AT 55 Z 18] 1 38 B 7% A5 A
(9 Sk FRIR N T—head " RRAE X FFASLHR 38 2o % R RS AR
& FIEAN R R B RRE Z 0] AR — 30 76 FPN A
AT ASFF™ B S ML, 5056 45 R . ok
Unbiased Teacher V2 BILREFS 2 2UW LT, I HAEWS
TE—EFEE FRm bR & 1 i .
2 HbskI G 5 S
2.1 CRIREY IHER

B A AT D A R R AR IC B R L g 2
SIREALA TN M e, B 2 M B MRk L A
IEAEF B B An A e O T R A 3
A FE AR TR L TT A 7y (13 . Temporal Ensembling“‘H PR
Mean Teacher £ | 5% Mean Teacher FLRIfE N
B IE 2R 2] Ok AR 1 s . BE BN
FE W B S ) AP 48 . — 4~ 2 4% ( Student
Network ) , 55—~ +& 58 B M 2% ( Teacher Network) , 3 M)
2k C bR 0 A BCHE AT U S, il B IR0 28 DUJ AR 91
ARARICEE 2B PR 28, I H A Tl %k, 7RIS
TR 22 MR A S 0 0 EMA X O S 517
o BHMEZOM A 32 2 AR O 51 AR B W 4%, LA
FrRiC B i DA FR 24 S &0 o b 1) W BHE B R SR B A 1Y
ZAGRETT R G g, X ERIE T R PRIC
BAs b B AE BT — BOE U ZRok SE B W2 2 Y
PERESE T .

Label

ENk
ﬁ Student —

EMA Dog Bird ~{3F )5 2% | Mk

BN

Dog

o Dog Bird
BERILI

1 Mean Teacher 1= %!
Fig.1 Mean Teacher model

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%14

WX I % TR A AR AE Bl A B0 R B AR O B

37

2.2 FCOS Bi%!

TE Unbiased Teacher V2 | & 158 BH JC 4t 46 I 2%
FHARA v BE BOHEZE £ AN BEAR 4 b T4 . FCOS 75k
Kb B O BE 2 SO B RPEIRTBE CF- T0U E 1A
JHT 5 AMRINES R I0U fHansR 1 R, Hr w/
0 RANTE—PERL A FeA Rk

&1 FCOS Ml fhtREs b
Table 1 Comparison of predicting pseudo labels for FCOS

T 32 Top-5  RALJEB 5 %
ik AP £ op 41‘2‘7)717"’:
10U 10U H8 % o F
w/o centerness 25.2  0.369 0.585 0.235
FCOS 26.0 0.369 0.593 0.279
ArRiEE R

I ’ o= 2 Teacher <
+

TEARTER

Student

FZR 1 B AT 0. TG 0 BE 43 S FCOS Al
FCOS K 45 5 025 10U #54 0. 369 , 1B P 3 22 i/
REJIAHZE AR, ToHO B4y 32 FCOS 43215 0 e 81
HI 5 £47E 10U _E A RIAIIRE 2 (0. 585 11 0.593) ,iX
FH FCOS 1E#F 1 PR I Re 1355, [FR, X F
O3 B AN a2 ) A e TR L Y
FCOS [ 3 i 5 43 A S 8N T FCOS(0. 235 L
0.279) . XEEGETHEAE R . FCOS MY 7325 5 A Z (1]
FETERE B A —3, i frek, dh8E s T T-
head FFAE X 55580 1 2 i PR A )

2.3 PdEY Unbiased Teacher V2 &7k

KA T H T Unbiased Teacher V2 FI 35 BY
AR SR AN 2 FiR

airplane
: 2 5‘% Pe‘oplels) e()’p‘le Pi-{ﬂ)]}le
:.‘ s ﬂ L}"E‘\ ;? 7 a
| —
e e
SIS SIS
i Pbise

EMA

|

cls
1

reg
L u

}._

‘ S

|+

A

B 2 i#/38Y Unbiased Teacher V2 E{KiELE
Fig.2 Improved overall framework of Unbiased Teacher V2

Unbiased Teacher V2 2 3& F JCEHE (1) — B B W
B HErK B % Student—Teacher X532 254, )
FERIAR ] FCOS H ARG Al

e, UM E 287330, 78 Burn In By BOK AT A5
T R i 24> epoch A MBI 2345 B0 G5 46 0 4 , I
FE L 6 T 24575 3] B R SR A\ BB RL vh TR 2 4
53 43 T30 8 2ok AN ) R P R i 5 R 55 39 0 K o 55 4
SR ) B 1R A O RS (PR 1 B Bl R g A 2
W TOhR B 8 8 A ORISR AR I DA BR 45, B
J&i T NMS R A B AR T A A DR 4 5 I 4t

(] ERF 445 3 3 5 19 5 A i 9% TC A 25 A 8 A 2 A
A RN SR F b | 22 A R I S 4 IR (1) SR X
HOMSHCGHEAT R, FIRERAE T, BRI
%, B S BUSG I 48 A5 54 51 1 Teacher 57 Student 527!
Y] AR A

0 ,=ab',_ +(1-a)0, (1)

Horp o', ZAENZRPER « PAUE 0 19 EMA {6, o 2 F18

2.4 ASFF FFAERLA DL

R DA G B AN T R 22 1] B AN — 3 ) fE
FIAT ASFF & =5 [ AR RlA HLE], 7 > T 7825 [H]
Ak A B LA R B R AT B AN — S Tk
NI T R AE 09 B A9 AS A8 P 9 B3k 28 T 45 BEAIK
T EA 1x 1 AR A 3 3 A, (o H i A A — 2k, Rk
TR EERAE T B —FE RN SR 5 2R T 3x3 6 R
E,IFEERMBEREEFEM -2 KR 2K
maxpooling, XA 5, P3 JZELRE AN P5 2R —2,
TER 3, DL ASFF=2 10, J&7R T ASFF By HARS5H
BB FPN 7= A E &, x, , KR = AR AL N o
B,x"? FRFHIEE N 1 Z IR R 2 25 A A RFE )
i, X A FVRRIE R4 T AH AR N, ASFR2 J2 254 2%
A= 2 iR

) 2,292 o2
S ysprr =X coatx B

(2)

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



38 ERIMAFFMOEARER)

%40 %

'{ T-Head ‘

ASFF1 \

j 4\ (ASFF2 |

FPN+ASFF

{P3 Z ~~——4 ASEF3 (-

O
TAP X
i I > Bk
i " T-Head X
) g A = .
{THead | | X M T
%—b % X35
‘ T- Head ‘ = =
<+
X ¥ ,—L»,f
‘ N AL
‘ T—Head ‘ xipn X s | %
TAP =

T-Head Z432& [H]IH

Backbone s -

ASFF-2

——

3 Bt/S FCOS Bk 4y
Fig. 3 Improved overall structure of FCOS

{E B . il id AR Teacher TR 1Y 3 4E 5 B 52 AE
Y 1 #E 25 | Student T A4 20 HE 55 B0 52 0 AE ) [0] )5 #E
B OB B B R E PER bR B g, /b i B R 2

2.5 T-head $¥{EA 5%
AR — B e — B BRI 3k 19 77 75 T-head,
e B ARAS I ) Sk 5 S A R, BT IR OA TR R O
A RENL 53 2 2 (8] 5 22 B, LA SEBUERAE X 5%, 7F
FCOS S RS ST W D= VA o a2 L VA 2 B
A 1 AT X 55, T-head Z5F94NIEl 3 B
,Tﬁgsla,T—Head X FPN REAESEAT 00 5 HL vk, fdt FH #
TSR A3 A Al A B AT 45 % 5% B i, T
TAL & T-Head =424 2 {5 % ; fieJ5 , T-Head 1€ [n]1%
Tt Bl TAL $H5 R4 2055 A sh i H o 2540
SN AT | XoF 53 28 8 AL 1) 53 A 545 R 0L bl ) 7
fiff IR SR AR R 20 ok H 2 G2 AT 55 2 B
TEHERR o RRAEPE RS (0 FELAT U0 sR A V2
FUZ KA AAT 55 52 HARE , Il (3) FioR .
8( conv, (X™)) k=1
8( conv, (X)) ,k>1
Vke{l,2,--- N} (3)
Hodr, X IR FPN HIRRTE, conv, o~ k A& FUZ I
ReLU PR%Y .
2.6 MiREL
TERA YN GRak A, 58 FH 7 A= R0 3800 22 18] A A T

inter __
i =

FIPRARAE o ol JH 67O X B IR 452 2% (NPLL) SR Ay 1]
USE 175/ 8 ElE?f’ﬁiﬂnJCM)Ffrﬁ‘

d, 1
Ly = 2 ’r}l( 2 25>) Elog 532 + 2log 2

(4)
Forb FUEARSE d, RPVB BOMBT BN A9 4738, d,
SR B TN 1 B R, o, 3RO BN AE 5 R SCHE Y
10U 735,68, F7m A B TN Bf A 1
W 2% B2 A 5E LA E T 6, R A2 B E LA
HRENE 8, RAEATONR R SE . 8 i Ve PR B i 52 7 A
B P e~ A AR A RS2 401, AR A8 [ U451 2K Bl e
HJ(5) B

S Nd =di || it 8 + o <8

L = (5)

0,otherwise
Horbrod! SRR EAFI 4 2 0 B B, o
0 S B R 2E A" B 8 AN A FE 2 22 %%Eﬁ‘lﬂ
VAR TR A A = S PO

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%14

VXS, 3T AEAE A TR AE B A0 1 B AR AR 39

3 Pikscss
3.1 FGEdR A

ARB T Unbiased Teacher V2 #E478CHE, AH 1
STAC .Unbiased Teacher 55 B ILERA — & LLHIHETF, R
FH FCOS TGS HEAR AL, L ResNet50 4 £ 1, L FPN +
ASFF N #E6, II A T -head 1E 73k, A 5256 % H
COCO % s % 1 vOC H 4l 5, COCO %4 4%, & 7f
Unbiased Teacher AU £E X1 73 0 W% B s 22 X1 7l
1% 5% 10% WA bR 250805 , AT A2 509 5 bR i, 7
EHRVE R TR E NGB , val2017 1E R IR
T VOC B¥E 5, VOCOT — trainval 7 4 4 br vE 54
VOC12-trainval Y N TEAREIN A , VOCOT —test 1
IIEE A
3.2 SEURIABE

it S AR AE AN R R L2 R, AR SRR
AR 55 w8 547, R I JEHEZE Detectron2 , Unbaised
Teacher V2 FFIFMEALHEA T &, R 8 3t 3080Ti-12G
B GPU, 474 96G, CUDA WA A 12. 1, Detectron2 kit
A4 0. 6, Pytorch fitA< A 1. 10,

ARSI S BB W R 2] %204 0. 01 1Y SGD i
g, e RIEARUECH 180 000, R ALERECH 16, H:
b 8 SRIEL A AR R, T 8 SR IE R AR PR A,
PR S X5 0,999 9, I 2Ry A 30 000, i

BRI, =3.0, 702K B{EH 7=0. 5, 2R ] Unbiased
Teacher H{f A 1G5 , 37 H AL Soft Teacher AR
FEHLE
3.3 ARPEGE TGS

STAC .Unbiased Teacher  Unbiased Teacher V2 AN
]2 W B EHARKE I )7 32 4E COCO B 46, Fifi AL 4h Hi
1% 5% 10% L (51 0 5508 , 41 A b 25 500 4, HoA 1
R TCHRBRAR AR , K 2 R,

F2 KIWHERITLL(COCO HIBE)
Table 2 Comparison of experimental results( COCO dataset)

A S

1% 5% 10%

STAC 11.97 20. 36 24.31
Unbiased Teacher 14. 61 23.99 28. 18
Instant—Teaching 18. 05 26.75 30. 04
Humble Teacher 16. 96 27.70 31.62
Soft Teacher 18. 8 28. 10 31.10
Unbiased Teacher V2 22.71 30.08 32.61
A7k 23.89 31.32 33.97

P TR R T 1.36%, PRSI I T—head Fl1 ASFF
Ji K EEERAE — E W42 T, B 4 & Unbiased Teacher V2
FIARSCHEAE 10% A PR EEE T 5x10° Y ZRk Em
FHRG BRI, K] 5 X IR IR 9x10* Y1 %k
U AR 2 8 E Ha
35
30
25

= 20

15

0
0 50 000

100 000
BRI
4 FIFELEMBELLE (COCO HiiRE)
Fig.4 Comparison of performance between two
algorithms ( COCO dataset)

150 000

6 0y Y
— A3k |
5 == Unibiased Teacher I"K/' A l

V2 Fk | ", |

A

Pz

! w‘a-f/w'V"u\,nf../fv"v\r“\
Y Y

A
0 30k 60 k 90 k 120 k

UIERIC
E5 FHEEHRSHBELLE(COCO HIEE)
Fig. 5 Comparison of the number of pseudo labels
between two algorithms( COCO dataset)

3R THE VOC Bl N RIPERE LU, Hovh,
AP, 76 TN AE 5 EAB A9 10U KT 50 4 25945 B,
AP, .o 6 TOU M 0.5 %] 0. 95 AY-F-HAKE B | 5t 4h 5 an
K3 PR,

x3 LIWHERITLL(VOC HIEE)

Table 3 Comparison of experimental results( VOC dataset)
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Table 6 Comparison of improved accuracies( COCO dataset)
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