BHSRE

Control and Decision

AF-RetinaNet: —FhE:T B &M A SR KIMMT MEISIE
HRE, #OA, £ A

FIHIARSL:

BRI, ZRA, T A . AF-RetinaNet:—MHET [ 18 N & -5 R AR AL A9l M T AKZINSEVEL D). Fi] 5 PR3, 2024, 39(3): 939-
946.

TEZR 2 View online: https:/doi.org/10.13195/j.kzyjc.2022.0933

TRAT RIS HAN SO

Articles you may be interested in

Anchor—freef) RS H 38 W4T AN
Anchor—free scale adaptive pedestrian detection algorithm

Pl 5HIK. 2021, 36(2): 295-302  https:/doi.org/10.13195/j.kzyjc.2020.0124
2 Flbi/ N RS 2250 B bR AS J5 v

Multi—target and small—scale vehicle target detection method

PRl 5. 2021, 36(11): 2707-2712  https://doi.ore/10.13195/).kzyjc.2020.0635

SR N A E sl FARS Nk
Panoramic video motion small target detection algorithm in complex background

Pl 5. 2021, 36(1): 249-256  https://doi.org/10.13195/j kzyjc.2019.0686
BT 2 REERHE RS AT AU

Multi—scale feature representation for person re—identification

PR S5 P5E . 2021, 36(12): 3015-3022  https://doi.org/10.13195/j.kzyje.2020.0952
BT Z R PR HUE SR BB 23450

Single—stage grasp pose detection of manipulator based on multi—level features

Pl 53k, 2021, 36(8): 18151824  hitps:/doi.org/10.13195/).kzyjc.2019.1840


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2022.0933
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0124
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0635
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0686
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0952
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1840

939% 53 MW = % 5 xR Vol.39 No.3
20244 3 H Control and  Decision Mar. 2024

AF-RetinaNet: —fE-TF Hia Nt E S EA1LRY
WUMT AR ME L

BR&WL2 3% BVY, T AR

(1. MREETREKRE LIFE REWE S5 HE A FAIH F.0, M 210044;

2. MREETRERS A, i 210044)
W AU BT B PRI AT R NMT N BRI 5 5 A AR R AR AR IR I A, B S T AR e 7T,
PR — T 5 G M A S RGN RO N T AR 575 AF-RetinaNet. 15 56, B RFAE S SR AR B 5 ResNet #H 45 &
PR AR SR B X 24, SR FH AT 45 K 3R A5 1S SRR AIE; FL o0, A A B S0 B I R 22 ST, S8 3RS B AR B R SCRARRAE
5 S, M DGR ALRHAIE ) 22 e 1, 2R A i b 1) R, o i, Mt B PRMGGER o REAR R R AR A A A, 3ok B AR RRAEAS I8
HEAT BOR A, AL/ B FS PRI R 1K B8 7, S IR A 1] R 7E TinyPerson ##54E I, AF-RetinaNet 5% (145 A%
3K 3] 56.78 %, Y ik F 85.38 %. 5% T RetinaNet 5595 (T 70 HE AR LL, 46 00K BT 32 757 5.57 %, JAer R RE AR
3.67 %o. LB 4 S I, 2 A AL BB R RN IHIMT N BRI AR R A R
KRR MLESALSE; BUMT N ANEFSIEI; RRIEIESE; EFUER: FHEgL
FESZES: TP391.4 XHRFRERD: A
DOI: 10.13195/j.kzyjc.2022.0933
SR ALE, 8, £ K. AF-RetinaNet: —Fi13& T 5 & BL il -G 5 R AE A0 AL IR0 MT AR B0 0], $ 5
W3R, 2024, 39(3): 939-946.

AF-RetinaNet: A tiny person detection algorithm based on adaptive fusion
and feature refinement

SHAO Xiang-ying™2, GUO Ying'?!, WANG You-wei*-*

(1. Jiangsu Collaborative Innovation Center of Atmospheric Environment and Equipment Technology (CICAEET),
Nanjing University of Information Science & Technology, Nanjing 210044, China; 2. School of Automation, Nanjing
University of Information Science & Technology, Nanjing 210044, China)

Abstract: In order to solve the problem of low accuracy of current target detection algorithms in the process of tiny person
recognition and location, and improve the detection ability of tiny person, this paper proposes a tiny person detection
algorithm AF-RetinaNet based on adaptive fusion and feature refinement. Firstly, the algorithm combines the feature
enhancement module with ResNet to build a feature extraction network and uses a parallel structure to obtain enhanced
features. Secondly, the context adaptive learning module is used to obtain the feature information of the target context, so
as to pay attention to the differences of similar features and alleviate the problem of false detection. Finally, the feature
refinement module with the idea of image super-resolution is constructed to enlarge and reconstruct the target feature
information, optimize the feature expression ability of small targets and alleviate the problem of missed detection. On the
TinyPerson dataset, the average precision of the AF-RetinaNet algorithm reaches 56.78 %, and the missed rate reaches
85.38 %. Compared with the research benchmark based on the RetinaNet algorithm, the average precision is improved by
5.57 %, and the missed rate is reduced by 3.67 %. The experimental results show that the model can effectively improve
the accuracy of tiny person detection and recognition.

Keywords: machine vision; tiny person; small target detection; feature enhancement; context information; feature
refinement
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B B2 Fros i) 2 23 T A4 AR 4 3O A B (multi-
dilation convolutional aggregation, MDCA), X F ;. K
WAL RN 22 73 T 2 AR AR AR, SRS AR AE X0 N T 3R1G R
EIZDEWRE R, A CL 5 X 70 E R
I#E 82 B. ¥ B,_1 5 Ci(i = 2,3,4,5) Kikix
NAEHE A A (feature fusion module, FEM) H, 1 FH
3x3BAREAE L AN B B4 B RST, e &3R5 3
SRRFIE By ~ Bs. N 1 #E—23R1GF B IR B GE X
5L X Cs JZ AT AL N RAEAS 3 Cs, ¥ Bs 5 Co 1%
A FFEM B, 453 BRHIE B Bg.
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COHV(Bi_l)Ci + Cia 1€ {2, 6}

RFAIF 386 AR B 1 A JR B 40X (1) BT s, MDCA
Fon 2 DA IR A B, Conv N 3x3 B
BN. ReLU #:1F; X 45 46 % A\ B4 404 MDCA 15
B H i N % C; R s 43T ResNet X 45 412 U
FHIE K] B; 327 38 R RFAE.
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K2, HE 0 AR ACLRREAE, ool B 2R R A 5 000, AR At
NI EE R S B
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() BB PR FFLE 0-1 Z 8], XA RIRHE B BB RS
BT IMBCR AN, 159 BHRFEE Py &5 M, 3HAT Rl
G ORI GALE S B, A 1] R B 4h 7 ]
3.

b4

ol

//3

y
[+
P

/"1

1x1Conv ||1x1Conv
Upsample|[Upsample

v
2]
~N

1 x1Conv
cat

x1Conv

Softmax

B3 LETRXBENFSERER
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B SR 2
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Hor: FONRHIE B P, 483 RO 46 U REAE B W ()
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()T B AR . R AR O v A R I T RO
I 2, 38 3 i N ER 40270 R ARLSR 2 6t /N E A AR
RO T AR SC Ry 2 2] B8 2 Al A BRI AT 8 X
SO, R R R AT 5 5 BB ARG F EIX
A0 1R 23 R AR A AR /N E AR AU, [R] B, Syt —
WIS AR B R R R Py AT i
. B 1k, BT HRFIE R AL R, B R 254 an (] 4 BT R

I A R Ak 2 R B N 4 R Ak 2 E BE SR ARR )
HEARARHE B Ps () 32 BE0E LA, SRR 22 A
(Resblock B ) W1 18] 4 45 1A HE BT 7R, B 2 > Conv B 4H
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El4 4FEMILiERGER

B, B Conv B 1 2 3x3 %81, PReLU M o6 %
FA R, A o 5k 72 T 1 5 Bk 22 oR B FR AL, B A X 4%
JZELR IR, W RE 2 IR FE W 2R IR O, TN 42 =)
Bk 22 B, RS AU L 1) 8 B G 1S R e N AUAE
BEHT 22 18 B ST A EIR AL KRR AE B3R AT Sub-Pixel
L AR AE A R 7 HE R AFAE Py . Sub-Pixel 5 A 51
AR A0 P %) B FEE R v B2 2 7 O D ok (1) 2 3%, 3
AN R K W) 14,80 Py € REXWXC AR ]y pr ¢
RHX2WX1/AC g pox b5 Py 3l i P e /B 3 47 R AE
Y, IRAFRFAE B Do, AT N 5R IR Z /N H bR FIRFIER
KR T, B s MRS B
14 RKREH

307 2K bR 0 EH 7 7 451 2K R BSORT 3 40 2K bR B0
53 4R, B

Loss = (3 Hhtt + Eijzlsm)). @

Hot: Nypos 78 HEHE TEFE AR B, ¢ KO8 P A 1 IE A
A, RN RER. Lioe RN ENRREL, Los R
TN AR eR A A B 8 A 47 2% BRI TR AE S5
HESIHEZ [A] 1) smoothy,, #5125, B

Lie(tv) = >

ie{z,y,w,h}

smoothyr, (¢ —v;).  (5)

0.522, |z| < 1;
smoothy, (z) = (6)

|z| — 0.5, otherwise.
b = (ty, by, by, ty) FORTNHERI A B S5, v
= (Vg Uy, Vu, 0p) RANESENEIN B SHL 2.y wa b
53 BIFIRAE AL KR T8 A .
I3 KA KK F U1 Focal Loss B4

Lcls(pt) = _at(l - pt)’Y log(pt) (7)

, y =1
mz{py @®)

1 — p, otherwise.
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ap = . O) W . APSmal $5 11 £ 7 X 43 IE SURE AR 0 (X 352 9F

1 — «, otherwise.

Horp AU T o BUE H0.25; (1 — p, )Y T T,
HUAE N 2.0, 2 AT 5 1R f2 S50 p RoR TIAE A &
T 1HOMER.

2 SERERESH
2.1 WK

9T W AE A LT R A R, E H bR A AR
%% [#) TinyPerson £ 4% #2111 I ik 47 SI2 56 564 % 43 #T.
TinyPerson £ 45 £ 32 ZEF Xl /IMT N EAT AL I, 3 7
1610 5K & v, Horbr 794 5K & v H T 4%, 816 5K & A
T, FdE A B H R K R B B AR5, Bk
A, B RZ B/ BARYDAR, VAL AR o 50
R S B SR I A D e
22 LW ESITFNERR

A SIS B Linux & 8t h A4S Ubuntu16.04,
GPU N Nvidia RTX2080Ti, {& 17 A 12 G. 52 4 fii
Pytorch ¥ F 27 >J HE S0 B R BEAT #5 2  IIZR AN,
CUDA A< 4 10.2, Python A A 4 3.7. £ T 4% 43 32
1 FIALE 7 TmageNet b HEAT Filill . o 28 A5 1Y B A 71
COCO % #5 £128 _E 347 i)l 2%, COCO ¥ 5 &£ & 1
SM B yEM {45 COCO H i) H k5 )X ~F 55 TinyPerson
s A RT RS, vT i e I8 H bR iods 2/ | AL A R
I RIS LA IR B AR RS 7 COCO % s £ [ it
TN GRES, W86 5% 21 % B N 0.01, batchsize B N2,
W E i KNI 2k epoch A 124, 75l 5 2 2 8 /> epoch
HIES 114> epoch I, 73 73 45 2% > 28 9 2D Dy 5L ok 1
1/10. R FH Bl LA P2 o B0 R AN A I 288 (R A B, G
B &% B N 0.9, 3§ N 0.000 1. 7£ TinyPerson %1 4 ££
BT NGRS, B N BB B RSE R 640 < 512, W1 46 2%
21 %40.005, batchsize 15 & 4 4, & & i Kl Zk epoch
H12A, FE I 5 31 2 8 4> epoch FEF 114> epoch B, 43
TR 5 2] FRE D N K ) 1/10.

K F °F- 41 ¥ B (average precision, AP) Fl g #6 K
(miss rate, MR) {E A V4 F6 b5, AP B B =1, 46 0 2% 11
W) 2800 5 A B ORI 2, MRAEERAIS, H Fr i
o B A 28 R s AP Lo 38 R AE X 43 1E 47
A [ [X 48, 38 IF: B (intersection over union, IOU) ]
B HULE 0.5 B 8 Aty b, G 00 248 3R U T INAT A (1R
FAE 1~ 20 Z [A]) A WU KS 25 tiny 1 tiny 2. tiny 3 73 73l
TR NMT NERIE 1 ~8. 8~12, 12~202
6], APSRY 5 AP 73 5l R R 48 X 43 1E R A 1) (X
15,32 IF L (intersection over union, IOU) & {8 i% B 7E

t¥ (intersection over union, IOU) |18 1% EU7E 0.5 1) 3
fiti b, S 2 SR ALK /N H AR () R AE 20 ~ 32 2 [8]) f
DUPAS B2 A2, MR R 7R 0T NAEAS 8] X 8] () R A
23 WBRDH

AT ELEE T AR SCHE H ) AF-RetinaNet 5775 5 i
S A T A AU 22 I 28 1 B A5V ) 1k e, e B
TARSCHR B B BRI 2 A A AE U INMT N B e
W5 T ) R G 1 e AR ST I 7t B 7 72 RetinaNet 22
I SM AL

N T W 9T HAE AF-RetinaNet H # 51k, K H A
[F) 3= P 2 3R AT 0. 5 1 B, 48 A ResNet 50 (1)
AF-RetinaNet %1%, 3R 45345 M K% £ 9 55.36 %o, LU AT A
ResNext 101-32x4d Fil ResNet 101 43 5 #2 & T 0.32 %o-
0.86 %o. 25 R, IR JE I P i /IMT A
FRYARFAE $2 A AE 594018 L, AR T30 B Fs s il
B, A S TAE ¥ 2 T ResNet 50 1247 s2 8. * KRR
FUHEHE.

Fz1 FETFMELWEERITEE

method Backbone APERY  Apgmall
ResNet 101 50.81 68.76
RetinaNet*  ResNext101-32x4d  50.86  67.70
ResNet 50 51.21 69.04
ResNet 101 5450  70.57
AF-RetinaNet ResNext101-32x4d  55.04  70.09
ResNet 50 5536 7195

N TR AR 1S i A e dn 4T A B T )l 2k AF-
RetinaNet, B 56 &t % A [7] (1 il & 77 20247 I 25, 3L
R Z A i 2 Ok AT U 2. 3R 2 PR, K
FH JC 2 #5341 1 (element  point multiplication and
addition, EPMA) fif & 77 2, 2R 15 kar kS 2 9 54.25 %,
bt 76 % £ 3k (element point multiplication, EPM) fili &
J7 AL T 0.56 %. 7E EPMA fili £ J7 3L At 1, 70
W SR FFIE Be J2 % th, 3RA5 A0 RS 2 4 54.50 o; ¥ 0
FEAE By, 3R 154 MK B2 O 54.74 %. 25 SR B, {8 H
EPMA it 75 20 BL R i tH By A1 B, REAIE 3 S A HR )
AF-RetinaNet P i 5Tk i 1.

® 2 FHEERIRR LIS RISEE

method AP APH®Y  APIY
51.21 71.42 6.16
EPM 53.69 73.14 7.11
EPMA 54.25 73.10 7.43
EPMA+ Bj 54.50 73.28 7.77
EPMA+Bs + B, 5474 73.62 7.57
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FEIX — 43, 185 i 45 I F & AN Bk 43 BT
O] % A5 70 A A SR S R SR 4 R 3k 3 BT,
VRS A A, d1 2% 3 T T LU Y, FEM,
CALM, FRM 1 it #¢ T+ AF-RetinaNet X /v H #x 1 6
DEE 7. 78 N FEM BLER, 3@ 5 % B AR 2E 47 X0 52,
FEMRA Foxt HAR{E BT 78 4 &, AT UK ILAE %
15 3R B AR /N B AR AS A B2 354 P B2 . G rhoksr 0k
J$ AP {E 2 54.74 %, 15 SEHERE LLAR T T 3.53 %, £
I IZ B R AR R /IS B AR RN T TS 15 0. A
CALM 8L 0 AN R [ — R &K i £ e
15 SEAT 5 21, WT G2 fA R A 1 L, 189 iR A W 28R 3
R IIRS B APLY {8 53.71 %, 5 MEMI LR v T
2.50 %. ¥ I FRM B, 3= B A5 7 2 130/ H Ax
TEAT A ARG W, 28 3k R A RO, T B BE 22 1 58 H
PRIRRIERIB R /). 456K 3 AT LA H, LR MK 2
APV A 4 54.19 Yo, 15 FEHEMT LE R 15 2.98 %o, HURAE

P79 R S e I AR S H LA R R P A
(B 2 =5 A7 AE I, BENS 2 M4 ) 15 L.

% 3 AF-RetinaNet B MRRAFZADER

FEM CALM FRM AP APInY! Apiiny2 pApiinyd ppsmall

51.21  30.61 57.06 63.58 69.04

v 5474 3355 60.90 66.68 69.80
v 5371  32.50 59.54 65.78 71.55

v 5419 34.07 60.43 65.57 69.70

v v 5439 32.99 61.14 65.98 70.76
v v 5482  33.68 61.86 66.04 70.45
v v 5475 3437 60.82 66.40 71.58

v v v 5536 3430 62.35 66.60 71.95

1E TinyPerson %{ % 22 I % AF-RetinaNet 5 i/ 4F
TV B BRI R HEAT LA AR R AT 55 1 VR
HrbrdE, AP (8 8, ko ) 25 VE e Bk 4F; S 2, MR AE 8
I A I 28 PERE R AT, KA FNK S IR T ANFERE I 5 1%

R4 A[EHEMBFLE TinyPerson HIEE FRIAPE

method APy APE? AP AP Apsmall APERY APERY
FCOS?*] 17.90 2.88 12.95 31.15 40.54 41.95 1.50
SSD512[8 34.00 13.54 35.16 48.73 57.14 61.21 2.52
RetinaNet®! 33.53 12.24 38.79 47.38 48.26 61.51 2.28
Grid RCNN2! 47.14 30.65 5221 57.21 62.48 68.89 6.38
Faster RCNNt-FPN(©! 4735 30.25 51.98 58.95 63.18 63.18 5.83
NAS-FPN[31l 37.75 26.71 40.69 4533 52.63 66.24 3.10
Swin-T[32! 40.52 31.92 41.67 47.06 52.53 59.42 424
RetinaNet-MSM ! 49.59 31.63 56.01 60.78 63.38 71.24 6.16
RetinaNet-SM with S-o[*?] 52.56 33.90 58.00 63.72 65.69 73.09 6.64
RetinaNet-AFM-o[*®! 48.81 28.20 55.54 59.69 61.87 71.90 5.70
Faster RCNN-AFM-q[1#] 50.35 33.82 55.43 61.48 65.59 71.15 6.80
Faster RCNN-RFLA#(19] 49.99 30.20 53.40 63.67 69.32 72.53 5.36
FCOS-RFLA#!1?] 37.32 15.41 37.72 5274 62.84 64.04 3.90
RetinaNet* 51.21 30.61 57.06 63.58 69.04 71.42 6.16
AF-RetinaNet 55.36 34.30 62.35 66.60 71.95 74.24 8.04
AF-RetinaNett 56.78 36.36 63.29 68.77 72.91 75.53 8.20

* 5 A[EHENESLE TinyPerson HIESE R MR {E

method MRS MR MRER2 MR MRgmall MR MR
FCOS!?! 96.28 99.23 96.56 91.67 84.16 90.34 99.56
SSD51218 93.56 94.55 90.42 85.54 76.79 82.80 99.23
RetinaNet!®! 92.66 94.52 88.24 86.52 82.84 81.95 99.13
Grid RCNN[30I 87.96 88.31 82.79 79.55 73.16 78.27 98.21
Faster RCNNt-FPN(©) 87.57 87.86 82.02 78.78 72.56 76.59 98.39
NAS-FPN[31] 92.41 90.37 87.41 87.50 81.78 77.79 99.20
Swin-T[??] 89.91 87.20 85.44 85.31 80.28 82.36 98.89
RetinaNet-MSM1] 88.39 87.80 79.23 79.77 72.18 76.25 98.57
RetinaNet-SM with S-o*?! 87.00 87.62 79.47 77.39 69.25 74.72 98.41
RetinaNet-AFM-q[*®! 87.42 89.43 81.03 79.36 72.46 74.37 98.48
Faster RCNN-AFM-q[18] 85.00 87.69 79.90 75.53 68.55 73.66 98.13
Faster RCNN-RFLA#(19] 87.76 89.92 81.93 78.79 68.44 75.38 98.60
FCOS-RFLA#[19] 91.46 95.02 88.51 83.67 73.63 80.99 98.87
RetinaNet* 89.05 90.54 83.36 80.35 69.81 79.23 98.60
AF-RetinaNet 86.08 88.26 79.00 76.63 65.09 73.83 98.27
AF-RetinaNet™ 85.38 87.68 78.20 75.00 64.42 72.35 98.25
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1E AP 5 MR Z [A] () PERE. L A = SRR Fudikife, + &
%2 R, # R s 45 R & 525 B 15, AF-
RetinaNet 4% RetinaNet* ¥ & £ 1+ 4.15 %, Y £ % [E A%
2.97 %. 1EIHAT 2 REE VIR, %52 RetinaNet* ¥ FE #2 7+
5.57 Yo, I K R FEAK 3.67 %.

N T #E— 2P JE 7R AF-RetinaNet X il Z/NMT A FA A
WG R, 25 H AF-RetinaNet 55 FE #E [ 2% RetinaNet 7

TinyPerson 248 8 b (1) B ar 25 RE b, a1 5
. B S ATEA DI B AREEERS  fiy 5t H
FRABALRI A EE T, /N B ARl 45 5. 7T DL e, 2T
RetinaNet i 5 [ VA0 /N H AR 85 seAHL H
B~ B4R B AR BRI SR 22, A7 (E B AR S 14 1)
&1L, T AF-RetinaNet 535 0] DUSCGF R I HH B
(AT N B b, ZZfRAS A .

(b) ASCELZATIACR
E5 ®MHRIEE

3 4 #®
N T IEPRACINT NAEEHG BT &5 X300 70 H

AR R T (5 8D 5 Ty MRS R AL 55 ) 8, A SO

T RetinaNet 575 247 BCidk, $2 tH— Fh 3 T 5 & S il

& SR AEARAE I B/MT NG 572 AF-RetinaNet. J8

R GINRFAESY SR B, #h 78 H AR IR B, AL B &

JSL Rl A H AR b SO B b TR R 1 I A A

AEZH AR, SR R N B 70 SR8 5 A INT NRFIE 3R

K BE D, GRS IR ) R I b 1 T B ROAR. R A

SRR BT LA TinyPerson B4 46 I 3E4T 5206 36 4IE,

SR BA UL H AR R R, R B TSR A R

PE. A8 U FIRETE A o, R 3t — 2D AR I 4 S5 4, o

K AR AT b B, B v SRS I A R, AT 3R AT
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