TENMBZ5HE 1673-9418/2023/17(12)-2984-15
Journal of Frontiers of Computer Science and Technology doi: 10.3778/j.issn.1673-9418.2211102

YR A R TE ) B SR O P Y L b BT 3

B BBRRZ R, e Rk R B

Ldrm RERBRLEARAKRY ZHIHRER, HT A 322100

2. WL IRF HAMMAFZERRFR(ALFRFR), /M 310018
IR I RE EEK, 4L 310018

4. Hx ) BB RBRLEFEARKRF FEFR,HT AM 322100
5..hmxE ATAFRA, BA Lo 753-8514

+ @124 # E-mail: biaowuzg@zstu.edu.cn

i B4 YOLO £ 2 Sk 2 5 1 Tk i A F A 2 24 B AR FUM AR AL R 0% A A, XA A T xd A & R 4k
B EG TR BT Z AR EEARBERESNEN B AREN X YOLO-T, d4&, RALEELET X
STEE AR R AR TR B IR AT RS B LR EENAZE LR AT RFEZ AR ET =4
A7 & A (TDCA) AL F) R 2 AL AL A B 42 R A AF AR & F 35 W 9 S AR 4702 & ) AR (TPA-FPN) , 4% 8 A A 45
BAe LR UAAT & RGBT 47 & 2 BL R s P 4 £ SR AL A% 4 4 B2 (SIMOTA) 89 3 & 4B 31 7 %, 2 4R IE
TR K AL F ) B B 3R T AR S , A A Depthwise Separable Conv 2t 7 £ F 4 AE42 UM 45 P 6 K AL 3
AR B2 F AL, T34 R R . i Ak £ PASCAL VOC2007+2012 4 ¥ %& £, %l /& # & mAP@0.50 tb
YOLOX-S# & T 1348 o .% ,mAP@0.50:0.95# % T 3.8 /& & % ; /£ COCO2017 # # & £ -F 344 ml 4% B
MAP@0.50:0.95# % T 2.4 /8 4% .

Fe ] B AR ; =4 2472 E A (TDCA) ;2 & H 2R A4 4E42 52 (TPA-FPN) ; YOLOX-S 7% ; i it
SImOTA 5 #&

SCiikbr A Py RS TP391

Object Detection Algorithm for 3D Coordinate Attention Path Aggregation Network

TU Xiaomei*?, BAO Xiao’an?, WU Biao™, JIN Yuting®‘, ZHANG Qingqi°

1. School of Civil Engineering and Architecture, Zhejiang Guangsha Vocational and Technical University of Construction,
Dongyang, Zhejiang 322100, China

2. School of Computer Science and Technology (School of Artificial. Intelligence), Zhejiang Sci- Tech University,
Hangzhou 310018, China

3. School of Sciences, Zhejiang Sci-Tech University, Hangzhou 310018, China

4. School of Informatics, Zhejiang Guangsha Vocational and Technical University of Construction, Dongyang, Zhe-
jiang 322100, China

5. The Graduate School of East Asian Studies, Yamaguchi University, Yamaguchi 753-8514,Japan

B &0 H - HVTAR B3I H(2020C03094 ) 5 [ 28 2R 2 A BB DIk I 2511 15 H (202010338024 ) 5 i VL4 HUH T — ekt
Wi H (Y202250677,Y202250706, Y202147659, Y202250679) .

This work was supported by the Key Research and Development Program of Zhejiang Province (2020C03094), the National College
Students Innovation and Entrepreneurship Training Program (202010338024), and the General Scientific Research Project of the De-
partment of Education of Zhejiang Province (Y202250677, Y202250706, Y202147659, Y202250679).

WeRs 11099:2022-11-25  f& M [ 1) : 2023-02-24



AR & ZHRBRERNBEREGMER BRENEE 2985

Abstract: In practical industrial applications, YOLO series algorithms are not accurate enough to locate the object
prediction boxes, and it is difficult to apply to realistic scenarios with high positioning requirements. The object
detection algorithm YOLO-T of the three-dimensional coordinate attention path aggregation network is proposed.
Firstly, the shortcut connection method is used to fuse the cross-layer features of the path aggregation feature pyramid
to retain its shallow semantic information. Secondly, based on the coordinate attention mechanism, a three-
dimensional coordinate attention (TDCA) model is proposed, which is used to pay attention weight to the features in
the path aggregation feature pyramid (TPA-FPN (TDCA path aggregation feature pyramid networks)) to retain useful
information and remove redundant information. Thirdly, the loss matrix calculation method of SImMOTA (simplify optimal
transport assignment) in the label allocation strategy is improved, which enhances the performance while ensuring
no loss of efficiency. Finally, Depthwise Separable Conv is used to improve the convolution module in the backbone
feature extraction network to make the model lightweight. Experimental results show that the detection accuracy
MmAP@0.50 of the algorithm is 1.3 percentage points higher than that of YOLOX-S on the PASCAL VOC2007 +
2012 dataset, and the mAP@0.50:0.95 is improved by 3.8 percentage points. The average detection accuracy mAP@
0.50:0.95 is improved by 2.4 percentage points on the COC02017 dataset.

Key words: object detection; three- dimensional coordinate attention (TDCA); TDCA path aggregation feature

pyramid networks (TPA-FPN); YOLOX-S algorithm; improved SimOTA strategy
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Fig.1 10U of prediction box and ground truth box
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Fig.3 YOLO-T network structure
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Fig.4 3D coordinate attention TDCA
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FPN k PAFPN [ mAP@0.50: 0.95 5 #5421 T 3.7 4
HT 5, mAP@O.50 f5 2 I+ T 1.5 A 4r . KW
15 22 2% 1 R 0 R T TDCA ) 246 235 ¥ it B3 A 300

K5 TPA-FPN 4451
Fig.5 TPA-FPN network structure
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1) ol B AR AT 55
2.4 bR%E Sy BLOR W S5 4k R 3L

e I e 500 5 57 1) ek R e 5 7R T 4 | sk
JeTE BRI B AL 2R S — R DN S HE | W 45 45 44 4
PR — 2 118 FL DU Al HE 43 BOE SRR A H B T R
H bR 0 55 A7 B L 0RF AR B A i A T o R 1
PR A AR M, L, 76 IE R AR 2
Ay BE S rf AR SCHT ] YOLOX-S H B A% HiE ) SIMOTA
RAE TS (HAE cost AN PREH , A ST T soft-QFL
1E A cost AR5 2 TN 4324 2% . % 1E 3] one-hot 1 4
HOF LA X BL T A SCHY soft-QFL 43 24 W A7
L : (1) half soft-QFL K 1E 25 iy 148 ] 10U i B4R
B, HA M (B 05 (2) soft-QFL 7 1E 2 Ji] (1)
18 A 10U MEARES A B0 T, A 28 500 AR (i FH (1-
10U(gt,anchor))/C , 25K AN & 6 FT 7 o 7 D il ) 4%
Hh ] 98 % PR ERfef A9 2 10U Loss , AR SCEFXF 10U 47
TE S 5 B SAE WA A 2SS B, AN iR S Y R
B OC AR I GIOULoss /52 M £ (g [l 98 2k o 13k
MR A R e H bR X R 4 5 B AR A R A
A5 Hl 0 TS AR S, AT ek B bR IE 5RE A BR 2 S
FE N XA 407 B4 ) et ) SImOTA SR AE SR =X (8)
JR , H a, BEAE IFEA IR, o, I{EBER TR
LH i AT 4 00 LS

I0U(gt,anchor),i=1y
a {(1 - 10U(gt,anchor))/C, i # y

10U(gt,anchor) &7~ HARESZHE g 54 5% anchor
B SAEZ [ IOUA, € R B85, FE PR
H K one-hot b %) 1B 40l ap FAEL, O 85 486 Ry (1-
10U(gt,anchor))/C , 33X FE T RE SO 1 il v 5 LS HEA
e FR, = (9) Fiw

C

L= _2|ai ~Pi |B((1 —a)n(l-p)+a;Inp) (9)
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X, p, RN EE i LA, B AT S AL,

(8)

6 Wil SImOTA AR M4

Fig.6 Improved SimOTA sampling strategy

SEETHUE R 2. 24 anchor 2 MES I IEFEASHT , o, IU(H
WA, 1 —a, BO(E R &, T L, 76 2 W AR 0 Fe o
0 2% sl AH 24 T8 I T e 43 IE SRR AR Y loss AL, fifi 15
W 25 26 1 Gk BEAS 25 46 K Z BHRIEE 5 20 i S B AR I
e T A RIS

FIFH 10U 48 5 1E A AR 28 19 3 T, 155 43 2%
BT S R B AT IS TN, AE RS T A )1 1
TR A R I TR AR Y IR, 3 3 P I
Fill 5256 75 PASCAL VOC2007+2012 54 4F b ) ks
JE T 45 5, LR 19 45 R HLYOLOX<S, “V "1k %3]
AP, S PSSR A K M4 S B0 B 3.1
ivae

A8 b % 5y BC SR W 15 4512 PR LY mAP X b
Table 3/ Comparison of mAP of label-allocation
strategy and loss function

4Ll So:tajl(;FL Soft-QFL CIQULCR 0.;(1)?)2?/% g].':oig
1 x x X 59.0 83.9
2 % x 57.4 83.2
3 x N x 60.6 84.2
4 x x N 60.2 84.0
5 v x N 60.9 84.6
6 x N N 61.6 84.7

TEFRIFXT L 1.2 415256 & B, ffi A half Soft-
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QFL ik 7 M 7k i) A5 1 7E mAP@0.50: 0.95 F1 mAP@
0.50 i F8 br A Br T B, 1 ad % b 1.2 . 3 41 SE 5 mT
VL i, Soft-QFL (1) 2 BL L half Soft-QFL 7£ mAP@
0.50:0.9545 4% F 4% 17 3.2 A 43 5, 7E mAP@0.50
febr L8RS T L0 A /5. 40 #T half Soft-QFL 1 G
JE AT 10U F8 AR Ay 1 80 AR 2 B i 158 1 i 2k
PRIER ) K BE , Soft-QF L WIS 75 2e 28 1 S8 0 i, Xk 17128
SR HEAT T B I [R5 2k RS, DA T (A5
RURMH R AR . X 1.4 415925, GIOULoss
£ MAP@0.50: 0.95 8 b Ll R vk M T 1.2
O3 A AR RCR o ) 5. 6 SR AT LUA
i, soft-QFL+GIOULoss 1Y 7 AR i if .

NG G - 3 B 7 5 T A RS 0 A A A T B
i ] Soft-QF L Fi1 GIOU L oss Bk 25 it 4 %5 ol 35 W 4%
o DUKG B o1 P90 28 1) 25 TR A, n 3 ) 8% 1) 2k i 8
M

3 WHRES U Ko by
31 WHRBABL S BRI E

RT3 B PR AL AR SCER A SRR PR L S
56 038 PR 55 B B U - CPU A Intel® Xeon® Gold 5218R
CPU@2.10 GHz, 64 GB 4 £ , Ubuntul6.04 #: {F %
4t , 2 5k GeForce RTX3090 A 5 it i F . iz 17 FR4E fic
40 F : Python W A & 3.7, Pytorch Jit 4~ 24 1.9.0,
CUDAJRA N 10.2, MKz TS EE BT : ¥
25 W 2 53 Ry o 45 U 2 R0 ik R N 25 R 45 1 25 50 A
epoch J5 - AT R I 25, VR 45 I 2511 batch-size 12 &
64, fi# 1)1 5 1Y batch-size % & 0 32, S i 250k
0.937, % 2] R 4R {49 0.01, fiz/IME 4 0.000 1, Fifi %
W 2 I 5, 2 > ST A 5% R KRR, il VR B B
Il 25 300 4~ epoch , I fft F Adam I £b 53 32 538 I 2%
U,

SRR 5 FE B NMS B8 A 2 590 55 5
— &0 v ) EE A R0 HE U S R R —
SEM 3 AR R (A A (NMS) B3 AR STt 1
— 4 S BB AR B AR NMS 518 19 5L 8508 200
FR G NMS 5332 JAEL, {5 B I (B AT NMIS BMEL it R %
Gy B TE A 1) FOUI HE 530 B3, 3k /N A R i 3] 25 B A2 HE
MR . S 25 R ROR | TE EAR FE I (A HUE 0.45,
NMS [ {5 HL A 0.50 I, A SCHR L B AL i PR E

Uik 1 ARBCORAE IS (NMS) Bk

A B={b,b,,~++.b.}, S={s,.55, s}y T T o

B R —H WHE A

S R TMAE X IV 1Y) 73 2 A
T, 378 ELAR B I {E

T, 757 NMS R E

i s — 2 O B IAE RS D o
1. D<@
2. for s, € S do

3. if s,<T_, then

4 B<—B\{b)}

5. S S\s)

6. while B= & do

7. m<—argmaxS(s,)

8. B<B\[b,)

9. s« Ss,)

10. D« DU{(b,.s,)
11.  for b,eB do

12. if IoU®,,b,)>T,,. then
13. B<—B\{b)

14. end if

15.  end for

16. end while

17. return D

3.2 TSR

A S5 1 VEH 48 A A FH ST 244 RS BE (mAP@
0.50 .MAP@0.50:0.95 ) Fl A I 2 & (FPS) 4 Ay 455 4 [1Y)
AR, STk RS B 8 AT R0 PP 5 R 1 M g
A5 R B SR I R R AR S R AT A
AR R A A B MR R S SRR Tk R AR
Br o H, mAP@0.50 & 7k 10U {H &y 0.50 i 1y
MAP; mMAP@0.50: 0.95 3 /52L&y 0.05 19 10U [ {5
M 0.50 51 0.95 (1451~ mAP [ 345 {5 . mAP@0.50 =
FLURIE H bR IR L ) BRI RE ), mAP@0.50: 0.95
i F 1OU e BUE A3 T 0.95, 10U HUff & £ Z iR
H A 22 SRR L K i FEAE R B f1 . mAP (i 5%
TR BB 5L A OC , FPS 26 78 1 A A5 T TR 4% 1) 25
R A 0 7 ARG ) R R

MAP 275 - KA RS 5 BEP-R fi2k F 5 il 4,
P-R i £k 22 D) VfE i % (Precision) 4\ #l , 7 1] %
(Recall) Ay 6 il (9 = i gk . H R F 5 2 =0 =X
(10)~x(12)%

..o TP
Precision = TP+ FP (10)
___ TP
Recall = TP+ FN (11)
AP = jol P(R)AR (12)
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K, TP T N EIEBIREARLL; FP R B AEF R
ARE; FN o MBI BIFEASEL . Precision 22 7 T il
FEAS T I TE AR AR B0 T A S B E R AR B L
Recall 2 7 FUARE A v (1 15 BE A $i 5 Br A7 7800 A AR
1 EE A4 , Precision 5 Recall 2 1 A ¢ .
3.3 PASCAL VOC2007+2012 it %} He 51 35

PASCAL VOC #i 4 £ & 113 WL 56 Bk % 38 2 I
(B0 4 8 B Ol K 50 B b ARG T AR AR ) M R
PASCAL VOC2007+2012 J& J A~ 4F- 45 2\ IF & A B85
L1 IR | MBI B2 1T 52 S i FH A2 B30 4 X A AR
RE HE AT 56 UE AT 384 Jin £k i a2 TR e o o LU I . i
HOPs 454 B 20 2840 W H AR, A5 AU B I 2k A Al
PASCAL VOC2007+2012 %45 4 i 4 train+val 35 4,
It 16 551 5K %, 155780 (14 1 1 48 £ 1] PASCAL VOC
2007 K HE 4 1 test B 4, 4 952 5K [BIZ

H T HIE YOLO-THLRI M fE , AR SL I S5 LA T &
PO e - (1) XU B B bk I 5507 Faster R-CNINF
Mask R-CNN™ I Cascade R-CNN™'; (2) & 45 J& 2 iy
BL % ¥ RetinaNet®™ 1 L SSD™ >y L fiff o 1 (1) ASSD
(attentive single shot multibox detector)®" 5 1 ; (3) F
[ B G 4t HE 3872 FCOS (fully convolutional one-stage
object detection) *® F1 ATSS (adaptive training sample
selection ) ™45 ; (4) L) YOLO & %1 HL il Y YOLOV3™
A DL R G G e 9372 YOLOv4-mobileNetv2® |
YOLOvV4-ghostNet®  YOLOvV5-S™#1 YOLOX-S, 5
DL BT He 2 2 4 TR .

H1 2 4 AT J1, A SCHR A YOLO-T e AR IR i |

4 B FEL Y, 7E PASCAL VOC2007 i 4 |- mAP@
0.50 [R5 ik 2 T 85.2% , A 4% T HE 7l 9 4% YOLOX-
SHEE T L34 EH 43 a5, 1M R AR I A 67 R R SRE
[ HE F1 59 mAP@0.50:0.90 K5 B35 2 1 62.8% , 4L
T HL Al 9 2% YOLOX-S 48 &5 1 3.8 4 H 43 a5, 13 1
Y OLO-T W 24 45 k4 REAG 454 w8 FOUIN 2 437 10 G 000G
55X B G I 25 AH F , mAP@0.50 #2171 5.6~7.8
435 5 Y B 2 UL SSD LA B ik T SSD it
) ASSD 5k AH LU A 4.6 1 E 43 s R 2.2 4N 43 05 1
Tt ; 55 RetinaNet 509 DL & BB B G A8 HE 1
FCOS Fll ATSS 574 Lt , YOLO-T ¥ 4% 235 ) o i £t
IO R IDRG B E AT R BE T A LT A AR R
baseline Fi%) 4% & 1k M 2% YOLOv4-mobileNetv2 . YOLOVA4-
ghostNet, YOLOV5-S Fil YOLOX-S, £ £k ¥ i 3 Ji A
WL A X 2% YOLOX-S, {H 2K K B I & B 8 1)
PR BT, FE A DS B2 R I 3 3 e L %) 24
T, YOLO-T ZEAR Z A1 vt (g 2 B Jin 13 £

T 2 B A B A0 NIMLS 35 {1 74 B{R X A
RUPE A — RE S, AR SO T — 41 S50 2 i
JESIES . ARPEAES I H (NMS) 53k, e T 941
Bt XA A PR RE IR AT I . AR UM A A R p
(B2 K 25 5 5 16 A 110 103000 A B30 5%, 3k /NS B ik 31 2%
R E R HERYROR o BRI, AR SO B AF B2 Y {E M 0.40
] 0.50 LA 0.05 K25 K s 1 , NMS (5 M 0.30 1] 0.50
PLO.1 b Kb i, SR 45 R SR 5 PR .

FRAE ¢ 5 1 S 45 5, AN [A) 68 2 80 A e
FINMS [ {8 % R RPE BB — 8 S, 24 {5 B B

44 PASCAL VOC2007 ik 45 b4 F1 br Ao 572 0F b 92 35
Table 4 Comparative experiment of each object detection algorithm on PASCAL VOC2007 test set

Method Backbone Input size GPU MAP@0.50/% . mAP@0.50:0.90/% FPS
Faster R-CNN® ResNet-101 ~1 000%600 1080Ti 788 — 2.3
Mask R-CNN® ResNet-50 ~1 000%600 1080Ti 77.4 — 4.2
Cascade R-CNN® VGGNet ~1 000%600 1080Ti 79.6 — 5.3
RetinaNet® ResNet-101 ~640x400 1080Ti 79.4 N o 12.4
SSD™ ResNet-101 513x513 TitanX 80.6 L 6.8
ASSDF" ResNet-101 513%513 TitanX 83.0 — 16.0
FCOS™ ResNet-50 1 333x800 1080Ti 735 — 17.6
ATSS®! ResNet-50 1 333x800 1080Ti 75.2 — 14.9
YOLOv3®! DarkNet-53 640%640 RTX 3090 82.4 57.4 55.7
YOLOv4-mobileNetv2™ MobileNet 640%640 RTX 3090 82.0 46.8 50.9
Y OLOv4-ghostNet” GhostNet 640%640 RTX 3090 80.8 45.4 39.3
YOLOvV5-S* — 640%640 RTX 3090 78.4 51.5 74.6
YOLOX-S CSPDarknet53 640%640 RTX 3090 83.9 59.0 53.1
YOLO-T(ours) CSPDarknet53 640%640 RTX 3090 85.2 62.8 65.7
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#5 BB EOEAE VLB NMS B 985 0
Table 5 Experimental results of hyperparameter
confidence threshold and NMS threshold

FAEE M NMS B

MAP@0.50:0.95/% mAP@0.50/%

0.40 61.5 84.7
0.45 0.30 62.5 84.2
0.50 61.4 84.9
0.40 61.7 85.0
0.45 0.40 62.3 84.4
0.50 61.5 85.0
0.40 61.8 84.1
0.45 0.50 62.9 85.0
0.50 62.8 85.2

1 0.45,NMS [ {f 5 0.50 fif , 574 1) mAP@0.50: 0.95
o b fie i 5 24 B {5 B X 0.50, NMS ] {15 HiL 0.50
B, BT Y mAP@0.50 48 45 fie 51 o £5 LS IR A AR, 5K
56 rh I K 1Y) S B0 A BE IR B 1% 0.45, NMS [
4 0.50,

AR S X VOC B 4 1) 3 5 MR AT 8 MEE A
SR RCRINE 7 s . BT () F(b) b 4ad CA
HEE A TDCA & A HS i mBGA T L E 7 (a)
rh A ZE B A TN AE 5 L SEHE 1Y 10U {E 43 51 R 0.55
0.69 71 0.53, [&] 7(b) rf M\ 22 21 47 191 I AE 15 LS4 1Y
IOU {8 43 51>~ 0.79.0.99 1 0.78, M & F 7] LLFE i,
FICATEZEIHLEIAH L, It A TDCA & , % 24 Xof A
H b DX 0 o o7 G 1 i B AR AR A T 4 T E B 7

Neck #43iN A TDCA Re B3 4 b fil & G SRR IR AR 2.

55 LA SE 5% cat HEAT RN, H bR cat (R TR
Y W RS E  IF T, e R 7 (a) R 2 R
SEANEASHER , R 2] T S F LT B9 4, iR 7(b)
00 5 o7 8 1 7 (@) HER , IOU 42 55 1 0.24, MIM Ty &
T, TDCA H CATE RG] HARAERIE . 56
2H LI PP HARBRE , WX LIEEE B 7(b)
P4 A5 7R X6 22 N A H b o7 L PR 7 () AR ME A, 10U
P T 0.30 55 341 S50 X 8 B B A9 K H A aircraft it
TR, 7 (o) B 7 5 A P e R LA L 1B 7 (@) 47,
IOU & /& 1 0.25, {H 2 7% /)N H 4% person Y & il |-,
YOLO-T B AU AR B 2, . (H SR, YOLO-T
B AR E A L EA T4, F 10U T
26% , JiF B I 26 B B 1 0 A= R UAE S, SR
WA PERE . YOLO-T HT3E & F /i v SR 1)
MG 5
3.4 ISR

7308 )L TDCA . TPA-FPN #il Soft-QFL =77
[ XT Y OLOX-S #4752 , R 45 B J5 1 AT &L
M, 7E LR M 4% YOLOX-S [ J6 7l % i1 1 4 478
ST ST O AE (d 3.3 15 ) PASCAL VOC2007+
2012 %504 45 , R 2H S0 T R A S 30 PR BT 9 2% 2
B SN F T M A, SR e 25 R N3k 6 pirs o
i, TPA-FPN 1Y 2 FT % Neck 4% #4 , Depthwise Separa-
ble Conv A& B A% 2 15 B 35 T 4 AF H2 B 265 o i S 7k

Fl7  JEZIBLIICA L TDCA Ity # )y Fea [k
Fig.7 Heat map comparison of attention mechanism CA and TDCA
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26 AU YOLOX-SHEZE T~ 1%y 3 w512 45
Table 6 Ablation experiment of each improved
module under framework of YOLOX-S

TPA-FPN Sessrpatgl\:ev Ics:(:)nv Soft-QFL 0.;;':6(\:9%/% Q?{)P/g

x x 59.0 83.9
J X x 62.7 85.4
x N x 58.2 83.8
x x N 60.6 84.2
J N x 62.3 84.8
x N J 60.5 83.8
J x J 62.4 85.4
J N J 62.8 85.2

B FRLE ), Soft-QFL AR 2 42 3 1y br 2 43 T 5 w5 4
R PREL, BT TDCA 45 14 /2 fill A 5] TPA-FPN 2514 h
(), A% TDCA R AT I Al SE 5

Hi 3¢ 6 A1, L YOLOX-S 3Lt , il A TPA-FPN
B 5 mAP@0.50:0.95 $2 7 T 3.7 4~ H 43 25, mAP@
0.50 #£ T+ T 1.5~ H 43 5, TPA-FPN M 25 S5/l A T
TDCA I J1 ML, mAP@0.50:0.95 #5 A 4 42 &5 13 B
AR H A 10000 AE /9 0] U BE 0 4 T, e Ay B
FRAE 55 B0 H bR AE B 12307, 3 X 5 B O A 6 2 6 Y
8] 94T 45 2k U, A TPA-FPN 2 3 A &5 5 vk,
i T Soft-QFL MU br 2 45 el 8 & LA B 43t 2% pR AR,
mAP@0.50:0.95 & 7+ 1 1.6 1> 43 45, mMAP@0.50 42
THT 034 435 . Soft-QFL i i il ik A 25 43 it 3
s DA S 451 2 R BIOR B2 T I 246 455 780 1 R 31 BE g, Soft-
QFL 7E JL-F- AN 18 #E W 45 114 111 25 0 4 2 4 58 119 3L Atk
PR T RIS B . AL, TS AR B A
T TPA-FPN f5EHL A [ 53 2% J3 1 M0, ) 246 A ) okt
FL B SR A TR

TE YOLO-T &1 M 4% 1 5] A Depthwise Separable
Conv 5 He At 35 B B B, th & 2 e 6 nl 401, 5
AR B ] 43 8 5 B mAP@0.50: 0.95 Fll mAP@
0.50 M % LK T 0.8 H 48 A M 0.1 43 i L H
BERL () S0 M 25 2 52 080 T 64.3%. I &
YOLO-T [ 4% A5 8 1k 1) 1 38 B 004G 0 RS 88 114 3
iy, I FLAR X B A 15000 AE B 50 A R b Ak A
FE S 7 PO R A SR TN RE B T B E
A7 SRR 4 Tl v 37 5
3.5 COCO ¥l fanf kb 9z 45

T HE— T4l YOLO-T H A kb I A5 51 (14 52
FIE AV RO, AR SCHE A £ [RUR BR B B i 2 2= 1Y

COCO ¥t #i 4 FE4T5255 . COCO % 4 & rh il 4K
PRAL R KA H An A s 48, B AR 2R Z M HE
b RS 5 B KA F A . S50 h g COCO02017 £l 4
rh ) I 25 5 BEAIL R 43 42 % 105 539 5K K& 1Y train
Al 11 727 5K AR 19 val, JF 76 61 1% 5 000 5K 1% 1)
COCO2017 $w k4L F# A7 . 3= 2 PFAl A [\ 10U
(BN SF SRS R . o R [A] 10U BIE T 1971
R AT DL PR BB AU A 5 67 80, v 10U [ {4 3 il
T AE N L S 55 B A o TR o S R
YOLOX-S I YOLO-T il i<f 5 46 15 F| , 52 56 ¥1 355 F1 2
Bk E W 3.1 R,

w7~ , f£ COCO %44 4 I, YOLO-T 1ty
MAP@0.50:0.95 ik | T 42.0% , % il YOLOX-S £ 1
T 240 H 4 5, mAP@O0.50 #2 T 0.8 4~ 43 A,
MAP@0.75 75 T 2.8/ A 43 . 26 A [H A 10U [ i
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$Em, BB YOLO-T 785 4437 5t N L LA B4
T AEE 2 A5 R R M 7
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Table 7 Comparative experiments on COCO dataset

mAP mAP mAP
Method Backbone 0.50:0.9%)/% 0.50/2 0.75/3
YOLOv3" Darknet53 33.0 57.9 34.4
RefineDet512"” ResNet-101 36.4 57.5 39.5
FAENet"" — 28.3 47.9 29.7
YOLOvV5-S*™  DarkNet53 36.7 — —
YOLOX-S CSPDarknet53 39.6 57.5 41.3
YOLO-T(ours) CSPDarknet53 42.0 58.3 44.1
4 &R

ARTCH T YOLOX-S W 45544 2 it o — Fb ol 1
) B BRI 5 5 YOLO-T, H 42 etk YOLOX-S &
Xt B bR 10000 AE 2 A ASERR 1 ) 8, SR A TDCA.
TPA-FPN #i1 Soft-QFL: 25 £ X X 4% 1 4% B A H bRAE i1
FL1) T A BE J3aE 1T 2 7. fd ] Depthwise Separable
Conv itk Backbone H 1% 45 PR B ffi 5 U 52 5 4L, °F-
TR 00 S R RNRS RS BE . 7 PASCAL VOC2007+
2012 %45 4 I, YOLO-T Al YOLOX-S # Lt , #5574 K
/NI DT 64.3% A EE B FE T 23.7% , mAP@0.50
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