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0. 005, ffi [ SGD L fk. 4%, fii A IMSE 5 FCOS #Y &l
F KN A 600 X 600, i A Al 455 8L (4 & 7K R
800X 1 333, fE MS COCO %t & iy X 1t 52 16
L IMSE 5 FCOS 19 552 46 PR 5 RS2 50 45 5 14 38 U0y
XG5 B —8, XFHAMBAE MS COCO £k 4%
SR g5 R AR ST G T SCER 24 ] b i A OC 2K
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Wit o R T RE T AR ST BT 1 X LA R 34 H
o A 65 35, EL A AR R Y 0 55 A L A0 4 T A AE
F TG HE | BB B R B B A A B vk R B R T &
TR A A ) B 4 - 02 B, LA AR B % 4 T LI A
HPEAl IMSE A4 418 B e
2.2 HEE

J T R EAS B 5T $2 A IMSE 78 % 42 A /N H
FrAS I 37 5 T (4 I A ST 3 A H bk il £
P S PEAT IR, 43 B MS COCO™ [ CARPK™ #
WOOD %4 48 . 3 A% dls 48 i S BB (5 B n 3k 1
FiR
®1 3NMHEEHEGKESER

Table 1 Image data information of three datasets

T T R IR
Dataset Partition Ngmbcr Numbcr
of dataset of images of objects
MS COCO Train 118 287 978 288
Val 5000 41 781
Test 123 287 1020 069
Total 246 574 2 040 138
CARPK Train 989 42 274
Test 459 47 500
Total 1 448 89 774
WOOD Train 684 198 060
Val 86 24 980
Test 85 27 547
Total 855 250 587

MS COCO ¥ #is %5 44 #5 Y 25 % ( Train,
118 287 5k &l J) B UE 4 (Val. 5 000 3K & /) L i3k
£ (Test,40 670 5K ), A 80 AN, BHRER
BEFe S22 HAR VAR 3 HAR A7 7 B4 15 W e | &5
R RSFR A, CARPK™ $dii g & — il o A
HILR AR B K AN S B 46 L i 88 4 A0 3 AN TR 45 4=
Y AR 13 90 000 4 V3 4, J& 1 > = f K 38
Pt B O AL B £ . B HiE 4R 43 Train
(989 5K & F) A Test (459 sk FH 3L 142851, %
WAEWR S EZ Bir, B % E. HEs R T/,
WOOD £ 4is 48 | 52 Br A4 77 3 55 R B2 M 45 L % 8 4l 4R
AN TR 200 dK B, 203 BEALER 55 /K1 Bl |
BEAR R B AL S5 At 2 s B AR B T 855 sKRIE s
ot Train 47 684 sk K (L&A 198 060 MR A L),

Val £ 86 5K KA (f0 & A 24 980 AR AK), Test f 85
SR (L&A 27 547 ARk . B 4R i AR U2 A
IR 6 A T N = 2= N S A
2.3 HELEM IR

AWFFE L COCO 8 A5 X B AU 47 M BE VAN 7
UL PR $8 45 A S Y 8S B ( Average Precision, AP)
AP, APy AP, AP, ., AP 2@ ili% PR ik 5
A A Z A AL A . PR R R MK s S
4[] A B4 1 4R, G b s il 3R R A e R YU R OR
K . AP, %R ToU A (TIoU J& 0 1 46 0 HE F1
BT ARG I AE B 22 FF ) R 0. 75 B AY SF 340K B
AP APy AP, 43 il 3¢ 7 A5 RS I /N 1A L vh A5
PR KPR 0K B2 . BRSBTS AR
s A 0 P A A
2.4 ZHRERSHH
2.4.1 f£ MS COCO % # % k8 3 1k 52 35

T B UE IMSE 4 %0 . % 2 S IMSE 7 MS
COCO ¥#ifE 15 F u B b ko AL 8 iy % Lb 45 21 .
Hrp, BT M4 R50 5 R101 43 3 %75 ResNet50 5
ResNet101,Epochs 2 75 A [A) 5% 78 {14 325 AR W 5, AP
AP, JAPs APy (AP, 0 | SO iR ¥ /R 158 AU i o7 3
Wi, TR, & 2 ], 7E A 2 sE g
IMSE 7£ /0 () Epochs T %t 68 4K 15 4% =5 19 AP {H.,
AR Gy b ida BT 2% 25 K 1R T R A At . IMSE 19 BT
B EREFE AR T R4k FCOS, AP M 47. 6 % 41 5
) 49.4% AP, fHM 52. 1% 42 B 3 53. 9% ,IEH] T
AT 5T $ A 5 kA 22 RUBE H AR S I 7 1T A A
AN IMSE & T 16 AP Fl AP, #5845 19 % 30 LAY b
0 F CO-DETR, #£ AP 85 I 0P RERS b (0 F L F
Transformer &4 DETR R AR, H 48 bR 5%
B2/IR S N N R D O - = NP B VT N R S i 3
F DETR R WHAITE Query b4 H —Ffr iy g 45
7720, %07 SUE K T e S HE (Y AR, DIl AT AR B 15 B
1) Query ki Bh i 2 ) AL OC AL & L I 7R
REHE A5 b L AR 5% £ 1 (A 280w  {H i S A 0 A, R 5
B HE 1) 51 AT TR AT 22 ROBEAG I i), TG vk [ B 45 4
MRS T) ROBE B R, LT RE A R 1 2R B e Y
[R5, &5 B A, IMSE 7EE 25 £ 45 5 T 1 H Ar kG I
TIT LR A ERE MR T, WU T AR I
Bk
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Table 2 Performance comparison on MS COCO dataset

TERE ET S REFERINE SR/ B REN R %

i FrR IERU AP/ % AP,/ % AP4/% APy /% AP /%
Model Backbone Epochs

DETR-DC5% R101 500 14.9 47.7 23.7 19.5 62.3
Anchor-DETR-DC5% R101 50 45.1 48.8 25. 8 49.4 61.6
Efficient-DETR-DC5" R101 36 45.7 49.5 28.2 49.1 60. 2
Deformable-DETR* R50 50 46.2 50. 0 28. 8 49.2 41.7
Dab-Deformable-DETR' R50 50 46. 9 50. 8 30. 1 50. 4 62.5
YOLOv8 Darknet53 300 37.2 39.9 18.5 10.9 53.1
DN-Deformable-DETR™" R50 12 43.4 47. 2 24. 8 46. 8 59. 4
FCOS™™ R101 12 47.6 52.1 24.7 54.1 71.1
CO-DETR™! R50 12 19.5 54.3 32.4 52.7 63.7
IMSE (ours) R101 12 19.4 53.9 27.0 56. 7 71.3

2.4.2 7 CARPK # 38 %& E &) xbit 52 5%

gk 3 5K 5 FioR, J8x 1T IMSE 5 H Al B tr ks
M35 7€ CARPK B¥E4E L sim 25 5% . IMSE 91k
RSP 48— RS %% 4R B B 4R B i T A PR dE i
¥ A F YOLOvS.CO-DETR %5 3 H br ke 5
P, BARIM S L IMSE 78 AP #5458 LA 8] T 75.8%.,
FEIELR T T 1.4% . 78 APs $6bR B IEZR 4R T
1.1%. 5 CO-DETR ## 4 Ik, IMSE # AP {8 I
%3 IMSE 5RE#E % CARPK LHIXfLE

Table 3 Performance comparison on CARPK dataset

w21, 7% IE T TS AP, F8ER R 16, 1% .
e AP #5845 bt 16. 1%, H ol WL, IMSE 3K 1%
THERERMEREL Y. B 5 HEMMEH T IMSE 7
CARPK ¥4 [ 9 1 i 58 F 43 [n] S8 75 BT A7 X LU AR
R RS T B dr g . oI, IMSE RUTE 2 R
R 7 18T 5 O T L Ak B A 4R KN RIS bR ) L %
ERGE TR T R ERE.

F5 3 5T M %

B ANVE

Model Backbone Epochs AP/ % APr /% APs/% APy /% APL/%
DINOF? R50 100 48.1 55.1 7.0 19.4 —
FCOSH" R101 100 74.4 82.2 24.0 76. 2 —
YOLOv7 Darknet 53 100 60. 9 75.1 5.8 62.8 —

YOLOvS Darknet 53 100 57.4 72.1 2.7 59.2 —
CO-DETR™! R50 100 54.1 66. 1 9.0 55.7 —
IMSE (ours) R101 100 75.8 82.2 25.1 77.5 —

Precision

|

0.0 T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0
Recall
B 5 IMSE 5HAib# % PR i £ %F kb

Fig. 5 PR curve comparison between IMSE and other

models

2.4.3 J WOOD # ¥ 4& Eeyxdrb 56

MS COCO SEH s 4R M 8 s A 8 T 18
W AR E 22 o3 A A R R T AE S5 PR AR 7 3 5
WY 2 RS AR R A A AR R A
WOOD %4 % E 8 4F IMSE R9R e J1. % 4 &
IMSE 5 A R# R 7E WOOD % 4 I ik GE Xt ke .
H1 % 4 A0, IMSE 78 AP AP, 5 AP, ¥k T
T X AR o i R AR A5 L T APs K & T DINO
5 YOLOv7, AWF5E5Hrikh  DINO 23 T4 5 £
S HERSPLE AT IR M T AR WA
R R T A b DG T 4 JR R AR 1 P /N E A DR A AR S Y
MR T BT A R R AR T A iR R I AR
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WH9ETE AP $6 tr I 2B 3k 5 T DINO, H 2, T
DINO i fli H T Ge it 223k A i J1 (MHSA) BB,
HRAE 4 5 AT, 76 I [A] 52 2% B AR N A7 5 B AR
WFIE WA BLHAE S50 A B S, i
YOLOv7 Ht SPPCSPC %5 #4382 4 25 A [A] 1) Max-
Pool 43 334 K IR 3Z B, H 43 3 i A2 i RST Bk,
RE A% 75 51 B A N g b iy R SUE R A BT
% 4 IMSE 5RE#EEE WOOD L3t

Table 4 Performance comparison on WOOD dataset

PR /N B AR AR $E A R P B 47 B R 56 &R L AR AP
Bhn Emg G, (HRMWE LI YOLOVT 76 22t
REFR AR LY R R , PTRB I B T i KOt AL B2 1 AR
BB O R R KE, SR EEFEL L
K. Z¢ 1 IMSE 7E 2 $ AL /N B AR A I 3 5 T 3RS
THEAEAERENTERERA.

Y (= RS Ji’ﬂﬂj’\ﬁ 0 0 0 0
Model Backbone Epochs AP/ % APr /% APs/% APw/% APL/%
Mask RCNNEH R101 300 16.0 52.6 0.9 5.2 65.9
YOLOv5 CSPDarknet 300 34.2 38.4 9.2 22.6 36.7
YOLOv7E Darknet53 300 32.8 38.7 16.0 17.7 44. 4
DINO? R50 300 40. 0 39.6 26.2 30. 4 58. 3
FCOs!H R101 300 52.9 62.3 13.3 43.8 65.6
IMSE (ours) R101 300 55.0 62.8 14.8 38.5 67.7
%£5 WAL MHSA B9xtEE BOBEE N 4 5 AYEE Y (1 024,30,30) . MSEEG 25
Table 5 Comparison between WA and MHSA Bl WA BB ESRITE R S5S5E S0 T
F e HEIRR/G ZHE /M MHSA ik,
Module FLOPs/G Parameters/M .
2.4.5 THEREIE
WA 2.83 3.15 . o B
IMSE EZ A& 3 MU e . WA Bk | MIF
MHSA 3.90 14.75

7 E W B IE IMSE 7E % £ 3 5 F /N B R
o A FE 1 g A SR AE WOOD B4l 4 FRIR T
AN R A I 5 R, AN IR 6 T .l e U ER & B,
FE LS % 42 o N AT R B, Mask R-CNN 7
B8 F AR AEAE PG S0 I T 35 T R R 0 A
X 2% 48 LA/ N RS ISR A M s FCOS B8R 7E
Y T Re BT MR W A AH R TR R — P ik
TEAE Z A HARAE & H BRI RE A7 A 08 o 1 79 1) 185
YOLOvV5 5 YOLOv7 ¥J 47 7€ B brfE 5 52 1 BRI G
PG U R A B0 /N H BRG] R 2 A H AR
ZHAERRESOET ., X8 n 8T g8 2 H ol
T T X 95 4R 1 /N B BRI L AU BE 1% G 1 B BB AR
TCk 4 TH A 2] R HUEMGURRAE L 1 IMSE BR8 75 52
Y 50T A B e 67 5 bR AR RS 0] ) B
2.4.4 MHSA #3315 WA ¥R+ A 3R AKZ
s b

MHSA #3t 5 WA B p) G H 2 5 25
AT AN 5 TR . SE B B E G 1 T 3k

B DCFPN 4544 . AW 58 (9 1 il 52 56 /2 MS CO-
CO.CARPK Fl WOOD %t#54E L iTPA5 X 3 AN 1)
HEM, R,V BRI ILA M, X FR LB
A1k,

% 6 & IMSE 1 MS COCO %8 4E I #4114 filt 52
U 2E R, SR A5 R T e WA B MIF B2 e /il
DCEFPN %5 14 %8 47 76 W & rh B, B A AP i 3] T
49. 4 %0 s FEALE M WA B 5 DCFPN 25 #4) 1], 5 7
AP Jy 48. 5% ; 7EAL A I MIF #5855 DCFPN 45 #)
L R AP S 49. 2% . HAE AP $545 LAk T e by
145 B AHIFSE 43 BTk g MIF B Bl o 7R 6] K/ iy
2 FUR 4 Jr it AR 45 A T DA 35 30 5 R L T S
FELGTEMAT WA BLHUSE AP, 845 L 1 e g
TR R R X TR R E ST A WA B , T
BEFEATH 1T R L A A e 2 a] 4 A S O
S o D) 2% T ) T AR T4 T AR RE AR B EAT AR
b, HIMCESIE T AR 58 BT £2 th ) WA 8 MIF £
P55 DCFPN %5 #4 B [F]7E I A &bk
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IMSE . ) Ground truth
B 6 IMSE 5HA#EfE WOOD 5454 1A I SUR B R
Fig. 6 Visualization of the detection effects of IMSE and other models on WOOD dataset
% 6 IMSE 7 MS COCO ¥ #E & F M ERLE 10
Table 6 Ablation study of IMSE on MS COCO dataset

Hi R Model WA MIF DCFPN AP/ % AP, /% AP/ % APy /% AP, /%
IMSE-0 X X X 38.1 40.7 16.3 41.7 60. 7
IMSE-1 N/ X N/ 48.5 53.0 25.5 55. 4 71.8
IMSE-2 X NG NG 49.2 53.8 25.7 56. 4 72.5
IMSE-3 J J X 48. 6 53.2 25. 8 55.7 71.4

IMSE NG N N 49.4 53.9 27.0 56. 7 71.3
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# 7 /& IMSE 7E CARPK ##li 48 FAH AL SE 5 AP R 75. 700 ZEALE I MIF #2385 DCFPN 45 1)
SEAL LR SE I g5 R A T AE WA BB MIF B Fi B AP R 75.1% o FBEETA BRG] A WA 5
DCFPN 45 ¥4 &5 47 76 P 4 b i), B8 AP 3k 3] 1 He \MIF # 5 fl DCFPN 45 ¥y ¥ %F 41 w5 #5280 1k fig
75. 8% s TEALE N WA 3k 5 DCFPN 45 14 fif , 452 75 EEE TN

%7 IMSE 7£ CARPK #{#E& FHEBIE ]
Table 7 Ablation study of IMSE on CARPK dataset

B Model WA MIF DCFPN AP/ % AP, /% APg/% APy/% AP, /%
IMSE-0 X X X 74.4 82.2 24.0 76.2 —
IMSE-1 NG X NG 75.7 82.2 24,9 77.3 —
IMSE-2 X J J 75.1 82.2 23.5 76.8 —
IMSE-3 J N/ X 75.4 82.2 24. 2 77.2 —

IMSE N/ N N 75. 8 82.2 25.1 77.5 —

# 8 J& IMSE 1 WOOD %#i 4k LRI R Sc 8 ShiX 2t T WA BIH g/ TR OC HE R Ak B 4 ) 25
iR, SR AR AT AAE WA BB MIF BE8e A0 A5 R MIF L5 i 4 R 5C i 45 AiE P A9 Jmy 38 2 1]
DCFPN %5 14 #§ 47 76 W 2% b i, #8780 AP X3 T (S EFGEE (5 8. W& B = mfE B kT &k, 4
55. 0%0 s FEALIR I WA BEPe 55 DCFPN Z5 kg i, 878 WA 5 MIF B[R] B A5 H - 4% i 25 A8 X 43 P A
AP 2 55. 206 s FEALER I MIF At DCFPN Z5 M. B R ik ) 52 2088 2 T B b AT AR b Al 5 . & =
BiAl APy 54.8%0, HSEEREER AT, WA BiHe, S04 T0 u AR A 3R 08 S BE DX A R AIE L AT /) i B2
MIF #ifk 5 DCFPN 5t [alif 2 7e W 28 himf, AT SRR R PERE . (H AR UG, BB 5] A WA ik,
AP F8ARIL B T R AR, SR XA ABGEIN MIF BRI DCFPN 544 34 %0 $2 & 85080 19 14 BB A 4t

% 8 IMSE 7£ WOOD #(#E & F /)i B 3510
Table 8 Ablation study of IMSE on WOOD dataset

HEH Model WA MIF DCFPN AP/ % AP /% APs/% APy /% AP /%
IMSE-0 X X X 52.9 62.3 13.3 43.8 65.6
IMSE-1 N X N, 55.2 62.9 13.9 46.8 67.8
IMSE-2 X N N/ 54.8 62.9 14.2 46.6 67.3
IMSE-3 N N X 53.6 61.4 14.5 26.9 67.1

IMSE N/ N N 55.0 62.8 14. 8 38.5 67.7

HILAG Z G A S e B U R L A ARG R A 1 ) A
& fE MFE £t 5 DCFPN 2544 1y 3L mf B4R T
AW EZRWT T A A MBI RTE 2 ROE RN AR M 4 IMSE., i 78 MS COCO,
FRAE R ECP FAE A L3 T MFE B R DCF- CARPK.WOOD 3 /A [/ 26 700 g B4 45 1 R4 % 1
PN Z5#l, 78 MFE S5 i, WA BEBRGE 1 AN R/ sz Fnl il s o6 3 B 7 A BT 82 9 IMSE 76 %5 42
(B Sl B X R P EEAT TR LTI B g R g/ F ARG 0 v 45 25 0 S o R
AN B AT ASE Y M i 19 [) B R R R AIG T AE R Y  BR
MIF A5 e B % [ B 3 050 5 AiF &1 4 Js3 38 25 [ 113 38 4
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Abstract: Aiming at the problem that existing object detection algorithms without anchor frame are difficult
to extract multi-scale target features effectively in dense scenes,an Intensive small object detection network
based on Multi-Scale feature Extraction (IMSE) is proposed. Firstly,a multi-scale feature enhancement mod-
ule including a Window Attention (WA) module and a Multi-scale Information Fusion (MIF) module is pro-
posed. The global context connection is established to enhance the feature expression of IMSE in dense
scenes,which enables more effective extraction of multi-scale features of detection objects. Secondly,a De-
formable Convolutional Feature Pyramid Network (DCFPN) structure is proposed, which introduces dilated
convolution for feature enhancement, thereby effectively improving the ability of IMSE to detect irregularly
shaped and irregularly distributed objects. Finally, the fused multi-scale features are input into the detection
head for classification and bounding box regression tasks. IMSE was then validated on the public datasets MS
COCO and CARPK and the WOOD dataset constructed based on actual production scenarios. The experimen-
tal results showed that the Average Precision (AP) of IMSE on the three datasets reached 49. 4% ,75. 8%,
and 55. 0% ,respectively, which were 1. 8% ,1. 4% ,and 2. 1% higher than that of the original FCOS method,
verifying the effectiveness of the proposed model.
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