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Small object detection based on dynamic adaptive channel
attention feature fusion
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Abstract: In order to solve the feature missing and different scales features semantics gaps problem caused
by convolution operations in small object detection, a small object detection method based on dynamic adaptive
channel attention feature fusion is proposed in this paper. Firstly, a Tri-Neck network structure is introduced to
address the semantic gaps and feature deficiency in small object detection across multiple scales. Secondly, a
dynamic adaptive channel attention module is proposed to enhance weak semantic features of small objects while
suppressing irrelevant information. Additionally, new activation functions and intersection-over-union loss
functions are designed within the dynamic adaptive channel attention module to improve channel attention
representation capability. Finally, the ResNet50 backbone network is utilized, connecting the feature pyramid
network and the Tri-Neck network sequentially. Experimental results on the Pascal VOC 2007 and Pascal VOC
2012 datasets demonstrate performance improvements of 5.3% and 6.2% respectively, while on the MS COCO
2017 dataset, the proposed algorithm shows enhancements in overall performance and small object detection
performance by 1.6% and 2% respectively, and on the SODA-D dataset, our proposed algorithm demonstrates
superior performance compared to the suboptimal algorithm AP, resulting in a 0.9% improvement in overall
accuracy.
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1T, Rz R Bk B LA ikt
ITHEL, BLHEPIBY BORD 2% Faster R-CNN — i Bx

RIGHE N HEATIEE . )5, KRR E - B 3 i 2 Kol 8§ FCOS. YOIOv3. RetinaNet"'!, YOLOX"™
AR AT M YOLOVS, SERZIRUIE 8 MK 2~3K 5 Pir.
40 ——————] R80f ————————] =80f p——
35+t / /== | =70t /| =70t =i ———| e 35} = -
= / < ey B e =S —o—o—
=30 -/ /,vz/ geor /o Va ge0r /T S| S0t e
< = 530" /S as0r s S a / AT
o 25r 4 340 / 540 Ve 2250
2 7 S30f |/ =30} = =
S 20+ / —o—Faster rcnn / /7 —Faster rcnn /  ——Fasterrenn| A 20} / % ——Faster rcnn
O ——Fcos =20+ " ——Fcos <20+ / ——Fcos o / ——Fcos
15t ——RetianNet 210k / /" ——RetianNet 210l ——RetianNet | @ 151 7/ ——RetianNet
10 . —Ous_ | £ 0 fiof ——Ours | £ 0 7 ) ——Ours ) ol ——Ours
0O 2 4 6 8 10 12 0 3 6 9 12 0 3 6 9 12 0 2 4 6 8 10 12
A EAREE X IEAREE IR EAREE IR
a. COCO b. Pascal Voc07 ¢. Pascal Voc12 d. SODA-D
8 4 FAFEHIEEE T AP 5 epoch K&
#*2 TREIEEE COCO 2017 Val #3BER AP MHEEXTEE
Model backbone epoch AP/% APs5o/% AP75/% APg/% APw/% AP /%
Faster R-CNN-FPN ResNet50 12 37.4 58.1 40.5 21.2 41.0 48.1
FCOs™ ResNet50 12 36.6 56.0 38.8 21.0 40.6 47.0
RetinaNet"" ResNet50 12 36.5 554 39.1 20.4 40.3 48.1
YOLOv3™ DarkNet53 300 30.8 52.8 32.0 14.4 334 44.7
YOLOX™ DarkNet53 300 31.8 49.1 33.8 12.4 34.9 474
YOLOv8n* DarkNet53 300 32.8 46.9 — — — —
Ours ResNet50 12 40.1 64.2 44.7 24.2 43.7 51.1

7E: Faster R-CNNJEHILLE IR EFPN, YOLOvVS{H FH (KT b & B 7 P 5E btk



228 HL TR R 4R 54 %
#3 T[EEETE Pascal voe 2007 test ZIBEE AP MHEEXTEE
Model backbone epoch areo/% bike/% bird/% boat/% bottle/% car/% cat/% chair/% mAP/%
Faster R-CNN-FPN ResNet50 12 82.6 82.7 77.7 61.4 63.5 84.9 85.7 57.3 75.2
FCOS!™ ResNet50 12 75.9 73.0 72.8 552 60.8 81.6 83.0 55.6 68.6
RetinaNet"" ResNet50 12 65.9 75.5 72.3 46.1 59.9 82.3 772 52.9 63.6
YOLOv3® DarkNet53 300 78.0 79.5 65.3 52.3 52.7 79.2 77.6 52.4 68.3
YOLOXE? DarkNet53 300 66.9 75.7 54.4 50.9 36.2 78.5 69.2 485 63.7
YOLOv8n* DarkNet53 300 54.5 49.0 56.6 33.4 33.0 69.3 67.0 36.5 53.5
YOLOV8I* DarkNet53 300 70.1 70.2 64.2 35.7 44.0 77.4 77.6 56.3 66.2
Ours ResNet50 12 86.4 86.7 80.0 71.6 69.9 88.2 89.3 63.4 80.5
K4 TEIEETE Pascal voc 2012 Val #IE5E AP MEEXTEL
Model backbone Epoch areo/% bike/% bird/% boat/% bottle/% car/% cat/% chair/% mAP/%
Faster R-CNN-FPN ResNet50 12 84.4 79.5 782 56.5 56.3 75.9 91.1 53.7 72.6
FCOS™" ResNet50 12 82.6 71.6 73.3 482 50.3 75.3 85.6 48.0 64.7
RetinaNet®" ResNet50 12 75.8 73.2 72.8 43.6 53.9 69.5 85.3 46.4 64.8
YOLOv3™ DarkNet53 300 78.1 74.2 63.1 44.8 48.1 65.7 83.5 48.0 65.3
YOLOX™ DarkNet53 300 75.9 70.0 56.3 43.4 35.7 67.1 71.3 433 61.9
YOLOv8n* DarkNet53 300 59.7 55.3 55.4 39.5 402 75.3 69.2 403 57.6
YOLOVSI* DarkNet53 300 725 73.1 65.2 41.4 4.5 74.8 76.5 62.6 69.1
Ours ResNet50 12 86.3 85.4 84.5 65.6 65.7 82.1 94.8 60.2 78.8
%5 TREIEET SODA-D HUIEE AP MHEEXTLL
Model backbone Epoch  AP/% APsy/% APs;s/% APt/%  APg/% AP/%  APy/%  APg/%  Param/M  FLOPs/G
Faster R-CNN™ ResNet50 12 33.4 64.3 29.9 29.3 19.7 30.5 36.7 43.8 41.16 292.28
FCOS™ ResNet50 12 29.3 55.7 26.5 24.6 11.4 25.7 332 413 70.75 137.21
RetinaNet®"! ResNet50 12 29.9 58.7 25.5 253 15.9 27.2 323 403 35.68 299.50
RepPoints™” ResNet50 12 329 61.3 31.2 28.7 17.2 29.9 37.2 45.7 36.60 273.96
ATSSP ResNet50 12 312 59.8 27.3 26.9 173 275 334 41.1 31.32 290.79
Deformable-DETR"  ResNet50 50 23.7 51.3 18.6 19.7 10.4 20.6 27.3 34.7 35.17 739.11
Sparse RCNNP! ResNet50 12 29.2 56.1 25.9 24.6 143 26.1 32.4 40.3 105.96 213.00
RFLAP" ResNet50 12 345 64.9 30.9 30.1 20.2 31.5 38.5 46.8 41.16 292.06
YOLOVSI* DarkNet53 12 33.5 62.7 — — — — — — 4370 165.20
Ours ResNet50 12 35.4 65.3 31.4 30.7 20.4 322 36.8 442 43.12 293.79

E: YOLOVS/f# I ¥ 5 briff & B 77 VF R hRifE

Kl 8 B T 4 M A A B4l 48 R AN A BV 1Y
AP 5 epoch K Z. Mg RaUEH, AXHE
AU A LA vERe R T AR EE, i | Rk
WSk . 1) EWSICEEJT T, Faster R-CNN %5
HIRAES 9 epoch JG A BT URSL, A CHEIELE
% 6 > epoch AT RSN, VLHHASCHEIEREHE N
HINZGUSURE . 2) ALHEIEAES 11 epoch I
I 25 H R B 1 e AT DA R AR VA AE SR 1A
epoch PEfE 5% AL, 7F Pascal Voc 2007 L HEH
32% PERESETE, B T IREIE T REAE B 2R A S5 B
Hiaded, metd iy o) B EAG BR AN EE TR
FFIER IR o

COCO ##H8EAE H bRt AE 55 rh S A 1 B 24
B VF AL $8 bR, Wi ~F 35 6 B B2 (average precision,

AP) FIF¥J A A% (average recall, AR) , LAANIA
IoU (X2 L) BIE T 145 R AF RV il As 4 .
COCO %44 1) H bl i 8, BRIt /N H bR i)
or IR e A4 T S S EEK . Pascal VOC %4
LEAF PRS0 JE  (average precision, AP) {ENE
B VPALFE b, SR — 411 E 1) ToU BIME 21T V7
fli o Pascal VOC 4k 45 th 1) H b 38 5 5 K A B
S, RIS FR 8 AR FE EESRAER K. ik 2-
5 R, AIRHPE TS HENMEEEE )
REEREG /N B AR R UZE MS COCO 2017, SODA-
DP* Pascal Voc 2007 % Pascal Voc 2012 1A 3| £
MR, xR 1.6%, 0.9%, 5.3%,
6.2%. FHH7E COCO a4/ HAR 1) APs I
TIRAARETY 3% PL L. 7E Pascal Voc 2007 F1 Pascal
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Voc 2012 ## % b, ARSCHEEL T 20 K 4K
Sl ROk LA AR A I AN £E IS AP 43R i
TIRAREE R 10.2% F1 9.9%, XTS5 3K/ HAx
R BE AT S R AR T 2.3% Fl1 6.3%. BGAFE T A
Bl ioE RIS ORAN =R 7y el AR SR g 8
442 EMESH

NT P RAE A ST EIE A B, AR
£ MS COCO 2017 4t 48 b I ik 550 9% 1 A U 1
fe. BRMKAR ST, ASCEZEMERN TR,
BAAmE 9 Fron, BIEFENEEY . SR RY
S BNE YR, SRR, AR
LA R TR WAL RERHUACFIEEA G
SN HA AN A R

N B EDULER U AR SCHR R TN B A
WA B, ACEICT MS COCO 2017 % iF £
(40 B Sl A3 AT T S U KEE B PR A R T B ) ]
AL, wE 10 ME 11 iR R 109, 755
3 AT AR R RIS ARG b Xt Eb T VR R S R R
IR S A, 1T A SRV g B0 RG ff b s 0 A
RPFEHE R SEMEHER, REFAEENT/NE

c. RetinaNet

PRk A E BRI EE 1 H, X EEAE
For il B A i A S R B BRI ARAE — 8 R FE Y D
72, 1 Faster R-CNN | I8 17 75 35 53 & A i (1 7]
A, W 1 REECR T R, B 3 AT RN
e Ab K A B AR — 5K R B BBk S8 T/ B A5
B, SBR[ A AL R AR 5, T AL
7R HL R T N FNERES A H AR . RBIA S
TPEA RO X BT SRS 5, oG 1 /NbRA Iy T
IR, AR T TE AR R II A R .

d. Yolov3

B0 RrRCR AT R B

a. Input b. FasterRCNN c. FCOS d. RetinaNet

e. Yolov3 f. YoloX

K11 A A R L
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4.5 HRLSLIG

T AEBAR SR B R A T R T 2
JREHFE 4 73 (FPN) , AR SOR; &S5 2 ) 31
S AR B B 3 o A SCHE B S A ABE R S 43 ik L R

4 FastRCNN-FPN. FCOS. RetinaNet. < 3 1{#
COCO2017mini Val 1y 2 3 il 52 56 1 I 4R
fE% 6 H *%%iETiniii%tHEﬁ Tri-Neck Fi 74 H.
HHEAKBR, ol 7 EREER 1.6%. 2.0%.
2.4% F13.1%.

R T R B AIE A SR H ROE s BRI A A
LR eR B A R, B Y68 Tanh F1 ToU (1)
FERAE COCO2017mini Val fISEIG/E AFEME, R)5
MR A R, R 6 B . AU N5 G
B AIE 4 T 3B He i, Faster R-CNN ] mAP 1
mAPs 7 5l 5y 37.4% Al 21.2%, FCOS ff] mAP Fl
mAPs 73 5] & 36.6% F1 21.0%, RetinaNet f{] mAP

A mAPs 7354 36.5% Al 20.4%, A J7EEH] mAP
A mAPs 7354 37.0% A1 20.8%. Hk, ¥4FE4
TR 0 5 I 2 RERHIE RGBS 73 ) B
oS RO AE IE L ek B, A B O R A
J&, Faster R-CNN H#AYETE T 1.9% F1 1.6%, FCOS
BT T 1.3% 1 1.0%, RetinaNet $2 7+ 1 1.7% Al
1.3%, ARCTTIERTET 1.3% M 1.1%. XL
JEEL B #U)5, Faster R-CNN $2 7+ 1 1.2% A1 0.7%,
FCOS #2717 0.3% #1 0.2%, RetinaNet 277 1.1%
A 0.5%, ARLTTERTT 0.8% 1 0.7%. &5,
WOE R B AZ FF L s S 78 9 B J5,  Faster R-
CNN #2F+ T 2.8% #1 2.7%, FCOS #F+ T 2.0% Al
1.4%, RetinaNet $2F+ T 2.4% 1 2.2%, AK3CT7i%
PTET 2.0% F12.4%., 3= 6 FRIKIGLEREH, &K
SCT AT B2 1) R E5ORN S50t S 948 9 LA 2K R B
X~ SR B B SE R

&6 HRASIE

Model Backbone epoch FPN Tri-Neck Valve iloU mAP/% mAPg/%
\ — — 374 212
— \ R — 39.3 228
Faster R-CNN ResNet50 12
— \ — R 38.6 21.9
— \ R R 39.0 232
\ — — — 36.6 21.0
— \ R — 37.9 22.0
FCOS ResNet50 12
— \ — R 36.9 212
— \ R R 38.6 224
\ — — — 36.5 20.4
] — \ R — 382 21.7
RetinaNet ResNet50 12
— \ — R 37.6 20.9
— \ R R 38.9 226
\ — — — 37.0 20.8
— \ R — 383 21.9
Ours ResNet50 12
— \ — R 378 215
— \ \ \ 40.1 23.9
+a52 . N
5 #ERIE AL TR R
1) 2 —F Tri-Neck M8 4584, DL P/
RSCHR T —RIE S 0 ORI E R AN it~k Pz, LR H

PRl 77 3%, B iR H — Fh Tri-Neck W 2% 2514,
SR FH 17 /2 R IR ] R [ S B AN AH 408 2 0 HE T KA
R DHATRERL S, SIS IBIE T & Bk
ALBRPR RS, AT SR AT ST SO LU,
— R E 2 RERHMERRIIRE /1. MhAh, ARSCIEEE
H 7T B AR IE =0 e O 2ot s 1 AE
P40 5% R A, 3K 8 Pk T S R A A AR AR A
RE, FEORAE H bR b 52 275 S S U, B
R RE 0% DRAF AR E I Aar il 25

P 3k FEE U0 o) AR AT SR 2K ) A

2) R —Fh o A Bz A IEE R R,
[F] I 2% LEOMTE 2 [ O R AN B AR R, 1@k ik
BURFE IS $2 THE AL R IEFIZ AL g

3) T%tﬂ?ﬁﬁ‘]?;’?ﬂﬁu%ﬁﬁﬂiﬁHﬁﬁﬁi@iﬁ, B
A S BIEIE . MHDTRE SEINE /= L
HE () VT T4

H#7, T Transformer 1F N8 T M 4% 046
B O3 7RG, ARmHTHZRETET
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ML, B R R BT RIRIERE. N T R
A, RKKEAE Transformer 2 RJE A & HiE &
5 TAERF 5T
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