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Abstract To deal with issues such as less feature information and difficult positioning raised by small object detection in
remote sensing images, this paper proposes a remote sensing image small-target detection algorithm FFAM-YOLO
(Feature Fusion and Attention Mechanism YOLO) based on feature fusion and attention mechanism. Firstly, in terms of
inadequate effective information in backbone network feature extraction and weak information representation in feature
maps, the algorithm constructs a feature enhancement module (FEM) to fuse multiple receptive field features in lower-level
feature maps and improve the network's ability in extracting object features. Secondly, with low-level and high-level
feature maps obtained by the backbone network, the algorithm's low-level and high-level feature fusion structures are
rebuilt, and a feature fusion module (FFM) is implemented to enhance the feature information of small targets. Thirdly,
small object features are accurately captured by cascade attention mechanism (ESM) consisting of enhanced-efficient
channel attention (E-ECA) and spatial attention module (SAM). Finally, the small object is detected in the output dual-
branch feature maps, and results are delivered. The experimental results show that with the USOD (Unicorn Small Object
Dataset), based on the constructed remote sensing images, the proposed algorithm achieves a precision of 91.9% and a

recall of 83. 5% , with an average precision AP of 89% for intersection ratio threshold (IoU) between the prediction box and
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the ground truth box of 0.5 and an AP of 32.6% for ToU of 0.5 : 0.95, respectively, and the detection rate reaches

120 frame/s. The algorithm is with robustness and real-time performance.
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S AE R, R AN B bR W BRI T e S
Pt , (5 1 AR o 22 G 00 o g

F1 HIEABIEREITAL S

Table 1 Evaluation results of each module in proposed algorithm

AP for IoU of AP for IoU of

FEM&.FFM ESM Algorithm P/% R /% 0.5 /% 0.5:0.95 /%
X X YOLOV5 90.3 81.2 87.1 31.6
NG X FFAM-YOLO 91.4 83.4 88. 2 32.0
N/ N/ FFAM-YOLO 91.9 83.5 89.0 32.6

2415001-6



% 42% F 24 H1/2022 £ 12 B/RFFR

Kl 9 T YOLOVS B3k 5 FFAM-YOLO 8 %
FEATH o (A R I 25 R . fr g e /NE
PR W EL A3 AR A, — A B A N B AR 5 450
s N BER R E L T =TS HARRIE
VTR AR R A S, YOLOVS Bk fE1E R %, FFAM-
YOLO 2 FEM Fl FEM ) 55 75 5 Mg 75 59 5% 0, 34
i 22 ESM 42 TG I 45 R B F

driving scene

YOLOvH

FFAM-YOLO

Kl 10" T YOLOvVS 5k 5 FFAM-YOLO 5k
IR 5 PP S s R 25 5 . o R
K, hEBRSE ZX AR E, YOLOVS B ik
TR, FFAM-YOLO ¥4 FEM #l FFM 8 51 Jf:
3/ B R E , 2 ESM B AR AE T s A6 1 H #5 5
B35 M £ 37 5, /N B AR TR 20 40 T B, YOLOvVS 57
BAFTE N A , FFAM-YOLO 5 vk 34 a5 H sh 46 1

parking scene

B9 YOLOv5Y FFAM-YOLO X 47 837 5% M 453113 56 i K 45 5
Fig. 9 Detection results of YOLOvS and FFAM-YOLO in driving scene and parking scene

low light scene

YOLOvH

FFAM-YOLO

occlusion scene

vehicle 0.41

wvehicle 0.78, 0.70

K10 YOLOvV5 5 FFAM-YOLO % 't I 8 R 37 5 [ BT 8 437 57 ) A 00 445 2R
Fig. 10 Detection results of YOLOv5 and FFAM-YOLO for low light scene and occlusion scene

FFAM-YOLO & #d 5] A FEM #E 17 W 45 45
(I WO AN E I It o s ) = (L = R T S 2o

FFM, & H ESM 2 F+ /N B b FAE A 200, I e A L T
YOLOvVS 5B ¥ BE 0% 45 - 3t by %f 28 45 FlE A O IR FEE AR |
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[ 52 0 44 45 52 5 s b i/ B AR A I [R) 3. S8 S TR A
M1, FFAM-YOLO 5.3 0 15 40 1% Ol 2 24 vp T an &
LR E 22 s X iy i R 27 6 6 REAL
I3 52 30 145 0417 100, G D DR R IR 4 0 4 R AE 4 B L B
Fr/NE B AREUA A5 B A R FEM A 8 ] 38 T g3z

low light scene

example 1

example 2

P I 1Y SR AL, WZ AR AT RN 5T H AR 59 5 el Al
Apr 2 EFSCFE R, MmE g5 T Bbn 585
i AL, bR SO SRR RS B Tk
PO RANERN PR P

occlusion scene

Bl 11 FFAM-YOLO Ky il iz )1 i
Fig. 11 FFAM-YOLO detection misjudgment situation

3.5 XHEEZWHER

Sy ik — R 5 FFAM-YOLO Zv: v fg , F) A [
B /N bR #5885 9 47 3 K FFAM-YOLO 5 JFU 4
YOLOVS B JE 47X b, -6 e 55 Ho At 3 3 09 51 B B
H 5 K & 5k 40 DSSD™ | RefineDet™ . YOLOv3 &
Y OLOvA e A IR B FUAS 0 3 %6 7 T A7 b 4, 45
M 2PN, T I FIR R R AR Kb, |

X 2A IS, FFAM-YOLO %5 8 75 1% & ¥ 1% /) H b
BOPE A 1 R IORS JE d5e o A R TE BT R 45
P R A 39 SR AR R R A2 SRR AE RS R 4% R B A
TR ML, B B /N B RS R AE B B RE A5 DA
M EE MR E R T TR, BIK LKA,
FFAM-YOLO 7 4 I 3 5 J7 [ 75 48 B AT IR KA L,
it T SRR AG I 5 R o

22 ARSCEE S HA 5B M e LR 4G
Table 2 Comparison of detetion results of FFAM-YOLO and other five algorithms

AP for IoU of AP for IoU of Detection rate /

Algorithm Backbone P/% R/% 0.5/% 0.5:0.95 /% (frame-s)
DSSD ResNet101 64.6 57.4 53.1 16.3 34.3
YOLOv3 DarkNet53 72.0 69.1 57.4 18.5 61.1
YOLOv4 DarkNet53 81.0 82.0 77.8 28.8 61.2
RefineDet ResNet101 88.1 82.3 79.1 31.4 31.3
YOLOv5 CSPDarkNet53 90. 3 81.2 87.1 31.6 181.9
FFAM-YOLO CSPDarkNet53 91.9 83.5 89.0 32.6 120.0

wmE 12 pioR R M Y = iR s NE
FrF B 430 S %% B o0 A 18 DL AE 9 A9 JLAS 3 8k R R AR
X} DSSD | RefineDet ., Jit i YOLOv5 5k 5 74 3¢k it
B FFAM-YOLO MAG I 45 B A7 %F b, B i 4
Bl &b S /0N B o T G155 10, i £k T E Adh Ry R A O g

A BT B RS 0 235 SR X b AR RS A 0, R A TR Y
FEA ZIOKG T e S 12T 5 b B 2 /s A (EODA 01 Ak
A ,DSSD B T RF AR /N VR AR B X 42 B B0 T
OPANIS B I DR AN 9 R E o N U O ]
O P47 72 % M5 I ; RefineDet 5532 1 K6 I &4 5 & £ +

2415001-8



% 42% F 24 H1/2022 £ 12 B/RFFR

example @

ground truth

DSSD

YOLOvV3

YOLOv4

RefineDet

YOLOv5

FFAM-YOLO

El12  FFAM-YOLO X Ho 52 5 1 46 0 45
Fig. 12 Detection results of contrast experiments using FFAM-YOLO
DSSD, th 2 H B4 6 O w38 DL EOR B O R ] WA Ol s AR SCR sk 9 FEAM-YOLO B3k 7 B iR T ik
O I K1 B0 5 5L YOLOVS A T Mg xi/h - B9FEAN b5 T 1 ok i @R 500 F s B il =5, Je 2
AR IE AR IO TE 00 /N AR 45 ) Z BIF5 s MR ) TR AR 20 A0 3 S e AT A8 X F A (R AR TR A 3¢, Ud W 1
T, B s B O e DL L R O F R O RN FAR G INAT 55 51 A H A R AR 3 SR AR R S

2415001-9



% 42% F 24 H1/2022 £ 12 B/RFFR

BIL I ASE B | AL SRR A il 45, B A0 ) 6% O A o
) 1 SR R P /N H AR
4 4k i

B xop 2 SR LG N B AR BT R R ED RRAE RS W
5 5 X ROMESE () R, 48— FP O3 FRRE L & 5
R AL Y R B RN B bR R A FFAM-
YOLO. Jr 5 vk 1 76 3 1 25 B XTI 2 9 R iE
] H4) i A I 58 5 AR B FEM, 42 75 455 0 1% 45 1F 12 B AE
1, Wh R R B 0 A B IR E A 0 = IR ke
TIF Bl £ 45 0 FEM B8 R0 26 b7 H AR 1) R AEBE 1 5 76 i
i R S HLE E-ECA 5 %8 (A & S Ll SAM 41 A%
B B R S ML ESMAE IR o X/ B bR s il A
FIAY Rl FRAE o TRV EE, by fige e B bR 7R B AR b o T
VNRE I i N o R N T B A B = S e LI R C WA NI E I T
USOD, HF 5 ik /N H An ki 53k MR Be . 78/ H b %k
PEAE I USOD 1y 5250 45 B 3 B, AR SCH vk 1 1 BE AH 4
THMEZA WA ERIEmEERN
91.9% ,# 4%} 83.5% ,1oU Ky 0. 5 i i1 S X 85 i
89% ,IoU 0. 5:0. 95 B A - H 4G By 32. 690, 55 4k
4D VR e R S 2 A B AR B

FE /N B bR AT 55w, B — U R XN H AR 9 4y
PERAEAE B 2D M LR THR R B A £ 5038 B UA]
1652 3 Rl A e T O 4 RS B R MR A 1) .
AN ER N oal IV E By Sl A X NP A B oy
T8 K 7 1] 37 PR A4 3 2 2 i L0 2 e PR B 1 /s H A R T
BEAY T — 20 56 X /N H AR 08 R 0 1) 2 E 4T A i
A, , 3 BB Y % |l

2 £ x #t

(1] w&Brik, SR, TRV, &5 . /N B ik 00 5% 2 e
(0], Bd R 54, 2021, 36(3): 391-417.

Gao X B, MoM JC, Wang H T, et al. Recent advances
in small object detection[J]. Journal of Data Acquisition
and Processing, 2021, 36(3): 391-417.

(2] BeAhwh, 2200, SRS, 48 TR % ) H AR R 5 vk

R H AR AR 2R 7], WOk 5o i T A R, 2020, 57
(12): 120005.
DuanZJ, Li S B, HulJ, et al. Review of deep learning
based object detection methods and their mainstream
frameworks[J]. Laser & Optoelectronics Progress, 2020,
57(12): 120005.

[3] Girshick R. Fast R-CNN[C]//2015 IEEE International
Conference on Computer Vision, December 7-13, 2015,
Santiago, Chile. New York: IEEE Press, 2015: 1440-
1448.

[4] Ren S Q, He K M, Girshick R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.

[5] He K M, Gkioxari G, Dollar P, et al. Mask R-CNN
[C]//2017 1IEEE International Conference on Computer
Vision, October 22-29, 2017, Venice, Italy. New York:
IEEE Press, 2017: 2980-2988.

[6]

[10]

[13]

[15]

[17]

(18]

[19]

[20]

2415001-10

Redmon J, Divvala S, Girshick R, et al. You only look
once: unified, real-time object detection[C]//2016 IEEE
Conference on  Computer Vision and Pattern
Recognition, June 27-30, 2016, Las Vegas, NV, USA.
New York: IEEE Press, 2016: 779-788.

Liu W, Anguelov D, Erhan D, et al. SSD: single shot
MultiBox detector[M]//Leibe B, Matas J, Sebe N,
et al. Computer vision-ECCV 2016. Lecture notes in
computer science. Cham: Springer, 2016, 9905: 21-37.
Redmon J, Farhadi A. YOLOY9000: better, faster,
stronger[C]//2017 TEEE Conference
Vision and Pattern Recognition, July 21-26, 2017,
Honolulu, HI, USA. New York: IEEE Press, 2017:
6517-6525.

Redmon J, Farhadi A. YOLOv3: an incremental
improvement[EB/OL]. (2018-04-08)  [2021-03-02].
https://arxiv.org/abs/1804.02767.

Bochkovskiy A, Wang C, Liao H. Yolov4: optimal
speed and accuracy of object detection[EB/OL]. (2020-
04-23)[2021-02-03]. https://arxiv.org/abs/2004.10934.
Glenn J. YOLOvVS5[EB/OL]. [2021-02-03]. https://
github.com/ultralytics/yolov5.

BBRAR, BT, TP, & RLE R IALE 2 R
B H AR NS (D], D44t 2020, 40(13): 1315002.
JuM R, LuoJ N, Wang Z B, et al. Multi-scale target
detection algorithm based on attention mechanism[J].
Acta Optica Sinica, 2020, 40(13): 1315002.

Bk, EEF, e, & R FREEZE DI Z R
JELLAMT AN T]. D27 2741, 2020, 40(5): 0504001,
Zhao B, Wang C P, Fu Q, et al. Multi-scale infrared
pedestrian detection based on deep attention mechanism
[J]. Acta Optica Sinica, 2020, 40(5): 0504001.
Kasper-Eulaers M, Hahn N, Berger S, et al. Short
communication: detecting heavy goods vehicles in rest
YOLOV5[J].

on Computer

areas in  winter  conditions
Algorithms, 2021, 14(4): 114.
Yan B, Fan P, Lei X Y, et al. A real-time apple targets

using

detection method for picking robot based on improved
YOLOV5[J]. Remote Sensing, 2021, 13(9): 1619.

Liu T, Zhou B J, Zhao Y S, et al. Ship detection
algorithm based on improved YOLO V5[C]//2021 6th
International Conference on Automation, Control and
Robotics Engineering (CACRE), July 15-17, 2021,
Dalian, China. New York: IEEE Press, 2021: 483-487.
IMVEE, WA, B, %I T I YOLOV3 B ki
SR T, 6224k, 2020, 40(12): 1215001.
SunY C, Pan S G, Zhao T, et al. Traffic light detection
based on optimized YOLOv3 algorithm[J]. Acta Optica
Sinica, 2020, 40(12): 1215001.

Benjumea A, Teeti I, Cuzzolin F, et al. YOLO-Z:
improving small object detection in YOLOv5 for
autonomous vehicleslEB/OL]. (2021-12-22) [2022-01-
02]. https://arxiv.org/abs/2112.11798.

LianJ, Yin Y H, Li L H, et al. Small object detection in
traffic scenes based on attention feature fusion[J].
Sensors, 2021, 21(9): 3031.

Zhan W, Sun C F, Wang M C, et al. An improved



% 42% F 24 H1/2022 £ 12 B/RFFR

[22]

[25]

Yolov5 real-time detection method for small objects
captured by UAV[J]. Soft Computing, 2022, 26(1):

361-373.
Kim M, Jeong J, Kim S. ECAP-YOLO: efficient
channel attention pyramid YOLO for small object

detection in aerial image[J]. Remote Sensing, 2021, 13
(23): 4851.

He K M, Zhang X Y, Ren S Q, et al. Spatial pyramid
pooling in deep convolutional networks for visual
recognition[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2015, 37(9): 1904-1916.

LiuS T, Huang D, Wang Y H. Receptive field block net
for accurate and fast object detection[M]//Ferrari V,
Hebert M, Sminchisescu C, et al. Computer vision-
ECCV 2018. Lecture notes in computer science. Cham:
Springer, 2018, 11215: 404-419.

Wang Q L, Wu B G, Zhu P F, et al. ECA-net: efficient
channel attention for deep convolutional neural networks
[C]//2020 TEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), June 13-19, 2020,
Seattle, WA, USA. New York: IEEE Press, 2020:
11531-11539.

Park J, Woo S, Lee J Y, et al. BAM: bottleneck

[26]

[29]

[30]

2415001-11

attention module[EB/OL]. (2018-07-17) [2021-02-05].
https://arxiv.org/abs/1807.06514.

Lin T Y, Maire M, Belongie S, et al. Microsoft COCO:
common objects in context{M]//Fleet D, Pajdla T,
Schiele B, et al. Computer vision-ECCV 2014. Cham:
Springer, 2014, 8693: 740-755.

Xia G S, Bai X, Ding J, et al. DOTA: a large-scale
dataset for object detection in aerial images[C]//2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, June 18-23, 2018, Salt Lake City, UT,
USA. New York: IEEE Press, 2018: 3974-3983.

Leong C, Rovito T, Mendoza-Schrock O, et al. Unified
coincident optical and radar for recognition (UNICORN)
2008 dataset{EB/OL]. [2020-04-15].  https://github.
com/AFRL-RY /data-unicorn-2008.

FuCY, LiuW, Ranga A, et al. DSSD: deconvolutional
single shot detector[EB/OL]. (2017-01-23)[2021-02-04].
https://arxiv.org/abs/1701.06659.

Zhang S F, Wen L Y, Bian X, et al. Single-shot
refinement neural network for object detection[C]//2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, June 18-23, 2018, Salt Lake City, UT,
USA. New York: IEEE Press, 2018: 4203-4212.



