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Abstract: This paper proposes a robust small object detection method based on multi-scale feature fusion using
remote sensing images. When the natural image-based pre-training model is directly applied to the remote sensing
images, the large number of parameters and excessive down sampling in widely feature extractions may lead to the
disappearances of small objects due to feature gaps. Therefore, based on the distribution of all object sizes in the
dataset (i.e., prior knowledge), a lightweight feature extraction module is first integrated via dynamic selection
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mechanism that allows each neuron to adaptively allocate the receptive field size for detection. Meanwhile, the

information reflected by various scale features has different amounts and emphasis. To increase the accuracy of

image feature expression, the FPN (feature pyramid networks) module based on adaptive feature weighted fusion

is applied by using the grouping convolution to group all feature channels without affecting each other. In addition,

deep learning needs a large amount of data to drive. Due to the lack of remote sensing small object dataset, we

built a remote sensing plane small object dataset, and processed the plane and small-vehicle objects in DOTA

dataset to make its distribution of size meet the requirement of small object detection. Experimental results show

that compared with most mainstream detection methods, the proposed method achieves better results on DOTA

and self-built datasets.

Keywords: multi-scale features; small object detection; feature fusion; scene complexity
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Fig. 1 Complex background in remote sensing images
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Fig. 2 Network framework
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Fig. 3 Network structure
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Fig. 4 Feature weighting method based on grouped convolution
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Fig. 5 (a) Schematic diagram of convolutional network receptive field; (b) Object classification strategy based on receptive field
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Fig. 7 Sample of plane and small-vehicle image of DOTA dataset used in the experiment. (a) Training set; (b) Testing set
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WORAFRRE R PEREE T, [FIBTanlsl o A&l 10 s,
R RS S B i — 20 b B ARG I AR G 11
E 12 Pz o

FEOEE A RS EE AR S T — AR R E R,
AR Z BRI ATRA S, ARUhFIHENZ

[ OCEAE , AT DA — DR TRl RRIE B 115 B KA
e, HARBmEA T =AM 1) RIS 41E B
THEEAFZI YRR, XRRIEIE T T AS R B 9 45
A (Flnsyh 3 AAF), SRJEE TSI 2 SR AT LAAE S
FEREE b [R)422 53 M7 120 6380 3 R iR =2 [] () G . (H X
Dy He S, HAEE H Hbl o S AWz
2) R R — Nl BRI AR P e AR A SR 1 RE
T1o EENG 5 BB o A B 15 R 55 60 N REAE (5] 38
if (channel) £8fAHAE, SXFERD % 8T R —- 38 18 RF
TEXS TRl A DTARIE, At A A 30 T RR AR AR AT 37 54T
— BT HCHRME A, s 2 ARmEE
LA B —H RS B . FRATHEAT T —R5IXF
PLEEgs (WL 4. 46 5 Tk o), S5RIEM TR JT i
AR [ G FUAE LR G, AT AR R
it srdfumike, RN, BRI, &0
IRTERE T BAnkrill MR py Rl e AR Sl 1
RIS

50T {38 WA S W RLE T, R - mT

A 4 WE%IREBRE T DOTA AR E0iXLE R
Table 4 DOTA plane dataset test results under different network configurations

B_13 FPN AR (3) 5AE (&I 818 (channel) HRA T 10.71,0.87] mAP Precision Recall
N - 80.5 63.4 82.8
3 J - 82.0 81.4 85.1
Yl Yl J 82.3 85.1 84.5
N N J 83.6 85.5 87.0
N N V 82.5 82.3 85.6

A5 F%IRFEE T4 DOTA A HE 545 F ik R
Table 5 DOTA small-vehicle dataset test results under different network configurations

B_12 FPN SR (3) HHAIF K138 1 (channel) HHGELA N [0.63,1.28] mAP Precision Recall
J - 63.7 56.8 73.9
J J - 65.9 86.1 68.5
N N J 66.3 83.3 68.9
V J V 68.7 86.4 71.7
N N N 64.4 84.0 67.3

A6 RLIRRERETAHEKEENRLER
Table 6 Test results of our dataset under different network configurations

B_10 FPN Sy 4% (3) HEAIF €383 (channel) W HRLA B 71.08,1.05] mAP Precision Recall
\ - 89.9 44.2 93.7
N N - 90.2 83.6 91.4
l 3 l 90.6 84.8 92.0
\ \ \ - 91.0 87.7 92.4
V \ V ERlE ERE ENEd
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Fig. 9 The loss curve of the network trained on the DOTA plane training set
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Fig. 10 The loss curve of the network trained on the DOTA small-vehicle training set
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Ground truth Ours

B 11 kARl R,
FERBEREAEL, FEEHBRIME.

Fig. 11 Partial plane test results.
Yellow circles represent false alarms and green circles represent missed detection.
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Ground truth FPN Ours

B 12 oA R,

Fig. 12 Partial small-vehicle test results.
Yellow circles represent false alarms and green circles represent missed detection.
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MTFREES AL, 40 FPN ARG A 1. % &
IR —NER A, Hy7 A i R R B,
IX AT BE T 2 O 7] T 112U B HERFAE , AR
BRI PERE . P, FRATRSVESCE . MRS HARTEARSR
RUBEE DX T8] P 73 A B0k 19 LU AR O o SR 5 I (W
w e FHEM, HAERETEARIBEE L™ A —
HEER . FEEPE LR 257 A 4
AL AR R S 1 Al 19 07 SO AT AL R 258 L5
BOR . FPN MZERTE T4 R R R AR 22 52 HiAt
RS B520 - FilE DR ] AR 2% ROBE5 R A
AR R R 8 o5 L, DT 5 I BE B A 2 o > 4%
FT# BAFE .l IR R W] mini-batch H i) H AR
RS AT OA—E 5 8 —2, I LT

B A A A bR KB A G M B B [ il R 725
IR 25T RE A BN E =AML DL o
BRUAERIF BN RS, O RIS R T AR AR
MR R ERHER S AR Z N R . i, 78 DOTA
Btk CRHLSEAPR) EXTI TR ARG 7
LR INET R BN . SLEE R I 8. BENLI AL 1L
Rl IR T2 RO I PERE SRR . 2R N B LR 4R
WALEAE R/, HEHGET 00 SRS A EE—
THAERE T RZHEEE S, SR 2ok
BUR B I RAE S ERREREEIR . HIMEy 1 AT RLARAIE
RIS BAE—THIR AN 22 2R, Bl M 45 2~
AW A AEE, RAMNE—H . R,
K13 JBoR T RE R FAEA R IR (E T RSl

(7 HBEEEREAWFHSFHERIT

Table 7 Statistics of the distribution of each scale objects number

Bl R H bR ﬁ%&%ﬂz’a%( " )

S$1[6-12] 5503 0.87

DOTA &ML ZREE $2[12-30] 4807
$3[30-70] 3428 0.71
S$1[6-15] 59875 1.28

DOTA/NAZI AL $2[15-285] 76615
$3[25-60] 48203 0.63
S1[6-10] 4963 1.05

EfcseiyllEs S $,[10-20] 5196
85[20-50] 5625 1.08

A 8 @A B T AR AR M A 6% R

Table 8 Influence of initial value of fusion factor on detection performance

filE TR A mAP
1 83.6
BERLBI AR 1L 80.7
el BRI 5x10° F BB
6x10° FEeT I — W H 1 — WiftiH 1
w ~ »  AX10°F
» T 7]
2 e 2 ax100f
: :
G 2x10° - G 210
1x10°
0 0

IR E10°

IR K100

B 13 A E T RE 45 T o988 M AL

Fig. 13 Model convergence under different initial values of fusion factors
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o WTRIE W, BHMEN 1S BRI S0 AL
S, T LS R SR e
3.5.3 5REIERMXTH.

R T AL B 22 M OGN H R A B 13 SURFAE
W S fn BT, 2251 A CBAMY & 1AL
Hlvk, AR A AR S8 ) A )
H o RIS OGRS RE ,
AR MR G — M REN S EER, #22
TR WA [ R 2R e Ei e, A Bl
TERNAGE ., 25 [ S S P ks a7 B A,
PSRRI R4 M8\ gy N L a1 B = YL A U A= L1 (1
B A AR 12 ) R AR

CBAM (13 i 14 3 7 AR 5 AR SCH H 0 22 R
FHOE B 38 N INAC R A AR L2 AL, #2381 A 20
S SFe Ay T T (RIRAAE () — AR (HRTE U2
PR IR FH T — AR, IR IR R (5 B
Iy JEEESTHT R RRAE A5 AN Y [ g — 2

A T 2 UERHERIAE S, H5R T RMERME A
KiKAeS1 o [RIHA AUE R FH ) 7 XA —HE

XN 3 A S X LS5 A2 9 PR . AR SCHY
J7 VR AE ARG P B8 LA S S T 4 3 B T 1 A T T
CBAM FE ML . F 25 A& CBAM I3 A5
RGBS, X eS8 HARKE 55 9 S Rere 1A
FR; HOR, CBAMBHRGIA T KiEitH, HIESH
IR % =2 — oAy, MASCRH BT
T, FEGIA B ISR AlA R TR B ok T AR/ N
MR

J T EIEA SO A R, 52 R H
R AT A, SEER SR ILEE 100 AR SCHY ik
TE AR R, [RES, DOTA $i#li 4 /&
ARG, FRATEIREREKEZRE, IR Sy
FIEARZ R A B SOR BRI . ks, £ DOTA
Bm e bk — I T 3T S N AR AR IR @A
FPN 5 H A AUFY BoRr il % H ARIOCR , SE5 W3k 11,

A9 CBAM L g i& 5 ek &AE a0 MM 48 69 75 R

Table 9 Influence of CBAM and adaptive fusion module on detection performance

RO +EE AR mAP Precision Recall B B2/ (s/5K)
B_10+FPN+CBAM(  #4# ) 90.5 83.8 90.6 0.036
B_10+FPN+ [ 33 i fill (54 (1 I 42 ) 91.0 87.7 92.4 0.027
B_13+FPN+CBAM(DOTA L&) 83.0 82.6 85.8 0.048
B_13+FPN+ 138 M fill 4 HH (DO TA ML 4E) 83.6 85.5 87.0 0.037
B_12+FPN+CBAM(DOTA/NA 4 5dE4E) 67.6 83.0 711 0.043
B_12+FPN+ [ & )i Fill 4 1 e (DO TA/INK 425 4E ) 68.7 83.3 7.7 0.034

10 RE A et
Table 10 Comparison of detection performance of different methods
Fik DOTA EHLERAE(MAP) DOTA/NAFHIEHE(MAP) H AR (mAP)
SSD 63.4 43.3 64.4
RetinaNet 55.2 45.1 62.7
Yolov3-tiny 70.8 58.3 74.3
Faster R-CNN 73.0 59.0 88.6
Ours 83.6 68.7 91.0
% 11 AT §iE HAFE AR GRA-49 FPN A3k & Faster R-CNN _L &9 4%
Table 11 Performance of FPN module based on adaptive feature weighted fusion on Faster R-CNN

Backbone+%§ i 4E mAP

ResNet50+FPN( A A4 4E) 88.6

ResNet50+ [ 3 i il G A (F A Ecd 42) 89.7

ResNet50+FPN(DOTA KHLEHE4E) 73.0

ResNet50+ [ 3 i fil 4 15 (DOTA K MBI 4) 73.8

ResNet50+FPN(DOTA/NA A 4i4E) 59.0

ResNet50+ [ i i fil 318 (DO TA/INA - Hdi 4R ) 63.2
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Small object detection based on multi-scale
feature fusion using remote sensing images

. 1,2,3 1,2,3 . 1,2*% - -1,2 . 1,2,3
Ma Liang ™, Gou Yutao™", Lei Tao ", Jin Lei ", Song Yixuan

The detection results of the proposed method

Overview: In recent years, with the continuous development of remote sensing optical technology, the acquisition of a
large number of high-resolution remote sensing images has promoted the construction of environmental monitoring,
animal protection, national defense and military. In numerous remote sensing image visual tasks, remote sensing
aircraft detection is of great significance for civil and national defense. Research of the remote sensing small object
detection technology is important. Currently, the object detection method based on deep learning has achieved excellent
results in large and medium object testing tasks, but the performance and application of remote sensing small object
detection are poor. The main reasons are the following: 1) the model is huge, and the real-time is poor; 2) remote
sensing image is complicated and the object scale distribution is wide; 3) remote sensing small object detection dataset is
extremely lacking.

To solve the above problems, this paper proposes a robust small object detection method based on multi-scale feature
fusion using remote sensing images. The main work as follows. First, as the image will be sampled and convolved for
many times after being input into common neural networks (such as ResNet and VGG-16), the features of small objects
will be seriously lost and the final detection accuracy will be affected. To this end, according to the distribution of all
object sizes in the dataset (i.e., prior knowledge), we propose a lightweight feature extraction module based on dynamic
selection mechanism, which allows each neuron to adaptively allocate the receptive field size for detection and control
the sampling times based on different scale of the objects. Second, although FPN is widely used to solve the problem of
small object undetected, the information reflected by various scale features usually has different amounts and emphasis.
Therefore, the FPN module based on adaptive feature weighted fusion is proposed, which uses the method of grouping
convolution to group all feature channels without affecting each other, so as to further improve the accuracy of image
feature expression. Third, for the issue of lack of remote sensing small object dataset, this paper built a remote sensing
small object dataset of plane, and processed the plane and small-vehicle objects in DOTA-1.5 dataset to make its
distribution of size meet the requirement of small object detection. Finally, experimental results on DOTA and self-built
datasets show that our method posseses the best results compared with mainstream detection methods.
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