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Abstract: The characteristics of many types, dense distribution and the difference in scales of objects in re-
mote sensing images will result in small objects difficult to be detected. Therefore, a remote sensing image
anchor-free object detection method based on an adaptive multi-scale feature fusion (AMFF) and attention
feature enhancement (AFE) mechanism is proposed in this paper. Firstly, the image features extracted by the
backbone network are input into AMFF, which adopts an adaptive multi-scale feature fusion module to en-
hance feature reuse, so it can enrich feature information and enhance the multi-scale feature expression abil-
ity of the network. Secondly, the output of the features from AMFF is input into the detection head with
AFE. AFE combines multi-branch dilated convolution and attention mechanism to enhance both the net-
work’s multi-scale generalization ability of the object and the effective feature information. Finally, the de-

tection results are obtained by classification and regression. Experiments with a variety of mainstream object

Wk BB 2022-04-14; & 181 H #: 2022-09-23. EEHHE: W)II4A B A 254 (2022NSFSC0907); P4 1| 45 & 5 0 & 5 H
(2022YFG0042, 2023YFG0025); PUJI[44 BT B — RN T4 ¥ 57 H KL W (2019DZX0005). E3(1996—), H, wi-+HaFsE, &
BERFFEIT [ R AL AR AT, ST (1979—), B, Wk, PR, EEHFE 5 I8 TR AR M ERBLE AT R | bR
RFLL(1981—), 2, M-LWtoes, YR, FEMF 7 R R E G S E SaG, REB1980—), B, WL, Hk, mAESm, FE
WFEE 7 1) R G A BT S RE . R ERE ST A R B ER L SEERSTR, FA1988—), L, 1t miEEE, w4
W, WIGEEES, EEHR I RETSEURARE . S 0035 e BUG R i i A



1406 AU B i 115 BB 222 4 %355

detection algorithms on DIOR and NWPU VHR-10 public datasets show that the average detection accuracy

of the proposed algorithm is 72.4% and 87.4%, which is 9.4 percentage points and 13.5 percentage points

higher than that of the baseline network and 6.3 percentage points and 1.7 percentage points higher than that

of the suboptimal results. The results demonstrate that the average detection accuracy is higher than that of

the mainstream object detection algorithms. Meanwhile, the average detection accuracy of the baseline net-

work is significantly improved, which can detect small-scale objects more accurately and effectively im-

prove the detection accuracy of multi-scale objects.

Key words: remote sensing image; object detection; anchor-free; feature fusion; attention mechanism; dilated
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WEEKY) . 7K SIURT AR 1] 25 DR 43 s 4 2 ) %) e il |
AP {Hfcrm, JUHAERHL, GERE. 205, SR/
RUT %5 46 HEAR B Ar iY 1 2406 DUoKS B 32 7 3%
FeURA 25 B B T 3.0, 10.0, 10.4 Fl 2.4 N 43
R XTTHREE L KL R R A R A
HABKIRE LR BER, PRI 4, ik
I AP (B3 4R TF 2.4, 3.4, 2.6 F1 9.2 43 4.
242 1£ NWPU VHR-10 544 b XTI

R T AR SCRE A R, AR SR
DA HIAS 2.2 Ry SC R B, HA SR X R Y
Z% SCHER G th IR, . ST TS0, 78
NWPU VHR-10 %fi4 5 YOLOv3P FR-FPPZ,
Cascade R-CNN™!, RetinaNet!' "'l CenterNet!' "1 7
X, g5 4 R, nTLUE L, ASCEIER mAP
{HfxE, 55 87.4%, H. CenterNet #27 13.5 M@
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* 3 A FEELTE DIOR HiEE LM ERITLE %
Ak FFM4% AL mAP
C, C G C GC C C C C Cg Cy Co Cs Cy Cs Cys Cy Cys Co Cy
Ssp!'! VGG16  48.1 63.5 65.8 27.4 68.6 49.4 29.7 75.7 59.2 72.7 56.6 46.6 65.3 53.1 55.1 59.5 7.24 76.3 61.0 65.7 58.6
YOLOV3"P¥ DarkNet53 49.7 48.6 69.7 48.3 61.1 44.9 31.2 78.6 87.4 29.2 26.9 68.7 31.1 54.4 29.4 722 74.0 87.3 70.6 78.7 57.1
—— ResNet50  56.0 68.7 72.5 43.1 76.5 42.8 42.6 81.0 71.8 71.4 57.5 53.5 73.1 62.1 53.0 54.1 63.3 812 57.0 80.9 63.1
ResNetl01 57.2 75.6 72.5 43.1 76.8 46.4 44.8 80.7 71.8 74.5 60.0 53.8 76.0 62.3 59.5 54.0 63.3 81.1 68.3 81.2 65.1
— ResNet50  56.5 71.6 72.6 43.1 75.8 44.2 38.7 81.0 71.9 72.3 55.9 53.6 73.0 67.0 54.0 53.8 63.2 81.1 58.6 81.1 63.5
ResNetl01 57.4 763 72.5 43.0 75.9 46.5 40.2 80.9 71.8 76.6 60.4 53.7 76.0 62.5 62.3 53.9 63.2 81.0 683 81.0 652
PANG ResNet50  55.8 68.4 72.5 482 74.6 41.6 38.9 80.4 71.7 70.4 56.6 62.3 69.0 60.0 54.6 61.9 71.0 812 72.9 86.7 63.8
ResNetl01 56.9 72.1 72.3 47.2 73.4 453 43.6 80.5 71.7 72.0 61.4 62.0 72.0 66.7 57.0 60.2 70.6 80.9 70.4 84.5 66.1
RetinaNet“”ResNetSO 59.6 762 723 45.1 742 50.7 44.1 813 712 77.3 62.5 44.8 77.7 66.0 54.2 53.7 69.0 81.3 69.3 83.4 65.7
ResNet101 59.6 78.6 732 44.4 76.6 49.9 44.1 85.0 71.1 77.0 62.4 45.8 78.6 62.8 55.2 533 69.3 81.3 68.4 855 66.1
CenterNet[”]ResNetSO 45.0 39.1 69.2 47.5 48.7 24.5 36.3 88.1 71.0 422 36.8 61.6 23.6 63.3 42.8 78.3 76.2 88.9 63.1 79.6 56.3
ResNet101 50.9 65.8 72.6 48.5 63.2 359 41.0 89.0 71.2 542 45.3 61.9 53.5 69.7 51.6 71.3 77.1 89.2 68.6 79.5 63.0
ResNet50  51.6 65.5 72.5 56.8 65.8 38.8 40.9 88.5 71.0 60.5 512 70.9 642 75.8 49.1 80.8 79.1 89.9 68.4 855 66.4
X ResNet101 60.2 79.7 79.5 589 70.0 452 47.2 89.3 71.4 71.7 65.9 78.7 69.3 789 64.6 81.3 80.8 90.1 755 89.1 724
. HUAFOR ST B, T RIZLFRR 2175 R AA.
* 4 TREIEEE NWPU VHR-10 #1E 6 E448M 2 Rttt %
Bk F 4% LT — mAP
®HL O R ThEE MRkl WY BEk WY w0 mR EW
YOLOv3P? DarkNet50  89.5 81.8 87.3 89.3 84.0 90.2 93.6 88.1 57.0 82.7 84.4
FR-F&2 ResNet50 90.5 86.6 87.1 90.3 86.4 87.8 90.3 77.0 59.5 78.6 83.4
Cascade R-CNNP¥ ResNet50 90.9 88.4 88.8 90.3 87.5 90.4 95.8 83.0 62.3 79.6 85.7
RetinaNet!'!l ResNet50 92.7 82.1 89.9 89.6 80.8 84.9 94.4 76.7 57.7 76.9 82.6
CenterNet!'”! ResNet50 90.9 55.4 90.3 90.5 73.3 81.9 87.7 41.0 41.4 87.0 73.9
A ResNet50 909 903 903 8.9 903 904 8.4 85 632 899 874

T AR YRS RALIE, T RIZ3m S HT 5.

Oy, HCRPAERETE 1.7 AN E 435 AR RER 2851
K b AP {5, X . SR . ThEEX L H bR
ROBEB/ING B ARK SO B b, AP [ER IR L4,
S ETt 2.9, 1.9 F10.4 4 B 40 8, X Bk i ek
B 55 SR HEA (1R B ARSI A O AT AN IR 2 B 1Y
PEF;, I H X R 20 S L R H Aw
KA SR A 55, B AP (45T 1.4 F1 0.9
ANE .

ZiA FIRTE 2 B AE ISC IR g R, A
SCREEXT A . R AERESE YR RO B N AR
HEAR B B bR T LLSE B RS v R, XA £5 T
AMFF 55 S B kA 2 1 W 45 2 s 2 RO e
CCE NI ED) | S NS 1R U SN S Rl FEBT /N 310G
el RE T B R AKX 2 RO AR AL K B AR
I RIS IR AT, XS T AFE A 4728
T 6 B0 S R BUA [R) RUBE H ARRAE, 1] 3R45 A8 [H)

RUNIY IR SZ B, A5 5 T BB B il 75 5 A

Fh, R TR A S B AR IR S
25 HRMSCI®

=2, AR SCR R SRR ER . &
T R4 R ResNet50, JFHIEEE 2.2 FAYSLE 1
B, /rH7E DIOR #1 NWPU VHR-10 %45 4E Fikt7
RS, g5 R 5 MK 6 i, aLLAEH: (1)
AU A AMFF B8, 78 2 DR AE gk M 2%
1 mAP {55 4T 4.6 F1 6.4 AN E 43 55, A ROHE
BT R 2 N R ERE FARE 1, RE TR AF b
BRI AT S A R (2) {MUMA AFE £k
I, 76 2 MR F Y mAP {E43 S TE 2.0 Fi1 4.3
NEST A, R AFE BORBEARCINRRE; (3)
¥ AMFF 5 AFE BiR45 5, 78 2 M LR
R ML) mAP (EHIRTH R, BIF T A XE LA
ks (4) 24 AMFF AR T A 385 0 il 0 5 g
12 MRS B mAP [HEA T, Bk THEZL
FRUBE Rl B 5 AR 2 2] S 800 A sk
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#5 7 DIOR#iEE LIHRISIINEER

Bk AMFF AFE mAP/%
L 56.3
HLE+AMFF N 60.9
HZE+AFE R 58.3
AR y \ 65.4
AL y \ 66.4

T, NP FIR I 45 OIS * RN AR G ATT 2

%= 6 7E NWPU VHR-10 #32 & il St 4 R

GRS AMFF AFE mAP/%
Lk 73.9
FLZk+AMFF v 80.3
FZ+AFE J 78.2
AR 3 * «/ J 86.8
A3 N y 87.4

T, N FOR IR R 45 P AR * RN R SR 2
2.

26 THEEZEMEERE T

R T VAR A SCRE TR, FE DIOR i
NWPU VHR-10 #4#4E |5 YOLOv3"), FR-FP?,
RetinaNet!'"! LA & CenterNet!" ! X} [t 7% &5 % iz &
(floating-point operations, FLOP) M B . 1154
FLOP i, 7 2 B 4 00w A R /N
(800,800), ZE5ungk 7 . AILLE H, ARSCH L
B HE T B = T FR-F; FLOP KT CenterNet, {HAf;
TRPWEAMR L, X2H TACHE LS AMFF

b. A c. CenterNet!'”!
Kl 6 7F DIOR Euda4E A 25 5% Lk

M AFE BEHRGIA T BN 2 5, e
ARFRT).

#z7 HESEREMMHEIRREXLL

) DIOR NWPU VHR-10
B T Or MEEWs Y  FLOP ML)
YOLOvV3®!  121.4G 355 121.3G 38.4
FR-FP2 134.5G 18.6 134.4G 21.3
RetinaNet!'!  130.3G 28.6 133.1G 28.9
CenterNet!'"”!  63.5G 32.1 63.4G 34.8
EN'S 102.7G 22.9 102.6G 23.8

2.7 &M RBG

RS CenterNet, RetinaNet i1 FR-F 4351
£ DIOR 1 NWPU VHR-10 ${t4fs 4 r (4670 5 57 4
K6 A& 7 Fi~. WTLUEH, 5 CenterNet ML, A<
SCERAE B A E S /N B AR AT SR AR LR
1 B AR b ASCR A I, SHAW AR AR L, A
SCRE /N B A e R AR B s, I H 7R ]
— i G R 22 R K AR B, g e
HERf o E A B AR,

MEL 8 R 9 AT LU H, TEAR IR HERE G b
4 [l — A 28 RUBE 25 S 3 R A HAR (AN Rl L fih B 0
MR L, AR SR A 6% 52 B =6 B A
T, e X [] — R A5 b 28 (Rl i RUBE 22 K
B4 40 R R 57, 0 () B 7 2 7 38 9 R 4 1 1
s JUHAE ML . F M A RE 55 NRE 35 /NN A HE
A ) B FRAS I AR 2

d. RetinaNet!'!!
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a. FR%s b. A c. CenterNet!!”! d. RetinaNet!'! e. FR-F*

7 7 NWPU VHR-10 B4 b #6455 5t L

d. SLATHF RN

e. &ML f. "Ry MKy g A RMRS X h. E/RFERG
Kl 8 ASCHEETE DIOR 4G4 B AG I <245

a. Mk b. fHEEREE AT

e. ZEMH f. HifkEsky g RN h. HE
B9 ZASCEELE NWPU VHR-10 SR 4 #6052 46
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AR R AR L R B, 5 B0E R H bR £
JRUBE Tt /N A LG 00 (4 ) B, AR S H —F
%?Amwﬁ&ﬂmmﬁﬂmﬁﬁﬁ I H
BRI 575 AMFF #5580 20 il A 35 9 45 $ B
(22 RO, F RS R, Bom T R4t 2 R
JERFIE (0 23K BE 71; AFE REB (i 2 3 5 A0 S 41
W$ﬁﬁ¢ﬁﬁ%%ﬁ I8 3 IR A v T i
TR RIME RS AR MU R (S B, L4 R R,
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