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SSD with Parallel Additional Feature Extraction Network for
Ground Small Target Detection

LI Bao-qi, HE Yu-yao,QIANG Wei,HE Ling-jiao
(School of Marine Science and Technology , Northwestern Polytechnical University ,Xi’ an ,Shaanxt 710072, China)

Abstract: Aiming at the problems of small target information loss caused by stride operation and large redundancy a-
mong multi-scale feature maps generated by serial structure in original additional feature extraction network ( OAFEN) of
SSD, a depthwise separable dilated convolution (DSDC) with small computation and large field of receptivity is proposed;
then a parallel additional feature extraction network (PAFEN) with three independent subnetworks is designed by using five
DSDCs. In upper subnetwork of PAFEN ,two DSDCs are used to extract 19 * 19 and 3 * 3 feature maps. In intermediate sub-
network of PAFEN ,one DSDC is used to extract 10 * 10 feature maps. In lower subnetwork of PAFEN, two DSDCs are used
to extract 5 x5 and 1 * 1 feature maps. The experimental results show that within the framework of SSD,PAFEN is superior
to OAFEN in terms of mAP and detection time,and is suitable for ground small target detection tasks.

Key words: target detection; SSD; depthwise separable convolution;dilated convolution ;depthwise separable dilated
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ter-RCNN F1 SSD) Fl & #5515 (FFSSD F1 DSSD) 14:fg I
225 it — 28 3 BT T I 4% 1) 500 2 T 238 1
Hhnfaf 520 PAFEN FPEBE. A SCHb TN H Are 045 7
MPSSD [ 3 fiili % 2% 24 MobileNet, 4§ fiE 4 H % 2% 2y
PAFEN. PAFEN F 355 /0 sz B R i) TR B2 7T 53 1%
23 ) A LA TT 2H S B R A 5 I 28 BE T B3k stride #
Y3t R /N HARE B 2 19 [ 8. PAFEN R H] =
AT )T R854, BB AN convd A B = 2H RUEE it
SEPRHIE L 30 22 ROBEFRRAE I Z 1R B TR B, 3 v B
T (0 K B A I JE - 190 2% 1) 5508 B 22 B A, 3] 4
PAFEN-5 {1 £ ¥ & Ik T PAFEN-3. £ PAFEN-5 A7,
conv4 (38 *38) B 34 il conv8_2(3 # 3) B conv9d_2 (1
1), B TP - 0 45 RUBE 22 [) 325 3 450 K (38-3 il 38-
1), fE—ERE L2 conv8_2(3 % 3) Fl conv9_2(1
1) IS ROBERFAE 1Y B . [R) i), PAFEN-5 JH 7>k
SE IR W48 A TS RUBE A AR AIE T, AR A0E 1 22 () i)
SEPERE A E ARG I B2 A B 32 5 A e, {H 3 T ST
FROEZ 520 KR H AR 09 7. Ktk , PAFEN 575 223 s
AU P 1) Jo i AR AE ] 1) 22 R 2. PAFEN {if F convex %8
T 22 MG AR T ey R IORG B, =55 I, DO s ) 32
FWE T PAFEN Y48 RS B2 359 5 T OAFEN. 7E convex 3K
W, AT G 0 28 ) G R AE 2 A T A/ a5 T AR g

M convd HFFEELE Z {5 B, B958 convd_2 Fll convd_2
PR RUBEFRAIE P P o o, 3 17 4 v A 7R Py DU 2

Faster-RCNN F1 SSD & 28 it H A5 A I 55 2 1 ALK
Faster-RCN ] 55 T H A5 k5 JOKG B2, 1 SSD il & F H b5
For 0 B, AL 1 A5 SRR IR T IX — WA MOSSD H]
MobileNet 24 Eehiti (X 28 VGG-16 ik — 232 & SSD /Y
o0 B2 % T A SCY) SGT-DET %5454 , MOSSD [, SSD
R DR BEAR 3. 5% , K BE T B 4 Wkl B 30 2 L AR, ixX
(1] 422 2 W] MobileNet V52 /1N H A A6 D0 452 7Y i) Al 1og 26
M AFTE B 1 23 (8] FESSD 1 DSSD J& 415t /Iy H AR A
AR 55 46 H A AR . FFSSD G 3 5 A conv5_3 B9 & ;
DSSD i 1o fill 5 R AE B2 ) 45 S 45 TRV AR S B RRAE. B
#& FFSSD il DSSD 7£—E F2 B b 4E T+ 17 /N H A5 A i (1)
KGR AHENES I 7oA. XTI AL R 28 H A A
RS ME L B 1 A RS B2 225K A, AR 592 I A6 )
ST E B FE AR MPSSD 15 Jl b 5 2 B
S RRTEE T BT 1 L TE /) H R A DU

4 it

Mot/ FARKIAT 55 F AT B 22 00 BLE BIF 58 M 92 P
LB 75 SSD A IR IIHE S A, A SR I T —Fhf:
17 B INFFAESE IR 25 PAFEN. PAFEN 4 8% % 71 SSD X}
AT /I B AG DN RS 2 R 8 BE , 5 22 FRAE 23 B Ry 52
BAEW] T PAFEN (A 2.

Xt FHET SSD (g M i /N H BRI AT 55, Bk A
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W92 25K A1 default box AF Ji 5K W [ FF BE 42 T SSD A5 !
HtERE. T — 2 MR E S (1) BF5EE A /0 Hir
FRIESEHUA LA M 45 5 (2) BF9E3E & i 3K/ B AR R AR 1Y)
default box A= {5 M.
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