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The Target Detection Method of Aerial Photography Images with Improved SSD
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Abstract: In recent years, the rapid development of UAV (Unmanned Aerial Vehicle) technology makes UAV ground target detection
technology become an important research direction in the field of computer vision. UAV has a wide range of applications in military
investigation, traffic control, and other scenarios. Nevertheless, the UAV images have many problems such as low target resolution, scale
changes, environmental changes, multi-target interference, and complex background environment. Aiming at the above difficulties,
derived from the original SSD target detection algorithm, this study uses a residual network with better characterization ability to replace
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the basic network and a residual learning to reduce the network training difficulty and improve the target detection accuracy. By
introducing a hopping connection mechanism, the redundancy of the extracted features is reduced, and the problem of performance
degradation after the increase of the number of layers is solved. The effectiveness of the algorithm is verified through experimental
comparison. Aiming at the problem of target repeated detection and small sample missing detection of the original SSD target detection
algorithm, this study proposes an aerial target detection algorithm based on feature information fusion. By integrating information with
different feature layers, this algorithm effectively makes up for the difference between low-level visual features and high-level semantic
features in neural networks. Results show that the algorithm has sound performance in both detection accuracy and real-time performance.
Key words: deep learning; unmanned aerial vehicle; deep residual network; feature fusion
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Fig.7 SSD extra feature layer
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4.1 ZRERIRE

L 5 AN EIHT T 23 201K FCN 9 2% 281i) FON 90 2% £ S iR 4T 35 AP T 107 3t A GO o 4 /s PR 5 R~k
8K 57 T Y R ) B 1, R B b AR S ST AR N [ TR 3R AT T RE 186 O 1 i 4 P RS R AT 45 SR ) AR £ PR
JUSH i/ 38 IR R v b A J2 4 38 B R 500 o0 4% R TR 0 2 G R A b A J2, v )2 I i RS AR/ R 2 AR
I 32 BT 3 B AR AR G 5 /N, B /D BEAR  3E AARE i B 78 22 AN 3] 4 e A I n SR bk )2, UG IS (145 R R AE
S B WA R (KRS B T LAIRATT SR F 2T 25 AR 77 15 (dilated. convolution)PE1sfe i e i — 1) 5, 2 ¥ 35 AR 7
AFIAZ BT NI R T 2582 10 B2 B3 FEL.SSD 45 M 1 ok s A6 T i /b BB 4 JR 43 R, R P 22 0 2
ATHRFAE I SRAE 0T LA S /IS RS IUDRS 5 AR v 11 1) 7.

8(a) B AE K/ 3x3. Prak(dilation) 1 F =T 26 AR ER 1, 148 1 455 W) T B AR 4, 33 0 a5 R IX 2k
TSR 52 B Y L P 8(0) 2 B UL K/ R 3x3y IR 2 AT AR A BT — AN 77 R X I8 E R AT 9
AR 3x3 K/ B R AE T B AU, LR s BUE R 0. BUARZER AR I BUZ K/ AT 3x3,/H 5 ] 8(a)
H B K SZ BT YRR T 7x7 AT AR B R 2 KN

Faitation=[2121002)#2_1 ] [p(dilation2)+2_1] (10)
e P aRAE R Y AT A5 ARAZ R AN TS 0 242 B 8(0) T IR 2, Faitation=7%7.

(a) #okfEN 1 (b) kA 2
Fig.8 Dilated convolution operation
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Fig.9 Extra feature layer after dilated convolution
9 AE AR L5 IR IE =

Comd 3 Di

42 REFRIRIE
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SR e 2 v B AT AR AR AE 1 VT 55 B 10(a) 2 AN RSO 5x5. BB RS K/ R 3x3. Kb 20 ITRN 1 INE
LT B Ik R A RSE 28 3% 3. e A5 B VR NI A I, e T LA AR 4 114 =5 3 5 0L Pt 555l v 48 1) 3, K] SSD 199 4% 45 44
Hh i 2 (G 7 1) (R R A P35 AT 3 10 T8 SURFAE, 3T AT I AT I 36 R 45 E e S BTG )2 9 8% o, R 1 580 45
FUZ ML AERE S . B 10(b) A 26 R4 AR B o6t B 19 B A6 B B, e N ST A 3348 45 2 (WREAIE SR T 2 [R) HEAT 0 i

Faecon=[s(i—1)+k-2p]x[s(i—1)+k-2p] (11)
s ABFLK AN IIRIE RN K O IERAE KN p o 7 (E. 1w 10(b)+ i K 3,5 4 1,k 2 3,p 4 0,
W Fgecon=5%5.

(a) EMREEA (b) RAEGBIRAE

Fig.10 Convolution and deconvolution operation
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Fig.11 Extra feature layer after deconvolution
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JRUBE A TRIAE, 36 /8 o A 00 280 SR 22 A SC 4 ) CI-SSD M 4% 4 K E SSD H AR I S92 (i S iy b 3647 1 e adt,
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L J2.CI-SSD Fu 4> FIH T A IR 2 2 18] B AH TG 22, F 28 T A6 FR B AR KA J2 (0 AR 410 P81 R s J2 1 AR AT P&
Ak 3 i 0 2 T 4 (14 2 B 9 L A R TR B A 5] B 2 (W 2 R R R RO R RN = )2 R BRI S 1)
TR R A, A B TSR AR JZ AT /N AR BA I, 38 5 T A8 (1015 SR AE R 7 X e 2 )7 A48 CI-SSD M 4%
AL A R E 2 G HBR 0 AS [)RUE 5 A P S8 A 2 (132 A RE ).
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Fig.12 CI-SSD object detection network
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Fig.13 Multi-layer fusion of conv7_ci layer
13 conv7_ci EHIZ)ZHE
Al conva_3 ZHT conv8_2 JZIMAFIE B R ~F 55 conv7 JZAH A, AT 1% conva_3 JZREAT N SR AE 25 T 45 BB,
XF conv8_2 JEBEAT FRAE [ B FRERAE AR G A8 3x3 AS B2 2% 2] Bl G FFAIE. X VG G-16 Hefiti M 4% IR FHAIE J2 5
1R 2 B o A0 AT 25 R R, AR A S R AN BT LU N BN JZ (batch normalization layer) 34T I3 — 4k b 38,3 4
FEAE B LE A 2 BT REAT S 454 55 i AT T Ix 1 (WG B AT B 4 35, A B 4 TR AE R 2
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5 RWRBERS

55 5.1 A G U IS AT BRI R S TR VA AR A 56 5.2 75 b M TR 22 R4 IR 1 FLBRR I 7% R-SSD (o
PS5 ;565 5.3 749 0 S TR AR R A LT L ARR I SE 34 CI1-SSD X LE 536
5.1 RIIEREEITFMIEER

S RIEAT IR EE WA 1.

Table 1 Runtime environment of this experiment
F 1 RISATHE

gl B & AT
F i S 7Y & 2 H fing
cPU Intel(R) Core(TM) i7-6700
TR S GeForce GTX 1080
M AT 8G
BERSR 64 {7 Windows 7 HEfR i
RIS S HESE Caffe
CUDA Jig A CUDA 8.0
CcuDNN it A< cuDNN 5.1
BT Visual Studio 2013
N Python 2.7.12

AT ISR VAL PR AR A 1 Pk :mAP BORS B2 . 3 IR RSP (X 3 #8452 A

o KERE P(precision) B IEA A, )iz I AR 5 SR 2R AU I 10 2 ik [0 4 L vp AR D200 b A aR 1] 46 2R
(17 A5, 52 SO TE A 2 =302 [P 45 3R b A OG0 (1 K H/Z 3R [ 25 R 0 H

o LIEMFR AL A M Recall, 44 [ 45 & 7] 45 5 A5G S50 o 2 BAH OGS i L9, 5 ok
[ e =3 A & SR AR 5G2R0 O B HZ8 AR DGR i 8 H

o HIIEAERA A P ATR A — I 1 AP HIZE, #05 Br A7 2K (10 AP -T2 4E, B R SR A3 mAP:

zN: P(k)4r(k)

mAP=kL (12)
m

o N AR R IR S R K P(K) 2 7 TR K R AR PR K J3E A, Ar (K) 2% < U3 PR M k=1 254631 K I Recall
A (K28 Fh A m Sk T A T 1 1 2 5

A SC T P AR S 36 K oK 1 UAVL23(E0 4547 AFIZE 3% 13.7G) Y VEDAI(L 270 # [45) A% /8 36 54 45 A0
K M2100 T N HLAE 3429 55 K 2700 3801 BRS04 358 1) B0 45 50408 (L 600 o), F5 B03 40 9 E . BZE. M. KL,
AT NG5 AL INGREAR W 14 Fros, Fodr I REA S 19 256 KR A 3 000 #4.

(8) AILHHAE (b) EAHLE

Fig.14 Training image sample

14 IR GBI
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WS HpE Wk 2.
Table 2 Training parameter setting
*2 ASHE

SRR E
base_Ir 0.0001
max_iter 60000
Ir_policy “step”
gamma 0.1
momentum 0.9
weight_decay 0.0005
image_size 300300
type “SGD”

5.2 ETiREMLLRIMAIA B RN S

(L) 7P ) 23 R 4 52
HI AL 00 2% 2 S SR REAT R AL B2 B, FH 7 A2 1) H AR AR AIE A 338 80 I 5 (0 26 AR v R AT BB I R B A4
B EFR LN J3 HeAe AR ) L, 3 DR s 4y SSD SVL T B I 2% VGG-16 54t Resnet50, %1 it A B R 3£ 4T
UL b A 18 R 4 HUZ BOR AR w R AR B HURE ). M 4% VGG-16 A1 Resnet50 1)L 4 45 kg W3 3,3,
FEA B TT P B b 228 % (R AL 42 RO 006 I R A L RS
Table 3 Pre-network parameter comparison table

F#z 3 WEMESHNE

e VGG-16 Resnet50
LIPNSEC NG 300300 224x224
1R conv2_x,56x56
92 GRHE )R Conv4_3,38x38  conv3_x,28x28
53 WHHEE Conv7,19x19  conv4_x,14x14
54 YFRIE)E Conv8_2,10x10  conv5_x,7x7
5 5 WAHL)Z Conv9_2,5x5 conv7_x,4x4
6 JHEE Conv10_2,3x3 conv8_x,2x2
57 YFRIE)E Convil 2,1x1 conv9_x,1x1

Ao T AE A 5L 8732 14 637

il 15 B, i Resnet50 W 4% (IR TY 5 i df SSD Sk Lk HAG S i 10 mAP i, UEAE R 4. WU
FE AL RS BT LA )

A AR B R e o b

AP(%)

Fig.15 Comparison of detection accuracy of different models
P15 AN [ SR f A 00 7 1 % 0 L
K A4 Gl T AL AR AL P 45 (VG G-16 1 Resnet50) i W Ff 57 6 JE A ML B2 B iy H bRl &5 5L, 3
B 5 ORI 3 000 M &% 48 JT] Resnet50 41 A il . k) 45 f¥] R-SSD #5 R 1F 1 85.2% K] mAP. ML 7Y
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TR WIS R AR I (G "KL R 7258 ) A 6 v PR YA 23 70 IR0 L — 2800 F R-SSD #ZM A | T f & 1F) mAP
{8,741 88.6%, =T SSD AL [1) 86.4%, #1251 T 2.2%.1X /& Ky Resnet50 W4 4% 2 58 v S5 AiF 45 HX B 7 B 5 Ao R4 2R
B 6 AT NI — 2, AR (0 R IR AS R AR PR JE AL R #8R 19AT N B AR BN, R AETE AR AR TR AE
OE IS
Table 4 R-SSD object detection results
4 R-SSD Hbwkerilsh
BUR JERER% mAP(%) V%) RE%) M%) kHL(%)  TTA%)
SSD VGG-16 84.2 85.9 86.1 82.4 86.4 80.2
R-SSD Resnet50 85.2 86.6 87.6 82.5 88.6 80.7
(2) BIMES KL
BRUMIE 1) 2 500 L B 4 50 W A5 A5 2 A 3 AN () RORE L s PR ARG 0 g, R DA HE R 5 LU v 1) 90 A B 2 52 H AR 1Y)
FSE W HEGf 2821 v 3 AT A B v I T % U B A7 R (RS RS 88 0 A I B AR T2 v AR AR R 4 B AR
[PZRAE2E 2T B S AR A T DUARAS R R B 56 B 1 R UOHE 6 A5 78 (1 3% i, AR SC e ok 7 30 32 3
WIE 16 o, 554 b5 A Al () BROAAERS 56 Lh (45 50 0, r=[1/2,1, 2] R Fe 7~ % 24 i N SR FH 1 BRA
HEE (VI8 58 LG43 50 0 1/2,1, 200 18] 17 ez, SEERAE S H b 1) 2L S5 AR BRATE, 1 206 A 4 206 B 11 BRUAAE 11 Y6 ). IFl R-SSD
FBAEFT 7 7 N RUEAE R 5 28 H ARG W45 (4N T AL 16 1) 4 4880 i AREE T M aris U G A =
A AN TR BRUHE I AN 28, o b R [BxT 1R 7 A2 h BRIAAE (AN B8 0 3, B BRI HE R 58 Lb o A1 hy
[1/2,1,2]. 24 BRIAAEA$0 n AUERAMERT 58 b2 A r IRAE 4 ([3,5%6],[1/3,1/2,1,2,3]) 1 ([5x7],[1/3,1/2,1,2,3]) i} mAP
75 v, A 28 53l 08y 85.2%F1 85.4%.1H K FH [5x 7] 3 AT I BE 8 5 [3,5x614H LU 7 AR V145 6 272 AN A, 3 38
TSR L EE AR REEN UL R T 0.29%, 13 AN 2R R 1k, AR SO B I BRIAME S 51K 5.

7 ER 8 5 b A 3 L

Fig.16 Comparison of detection accuracy of Fig.17 Sample of default boxes aspect ratio
different default boxes aspect ratio
K116 AN [FJERIAMER B EL AR U AR 00 EL K17 BROHERS 58 LAY 1)

Table 5 Model detection results
5 BUMER s KR v Ltk
BRZ BRUEANS BRUEREELL  BRUGE RS

conv2_x 3 [1/2,1,2] 56x56
conv3_x 5 [1/3,1/2,1,2,3] 28x28
conv4_x 5 [1/3,1/2,1,2,3] 14x14
conv5_x 5 [1/3,1/2,1,2,3] 7x7
conv7_x 5 [1/3,1/2,1,2,3] 4x4
conv8_x 5 [1/3,1/2,1,2,3] 2x2
conv9_x 5 [1/3,1/2,1,2,3] 1x1
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(3) LrertEaEX L
N T R VRS (KA D 8 ), AR SCHS R-SSD A 55 SIFT+SVM F1 Faster R-CNN 45 H i 4 it A7 (¥ 46 il
ST X G A5 2 ) 45 R LK 6.
Table 6 Accuracy comparison of different methods

F 6 AIFTTIARIAERF N E

i1k SEnfi L% BURBOR MR (%) BRI RUER (%)  FPS(GTX 1080)
SIFT+SVM 1698 )5 1% 61.9 62.4 40
Faster R-CNNE®)  VGGNet 73.9 76.1 6
sspl’ VGG-16 79.3 84.2 46
R-SSD Resnet50 82.5 85.2 11

MF 6 T LU HY A SCOCE 0 5 G Ve A i K S (R A T 0 30 i) a2 1 399 i ey el A AR T 5
f BRI, S0 A T 82.5% A1 85.2% ) HE M 5 MEM A< L AL 2805 i (A 30 A 11 4 sl AHL 783 P2 T i,
R-SSD ¥ 17 SSD Ak ¢ 7 i B R, X 1 T R-SSD 4 T $ Ry RF AL S HXRE 7o, 389 0 17 45 A 41 W23 88 At 1 500
M. 18 Jy R-SSD SLVA K 73 S 46 Ak V&1, P o K0 R HE M DA A5 2R T (¥ 1 s e Joy O B8 PR A 25 DA T 14

ESHIPSEAX N

Fig.18 Detection result of R-SSD algorithm
K 18 R-SSD Hikfa il 45 R K
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Fig.19 Error detection result of R-SSD algorithm
Kl 19 R-SSD S uiAn 4 R K
5.3 E-THHERLE BT B AR S21s
(1) H ARSI N 5256
C1-SSD SV 1 & 5 A W 45 A 4 Pl 20 7, 5 AL Ge 1) SSD SVEAH LE,C1-SSD - H A Ay I S5V A5 2 AN 231 (¥ K
DK 2 847 7 DR BE RS T, v AT NS00 KA R B2 T d oA W S, B2 v T 6963 72 (K1 04 C1-SSD o4 2% 45 4 i

A T S REAE ) (R T SAR RN S R AE o) (1 67 B R A 5 IR A A5 A8 R R 3 D A G DUKS FE T 1T 42 R %
AT A/ F RS DR AT S 50 )3 I
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Fig.20 Comparison of detection accuracy of different models

B 20 ASTRIASERY FAy o 00 1 50 B

R 70T SSD Fl CI-SSD MR VEAE TS AN A I 4L 1 19 B A I 45 S AL CI1-SSD B kil 514 11
HER 3R IL ) T 87.8%, 5% SSD H ik i T 3.6%,%: _E—35 (1) R-SSD Hikg i T 2.6%.
Table 7 SSD and CI-SSD object detection results
37 SSD M CI-SSD H ARkl 45 5
B FEahEE  mAP(%) V%) REM®) M%) kHL(%) AT A(%)

SSD VGG-16 84.2 85.9 86.1 82.4 86.4 80.2
CI-SSD  VGG-16 87.8 88.1 88.7 87.1 88.9 86.2

(2) HHER A R
S E A SCHF A 10 A, B T B JLALRY L 55

e %5 141% SSD-Diconv:7i CI-SSD [# 4% 4 ki it HEth |- 3230 1 0 b TR 5 RO 1 P8 20 45 L SRR
1, I 45 K PR 9 9 %

o i 2 4% SSD-Deconv:{E CI-SSD ¥ 45 &5 4 i fith b 25 i X I A5 AL T SR AR B AR A0 [ A AR E R
A, 2R S Rt 11 T

o i 3 4124 SSD-Pooling:7E CI-SSD W 45 25 4 i e fith b 24t S 5 AR FRAEFI A T AS AL 1 SRAF 454, H it
P JEBEATRFAE R RFEER AT

M3t J5 (1) CI-SSD %355 SSD-Diconv,SSD-Deconv,SSD-Pooling 45 $%} bt i 21 fioR.

SRR A A R
“': 3\\35\:1\;\% i
e N
NN\
- NN =

 BE-ioy  11SED-0emny  —ES-Polling WCHEED

Fig.21 Comparison of experimental results
21 SER AR

t & 21 7T LLFE H,SSD-Diconv,SSD-Deconv 1 SSD-Pooling 76K il ks & 77 1 2 BLIA4L T SSD, Hih,SSD-
Deconv F HLt5 k075,12 B 87% [ HERG 33X 0 55 2 (1038 SORVIR JZ 10120 G S0 F A% £ S 350 B 412 o A 70 (0 4 0 K
Ji£. 3L, SSD-Deconv A% i i T+ SSD-Pooling, i3 B A SCR FH 1 75 1 25 R A 55 b A0 4 A AT L 70 R AT R AE Rl 25 T
TRAT T 56 22 1 G L S 56 &5 L 38 W AR SCHR 1) TR AE jl 2 (411 F RS A DU B30 CI-SSD M ifl 26 Jse e, A
87.8%.
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(3) L EREXT LL
N T VFAG CI-SSD Bk 254 1 g, A7 C1-SSD 5 SSD,R-SSD HEAT %t Lb 52 56, 45 L W38 8. A S ek (¥ 75
PTG AL R A B O AR 1Y s B AR L ARMRAS T B RO RS DIDORS BE, 230 - 84.1% 11 87.8%. £t 14 &2 Uy I, K]
it SEREAT AN R R AL 2 (K45 Bl 8 FEWE AT 1 B HL R T R-SSD B39 10 Ak 23 R A2 S I P (1 25K
Table 8 Comprehensive comparison of different methods
F8 AFINEMLEG X
Jrik RN RIS R %) BRI (%)  FPS(GTX 1080)

SSD VGG-16 79.3 84.2 46
R-SSD  Resnet50 82.5 85.2 11
CI-SSD  VGG-16 84.1 87.8 39

Bl 22 Dy 8 23 S 56 A P 00 X i S 5 AR T, P e 0 TR A DA A 2R T () L A o7 8 S T ME B T
D0 50N 53R, AN [R] B I HE B AR R AN TR H b 2,

(c) FA AL+ H R KA IE

Fig.22 Comparison of detection result between R-SSD and CI-SSD
[ 22 R-SSD Al CI-SSD i Il 45 5L xt Lt
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(d) /NH BRI IE

Fig.22 Comparison of detection result between R-SSD and CI-SSD (Continued)
K122 R-SSD 1 CI-SSD [FJA6: Ml & S xf b (48)

22(a) " ,R-SSD 15 K b s g A I 42, C1-SSD & IE T 1% — i b 75 Bl 22(b) B4 R 421X — H #%,R-SSD
B AN R4 M4 LT EERI, M CI-SSD ¥ H L% 2.1 22(d),R-SSD e T -5 /N4, CI-SSD
TR A 7. 54548 SSD H AR K I ELVEAH LL, CI-SSD A3 WIS 85 58 v, JU I AE /N B bn ik ) b 58
AP FA S50 45 2 W AR SC SO IR S R s T R AL G R B A 0 1 A

6 & 4

FEXRTTEANLH SRR 2 BEARAT, 2R AN HARIRY . RN DR ARG BEAG T ) L, A SCAE SSD Bk
() 5 il Y SR AL R 1y S 9 1K) ke 2 X 4 G0 A e o o 46 PR R e, D 7k 2 2 0 ARG ) 0 1) R A 2, B vt I s 00 R
JEE 551N 6 R 12 WL 1 ok A B2 DR (R0 0 A% 0 e J2 808 o b L 0 P RE AR 0 2L, 5 | N AN [R) 20 R (1 i 5
L], 000 45 55 ) P AR 2 RL S 5 AR 5 o J2 0 SURFE AT HLML &5 & AE i VL I HEI A< I8 3] T 87.8%, %L SSD Hi%
P T 3.6%. S U 45 AW IR FIAL B R AL R 15 RE % B vy ARG DI PR RS FSE, 9 A S I A S5 8 o o 46 2 I A
TR BLRESE o H RS AGL DN AR H 52, (EL 2 T S50 (R 8 hn = S i 1 A e D) S NP R g R Ak k4 45, 118
A R A R E, LAY — D4R v e DU KR FSE R I IR (i 28 T8 AN HTUAZ 0 B PR B I3 .
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