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Abstract

Aiming at the problem of insufficient correlation of feature map extracted by deep convolutional
network in object detection algorithm, an improved SSD object detection algorithm based on Re-
ceptive Field Block and Coordinate Attention is proposed. The deep feature extraction network
ResNet50 is used as the backbone network, and a coordinate attention module is added to the
convolutional layer structure to capture the information of direction and location awareness. In
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order to make full use of the association information between different feature maps, deconvolu-
tion and upsampling are used in feature extraction and prediction to integrate low-level location
features and high-level semantic information. At the same time, the RFB module of multi-scale
convolution kernel and hole convolution is introduced in the network structure to improve the
feature extraction ability of the network by improving the receptive field. Experiments show that
the mAP of the algorithm on the PASCAL VOC 2007 dataset is 78.08%, which is significantly im-
proved compared with the traditional SSD algorithm.
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1. 53|

H AR MR T E SN A I — TR ARAT S, R T E LA U i FE A 2 —, TER NS,
REMATUR 4% . AERS IS 7 A T T2 N o Bl B TR 2 ) BRI v it i 5k e, R
ST B T DA 43 P 24 s i 008348 X3 XU B s 0 v R T [ )3 40 A PR P B B A B0
[1], i 58 — R B BOK & 2k [X 35 (region proposal), &5 — B Bl ik XN 70 2K g, AT 9028
SENATSS, IZREARMRS B SRR B2 [2], EEHIEA: R-CNN [3]RFIA SPPNet 55 J53& HHHAT
g Bk, A2 R H BRI IMER A BAS S, RIE RS 7 SRR AR, SRR s R A
T, (HERRERUK[4], FEHIEA: SSD [5]F1 YOLO [6] R FI%.

SSD BiEX /N HERGMPEREAE, FEFEFA: FHEERED, EAFEAN P, BIREATE LKL
HENEGTEHMESE[T] [8]. EEXFELEAE, TN R R 2 0% . DSSD [9]4 %k JZ FFAE IR AR RE F1 A
i, FIANREREEE, i RERZ SR R 5 R EREE RS, RaFH BT UEE.
M2Det [101%F %4540 FPN 4% AFAEE 5T B AR T S AR BRHE R B SR EE R, =BT
ZMFHIE SIS, M2 E 2 ERMNRHEE 73 . STDN [11]5] N BT M 4% DenseNet [12] 401 & #4
)2 (Scale-transfer layer), it reshape bR 0K 8 18 £ 4% A0 A ARFAE P 1 5 A s A8 A7 R ORBE TR AIE P, A
K> T EVEMSHE AT E R SCER[L3E 05 Gu 28 LA [3] VA R0 22 S USO8 B0, #2660 A
PRESAZ IR LR, BRACEIER S, vk B RIS 1 O .

ARICHET AL SSD FVERIA L, Wit 1 —Fhdk T RS2 By B 5 AL brvE & LI st SSDH b
RrIN L . TERT 2 BOR TRIRHE S W RFB BEE, RS2 57 . JH7E ResNet50 W45 1 5] NALFRYE
BN, AGRBCRENE R, EFR T AR EGEE, AR A p e 2. s
gE, St S SSD B AS IR FE A B B AR T

2. A3iER
2.1. MK

TR B R 5 ARARIE R G SSD HARKE N SRS At 1] 1 P o W48 SR Ve v R FY
F R RAE £ T 2% P B AIRRHES B 41%, R ResNet50 [14] 45 ARIESR B BT 4%, HIk%E
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Figure 1. SSD object detection algorithm based on RFB and attention mechanism
1. &F RFB 5 E/1#HI8 SSD BRI E %

2.2. BIREEDER

ARBRIE IR [16100 1] 2 FToR o N T SRl 4 4 R AL S B AL B S BA0R, ARARTE R 7Kg v
=W R O o R 2 B (1567 L O 1Y B it o L1 W N TR o 1 = 0 L 2 £ ol |11 L v [
N0 A B TR EE

AR, SNFREEN X, KAV Cx H xW FIBRER, HEMsih H W, &N ¢ 4
WA 2 (h)

2 (n) = X % () M
ot x, (i) M3 1 APREE L6
B w5 ¢ BRI 2 (w) A:
2 (W)= 2o (1w @

b x, (J,w) AE j FIRFIE [ & .
I IR AT DASRAS 4 R B A B D . PHER AN S RS, B 1 x 1 BRERET LS
B2 1AlME B it g il 5 1 b AR AE B F s

F =5(F1([z“,zw])) ©))

DOI: 10.12677/sea.2023.125067 699 B TR R


https://doi.org/10.12677/sea.2023.125067

TH

Arb 2" NPTE RN h FERE R 2 ONFTE S wREE f [z“,zw] NRFAIE B TE 2 BRI 7K
AT BRI BN BRRE: o NARGRMERIE R L.

RIGH F U)o 2 Ao sk, Ha R 1 x 1 B4 s X A [ il iE %, & )5 7)1 Sigmoid
BOE RS BE R JIRCE g flgv

FNFRIE B X 56 ¢ il ﬁim&iﬂi FEIE N § IRRAE %, (i, ) St A 0B E v, (i, §) -

Ye (i, 1) =% (i, 1) 0c (i)' (i) @

A o (i) FonH o @il Em A | R/KCHERIBE, o) () Fn5 o il LN j IKCFERT
BUEE

BINSFHIE Cx1xW - CxlaW o
X Avg Pool —> % g o I__| ro—
% ) % Split
> Y Avg Pool —>| § @ Conv2d H Sigmoid
CxHxW CxHx1 o Lx(W-H) CxHx1 CxHxW

Figure 2. Coordinate attention module
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Figure 3. RFB module
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3. RS54
3.1. BIBEFITMNI5HR

B AR . AR AFF B PASCAL VOC 2007 + 2012 347525, %5038 4 a4t 20 Fpo 2550,
PEIRSEEG A RN 8EEE, & JF 7 VOC 2007 12012 (IIlZe4E, K% A VOC 2007 Mlit4E .

PR FEAR: mAP 1 B ARKS I AT B BT Fabn 2 —, ZRE 5 R T T I35 L R 5 A 5 45 vl At
FUAE AR R I BT . THE o R 1~ 3.

p._ TP o TP 5)
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Table 1. Experiment configuration parameters

#= 1 LHEESH

e & 101 it & 24
M AF 16GB
BREA) NVIDIA RTX3060(8GB)
AbFE 3% (CPU) Intel i5-12490F
RIS IHESE Pytorch
CUDA hig A 11.7
WAE R 300 x 300
WEZRSH 0.1
batchsize 16
WG 2% 0.001
MAX_ITER 120000

32. &ZRENH

N T BRIt JE MR A R, ARSCIRE T RS O Arifk SSD MRy skl xt 4L, @
ResNet50 {Eoy T %%, FERFAEIREET Bl & AR RHE IR ; @ RS 2 LAl 1, S8 inAsbrit s /s
i, @ fESLIG 3 AOFERL b, HEIn RFB BB, [RINRE 19 ROTRHIE B BRI 5 B R R R R o

4 PR RY ) SR 45 ROT SIRG BEAE mAP W1 2 B, )W SEIRas R, fE R SSD AL AL At )E
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MAP EG 3T, Hr 5] NABARE: = AR RFB ARER S, mAP {52 FIFE T T 0.92%F1 0.85%. SZI6 %
B, ABARIEE IR RFB BH6r T4 48 SSD Bk e 4R THE B B35 AR .

Table 2. Comparison of PASCAL VOC 2007 test sets
5= 2. PASCAL VOC 2007 UK Xttt

it VGG-16 ResNet50 CA RFB mAP/%
SSD \ 76.17
SSD \ 76.31
SSD_CA N N 77.23
SSD_CA_RFB N N N 78.08

20 i HARIERIRT ITERA 2 AP 4138 3 FiaR,  Z8KHR 70 Rnl I HEs £ 56 B354 7, Hh aeroplane.
bird. diningtable F1 tvmonitor JLAZE W, 3 7l3E T T 4.21%. 3.62%. 4.45%F1 4.28%.

Table 3. 20 categories of different algorithm test results
= 3. 20 AN TR EEMIXER

Fh SSD_VGG SSD_ResNet SSD_CA SSD_CA_RFB
aeroplane 0.7982 0.8222 0.8270 0.8403
bicycle 0.8386 0.8649 0.8522 0.8552
bird 0.7438 0.7885 0.7827 0.7800
boat 0.7000 0.6732 0.6987 0.6924
bottle 0.5122 0.4871 0.5008 0.5087
bus 0.8443 0.8534 0.8295 0.8573
car 0.8579 0.8574 0.8613 0.8597
cat 0.8693 0.8752 0.8713 0.8773
chair 0.6062 0.6095 0.6019 0.5936
cow 0.8097 0.7964 0.8372 0.8237
diningtable 0.7282 0.7489 0.7665 0.7727
dog 0.8349 0.8627 0.8686 0.8602
horse 0.8596 0.8529 0.8741 0.8765
motorbike 0.8252 0.8579 0.8535 0.8567
person 0.7871 0.7774 0.7839 0.7847
pottedplant 0.4920 0.5217 0.5177 0.5224
sheep 0.7316 0.7656 0.8153 0.7852
sofa 0.7979 0.7781 0.8029 0.8117
train 0.8503 0.8672 0.8524 0.8672
tvmonitor 0.7480 0.7942 0.7816 0.7908

VOC2007 MIRAEHHE A 4952 5k, MHAR B ok it A 20 0 K42k . e Ak K a ik,
PIE G SSD SR AE NEELRARE Y, tof LA AN A XA R A 8 OV FH AR SRR 1 8 483 AR A S AR HL R
SHOH FERSAR T AR, R T AR SO R B A BRI /- R e ik, SRR R RE . 43 S SR A [
VA3 2R () S 45 R 0 B 1] 4 BT
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Figure 4. Comparison chart of different algorithms
4. REEE loss XTEEE

4, g5ig

RSB T I TR S B S5 AR R TE R PRI it SSD HARKLINAE, SRA] ResNet50
WA R SR I B T R 2%, IR SINBR R GARARIE R AL, RENS RN 25 REIlIE 7] ¢ 28 LA R KBRS
B, FIT R A E A HARE R, BORIRAIRE Sy, HARRRTE SO BB R B RS OO R A B o
FLHAE. FERFEIRI BOBiE B it & A FR SRz M, B 5 BONREE LN SCE R, R 7 B
AR RFB L, 8 1A [F RS BRI 2 7 SCE AN A TR B AROR IR 2 BT, 1 SRS AE 4R L g
T SR IR, B N AMEIE , SRR MRS B B2 X 52 Tt o SRR B, ot e H ARAS I S%AE PASCAL
VOC Hu#idle b5 M A M AER: A B fk 4t SSD Sk A4 W& 1, mAP HAL 4t SSD HERTE 17 1.91%.
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