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Real-Time Object Detection Algorithm Based on Attention Mechanism
and Multi-spatial Pyramid Pooling

WANG Guogang, LI Zexin, DONG Zhihao
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: Aimed at the disadvantages of an enhancement to the representation of deep feature map in the enhanced feature fusion
network for the spatial pyramid pooling module, higher computational complexity., and difficulty in highlighting important channel
features for the feature map of the detection head network in YOLOv4 algorithm, Based on this problems, a real-time object detection
algorithm based on attention mechanism and multi-spatial pyramid pooling is proposed. This algorithm adopts multi-spatial pyramid
pooling, extracts the local and global features, fuses multiple receptive fields, and strengths the characterization ability of the shal-
low, middle and deep feature maps for the feature fusion network. The squeeze-and-excitation channel attention mechanism is intro-
duced to model the relativities between channels, the weight of each channel is adaptively recalibrated to make the network pay more
attention to important features. Moreover, the deep separable convolution is used to reduce the parameters of the feature fusion and
detection head networks. The experimental results show that the mean average precision (mPA) of the proposed algorithm is higher
than that of other 7 mainstream comparison algorithms, compared with YOLOv4 . the parameters and model size are reduced by 27. 85
M and 106. 25 MB, respectively. The proposed algorithm not only improves the detection accuracy, but also reduces the computation-
al complexity compared to the baseline algorithm, and the average speed of the algorithm reaches by 33. 70 FPS, which meets the re-
al-time requirement.
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3.1 BEESXRNIERE
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20 A2 51, 5 011 sRINZRE Ry 4 952 5k Fr o

YR LAESECE Jy . Intel (R) Xeon (R) CPU,
Tesla T4 GPU, 167 G NAE; MR K PCHLECE . In-
tel® Core™i5-8265U CPU, NVIDIA GeForce MX250 GPU,
§ G PIfF. VRIS SIS pytorchl. 2, GPU il e LA
5 CUDA10.0, Cudnn7.4.1.5,

YIZRBr B, R Adam (AL EH M8 280, ghi. L
IR R ISR M 0.9 1 0.000 5, YIRS PIFEE. 5
— B BORAS ET MY, WEIEETWESEG B BRI
ETM%, HREEDSMESH. BRI RREN
0.001, Batch size X & N 16, epoch & 'E N 20; %6 . FrE
M R E K 0.000 1, Batch size %H N 8, epoch & N 100,
3.2 iFEMMEERR

SR F,. R (P, precision), L E (R,
recall) , EYHE B (AP, average precision) FlI{H 3 ) K5
B mAP AT MR HRASHE . #AL/NE RS
fErrmigk (FPS, frames per second) PP & 8 2425,
BeAh . T 2 A UE R — & 42 % (P-R, precision-recall)
Mz Foofiige . EDWHL LG BAS [R50 i Ao I 1 R
3.3 EESW

F 14T 8 FE T PASCAL VOC2007 i4ls & £
AP FfilmAP . @13 1 /A, AMMP B 5 DKM
AP A, 6 KA AP E AR, 8 A5 AP {8
HE4 55 =. H'5 SSD. YOLOv3, YOLOvd-tiny, YOLOWV4,
YOLOv5m, Centernet, Efficientdet-DO0 %348 ., AMMP &
B mAP 4 932 T T 8.99%. 3.83%. 8.36%. 0.16%.
1.92%. 7.51%. 1.97%.

BEEMEZ, BT R BEZEl. L8
WEAFMEGEBRE, 2H PR fiZmF, ik, DEN
PR R B8 iy il P B . 3l 43 PASCAL VOC2007 (1
MR AT A, car S meXER DAY 2S5 Z — . 3@ 4 43 Hr PAS-
CAL VOC2007 Il 2R 5 a1, boat 2 i RE K BURE A K 2
PR Z — . B Ee BEF car A1 boat {3, £l A
FhEETEX PRI B P-R &AM Fy il &, WK 7~10
JE7R

P-R iy & 15 8 %l o F1 1 RRUB R . Sk PR RR BT, BT 7
AT, AMMP B85 car 85009 P-R il 2 704 il [7) i) T AR 0
K, BONFE T, AMMP 835 0K H) car (19 46 T 44
REfUF o

32 %
#F1 SMEPM AP LK mAP
C N v SHAPHRIE AP/ Y
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
79 84 73 68 44 86 87
Cat | Chair | Cow |D-tablel Dog |Horse|M-bike
SSD 74.72
87 53 79 75 84 87 83
Person| P-plant | Sheep | Sofa | Train | Tv
78 45 74 72 86 73
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
89 | 87 | 80 | 69 | 70 | 87 | 93
Cat | Chair | Cow |[D-table Dog |Horse|M-bike
YOLOv3 |79. 88
86 62 80 79 83 87 87
Person| P-plant | Sheep | Sofa | Train | Tv
89 52 76 77 87 79
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
81 83 70 61 64 81 89
YOLOv4- 7535 Cat | Chair | Cow |D-tablel Dog |HorselM-bike
tiny 79 60 81 71 73 85 84
Person| P-plant | Sheep | Sofa | Train | Tv
85 48 77 72 83 79
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
85 87 85 64 76 92 94
YOLOvA |83, 55 Cat | Chair | Cow |D-table Dog |Horse|M-bike
93 | 73 | 98 | 7 | s | o1 | ol
Person| P-plant | Sheep | Sofa | Train | Tv
91 59 87 71 90 85
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
94 86 88 68 79 87 93
YOLOvEml 81, 79 Cat | Chair | Cow |D-tablel Dog |Horse|M-bike
89 | 76 | 91 | 46 | 85 | 95 | 92
Person| P-plant | Sheep | Sofa | Train | Tv
93 | 58 | 76 | 67 | 91 | 82
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
84 86 76 66 57 80 88
Centernet | 76. 20 Cat | Chair | Cow |D-table Dog |Horse|M-bike
85 58 82 70 80 87 85
Person| P-plant | Sheep | Sofa | Train | Tv
83 47 76 74 83 77
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
87 | 88 | 86 | 73 | 50 | 92 | o4
Efficie- 8171 Cat | Chair | Cow |D-table Dog |Horse|M-bike
ntdet-D0 9 | 70 [ 90 | 77 | 90 | o1 | 88
Person| P-plant | Sheep | Sofa | Train | Tv
81 | 52 | 83 | 82 | 91 | 76
Aero | Bicycle | Bird | Boat | Bottle| Bus | Car
87 90 85 73 75 91 94
AMMP |83.71 Cat | Chair | Cow |D-tablel Dog |Horse|M-bike
90 | 70 | 87 [ 77 | 90 | 90 | 89
Person| P-plant | Sheep | Sofa | Train | Tv
90 | 57 | 83 | 718 | 93 | &4

T < IR R R B 2 ) s s A RS R
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0.8f _—m——— | — 0.8 ———— o8t o
L ~ 4 N pe ~N “‘/ ™~
0.6/ 0.6 0.6 0.6r \
39 / w” ( S o
0.4-“‘ 0.4fF 0.4F 0.4F
0.2 0.2f 0.2f 0.2t
0 . . . . 0 L . . . 0 1 . . L 0 . L . L
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
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class:0. 86=car F, class:0.80=car F, class:0.87=car F, class:0.89=car F,
score_threhold=0.5 score_threhold=0.5 score_threhold=0.5 score_threhold=0.5
1.0 1.0F 1.0} 1.0 F
0.8f /4/,_-2 0.8F T T 0.8 /'7\\\ N 0.8l N
0.6} _0.6F/ _0.6F \ 0.6f
|55 / \ 5 [ <5 / \ |55
0.4y \ 0.4 \ 0.4+ \ 0.4+
0. zr \ 0.2 Vo2t \ | o2}
0 L L L 1\ 0 L L L L \ 0 / L L L L 0 L L L L
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
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62 THE LIS %32 %
class:0. 69=boat F, class:0. 66=boat F, class:0. 60=boat F, class:0. 61=boat F,
score_threhold=0.5 score_threhold=0.5 score_threhold=0. 5 score_threhold=0.5
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& 10 boat ZEI /Y F, M4k kg

IERREAR ARG, P-R R 2R F Fe EL R S (] 19 1
MK, Bk rEReRdy . A 9 a1, AMMP 88 boat 3¢
S P-R il 28 55 A FLRAS Bl ) 1) 1 R B K. BOREAR A3
HE LT . AMMP Bk R 25 boat A6 RE T H
b

Fy e b7 Fa HOB BT F 1, 550k 0 K T R AT
HE 8. B 10 ol A, A4 2 car 25l if & boat 28 .,
AMMP 8k F, i 26 5 7 Fa Ho e B238 F 1, T L AMMP
BT X 3 TR AR 2% 288 31 g A T 8 2R B 4

F2HMT 8 FEYAE T WM IEIR LRSS R,
F2HA, SHEEY, B AMMP BB A i 2 L Effi-
cientdet-DO, YOLOv4, Centernet 5 WAL, {H AMMP &
PTG, RN 1AW AR, i 2iE
AEH, HEEMEER YOLOvA, AMMP (555, B
FNG R 27,85 M 1 106. 25 MB;  Hii#e k%] | 33. 70
T/ R A SRR
3.4 EMESH

I HEH ML E AMMP 5 Aty 7 Fp 32 5 B R A T 5k 1

PERE, SCEBE I PASCAL VOC2007 Wi 4& i 5 5K 75 f Ul
B R LT P43 B B 11~ 15 2y 8 b B30 3 1 4 0 25
X LG,

%5 001366 MFFR I 1. @& 2 4> dog HARAI 4 4
person Hix, ZE MR, HRER, AEEHHAL.
K 25 S iE 11 BroR, i BRI, SSDL YOLOvA-tiny
YOLOv5m Fil Centernet 2 5 3 ¥ T dog H#Fr; SSD, Cen-
ternet 1 Efficientdet-D0 2 5 # T person H #r; YOLOv3.
YOLOv4 F1 AMMP 553 B TG A (] #, {2 AMMP 5336 19 K
TG BE TR &

Y5 003025 BIFFRIE A 2, A& 4 4 sheep HERFI 1 4>
person Hf5. ZE R G RAEARES, BEHE. HIN
5 12 frR . @ BRI, SSDL YOLOv4, YOLOv5m
1 Centernet 3 T sheep H¥5; YOLOv4-tiny 4 3
Xf sheep HARAAAEE LR A ; YOLOv3 3k sheep H A5
158 A S B AR 25 5 Efficientdet-DO0 S E% BT A H AR 1 &
PO EE LT AMMP 8 AMMP BTN K . B2 K
I R 78 K BEAS w3 Y T, s R e i

2 S FEIEME IR FEARXT L

Bk mAP/ % P/% R/ % F, ZHE /M 1K /N / MB FPS/(Frames « s ')
SSD 74.72 76.54 69.68 0.73 26.29 100. 3 52.57
YOLOv3 79. 88 83.97 71.70 0.77 61.63 235.08 39.32
YOLOv4-tiny 75.35 76.18 69.58 0.73 5.92 22.58 138.7
YOLOv4 83.55 88.73 72.19 0. 80 64. 04 244.29 33.34
YOLOv5m 81.79 81.28 75.56 0.78 21.13 80. 62 59.52
Centernet 76.20 91.87 56. 40 0.70 32.67 124.61 50.16
Efficientdet-DO 81.74 88.13 67.68 0.77 3.84 15.35 22.31
AMMP 83.71 85.41 77.17 0.81 36. 19 138. 04 33.70
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Centernet fil Efficientdet-D0 B EA T v Hin; YOLOv4
BT A 1o HAR. YOLOv4-tiny fl AMMP # 3%
BLRG . fEEnE, H AMMP & 546K,

12 R A 2 B R

45 003858 IR K18 3. f3 & 6 4> person HARF 1
A train Hif. RE R RAAAIERIASL, FROIR. &
ZERANK 13 s, BB A%, SSD. Centernet #1 Efficient-
det-DO B % IR T person H #r; SSD. YOLOv4-tiny,
YOLOv4, YOLOv5m #i1 Centernet 2 A T train H F5;
YOLOv3 B % train HFREE K B boat Hir; AMMP 5 i
TolmAG . A R R, A DU OR B U

y
u

13 REMCIE 3 IR G 45 2R b 4

%' 006121 MFFALIE v 4 & 3 A car Hin.
s, HbsREEZBAR, §REHR, AEMRHL. 60
ZERANK 14 s, BERIH, SSD. YOLOv3 1 YOLOv4-
tiny Bk WK T car HEr; YOLOv4, YOLOv5m, Cen-
ternet Fl Efficientdet-DO0 55 s B JG U #6; ) 450, (5 LA 10 KS B2
LT AMMP k.

B4 RRk P 4 G 25 2R AR

5 006771 AR E 5, & 1A o HbR. 14> din-
ingtable HFRLAJ 6 4~ person HAr. % F s, SEHOR
B, FORMT MG, R D ZE R B 15 Fron, i B AT,
YOLOvSm Jfi#: T diningtable H#5x; Centernet il Efficient-
det-D0 B K T person HAr; SSD. YOLOv3, YOLOvSm,

B 15 FEKEE R 5 BRI 2 R Ltk

3.5 HmE

HBAIE TR JE W] 2 B & B (DSC) . £ 25 (A 4 F 3 4k
(MSPP) DL B JE 4 ¥ Jih 38 18 3 & 1 (SECAMD  J5 ik &
YOLOv4 MtRfbE M, #E47 TR SE s, sy Ransk 3
[

*3 MR
Bk mAP/ % | R0k /M | R/ MB
YOLOv4 83.55 64.04 244. 29
YOLOv4+DSC 82.99 35.78 136. 49
YOLOv4+DSC+MSPP | 83.37 36. 18 138
AMMP(YOLOvI+DSCH | 36,19 138, 04
MSPP+ SECAM)

T L R T o e a2k

HESE 1. 270 H, 51 A DSC Jg. mAP T B
0.56% , REEIF /N, SRS BT 107. 8 MB 1 28. 26 M,
X RN DSC J7 AL LU/ B RS BEACANY s e BT 80 R/ Al
SHEIE— L. RS 2. 37 A, 5] A MSPP
i, mAP T T 0.38% . X JEH A MSPP Jr ik al £ 12 R
FERRESS B, HOREZ T, e ER M RAER . B
HES 3. 4 7R, 3] A SECAM J5, mAP #£F+ 7 0.34%.
R Sy SECAM AT #4533 (8] 14 AH DG . 35 N 08 4
fE 4B AE . 51 5 W45 0 23 06 1 5 BT .

hFEFE 1, 4 77978, gh4 DSC., MSPP Ll K SE-
CAM J5, mAP 7} 0.16%, #IM K/, S50 0 F K
106.25 MB 1 27.85 M, X £ W], HEAMEF LML, AMMP
RGBT RIS R, ERRINE e, 42
T TR R
4 HRIE

AR SR — T AL R 22 s ] 4 7 3 b Ak g S
B B AR . I PR H £ 28 M) 4 F I b i B, 4RI
ZREFL., MG 2 T2, e & 2% k.
WL RZ R B B R AERE . 51 A R 6 0h 8 3 v AL
il s AR TE [A] A AR OGPk, 1R S RRAE 1A A TE P AR,
Do 2% S0 G R T BLRRAE . SR T AL R LA RS T
LWL PR E T 4y BB, WG SRR, R A
Rk aR , SEOnas R, AT RSk m B E V5 R BE 38 T
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