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Abstract: For an improvement of the accuracy of object detection, an image object detection algorithm has thus
been proposed based on attention mechanism and multiple feature fusion. On the basis of the Cascade R-CNN model,
the algorithm uses RseNet50 as the backbone network, with a simple attention module (SAM) embedded so as to
improve the discrimination ability of the network. Secondly, a multi-level feature fusion module (MFFM) is designed
by using the deep separable convolution to improve the feature pyramid network (FPN), followed by a fusion of the
multi-scale features to enrich the information of feature maps, with the corresponding weights given to the feature
maps of different levels to balance the feature information of different scales. Finally, combined with the region
proposal network (RPN) structure in the target detection method, the candidate regions of the target can be obtained
for classification and regression processing to determine the location and category of the detection target. Experimental

results show that compared with Cascade R-CNN target detection algorithm, the detection accuracy of the proposed
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algorithm has been improved by approximately 2.0%.

Keywords: target detection; attention mechanism; multi-level feature fusion; deep separable convolution
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Fig. 6 Images data image enhancement
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Table 1 Performance comparison of different algorithms on
PASCAL VOC 2012

Method Backbone AP APy, AP, APy AP,, AP,
YOLOV3 Darknet-53 343 64.0 332 69 222 394
SSD VGG-16 37.0 643 375 4.9 183 44.0
CornerNet Hourglass-104 14.8 23.1 14.6 0.6 5.8 18.7
Faster RCNN ResNet-50  34.1 67.8 29.8 11.6 243 384
Cascade RCNN  ResNet-50  44.1 68.8 484 13.7 294 50.4
Ours SE-ResNet-50 46.2 70.8 509 14.7 31.5 529
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Fig. 7 Detection results of different algorithms on
Pascal VOC 2012 dataset
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Table 2 Performance comparison of similarity algorithms on

PASCAL VOC 2012

Method AP AP, AP, AP, AP, AP,
PANet 448 702 492 137 305 510
HRNet 443 685 493 149 303 505
NAS-FPN 409 612 445 116 249 471
DANet 440 684 489 141 309 500
ACNet 451 695 501 148 310 519
Ours 462 708 509 147 315 529
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Ik RS F RATT . 1) FERA i Bk 6
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AP, b4y 51453 0.2%, 1.0%, 0.8% HI4E T, 4 SAM
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Table 3 Ablation experimental results on

PASCAL VOC 2012 dataset
Method +SAM +MFFM AP APy, AP, APs APy AP,
vV 436 692 477 143 296 498
Our vV 443 69.5 492 13,5 30.1 50.7

vV Vo 462 708 509 147 31.5 529
X T GP Images a5 28 2o [RIRE A9 S w1 2 A0
i, 450 TARBGRERN BRSNS, &4
HRAZEG R R, A% T Cascade RCNN , ASSCHEH
(RIEAE AP, APsy. AP;s B3R T 5.8%, 1.5%,
1.1%, REGSSEIEAT BUASINASR o
R4 ANEEEFE GP Images FRITERELLEE

Table 4 Performance comparison of

different algorithms on GP Images

Method Backbone AP APy, AP+
YOLOvV3 Darknet-53 52.5 83.3 61.8
SSD VGG-16 60.0 84.3 67.0
CornerNet Hourglass-104 50.4 64.4 51.9
Faster RCNN ResNet-50 S51.1 83.2 57.1
Cascade RCNN ResNet-50 55.9 84.7 66.0
Ours SE-ResNet-50 61.7 86.2 67.1

R T BEXT GP Images B 48 R O b 31 558 51
PIPERT, ASSCR I i RO RI7E )5t GP Images $didi
FREL T Bs 50 SR (1) GP Images $E4E o0l ik
AP UNRANM G, DAAS [FR 2% 10 AR A RS 2 1 S F
Wrigbr, SCHEE RN S PR, R,
I T B 1 5 R s A 3] ARSI RORA — i B4R T,
TE AP Fl APs FAYHIEETH T 3.4% F10.8%, Xf P25
TSRS B BA LA

RS HIBEERETE GP Images ERIMEREXTEL

Table 5 Performance comparison of data enhancement

strategies on GP Images

Method Data Enhancement AP APy, AP
J 559 847 66.0

Cascade RCNN
el 59.3 84.1 66.8

e, XF 2.1 PR R E IR (SAM)
W R ) 8 AP - (R BB EA TS 36 900, AR SEEG7E
Cascade RCNN #RI il SAM,  H. » FIEUE 5514
4,8, 16, 32, 7t GP Images $¥a4E F &3 IZMi,

LRI 6 BUR. AT, 4 16 B, KO
TERGRE AN L7 IR, BOASC r B 16,
Fo6 AEGERLLH] r WEBERERI R
Table 6 Effects of different scaling ratios » on

model performance

Method r AP APy, AP Speed/FPS
4 57.3 81.6 62.2 76
Cascade RCNN 8 56.4 81.3 61.9 77
with SAM 16 59.8 83.5 64.1 77
32 59.8 81.5 64.6 76
4 Z5iE

ASCHR T TR T AL A 22 DR IE Rl S
(1 AARKS NGk, e T R 45 h & SAM, F
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