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Object Detection with Receptive Field Expansion and Multi-branch Aggregation
QUE Yue,GAN Menghan and LIU Zhiwei

School of Information Engineering, East China Jiaotong University, Nanchang 330013, China
Abstract Object detection aims to achieve accurate recognition and localization of objects in images and is an important research
area in computer vision. Deep learning-based object detection has made great progress,but there are still shortcomings. The se-
mantic information brought by large down-sampling coefficients is beneficial to image classification, but the down-sampling
process inevitably brings information loss,resulting in insufficient model feature extraction and thus a decrease in detection accu-
racy. To address these problems, this paper proposes a receptive field enhancement and multi-branch aggregation network for ob-
ject detection. First,the receptive field enhancement module is designed to expand the receptive field of the backbone network.
This module can acquire object context cues and can alleviate the problem of object information loss during down-sampling be-
cause it does not change the feature spatial resolution. Then,in order to take full advantage of the localization of convolutional
neural networks and the long-range feature-dependent property of the self-attention mechanism, the receptive field expanding
composite backbone network is constructed to retain local features as well as to improve the global feature perception capability of
the model. Finally,a multi-branch aggregation detection head network is proposed to form information flow between three predic-
tion branches and fuse feature information between branches to improve the detection capability of the model. Validation experi-
ments are carried out on MS COCO datasets,and the results show that the average accuracy of the proposed model is better than
that of many mainstream object detection models.

Keywords Object detection, Self-attention mechanism,Receptive field expansion,Feature fusion,Decoupled head
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Fig.1 Receptive field enhancement module
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Mreed  BE3 AP AP5  APgs
X 28.8 47.6 30.7
N/ X 29.6 48.6 30.9
~/ N 301 49.5 31.7
(2) BEHA RO B0

TS U6 N R A2 I R AT IR 45 RS AE 38 5 A I Sk
50 £ 9 0 SCHE R AT O A BT . B UG, 4 0 3 A 4 AR B
PEATAE B Pk 5288 . Transformer F6E B | J8 32 B 14 58 45 b 0 45 4iF
HASR A S 4 . W3 3 T, Transformer FLAg K B 85 4 4iE
WA, AE G5 IR 4 R M5 B, X A A8 M R 4 g 7= A BB RE ),
FELE A L3 Transformer A5 He Xt H A7 A DU g B — 2 19
T, BT HT YR A P AN AR R AIE 45 ) 23 3 R LA RO 3
BN SHAE BT Y RIEZ 5, LA B AR 1R SRR, LR GR
B Z 015 A5 B . 3RS BF T R A (A5 ) P g AP 2
FT 1.1 %. 243 RAEKM Sk ML BT 452 3 FAE RN
DB EAFBE 3 AT 43 3 AR 3 454 3 Z I A7 B 38 Ui .
A e R A R A W Sk A M Ry 2 4y S R A R T Sk, I % L A AR
TR AP T 1.2 Y., DL ESEIR S5 R R W, Transformer 1
M B2 BT 1 SR AL A 22 43 S IR G R TR Sk T 48 X 4 e A
AP B 2 A5 R o A b 5 2R S AU ARG T Ak SR T A

#* 3 1E mini-COCO %4l 4 b 36 GiE AP (1 4 24 1

Table 3 Verify module validity on mini-COCO dataset
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