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Union Regression Object Localization Based on Deep Reinforcement Learning

YAO Hong-Ge' ZHANG Wei' YANG Hao-Qi' YU Jun'

Abstract To simulate the visual attention mechanism of the human eye, search and locate image objection quickly
and efficiently, this paper proposes a union regression deep reinforcement learning object localization model based
on recurrent neural network (RNN), which fuses the historical observation information with the observation inform-
ation at the current time, then makes a comprehensive analysis to train the agent to quickly locate the object, and
combine with the regressor to fine-tune the object bounding box positioned by the agent. Experiments show that

the proposed model can accurately and rapidly locate the object in a few time steps.
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Fig.11  Training loss of the model
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Example 5 of test results
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Fig.18  Schematic of variation trend of IoU test results
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fine adjustment of regressor
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Table 1  Positioning accuracy performance of different
algorithms on VOC 2007 test set
(category of excerpts)
gk Aero Bike Bird Boat Bottle Bus Car Cat mAP

Faster R-CNN 86.5 81.6 77.2 58.0 51.0 786 76.6 93.2 75.3

Caicedo 57.9 56.7 38.4 33.0 17.5 51.1 52.7 53.0 45.0
Bueno 56.1 52.0 42.2 38.4 221 46.7 42.2 52.6 44.0
UR-DRQN  59.4 58.7 44.6 36.1 283 55.3 484 524 479

R 2 AFREETEREANRIRIENFER
Table 2 The average location time of each epoch in

different algorithms

Bk Faster R-CNN Caicedo Bueno UR-DRQN

SENIKERT (s/FE1K) 372 271 251 219

SEOG S AR 76N VR FE oAk 2 ST T B AR
SEANLI 7T, AR UR-DRQN £ 7R
VOC 2007 MREE EFIEAAEE S Caicedo 77
15F1 Bueno JIEMIL, (HFER 8D, 545 H brE
AFE Y Faster R-CNN #HEL, B AR 2 ALK B RS,
(RGN FERS BERS IR D 40% oAy, £ HA — EAE LI
THEOLR, H LS

4  HRIE

RN HR AL B VR R S R R ML, A SCHE
T 3T RNN FIBCA [BER B AL 2% 5] B AR
AR UR-DRQN, %77 v%iE i RNN $2 507 215
BAE DI E5, H4a 55 68 AR5 B 000 [X 353t
7482 ARG R 5 v, o AT 2R 2 A X 4
BEATRE AR, SEIR S5 R B, UR-DRQN A4 n]
DA U 7E 5 20 PO H B AT e AL, JF BT b
ST T ST PR T RTORE P AR TR T DU S — AN A
WE B R, N T 28GR R,

UR-DRQN BERLE 52 A7 38 EATA — e e Tt
2], B2 AT AL FEHE /N RN 52 1 3l 1 1 e 1)
AL IR VAT LY =iy 2 7i5 ) I ol = R i X 13
T 1) A H PR AR R 5 e AL, BRI 7T, 2 A
FEMIRTEE 5t TN 2 B R 5 e 2%
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