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Abstract: [Objective] In this paper, we aim to improve the detection performance for small objects by considering
the characteristics of small objects under deep learning-based detection frameworks. [Methods] This
paper improves small object detection and recognition performance from different aspects, including
feature fusion, context learning and attention mechanism. Since the features of the small object are
not evident, a bidirectional feature fusion method is proposed to improve the feature expression
capability for small objects. In addition, a novel method is proposed to improve the detection
performance by using the context information of small objects. Furthermore, to better identify the
categories of small objects, an attention transfer method is proposed to improve the recognition
rate. [Results] Experimental results show that the three proposed methods can significantly improve
the detection and recognition performance for small objects on public datasets. [Conclusions]
The research on feature fusion, context utilization and attention mechanism is very valuable for

improving small object detection in complex scenes.
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Table 1 Detection results of our ESSD and state-of-the-art
detectors on PASCAL VVOC 2007

Tk A IZREEE MAkEHE mAP FPS
YOLO 448 VOC2007 +2012 VOC2007 634 45

YOLOV2 416 VOC2007 +2012 VOC2007 76.8 67

Faster R-CNN VOC2007 +2012 VOC2007 732 5

R-FCN VOC2007 +2012 VOC2007 805 5.9
SSD 300 VOC2007+2012 VOC2007 77.7 61
DSSD 321 VOC2007 +2012 VOC2007 786 9
ESSD 300 VOC2007+2012 VOC2007 79.2 52
SSD 512 VOC2007 +2012 VOC2007 79.8 25
DSSD 513 VOC2007+2012 VOC2007 815 6
ESSD 512 VOC2007 +2012 VOC2007 824 18
S) 9
ATM
( )
D m st
Fig.9 The attention transfer process
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Context-Aware Faster R-CNN¢
2 VGG16
Faster R-CNN Context-Aware
Faster R-CNN mAP &9%
Residual-101 Faster R-CNN
Context-Aware Faster R-CNN ~ mAP 8.4%

7% 2 Context-Aware Faster R-CNN {f PASCAL VVOC 2007

MREE FRYSRIe S5 R

Table 2 Experimental results of Context-Aware Faster R-CNN 5 4%%1%%7[‘}:[‘
on PASCAL VVOC 2007 test set

ik el mAP
Faster R-CNN VGG16 73.2
Faster R-CNN Residual-101 76.4
YOLOv2 Darknet-19 7&6 ?
DSSD Residual-101 815
Context-Aware Faster R-CNN  VGG16 82.1 ( )
Context-Aware Faster R-CNN Residual-101 84.8 NMS 10
(€S))
CIFAR-

100[54],Caltech-256[55] CUB-200

3
(t1an[l], fcan), ra-
CNNID CIFAR-100, Caltech-256
CUB-200 ATM 82.42%,

80.32% 86.12%

2% 3 ATM {E CIFAR-100, Caltech-256 {1 CUB-200 =N

£ AH £ o N
PR DI Pl 1O 53 A 25 5
Table 3 The recognition results of ATM on CIFAR-100, Fig.10 Some poor detection results
Caltech-256 and CUB-200

Tk CIFAR-100 Caltech-256 CUB-200 6 )\E‘\ g%%;ﬁ%lﬁz
TLAN 72.88 68.82 77.90
FCAN 95.80 76.40 82.04
RA-CNN 97.21 79.24 85.31
ATM 97.68 80.32 86.12
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