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Combining Semantics With Multi-level Feature Fusion for Pedestrian Detection

CHU Jun' SHU Wen' ZHOU Zi-Bo' MIAO Jun' LENG Lu'

Abstract Occlusion and similar objects in the background typically degrade the accuracy of pedestrian detection.
To solve the above problems, this paper proposes a pedestrian detection algorithm that combines semantics with
multi-level feature fusion (CSMFF). Firstly, multi-convolutional-layer features are fused, and semantic segmenta-
tion is added to the fusion layer. The obtained semantic features are connected to the corresponding convolutional
layers as the prior information of the pedestrian target location, which enhances the discrimination between pedes-
trian and background. Based on the preliminary regression, a pedestrian secondary detection module (PSDM) is
constructed to further eliminate false positives. The experimental results show that the miss rates (MR) of the pro-
posed algorithm on the datasets Caltech and CityPersons are 7.06 % and 11.2 %, respectively. The algorithm has
strong robustness to occluded pedestrians, and can be easily embedded into other detection frameworks.
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Fig.1  Overview of our proposed framework
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b) BT IREE B il S IEAR 3 oy B A5 R
Plxel by-pixel segmentation result based on
object contour boundary

) FT HARMENIL S RB B E1 2 R
Plxel by-pixel segmentation result based on
object box boundary

(a) CityPersons #5175 4]

(a) An original image in the CityPersons dataset
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Fig.2  The pixel-by-pixel segmentation results based on object box boundary and object contour boundary
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Fig.3  Visual comparison of features of Conv5 3 layer before and after adding semantic segmentation
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Fig.4 The variations of MR-FPPI of our proposed
CSMFF with state-of-the-art approaches on the Caltech
test dataset
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Table 4

Performance comparison of our proposed CSMFF with state-of-the-art approaches on

the CityPersons test dataset

I BT M 2% Bare MR (%) Reasonable MR (%) Partial MR (%) Heavy MR (%)

TLL® ResNet-50 10.0 15.5 17.2 53.6
Repulsion Loss®™ ResNet-50 7.6 13.2 16.8 56.9
LBST® ResNet-50 — 12.8 — 53.7
CC-CNNF VGG-16 8.2 11.8 14.1 —
OR-CNNF” VGG-16 6.7 12.8 15.3 55.7
Faster R-CNN!" VGG-16 — 15.4 — —
CSMFF VGG-16 7.5 11.2 13.4 50.1

*® 5  {E Caltech WiKH L Lt & A FERZKITERE

Table 5  Performance of fusing different convolutional
layers on the Caltech test dataset
LBRE MR (%)
Conv2_2 Conv3_3 Conv4d_3 Convb_3 PFEM CSMFF
v v v 12.22 7.06
v v v 32.42 18.15
v v v v 18.72 11.79

# 6 1E Caltech HELE F IR ZH AR IR T R SE 5
Table 6  Ablation experiments for testing each
component on the Caltech dataset

Zikes L

Faster R-CNN «/
Z ERHER S J
i V53
PSDM J

PFEM MR (%) 14.93 13.27 12.58 12.22
CSMFF MR (%) 12.11 9.53 8.68 7.06
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