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Abstract: Pedestrian detection methods in real scenes face some problems due to the high miss detection and false de-
tection as well as the low detection accuracy of small size objects. To solve these problems, a pedestrian detection mod-
el based on improved SSD (PDIS) is proposed. The PDIS method improves the original SSD network model by extract-
ing the lower-level output feature maps. It employs the abstract features of different convolutional neural network layers
to detect pedestrians respectively, and then integrates the detection results of multi layers to increase the pedestrian de-
tection performance for small sizes. Considering that the diversity of dataset can effectively enhance the generalization
ability of detection algorithm, the paper expands the INRIA pedestrian dataset with complex background by collecting
pedestrian images with different illumination, pose and occlusion. The PDIS method trained on expanded pedestrian
dataset increases the precision rate of pedestrian detection in real scenes. The experiment results on INRIA test set indic-
ate that the precision rate of PDIS algorithm is up to 93.8% and the miss rate is as low as 7.4%.

Keywords: pedestrian detection; CNN; single shot multibox detector; real scene; multi-scale features; object detection;

small target pedestrians; Pedestrian dataset
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Fig.1 Object detection with multi-scale input
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Table 1 Parameters of SSD Network
ERUZ ER R GRS B i HRAIE RS 2R RN

Convl 1 3x3 64 1 1 300x300
Convl_2 3x3 64 1 1 300x300
Maxpooll 2x2 1 2 0 150x150
Conv2_1 3x3 128 1 1 150x150
Conv2 2 3x3 128 1 1 150x150
Maxpool2 2x2 1 2 0 75%75
Conv3 1 3x3 256 1 1 75%75
Conv3 2 3x3 256 1 1 75%75
Conv3 3 3x3 256 1 1 75%75
Maxpool3 2x2 1 2 0 38%38
Conv4 1 3x3 512 1 1 38x38
Conv4 2 3x3 512 1 1 38%38
Conv4 3 3x3 512 1 1 38x38
Maxpool4 2x2 1 2 0 19x19
Conv5 1 3x3 512 1 1 19x19
Conv5 2 3x3 512 1 1 19%x19
Conv5 3 3x3 512 1 1 19x19
Maxpool5 3x3 1 1 1 19x19

Fc6 3x3 1024 1 1 19x19

Fc7 1x1 1024 1 0 19%x19
Conv6 1 1x1 256 1 0 19x19
Conv6_2 3x3 512 2 1 10x10
Conv7 1 1x1 128 1 0 10x10
Conv7_2 3x3 256 2 1 5%5
Conv8 1 1x1 128 1 0 5%5
Conv8 2 3x3 256 1 0 3%3
Conv9 1 1x1 128 1 0 3x3
Conv9 2 3x3 256 1 0 1x1
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Fig.2 Detection flowchart for SSD object algorithm
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Fig.3 PDIS framework
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