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Abstract

Abstract

Pedestrian detection is one of thestimportant branches in computer visitine
goal of which is to determine whether there is pedestrian in one image or video
sequence, and if such exists, locate théeptian. Pedestrian detectifotuses on
human, the most impamt object on the earthpais useful for other computer vision
tasks, such as retrieval, tracking, and classification. Pedestrian detection is widely
applied in many practical systems including intelligent video surveillance, driver
assistant systermmtelligent robotics, etc.

In pedestrian detection framework, the two most importspare feature
representation andbject location. With discriminative middievel features, the
detection performancean be increaseth supervised peabtrian detection. With
accuratelow-level features, pedestrian candidates are obtained, which increases the
computational efficiency ahe supervised methods and decreases thelsspace of
samples in selfearning methodThis dissertationconducts research on the loand
middle- level featurerepresentationfor supervised and seléarning pedestrian
detection, andhie contributions of this dissertation are as follows:

(1) A Sideoutput Residual Network (SRN¥ proposedto extract lowlevel
features for pedestrian images. SRN leverages oRgsidual Units (RUS) to fit the
errors between the object symmetry ground truth and the outputs of RUs. By stacking
RUsinadeepo-s hal |l ow manner, SRN exploits the of
scales to ease the problems of fitting complex outputs miited layers, suppressing
the complex backgrounds, and effectively matching symmetry or edge of different
scales. The proposed SRN is further updated to a -tashki sideoutput residual
network for joint symmetry and edge detection.

(2) ABayesian Saring based Proposal Rerankisgproposedo release pedestrian
candidats. Although classical segmentatidmased object proposal approach can

produce region proposals with high localization accuratyalso incorporates



significant redundanchecause ofhe lack of object confidenagsedto evaluate the
proposals. The objectnebasedapproach gives the confidence without localization
accuracy. With the complementary of the two kinds of approaches, we propose
Bayesian Scoring based Proposal Rerankingeliease pedestrian candidates. For an
image, the contour and symmetry are extracted by Nagi Sideoutput Residual
Network and used to score the bounding box with a Bayesian framework. A subset of
high-scored proposalsan not only guarantene recallrate, but also decrease the
redundancyignificantly

(3) A kind of PCA filters based convolutional channel features {&TA) for
supervised pedestrian detection. pedestriamepresentation, we use the convolutional
network architecture with preamed PCA filters to enhance the aggregate channel
features (ACF). PCACCF reduces the correlation among ACF with the orthogonal
PCA filters and increases the representation ability by more feature channels. Besides,
we usean R-CNN like detection framew&r On the candidates generated by weak
classifier, PCACCF features and cascaded AdaBoost classifier are used for fine
classification. Experiments show that PCLF has significant pedestrian detection
performance gain compared with ACF.

(4) A Progressived.atent Model (PLM)is proposedor selflearning pedestrian
detection. In supervised way, pedestrian detectionlvegdots of human annotation.
However, the selfearning approachpf scenespecific suveillance videois deployed
as progressive steps of object discovery, object enforcement, and label propagation and
thepedestrian detect@ learned without any data annotation involved. Compared with
conventional latent models, the proposed PLM incorporates a spagidhrization
term to reduce ambiguities in object proposals and to enforce object localization, and a
graphbased label propagation to discover more positive and hard instances in adjacent
frames to increase the diversity and discriminability.

Key Words PedestriarDetecton, Feature Learning, Deep Learning, Object Proposal,

Selflearning
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Approach AUC | N@25%| N@50% | N@75% | Recall
BING 0.20| 302 - - 0.28
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