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Abstract

Vision based crowd counting is one of the
important task in computer vision application. The
conventional holistic features used in crowd counting
often fail to capture semantic attributes and spatial
cues of the image. This research applies the grey wolf
optimization algorithm which includes the feature
selection stage to optimize the counting problem. The
grey wolf optimization mimics the characteristics and
movement of wolves which have more than one leader
in a pack. The proposed algorithm presents the pack
can have more than one pack which selects the most
relevant features .By integrating the semantic
information intolearning locality-aware feature sets for
accurate crowd counting by usingconvolutional Neural
network (CNN), the original pixel space is mapped onto
adense attribute features map. Locality aware features
(LAF) built on the ideaof spatial pyramids on
neighboring patches are proposed to explore more
spatialcontext and local information by using W-VLAD
(Weighted LocallyAggregated Descriptors) the different
coefficient weights are considered fordescriptor and
clustering. The proposed algorithm is experimented by
usingMall dataset, UCSD dataset, and caltech 10X
dataset. The performance of theproposed algorithm can
be evaluated by using MAE (Mean Absolute Error)
andMSE (Mean Squared Error).

I. INTRODUCTION

A crowd is a large collection of people within
a public space. In public places such as railway stations,
airports and shopping centres, it is not possible to
monitor every individual person for suspicious
behaviour. Instead, the problems posed in crowded
environments arise from the crowd’s collective
properties: congestion, excitement, fighting, rioting and
mass panic

Under certain given circumstances, and only
under those circumstances, an agglomeration of men
presents new characteristics very different from those
of the individuals composing it. The sentiments and
ideas of all the persons in the gathering take one and the

same direction, and their
vanishes. A collective mind is formed, doubtless
transitory, but presenting very clearly defined
characteristics. The gathering has thus become what, in
the absence of a better expression, | will call an
organized crowd, or, if the term is considered
preferable, a psychological crowd. It forms a single
being and is subject to the law of the mental unity of
crowds

conscious  personality

The infectious nature of human emotions can lead to
collective behaviours that poses significant threats to
safety and security. In short, “a crowd is something
other than the sum of its parts”

As crowd size is a holistic description of the scene, the
majority of crowd counting techniques have utilised
holistic image features to estimate crowd size. Due to
the wide variability in crowd behaviours, distribution,
density and overall size, it can be difficult to achieve
proper generalisation using holistic approaches.

Related work

Fei Wu at al aims to take a broader view to address
crowd counting from the perspective of semantic
modeling. In essence, crowd counting is a task of
pedestrian semantic analysis involving three key
factors: pedestrians, heads, and their context structure.

NunoVasconcelos et al proposed an approach to the
problem of estimating the size of inhomogeneous
crowds, which are composed of pedestrians that travel
in different directions, without using explicit object
segmentation

UweKruger proposes a semisupervised methodology to
extract temporal consistency in a continuous sequence
of unlabeled frames. In addition to the temporal
consistency, this paper also employs spatial consistency
in the sum of pedestrians in subgroups, or subblobs, to
determine the total number of pedestrians, or the
ground truth
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DortiNevo presents a preliminary theoretical
justification for the emergence of crowd sourcing
intermediaries by describing how they add value to this
new sourcing arrangement

Qi Wang et al proposed a deep metric learning based
regression method to extract density related features,
and learn better distance measurement simultaneously

Zhaoxiang Zhang et al proposes a novel counting-by-
regression framework to utilize the importance of
training samples to improve the robustness against
inconsistent feature-target relationship based on a
recently-proposed learning paradigm-learning with
privileged information.

1. EXISTING SYSTEM

Part-based detection: A plausible way to get around
the partial occlusion problem to some extent is by
adopting a part-based detection method [26, 48, 86].
For in- stance, one can construct boosted classifiers for
specific body parts such as the head and shoulder to
estimate the people counts in a monitored area. It is
found that head region alone is not sufficient for
reliable detection due to its shape and appearance
variations

Shape matching: Zhao et al. define a set of
parameterised body shapes com- posed of ellipses, and
employ a stochastic process to estimate the number and
shape configuration that best explains a given
foreground mask in a scene. Ge and Collins extend the
idea by allowing more flexible and realistic shape
prototypes than just simple geometric shapes proposed

Transfer learning: Applying a generic pedestrian
detector to a new scene can- not guarantee satisfactory
cross-dataset generalisation whilst training a scene-
specific detector for counting is often laborious. Recent
studies have been exploring the transfer of generic
pedestrian detectors to a new scene without human
supervision

A. Counting by Clustering

The counting by clustering approach relies on the
assumption that individual motion field or visual
features are relatively uniform, hence coherent feature
trajectories can be grouped together to represent
independently moving entities

I11. PROPOSED SYSTEM

A pixel-level semantic feature map learned by a
deep learning model constructed for local features
extraction.LAF(Locality Aware Features) is proposed
to combine both advantages of explicit semantic
incorporation and spatial context encoding.
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OUTPUT IMAGE-1

IV. CONCLUSION

In this project , we introduce a novel method to
obtain representations for crowd frames. This is the first
work that attempts to utilize pixel-wise attribute feature
map to describe a crowd scene. Completely different
from previous features, localityaware features with
spatial cues (LAF) are extracted from the dense
attribute feature map, which has better capability for
describing semantic context information in crowd
scenes. We further apply an improved version of
VLAD, namely W-VLAD, which considers different
coefficient weights for deviations between descriptors
and clusters
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