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The Research and Implementation of Object Detection Based

on Local Features

Object detection is one of the most challenging and active research topics in
computer vision and pattern recognition. This topic is attractive for the following two
main reasons: (1) The development of the related technologies in object detection
could provide valuable reference for other areas, such as image tagging and object
classification; (2) The increasing demands in the practical applications, such as smart
surveillance system, on-board driving assistance system and content based
image/video management system.

The main challenges for object detection come from two aspects: large inner-class
variation and low SNR. Large inner-class variation means that the shape of object can
not be easily normalized due to different appearance and viewpoints. Low SNR
means that the discriminative information is very limited in the object data comparing
with the noise. From methodology point of view, we use utilizing more robust local
features and designing more discriminative classifiers to deal with these two
challenges. A series of local features and classifiers have been developed.

The main contributions of this paper can be summarized as follows:

(1)An Edged Histogram of Oriented Gradient feature (EGHOG) is proposed.
EGHOG utilizes the Histogram of Oriented Gradient (HOG) of a series of regions as
the base object description and concatenates these regions along an edge, so that the
relationship of the local structure could be implicitly represented. We further propose
a method for extracting the structure information of a local region, which is based on
the distances between the gravity centers and the geometric centers. The experimental
results show that the EGHOG is more discriminative than the Edgelet feature and
traditional HOG feature. It could also reflect the structural information of local
regions.

(2)A Local Co-occurrence of Histogram of Oriented Gradient (LCoHOG) feature 1s
proposed. The tradition CoHOG feature extracts the co-occurrence histogram of the
pixel pairs with 31 different patterns in a whole image. The linear Support Vector
Machine (SVM) is further used to train a classifier. Our LCoHOG adopts the
AdaBoost to select the most discriminative local regions and pixel pair patterns to

construct a cascade classifier. The experimental results show that our method is at



least 30 times accelerated compared to the traditional CoHOG, while achieving the
same accuracy.

(3)A sample pre-mapping method based on AdaBoost is proposed. In the training
procedure, we apply a nonlinear mapping on original space by referring to the
selected ‘reference sample’. We train the weak classifier in the mapped space and
further build the cascade classifier. The reference sample corresponds to an
approximation of the optimal separating hyperplane in the implicit high dimensional
space, so that the resulting classifier could achieve the performance similar to kernel
method, while spending the computation cost as low as linear methods. Several
experimental results on pedestrian and car show that our method could improve both
the accuracy and the efficiency of the boosted classifiers.

(4)A novel nonlinear weak classifier named PVC (Partition Vector weak Classifier)
is proposed. PVC is based on an additive kernel function and a series of pre-defined
Partition Vectors (PV). The training of PVC consists of two steps: (1) an encoding
step that uses a nonlinear function to map the feature vectors in the original space into
a high dimensional implicit space, where a linear classification hyperplane is
subsequently trained, so that the classification ability of the resulting hyperplane is the
same as the kernel methods in the original space. (2) A decoding step which
transforms the above classification function to a series of additive kernel functions
referring to the PVs in the original space. The resulting classifier could be further
accelerated as fast as the linear classifiers in detection, which is achieved by a linear
piecewise function. Several experimental results show both the efficiency and
effectiveness of the proposed method. Firstly, the boosted PVCs achieve significant
improvement on the accuracy compared to linear weak classifiers. Secondly, it can
obtain the same detection speed as linear weak classifiers, while the training is at least

4 times accelerated.
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