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Abstract

A large number of novel encodings for bag of visual words models have been pro-
posed in the past two years to improve on the standard histogram of quantized local
features. Examples include locality-constrined linear encoding [23], improved Fisher
encixling [17], super vector encodding [27], and kemel codebook encoding [20]. While
several authors have reported very good results on the challenging PASCAL VOC clas-
sification data by means of these new techniques, differences in the feature computation
and learning algorithms, missing details in the description of the methods, and different
tuning of the various components, make it impassible to compare directly these meth-
ads and hard to reproduce the results reported. This paper addresses these shartcomings
hy carrying out 2 rigorous evaluation of these new techniques by: (1) fixing the other
clements of the pipeline (features, learning, tuning); (2) disclosing all the implementa-
tion details, and (3) identifying both those aspects of each methad which are particularly
impartant to achieve good performance, and those aspects which are less critical. This
allows a consistent comparative analysis of these encoding methods. Several conclusions
drawn from our analysis cannot be inferred from the original publications.

1 Introduction

The typical object recognition pipeline is composed of the following three steps: (i) extrac-
tion of local image features (e.g., SIFT descriptors), (ii) encoding of the local features in an
image descriptor (e.g., a histogram of the quantized local features), and (iii) classification
of the image descriptor (e.g., by a support vector machine). Recently several authors have
focused on improving the second component, ¢.¢. the encoding of the local features in global
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Abstract

The latest generation of Convolutional Neural Netwarks (CNN) have achieved im-
pressive results in challenging benchmarks on image recognition and object detection,
significantly raising the interest of the community in these methods. Nevertheless, it
is sill unclear how different CNN methods compare with each other and with previ-
ous state-of-the-art shallow representations such as the Bag-of-Visual-Words and the
Improved Fisher Vector. This paper conducts a rigorous evaluation of these new tech-
nigques, exploning different deep architectures and comparing them on a common ground,
identifying and disclosing important implementation details. We idemtify several useful
properties of CNN-based representations, including the fact that the dimensionality of
the CNN output layer can be reduced significantly without having an adverse effect on
performance. We also identify aspects of deep and shallow methods that can be success-
fully shared. In particular, we show that the data augmentation technigues commonly
applied 10 CNN-based methods can also be applied to shallow methods, and result in an
analogous performance boost. Source code and models to reproduce the experiments in
the paper is made publicly available,

1 Introduction

Perhaps the single most important design choice in current state-of-the-art image classifica-
tion and object recognition systems is the choice of visual features, or image representation.
In fact, most of the quantitative improvements 1o image understanding obtained in the past
dozen years can be ascribed to the introduction of improved representations, from the Bag-
of-Visual-Words (BoVW) [6, 28] 10 the (Improved) Fisher Vector (IFV) [23]. A common
characteristic of these methods is that they are largely handcrafted. They are also relatively
simple, comprising dense sampling of local image patches, describing them by means of
visual descriptors such as SIFT, encoding them into a high-dimensional representation, and
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