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Abstract. Computer vision problems usually suffer from a very high
dimensionality, which can make it hard to learn classifiers. A way to
overcome this problem is to reduce the dimensionality of the input. This
work presents a novel method for tackling this problem, referred to as
Boosted Projection. It relies on the use of several projection models based
on Principal Component Analysis or Partial Least Squares to build a
more compact and richer data representation. We conducted experiments
in two important computer vision tasks: pedestrian detection and image
classification. Our experimental results demonstrate that the proposed
approach outperforms many baselines and provides better results when
compared to the original dimensionality reduction techniques of partial
least squares.
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Introduction

Problems such as pedestrian detection and image classification are active research topics in computer vision due to their applications in surveillance and
robotics. However, these problems usually suffer from very high dimensional
data. Therefore, the employment of dimensionality reduction techniques is common to achieve reduction in training and testing cost and, most importantly,
as a workaround to the curse of dimensionality, as can be seen in the work of
Guyon et al. [10].
It has been shown that performing dimensionality reduction on the
raw features improves data representation while also reduces computational
cost [17],[16],[14],[11]. The idea is to use a projection on the raw data to find
a new space that uses a smaller number of features, improving the classification performance. For instance, the Partial Least Squares (PLS) technique [15]
was employed to project to a low dimensionality space, achieving better results
than the state-of-the-art on the task of hyperspectral face recognition with spatiospectral information by Uzair et al. [20]. In another case, Akata et al. [1]
employed Principal Component Analysis (PCA) to reduce the dimensionality
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Fig. 1. General structure of the proposed framework. A node learns a projection using
the hard samples found by the previous node in the same layer. Then, new layers can
be created using the concatenation of the projections of each node in the previous layer
as input.

of their SIFT [13] descriptors to circumvent the curse of dimensionality. It is
important to note that such approaches could also be used together with deep
learning techniques to potentially compact and improve deep features.
Besides the use of projection methods, another way of improving the classification is the employment of ensemble classifiers. These classifiers have been
widely employed in several machine learning tasks [2],[19], [6], [11] due to their
simplicity and improved results. In general, ensemble classifiers are composed
of weak classifiers (e.g., decision stumps) that are able to achieve a powerful
classification when combined.
Inspired by the aforementioned studies, this work proposes a novel method
that combines dimensionality reduction and ensemble techniques to find richer
variables than those estimated by a single projection model. As illustrated in
Figure 1, the units of our ensemble are modeled as nodes built iteratively. Each
node is composed of a projection model and a weak classifier learned with a
distinct subset of samples hard to classify (referred to as hard samples 1 ) by the
previous node. The idea behind this procedure is to create projection models
yielding rich and discriminative features for different categories of samples (from
samples easier to harder to classify). It is also possible to cascade the projection
obtained by a set of nodes to a new set of nodes, this is represented by multiple
layers, as seen in Figure 1. The goal of using multiple layers is to reduce possible
redundancy among nodes.
Our proposed approach is similar to the Adaptive Boosting [9] in the sense
that it reweighs samples according to their classification score. However, while
the adaptive boosting focuses on grouping classifiers, we use the classifier as a
1

Hard samples are samples that were misclassified when presented to a classifier.
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tool to find hard samples. This is also similar to the hard mining employed by
Dalal and Triggs [7], except that we do not search for these samples on a validation set but on the training set itself. Another difference is that we iteratively
search for hard samples to construct multiple models, whereas Dalal and Triggs
employ this operation to construct a single model. Since we use the boostingbased idea of reweighing hard samples applied to a projection context, we refer
to our method as Boosted Projection. The proposed method takes advantage of
the characteristics of the underlying projection method, for instance reducing
redundancy, and it might also present richer features due to the employment of
the ensemble scheme to find hard samples.
The main contribution of this paper is the proposal of a novel method for feature projection, which demonstrates the possibility to enhance data representation exploiting the advantages provided by dimensionality reduction techniques
and ensemble methods. In addition, the main advantage compared to other dimensionality reduction methods is that the nodes in our method explore different
subsets of the data, where the deeper the node, the harder it is to classify its
subset of samples, which can better convey discriminative information.
Our experimental results analyze the impact of the proposed Boosted Projection coupled with PLS [22], a method for dimensionality reduction that has been
extensively explored in many tasks across the literature. To evaluate the proposed method, we test it in the pedestrian detection, using the INRIA pedestrian
detection benchmark [7], and in the image classification task, using the CIFAR10 [12] benchmark. On the former task, our method achieves a log-average missrate of 33.92, an improvement of 3.34 percentage points (p.p.) over the work of
Jordão and Schwartz [11], a PLS based random forest, which to the best of our
knowledge is the most recent PLS-based approach for pedestrian detection. On
the latter task, we achieve an average accuracy of 76.25%, which is 1.01 p.p.
better than the single PLS approach with the same number of dimensions.

2

Proposed Approach

In this section, we explain the proposed boosted projection method. We aim
at creating an ensemble of projection methods that can yield richer and more
discriminative features than a single projection method. To achieve such goal, we
propose a framework for dimensionality reduction that explores discriminative
information by employing a classifier to find samples that are hard to classify
(hard samples) and using this information to learn new projections that prioritize
the fitting of such samples.
The first unit of our framework is the node. It receives features of samples as
input and learns a projection model that generates latent variables, used as new
features. This projection is performed using a traditional projection method such
as PCA [23] or PLS [22] (while the former estimates projections that maximize
the variance of the data, the latter finds projection that maximizes the covariance
between the data and class labels). The latent variables are used by a classifier to
learn a discriminative model used to find which samples have been misclassified
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according to a threshold applied to the classifier responses. The threshold is
initialized with an arbitrary value and is decreased for each new node to make
samples easier to classify and guarantee that the nodes have more diversity. This
is important since in ensemble methods, a high diversity is desirable [24][4].
After the hard samples have been identified for a given node, a subsequent
node is created by learning a projection and a new classifier considering such
samples, which will lead to a new subset of hard samples. This procedure continues until convergence, which can be met either by reaching a maximum number
of nodes or by having no more misclassified samples. Thus, each node learns
a model based on different subsets of samples, where the deeper the node, the
harder it is to classify its subset of samples.
We refer to the set of learned nodes built until the convergence as a layer, as
illustrated in Figure 1. The output of a layer is the concatenation of the latent
variables of each node of that layer. After all the nodes of a layer have been
built, their output can be used as the input to create a new layer. The benefit
of using additional layers is that if there is redundancy in some nodes, probably
due to of a lack of diversity, the nodes of the next layer would be able to filter
the redundancy out.
The output of the last layer is used to learn a final classifier, which might be
different than the one used to find hard samples. It is important to emphasize
that the output of the last layer is composed of projections learned for different
subsets of samples and based on different features, causing each node’s output to
be an expert on that subset. This is an advantage of the proposed approach over
a single projection method, such as PLS. On the other hand, a single projectionbased approach would find the projection that is best for the average of the
whole data, which would fail to model multi-modal distributions, for instance.

3

Experimental Results

In this section, we present our experiments and results achieved. First, we evaluate our method on the INRIA pedestrian detection benchmark, using log-average
miss rate and compare it with other baseline approaches. Then, we evaluate our
method on the task of image classification with the CIFAR-10 benchmark, using
the average accuracy to measure the performance of the proposed approach
against a single projection method.
3.1

Pedestrian Detection

The studies of Schwartz et al. [17] and Jordão et al. [11] are the main works
concerning PLS based dimensionality reduction applied to pedestrian detection.
Therefore, to show that our method achieves better results than traditional
projection-based approaches, we employed it to the pedestrian detection problem
and compare with other methods that use comparable features (HOG and LBP).
To validate our results, we adopt the evaluation protocol used by state-ofthe-art works, which is called reasonable set [8] (a detailed discussion regarding
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Fig. 2. Comparison of our boosted PLS projection with other approaches found in the
literature. (a) results using the log-average miss-rate (lower values are better) of 10−2
to 100 (standard protocol); (b) results using the area from 10−2 to 10−1 .

this protocol can be found in [8,3]), where the results are reported on the logaverage miss rate. In addition, similarly to Jordão et al. [11], we used the TUD
pedestrian dataset as validation set to calibrate some parameters of our method.
Our first experiment evaluates the impact of the number of nodes and layers
to compose the boosted projection. On the validation set, the best values for
these parameters were 20 and 3, respectively. The remaining parameter to be
defined in our method is the number of components (latent variables), for each
PLS that will compose a node of a layer (see Section 2). Similarly to Jordao
and Schwartz [11] and according to the results achieved on the validation set,
we note that this parameter is the most important parameter for PLS-based
methods since varying this parameter from 3 to 6, the log-average miss rate
decreases from 53.20 to 50.07, respectively. Based on the results obtained in the
validation, our final PLS based boosted projection was set to 3 layers, where
each layer is composed of 20 nodes that project the data to a 6-dimensional
feature space using the PLS.
In our next experiment, we compare the results of the proposed Boosted
Projection with other baseline methods. To provide a fair comparison, we considered the results reported by the authors in their works. Figure 2(a) shows the
log-average miss rate (on the standard protocol) achieved by the methods on the
INRIA person dataset. Our method achieved a log-average miss rate of 33.92,
outperforming the works of Schwartz et al. [17] and Jordão and Schwartz [11]
in 6.17 and 3.34 percentage points, respectively. On the area on the curve from
10−2 to 10−1 ( Figure 2(b)), which represents a very low false positive rate, our
Boosted PLS still outperforms the other methods, a evidence of being robust to
hard detections. Moreover, our proposed method uses around 30 times fewer features, compared to the work of Schwartz et al. [17], and achieves more accurate
detections. It is also important to reinforce that our method is able to outper-
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Table 1. Results on the CIFAR-10 test dataset.
Method
Average Accuracy Dimensionality
SVM
71.62%
4096
PLS + SVM
69.10%
10
PLS + SVM
74.52%
30
PLS + SVM
75.24%
200
PLS + SVM
75.39%
500
Boosted PLS (1 layer)
75.94%
20 × 10 = 200
Boosted PLS (2 layers)
76.25%
20 × 10 = 200

form detectors that employ more complex features, for instance, HOG-LBP [21],
while using simple HOG-features (the same setup as proposed by Dalal and
Triggs [7]).
Our last experiment regarding pedestrian detection evaluates the computational cost compared to the work of Jordão and Schwartz [11], which, to the best
of our knowledge, is the most recent PLS-based method. We execute, on the same
hardware configuration of [11], the detection on a 640 × 480 image for 10 times,
as is done by Jordão et al. [11], and we compute its confidence interval using
95% of confidence. Our method obtained a confidence interval of [67.02s, 67.77s]
against [270.20s, 272.44s] (results reported by the authors) of [11], showing that
the methods present statistical differences at the execution time. Therefore, according to the results, our method is four times faster than [11]. This reduction in
computational cost is possible due to the use of fewer PLS projections than [11]
(even if we consider the optimal case, where each oblique decision tree consists
of only one PLS projection, see [11] for details).
3.2

Image Classification

To evaluate our method on the image classification task, we used the CIFAR10 [12], a dataset with 32 × 32 pixels RGB colored images of ten classes. We
extract deep features without data augmentation using the Keras Framework [5]
with a VGG16 [18] based network. We tune the C parameter of the Support Vector Machine (SVM), with linear kernel, by employing stratified cross validation
on the training set. The parameter was found to be optimal as C = 0.1, and we
used this parameter for all models. Finally, we use the average of the accuracy
of each class as the evaluation metric, which is the number of true positives over
the sum of the number of true positives and false negatives (higher values are
better).
The first column of Table 1 specifies the method used, which is either a
SVM, a PLS transformation followed by a SVM, or the boosted version of PLS.
The boosted version also uses a SVM to mine for hard samples and as the final
classifier. The second and third columns show the results and the number of
dimension for each method, respectively. Regarding the dimensionality (third
column of Table 1), in the case of the SVM, the dimensionality is the original
dimensionality of the features, 4096, however, with the dimensionality reduction
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method, PLS, the reported dimensionality is the number of components used.
Furthermore, with the Boosted methods, we report the dimensionality as the
product of the number of nodes and the number of components of the underlying
projection method.
According to Table 1, we find the impact of the number of components in
Table 1, the more components the models have, the better its representation. We
can also see a correlation between the accuracy and the number of components.
Employing the Boosted PLS transformation, with 10 components, and classifying
with SVM (Boosted PLS) also achieved better results than with just the PLS
transformation of the same model (PLS + SVM). In this case, the improvement
is likely due to the fact that while PLS transformations minimize an average
error, but thanks to the specialization of each node, our framework can preserve
information of small distributions in the data that falls far from the average.
Regarding the PLS transformation (rows 2 to 5 in Table 1), we can see that
from 10 components to 30 components there is an improvement of 5.42 percentage points, between 200 components and 500 there is only an improvement of a
0.15, illustrating the saturation of the components learned. Our method, however, with 200 dimensions, was able to improve over the PLS model with 500
components by 0.86 percentage points.

4

Conclusions

We presented a novel method for dimensionality reduction, the Boosted Projection. The method focuses on the idea of using several projection models (e.g.,
Partial Least Squares), to build an ensemble with more compact and richer representation of the raw features. We conducted experiments on two important
computer vision tasks: pedestrian detection and image classification. In the first,
we demonstrate that the proposed method outperforms many pedestrian detectors, using simple features. In addition, our method is more accurate and faster
than [11], one of the most recent detector based on PLS. In the second task, we
demonstrate that the proposed method is able to compute features richer than
a single dimensionality reduction method.
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