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ABSTRACT

In applications such as surveillance, pedestrian detection can be seen
as a filtering stage which will locate the objects of interest so that
higher level tasks, such as recognition, re-identification, action and
activity recognition, can be performed considering only those objects. Therefore, it is imperative that the pedestrian detection task
presents low computational cost. Several methods have been proposed to detect pedestrians in images and videos. However, a remaining challenge is to detect pedestrians with high accuracy at a
very low computational cost. Towards accomplishing the goal of
reducing the costs for pedestrian detection, we propose a cascade of
rejection based on Partial Least Squares (PLS) and the variable selection method Variable Importance in Projection (VIP) combined with
the propagation of latent variables through the stages. Our results
show that the method reduces the computational cost by increasing
the number of rejected background samples in earlier stages of the
cascade.
Index Terms— Pedestrian detection, partial least squares, variable importance on projection, rejection cascade.
1. INTRODUCTION
Pedestrians are present in several environments, representing a key
information for numerous applications, such as surveillance, automotive systems and robotics. Detection based on computer vision
methods is still a challenging task due to variabilities in appearance,
illumination, body pose and occlusions to name a few.
In some applications, pedestrian detection is just a small step of
a larger system. It can also be subject to several constraints, such as
low processing power or a large amount of data, recorded by multiple
cameras. Due to such constraints, these scenarios require fast methods with high detection rate. Nevertheless, the majority of pedestrian
detection methods are not fast enough for these applications [1].
Schwartz et al. [2] proposed the Partial Least Squares (PLS) detector based on a combination of multiple feature channels through
PLS and present state-of-the-art results for pedestrian detection [3].
However, due to the use of a high dimensional data, their method
presents high computational cost mainly due to feature extraction
and projections performed to reduce the data dimensionality, consuming around 55% and 38% of detection total time, respectively.
The use of rejection cascades formed by weak classifiers is a
common approach to reduce the computational cost in object detection. These cascades are composed of multiple stages, where each
stage is trained by adding features until the target detection and false
positives rate are met. This cascade framework based on AdaBoost
was initially employed in face detection task by Viola and Jones [4].
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In the pedestrian detection domain it was firstly used by Zhu et al. [5]
using HOG features [6] and resulting in detection rates comparable
to the literature and with a substantial speed improvement.
The key insight behind the usage of cascades is that most of the
regions of natural images belong to the background and present simple characteristics, such as walls, sky or roads, while few regions
belong to pedestrians. Therefore, the early stages of the cascade
focus on those simple background regions, which can be discarded
using simple classifiers with few feature descriptors. Then, a small
number of regions will be left for later stages, which are composed
of more complex classifiers, with more feature descriptors. This process leads to a significant reduction in computational cost.
This work addresses the computational cost in the PLS detector [2] proposing the application of PLS in a rejection cascade framework to reduce the number of projections. Variable Importance on
Projection (VIP) is used to rank features according to their discriminative power, allowing the discarding of more samples in earlier
stages of the cascade which effectively reduces the number of projections. In addition, this work also proposes the propagation of latent variables, estimated by PLS, from one stage to another, aiming
at achieving high accuracy. The cascade resulting from the methodology described in this work is referred to as PLS cascade.
Our experimental results demonstrate that VIP significantly increases the amount of negative samples discarded in earlier stages.
This leads to a smaller computational cost when compared to the
PLS detector [2] due to the reduction in the number of projections.
The incremental propagation of the latent variables reduces the high
miss rate introduced by VIP. As a result, the PLS cascade is able to
achieve a lower miss rate when compared to the cascade proposed by
Zhu et al. [5] with larger number of rejections in the earlier stages.
2. RELATED WORK
Pedestrian detection methods may be divided into two main categories, holistic [6, 7, 8, 9] and part-based [10, 11, 12, 13, 14]. Holistic methods consists in statistical analysis based on window features extraction and further classification of window as containing
a pedestrian or not. Part-based methods consists in combining detected parts of the human body regarding a prior human body.
Schwartz et al. [2, 3] noticed that HOG may detect more false
positives because it considers only the spatial distribution of edge
orientations. To overcome this problem, they used other features,
such as skin color, textures of human clothing, and background textures, producing larger feature vectors, which is intractable for classical machine learning approaches, such as Support Vector Machines
(SVM). The authors proposed projecting the data onto a much lower
dimensional subspace, using the Partial Least Squares (PLS) method
to enable the use of SVM and quadratic classifiers. One of the drawbacks of this approach is its high computational cost due to the high
dimensional feature spaces and large number of projections.

The use of linear and non-linear transformations to compute
multiple registered image channels has been introduced by Dollár et
al. [15]. They proposed a feature extraction that exploits the interpolation of features in different image scales, significantly reducing the
cost and producing faster detectors when coupled with cascade classifiers. This method was improved in their later work [16], yielding a
pedestrian detector system operating near 5 fps with state-of-the-art
detection performance.
Benenson et al. [8], using the object detector described by [16]
as the baseline, proposed an implementation based on GPU to extract fast Integral Channel Features, using a soft-cascade. For stereo
systems, the authors exploits the ground-plane and stixels in order to
achieve a faster method with state-of-the-art detection rate.
For training object detectors, an easier and faster training cascade variation, called soft-cascade, which uses fewer features, was
described by Bourdev et al. [17]. In [18], Zhang et al. proposed
the multiple-instance pruning (MIP) algorithm for soft-cascades. It
computes thresholds to terminate the computation with no reduction
in detection rate or increase in false positive rate on the training set.
Dollár et al. [19] reduced the computational cost of their previous work in [15, 16], achieving 4-30× speedup, by means of a
crosstalk cascade, which explores the correlations among nearby
windows, by introducing two opposing mechanisms: detector excitation of promising neighbors and inhibition of inferior neighbors.
Different from the previous approaches, this work proposes a
cascade of classifiers using a combination of PLS and variable selection approach VIP aiming at reducing the number of projections
required by the PLS detector [2]. In addition, different from approaches such as [4, 5], the proposed cascade propagates information (without increasing the computational cost) to later stages to
increase the discriminability of the classifiers instead of maintaining
all feature descriptors as candidates during all stages.
3. METHODOLOGY
Although PLS allows accurate detection in high-dimensional feature
sets, the method presents a high computational cost [1, 3]. To reduce
this cost, we propose the application of Partial Least Squares method
in the context of a cascade framework, referred to as PLS Cascade.
In the proposed cascade, the feature descriptors are ranked by
VIP so that more discriminative descriptors are used first in the cascade aiming at the rejection of a large number of samples in early
stages. We also propose to propagate the latent variables from one
stage to the next such that discriminative information will be also
available in later stages without the need for reconsideration of feature descriptors that were already used in previous stages. The training and test processes are illustrated in Fig. 1 and are described in
Section 3.2, after a brief overview on the Partial Least Squares and
its derived feature selection method, VIP (Section 3.1).
3.1. Partial Least Squares Analysis
Designed to model relations between observed variables, PLS constructs a set of predictor variables (latent variables) as a linear combination of the original predictors, represented in a matrix X (feature
matrix), containing one sample per row [20]. The responses associated with the samples are stored in a vector y, which are the class
labels in the pedestrian detection problem.
Given an m-dimensional feature space and a scalar denoting the
class label, a set with N samples is represented by the feature matrix
XN ×m and by the vector yN ×1 . PLS decomposes the X and y as
X = T P T + E,

y = U qT + f

where TN ×p and UN ×p stand for latent matrices containing p extracted latent vectors, the matrix Pm×p and the vector q1×p represent the loadings, and EN ×m and fN ×1 store the residuals from
the decomposition. The PLS method employs the Nonlinear Iterative Partial Least Squares (NIPALS) algorithm to estimate a set of
projection vectors W = {w1 , w2 ..., wp }, referred to as projection
vectors. Each of these vectors is estimated to maximize the covariance between the predictor and the response variables [21]. Therefore, while performing the dimension reduction, the PLS focuses on
the discrimination among the classes, providing a low dimensional
feature space suitable for classification and regression.
To perform the dimensionality reduction, the feature vector xi
is projected onto the projection vectors W = {w1 , ..., wp }, which
gives as result the latent vector ti (1 × p). In this work, we use
the PLS approach to both classify a sample considering the PLS regression [22] and reduce the dimensionality of the data so that we
can use the latent variables in the remaining stages of the rejection
cascade to improve their discriminative power.
Derived from PLS, the VIP provides a score for each variable on
the original feature space (matrix X), so that it is possible to rank the
variables according to their predictive power in the PLS model [23].
A higher score indicates that the variable presents more importance.
The VIP for the j-th variable is defined as
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where wji is the j-th element of vector wi , and bi is the regression
weight for the i-th projection vector (bi = UiT Ti ). VIP is employed
to rank the variables to add the most discriminative in the early stages
of the cascade increasing the rejection of background samples.
3.2. PLS Cascade
As pointed out in [4], the intuition behind a rejection cascade is to
build smaller, but efficient classifiers, in order to apply simpler and
faster classifiers in samples which are easy to classify as background,
while more complex and slower classifiers are employed on samples
harder to classify. In this way, the detector will be likely to focus on
more promising detection windows, the one more likely to contain
pedestrians.
The PLS cascade focuses on two aspects to reduce the computational cost for object detection. First, the VIP ranks the feature
descriptors so that the most discriminative variables are assigned to
the initial positions of the feature vector. Hence, differently from
other cascades [4, 5] that need to learn weak classifiers for every
feature to choose the best, our method learns classifiers by adding
features incrementally, following their positions in the feature vector. Second, to avoid considering all features as candidates for each
stage, we remove descriptors that have been already used. Nevertheless, this approach may lead to a reduction in the detection rate,
considering that the later classifiers use less discriminative features.
In order to improve the detection rate in later stages of the cascade,
we propose the propagation of the low-dimensional feature set (latent variables) from a stage i to i + 1 and from stages 1, 2, . . . , i
to i + 1. PLS requires the projection of the feature set onto a lowdimensional space when classifying a sample, hence the propagation
does not increase the computational cost of the method since this information has already been extracted to run the earlier stages.
In the proposed approach, instead of pooling all descriptors and
learning weak classifiers for all of them (or a random subset of them)
to choose the ones that are more suitable for a stage, we first apply
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Fig. 1: Overall layout of the proposed PLS cascade using Partial Least Squares with latent variable propagation and Variable Importance on
Projection (VIP) for feature ranking. Initially, the descriptors are extracted from the image and sorted using VIP, which ranks variables by
their discriminative power. According to their rankings, the variables are set to stages, which allows to increase the number of discarded
samples in the early stages. Each stage adds features until it reaches a desired false positive and miss rate. Hence, a PLS model is created
using these features to classify the samples presented to this stage. Since features that have already been considered are not used in the later
stages, the low-dimensional feature set (latent variables) are propagated to avoid using only features with less discriminative power.
the VIP to select the most discriminative descriptors and then learn
the classifiers following the descriptors rank, which reduces the computational cost for the training.
Another important feature of the proposed cascade is that each
stage contains only a single classifier based on PLS, instead of a set
of weak classifiers. Therefore, to learn each stage, descriptors are
incrementally added following the rank of the variables. A stage is
completed when the learned classifier is able to reject a certain number of negative samples and keep an specified maximum miss rate.
Once a stage is finished, the latent variables estimated by the PLS
are propagated to the next stage to be used together with the descriptors. This process ends when all descriptors have been considered,
as illustrated in Fig. 1 for a cascade with n stages.
4. EXPERIMENTS
In this section, we analyze the impact of the PLS technique in a
cascade structure using VIP to sort the feature descriptors according
to their discriminative information as well as the contribution of the
propagation of the latent variables to improve the detection rates.
The experimental evaluation of the proposed method focuses on
four main points: the results achieved by the baseline cascade (without VIP or propagation of latent variables); the contribution of the
VIP to rank the features so that a large number of detection windows
are rejected in early stages; the reduction in the miss rate achieved by
the propagation of latent variables to the next stage; and comparison
with other approaches. These points are discussed in more details in
the next paragraphs, after the description of the experimental setup.
Experimental setup. The experimental evaluation was based on
the extraction of a set of HOG features with the same setup as in [6].
The HOG features are extracted in blocks of size 16 × 16, divided
into 2 × 2 cells of size 8 × 8. The experiments were performed in
the INRIA Person Dataset [6] with humans and non-human samples
resized to 64 × 128 detection windows, resulting in a total of 3, 780

feature descriptors per detection window. For all experiments, we
employed a 5-fold cross-validation to estimate the threshold used to
reject a sample in a given stage and to estimate the number of latent
variables for the PLS models. The minimum detection rate for each
stage was set to 0.9 and the maximum false positive rate was 0.8.
Following other works [2, 5, 6], we will report the miss rate at 10−4
false positive per windows (FPPW). In addition, we report the rate
of discarded samples considering the first stage of the cascade.
Baseline cascade. Initially, we have learned a cascade without
using VIP and without applying the propagation of latent variables
to have a baseline, referred to as baseline cascade. This cascade is
able to reject a certain number of samples in the earlier stages (20%
by the first stage, as shown in Fig. 2(a)), which results in a lower
number of projections when compared to the PLS detector (9.64%
of the projections are required), as shown in Fig. 3. However, it
suffers with a high miss rate of 75.32% at 10−4 FPPW (Fig. 2(b)).
Application of the VIP. Aiming at rejecting a larger number
of samples in the earlier stages, the VIP has been applied to rank
the features according to their discriminative power. The features
are added to the stages following their ranks, as discussed in Section 3.2. We consider two approaches with the VIP. The first, referred to as VIP once, the VIP is applied once before the beginning of
the cascade considering all variable at once and the second consists
of applying VIP before each stage of the cascade, not considering
the variables already used in previous stages.
On the one hand, the results achieved by both approaches increased significantly the number of samples rejected in the first stage
of the cascade (around 70%, as shown in Fig. 2(a)), compared to the
baseline cascade and according to Fig. 3, the number of projection
also has been reduced to 6.63% compared to the PLS detector [2].
On the other hand, the miss rate has increased to more than 88.91%
at 10−4 FPPW (Fig. 2(b)). The reason for this poor result is that the
discriminative feature descriptors have been employed in the earlier
stages, and in the later stages (responsible for discarding complex
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Fig. 2: Results achieved with different setups and methods. The setup referred to as PLS cascade is composed of VIP once and incremental
propagation of latent variables. (a) cumulative rate of discarded samples as a function of the stages; (b) detection error tradeoff.
samples), features with low discriminative power are used.
Since both approaches present similar results, we have chosen to
use the VIP once throughout the remaining experiments because it is
applied only once, which reduces the computational cost to learn the
cascade.
Propagation of latent variables. To incorporate more discriminative information in the remaining stages, we evaluate the benefits
of propagating the latent variables to the later stages of the cascade.
According to experimental evaluation (not shown here due to lack
of space), the best number of latent variables propagated to the next
stage is 11, number used in the experiments.
Propagating latent variables from one stage to the next (referred
to as propagation of latent variables) shows a positive effect by reducing the miss rate when compared to the previous experiments
(36.01% at 10−4 FPPW, as shown in Fig. 2(b)), which is expected
once the stages have more information to classify the samples. Even
though there is a trade off between the size of the set propagated and
the number of projections (the more variables are propagated, the
more projections are needed), this number is still low: only 7.50%
of the projections required by the PLS detector, as shown in Fig. 3.
Finally, we considered an incremental propagation of latent variables. Therefore, instead of propagating the variable only from stage
i to i + 1, the model in the i-th stage uses the variables from stages
1, 2, . . . , i − 1. The setup considering VIP once and the incremental
propagation of latent variables is referred to as PLS cascade and it
will be set as the final configuration for the proposed cascade. With
the PLS cascade, the miss rate reduces to 28.35% at 10−4 FPPW
(Fig. 2(b)) at a slight increment of 3.63% in the number of projections when compared to propagation only to the next stage.
Comparisons. We compared the PLS cascade with the cascade
proposed by Zhu et al. [5] (using PLS for classification, instead of
SVM) and with the PLS detector proposed by Schwartz et al. [2]. In
order to establish a fair comparison, we have used the same 3, 780
feature descriptors employed to learn the PLS cascade to learn Zhu’s
cascade and the PLS detector.
Regarding the cascades, the results in Fig. 2(b) show that the
miss rate achieved by the PLS cascade (28.35% at 10−4 FPPW) is
smaller than the one achieve by Zhu’s cascade (40.16%). In addition, according to Fig. 2(a), the number of samples discarded in the
early stages is greater when the proposed cascade is considered (e.g.,
67.45% of the detection windows are rejected by PLS cascade at the
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Fig. 3: Percentage of projections performed by each method, normalized by the number of projection required by the PLS detector.
first stage and 44.46% by the Zhu’s cascade), which makes the PLS
cascade a faster and more accurate method.
When compared to the PLS detector, the proposed cascade
achieved a higher miss rate at 10−4 (17.38% for the PLS detector
and 28.35% for the PLS cascade), according to Fig. 2(b). Even
though the miss rate is higher, the proposed cascade performs only
7.49% of the projections required by the PLS detector (Fig. 3),
which makes the PLS cascade a promising approach for further
investigation, which should focus mainly on the use of a larger number of feature descriptors, which is usually necessary for cascade
approaches (e.g., as much as 98, 928 descriptors were used by Zhu
et al. [5] to achieve similar results obtained by Dalal and Triggs [6]
with only 3, 780 descriptors with their SVM-based detector).

5. CONCLUSIONS
In this work, we proposed the use of a rejection cascade based on
PLS. This method allows reducing the computational cost by discarding less promising samples earlier. In order to discard more samples in earlier stages of the cascade, we proposed the use of the PLSbased feature sorting method VIP and to improve the detection rate,
a latent variable propagation scheme is employed. Results showed
that the combination of VIP and propagation of latent variables is
promising due to the significant reduction on the number of projections, even when compared to a well-known cascade approach [5].
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