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Abstract. Appearing as an important task in computer vision, pedestrian detection has been widely investigated in the recent years. To design
a robust detector, we propose a feature descriptor called Local Response
Context (LRC). This descriptor captures discriminative information regarding the surrounding of the person’s location by sampling the response map obtained by a generic sliding window detector. A partial least
squares regression model using LRC descriptors is learned and employed
as a second classification stage (after the execution of the generic detector
to obtain the response map). Experiments based on the ETHZ pedestrian dataset show that the proposed approach improves significantly the
results achieved by the generic detector alone and is comparable to the
state-of-the-art methods.
Keywords: pedestrian detection, local response context, partial least
squares regression.
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Introduction

Pedestrian detection is of fundamental importance in computer vision due to
the use of people’s location for tasks such as person recognition, tracking, pose
estimation, and action recognition. To reduce the amount of noise (false detections) input to these tasks, it is important to maintain a low miss-detection rate
while reducing as much as possible the number of false alarms, which can only
be achieved with the use of robust detection algorithms.
The main challenges faced to locate people in images are related to pose
variation, illumination changes, blur, and partial occlusions. To deal with such
conditions, most pedestrian detectors are either holistic or part-based [14]. While
the latter, which employs a generative process to combine detected parts to a
prior human model, is more suitable to handle conditions such as pose variation
and partial occlusions, the former is able to collect more discriminative information by performing a statistical analysis to combine a set of low-level features
within a detection window due to the larger size of the whole body, compared
to the size of the parts.
To be able to locate all humans in an image, a holistic detector employs an
image sweeping based on a sliding window which considers multiple scales and
small strides. A consequence resulting of this approach is the existence of multiple
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decreasing responses around the person’s location. These multiple responses are
normally removed by non-maximum suppression.
The evaluation of the response provided by a single detection window (as
done when non-maximum suppression is applied) may generate ambiguities since
that peak response can be caused by false alarms such as trees or poles, which
present shapes similar to pedestrians. Nevertheless, the analysis of the spatial
distribution of responses around detection windows (context) might reduce or
even remove such ambiguities because the behavior of detector responses may
vary according to the type of object.
The contribution of the context around the person’s location for detection has
been observed in the work of Dalal and Triggs [2] with the addition of a number
of background pixels on the four sides of the detection window. Therefore, one
way of incorporating more context is to increase even more the detection window
size to add more background information. However, there is the consequence that
the feature space becomes extremely high dimensional since robust detection is
better achieved through feature combination [11].
The addition of more descriptors to capture extra background information,
besides increasing the feature space dimensionality, does not incorporate information regarding the object being detected (pedestrians) because descriptors
are general and only add such information after a learning process. On the other
hand, if detection responses are considered, some information regarding the problems is already incorporated since the responses depend on the object class, and
the dimensionality of the feature space for the detector is not changed.
This work proposes the use of local response context to improve pedestrian
detection. The process works as follows. After the execution of a holistic detector and the composition of the response map for an image, responses around
each detection window are sampled to compose a feature vector, referred as to
Local Response Context (LRC). In the training phase, feature vectors located
around detection windows containing pedestrian and detection windows with
background are used to learn a regression model. Therefore, the responses are
used as a new set of descriptors. Finally, during the classification, LRC feature
vectors are projected onto the model and classified as pedestrian or background.
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Related Work

Dalal and Triggs [2] proposed the use of histogram of oriented gradient (HOG) as
feature descriptor for human detection, whose results outperformed other features. Zhu et al. [20] presented a method that significantly speeds up human
detection by combining HOG descriptors with a cascade of rejectors. Variable
size blocks are used in their method, such that larger blocks allow rejection of
the majority of detection windows in the early few stages of the cascade. Zhang
et al. [19] described a multiple resolution framework for object detection based
on HOG to reduce computational cost, where lower resolution features are firstly
used to reject most of the negative windows, then expensive higher resolution
features are used to obtain more precise detection. Begard et al. [1] developed
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two learning algorithms for real-time pedestrian detection using different implementations of AdaBoost to optimize the use of the local descriptors.
A human detection method using covariance matrices as feature descriptors
and a learning algorithm based on a Riemannian manifold was presented by
Tuzel et al. [15]. Their method produced superior results when compared with
the methods proposed by Dalal and Triggs [2] and Zhu et al. [20]. Mu et al. [10]
developed a human detection method based on two variants of local binary patterns (LBP), comparing the results against the use of covariance matrix and
HOG descriptors. Wu and Nevatia [17] proposed a cascade-based framework
to integrate heterogeneous features for object detection, such as edgelet, HOG
and covariance descriptors. Maji et al. [8] proposed features based on a multilevel version of HOG and histogram intersection kernel support vector machines
(IKSVM) to obtain a good balance between performance and accuracy in pedestrian detection.
Part-based representations have also been used for human detection. Shet
and Davis [13] employed a logical reasoning approach to utilizing contextual
information and knowledge about human interactions, extending the output of
different low-level detectors for human detection. Lin and Davis [7] proposed a
pose-invariant feature descriptor for human detection and pose segmentation.
Tran and Forsyth [14] developed a two-step pedestrian detection strategy, where
the configuration of the best person within each detection window is firstly estimated, then features are extracted for each part resulting from this estimation
and passed to a support vector machine classifier to make the final decision.
Context information has been used to increase accuracy of the human detection process. Gualdi et al. [6] exploited context information through a relevance feedback strategy, which enhances the pedestrian detection step by using
training on positive and negative samples, and a weak scene calibration, which
estimates the scene perspective to discard outliers. Statistical relationship between objects and people, modeled by Markov logic networks, was used by Wu
et al. [18] to incorporate user activities as context information for object recognition. Morency [9] described co-occurrence graphs for modeling relations between
visual head gestures and contextual cues, such as spoken words or pauses, to
select relevant contextual features in multiparty interactions.
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Proposed Method

In this section, we describe the proposed method for incorporating local response context for pedestrian detection. Since the addition of feature descriptors extracted from surrounding regions of a detection window would result in
an extremely high dimensional space (millions of descriptors to describe a single
detection window), we use detection responses of a local neighborhood to build
a new classifier to improve the discrimination between human and non-human
samples.
A holistic sliding-window detector (referred as to generic detector ) extracts
feature descriptors for each detection window, then presents the resulting fea-
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Fig. 1: Proposed method. The left-hand side shows the detection process performed by
a generic pedestrian detector. The right-hand side shows the incremented detection
process with the addition of the local response context descriptor. Using the resulting
response map, LRC descriptors are extracted for each detection window and projected
onto a PLS model, resulting in a more accurate classification between humans and
non-humans.

ture vector to a classification method, which results in a response value used as
confidence to separate humans from background. A response map, R(x, y) with
the image size, is built using the resulting set of responses (a response is placed
at the centroid of the location of its corresponding detection window). Finally,
a non-maximum suppression procedure is executed to maintain only detection
windows with the highest responses. This process is illustrated on the left-hand
side of Figure 1.
In contrast to the generic detector, which applies the non-maximum suppression after building the response map, we use this map to sample responses in
the neighborhood of each detection window to extract the local response context
descriptor, which will be used for a second and more accurate detection process, as illustrated on the right-hand side of Figure 1. The complete procedure
is composed of feature extraction, training and classification.
The feature extraction works as follows. Let di be a detection window with
centroid located at (x, y) and its local neighborhood defined by a square with
left-most corner at (x − ∆, y − ∆) and right-most corner (x + ∆, y + ∆), where ∆
is a value defined experimentally. The responses R(x′ , y ′ ) inside this region are
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sampled and linearized to compose the feature vector v LRC , used to describe di
during its classification.
For the training, a generic pedestrian detector is executed for a previously
labeled image sequence, resulting in a set of response maps. For each detection
window, a feature vector based on LRC is extracted. Then, the detection windows
are separated according to their classes (humans or non-humans) given by the
ground-truth locations. Finally, a Partial Least Squares (PLS) model [12] is built
to classify samples using labels +1 for human and −1 for non-human.
Partial least squares is a method for modeling relations between sets of observed variables in a latent space. It constructs new predictors as linear combinations of the original variables summarized in a matrix X of descriptor variables
(matrix with feature vectors) and a vector y of responses (class labels). PLS
decomposes the input variables as
X = TPT + E
y = U qT + f
where T and U are n × p matrices containing p extracted latent vectors, the
(m × p) matrix P and the (1 × p) vector q represent the loadings and the n × m
matrix E and the n × 1 vector f are the residuals. The PLS method, using the
nonlinear iterative partial least squares (NIPALS) algorithm [16], constructs a
matrix of weights W indicating the importance of each descriptor. Using these
weights, the regression coefficients β m×1 can be estimated by
β = W (P T W )−1 T T y.

(1)

Then, the regression response, yv , for a feature vector v LRC is obtained by
yv = y + β T v LRC

(2)

where y is the sample mean of y.
Once the PLS model has been estimated in the training process, it is stored
to be used during the classification, when test sequences are presented. The
classification is illustrated on the right-hand side of Figure 1 and works as follows.
First, for each image, a generic pedestrian detector is executed to obtain the
response map. Then, the feature vector v LRC is extracted for a detection window
di and projected onto the PLS model using Equation 2. The higher the response,
the more likely is that di contains a human (due to the class labeling used).
Finally, using the response map generated by this classification process, the
non-maximum suppression can be performed to locate pedestrians individually.

4

Experimental Results

This section presents and compares results obtained with local response context.
First, we present a brief summary of the human detector used to obtain the response maps. Then, we describe the parameter choice considered and, finally, we
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compare detection results achieved when LRC is incorporated to results obtained
by state-of-the-art approaches.
The PLS Human Detector. As generic detector, used to obtain responses
for each detection window to build the response map, we employed the human
detection method proposed by Schwartz et al. [11], which is available for download. This is a holistic detector based on a combination of descriptors focusing
on shape (histograms of oriented gradients), texture (co-occurrence matrices),
and color (color frequency) that uses PLS to reduce the dimensionality of the
feature space and provide discriminability between the two classes.
The detection is performed as follows. Each detection window is decomposed
into overlapping blocks and feature descriptors are extracted and concatenated
in a feature vector. This feature vector is then projected onto a PLS model and
the resulting latent variables are classified as either a human or non-human by
a quadratic classifier. Finally, a response map is output for each image.
Experimental Setup. To evaluate our method, we use the ETHZ pedestrian
dataset [3], which is composed of three video sequences collected from a moving
platform. These sequences contain frames of size 640 × 480 pixels. For all the
experiments, the detection is performed over 16 scales to consider humans with
heights between 60 and 500 pixels, with strides of 4 pixels in the x-axis and 8
pixels in the y-axis. This setup results in 64, 292 detection windows per frame.
To learn the PLS model with the local response context, the initial 50 frames
of the training sequence #0 from the ETHZ pedestrian dataset is used. From
these frames, 163 human exemplars and 750 counter-examples (15 per frame
chosen in decreasing order according to the response of the corresponding detection windows) are sampled. The PLS model is built considering a latent space of
10 dimensions. In addition, ∆ = 19 is used for the neighborhood, resulting in a
feature vector with 1521 descriptors. These parameters were chosen empirically
during the training and kept fixed during the classification stage.
Comparisons. Figure 2 shows curves comparing the proposed method (referred as to local response context) in the three ETHZ sequences to other methods
of the literature. In these plots, the x-axis shows the number of false positive per
image (FPPI) and the y-axis shows the recall, which is the fraction of detected
pedestrian samples among all pedestrians in the video sequence.
Curves shown in Figure 2 compare our method to four state-of-the-art approaches in the literature. The most important comparison is to the PLS human
detector [11] since the proposed method uses the response map generated by
it. Therefore, any gain in performance compared to that method is due to the
addition of the LRC. The other approaches in the comparison were proposed by
Ess et al. [3–5]. These methods employ not only low-level descriptors, as in the
proposed method, but also scene information such as depth maps, ground-plane
estimation, occlusion reasoning, and tracking to detect pedestrians.
Discussion. According to the results displayed in Figure 2, there are significant
improvements on the recall when compared to the use of the the PLS human
detector [11], which shows a clear contribution of the LRC. In addition, even
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Fig. 2: Comparisons using three video sequences of the ETHZ pedestrian dataset. The
proposed method is referred as to local response context.

though the other methods in the comparison use extra information, the proposed
method presents very similar or better results in all video sequences. Therefore,
the use of extra information such as ground-plane estimation and tracking might
be exploited to achieve further improvements in the future.
One of the advantages of using LRC descriptors instead of considering lowlevel descriptors extracted from the neighborhood is the fairly low dimensionality
of the feature vectors (1521 descriptors for a neighborhood with 19 pixels). If
the detection window of the PLS human detector [11] were increased to consider
a local neighborhood, the number of descriptors in the feature vector would be
easily higher than one million, which might prevent the method from running
due to the extremely high memory consumption and computation.
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Conclusions

This work presented a pedestrian detection approach based on the local response
context. This method uses response maps computed by a generic pedestrian
detector (PLS Human Detector for this work) to extract feature descriptors that
are used to build a PLS model employed to classify detection windows as humans
or non-humans. Experimental results presented improvements on detection rates
on the ETHZ dataset when compared to the PLS Human Detector. In addition,
the proposed detector achieved results comparable to state-of-the-art methods.
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