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ABSTRACT
In this paper, we propose a leg-driven physiology framework
for pedestrian detection. The framework is introduced to reduce the search space of candidate regions of pedestrians.
Given a set of vertical line segments, we can generate a space
of rectangular candidate regions, based on a model of body
proportions. The proposed framework can be either integrated
with or without learning-based pedestrian detection methods
to validate the candidate regions. A symmetry constraint is
then applied to validate each candidate region to decrease the
false positive rate. The experiment demonstrates the promising results of the proposed method by comparing it with Dalal
& Triggs method. For example, rectangular regions detected
by the proposed method has much similar area to the ground
truth than regions detected by Dalal & Triggs method.
Index Terms— Pedestrian detection, leg, line segment,
bounding box
1. INTRODUCTION
Pedestrian detection has been active in computer vision and
pattern recognition [6, 4] due to its wide range of applications, e.g., video surveillance [20], driving assistance [17].
Most of pedestrian detection methods follow a machine learning strategy that usually contains two aspects: i) designing
a distinct representation robust with respect to various appearance of a pedestrian, and ii) designing/selecting an effective classifier. In the context of pedestrian detection, examples of well-known representations include Haar wavelet
coefficients [15], grid of Histogram of Oriented Gradients
(HOG) [3], Local Binary Patterns [23], and edgelet part representations [21]; examples of well-known classifiers include
SVM [15, 3], neural network [22, 5], boosting [14, 9], and
Bayesian [21]. Recently, deep neural network (also called
deep learning) received extensive studies for pedestrian detection [16, 13, 24, 18]. An appealing advantage of deep neural
networks is that they can be directly applied to the raw representation of a candidate region without an explicit feature

Fig. 1. A theory of body proportions of a pedestrian (in a
standing pose), where the head height is used as the basic unit
to measure the length of other body parts [2]. In practice, it is
not easy to estimate the head height, and thus we propose to
estimate the height and the width of a pedestrian in terms of
his/her legs (either lower legs or entire legs) under a standing
pose or a walking pose.
extraction procedure, such as HOG [3].
In this paper, we propose a leg-driven physiology framework for pedestrian detection. The basic idea of the proposed
framework is that we can construct a small set of rectangular candidate regions based on the theory of body proportions
of a pedestrian [2] (as illustrated in Fig. 1), in addition to
recent developments on line segment detection (or 2-piece
polylines) [10, 19, 11]. The proposed framework is driven
by legs, which is motivated by the following facts: 1) a leg is
more salient than an arm in terms of its length and width; 2)
a leg can be modeled by simpler geometry primitives (line
segments or 2-piece polylines) than a head. More specifically, we first detect a number of “vertical” line segments
(whose cross angles with the ground is larger than 45◦ . For
each line segment, we generate a number of bounding boxes

whose locations, heights, and widths are estimated by a developed theory of body proportion of a pedestrian in a standing
or a walking pose. Finally, a symmetry constraint is applied
to remove non-pedestrian bounding boxes. It is worth noting
that the proposed framework can be integrated with an existing machine learning method, by adding an additional step of
verifying bounding boxes via a machine learning method. In
the experiment, we compare Dalal & Triggs method (i.e., the
HOG+SVM method) and the proposed framework, and the
results convince its effectiveness.
The paper is structured as follows: Section 2 reviews line
segment detection. A pedestrian detection algorithm is proposed in Section 3. Experiments are presented in Section 4.
Conclusion and future works are presented in Section 5.

other due to the application of a scale space. Both methods
detected a sufficient number of line segments consistent with
the length of lower legs or entire legs of a pedestrian, which
helps to generate precise bounding boxes.

2. LINE SEGMENTATION DETECTION
Recently, several interesting methods were proposed to detect line segments [10, 19, 11]. Here, we are going to review
two of them, both of which engage connected components of
edge pixels: i) Kosecka and Zhang [10], and ii) Li et al. [11].
Kosecka and Zhang [10] proposed a fitting based method to
detect line segments in the context of vanishing point estimation. Specifically, their method first applied quantified gradient directions to label edge pixels, and then applied the connected components algorithm to group edge pixels with the
same label. A fitting algorithm was finally applied to each
connected component to estimate its line parameter. Li et
al. [11] proposed a method that can detect not only line segments (called 1-piece polylines) but also two joint line segments (called 2-piece polylines) in the context of stop sign
detection. Note that 2-piece polylines can be used to model
a bended leg of a walking pedestrian under a side view. Due
to the space constraint, we here will focused on line segments
only.
Given a connected component (C) of edge pixels, Li et al.
method performs three steps for line segment detection [11].
The first step extracts three dominant points, where the first
two points (v1 and v2 ) maximize the distance of an arbitrary
pair of points in C, and the third point v3 maximizes the sum
of distances between a p ∈ C and vi , i = 1, 2, i.e.,
max(kp − v1 k + kp − v2 k).
p∈C

The second step verifies the piecewise linearity of C. The
third step partitions C into two subsets if C does not form a
1-piece polyline. This idea is then applied to the two subsets
recursively.
Fig. 2 shows “vertical” line segments detected in a pedestrian image by the above two methods: i) Kosecka and Zhang
[10], and ii) Li et al. [11]. Recall that a vertical line segment
refers to a line segment whose cross angle with the ground is
larger than 45◦ in this paper. Note that some line segments
detected by Li’s methods may be partially overlapped to each

(a) Kosecka & Zhang [10]

(b) Li et al. [11]

Fig. 2. “Vertical” line segments detected by Kosecka & Zhang
method [10] and Li et al. method [11]. Both methods detected
a sufficient number of line segments consistent with the length
of lower legs or entire legs of a pedestrian, which helps to
generate precise bounding boxes.

3. A LEG-DRIVEN PEDESTRIAN DETECTION
ALGORITHM
In this section, we will propose a leg-driven framework for
pedestrian detection. The framework contains two key components: i) how to generate hypothesis boxes, given vertical
line segments; and 2) how to remove false-positive boxes.
For convenience, we will use the notations listed in Table 1.
notation
h
w
l
θ

meaning
height of a hypothesis box
width of a hypothesis box
length of a line segment
cross angle between a line and the ground
Table 1. Notations

3.1. Generation of hypothesis boxes
Pedestrians can have many different poses under different
(camera) viewing directions. Poses and viewing directions
have a significant impact on the width of a hypothesis box,
and have relatively small impact on the height of a hypothesis

1

box. Exhaustive modeling a large number of poses may not
be a realistic attempt since this attempt can generate a large
number of hypothesis boxes, increasing computation cost and
more seriously increasing false-positive instances. Thus, we
propose two standard configurations on hypothesis boxes: i)
narrow, and ii) wide. A narrow box has a width equal to 2
times of the height of a head (refer to Fig. 1; a wide box has
a width equal to 4 times the height of a head. The height of
both types of boxes is equal to 8 times the height of a head.
Given a “vertical” line segment with length l, it is not difficult for us to decide the height and width of a box, under
different combinations of two factors: i) a lower or entire leg,
and ii) a narrow or wide type. Table 2 shows the formula to
estimate the size of a box under different scenarios.
The two standard types of boxes are exclusive, i.e., only
one type of box can be generated for a given vertical line segment. The selection of a narrow or wide box depends on θ,
in addition to the leg configuration (lower or entire). When a
line segment is an edge of an entire leg, it is easy to see that
θ = 60◦ can be used to decide the type of a box. (Note that
cos 60◦ = 0.5.) Otherwise, the analysis seems difficult without introducing a 2-piece polyline that can model a walking
leg very well. We will leave this in the future work.
narrow type
lower leg entire leg
h
w
h
w
4l
l
2l 0.5l

wide type
lower leg entire leg
h
w
h
w
4l
2l
2l
l

Table 2. The length of a “vertical” line segment is used to
decide the length and the width of a hypothesis box.
Since a line segment can be one of four edges of two lower
legs, or one of four edges of two entire legs, we need to decide
the location of a hypothesis box for each possible case. One
key factor that has an impact on the location estimation is the
width of a leg. With measurement on images on the INRIA
pedestrian dataset, we set the width of a lower leg as 0.25 × l.
Under a narrow size configuration, we set the gap between
two legs to be 0.1×l. Thus, we can derive the relative distance
between each of four possible edges of a leg and the boundary
of a bounding box, as illustrated in Fig. 3. Note that numbers
displayed in Fig. 3 represents ratios only. The analysis under
a wide size configuration is similar to Fig. 3. But there are
only 4 boxes generated for a fairly skew line segment.
3.2. Symmetry constraint
Left/right symmetry has been shown an effective way to reduce the false positive rate of a pedestrian detection method
[1, 7, 8]. Bertozzi et al. [1] measured the symmetry of an
image region (enclosed by a bounding box) by computing the
similarity of the normalized histograms of gray values of left
and right sub-regions (that are divided by the central vertical line of a given bounding box). Specifically, assume that

1
4
0.2
2

0.45
0.55
0.8

(a)

(b)

Fig. 3. Under a narrow size configuration, eight hypothesis
boxes are generated for given a “vertical” line segment. (a)
Four boxes are generated with the hypothesis that the line segment is one of four edges of two lower legs; (b) Four boxes
are generated with the hypothesis that the line segment is one
of four edges of two entire legs.
hi , i = 1, 2, are the histograms of the gray values of left and
right sub-regions, respectively. The symmetry of the region
is measured by the dot product khh11 k · khh22 k , where k · k denotes the 2-norm of a vector. Following the above idea, symmetry measurement is translated to similarity measurement,
and thus many existing feature representations, such as HOG,
SIFT [12], and LBP [23], can be used as alternatives, especially in the scenarios that computational time is not critical
in an application of pedestrian/human detection.
3.3. Merging boxes with significant overlaps
There may be multiple boxes partially overlapped to each
other. One reason is that multiple hypothesis boxes may be
generated by the same vertical line. In the context of scale
space, similar line segments may be detected, which leads to
similar bounding boxes. We try to merge them together in order to have a clear view on the output results. Given hypothesis boxes b1 and b2 , their overlapping region are quantified as
the overlapping ratio between these two boxes as follows:
overlapping =

area(b1 ∩ b2 )
.
area(b1 ∪ b2 )

(1)

If the overlapping ratio is significant, i.e., larger than a threshold (that is set to be 50% in this paper), b2 is added to the
cluster containing b1 . For each cluster of boxes, we return the
bounding box with the highest symmetry. Note that if two
boxes have significant difference in their size, the two boxes
won’t be merged even though one box is enclosed to the other
one.
4. EXPERIMENT
In this section, we will test the performance of the proposed framework, along with a comparison to Dalal & Triggs
method, i.e., the HOG+SVM method [3]. (The pedestrian

method
Dalal and Triggs [3]
Proposed

true positive #
86
127

false positive #
367
215

Table 3. Test set contains 250 images and 287 pedestrians.
The proposed method increases 48% true positive detected
pedestrians, and descrease 41% false positive detected pedestrians.

detector in the vision package in Matlab 2016a is used as the
implementation of Dalal & Triggs method.) Li et al. method
[11] is used to detect line segments. The left/right symmetry
of a region is measured by the similarity of histograms of
gray values in its left and right sub-regions. We will first give
a visual comparison, and then a quantitative comparison.
Fig. 4 shows a visual comparison between Dalal & Triggs
method and the proposed method. It is clear to see that
the bounding boxes detected by Dalal & Triggs method are
commonly much larger than the proposed method, while the
bounding boxes detected by the proposed method are much
more accurate. Moreover, many bounding boxes detected
Dalal & Triggs method are false positive. In the first two images, each of which contains two pedestrians, Dalal & Triggs
method only detects one.
Next, we present a quantitative comparison between the
two methods. Our test set includes 250 INRIA images that
contain 287 pedestrians totally. A bounding box output by a
method is considered as true-positive if the overlap between
the bounding box and the ground truth is over 50%.
Table 3 shows the number of true positives and false positives obtained by the two methods. Dalal & Triggs method detected 86 pedestrians correctly, and the proposed one detected
127 pedestrians. Dalal & Briggs method outputs 367 falsepositive bounding boxes, and the proposed one outputs 215.
Precisely, the proposed method increases 48% true-positives,
and decreases 41% false-positives.

5. CONCLUSION AND FUTURE WORK
In this paper, we proposed a leg-driven framework for pedestrian detection. Experiments show that the proposed framework achieve more precise localization of a pedestrian region
than Dalal & Triggs method. In the future, we will explore the
features of 2-piece polylines, such as the orientation, to reduce the number of hypothesis boxes, which is in turn equivalent to reduce the false positive rates.
Acknowledgements: The work of Xiangui Kang was supported by NSFC (Grant nos. 61379155, U1536204) and NSF
of Guangdong province (Grant no. s2013020012788).

(a) Dalal & Triggs [3]

(b) Proposed

Fig. 4. A comparison between Dalal & Triggs [3] and the
proposed method. The bounding boxes detected by Dalal &
Triggs method are commonly much larger than the proposed
method.
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