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Abstract—In this paper we study 3D pedestrian motion direc-
tion estimation using a projective geometry based method. The
idea for estimation is based on image sequence analysis, where the
detection of both head and toe points will provide measurements
for vanishing point estimation. Knowing that once the walk
direction is fixed, these two points move along 3D parallel lines.
This estimation assumes that there is a binary segmentation of
the pedestrian. For each frame, the top and the bottom points of
the segmentation are extracted. One line is fitted to the collection
of top points and the other to the collection of the bottom points.
Given these two lines, the vanishing point is estimated and thence
the direction of the pedestrian. Our approach either assumes two
intrinsic parameters cameras that are known or estimated at a
learning stage using two previously known walking pedestrian
directions. Experiments using a publicly available database show
an accurate estimation of the direction of the body with less than
3 degrees error.
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ishing point, Projective Geometry

I. INTRODUCTION

Estimating direction of pedestrians walking or running
from video is a crucial task for video surveillance applica-
tions : video surveillance, pedestrian protection using driver
assistance systems, traffic control systems, improving people
tracking and identification systems, accident avoidance system
for smart cars, etc. Many contributions have been proposed
and challenges are still here, due mainly to external conditions,
which degrade the image quality especially in low resolution
image. In addition, even when the scene is crowded, there is
need to compute an accurate value of the direction with low
complexity in time and space usage.

In this paper we address the task of estimating direction
of moving pedestrians. The scene is depicted by a series of
images shot by a single camera. Movements of head and feet
of pedestrian’s silhouette determine the direction of movement
of that person. Each movement - top and bottom - is defined
by a line. In order to be robust against the small individual
movements of the head and the feet, positions of the head
and the feet, are fitted one to the top and the other to the
bottom line via linear regression. These lines are parallel in 3D,
according to projective geometry. Those lines would intersect
in a vanishing point. The direction of the movement of the
person is determined using the estimated vanishing point, the
principal point coordinates and the focal length,

We begin this paper by presenting the related works. The
section III is devoted to the principles of our approach. We
present the conducted experiments on CASIA-A and CASIA-
B dataset [1] and we discuss the obtained results in section
IV. The robustness and weakness of our method and all future
works are given in section V. We conclude this paper by some
suggestions for improving the proposed method.

II. RELATED WORKS

The majority of current works devoted to pedestrian direc-
tion estimation, use classification methods and deliver a rough
direction of the body. Experiments have been conducted on
disparate datasets which made their comparison difficult.

Support Vector Machine based scheme (SVM) has served
in [2] to estimate the walking direction of pedestrian from
images where 90% of correct recognition is obtained for 16
directions. It has also been used in [3] to estimate the discrete
probability distribution of the orientation. This approach was
trained using the INRIA pedestrian dataset. The results of
tests in realistic conditions, show that 49.7% fall in the
same bin as a ground truth when 81.3% fall in the same or
adjacent bins. Chen [4] uses sparse representation technique
on each frame for body pose classification. This generating
(noisy) observation on body poses which is improved by soft
coupling of body pose with the movement in a particle filtering
framework. For the 8 directions studied, 75% as pose accuracy
is achieved. Guangzhe [5] estimates the pedestrian orientation
using Adaboost as a classifier and achieve 64% accuracy
for 8 orientations. In [6], D. Baltieri estimates the person
orientation on single images based on appearance features.
The three level HoG feature set is extracted from each people
detection and they are provided as an input to an array of
binary classifiers trained on a set of discrete orientations. An
average of 70% is obtained for classification of 8 directions.
Tao and Klette [7] proposed novel Random Decision Forests
to simultaneously classify pedestrians and their directions and
yield results which are comparable to those of state-of-the-art
and baseline methods.

In the context of intelligent vehicles, Flohr et al.[8]
present an approach for the joint probabilistic estimation of
pedestrian head and body orientation. A novel approach for
jointly estimating head and body orientations is proposed in
[9]. Target feet positions are estimated with the multi-target



tracking approach and used for head localization and cropping
via a 3D head-plus-shoulder model registered through shape
matching, the precision 0.87 is achieved. H. Liu and L. Ma
[10] estimate the orientation based on online appearance-based
classifier update. Reliable motion direction is determined as
pre-estimated person orientation to update the appearance-
based classifier. This approach achieves more competitive
performances especially for unknown scenes. R. Raman [11]
proposes an approach for direction estimation of a moving
pedestrian estimation. The dimensional change-based feature
is used to estimate the direction of motion ; eight discrete
directions of motion are taken into account and the hidden
Markov model is used for classification, 90% of accuracy is
achieved on CASIA-B dataset [1].

Projective geometry can help to solve this problem. Many
works have dealt with pedestrians motion for camera calibra-
tion. The horizon line is estimated by observing the human
motion in different directions. Authors use the fact that the
line joining the head positions of a pedestrian in two time
instances is parallel to the line joining the feet (or bottom)
positions to the corresponding time instances. Similarly, the
line joining the head to the feet in a frame is also parallel to
the line joining the head to the feet in the next frame.

Using frames of a pedestrian walking in a straight line,
authors in [12], recover three orthogonal vanishing points for
camera calibration method. To do this, authors assume that
shoes follows periodic motion.

The published works related to vanishing points and lines
are devoted to camera calibration and would either assume
accurate positions of pedestrian’s points, or would propose a
rough detection and an approximation of the points.

In [12] left and right toes of the shoes are extracted from the
pedestrian blobs when the two legs are maximally separated
and used to construct two image lines. Obtaining such frames
is unrealistic in real world : the presence of toes is not
guaranteed, foot may be occluded or not separated from the
other, and the distance between the foot is different.

Authors in [14] calculate top and bottom locations from
the tracked pedestrians using the center of mass and the
second order moment of the lower and the upper portion
of the bounding box of the foreground region. In [15], the
bottom point determined either as the end point of the major
axis of the ellipse fitting the pedestrian’s blob or the end of
the line fitting the bounding box. These two methods [14]
[15] do not locate specific point of foot and then we can’t
assert that the pair of lines joining the two successive top
points and bottom points, are parallel in 3D.

In this paper we deal with binary images pedestrians
assuming that silhouettes are noisy. Our aim is to locate the
pair of parallel lines in the scene joining both the tops of heads
and the feet extremities to improve the results of the state of
the art in accuracy.

III. PROPOSED APPROACH

We assume that pedestrian is walking following a given
direction. Image sequence is acquired and segmented. The

Fig. 1. Vanishing points ω associated to the direction of (∆′).

problem of direction change is not processed here and will
be in our future works.

A. Walking Direction of Pedestrians from 3D to 2D

We define the pedestrian’s direction as the orientation of the
intersection of the plane, defined by pedestrian bodies along
the motion trajectory and the plane perpendicular to the image
plane as shown in figure 1 where the slope of ∆′ (tan(α)) is
the orientation of the pedestrian in 3D.

Let ω(uω, vω) be the vanishing point located on the image
plane associated to the direction of ∆′. The angle α may be
computed using ω, the focal length f and the coordinates of
the principal point P (u0, v0) as follow:

α = arctan(
uω − uO

f
) (1)

B. Determining the values of uO, f

The values of uO, f , needed in order to calculate the angle
α, may be available either if the camera is calibrated, or by
performing a learning stage using two pairs of parallel lines
which have two known different directions α1, α2 giving two
vanishing points ω1, ω2 in image plane. The values of uO, f
are computed as follow.

tan(α1)× f = uω1
− uO ,

tan(α2)× f = uω2 − uO

If α1, α2 are not equal to 0 and Π/2, we get from this:
f =

uω1
−uω2

(tan(α1)−tan(α2))
and uO = uω1

− tan(α1)× f

In practical case, it is easy to perform this step by taking
videos of a person moving to directions α1 = Π/4 and α2 =
−Π/4 (see figure 2). We get then:

f =
uω1
−uω2

2 , as the angle ω1Lω2 = Π/2, f is the middle
of the segment ω1ω2 and uO = uω1

− f .



Fig. 2. Chosen directions for learning stage.

Fig. 3. Images of the parallel lines in 3D giving the vanishing point in 2D

C. Finding pair of parallel 3D lines in the scene

When pedestrian is walking, its images contain some geo-
metric features which are useful for inferring information about
3D scene, especially features related to projective geometry
since image formation may be seen as perspective projection.

If we look at figure 3 we can see pedestrian moves from one
position to another on the same ground, the two lines defined
by the limits of the heads and the limits of feet may be treated
as parallel to the ground [13][14]. In the image plane, their
projections (∆H ,∆F ) intersect in the vanishing point ω.

In theoretical case, joining the bottom points of pedestrian’s
images will define a line if they are corresponding to the same
3D point of the pedestrian’s feet. This is an unrealistic situa-
tion, because feet in 3D is moving and then the bottom points
are unmatched points (see figure 3). In the same case, head
may change pose relatively to the body (possible inclination).
Consequently in image, the two lines will be determined by
minimizing the distance from the extremities (top and bottom)
to the very line (The best-fitting linear regression model). The
more numerous silhouettes are used in the process, the more
the drawn lines in image would be accurate.

D. Direction computation from images sequence: Algorithm
and Complexity

The first step (Learning stage) is the computation of camera
parameters (f, u0) using a sample of ground truth data. As
explained is subsection III-B, two sets of frames corresponding
to the motion of the pedestrian in two different directions are
needed to solve two linear equations (y = ax+ b). In order to
get best values of f, uO, we will take more than 2 directions.
More details are given in experimental results.

Once the parameters f, uO are estimated, we compute the

direction for each new set of frames using the equation 1
(Testing stage).

The Algorithm
Begin
-// Fi, i = 0..k are the frames to be processed
-// focal length (f) and u-coordinate of the principal point
(u0) are computed in learning stage
For each Fi
Do

1. Locate the top pti and bottom pbi of the pedestrian’s
silhouette

2. Fit via linear regression the top points ptj ( j=0..i)
to line ∆t, and the bottom points pbj(j = 0..i) to line ∆b.

3. Compute the vanishing point {ω} = ∆t ∩∆b

EndFor
Compute the value of α = arctan(uω−u0

f ).
End.

The complexity of each step 1, 2, 3 is O(nk) = O(n) it
depends on the number n of pixels of outline silhouette and
the k of frames, best value giving accurate estimation of the
orientation is k = 60 (see section IV).

IV. EXPERIMENTAL RESULTS

We use several datasets with different environments, sev-
eral walk direction, various resolution provided by CASIA-A
(binary, outdoor), CASIA-B (Binary, indoor).

Dataset CASIA-A [1] includes 20 persons. Each person
has 12-image sequences, 4 sequences for each of the three
directions, i.e. parallel (0), 45 degrees and 90 degrees to the
image plane. The length of each sequence depends on the
walker’s speed and ranges from 37 to 127. The Dataset A
includes 19139 images.

CASIA-B [1] dataset is composed by 124 groups of silhou-
ettes corresponding to 13640 binary frame sequences with 11
different walk directions ranging 0◦ to 180◦ from view axis of
camera. Each group contains silhouettes of 10 persons walking.
For each direction, between 60 and 120 frames are available
corresponding to the motion of the pedestrian. Pedestrians
might carry bags, weare coat or a regular outfit or not carrying
anything.

A. Experimental Setup and Results of tests

1) Dataset CASIA-B: For the learning stage, we used only
one group (The first one). We computed the parameters (f, uO)
using frames of three known directions 18◦, 36◦, 54◦. For
each new frame, from images sequence, the two lines from
best-fitting linear regression model, for the top points and
the bottom points are estimated and vanishing point located.
This computation process is repeated for all frames, and
the vanishing points move depending on the data (Top and
bottom points). We selected the ultimate vanishing point and
evaluated the two parameters (See figure 4) and we compute
the vanishing point for the directions 18◦, 36◦, 54◦ as shown
in figure 5. We note the noisiness of the processed data
giving the non-aligned top and bottom points. Each pair
of directions allow computing the f, uO. Their average for



Fig. 4. The evolution of the computation process of lines joining the top and
bottom of silhouettes, gives a vanishing points of a 36◦ direction. From left
to right, the drawn lines are reevaluated for new pairs of points (Red circles)
and new vanishing point are located (Magenta squares).

Fig. 5. Computing the vanishing points for three directions, the considered
ones are drawn with black color

CASIA-B (f = 325pixels, uO = 187pixels) are selected for
the testing stage.

The 123 remaining groups have been used for test. For
each set of frames, the direction is computed following the
method described in subsection III-B. We computed for each
set of silhouettes the vanishing point. We deduced the value of
orientation angle α. Graph of figure 6 illustrates the average
of the percentage error for 4 selected directions. The same
percentages are obtained for other directions because they are
basically the same direction (for example, 18◦ is similar to
162◦, etc). We can see that high percentage is obtained for
18◦ where (12%) corresponds to 2◦.

We studied the accuracy of computed direction related to
the number of frames. Figure 7 illustrates the obtained results
indicating that 60 frames are sufficient to get an accurate
estimation. Figure 8(top) gives the mean errors and Standard
Deviations for six directions.

2) Dataset CASIA-A: We used the same estimated values
of the parameters in the learning stage for CASIA-B dataset.

Fig. 6. Percentage error of computed directions 18◦, 36◦, 54◦, 72◦.

Fig. 7. Error related to frames number.

All the available data served for testing stage. The conducted
test gave the results illustrated by the graph of figure 8.

We can conclude:

• The mean error and standard deviation of the obtained
results are greater than of Casia-B. This is due to the
result of outdoor image segmentation giving for many
frames shadow regions. This as a part of silhouettes or
missing region as shown by figure 9. The displacement
of the top or bottom point located on the head and
feet parts will disturb the linear regression fitting
process and thence the intersection point will be more
distant from the required vanishing point. The error
and standard deviation will increase in this case.

• If we are in the case of outdoor scenes, the increasing
of the error of pedestrian’s orientation remains less
than 6.5◦ (See figure 8).

• A higher error is obtained for the orientation 0◦ and
90◦. These two orientations are sensitive cases of our
method. Indeed, for 0◦ the bottom pixels of silhouettes
are unrealistic and the fitted line would produce an



Fig. 8. Mean errors and Standard Deviations (Six directions 0◦, 18◦,
36◦, 54◦, 72◦, 90◦) for Casia-B dataset (Top) and for Casia-A dataset (Three
directions 0◦, 45◦, 90◦)(Bottom)

Fig. 9. Sample of silhouettes taken from Casia-A and Casia-B dataset

intersection point far from the true position. For the
case 90◦, the two fitted lines are theoretically horizon-
tal and the vanishing point must be infinity. However,
in practice, the intersection point may not be very far
due to the fact that one or the two fitted lines aren’t
horizontal.

B. Evaluation Study

We compared our results with those obtained by methods
that used the same experimental platform. However, these
methods work on single frame of video dataset, and the
published results concern the result of classification.

The average balanced accuracy of the methods conducted
over CASIA Dataset B reported in [11] are: 90.87% for [11],

84.61% for [10], 72.50% for [6], 64.67% for [4] and 59.73%
for [16].

These results concern the classification, not the measure
of the orientation. In this case, if we translate our results to
classification, knowing that all absolute errors are less that the
half of the interval (18◦), our method achieves 100%.

The comparison in terms of absolute error of the orientation
can’t be made as all the results published do not give these
measures.

The obtained result are accurate and surpasses the state of
the art in addition to the low complexity of the computation.

V. STRONGNESS, WEAKNESS OF THE METHOD AND
FUTURE WORKS

From conducted experiments on CASIA-B and CASIA-A
dataset, and due to the obtained results, we assert that our
method:

• is robust to the non-alignment of bottom points of
silhouettes defining a line which is not parallel to the
line joining the top of silhouettes. As found out, the
bottom point is taken from one foot and sometimes
from the other. The results are accurate even when
the line joining these points is located between them.

• is robust for the case where the direction equal to
zero, even if the top and bottom points are out of
their meaning. If the pedestrian is perfectly horizontal
(90◦) or vertical (0◦) to the camera the vanishing point
is very noisy and is not well determined for the first
frames, but after ten frames, the two fitted lines would
give a correct orientation.

• is robust as far as the noisiness of the silhouettes is
concerned.

In other side, we can’t applied our method:

• for top view, because the features can’t be extracted.

• for pedestrian changing the direction or moving on
non planar ground.

Our method must be improved in order to process the
change of direction and then define the frames of this change.
Frames will be separated into groups such that each one
will correspond to one direction. Other improvement to be
investigated is to separate the bottom points of silhouettes of
the same foot (Left or right) and to determine two lines in
addition to the line of top points. This will decrease the error
of estimated orientation.

Other interesting work concerns the orientation estimation
of group of persons considering the blob instead of the
silhouette.

VI. CONCLUSION

Starting from a video sequence of a walking pedestrian, we
propose a new method allowing the computation with accuracy
of the followed direction. We distinguish without ambiguity
the pedestrian direction using at least 30 frames (1 second of
walk) but we compute with high precision the direction from



60 frames (2 seconds of walk). The obtained results surpass
all those obtained in the literature and the proposed approach
can serve for real time applications.
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