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Abstract

In this paper, we consider direction estimation of pedestrian group for video surveillance and intelligent vehicles applications.
A theoretical study of the position of vanishing points in image plane associated with all directions in the scene leads to
the definition of the notion of directional areas. Image plane is divided along the x-axis into a set of bounded areas; each
one is associated with a specific direction. The pedestrian direction is inferred directly depending on the belonging area of
the vanishing points computed from video sequence. Top and bottom points of walking pedestrian define two parallel lines
in 3D. The vanishing point is estimated from video sequence and from the direction of the pedestrian. The obtained results
demonstrate the efficacy and robustness of the proposed method and confirm the improvement with respect to state-of-the-art

approaches.
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1 Introduction

Estimating direction of walking pedestrian group from video
is useful for video surveillance, pedestrian protection, intel-
ligent vehicles, traffic control systems, people tracking,
identification systems and accident avoidance.

Our aims in this paper are to estimate the direction of
walking pedestrian groups whatever the quality of image seg-
mentation. In order to ensure a fast estimation, we studied
the relationship between directions in the scene and vanish-
ing points in image plane. Directional areas are defined as
bounded regions along the x-axis in image plane; each one is
associated with a specific direction. Once the vanishing point
is computed from video sequence, the pedestrian direction is
inferred directly depending on its belonging area.

Considered pair of parallel lines in the scene is defined
by joining the top points of the head and the bottom points
of the feet of walking pedestrian. In image plane, the top
and bottom of pedestrian’s silhouette are fitted to a top and
a bottom line via linear regression and the vanishing point is
calculated as their intersection.
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We begin this paper by presenting the related works. Sec-
tion 3 is devoted to the principles of our approach. In Sect. 4,
we present the proposed algorithm and its complexity. Pro-
cessing pedestrian group and the conducted experiments on
available datasets are presented in the two last sections. We
conclude this paper by some suggestions for improving the
proposed method.

2 Related works

The majority of works devoted to pedestrian direction esti-
mation use classification methods and delivered a rough
direction of the body. Support vector machine (SVM)-based
scheme has served in [1] to estimate the walking direction
of pedestrian from images where 90% of correct recogni-
tion is obtained for 16 directions. It has also used in [2] to
estimate the discrete probability distribution of the orienta-
tion. This approach was trained with the INRIA pedestrian
dataset, and results of tests in realistic conditions show that
49.7% fall in the same bin as ground truth and 81.3% fall in
the same or adjacent bins. Chen [3] use sparse representation
technique on each frame for body pose classification, gener-
ating (noisy) observation on body poses which is improved
by soft coupling of body pose with the movement in a par-
ticle filtering framework. For the 8 directions considered,
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75% as pose accuracy is achieved. Guangzhe [4] estimate
the pedestrian orientation using AdaBoost as a classifier
and achieve 64% accuracy for 8 orientations. In [5], D.
Baltieri estimate person orientation on single images based
on appearance features. The three-level HoG feature set is
extracted from each people detection and provided as 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 [6] proposed novel ran-
dom decision forests to simultaneously classify pedestrians
and their directions and yield results comparable to those of
state-of-the-art and baseline methods. In [7], authors present
an approach for the joint probabilistic estimation of pedes-
trian head and body orientation in the context of intelligent
vehicles. Quantitative experiments showed that joint track-
ing of head and body decreases the angular mean error for
head/body orientation by 13°/10° compared to single-frame
estimation and further by 3°/2° compared to independent
tracking. A novel approach for jointly estimating head, body
orientations is proposed in [8]. Target feet positions are esti-
mated 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. Liu and Ma [9] estimate the orientation
based on online appearance-based classifier update. Reli-
able motion direction is determined acting as pre-estimated
person orientation to update the appearance-based classi-
fier. This approach achieves more competitive performances,
especially for unknown scenes. Raman [10] propose 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 considered; the hidden Markov model is used for
classification; and 90% of accuracy is achieved on Casia-B
dataset [11].

Projective geometry can help to solve this problem. Many
works have dealt with pedestrians motion for camera cal-
ibration. The horizon line is estimated by observing the
human motion in different directions. Authors exploit the
fact that the line joining the head positions of a pedes-
trian at two time instances is parallel to the line joining the
feet (or bottom) positions at these same corresponding time
instances. Similarly, the line joining the head to the feet in a
frame is parallel to the line joining the head to feet 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 follow periodic motion.

The published works related to vanishing points and lines
are devoted to camera calibration and then either assume
accurate positions of pedestrian’s points, or propose a rough
detection and then an approximation of the points.
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In [12], left and right toes of the shoes are extracted from
the pedestrian blobs when the two legs are maximally sepa-
rated 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 separating the foot is different.

Authors in [13] 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 portions
of the bounding box of the foreground region. In [14], 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
line fitting the bounding box. These two methods [13,14] do
not locate specific point of foot, and then we cannot assert
that the pair of lines joining, respectively, two successive top
points and bottom points are parallel in 3D. In addition, these
two works served only for camera calibration.

Recently, deep-learning approach proposed by Raza et
al. [15] outperforms existing classifiers and achieves accu-
racy of 0.92 for full-body orientation estimation using only
eight orientation classes. In [16], a novel framework is
proposed for jointly estimating head, body orientations of
targets and geometric formations involving interacting tar-
gets of conversational groups from social scenes. However,
the direction of the group is not considered, but human’s
direction is estimated individually.

The purpose of our system is to provide robust estimates
direction of walking pedestrian groups whatever the segmen-
tation results and image resolution. Our contributions are
multiples:

— The notion of directional areas in image plane is intro-
duced and served to infer directly the direction and the
trajectory of pedestrian group.

— Robustness of the method to shadow and to low-
resolution images.

— Fast and accurate direction estimation. If the direction
is delivered with a delay of 20 frames, we surpass the
results of the state of the art for direction classification

3 Proposed approach
3.1 Persons detection
3.1.1 Background estimation

We assume that background is not available and may change
during time. To extract the foreground, background is esti-
mated using the n first frames. Let /; (x, y) be the luminance
value of the pixel p(x, y) in the frames F;. Luminance of
p(x, y) of the background B noted B(x, y) is calculated as
the average of I;(x, y),i = l..n. Background is estimated
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periodically in order to tackle weather change for outdoor
scenes and lighting change for indoor scenes. Once back-
ground is estimated, a chosen threshold serves to extract the
foreground.

3.1.2 Shadow elimination

To eliminate shadow, we use the method of Cucchiara et al.
[17]. Let F&(p), F&(p) and F(p) be the values in HSV
color system of the pixel p of the frame k. The pixel p of the
foreground is a shadow if M*(p) defined by Eq. (1) is equal
to 1.

. Fy (p)
1 f < VP

' OB =P
M (p) = N Fs(p) = Bs(p) |= 7°

A | Ff(p) — By (p) < o#
0 otherwise

ey

The o parameter defines the strongness of the light source,
whereas f is set to avoid detection of pixels where back-
ground changed slightly by noise as shadows. The choice for
the threshold parameters T/ and 75 is set experimentally.
A preliminary sensitivity analysis for «, 8, T/ and 75 is
reported in [17]. When shadow is dark such as frames of
MGPO1 dataset [18], this method fails and shadow is con-
sidered as a part of foreground.

Once blobs are extracted corresponding to one person or
group of persons, they are tracked along the frames sequence.

3.2 Basic principle of direction estimation

Assuming that image formation may be considered as per-
spective projection of the 3D scene, images of walking
pedestrian contain geometric properties useful for inferring
information about 3D scene, especially those related to pro-
jective geometry . When pedestrian moves on planar ground,
the two lines joining, respectively, the tops of the head and
the bottoms of the feet may be considered as parallel to the
ground [13,19]. In the image plane, their projections intersect
at the vanishing point. Let w (u,,, v,,) be the located vanish-
ing point on the image plane associated with the pedestrian
direction, and let L be the projection center of the camera
(see Fig. 1). We consider the pedestrian’s direction as the
value of the orientation angle o of Lw, computed using u,,
the focal length f and u¢ (the u-coordinates of the principal
point O) as follows:

Uy —uUQO
= arct _ 2
o arcan( 7 ) )

Fig. 1 Vanishing point w associated with the direction of walking.
(O'uv) is the image plane coordinate frame centered on top left and
O is the principal point

For a group of pedestrians located as a blob in image, we
will consider that lines joining the top and bottom points of
the blob are parallel in 3D. During walking, the top points
and the bottom points may appertain to different pedestrians
of the same group. When this occurs, the two lines in 3D
are not parallel, the deviation of their images will produce
uncertainty in estimated direction.

The values of up and f, needed for calculating o angle,
may be available either by camera calibration, or by perform-
ing a leaning stage. With at least two pairs of parallel lines
having two known different directions o1, oz, two vanishing
points w1, w; are then computed and the values of u, f are
derived as indicated by Eqgs. 3, 4.

tan(ay) X f = up, —up 3)
tan(e) X f =y, — Uo 4

If 1 # 0 and ap # 0O, the values of f, ug are estimated
by solving the system of linear Eqs. (3) and (4). Otherwise,
if oy =0, thenu,,, = up, anditis necessary to have ay # 0
required to compute f.

In theoretical case, joining the top points and bottom
points of pedestrian’s images will define two lines if they cor-
respond to same 3 D points of pedestrian’s head and feet. Due
to the uncertainty, in image, the two lines will be determined
by minimizing the distance from the extremities (top, bot-
tom) to the considered line (the best-fitting linear regression
model). Note that the more are numerous the used silhou-
ettes in this process, the more is the accuracy of fitted line in
image.

3.3 Direction estimation of a linear motion

The first step is the computation of camera parameters
(f, up) as explained in Sect. 3.2. In order to get accurate val-
ues of f, up, we will take more than two directions. More
details are given in validation section. Once the parameters
f,up are estimated, algorithm 1 delivers the pedestrian’s
direction for each frame of the video sequence starting at the
second frame (delay = 1 frame).
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Algorithm 1 Direction estimation for a linear motion

Begin

F;,i = 0..k are the frames to be processed

Focal length ( f) and u-coordinate of the principal point ()
are computed previously.

-i = 0 # the order number of the first frame Fy.

- Locate the top and bottom points p(’)’, p({ of the pedestrian’s
silhouette for the frame F

For each F;, (i = 1..k)

Do

1. Locate the top point pf’ and bottom point p[f of the
pedestrian’s silhouette on F;.
2. Fit via linear regression the top points p,': (k=0..1)

to new line 8"

3. Fit via linear regression the bottom points p,{

(k=0..i) to new line 8/
4. Compute the vanishing point {w} = 8" N 8/
5. Compute the value of o = arctan((uy — uo)/ f)
# « is the estimated direction for the frame F;
EndFor
End.

For the video sequence of direction 18° taken from Casia-
B dataset [11], we show in Fig. 2 a sample of extracted
top and bottom points. Due to head occlusion and error of
segmentation, the top, bottom points are not aligned. Conse-
quently, the fitted lines produce vanishing points in different
areas far from the correct position.

3.4 Directional areas in image plane

Let n be the number of considered directions. Without
loss of generality, we assume that n = 11 (case of
Casia-B dataset [11]). The directions d;, i = 0..10 are
defined by the intervals of orientation angles (see Fig. 3):
[—9° + 9°[, [+9°,27°, [27°45°[, [45°63°[, [63°81°],
[81°99°[, [99°117°[, [117°135°[, [135°153°[, [153°171°],
[171°189°].

The direction d;, i = 0..10 is correlated to wu, (u-
coordinates of the vanishing point w) located on image plane.
Indeed, from Eq. 2, tan(«) X f+u o = uy. Figure 4 illustrates
the u-coordinates of vanishing points associated with some

Correct position of

B BRI T A T

f\"f oo
ff’f TS / -
(b) (c)

(@)

Fig. 2 a Located top and bottom points of silhouettes (black circles)
for video sequence of Casia-B dataset [11]. Silhouettes are moving
from right to left. b Evolution of the fitted lines to top (red color) and
to bottom points (green color). ¢ Computed vanishing points (magenta
circles) by applying Algorithm 1
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126°

Fig. 3 The 11 directions considered for Casia-B dataset [11]. The
pedestrian walks from the center to outside of the circle

directions using images taken from Casia-B dataset video
sequence. Note that the more the value of « is large, the
more the u,, increases. When « surpasses 90°, u,, will start
from — oo and reaches the principal point O when o = 180°.
If we translate the u-axis origin from O’ (left top of image)
to the principal point O, u, — up will be noted u and the
direction d = « is given by Eq. 5.

u
d= — 5
arctan (f) 5)

Graph of Fig. 5 shows the variation of the orientation angle
according to u-coordinate. Note that this graph is intrinsic
to the camera because it depends on the parameters f, uo,
and it indicates also the circularity of the direction d;. Once
the values of f, up are known, u-coordinates of the bounds
of the interval associated with d; are computed and define
the area of that direction as shown in Fig. 6. Note that dy
is associated with central area (« = 0) and the more the
angle is high, the more the area associated is large. In order
to determine in what direction the pedestrian is walking, it is
sufficient to find in what area the vanishing point belongs.

3.4.1 Properties of the directional areas

— The directional areas are delimited in image plane
depending on the intrinsic parameters of the camera
(f, up) and on interval bounds of all assumed directions
in the scene.
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Fig.4 The abscise of vanishing points of some directions for Casia-B
dataset [11]. In bottom, the translated origin of the u-axis
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Fig.5 Variation of orientation angle with regard to u

— While vanishing points are in the same area, the pedes-
trian is walking in the same direction.

— If vanishing points move from one area to the neighboring
area, the pedestrian is changing the direction increasing
or decreasing the orientation angle.

— Pedestrian’s trajectory is inferred directly from the tra-
jectory of vanishing points w on directional areas. As
example, circular direction is associated with a trajec-
tory of w moving from one area until the most right (or

90°
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Fig.6 (Top) The u-coordinates of the 11 directions for Casia-B dataset.
(Bottom) The directional areas associated in the image plane. In bold
is drawn a rectangle delimiting the physical image plane

L a7°

(a)

Fig. 7 a Vanishing points computed by applying algorithm 1, (b) and
algorithm 2(b). Note that vanishing points that are outside of the direc-
tional area in (a) (in magenta color) are due to remoteness of the top
points from the fitted line

left) area and again appears from the most left (or right)
area and moves toward the starting area.

4 Direction estimation for a nonlinear
motion

The intersection point (vanishing point) is sensitive to occlu-
sion, segmentation error, direction change and non-planar
ground. Figure 7a shows an example where head of pedes-
trians is occluded in the frames 46535, the top points in this
case are taken from shoulders. The fitted line to top points
of frames 1-45 is relatively far from the new top points. In
this case, we consider only the previous frames such that the
slope of fitted line including the new top points is approxima-
tively stable. Otherwise, the current frame will be considered
as the first for the fitting process. This will allow to get good
estimation in case of missing parts of silhouette, direction
change and non-planar ground because the top and bottom
points define two parallel lines. Figure 7b illustrates how the
fitted lines are corrected giving accurate position of vanish-
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ing points, appertaining two the directional area. Algorithm
2 summarizes the steps of this computation.

Algorithm 2 Direction estimation for a nonlinear motion

Begin
F;,i = 0..k are the frames to be processed
Focal length (f) and u-coordinate of the principal point
(up) are computed previously
- istart = 0 # the order number of the starting frame
- start_again:
{ -1 = lstart
- Locate the top points pf’, p? " and bottom
points pi/ , Pif+1 of the pedestrian’s silhouette
for the frames F;, Fj4
- Fit via linear regression the top points to line 8",
and the bottom points to line 8/ .
- Compute the vanishing point {w} = 8" N8/
- Compute the direction o = arctan((ue — uo)/ f).
# o 1s the estimated direction for the frames F;, Fj4+|
- i=i+2
}
For each Fj, (j =i..k)
Do
1. Locate the top points p}; and bottom points p{ of the
pedestrian’s silhouette
2.1If (p]; is near from §")
Then Fit via linear regression the top points
pZ (k = istart.-J) to new line sh
Else istart = j, Goto start_again
3.1f (p'; is near from §7)
Then Fit via linear regression the bottom points
p,{ (k = istart..J) to new line sf
Else istart = j, Goto start_again
4. Compute the vanishing point {w} = 8" N8/
5. Compute the value of « = arctan((uy, — uo)/ f).
# « is the estimated direction for the frame F;
EndFor
End.

Complexity of the algorithm 2.

We assume that the silhouette is encompassed by a rectangle
(w x h). The top (respectively, bottom) pixel is located as
the middle of the first (resp. last) line of silhouette pixels in
this rectangle. In the worst case, w+w pixels are processed.
As w may be equal to (n) (the width of the source image),
and knowing that the complexity of fitting regression lines is
linear, then the complexity of the algorithm 2 is O(n).

5 Direction estimation for pedestrian groups

For intermediate crowded scenes, groups of pedestrians are
often present in the field of view of intelligent vehicles and
camera surveillance. In image, blobs are extracted instead
of single silhouette. Despite the fact that top and bottom
extracted points from these blobs may be associated with
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Fig.8 Silhouettes of pedestrian groups from MGPO1 dataset [18]. Note
that shadow is not removed

different pedestrians of the group or may be associated with
the shadow as shown in Fig. 8, their motion in the scene
defines two lines. We considered that lines are parallel in the
scene and then we estimated the walking direction under this
assumption. The uncertainty in direction estimation with the
presence of shadow and displacement of pedestrians inside
of the group is evaluated in experimental section.

6 Evaluation

We begin this section by presenting the used datasets. Next,
we give the results of foreground extraction and estimated
camera’s parameters. The obtained results for direction esti-
mation for single and groups of pedestrians are then presented
and discussed.

6.1 Used datasets

We used the following datasets characterized by different

environments, several walk direction and various resolutions.
Dataset Casia-A [11] includes 19139 images for three

directions (0°, 45° and 90°) taken in outdoor scenes.

Casia-B [11] dataset is composed by 124 groups of sil-
houettes corresponding to 13640 binary frame sequences
with 11 different walk directions (0°, 18°, 36°, 54°, 72°,
90°, 108°, 126°, 144°, 162°, 180°) taken in indoor scenes.

MGPO01 dataset: (Moving Group of Pedestrians) [18]:
Videos are taken in our campus using smartphone camera.
This dataset is characterized by the presence of shadows due
to the high contrast scene and constitutes in addition to a
challenge for shadow removing. The ground-truth data are
computed from the ground geometry of the scene. There are
in the scene many groups of pedestrians walking in different
directions at different resolutions.

EPFL Campus dataset [20,21]: Video sequences called
Campus were shot outside on the university campus with 3
DV cameras. Up to four people are simultaneously walking in
front of them. As the ground truth related to body direction
is not available, we hand-estimated it based on the ground
geometry.
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Fig. 9 Extracted silhouettes for MGPO1 [18] (top), Campus dataset
[20,21] (bottom). Note that shadow is still present and some parts (head)
are missing for some silhouettes of MGPO1 dataset

6.2 Background estimation and silhouettes
extraction

Applying the method proposed in Sect. 3.1, background
is first estimated using 20 frames. Figure 9 shows sample
of extracted silhouettes of MGPO1 and Campus datasets.
Despite the fact that the foreground is noisy with miss-
ing/additional parts and the presence of shadows, we did
not apply any further processing in order to improve it. This
allows to test the robustness of our method behavior to noisy
data.

6.3 Camera’s parameters estimation

Casia-A and Casia-B datasets

We computed the parameters (f,up) using three video
sequences in which pedestrian is walking in directions 18°,
36° and 54°. For each new frame from video sequence, the
two lines of best-fitting linear regression model for, respec-
tively, the top points and bottom points are estimated, and
the vanishing point is located. This computation process is
repeated for all frames of the same video sequence, and the
vanishing points move depending on the data (top and bottom
points). We selected the ultimate vanishing point for each
direction and evaluated the two parameters (see Fig. 10).
We note that the noisiness of the processed data generates
non-aligned top and bottom points. Each pair of directions
allows computing the values of f,uo. Their averages for
Casia-B (f = 325 pixels, up = 187 pixels) are selected
for the testing stage for Casia-A and Casia-B datasets. We
notice that frames with occluded head have been eliminated
from used video sequences in this process. The 123 remain-
ing video sequence of Casia-B and all video sequences of
Casia-A served for direction estimation.

MGPO01 dataset

We used a prior knowledge related to the ground’s scene.
Indeed, there are parallel lines on the ground located as
boundaries between lozenge slabs. Two pairs of parallel lines
with known directions (45°, —45°) are used to solve the

®@
DD@D
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Top of sllhouettes

o]
&
Vanishing polnts

Bottom of silhouettes

Fig. 10 Evolution of vanishing points and computed lines joining the
top and bottom of silhouettes for the direction 36°. From top to bottom,
the drawn lines are reevaluated for new pairs of points (red circles) and
new vanishing point is located (magenta squares). The considered point
is drawn with black color

linear system of Egs. 3, 4. Using the two vanishing points
located on image, we obtained (f = 2141, ug = 964).
Campus dataset

The same process has been applied for Campus. The com-
puted and used values of ( f, ug) are (206.4, 181).

6.4 Accuracy of estimated direction according to the
delay

Estimated direction depends on the number of silhouette’s
extremities (top, bottom) used in the fitting process. The more
the number of points is larger, the more the fitted lines are
accurate. We studied using Casia-A and Casia-B datasets the
accuracy of estimated direction according to the delay. Fig-
ure 11 shows that increasing the number of pairs of points
allows the convergence of vanishing point inside the direc-
tional area (colored area). The results indicate that after 10
frames, the direction is well recognized with accuracy.

Estimated direction is more accurate for Casia-B than
Casia-A dataset due to image segmentation giving for many
frames of Casia-A dataset shadow or missing regions. Dis-
placements of the top or bottom point located on the head
and feet parts disturb the linear regression fitting process, and
consequently, the intersection point is outside of the direc-
tional area. The error and standard deviation increase in this
case.
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%

Fig. 11 Convergence of vanishing points toward the directional area
when pairs of (top, bottom) points for a video sequence of directions
18° from Casia-B are numerous

Table 1 Accuracy(%) comparison of direction estimation results over
Casia-B dataset with [10]

D; Our (0) Our (20) Our (40) [10]
do 74.78 83.97 93.34 93.05
d 91.99 98.09 100 90.99
d> 95.44 98.73 100 87.97
ds 76.35 85.35 94.33 89.75
ds 79.71 92.17 98.1 92.60
BA 83.65 91.66 97.15 90.87

Our(n) indicates our method using a delay of n frames, (BA) indicates
balanced accuracy (average)

6.5 Direction estimation: results and comparison
6.5.1 Datasets Casia-B and Casia-A

Due to the linear regression technique used for fitting top
points and bottom points, the error of estimation is very large
for the first frames as seen in the previous subsection. As the
interval between the 11 directions is 18°, then if the error is
less than 9° the direction estimated is considered well clas-
sified.

In order to compare our method and [10], we merged
the 11 different walk directions of Casia-B Dataset into five
discrete directions:

Dy = {0°,18°}, D, = {36°,54°}, D3 = {72°,90°, 108°},
Dy = {126°, 144°}, D5 = {162°, 180°}.

We give in Table 1 the accuracy(%) computed for each
direction of Casia-B dataset and the highest scores in the
state-of-the-art methods [10]. In Table 2, we compare the
average accuracy with those obtained by the state-of-the-art
methods. Without delay, the average rate (balanced accuracy)
is 83.65% which is less than the rates obtained by [9,10].
However, with a delay of 20 frames, we surpass all works of
the state of the art. When the delay is 40 frames, we reach
the rate 97.15%.
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Table 2 Average accuracy (%) comparison of direction estimation
results over Casia-B dataset with state-of-the-art methods

Our (0)  Our (20)  Our (40) [10] [9] [5] [3]

83.65 91.66 97.15 90.87 84.61 7250 64.67

Table 3 Accuracy (%) comparison of direction estimation results over
Casia-A dataset with [10]

D; Our (0) Our (20) Our (40) [10]
dy 79.73 84.37 94.44 92.5
d 93.22 98.001 99.91 92.5
d3 91.51 97.34 100 98.75
BA 88.15 93.23 98.11 94.58

Table 4 Average accuracy (%) comparison of direction estimation
results over Casia-A dataset with state-of-the-art methods

Our (0) Our (20)  Our (40) [10] [9] [5] [3]

88.15 93.23 98.11 9458 90.32  77.67 66.42

We give in Table 3 the accuracy rate for each estimated
direction of Casia-A dataset. The results obtained in [10]
are also reported. The average accuracy is compared with
the state-of-the-art methods and given in Table 4. With a
delay of 30 frames, we surpass the published works and we
reach the rate 98.11% with a delay of 40 frames.

6.5.2 Campus dataset

In the first step, silhouettes are extracted applying our pro-
posed method. Once extracted, silhouettes are tracked and
their top and bottom points are located. The fitting lines
are then computed, and the direction is derived. The error
in direction depends on the segmentation errors and on the
number of used silhouettes. Note that the more silhouettes
are used, the more the error decreases. Our method takes
into account the direction change as described in algorithm 2.
For direction change, new fitted lines are considered because
the new top and bottom points are far from the previous fit-
ted lines. Figure 12 shows an example where the error on
computed direction decreases for each processed frame. The
different tests indicate that mean error i, o and standard
deviation depend on the delay. With a delay of 30 frames,
the direction is estimated with accuracy, (u, o) = (4.7,4.4).
For delay of 0, 10, 20, the (1, o) is equal, respectively, to
(14.9, 18.2), (10.9, 13.2), (7.7,9.4).

6.5.3 MGPO1 dataset

The same experiments have been conducted on MGPO1
dataset. Note that this dataset contains groups of moving
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Fig. 12 Sample of direction estimation for Campus dataset
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Fig. 13 Sample of direction estimation of moving group of pedestrians
for MGPO1 dataset
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pedestrians. Figure 13 shows despite the effect that shadow is
present, our method delivers correct direction for pedestrian
group whatever their orientation. Direction is estimated with
accuracy starting from 30 frames, (u,0) = (5.58, 2.53).
However, for single pedestrian, for a delay of 30 frames,
(u,0) = (7.67,3.9). Note that pedestrian group in this
dataset moves as a block because pedestrians have the same
positioning inside the group. As the shadow follows a linear
trajectory, the computed vanishing point for each frame is
inside of the directional area.

6.6 Discussion

Accurate results are obtained for Campus dataset relatively to
other ones because the frame segmentation is relatively more
correct. Our method competes the state-of-the-art methods
and provides for moving pedestrians (single or group) an
accurate estimation of the direction and achieves a high rate
accuracy for direction classification starting from the 20th
frame . In other side, we did not compare our results on
MGPO1 dataset because we did not find work devoted to
direction estimation of walking pedestrian group, which is
crucial for intelligent vehicles. In addition to our proposed
dataset, there is a need to put available datasets made in urban
scenes from vehicle with the presence of walking pedestrian
groups.

7 Conclusion

We mapped in this work the walking direction of pedestri-
ans from 3D to 2D by introducing the notion of directional
areas in image plane. Saying in what direction is walking the
pedestrian is now synonymous to say to what directional area
the pedestrian’s silhouette is going. Compared to the state of
the art, our method is not sensitive to noise, fast and delivers
an accurate estimation of the direction. As future works, we
are interested to apply our method for direction estimation
of rigid objects (vehicles, bicycle).
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