
3D GAIT ESTIMATION FROM MONOSCOPIC VIDEO

ABSTRACT

This paper presents a new approach for 3D gait esti-
mation from monocular image sequences, using both a
kinematics and a walking motion models as sources of
prior knowledge. The proposed technique consists of two
major stages. Firstly, the motion trajectory and the pedes-
trian’s footprints are detected throughout the segmented
video sequence. Secondly, as the 3D human model, driven
by the prior motion model, walks over this trajectory, the
joints’ angles are locally adjusted to the pedestrian’s
walking style. This tuning process is performed once per
walking cycle and not per frame, saving considerable
CPU time. In addition, local tuning allows handling dis-
placements at different speeds or directions. The target
application is the augmentation of 2D television
sequences with depth information that may be used in
future 3D-TV systems.

1 . IN T R O D U C T IO N

3D-TV opens a new and attractive field of applications,
from more realistic movies to interactive environments.
However, in order to fully exploit these new 3D-TV sys-
tems all the existing 2D video material should be converted
into 3D. Theoretically, it is not possible to completely re-
cover 3D information from 2D video sequences when no
other extra information is given or can be estimated. Since
television sequences are populated with objects with
known structure and motion such as humans, cars, etc, pri-
or knowledge would arguably aid the recovery of the
scene. Prior knowledge in the form of kinematics con-
straints (average size of an articulated structure, degrees of
freedom (DOFs) for each articulation), or motion dynamics
(physical laws ruling the objects’ movements), is a com-
monplace solution to handle the aforementioned problem. 

In real world conditions, 3D human motion modeling
using monocular image sequences constitutes a complex
and challenging problem, which involves difficulties such
as: self-occlusions, depth ambiguities of the body parts,
walking direction estimation, erroneous background seg-
mentation, etc. (see [1] for more details).

In order to avoid some of the aforementioned problems,
3D human walking modeling has been usually tackled by
making simplifying assumptions (e.g. [2], [3], [4]) or by
imposing constraints on the motion (e.g. walking in a plane
orthogonal to the camera with a constant speed [5], [6]).
Moreover, in order to register the projection of the com-
puted 3D model with the given image, several features
have been combined [7], such as skin color, edges, skele-
ton, optical flow, etc.

The proposed approach consists in dividing the given
walking sequence into separate walking cycles, which are
independently processed. An explicit motion model,
defined by a set of motion curves driving each articulation,
is used as initial approximation of the motion. These
curves, obtained from anthropometric studies [6], are indi-
vidually tuned by the algorithm according to the walking
attitude of each pedestrian (Fig. 1). The main advantage
comparing with previous approaches is that matching
between the projection of the 3D model and the image fea-
tures is performed once per walking cycle and not per
frame. A brief description of the 3D body modeling,
together with depth estimation is given below. The pro-
posed technique is presented in section 4 and section 5.
Section 6 shows experimental results and finally conclu-
sions and future work are introduced in section 7.

2 . 3 D  B O D Y  M O D E L IN G

In the current work, similarly than in [8], an articulated
structure defined by 16 links (superquadrics) and 22 DOF,
4 for each arm and leg and 6 for the torso (3 for orientation
and 3 for position) was chosen (Fig. 2(left)). However, in
order to reduce the complexity, it was assumed that while
walking, the legs’ and arms’ movements are contained in
parallel planes and that the body’s orientation is always or-
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thogonal to the floor. Hence, the final model is defined by 2
DOF for each arm and leg and 4 for the torso (3 for posi-
tion plus 1 for orientation). The movements of the limbs
are based on a hierarchical approach using Euler angles.
The body posture is synthesized by concatenating the
transformation matrices associated with the joints, starting
from the torso.

3 . D E PT H  E S T IM AT IO N

The transformation matrices defining the 3D orientation
 and position  of the camera coordinate system

have been assumed known. The mapping between the
world-coordinate reference frame and the camera-coordi-
nate reference frame is given by:

(1)

where a 3D point in the camera-coordinate reference frame
is represented by , while in the world-coordi-
nate reference frame by . The pedestrian’s
height is assumed to be equal to an average human height.
Finally, the perspective projection of a point to the image
plane is defined as:

( 2 )

where  is the focal length.
U sin g  th ese  equ a tions , the  3D  w o rld  coo rd ina tes o f the

cen te r o f th e  seg m en ted  im ag e  a re  co m p u ted  (F ig . 3  (to p-
rig h t)) fo r ev ery  inp u t fram e . F ig . 3 (bo ttom -left)  illu stra te s
the  cen te r p o in t’s  p a th  resu lting  fro m  th e  e stim a ted  dep th  va l-
u es. T h e  re su lt is  no t sm o o th  eno ugh  since  va ria tio n s in  the
segm en ted  fig u re  a ffec t dep th  e stim a tion  va lu es. In  o rde r to
g enera te  a  sm o o ther p ath , th e  e s tim a ted  d ep th  v a lues  a re  fil-
te red  by  u s in g  a  sp lin e  cu rve . T h ese  dep th  va lu es  w ill be

used  to  co m p u te  the  fo o tp rin ts ’  po sition . In  add ition , s ince
th e  pe rson ’s  bod y  is  o rien ted  tow ard s th e  d irec tion  o f m ov e-
m en t, the  g rad ien t o f th e  p ath  is  u sed  to  d e te rm in e  th e
m od e l’s  o rien ta tio n .

4 . F O O T P R IN T  D E T E C T IO N

We may safely assume that the center of gravity of a walk-
ing person is continuously in movement. However,
throughout walking displacements there is at least a foot
with null velocity (pivot foot) and one instant per walking
cycle in which both feet are in contact with the floor (both
with null velocity). The latter happens when the pedestrian
changes from one pivot foot to the other. Frames contain-
ing these configurations will be called anchor frames and
can be easily detected by extracting static points through
the given video sequence. A point is considered as a static
point  in frame F, if it remains a boundary point

 in at least three consecutive frames—value com-
puted experimentally . Fig.
4(top) shows an illustration of static points (black points)
detected after processing consecutive frames.

Static points defining a single footprint do not belong all
to the same frame but to a sequence of several consecutive
frames, in which the foot was in contact with the floor.
Considering that foot’s sole is not a rigid surface, a single
foot generates a set of static points during the time in which
different parts of it are in contact with the floor. Hence,
points belonging to the same footprint should be clustered. 

The implemented clustering technique is similar to a re-
gion growing using both spatial and temporal information.
The label associated with a static point (footprint index),
computed in a frame F, , is propagated to a neigh-
bor static point  if
this spatial neighbor point has been computed in a temporal
neighborhood of a maximum of  frames from the consid-
ered frame F (i.e. ). In the current
implementation  has been experimentally set to six. The
proposed footprint labeling technique starts labeling those
static points contained in the first frame and then propa-
gates these labels to consecutive frames. At each stage,
new static points are labeled either with new index values
or with footprint indexes propagated from previous frames.
An example of the results obtained after applying this tech-
nique is presented in Fig. 4(bottom-right). Notice that
using temporal information, spatial ambiguities generated
by trajectories parallel to the camera direction or by path
self-crossing are easily avoided Fig. 4(bottom-left).

5 . M O T IO N  M O D E L  T U N IN G

The result from the previous clustering stage is a list of
footprints with a corresponding set of points defining each
one. In addition to the set of points, each footprint has an

Figure 1. Motion curves computed according to [6].

Knee-Joint
Elbow-Joint

Angle
Angle

Shoulder-Joint 
Angle

Hip-Joint
Angle

Figure 2. (left) Illustration of a 22 DOF model built with
superquadrics. (right) S im plified  articu lated  structure  (12  D O Fs).
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associated list containing the numbers of the frames where
it was detected, . Intermediate frames,
where footprints have not been detected at all (e.g. Fig.
4(top-d)), are also included in that list for continuity. 

T h e  ob jec tiv e  is  to  find  tho se  fram es  w here  b o th  fee t a re
in  co n tac t w ith  th e  floo r (F ig . 4 ( top )  (a )-(b )  and  (e )-( f)) . T h is
h ap pen s in  eve ry  ha lf w a lk in g  cyc le  in  severa l co n secu tive
fram es  (F ig . 4 ( to p )  sh ow s o n e  o u t o f fo u r o f th e  o rig in a l
fram es). T h e  fram e  ly in g  in  the  cen te r o f th ose  con secu tive
fram es  is  de fin ed  a s  an cho r fram e . A t ev e ry  anch o r fram e ,
th e  a rticu la ted  hu m an  bo dy  s tru c tu re  reach es  a  p os tu re  w ith
m ax im u m  h ip  an g les. In  the  cu rren t im p lem en ta tio n , h ip  an -
g le s a re  de fined  b y  the  leg s  an d  the  v ertica l ax is  co n ta in in g
th e  h ip  jo in ts . T h is  m ax im u m  v a lue  is  u sed  to  co m pu te  a
sca le  fac to r , w h ich  ad ju sts  th e  h ip  m o tion  m od e l (F ig . 1 )
to  th e  ped estrian ’s  w a lk in g . T h is  lo ca l tun in g , w ith in  a  h a lf
w a lk in g  cyc le , is  illu s tra ted  in  F ig . 5 , w h ere  the  com p u ted
sca le  fac to r is  ac tu a lly  u sed  fo r a  qu arte r o f th e  w a lk ing  cy -
c le , fro m  th e  cu rren t an ch o r fram e  u n til h a lfw ay  to  the  nex t
o n e . D urin g  th e  n ex t q u arte r o f th e  w a lk in g  cyc le  an  up da ted
sca le  fac to r, ca lcu la ted  fro m  th e  m ax im u m  h ip  ang le  in  the

n ex t an ch o r fram e , is  u sed . A  2D  a rticu la ted  struc tu re  is  d e -
p ic ted  in  F ig . 5  in  o rd e r to  m ak e  un ders tan d in g  easie r.
H ow ever th e  tu n in g  p ro cess is  ca rried  o u t in  3D  sp ace . D ep th
v a lu es o f fo o tp rin ts  (A , B )  o r (A’’ ,  B ’’)  a re  co m pu ted  a s  an
av erag e  o f th e  cen te r po in t’s  d ep th  in  the  fram es w h ere  these
fo o tp rin ts  ap p ear. T h e  nu m ber o f fram es  in  be tw een  tw o  an -
ch o r fram es  de fines  th e  sam p lin g  ra te  o f th e  m o tio n  cu rves.

The differences in walking between people implies that
all the motion curves should be modified by using an
appropriate scale factor for each one. In order to estimate
these factors an error measurement (registration quality
index: RQI) is introduced. The proposed RQI measures the
quality of the matching between the projected 3D model
and the corresponding walking human figure. It is defined
as: , where total area
consists of the surface of the projected 3D model plus the
surface of the walking human figure less the overlapped
area, while the overlapped area is defined by the overlap of
these two surfaces. Firstly, the algorithm computes the
knee scale factor that maximizes the RQI values. In every
iteration, an average RQI is calculated for all the sequence.
In order to speed up the process the number of frames was
subsampled. Afterwards, the elbow and shoulder scale fac-
tors are estimated similarly.

6 . E X P E R IM E N TA L  R E S U LT S

The proposed technique has been tested with different out-
door video sequences. The video sequence used as an
illustration throughout this work consists of 540 frames of
240x320 pixels each, which have been segmented using the
technique presented in [9]. In this sequence, the pedestrian
follows the trajectory depicted in Fig. 3 and her walking
speed is variable. Results of the proposed algorithm are
presented in Fig. 6. Notice that the model is able to follow
the pedestrian independently of the walking direction, in
particular when the pedestrian changes direction (see last
two frames in Fig. 6(top)). The corresponding 3D models

O rig in a l  F ra m e  (N u m b e r  3 ) S e g m e n te d  F ra m e  (N u m b e r 3 )
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Fig. 3. Illustration of the center point’s path computed from a
video sequence of 540 frames
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Fig. 4. (top) Static points detected for each frame. (bottom-left)
All the computed static points represented in a single image.
(bottom-right) Footprints labelled by the spatial and temporal
clustering of the static points.
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are presented in Fig. 6(bottom). The RQI for the total video
sequences has been 0.59.

Fig. 7 shows some results of a video sequence defined
by 70 frames of 240x320 pixels each. The segmented input
frames have been provided by the authors of [10]. In this
case the RQI value was 0.5. The main reason for this poor
performance is that the pedestrian is carrying a backpack
and he is not wearing so tight clothes. The average CPU
time for the different stages of the proposed algorithm was
0.37 seconds per frame. This time includes depth estima-
tion, static point and footprint detection and finally local
tuning of the motion model parameters.

7. CONCLUSIONS
A  n ew  ap p ro ach  to w ard s  h u m an  m o tio n  m o d e lin g  a n d  re -
co very  ha s b e en  p resen te d . It ex p lo its  p r io r k n o w led g e
reg ard in g  a  p e rso n ’s  m o v em en t a s  w e ll a s  h um an  bo d y  k in e -
m a tic s c o n s tra in ts . A t th is  p ap er o n ly  w a lk in g  ha s b een
m o d e le d . N o  co ns tra in ts  ab o u t th e  d irec tio n  o r sp eed  a re  im -
p o sed . E x per im en ta l re su lts  w ith  d iffe ren t p ed es trian , spee ds
an d  w a lk in g  d irec tio n s  d em on s tra te  ro b u stn ess o f th e  a lg o -
rith m  w ith  n o  co m p ro m ise  in  c om pu ta tio n a l co m p lex ity.
F u rth e r  w o rk  w ill in c lu d e  the  tu n in g  o f n o t o n ly  m o tio n
m o d e l’s  pa ram e te rs b u t a lso  geo m etric  m o d e l’s  pa ram ete rs
in  o rde r  to  fin d  a  b e tte r fittin g . In  th is  w a y, ex te rn a l o b je c ts
a ttach ed  to  the  b o d y  (like  a  h an d ba g  o r ba ck pa ck )  co u ld  b e
ad ded  to  th e  b o d y  an d  co n sid e red  a s a  p a rt o f it .
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