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Abstract to use multiple views. For an overview of human action
recognition and trackingl] and [L1] can be consulted.
We introduce the Hierarchical Partitioned Particle Filter Deutscheet al. [3] used an annealed particle lteAPF)

(HPPF) designed speci cally for articulated human track- with dynamic hierarchical partitioning. This is similar to
ing. The HPPF is motivated by the hierarchical dependency our approach, but we use xed partitions determined by the
between the human body parameters and the partial inde-human body structure. Multiple modes in the parameter
pendence between certain of those parameters. The trackspace make it inappropriate to use unimodal co-variances to
ing is model based and follows the analysis by synthesisde ne the partitions. MacCormicét al. [10] partitioned the
principle. The limited information of the video sequence is parameter space, tracking parameters independently. They
balanced by prior knowledge of the structure of the human argued that partitioned sampling is the equivalent of Iniera
body and a motion model. This is based on action primi- chical search. Their partitioning is valid only if the param
tives, a sequence of consecutive poses, each predicting in @ters are independent or loosely independent. However, we
stochastic manner the next pose. argue that when high, hierarchic dependence is present, as
Tracker performance is evaluated on the HumanEva-Il for the human body, then simple partitioning is not practi-
dataset for different motion model parameters, number of cal.
camera views and particles. The Hierarchical Partitioned Particle FiltédPPF) per-
forms a stochastic search in a high dimensional space, con-
verging through several prede ned levels to the solution.
The dif culty of 3D human tracking arises from the com-
plexity of the human body that is a search of a high dimen-
Motion capture, the analysis of human activity, and the sional space with limited dat&PPF offers a natural solu-
understanding of behaviour have attracted an increasing in tion, rst embedding the structure of the tracked object and
terest in surveillance, entertainment, intelligent ddlegc ~ second providing prior and likelihood integration on mul-
and medical diagnosis. Human trackirg [] is the ini- tiple levels. AlthoughHPPF can be viewed as a mixture
tial phase of most behavioural analysis. It is possible to of the APF [3] and partitioned particle Iter 10] there are
track human bodies as a wholé],[ considering them as  important differences. The earlier work takes no account

1. Introduction

blobs, or as articulated objects, [4, 9, 14], tting a hu- of the hierarchical dependency between parameters which
manoid structure. The former approach has the advantagés essential to properly model dynamics of the articulated
of simplicity, fast algorithms, applicability to single otul- human body. Further, we integrate priors on multiple levels

tiple views, and robustness, but the information extraited sequentially, performing guided annealing to escape from
limited and only simple classi cation can be perform@gd[  local minima.

Tracking articulated object8]14, 12] needs complex, high The search in the high dimensional space is inef cient
dimensional models and algorithms that are generally slow.without an additional prior model directing the search. We
Further, as the result is more complex, it may be necessaryuse a switching model, which combines the usual Gaussian
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Figure 2.HPPF applied to human tracking for one frame rst

modi es the global, torso parameters; followed by the upper limb
noise model with action primitives predicting the next pose and head, and nally by the lower limb parameters. Each body part
on the basis of the previous poses. This model uses thdorms a partition, while the last partition on level 2 and 3 contain

learnt motion to reduce the search space, but still allows th hig?erTlive: %arlamelter?. S"ghtlly tttmet(:] o thtr|1e IOV‘{?rl level body
possibility of previously unseen movement. paris. Theglobal evaluafiorevaluates the whale particle.

2. Hierarchical Partitioned Particle Filter The particle update updates the particles based on
the motion model explained in Sectios. The

f :rr: the parttlclte tltgr ®F) apprct)acti:h,.ttr:\ N %entsr:ty est|mateb weight evaluation and global evaluation assess each par-
ot the current state 1S represented either by th€ mean or by independently with the weighting function (the un-
the mode of a set of particles, each a full set of parame-

) ) normalised posterior), given by Bayes rule
ters of the state. For a new observation the particles are P )9 yBay

updated using the priors and the measurement based like- w(pkil) = € p)  (1ipy): (1)
lihoods. When the parameters are inter-dependent, it is
natural to adapt th@F to a hierarchy in which for each py is a parameter sub-set of partigiele ned by the eval-
new observation a particle goes through levels of Itering; uated partitiorx of the current level or, for global evalua-
each level adjusts sets of inter-dependent parametersand t tion, x is the full parameter set gf. In the later case the
other parameters are only slightly affected if at all. A lim- p notation will be used fopx. ( px) is the prior forpy,
ited number of iterations is applied, equal to the number of based on physical range of the parameters, being 1 in the
the levels. Partitioning exists both between levels, dofjgs  the nominal range and exponentially decaying outside this
different groups of parameters; and on each level, adistin range. ( 1jpy) is the likelihood for image , both partition
in parallel independent parameters. This is the basic ideaevel and global likelihoods are discussed in sectioithe
behind theHPPF. global evaluationselects with the MAP estimate the best
The HPPF has an iterative phase for each level (Fig- tting particles from the globally weighted particles.
ure 1), consisting of three sequential steps: motion update, For particle re-sampling?Fs usually use systematic re-
weight evaluation and particle re-sampling. On the rst sampling P, p. 42] to solve the particle set degeneracy prob-
level the mostindependent parametées global positions)  lem. In addition to degeneracy in a high dimensional space
are adjusted, then the hierarchical inferior parametéies (t the number of required particles for a good density estimate
upper then the lower limbs). Parameters on level 2 andincreases exponentiallg[10]. While particle set degener-
3 (of the four limbs) are physically independent therefore ation [2] is not desired, only viable particles must propagate
these parameter partitions are independently evaluatkd anto the next level, but preserving the multi-modality andvar
propagated. (The independence of the limbs is arguable; forety. In our modi ed basic systematic re-sampling, only the
some activities (walk, jog) the limbs are highly correlated highest 80% of particles survive. This is required by param-
but for unrestricted activity they are independent.) Final eters which are badly characterised by the likelihood func-
global evaluation and re-sampling keeps the best global so+tion (e.g. due to depth ambiguity, occlusions, low conjrast
lutions generated from the mixing of good local solutions alowing surival of poorly matching particles with relatiye
and computes the mean of the particles that are similar withhigh weights.
the mode of the particles only. This mean proposes to re- Particles are re-sampled per partition basis, sets of pa-
duce the effect of a mean on a multi-modal distribution. The rameters are weighted by the likelihood of their partition.
three levels of th&lPPF applied to the human body model This inherently can mix lower and higher level parame-
are shown in Figure. ters, and combination might result in a global con gura-



tion with low likelihood. This is partly solved by slight by expectation maximisation. For each cluster the mean
variations of the higher level parameters at a lower level, and covariance of the membaPs of the rstD BFV are
assuring their stability and as result the mixing degrada- computed as well as the mean and covariance of the last
tion is avoided. This mixing is essentially the same as the BFV, which is theNBFV for the lengthD AP. The stages
crossover operation between particles bene cial toARE of the APCs learning algorithm are described B].[

approach 3]. The global evaluation integrates the level The similarity of an unknowrap action primitive with
based adjustments, therefore solves mixing problems. anAPC is

1

3. Motion Model sim (ap) = e @’ (ap) @)

The underlying articulated human model consists of 10 whereM and  are the precomputed mean and covari-
body parts, each modelled by a truncated frustum with con-ance of the®CAcompressed clusterand
stant elliptical subsection and heights. The body partg hav
constant lengths and the body con guration is completely (app= M ap 3)
de ned by 24 parameters, including the body root posi-
tion, the body orientation, spline tilt and azimuth, and the iS the difference from the cluster mean and B@A pro-
18 joint angles. This model allows a compact represen-Jjecteddp.
tation Of a pose by the 24 parameter vector. However |t The h|ghest S|m||a.r|ty resultS in the beSt matChing Cluster
differs from theHumanEvamodel: each joint rotation, de-
ned by its nature, is parametrised by 1, 2 or 3 Euler angles,
while in HumanEvait is parametrised by 4 4 transfor-
mation matrix. The gimbal lock restrains the recovery of
the Euler angles andumanEvadata shows tw®OF com-
pared to the singl®OF we assume. Our model has con- ap= F(py) (5)
stant body size, whilelumanEvaallows varying sizeHu-
manEvaMOCAP data also has impossible leg poses, with which constructs th&P from the set of the parametersmf
knees bent backware.@ pose of right leg in S1 Walking1  and tracking results in the previous frames. Using the best
sequence, around frame no.620). Due to the model differ-matching (F (p)) the next valuegt*! of the parameter set
ences the mean 3D/2D error of the convertdsimanEva  are determined stochastically by
training data to our model is 23mm/3pixel.

A body feature vectorBFV) is a set of the parameters Pk = Mygev ( (@p)+ H  nerv E - (6)
describing a body con guration, having as elements either
direct features (joint angle, body position, orientatian) or
features derived by simple operations from direct features 1o
(velocity, global position vector). We use a set of 14 dif- P = Bt Mugey @)+ H ey
ferentBFVs each with direct features: the 18 joint angles
describing the whole body con guration; four subsets each
with four joint angles of each limb; one for the head with
two joint angles; and eight subsets with two joint angles for
each of the lower and higher limbs. The B&Vs result in
14 motion models used to update parameters partitioned a
different levels of theHPPF.

An action denotes a short, variable length sequence of
body con guration (e.gleg rising arm still) and is de ned
by one or more body parts. The action primitive model p*t = pt+ B (8)
(APM) uses action primitivesAP), basic actions, parts of
the larger time-scale actions, represented by a sequence aidds Gaussian noid® to the current particle parameters.
consecutiviBFVs. TheAPM predicts the next body feature The tracked model is human, therefore the motion is highly
vector \NBFV) for eachAP. constrained. To maintain the model generality, but rastrai

An AP is a set of consecutiBFV, therefore it captures  ing the model, our motion can switch between random
both the static and the dynamic behaviour of @#/s. The added noise of§) and theAP based models de ned irnv}
APM consists of action primitive cluster&PC), a group and @) with equal probabilities. The main feature of the
of similar APs. For this, the principal component analysis APM s the reduction of the motion to a structure similar to
compressedPs of original lengttD +1 BFV, are clustered  a Hidden Markov ModeliIMM). However, aHMM state is

(ap) = argmax ,x sim (ap) 4)

If px is a subset of particle parameters the prediction of its
next state is given by the

E ()

with H a heating constant, aritia standard Gaussian white
noise error vectoM ngey and ygpy  are the mean and
covariances of alNBFVs, andM gr,, and ggy the
mean and covariance of the difference betwl@&¥V and
FreviousBFV in the APC (ap). To train the above pa-
ameters of eac\PC the full HumanEva-ldatasettrain
MOCAP sequences were used.

The frequently used motion model][



a discrete random variable, while, for tAé&M, a particle the partition parameters, a subsetx. 4(p;) of each

is a vector of continuous random variables. While transi- body part are considered independent observations, there-
tions inHMM directly de ne the next discrete state and its fore their product givesy (px). The (p;i) is provided by
probability, for theAPM a transition generates individual the edge, the silhouette (foreground) and the colour likeli
continuous values of each of the parameters. This is donehoods. Self occlusion is solved by the combination of the
rst, by mapping the currenP into anAPC, reducing the  likelihood, called the matchinil;, of the image (edge, sil-

set of continuous parameters to a single random variable houette or colour) and the projected estimate; and the body

the cluster number; then generating explicitly the Wéin part relevanceR;. The relevance acts as a prior on the like-
the continuous domain by replacing the oldB&V in the lihood measured bil; and is computed based on the vis-
AP with a newly generate®NBFV from the precomputed ibility of the body part. The likelihood of a body parion
mean and the covariance of the currARtC. (Figure3). levell is

x(p) = € oM ©

We use silhouette and edge based matches, each de ned by
the percentage of the sampled internal or edge points of the
projected body having a match in the foreground or in the
Sobel edge map. In comparison with the Deutscher and
Reid [3] likelihood, that is a global likelihood for the whole
body, the used likelihood is body part. The colour based
matches are obtained by the Bhattacharyya distance from
the original body part colour histogram. The relevances are
computed as the percentage of sampled measurement points
not occluded by other parts. Silhouette, edge and colour rel
evances and matchings are combined with equal weights,
resulting in the body part match and relevamde andR;

and with Q) the likelihood «(p;).

Figure 3. Visual representation of t#PM. A discreteAPC is T

shown as a smaller continuous circd This APC transforms 4.2. Global likelihood

transforms into a neBFV generated by the mean and covariance, The alignment likelihood at the global evaluation level,
shown as larger dotted circle, of tiNBFV. The NBFV and the

currentAP results in the nevAP, which is assigned to a discrete G(p) - e ﬁﬁ% (10)
APC. Sltransforms intdS3or S4 S2transforms intdS1or stays

in the same state (but changes the parameter val88$), S3or

S4 S4to S5 S6or S7. S5to S4S6to Slor S2 andS7to S5, S6or

S7. Any transition will result in some changes of the continuous

is computed in the bounding box of the projected model
de ned by particlep. The likelihood measures how the
projected model overlaps the foreground silhouette, com-

parameters. : ) ]
puted in the bounding box of the projected model extended
in each direction by 25% in length. Tl®untmissmatch IS

4. Likelihoods the number of image foreground pixels which have no over-

lapped projected model, ideally amdunton packground

The «(1jpy) likelihood of the imagé given the param- the number of pixels which are either silhouette or projgcte
eter partitiorp, of one or more body partsis based onthe ~ model pixel; and a3 = 0:25. While partition likelihoods
match of the projected 3D parts to the input image. For sim- tend to cover all projected pixels with silhouetteS,(p) is
plicity we omit| and represent,(ljpy) = x(px). Per- maximised when all silhouette pixels are matched with the
spective projection of equally sampled points of the body Projected model, having adverse effects.
part frustums onto the image are the measurement points. )
Self occlusion of different body parts is solved by a method 5. Tracking results
similar to the Z-buffering, by ordering the depth of the cen-

tres The effect of number of the clusters and sequence length

of the APM; the number of particles and the number of cam-

era views are analysed. For this tHamanEva-l1Subject

S2, Combo Action, Trial 1 dataset, with 4 camera views
The partition based likelihoody (pyx) is computed for  and Subject S1, Walk, Validate dataset with 1 to 3 views are

each partition of each level as the product of the body partused. The mean errors for the three frame-sets were com-

based likelihoods. 4(p;) of each body part is de ned by puted by the means of the on-line evaluation systéegh [

4.1. Partition likelihood



D C Setl Set2 Set3 P| Setl Set2 Set3
20 | 1219 113.7 137.71 50| 139.0 1294 154.1
3 | 60 | 99.99 103.3 140.¢ 100 | 156.7 137.9 155.6
80 | 114.1 114 149.4 200 | 1141 114.0 1494
100 | 9491 100.6 136.4 500 | 108.6 104.6 128.9
20 | 105.1 106 147.1 1000 | 102.7 102.6 133.
15| 60 | 110.7 110.1 136.1 Table 2. 3D relative errorfmm] fo82 Combo kequence for num-
80 | 114.2 1115 148.6 ber of particlesP =50;100; 200; 500, 1000, with C =80 and
100 | 128.5 129.7 172.3 D=3
20 | 101.9 104.9 1554 hancements are not signi cant and do not justify the higher
25| 60 | 130.8 128.3 155. processing times.
80 | 108.8 110.0 151.7
100 | 117.0 115.7 143.( 5.3. Number of camera views
Table 1. 3D relative tracking error [mm] f&2 Combo kequence
for number of cluster€ = 20; 60; 80; 100and length of sequence An aim of a human motion model is to impose a pri-
D =3;1525 ori knowledge in addition to the image-based observations.

Ideally, with a good motion prediction a single or few views
will provide good observations. Here, we analyse the effect
" of reducing the number of the cameras on®ewalking 1
sequence frames 6-590. Talleshows that for multiple
cameras (two or three) the relative and absolute errors are
similar, therefore the pose is well estimated. With two cam-
eras, the 3D tracking error is 42% greater than with three.
With a single camera, the lower relative than absolute 3D

) ) i . error suggests that the poses are better recovered, while
views on a p4 2.4GHz workst.at|on with 1GB RAM with UO. the 3D ggsitions are pogrly recovered, because the depth
throygh. network. The tracking code does not |_nclude VI is recovered only from the scale variations of the projected
sualisation and uses preprocessed Sobel edge images, WI%Odel'

0.02 threshold, and foreground images resulted from back-
ground subtraction1[5).

Both the tracking and training data is sub-sampled to
20fps, therefore the tracking processes every third im
age andAPM is trained with 6 individual sequences sub-
sampled from each of the original 120fps MOCAP data se-
guences of thélumanEva-ldataset.

The tracking algorithm requires initialisation provided
by the HumanEva-lldataset. The un-optimised code re-
quires approximatelgsms=(frame particle) using four

5.4. Other sequences

5.1. Motion model parameters Providing comparison data with other methods, we run
the tracking P = 200 particles,C = 80 clusters of length
D = 3) with the three tesdtumanEva-llsequences. Results
with the 3D and 2D relative errors are shown in Tadhle
Figures4 and 5 show initial and intermediate frames of
tracking for theS1 Walkand S2 Combosequencés The
general position and orientation of the human body is well
tracked during all sequences. For talk sequence, the

Table1 compares the effect of the motion model cluster
numberC and sequence lengih effect on the tracking.
Having lowD results in short motion memory, while high
D results in long motion memory. The lo@ restricts the
number ofAPs, and therefore the estimation of the current
AP is less accurate and the prediction of the next pose is

inferior. legs are tracked well, but after frame no. 160 the lower arms

IonLc;?gE’rwS;FuBeentf(Sr Ireerjc,%tl?srfi?l;rsehsogpﬁa"Ere:surtfext i?:(t:: d are lost and recovered just partially. Problems trackireg th
9 ’ P ' _lower arms are in both th€ombosequences, but they re-

however they are expla_lned by the fact .that the next POSE CaN o1 with better observations. In tliBombosequences
be de ned by the previous few poses; the good estimates . S .

in the previous poses ov& frames are another require- both walking and jogging leg motions are well recovered,
ment, harder to maintain for a largerand if theAPCs are and even during jogging, the slight centrifugal inclinatio

overspecialised. Tableshows the best tracker performance toward the centre of the walking area is recovered, and is
/ersp ' P visible in the 3D reconstructions. The balancing actigitie
with C = 100 and sequence lengih = 3.

are also recovered with slight errors. The errors of the un-

seen S4Combosequence are comparable to the sequences

of the trained subjects, suggesting a similar performaoice f
Increasing the number of the particles leads to a betterother unseen activities.

density estimate of the_possmle poses. This is expected and IVideos of the full 3D reconstruction and  pro-

Table 2 con rms that higher particle numbers _reduce the jected camera C1 and C2 views are available at

3D tracking error, however above 200-500 particles the en-http://iwww.ece.eps.hw.ac.uk/ ~ zIh1/EHuM2/videos

5.2. Number of particles




\%
_—= =
\%
—_—= =
%%
=
== =
ﬁg
ﬁg

. Frame2r - Frame 30 o Frame 33 - Frame 36
o - o o -
w o w w w0
ol
s 8 ol ol “l
o ~ ) i 1500 o . - ali - 1500 100 e 1500
. o ~ o - o .. o ~._ o
190 1000 %0 s 500 -1aan 1900 1500 w00 1500
- Frame 219 . Frame 225 . Frame 201 o Frame 237 . Frame 240
0. & . & 0. I 0. ; ! 0 ; t
0 e [ . 0
Rl T - — Rl T i T o~ —
o T o0 o . o m L — L. o m
. I 500 ~ ] T~ ] o %0 0, e 50
- o . - - o B = - o
™ - 1000 . 000 - 00 100 1000 o0
0™ n ™ o ™ om o ™
. Frame 248 . Frame 248 . Frame 262 o Frame 265 - Frame 268
- ; I\ - i l\ - R - R - l
508 s [ 1505 [
T~ T - T Rl T - o Rt i
0 500 » s . Tao . e 0 o L
o - o P w = o <
o - o - -
“ 0 an ™ . o0 aan 1% “ o0 a1 o o0 a1 “ o0 a1

Figure 4. The recovered pose back projected to the view of cameratotd) and the corresponding 3D pose (below) forSheNalk 1
sequence, frames 9-36 and 219-258 (3 frame step size).
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Figure 5. The recovered pose back projected to the view of cameralotd) and the corresponding 3D pose (below) foiSR€Combo 1
sequence, frames 4-31 and 451-478 (3 frames step size).



Cameras| 3D errorfmm] C1 error[pixel] C2 error[pixel]
C1,C2,C3| 105.7/105.7 14.8/14.8 14.8/14[7
C1,Cc2 140.9/130.2 18.3/17.3 19.4/18|6
C1 224.5/811.7 34.3/38.6 32.2/145|6
C2 234.2/665.7 34.7/119.4 31.0/29(8

Table 3. 3D relative/absolute tracking errors &t Walk 1sequence frames 6-590, fBr= 200 particles,C =80 andD =3. The 3D
error and the 2D errors projected onto camera 1 and camera 2 viealstfree, and both or one of the camera 1 and the camera 2 views.

3D/2D error
3D[mm] Camera 1[pixel] Camera 2[pixel]
Sequence | Setl Set2 Set3 Setl Set2 Set3 Setl Set2 Set3
S2Combo 1| 114.1 114 1494 152 145 2143 158 155 18.13
S4 Combo4| 179.8 153.1 156.6 28.94 2299 23.39 25.62 20.41 20.44
S1 Walking 1| 101.9 N/A N/A | 14.01 N/A N/A | 14.18 N/A N/A

Table 4. 3D and 2D relative tracking errorfmm] for the thiegmanEva2 test sequences.

6. Discussion and conclusions [5] D. Gavrila. The visual analysis of human movement: A sur-

vey. Computer Vision and Image Understandin@®(1):82—

The Hierarchical Partitioned Particle Filtertracks ar-
ticulated, high dimensional structures with hierarchibed
pendence between the parameters. HR®F uses a mo-

tion based ormAction Primitives, predicting next possible
poses based on a history of previous poses. We have pre-

sented theHPPF results on the thre€HuM2 evaluation

datasets. Although not evaluated, we expect the tracker wil

perform equally well on any othédumanEvasequence as
it is trained with all of the motions present umanEva
dataset.

We have to emphasise that motion is not con-

strained to the activities present in the evaluation set: Un
expected, a longer motion memory of the action primitives
does not improve the tracking. Higher particle numbers, up [9]

to around 500 particles, improves the results, but further i

crease does not result in additional improvement. Lower
arm errors could be xed with enhanced likelihood func-

tions and code optimisation would greatly increase the pro-[10]
cessing speed and would permit a higher number of parti-

cles resulting in better accuracy.
In the larger contexd], the tracking withAPs is impor-

(6]

(7]

(8]

tant as it provides behavioural information about the actio [11]

performed by the tracking subject. Full integration of k-ac

ing and behaviour analysis will be evaluated in the near fu-
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