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AbsIm-A fi ter method is presented for 3D pose 
(position and orientation) estimation of an arbitrary 
moving target from a monocular image seqnence. 
Problem considered here is error propagation from 
image features to pose parameters. To this end, we 
have derived a combination of two fi ter schemes. The 
first filter scheme uses maneuver detection technique, 
in which the criterion of an optimal detector is deduced, 
two detectors snitable for fast and slow maneuvers are 
analyzed, and Limited memory filtering is adopted for 
maneuver correction. In  the second filter, a robust 
model is established via Lapange interpolation and 
numerical integration, and the possibility of filter 
divergence is avoided by employing an adaptively 
estimated fading factor. Finally, generalized pseudo 
Bayes algorithm is employed to combine the two fi ter 
models for better fiter performance. Superior to 
previous approaches that were Limited tu slow and 
smooth motion, this f i ter  metbod is applicable for a 
manenvering target that acts in an unknown manner. 
Moreover, it is suitable for real-time environment in 
terms o i  the following aspech: the structure of the 
filter is simplified by avoiding the need of EKF, the 
computational cost is much reduced by running six 
fdters on the six pose seqnences in parallel; the process 
to extract the feature points is simplitied due to the 
predicted feature locations; time efficiency is increased 
hecause the sequence of image frames is allowed to be 
a t  unequal intervals. Simulation results and implement 
o f a  system for multi-mobile robots formation show the 
capacity of this algorithm. 

K~eywoordr-pose estimation; Mmn fdler; mane- 
defection: numedcal onalysisfilfer furion; robots formation 

I. INTRODUCnON 

Recently, a significant amount of work has been done 
to the determination of the 3D pose of a moving target 
from a monocular sequence of images. This is because that 
pose estimation can offer many important applications in a 
wide range of areas, including mobile robot navigation, 
target hacking, and motion prediction etc. One of the 
central problems in the 3D pose estimation noted by 
several researchers [I ,2] is that: perturbation of all kinds of 

noises embedded in the images results in errors in 3D 
reconstruction, and thereby, causes serious degradation in 
pose estimation. Based on the fact that a long image 
sequence can provide more information to suppress noise, 
application of the extended kalman filter (EKF) has heen 
widely used to improve the numerical accuracy of the pose 
parameters. However, there are still some limitations on the 
ability of these methods [5-lo]. Generally, the modeled 
motion was assumed to have constant acceleration/ velocity 
in the translational and rotational components, which made 
the filter only suitable to application where the object 
motion is slow and smooth. In other applications where the 
object may travel through a sudden movement or a step 
discontinuity, more work is needed. 

To increase the robustness of the overall method, a new 
filter approach is presented here for accurate 3D pose 
estimation of a maneuvering target from a monocular 
image sequence, with 00 need of prior howledge about its 
trajectoy. The overall filter method is implemented by 
combining two filter modules: the maneuver detection 
based filter @DF) and the numerical analysis based filter 
WAF). In MDF, the criterion of an optimal detector has 
been deduced, and two detectors suitable for fast and slow 
maneuvers are analyzed respectively. Once maneuver is 
declared, limited memory filtering is introduced for 
maneuver correction. Superior to the correction method of 
acceleration input estimation [13,14], better filter 
performance is achieved because the opposite influence 
caused by poor estimation of the starting time of maneuver 
is avoided. In NAF, a robust model applicable to diverse 
dynamics is established by Lagrange interpolation and 
numerical integration. And, a fading factor is imported in 
the covariance matrix of the prediction error to overcome 
the phenomenon of filter divergence caused by truncation 
errors. This factor can be estimated adaptively. Finally, the 
two filter modules are combined by the generalized pseudo 
Bayes algorithm, Combination of the two filter modules 
has greatly increased the accuracy of the filter, especially at 
the maneuvering time when the target goes through a 
sudden change. 

As well as reducing the effect of noise, this filter has 
strong ability for real time application in terms of following 
aspects. First, establishment of linear measurement 
equation avoids the need of EKF, which makes the 
structure of the filter much simpler and computationally 
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more efficient. Second, nmning six separate filters for the 
six pose sequences in parallel helps reduce the computation 
time. Third, the sampling intervals between the image 
frames are allowed to he unequal, which would increase 
the efficiency of the 3D motion estimation system. Last, 
based on the predicted pose parameters provided by the 
filter, image plane regions to which feature extraction is 
restricted can be acquired. This allows the vision sensor 
system to process only small window areas in the image 
plane to obtain the required feature points, and thus, brings 
a significant reduction in the image processing time. 

In the following text, the process of 3D pose estimation 
from monocular vision is presented in section E. In section 
m, linear measurement equation is derived. Section N 
describes the first filter scheme using maneuver detection 
technique, while section V describes the second filter 
scheme based on the estimate model of Lagrange 
interpolation and numerical integration. After the 
combination of the two filter modules is given in section 
VI, simulation results and practical application of a system 
for multi-mobile robots formation are presented in section 
VII. Finally, a conclusion is made in section WI. 

11. POSE ESTIMATION 
This section will describe the reconstruction of 3D 

object pose by the model-based monocular vision method. 
Geometry of a monocular vision system for pose 
estimation is illustrated in Fig. 1. A pinhole camera model 
is used for mapping, and no less than three features points 
are selected for pose estimation. The camera is assumed to 
be stationary in inertial coordinates, and the imaging model 
is that of central projection. An arbitrary body coordinate 
frame is attached to the object to define the orientation and 
position of the object. For the pose estimation, following 
process should be accomplished the extraction of feature 
points from 2D images, the matching of corresponding 
feature points between 2D image planes and 3D space, and 
the transformation between the two hmes.  

At each measurement instant, the relative pose of the 
object with respect to the camera is estimated by following 
method the transformation of the j" feature measurement 
in the object frame, Pp =[x;,y;,z;]' , to the camera 
frame, Pf=[x;,y;,z;]' , can be performed by a 
translation T =[x,y,zIranda rotationR(a,p,y): 

zo 

Figure 1. Geomeq of a monocular vision system 

P ; = T + W p  (1) 

From the point projection camera model, the corresponding 
projection feature point locations in the image h e ,  
[ui,vi]' ,areobtainedby 

u j = K , x , ' / z f ,  vi=KVy;/zJ (2) 

where K, and K ,  are the calibrated camera interior 
parameters. Since the spatial locations of the features 
points is hown beforehand, we may find value 
of Pf according to the model-based monocular vision 
method. So, the rotation mabix Rand the translation vector 
T in ( I )  can he acquired by the least square method 
Namely, the pose parameters, including the orientation 
parameters (roll (I , pitch p , yaw y angle) and position 
parameters (forward x, lateral y, and vertical z translation), 
are obtained 

m. MEASWREMJZNTMODEL 

In conventional measurement model, noisy image 
feature vector was selected as measurements. However, 
considering its nonlinear relationship with the pose 
parameters, here we choose the estimated pose parameters, 
instead of the image feature vector, as a measurement. The 
discrete measurement equation relating nominal pose 
parameters W '  =[x',y',z',a',,~?',y']T and the true ones 
W ='[x, y, z, a, B, 71' at the k Ib sampling step is 

w; =w, + v, (3) 

where V =[n,,n,,n,,n,,ng,n,]isthenoise component. 

Because the images taken from a longer distance have 
larger noise-to-signal ratios in 2D image frames, they will 
generate larger errors in terms of object position and 
orientation in 3D space. It is therefore more realistic to 
assume that the measurement noise in 2D image-plane 
points, rather than the pose noise of V, , is govemed by the 
same statistics for all the time. Any errors incurred during 
the extraction of feature points are incorporated into the 2D 
image noise as independent white-Gaussian noise with the 
same statistics for all the frames. From the mathematical 
relation between the image features to pose parameters, we 
can get the effect of 2D noise on the object orientation and 
position in 3D space, and derive the maximum error for 
each pose parameters. Assume that measurement noise V, 
is zero mean Gaussian process. According to the 3-sigma 
rule, if the maximnm value of the i" element in V, at the 
k" sampling step is M: ( i  = 1 . A )  , its covariance can be 

approximated as (M1/3)2, 

In the vision based 3D motion estimation system, if the 
intervals between successive frames are predetermined to 
he equal, much time will be wasted on waiting until the 
predetermined sampling time has come. On the contrary, if 
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the camera can work immediately once various processes 
have been completed, better efficiency will he attainable. 
Therefore, to increase the ability of real time application of 
the whole system, the dynamic models established in the 
following two filters modules are designed to be fit for 
changing sampling period. 

As well as &e meas~ement equation, the dynamic 
equations to he constructed next are linear both in MDF 
and NAF. This allows for an accurate estimation of pose 
parameters through linear Kalman filtering, and thus, has 
drastically reduced the computational complexity. 
Moreover, we can m six filters on the six pose sequences 
in parallel to reduce the computational time. 

Next, we will give two filter modules of MDF and NAF 
respectively, and further, present the filter fusion process. 
Filtering on the fonvard translation x is chosen as 
representative. Other pose parameters are filtered in the 
similar way and therefore omitted. 

N. MANEUVER DETECTION BASED FILTER 

A .  Models 
The dynamic equation is given by a three-state model 

Xi,, = A, X ,  + W; (4) 

where state vectorx, = [.(I,) x'(i,) x ' ( f , )p ,  

f , , ,  -1 ,  , and transition matrix A, = 0 

dynamic noise W; is assumed to be zero mean Gaussian 
noise with covariance Q; . When a maneuver occm, the 
target process becomes 

1 [ 0 0  1 

1 I,+, -1, ( fk , ,  - t i ) 2  12 
I 

x,,, = A , X ,  + w; + B,U, ( 5 )  

at the precise instant, k=n, at which the maneuver OECUIS. 

Here the input acceleration is U, , and the inpnt matrix 

5, = hl - f , ) ' / 2  t i* ,  -11 1lT 

From (31, the discrete measurement equation on x can 
be expressed by 

z, = cx, + v; (6 )  

where Z, is the noisy estimation of x ( f i ) ,  C = [I 0 01, 
V; is measurement noise, assumed to be zero mean 
Gaussian noise with time-variant covariance R; . 

B. Maneuver Defection 

1) Criferion for  an opfimal detector 
Our goal is to detect the existed maneuver as soon as 

possible. So, an optimal detector with the maximum 

probability of maneuver detection is explored next. 

Suppose that the maneuver starts at the sampling step of 
n, with acceleration input of U,. We let i,,,-, denote the 

predicted estimate assuming no maneuver, while i,,,., 
denote the prediction when Un is already known. It can he 
derived that the relation between the biased innovation, 
ri = Z, -CX,,,-, , and the unbiased one, 
e, = Z, -CX,,k., , is 

- 

rr = M;U, +ei  (7) 

k < n  
k = n + l .  If the 

A , ( I - K , C ) ] B ,  k > n + l  

distibution of e, is normally distributed as a zero mean 
normal random variable with variance a:, we can get that 
rk is normally distributed as 

N(WUnI 4) (8) 

Let d as the number of measurements used to estimate 
the detector, then the maneuver detector composed of 
standardized weighted sum of innovation has the form of 

, in whichhi is the weight coefficient. If H ,  exceeds a 
certain threshold, we accept the hypothesis that a maneuver 
has taken place. From (8) and (9), we get the distribution of 
Hk as: 

Define 

It can be proven that under a given probability of false 
alarm, the probability of detection will be maximum if IJk I 
is maximal. Therefore, by differentiating J ,  , we reach the 
conclusion that under the condition of 
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(S is a random constant), H ,  in (9) is the optimal detector. 

2) Defecforsfor quick andslow manewers 
In fact, the starting step of maneuver is usually not 

obtainable, so M;  cannot be accurately determined. 
Hereby, we need to probe sub-optimal detectors for 
different circumstances. 

Analyzing the input estimation based detector in [13,14] 

where fi, is the estimated input at the sampling step of k 

, we fmd that the shorter the maneuver detection delay (i.e. 
the distance between k-d and n), the closer the detector of 
(13) is to the optimal detector. So, the detector proposed in 
[13,14] is suitable for fast maneuver. 

In slow maneuver, since the detection delay is long, we 
can deem that MC,,, (i = I...d) equals to each other. And 
qL+, can also be approximated as the same. Hereby, it is 
reasonable to approximate the weight coefficient in (12) as 
hl? e 1. So, the detector 

is suitable for slow maneuver. 

C. Filer Update 
Once maneuver is declared, limited memory filtering is 

adopted here for maneuver correction. Compared with the 
acceleration input estimation method [13,14], this 
correction scheme is superior because it does not need to 
estimate the starting time of maneuver. Therefore, adverse 
influence caused by its poor estimation can be avoided. 
The update process is: We choose N as the memory length. 
Once a maneuver is detected at the sampling step of k, the 
estimated state k, and its error covariance matrixbk will 
be corrected using the observations between the sampling 
interval of k - N  and k , S, ={Zk.,+, ... Zt}  , and 

replaced by k,,, and pi,aw : 

V. NuMERlCAL ANALYSIS BASED FILTER 

A. Lagronge Inferpolation andNumerica1 Integration 
From the Newton Law of motion, the macroscopical 

motion of f ( f )  satisfies two characters as below: ( I )  There 
are numerable isolated n'-order jump-points ( n  > 1). (2) 
The nm-order derivative of f ( f )  between two ordinal jump- 
points exists and all derivations are bounded. Consequently, 
it is reasonable to use Lagrange interpolation and 
numerical integration to describe the object 3D motion. 

Lagrange Z-degree Interpolation with unequal intervals 
is considered here. The interpolating polynomial passing 
through the th re  points 
V k ,  f ( r ,  1) is given by 

/( tk.l  1) (ti., , f ( f , - ,  )) and 

w ( f )  =- f (3 ' (h)  ( t - f d f  -L,)(f - f k ) ,  h E [f . ,fbl (18) 
3! 

Based on the interpolating polynomials given in (17), 
< I ,  4,) can be the integral of f ( x )  over [ f , , f d ]  ( t ,  4 

approximated by the method of numerical quadrature: 

x ' ( t )  and f h  respectively, we can get the following 
expression: 
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Let X ( k ) =  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  he the system 
state vector, the discrete dynamic model is accordingly 
derived as 

X,,,  = A , X , + W l z + W Z ;  (21) 

in which 

L,(&+>) &.ZOk+J is the 

mnsition matrix, W I ;  = [ r w ( t ) d t  Gtk41) o o ] ~  is 

the truncation error, and WZ; is the system noise. 

The expression precision of (21) is impaired by the 
truncation error of WI;, so its effect should be evaluated 
According to the kinematics mechanism of macroscopical 
motion, it is Imown that between two ordinal jump-points, 
higher-order derivatives of x ( f )  are bounded in finite value. 
Moreover, the sampling intervals here can be controlled to 
be tiny enough. Therefore, it is reasonable to consider the 
truncation error as modeling error with bounded energy. 
Disturbance of bounded energy brings bounded estimate 
error for convergent estimate algorithms @BO system). 

Many structured dynamic models are confmed to some 
compatible dynamic modalities. Once modality varies, 
incompatible between model and process will occur. 
Whereas, the model of (21) can descnie motion of diverse 
modality and avoid such incompatible. Therefore, it is a 
“flexible” expression tool to describe unknown function 
without its analytic formula. Because the estimate model of 
(21) connotes some physical background, it usually 
satisfies the condition of uniformly controllable and 
observable. Therefore, it is easy to consrmct convergent 
estimate algorithm [3]. 

As for the measurement equation, it can be expressed 

1 1 r L , ( i ) d f  f,‘+’&.,(f)df c“ &-,(+if 

Ai =I “k(?) 0 0 

0 1 0 

by 

z ,=cx,+v;  (22) 

where C=[l 0 0 01, Z, and V; are the same as the 
value in (6). 

C. Filter Divergence Avoidance 
Existence of the truncation error makes it is difficult to 

accurately determine the dynamic noise covariance Q: in 
(21). Poor estimation of Q: will degrade the accuracy of 
the filter performance, and may even cause divergence. To 
avoid the possibility of divergence, we import a fading 
factor S; here. The divergence avoidance scheme is: 

  et 6, =z, -d,,,., be the innovation, with 

covariance E[6:6 , ]=CP, ,~ . ,C’+R; ,  and yhe  the scale 
factor, if 

6:s‘ > u[Cpk,,.,Cr + R;1 (23) 

we suppose that the filter is divergent Then, the covariance 
matrix of the prediction error 

Pkp-1 = AI-IPI-IAL +Q;L (24) 

will be corrected by 

= S;A,J.,AL., +Q;L (25)  

The fading factor S; acts by reducing the weight of the old 
observations and increasing that of the new observations. It 
can be determined automatically according to the 
innovations: 

1 
m 

Si = - @{ [6,6: - CQ;, C‘ - R,][CAk,P,., A:-, C r ] - ’ }  (26) 

,in which m is the observation dimension. 

VI. FILTERFUSION 
In order to get higher tracking quality, generalized 

pseudo-Bayes algorithm is introduced here for combination 
of the two filter’ modules. This fusion approach is 
composed of the two above filter modules, a model 
probability evaluator, and an estimate combiner at the 
output of the filters. 

Let the notation Mi stands for “model i (i=I,Z) in 
effect during the period ending at the sampliig step of K’, 
which is assumed to be a finite Markov chain with the 
msi t ion  probability matrix of H . And, d e h e  
N’ = {z, , . . z*]  as ‘%e cumulative data at the sampling 
step of k”, & = P(M;  I N , )  as “the model probability of 
the i* filter at sampling step of k”. Then, one cycle of the 
fusion approach consists of the following: 

Filter iteration: 

Each of the pain Xi- ,  and Pi., are used as input to the 
filter matched to M: , Tune-extrapolation yields X;,,, 
and Pillr-, , and measurement update provides X ;  ,Pi. 

Likelihood function update: 

The likelihood function corresponding to filter i is 
computed according to 

1 .r .-I 
A\ = P ( Z ,  ~ ~ ~ N ~ - ~ ) = ~ ~ ~ ~ ~ ’ ” e ~ p ( - - ~ ~  2 X; r;)(27) 

where r; is innovation of the iQ filter at sampling step of k, 
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whose covariance is 2; 

Model probability update: 

From the Chapman-Kolmogorov equation for the 
Markov chain, we easily obtain 

P(MI I N i - ' )  = xf fhpr . ,  . (28) 
m 

The& the model probability of each filter is updated 
according to the Bayes theorem 

(29) 

Output Fusion: 

On the basis of the law of total probability, Output is 
expressed as 

PO 1608 

VII. RESULTS 

A. Simulofion Results 
A computer simulation was performed to test the 

performance of our filter approach. In the computer 
simulation, image generation, feature extraction, and 3D 
object motion were implemented along with the Kalman 
filter algorithm. Simulation data were obtained from the 
scenario shown in Fig. 2. In order to verify the validity of 
this approach for general conditions, pose parameters were 
performed with different motion velocities and trajectories. 
The time intervals between two consecutive measurements 
were generated randomly by the computer between 0.1s - 
0.15s. At every sampling time, the noisy pose 
measurements were made in the following way: noise free 
3D feature points generated by a computer program were 
projected onto the image plane. Then, white independent 
Gaussian noise with predetermined distribution was added 
to the true 2D image coordinate. With the 2D noisy 
features, a reconstruction of 3D pose was wried out by the 
model-based monocular vision method to simulate noisy 
measurements of pose parameters. A Monte Carlo 

Time (see) T i m  (sec) 

Fi- 2. Object 3D motion hajectoties in simulation 

Time (sec) Time (sec) T i m  (sec) 

, 
, NAF ~ 

1 

,, :,.._. ,; o.2/y\i I. ...... I ...... 4 

Time (sec) T i m  (sec) T i m  (SEC) 
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Figure 4. Estimates in rotafional and franrlation.4 velocities 

0 
Time lsn> rims is=> rime ISC) 

Figure 4. Estimates in rotafional and franrlation.4 velocities 

simulation of 50 m s  was obtained for the filter algorithm, 
with the same noise covariance for the image coordinates. 
Simulation results were given in following figures. 

Fig. 3 shows the rms errors in both rotation and 
translation parameters under the maneuver detection based 
filter WF), the numerical differentiation based filter 
WAF) and the fusion of the two filters 0. The dotted 
curve (WF) denotes the m enors before filtering. It is 
observed from the simulation that the errors in 3D space 
are proportional to the forward translation x (i.e., the 
distance between the object and the camera). The reason is 
that, as the object moves close to the camera, the size of the 
image expands, then the ration of the 2D m e a m e n t  
noise level to the image size of the object decreases, and 
consequently, less errors in 3D space are induced Fig. 3 
shows that both of the two filter schemes have decreased 
the rms errors. After combining the two filters, the peaks of 
rms emrs are M e r  decreased at the maneuvering time. 
Therefore, it has been verified that after filter tiision, better 
pose estimation will be achieved, especially during the time 
that the target motion goes through a sudden change. 

The performances of our Kalman filter on rotational 
and translational velocities estimation are illustrated by Fig. 
4. The solid lines represent the actual velocities of the 
motion shown in Fig. 2, and the dotted lines represent the 
velocity estimated by the Kalman filter. We can see from 
these figures that both rotational and translational velocities 
can be estimated vety closely to the true values. Even when 
the object travels through a sudden change in its 3D motion, 
the filter experiences corresponsive transition and then 
recovers tracking in a short period. 

B. Experimental Implementation 
Real-time experiment on vision-based moving in 

formation by three mobile robots was performed to 
demonstrate the validity and performance of OUT filter 

approach. The experimental setup is shown in Fig. 5 .  Two 
sets of feature points were setup on Robot I and Robot II, 
while two cameras were mounted on Robot II and Robot 
III respectively. The three robots move in a triangular 
formation. Robot I served as a leader and goes first to 
provide moving plans to Robot 11, and Robot IIJ tracked the 
motion of Robot II. In this experiment, only three pose 
parameters of yaw angle, fomard and lateral banslation, 
were necessary to be processed. 

Robot II tracked the motion of Robot I by detecting its 
relative pose with respect to Robot I. One cycle of the 
tracking process consisted of the following: After 
completion of the last tracking cycle, the camera that was 
attached on Robot II acquired the picture of Robot I. From 
the time length between the current image sampling time 
and the last one, we can determine the transition matrix for 
the dynamic equation. The regions to which feature 
extraction was resbicted can also be computed based on the 
predictive ability of K a h n  filter. These new window 

Figure 5. S a p  ofmulti-robots fomtion 
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areas were used by the image processor to extract feature 
points for their image location measurements. Then, after 
feature extraction, we could derive independent relative 
pose measurements between Robot I and Robot ll by the 
model-based monocular vision method. Noisy pose 
measurements were input to the iilter to prcduce much 
more confident 3D motion estimates, including pose 
parameters and their velocities. Output signals of the filter 
were fed back to the controller of Robot ll for its motion 
planning. So, Robot U would take an action such as 
proceeding forwardhack or tuming IetVright to keep the 
formation. The above procedure was repeatedly continued. 
Robot Dl worked in the same way to track Robot lI. Thus, 
the formation was kept all along 

It was observed tbat, thanks to the more accurate pose 
estimates provided by the filter, the tracking robots 
repositioned more quickly and accurately. Moreover, with 
the predicted pose parameters provided by the filter, feature 
point locations can also be predicted. Hereby, the process 
to extract the feature points became much simplified, and 
the image processing time was greatly reduced Besides, 
because time intervals between two image sampling steps 
are allowed to be unequal, the cameras migbt catch the 
picture immediately after other processes have been 
completed, and no time was wasted on waiting for the 
predetermined periodic sampling time. As a result, the 
robot system’s time efficiency was increased 

W I .  CONCLUSION 
In this paper, a robust filter algorithm for more accurate 

estimation of the 3D relative pose of a random moving 
object from a monocular image sequence has been 
proposed. Linear measurement equations are derived, two 
filter algorithms based respectively on the maneuver 
detection method and the numerical analysis technique are 
improved, and better filter performance is acquired hy 
combining the two filter modules. This filter method 
provides robust 3 0  pose estimation for a maneuvering 
object without prior knowledge about its trajectory. 
Moreover, it is very suitable for real-time environment in 
terms of many aspects: the computational cost is much 
reduced by running six filten on the six sequences in 
parallel; the image processing time is reduced by the 
predictive feature locations; no time is wasted on waiting 
because the sampling intervals is not need to be the same. 
Both computer simulation and real-time experiment results 
show that this filter will lead to a more robust and 
autonomous motion-tracking scheme. 
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