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DECENTRALIZED VARIATIONAL FILTERING FOR SIMULTANEOUS SENSOR LOCALIZATION AND TARGET TRACKING IN BINARY SENSOR NETWORKS Jing Teng, Hichem Snoussi and C´edric Richard ICD/LM2S, University of Technology of Troyes, 12 rue Marie Curie, 10000, France ABSTRACT Resource limitations in wireless sensor networks have put stringent constraints on distributed signal processing. In this paper, we propose a cluster-based decentralized variational filtering algorithm with minimum resource allocation for simultaneous sensor localization and target tracking. At each sampling instant, only one cluster of sensors is activated according to the prediction of the target state. Slave sensors employ a binary proximity observation model to reduce energy consumption and minimize communication cost. Based on the binary measurements between sensors and the target, activated sensors and target location estimates are interdependently improved. By adopting the variational method, the inter-cluster information exchange is reduced to one single Gaussian statistic, further minimizing resource consumption in the network. Since the measurement incorporation and the approximation of the filtering distribution are jointly performed by variational calculus, an effective and lossless compression is achieved compared to the classical Particle Filtering. Effectiveness of the proposed approach is evaluated in terms of tracking accuracy and localization precision. Index Terms— Cluster-based, variational method, localization, tracking, binary proximity sensor 1. INTRODUCTION Wireless sensor networks (WSN) are ”data centric”. The data sensed by WSN, such as range, bearing, temperature or humidity, are meaningless without supplementary sensor locations information [1, 2, 3]. Sensor localization has thus received considerable attention in literature [4]. Target tracking is one of the typical location-dependent WSN applications. The moving target can be well tracked if the sensor positions and orientations are known exactly [5]. However, it is not always possible to deploy or localize the sensors precisely. Sensor location refinement/calibration based on known positions of a moving target has been proposed in [6, 5]. In this work, by incorporating measurement information between sensors and a moving target, we consider the simultaneous sensor localization and target tracking problem. This attractive solution poses no restriction on the mobile target, whose timely position is estimated in the presence of sensor localization errors, without additional hardware configuration requirement on the sensor. Furthermore, it allows a continuous improvement of sensor localization, even during the tracking phase, since each observation adds a geometric constraint and leads to an improvement in estimation over time. The problem was defined by Taylor et al. [2] as simultaneous localization and tracking (SLAT). In earlier works [7, 8], the target to be located is a mobile robot, whose control input is known a priori. In addition, the incorporated observations are assumed to be range-bearing measurements, which require a special antenna configuration and omnidirectional signals. In this paper, we consider a much more general situation, where the tar-



get moves arbitrarily through the environment, with no constraint on its direction or velocity. Concerning the sensors, a hierarchical WSN is formed. Cluster heads (CHs), with high computation and communication capabilities, are sparsely placed to fuse data from their slave sensors and perform the SLAT algorithm. They are triggered according to the prediction of the target location. Further information on the cluster-activating protocol is stated in [9]. Slave sensors are randomly and densely deployed through the span of the network. They belong to clusters with singular cluster head. By employing a binary proximity observation model [10], they report their observation in one bit to corresponding CH. A general state evolution model is proposed to describe the locations of the target and the activated sensors by a joint probability distribution. We adopt the Bayesian framework to estimate the joint probability distribution. By incorporating the binary observation received in the activated CH, the joint probability distribution is updated on-line. To avoid the representational complexity, we use the variational method to approximate the joint state during the observation incorporation phase. To sum up, a decentralized variational filtering algorithm for SLAT (DVaSLAT) in binary sensor networks (BSN) is proposed, ensuring the tracking accuracy and the localization precision with minimum resource allocation. We will formulate the SLAT problem by a general state evolution model (GSEM) and a binary proximity observation model (BPOM) in Section 2. Section 3 is dedicated to a detailed description of the DVaSLAT algorithm. In Section 4, performance of the proposed algorithm is studied by computer simulations. Section 5 concludes the paper.



2. PROBLEM FORMULATION 2.1. General State Evolution Model Since the mobile target travels arbitrarily in the sensor field, instead of a traditional kinematic parameter model [10], we employ the general state evolution model (GSEM) [11, 12, 13]. The model is more adaptive to practical situation and has no restriction on the velocity and moving direction of the target. At instant t, the hidden state to be estimated contains the target position xt and a set of activated sensor locations St = {s1t , s2t , . . . , sm t }, where m denotes the number of sensors in the activated cluster. The sensor position si is assumed to be a Gaussian variable, whose expectation is its latest estimate value sˆi , and the precision matrix is η i . The initial value of sˆi is the assumed deployment position s¯i , and η i indicates the position offset due to deployment error and other spatial factors. The target xt is assumed to follow an extended Gaussian model, where the expectation µt and the precision matrix λt are both random, with a
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identically distributed, we have X p(zti,x |xt , si ) = p(zti,x |yti )P (yti |xt , si ).
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As shown in the formulation (2), the mapping between xt , si and yti is deterministic. Therefore, p(zti,x |xt , si ) = p(zti,x |yti ). Similarly, if the j th activated sensor is in the sensing range of the ith one, y i,j = 1, else y i,j = 0. The binary observations received at the activated CH from the ith sensor is thus defined as follows:
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Fig. 1. The Binary Proximity Observation Model is described by a simple example. With respect to the 1st sensor, the target and the 2nd sensor are within its sensing range at instant t. Observation yt1 = 1 and y 1,2 = 1 is thus transmitted to the CH. The same principle holds true for the 2nd sensor. Concerning the 3rd and the 4th sensors, they keep silence at instant t. The CH then assign a ”zero” to the observation of them after waiting a given time slot. The situation at instant t + 1 can be similarly deduced. Gaussian distribution and a Wishart distribution respectively:  i s    x t µt    λt
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N (ˆ si , η i ) N (µt , λt ) , αt ≡ {xt , µt , λt , St } N (µt−1 , λ) Wd (V , n)
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The non-linear and non-Gaussian aspects of the GSEM in Eq. (1) lead to intractable integrals, when calculating the marginal distributions above. We propose a Variational Filtering to approximate the density distribution p(αt |z1:t ) by a separable distribution q(αt ) in minimizing the Kullback-Leibler (KL) divergence error: Z q(αt ) DKL (q||p) = q(αt ) log (dαt ), (6) p(αt |z1:t ) Y where q(αt ) = q(αit ) = q(xt )q(µt )q(λt )q(St ), i
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We investigate the SLAT problem using binary proximity sensors. As shown in Fig. 1, such simple sensors only provide one single bit per instant, which indicates the presence or absence of a target within their detection range. The binary signal yti is constructed and transmitted in the following form: 1, 0,
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The SLAT problem can be viewed as an optimal estimation problem, consisting of recovering the unobserved hidden state αt from a set of observations zt . In the Bayesian context, it can be formulated as recursively calculating the predictive distribution p(αt |z1:t−1 ) and the posterior distribution p(αt |z1:t ). Z p(αt |z1:t−1 ) = p(αt |αt−1 )p(αt−1 |z1:t−1 )dαt−1 ;



2.2. Binary Proximity Observation Model
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3. DVASLAT ALGORITHM
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Defining m as the number of slave sensors in the activated cluster, the observations gathered innthe CH at instant t areodenoted by zt ≡  i  j6=i zt i=1,··· ,m , where zti ≡ zti,x , z i,j j=1,··· ,m .



p(αt |z1:t )



where λ is the initial precision matrix reflecting the uncertainty of the target position expectation at instant t with respect to the previous one. The target state precision matrix λt is modeled by a d dimensional Wishart distribution, with V and n denoting respectively its precision matrix and degree of freedom. Notice that · denotes initial fixed parameter. We use αt to denote the extended hidden state.
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where γ is the sensing range of sensors, xt is the location of the target at instant t, and si is the location of the ith sensor. In order to minimize energy and bandwidth consumption, only those slave sensors that detected the presence of the target transfer their binary proximity information and identify themselves to their CH. Due to the noisy wireless link, the signal received at the CH is distributed according to p(zti,x |yti ) ∼ N (β i yti , σǫ2 ), where β i is the attenuation coefficient associated with the ith sensor, and σǫ2 is the noise covariance. Assuming the noise samples ǫit are independently and
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Since = 1, by using a Lagrange multiplier, the following approximate distribution yields [14], q(αit ) ∝ exphlog p(z1:t , αt )iQ
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where h.iq denotes the expectation operator relative to the distribution q. Taking into account the separable approximate distribution at time t − 1, that is, pˆ(αt−1 |z1:t−1 ) = q(αt−1 ), the filtering distribution at time t is deduced, R p(zt |αt ) p(αt |αt−1 )q(αt−1 )dαt−1 pˆ(αt |z1:t ) = p(zt |z1:t−1 ) ∝ p(zt |xt , St )p(xt |µt , λt )p(λt )p(St )qp (µt ), Z where qp (µt ) = p(µt |µt−1 )q(µt−1 )dµt−1 . (8) Thanks to the separable form of q(αt ), the filtering distribution p(αt |z1:t ) is sequentially updated by a simple integration with respect to µt−1 . Considering the GSEM proposed in (1), the evolution



¯ Definof µt−1 is Gaussian, namely p(µt |µt−1 ) ∼ N (µt−1 , λ). ing q(µt−1 ) ∼ N (µ∗t−1 , λ∗t−1 ), qp (µt ) is also Gaussian [15], namely qp (µt ) ∼ N (µpt , λpt ). Therefore, the filtering distribution is jointly updated and approximated, yielding a natural and adaptive compression, which is propagated without lossy compression. As the location estimates of sensors are locally stored in the activated CH, the temporal dependence on the past is hence reduced to incorporate only one component approximation q(µt−1 ). Accordingly, communication between two successive active CH is then reduced to sending the mean and the precision matrix of it. Equation (7) gives a Gaussian distribution for µt and a Wishart distribution for λt , namely q(µt ) ∼ N (µ∗t , λ∗t ), q(λt ) ∼ Wd (Vt∗ , n∗ ), where the parameters are iteratively updated until convergence, according to the following scheme: µ∗t λ∗t
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Fig. 2. Target tracking result.



However, the target state distribution q(xt ) and the activated sensors positions distribution q(St ) do not have closed forms. In order to compute their means and precision matrices (required for the iteration update above), we resort to the importance sampling (IS) method, where samples are drawn from Gaussian distributions and are weighted according to their likelihoods. Combining the equation (7) and (8), we have the likelihood expression for q(xt ) and q(sit ) as follows: m Y q(xt ) ∝ p(zti,x |xt , sˆit )N (hµt i, hλt i) ≈
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k=1



line performance on a relatively difficult problem. Thus no constraint is put on the target velocity or moving direction (see Fig. 2). Concerning the sensors, 400 binary sensors belonging to 16 clusters were uniformly deployed in a 2 dimensional field (100 × 100 m2 ), with sensing ranges identically fixed to 15 m. Due to the spatially varying environment factors and deployment errors, sensors were in fact randomly distributed around their initially set locations s¯i , with precision η i identical for all the sensors (see Fig. 3, where the red lines denote the distances between the true positions of sensors and their deployment values). The parameters involved were set as, V = diag([5 5]), ηi = diag([1/4 1/4]), λ = diag([1/900 1/900]), n = 10, σǫ = 0.1. The low state precision λ and the high degree of freedom n allow a general non informative prior. Performance of the DVaSLAT algorithm is shown in Fig. 2 and Fig. 3. Fig. 3 demonstrated the central part of the network to clearly show the improvement in sensor localization. As the central part happens to be the high traffic area, the sensors located there are thus frequently re-located. Fig. 4 quantifies the tracking accuracy and the localization precision in Root Mean Square Error (RMSE). Because of the cluster-based scheme, only the sensors that have been activated are localized. The peak points in Fig. 4-(b) reflect corresponding resting sensors. One can notice that accurate tracking performance and sensor localization is achieved, despite the absence of exact a priori information and the lack of accurate observation.



∼ N (ˆ si , η i ), i,(k)



ˆ t , st ∝ p(zti,x |x



)



m−1 Y



i,(k)



p(zti,j |st



, sˆjt ),



5. CONCLUSION
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xt and st , respectively. By minimizing mean square errors (MMSE), estimations of the target state and the activated sensors positions are interdependently updated as follows: ˆ t = Eq(x t ) [xt |{zti }i=1,··· ,m ] x sˆit = Eq(s it ) [sit |{zti }i=1,··· ,m ].
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4. EVALUATION AND SIMULATION The performance of the proposed DVaSLAT algorithm is shown on a synthetic example, the purpose of which is to establish a base-



A decentralized variational filtering solution to simultaneously localize sensors and track mobile target was proposed in the context of BSN. To minimize resource consumption, the algorithm is executed on a fully decentralized cluster scheme. Furthermore, the BPOM quantifies the detected signal to a single bit, not only reducing the energy consumption of sensors but also the communication cost. The variational method allows an implicit compression of the exchanged statistics during the observation incorporation phase. In conclusion, as the target move freely in BSN, a number of observations are generated, which facilitate both the activated sensors localization and the target tracking. By incorporating these measurements into the DVaSLAT algorithm, estimations of sensors and that of the target are interdependently and continuously improved.



6. REFERENCES Sensor positions Initial sensor deployment position



80



[1] Junaid Ansari, Janne Riihijarvi, and Petri Mahonen, “Combining particle filtering with cricket system for indoor localization and tracking services,” in IEEE 18th International Symposium on Personal, Indoor and Mobile Radio Communications, PIMRC 2007., 2007, pp. 1–5.



70



60



[2] Christopher Taylor, Ali Rahimi, Jonathan Bachrach, Howard Shrobe, and Anthony Grue, “Simultaneous localization, calibration, and tracking in an ad hoc sensor network,” in Information Processing in Sensor Networks (IPSN ’06), 2006.



50



40



[3] Jehoshua Bruck, Jie Gao, and Anxiao Jiang, “Localization and routing in sensor networks by local angle information,” in Proceedings of the 6th ACM international symposium on Mobile ad hoc networking and computing, 2005.



30



30



40



50



60



70



80



[4] Koen Langendoen and Niels Reijers, “Distributed localization in wireless sensor networks: a quantitative comparison,” Computer Networks: The International Journal of Computer and Telecommunications Networking, vol. 43, pp. 499–518, 2003.



Sensor positions Estimated sensor position



80



[5] Volkan Cevher and James H. McClellan, “Acoustic node calibration using a moving source,” IEEE Transactions on Aerospace and Electronic Systems, vol. 42, pp. 585–600, 2006.



70



60



[6] A. Galstyan, B. Krishnamachari, K. Lerman, and S. Pattem, “Distributed online localization in sensor networks using a moving target,” in Information Processing in Sensor Networks (IPSN ’04), 2004.



50



40



[7] Hugh Durrant Whyte and Tim Bailey, “Simultaneous localization and mapping: part i,” Robotics & Automation Magazine, IEEE, vol. 13, pp. 99–110, 2006.



30



30



40



50



60



70



[8] Tim Bailey and Hugh Durrant Whyte, “Simultaneous localization and mapping (slam) part ii,” IEEE Robotics and Automation Magazine., vol. 13, pp. 108–117, 2006.



80



Fig. 3. Initial deployment vs. sensor localization 5 Error of Target Position Estimation RMSE of Target Position Estimation



[10] Petar M. Djuri´c, Mahesh Vemula, and M´onica F. Bugallo, “Target tracking by particle filtering in binary sensor networks,” IEEE Transaction on Signal Processing, vol. 56, pp. 2229– 2238, 2008.



3 2 1 0



0



20



40



60



80



100



120



140



160



180



Time



(a) Tracking performance 8 Error of Initial Known Sensor Position RMSE of Initial Known Sensor Position



Error



6



200



[11] Hichem Snoussi and C´edric Richard, “Ensemble learning online filtering in wireless sensor networks,” in IEEE ICCS International Conference on Communications Systems, 2006. [12] Jing Teng, Hichem Snoussi, and C´edric Richard, “Binary variational filtering for target tracking in sensor networks,” in IEEE Workshop on Statistical Signal Processing, 2007.



4 2 0



0



50



100



150



200



250



300



350



400



8 Error of Sensor Position Estimation RMSE of Sensor Position Estimation



6 Error



Error



4



[9] Jing Teng, Hichem Snoussi, and C´edric Richard, “Predictionbased proactive cluster target tracking protocol for binary sensor networks,” in The 7th IEEE International Symposium on Signal Processing and Information Technology, 2007.



4 2 0



0



50



100



150



200 250 Sensor ID



300



350



400



(b) Performance of sensor localization vs. initial deployment Fig. 4. Performance of the DVaSLAT algorithm



[13] Jing Teng, Hichem Snoussi, and C´edric Richard, “Variational filtering algorithm for interdependent target tracking and sensor localization in wireless sensor network,” in The 16th European Signal Processing Conference, 2008. [14] Dimitris G. Tzikas, Aristidis C. Likas, and Nikolaos P. Galatsanos, “The variational approximation for bayesian inference,” IEEE Signal Processing Magazine, vol. 25, pp. 131–146, 2008. [15] J. Vermaak, N.D. Lawrence, and P Perez, “Variational inference for visual tracking,” in Conf. Computer Vision and Pattern Recog, CVPR’03, June 2003.



























des documents recommandant







[image: alt]





DATA-DRIVEN ONLINE VARIATIONAL FILTERING ... - Hichem Snoussi 

hood Gaussianity is then exploited to derive an efficient and ... vant for an accurate tracking. ... The variational filter is then efficiently implemented without.










 


[image: alt]





Binary Variational Filtering For Target Tracking in ... - Hichem Snoussi 

ABSTRACT. Target tracking in wireless sensor networks (WSN) has brought up new practical problems. The limited energy sup- ply and bandwidth of WSN have ...










 


[image: alt]





Hichem SNOUSSI 

Leading research on Sensor Networks in Charles Delaunay Institute. .... [34] H. Amoud, H.Snoussi, D.Hewson and J.DuchÃªne, â€œ Intrinsic mode entropy for ...










 


[image: alt]





Hichem SNOUSSI .fr 

Sep 29, 2003 - Leading research on Sensor Networks in Charles Delaunay Institute. .... [23] H. Amoud, H.Snoussi, D.Hewson and J.DuchÃªne, â€œ Intrinsic mode ...










 


[image: alt]





BAYESIAN BLIND SOURCE SEPARATION FOR ... - Hichem Snoussi 

flip angle = 90 degrees) obtained consistently over a 3-min, 40-s period for a total of 220 scans. Our method is tested on two different slices where we expect,.










 


[image: alt]





CV in pdf - Hichem Snoussi 

Leading research on Sensor Networks in Charles Delaunay Institute. ..... [37] H. Amoud, H.Snoussi, D.Hewson and J.DuchÃªne, â€œ Intrinsic mode entropy for ...










 


[image: alt]





Bayesian Information Geometry. - Hichem Snoussi 

chosen manifold and a prior distribution on this manifold [7]. ... The Bayesian statistical learning leads to a solution depending on the prior distribution of the .... A tensor field A of type [q, r] is an application which maps a point p âˆˆ M to s










 


[image: alt]





Hichem SNOUSSI ExpÃ©rience professionnelle 

Budget pour l'ICD : 48 000 euros sur un total de 193 000 euros. ... [10] H. Snoussi and J. Idier, â€œBlind Separation of Generalized Hyperbolic ... [19] H. Snoussi and C. Richard, â€œEnsemble Learning Online Filtering in Wireless ... Book chapter in 










 


[image: alt]





BD CFE BHG4 - Hichem Snoussi 

tions by empirical expectations: Ñ�â•¡Pâ•¢Ð³Ð¡Ð¸ Ð— Ð´â••â•–6 Â¹ ... sampling may require a great number of iterations to ensure the .... We test our algorithm on real data.










 


[image: alt]





BD CFE BHG4 - Hichem Snoussi 

FAST MCMC JOINT IMAGE SEPARATION AND SEGMENTATION. Hichem ... The hidden variables which are the unobserved sources and the unobserved ...










 


[image: alt]





The geometry of prior selection - Hichem Snoussi 

manifold valued set of probability distributions. ...... (the set of singular matrices). ..... Using the above results, the following decomposition of the divergence is ...










 


[image: alt]





0302078 v1 5 Feb 2003 - Hichem Snoussi 

We present a blind multi-detector multi-component spectral ... The availability of several detec- .... thermal SZ effect from galaxy clusters, and the galactic dust.










 


[image: alt]





Regularized Spectral Matching for Blind Source ... - Hichem Snoussi 

For instance, PCA (Principal Compo- nent Analysis) relies on the decorrelation between the de- ... rithms are designed to linearly demix the observations x1.










 


[image: alt]





Degeneracy and likelihood penalization in ... - Hichem Snoussi 

T , each random variable zt belonging to a discrete set ... T , the random vectors (st)t=1. ...... T (term of the finite sum in (11)), we have the following inequalities:.










 


[image: alt]





Degeneracy and likelihood penalization in ... - Hichem Snoussi 

cation of the form of this law does not have a significant role for the main ... an appropriate field for the application of Hidden Markov Chains [3]. In .... to hold. Concerning condition (C.1), using the following inequality, holding for .... Proof










 


[image: alt]





0209466 v1 23 Sep 2002 - Hichem Snoussi 

stationary, possibly Gaussian, independent components. The method has been ... Thus sample averages taken through the data set tend not to converge very ...










 


[image: alt]





LOCALIZATION IN SENSOR NETWORKS - Hichem Snoussi 

Paul Honeine, CÃ©dric Richard, Mehdi Essoloh, Hichem Snoussi. Institut Charles Delaunay (FRE CNRS 2848)- LM2S - UniversitÃ© de technologie de Troyes.










 


[image: alt]





FUNCTIONAL ESTIMATION IN HILBERT SPACE ... - Hichem Snoussi 

velopments on kernel-based machine learning, we consider ... priate for large-order models. In [3], the authors use ... scheme, we derive the learning algorithm by incrementing the ... able for large-scale data problems or online learning. Even.










 


[image: alt]





Fast joint separation and segmentation of mixed ... - Hichem Snoussi 

distributions of all the variables involved in the problem leading to great flexibility in the cost function choice. ..... which is a power of the determinant of the a priori expectation of the source covariance Ñ‘. P ..... We test our algorithm on r










 


[image: alt]





Distributed regression in sensor networks with a ... - Hichem Snoussi 

tional kernel regression methods for functional learning such as support vector machines ... machines and the statistical learning theory [5]. ... In a conventional regression problem, one seeks a function that links the ..... where Î±[1,...,m] denot










 


[image: alt]





Model-free interval-based localization in MANETs - Hichem Snoussi 

many localization algorithms have been proposed. Equipping each sensor ... are developed for intervals, for instance the inclusion (âŠ‚), the intersection (âˆ©), the ...










 


[image: alt]





blind separation of generalized hyperbolic processes - Hichem Snoussi 

the problem of noisy blind separation of generalized hyperbolic. (GH) signals. ... INTRODUCTION. In this paper ... where xt, st and nt are respectively the (mÃ—1) observation vec- tor, the (n ... new insight into the unification of the use of non sta










 


[image: alt]





Distributed regression in sensor networks with a ... - Hichem Snoussi 

complexity scales badly with the number of available sensors, which tends to .... constructed in a simple walk through the network, where each sensor discards ...










 


[image: alt]





Bayesian source separation with mixture of ... - Hichem Snoussi 

Âº ata ÂªeÐ¢Ð¹eratÂ¤ o Â© : 2- Â»sources, every component a priori is mixture of two ... 100. 200. 300 s1. âˆ’2. âˆ’1. 0. 1. 2. 0. 100. 200. 300. 400 s2. âˆ’4. âˆ’2. 0. 2. 4. 0. 50. 100.










 














×
Report Decentralized Variational Filtering for Simultaneous ... - Hichem Snoussi





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Signe






Email




Mot de passe







 Se souvenir de moi

Vous avez oublié votre mot de passe?




Signe




 Connexion avec Facebook












 

Information

	A propos de nous
	Règles de confidentialité
	TERMES ET CONDITIONS
	AIDE
	DROIT D'AUTEUR
	CONTACT
	Cookie Policy





Droit d'auteur © 2024 P.PDFHALL.COM. Tous droits réservés.








MON COMPTE



	
Ajouter le document

	
de gestion des documents

	
Ajouter le document

	
Signe









BULLETIN



















Follow us

	

Facebook


	

Twitter



















Our partners will collect data and use cookies for ad personalization and measurement. Learn how we and our ad partner Google, collect and use data. Agree & Close



