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A , B : constants (A1) d = displacement vector between x and y F = Digital image at (k-1) ∆t N = no. of points satisfying d < T P = Match probability that x would coincide to y P = no-match probability that x has no corresponding y on F S = displacement vector of the seeding particle through ∆t Δt = time interval between the captured image frames T = maximum movement threshold T = neighborhood threshold T = quasi-rigidity threshold U = maximum velocity x = particle centroid in the first image frame y = particle centroid in the second image frame U = velocity with which the top plate is moved in the couette flow h = height of the top plate from the bottom i
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SUPERSCRIPTS



(n) = no. of iteration steps ~



(.) = non- normalized probability value
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ABSTRACT: In this paper, we focus our attention on giving a general overview of flow visualizations and velocimetry techniques. Two of main velocimetry techniques are PIV and PTV. We present here a novel approach in PTV techniques using a method of match probability between two consequent image frames to obtain a two-dimensional velocity field. This is quite a powerful approach in contemporary PTV algorithms. Our proposed algorithm for correctly tracking particle paths from only two image frames is based on iterative estimation of match probability and nomatch probability as a measure of the matching degree. Here we have discussed the algorithm along with its implementation on a Couette Flow. The results are compiled for few simulations. Although the new algorithm relies on the iterative updating process of match probability which is time consuming, computation time is relatively short compared to that of the conventional PTV method(s).



INTRODUCTION: Velocimetry is the measurement of the velocity of fluids. It has varied applications like solving fluid dynamics problem, studying fluid networks in industrial and process control applications or in the creation of new kind of fluid flow sensors. It helps to verify our existing theory - analytical, numerical and empirical results. Above that it also helps to develop new theory. Methods of velocimetry include particle image velocimetry, laser-based interferometry, Molecular tagging velocimetry, Doppler sensors and new signal processing methodologies. The 2 major optical techniques used for flow visualization are: • Particle Image Velocimetry • Particle Tracking Velocimetry. Flow visualization has a great advantage over quantitative flow measurement such as LDV or hot-wire anemometer, because it retrieves the physical phenomena in the entire flow field. With the development of high quality camera (C.C.D. cameras), high power lasers and large computational capabilities in the form of modern computers these methods have gained tremendous impetus.



HISTORICAL BACKGROUND: The most rudimentary form of PIV could probably be traced far back in history to the first time a person possessing the concept of velocity watched small debris moving on the surface of a flowing stream. For example, the figure below shows algae floating on the waters of a moat in the backs of Trinity College, Cambridge, UK. It is almost inconceivable that a great intellect like Isaac Newton would not have observed the moving patterns and seen the potential for visualizing and even measuring the surface velocity from the displacements of the particles of algae. From this viewpoint, particle velocimetry is old and very simple.



Particle Tracking Velocimetry (PTV) and Particle Image Velocimetry (PIV) THEORY Particle Tracking Velocimetry (PTV) and Particle Image Velocimetry (PIV) are well-established extremes of the general class of Particle Imaging Techniques (PIT) for visualization over extended regions of a flow with high spatial and temporal resolution. The fluid is seeded with particles, which, for the purposes of PIT, are generally assumed to faithfully follow the flow dynamics. Thus they are non-intrusive techniques .Particle Imaging Techniques imply the flow visualization by recording the images of tracer particles at two or more times on a film or a Charge Coupled Device (CCD) camera.



Particle Image Velocimetry:



Particle Image Velocimetry (PIV) is an important experimental tool for fluid mechanics and aerodynamics. The basic principle involves photographically recording the motion of microscopic particles (tracers) that follow the fluid flow. Image processing methods are then used to determine the particle motion, and hence the fluid velocity, from the photographic recording. Provided there are enough particles within the area of flow under investigation then the entire velocity field of the fluid flow within that area may be determined. Most importantly this is the near-instantaneous velocity field. PIV therefore has all the advantages of a flow visualization method, but it can also provide valuable quantitative information about the fluid flow. Once the velocity field is known, data such as vorticity and strain are easily obtained, and if there are sufficient PIV recordings, then the turbulence intensity may even be estimated. Typical PIV apparatus consists of a camera (normally a digital camera in modern systems), a high power laser, for example a double-pulsed Nd-YAG laser or a copper vapor laser, an optical arrangement to convert the laser output light to a light sheet (normally using a cylindrical lens), and the fluid/gas under investigation. A fiber optic cable often connects the laser to the cylindrical lens setup. The laser acts as a photographic flash for the digital camera, and the particles in the fluid scatter the light. It is this scattered light that is detected by the camera. In order to measure the velocity at least two exposures are needed. They can be recorded on one or several frames. PIV is a correlation based technique and determines the average motion of small groups of



particles contained within small regions known as interrogation spots. Essentially, the overall frame is divided into interrogation spots, and the correlation function is computed sequentially over all spots providing one displacement vector per spot .Typically, interrogation spots are square-shaped and therefore, the velocity map obtained from PIV presents vectors arranged on a uniform grid. More importantly, the process of averaging over multiple particle pairs within an interrogation spot makes the technique remarkably noise-tolerant and robust in comparison to PTV. The determination of the average particle displacement is accomplished by computing the spatial auto-correlation or preferably the spatial cross correlation of the particle images



MEASUREMENT PRINCIPLE



GOOD AUTO-CORRELATION



GOOD CROSS CORRELATION Particle Tracking Velocimetry: PTV like PIV is also an optical technique and involves a similar procedure of recording the images of tracers flowing in the fluid. But in this case individual particles are tracked rather than averaging the displacements of many images inside a certain small interrogation spot. In 2dimensional PTV the flow field is measured in the two-dimensional slice of the flow, illuminated by a laser sheet (a thin plane) and low density of seeded particles allow for the tracking each of them individually for several frames. A typical installation of the 3D-Particle tracking velocimetry is three of four digital cameras, installed in an angular configuration, synchronously recording the diffracted or fluorescent light from the flow tracers, seeded in the flow. The flow is illuminated by a collimated laser beam, or by another source of light. There is no restriction on the light to be coherent or monochromatic and only its illuminance has to be sufficient to illuminate the observational volume. Particles or tracers could be fluorescent, diffractive, and they are tracked through as many as possible consecutive frames on as many cameras as possible. In principle, two cameras in the stereoscopic configuration are sufficient in order to determine the three coordinates of a particle in space, but in most practical situations, three or four cameras are necessary.



PTV BASIC ALGORITHM OF TRACKING INDIVIDUAL PARTICLES



3-D PTV USING 4 CAMERAS DIFFERENCES BETWEEN PTV AND PIV (Why PTV preferred): 1. PTV is the low image density mode of PIT when each displacement vector is obtained from the consequent images of individual tracer particle as opposed to PIV, which is the high-image-density mode of PIT where every velocity vector is obtained by averaging the displacements of many images inside a certain small interrogation spot. 2. PIV techniques estimate an average velocity over the chosen interrogation area, and resolution is limited to the size of this area. A theoretical limit for the resolution of all particle imaging techniques is the maximum of the average distance between particles and the average displacement of the individual particles between exposures. The most important limits in conventional cross-correlation PIV algorithms can be summarized in two categories: limits in the accuracy due to the assumption that velocity gradients inside the interrogation window are negligible and limits in spatial resolution (number of vectors) due to the conflict between the interrogation window size and the in-plane particle displacement that causes loss-of-pairs.



Particles moving out of the correlation window cause deterioration in the quality of the crosscorrelation



A comparison of the spatial resolution between PIV and PTV 3. PIV algorithms have a limited spatial resolution, which is mainly determined by the size of the interrogation window. As a matter of fact, the reduction of the window size, which allows attenuation of the averaging effect of the measurement volume, is limited. 4. In PIV the particles due to their higher density, not exactly follow the motion of the fluid but in PTV there is no such problem. 5. Particle image velocimetry methods will in general not be able to measure components along the z-axis (towards to/away from the camera). These components might not only be missed, they might also introduce interference in the data for the x/y-components. But there is no such problem in the PTV technique. In PTV the major challenge is to track the particles. If good tracking algorithms are used then the results of PTV are quite accurate with the added advantage of less seeding density. One of the PTV algorithms is 4-frame algorithm in which 4 snapshots are required for the computation purpose. However, in our paper we have discussed about the algorithm which uses only 2 snapshots thus it is far more efficient on the grounds of Computational Time.



Two-frame particle tracking algorithm Most quantitative flow visualization techniques use a laser light sheet to illuminate the instantaneous flow field of light scattering tracer particles. In the case of the PTV method, the centroid of each particle image has to be determined in the image frame. Given such discrete points from each of two sequential images captured at different times, the next step is matching each particle image position in the first image with its corresponding position in the second image. This matching problem procedure is known as the correspondence problem which can be resolved by analyzing the optical flow in the images. Optical flow is a distribution of apparent velocities of brightness patterns in an image. Therefore, the motion field can be estimated from the first order variation of the image brightness pattern. Optical flow can be arised from the relative motion between the object and viewer, and its calculation is one of the most widespread methods for motion analysis in the computer vision (Ballard and Brown 1982). The present 2-frame PTV method is a form of disparity calculation that may be used not only for optical flow calculations, but also for stereo matching or tracking applications. There are some heuristics used for matching particle points of two consecutive images separated by a small time interval dt: 1. Maximum velocity: If a particle is known to have a maximum velocity Um in the flow field, then it can move at most Um∆t between two images with time interval ∆t (Fig. a). Thus given the location of a particle in the first image, this constraint limits the range where the particle should appear on the second image. That is, the corresponding point cannot move beyond a preset threshold. Usually this threshold is set to the maximum expected displacement in the flow field. 2. Small velocity change: Since the seeding particle has a finite mass, small velocity changes between the exposures are a natural consequence of physical laws (body forces, accelerations, particle settling, shear flow generated lift forces) (Fig. b). 3. Common motion: Spatially coherent objects appear in successive images as regions of points sharing a common motion (Fig. c). That is, a group of particles within small region show a pattern of similar movement. 4. Consistent match: Two points from one image generally do not match a single point from another image (Fig. d). This is only valid if in-plane continuity is not violated. The small velocity change and common motion heuristics can be combined into the quasi-rigidity condition, that is, even if the global movement between two frames can be elastic, such a movement is almost rigid in a small area. The proposed algorithm is mainly based on the maximum velocity (heuristic 1) and quasi-rigidity conditions (heuristic 2 and 3). Although these requirements appear to restrict the applicability of our algorithm, other techniques such as PIV, 4-frame PTV also assume that these requirements are valid. Let xi and yi in Fig. 3 denote the particle centers on the first image frame (F1) and the second image frame (F2), respectively. According to the maximum velocity heuristics, allowable candidate points yj with respect to xi must be within the maximum displacement threshold Tm, i.e., the displacement vector dij between xi and yj satisfies following condition:



| dij |=| x i - y | < T m where j
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where Um is the maximum acceptable velocity in the flow field and ∆t is the time interval between two consecutive image frames. Points yj in F2 satisfying (1) are match point candidates for each xi in F1. Figure 3 shows the maximum movement threshold Tm; only three points (y1, y2, y3) inside the circle of radius Tm are regarded as possible match candidates for x1. Our proposed algorithm for tracking discrete particles from only two image frames is based on the iterative estimation of match probability (Pij) and no-match probability (Pi*) as a measure of the matching degree. Match probability Pij is defined as a probability of matching each point (yj) located in the second frame to one point (xi) in the first frame and no-match probability Pi* represents the probability that point xi has no match in the second frame within Tm.
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For example, if x1 moves to y1 due to local flow velocity, P11 corresponding to the displacement vector d11 has a high value close to 1 (probability maximum) and the others (P12, P13, P1*) have low values close to 0 after successful termination of the present tracking algorithm. For each xi, the following conditions are used for renormalizing the values of probabilities at the last stage of the iteration:
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Initialization of match probabilities can be done by assigning each probability element (i.e. Pij and Pi*) to the same probability values or to the various weighting values according to the matching degree of each particle such as mean diameter, mean grey level and aspect ratio of the particle image. For simplicity, we have adopted the former initialization method. Therefore, the initial approximation for the probabilities ( 0)
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Here, N is the number of possible match points (yj) in the second frame satisfying (1). According to (3), initial probability values for x1 in above figure –
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– have the same value of 0.25.



To exploit the common motion heuristics to the present tracking algorithm, a specific range named as neighborhood threshold is needed. That is, the neighboring points xk for each object point xi within the neighborhood threshold should show similar movement pattern to the xi. Two points xi and xk of the first frame are neighbors each other if



| xi - xk | < T n



(4)



Here, Tn is the neighborhood threshold and estimated on the basis of the average distance between the particle centroid in the image frame. In figure (e) for the neighborhood threshold Tn, points {x2, x3, x4, x5} become neighbors of x1. The quasi-rigidity condition involving the small velocity change heuristics should be applied to the neighboring points xk which perform similar movement to the point xi with displacement vector dij. Similar movement means that a group of particles within Tn moves similarly in a quasi-rigid moving pattern with small velocity variation during ∆t. The degree of quasi-rigidity of the neighboring displacement vector dkl relative to the displacement vector dij is represented by quasi-rigidity threshold Tq, as follows:



| dij - d kl | < T q



(5)



(f)



In the figure (f) if xl moves to y1 in the second frame and Tn is given as such in Fig. 3, only {x3, x4} among the neighboring points {x2, x3, x4, x5 } of x1 perform a similar movement to xl with dll, Since | 11 - 33 | ,



d d



| d11 - d44 | < T q . Thus, the neighboring match points of the object point xl are the pair of {x3, y3}, {x4, y4}, and the neighboring match probability P33, P44 are used for correct estimation of the match probability P11. Our algorithm for matching distinct points from two consequent frames is an iterative updating procedure which adjusts match probabilities for the neighboring match points. For updating the match probability, match probabilities



P



( n −1) kl



of neighboring points xk satisfying the quasi-rigidity condition of Eq. (4) and Eq.



(5) are used to iteratively update the
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of xi.



That is, each match probability is proportional to the neighboring match probabilities where the neighboring match is consistent (i.e. satisfies the quasi-rigidity condition). Therefore, the iteration formula has the following form which is similar to the relaxation formula (Ballard and Brown 1982): ~ (n)
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where A (1) are constants and affect the speed of convergence in the iteration. In the following ~



computer simulation, A and B were used as 0.3 and 4.0, respectively. The tilde symbol ( . ) denotes a nonnormalized probability value and superscript (n) denotes the iteration step number. Qij indicates the sum of all neighboring match probabilities for the displacement vector dij which satisfies the quasi-rigidity condition, i.e.



Q



( n −1) ij



= ∑∑ P kl



( n −1)



k



(7)



l



Fig.(g) Particle tracking routine using the neighboring match probability



where, k denotes the index of neighboring points xk associated with xi (Eq. (4)) and l denotes the index of y1 satisfying the Eq. (5). Note that the no-match probability
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is not considered at this iteration process,



and its updating routine is carried out in the renormalization process. Figure (g) shows a typical example of particle tracking using the concept of neighboring match probability. There is only one neighboring point xk with respect to xi. Here, dkl does not satisfy the quasi-rigidity condition. But, a pair of xk and yl performs the similar movement to dij and represents the match probability of (xk, yl) at the (n - 1) th iteration step.
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is calculated using Eq. (6) and Eq. (7) for all yj which satisfy the maximum movement condition (Eq.



(1)) for the object point xi, and then, the renormalization process is performed resulting in a normalized match probability *( n )
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which will be used in the next iteration step (n + 1). The no-match probability



is updated to a normalized form at this stage as follows:
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After successful termination of the particle tracking routine, correct matches have high probabilities and incorrect matches have very low probabilities. Therefore, the most probable match point yj for the object point xi is selected as one which has the largest match probability value. Finally the velocity vector for the point xi is calculated using the tracked displacement vector dij and the time interval ∆t.



Computer Simulation In the instantaneous velocity field measurement techniques it is desired to recover the largest possible number of velocity vectors over the entire flow field in the least amount of time. In order to check reliability and usefulness of the present PTV algorithm, a numerical simulation with a synthetically generated flow field was carried out. Computer generated flow images were used in the performance test of the present algorithm. The algorithm was tested over a simple couette flow and the features like input from the users was incorporated into the computer code to make the simulation user friendly. Quantities like movement of the top plate and no. of particles were asked from the user. The value of Tq was generally taken to be 0.01, while we have used the information from the flow field to decide the value of Tm (=1.2 Um∆t) and Tn (=1.7 Um∆t). The no. of iterative steps was asked from the user. The code running in MATLAB takes time so we reduced the no. of particles and the no. of iterative steps to reduce the computational time. The maximum no. of particles used was 75 with no. of iterative steps was 5. The algorithm is so robust that it took around 3 minutes for the program to run, and matched the particles correctly with probability equal to 1.



Results for no. of particles=75 and iterative steps=5 Each particle in picture F1 matched to its correct particle in picture F2, with a probability of 1. The following are the initial and the final frames:



Here the particles are placed one above the other. The top plate was moved with a velocity of 5m/s, resulting into the movement of the top particle at a velocity of 5m/s. due to couette flow, the expression for the flow velocity is:



U y u h =



, where U is the velocity of the top plate.



The time step of movement was 0.01 sec. After 0.01 sec another frame F2 was generated. The particles were moved according to the specification x=u.dt



The collision between the particles and the Brownian motion was not simulated in the present algorithm. The code of the algorithm is as below:



% % % % % % %



------------------------------------------------------------------------this is a code to test a PTV algorithm using match probability technique Course SE381: Microscale Thermal Sciences, Instructor: Dr. P.K. Panigrahi Copyright 2006 Bhadauria, R. and Kumar, S. Department of Mechanical Engineering Indian Institute of Technology Kanpur -------------------------------------------------------------------------



%------------------------------Clearing all variables---------------------clear; %------------------------Particle Generation for Couette Flow-------------np=input('enter the no. particles: ');



p = zeros(np,2); pp = zeros(np,2); for i=1:np p(i,2)=i; p(i,1)=0; end figure(1) scatter(p(:,1),p(:,2)); u=input('the velocity with which the top plate is moved(usually 5): '); delt=input('the time step of particle movement(usually 0.01): '); for i=1:np pp(i,1)=p(i,1)+(u/np)*p(i,2)*delt; pp(i,2)=p(i,2); end figure(2) scatter(pp(:,1),pp(:,2));



%-------------------Initialization of Match Probability-------------------um=input('enter the value of Um the maximum mean velocity: '); ss=input('enter the no. of iterative steps: '); Tm=1.5*um*delt; P=zeros(np,np+1);



for i=1:np for j=1:np dij=sqrt((p(i,1)-pp(j,1))^2+(p(i,2)-pp(j,2))^2); if dij < Tm P(i,j)=1; end end P(i,np+1)=1; end a=sum(P')-1; for i=1:np for j=1:np+1 P(i,j)=P(i,j)/(a(i)+1); end end %-----------------------Main Iterative Algorithm--------------------------Tn=1.7*um*delt; Tq=input('enter the value of Tq(generally 0.01): '); Q=zeros(np,np); Pu=zeros(np,np); vel=zeros(np,2); for n=2:ss for i=1:np



for j=1:np for k=1:np for l=1:np if (~(k==i)) if (~(l==j)) if (sqrt((p(i,1)-p(k,1))^2+(p(i,2)-p(k,2)^2)) < Tn) if (sqrt((p(i,1)-p(k,1)pp(j,1)+pp(l,1))^2+(p(i,2)-p(k,2)-pp(j,2)+pp(l,2))^2) < Tq) if (~(P(i,j)==0)) Q(i,j)=Q(i,j)+P(k,l); end end end end end end end Pu(i,j)=0.3*P(i,j)+4*Q(i,j); end end al=sum(Pu'); for i=1:np for j=1:np P(i,j)=Pu(i,j)/(al(i)+P(i,np+1)); end P(i,np+1)=P(i,np+1)/(al(i)+P(i,np+1)); end end %--------Finding the max probability and tracking the particles-----------for i=1:np [C,I]=max(P(i,:)); Answer(i,1)=i; Answer(i,2)=I; Answer(i,3)=C; end Answer %---------------Finding the velocity of each particle---------------------for i=1:np vel(i,2)= (sqrt((p(i,1)-pp(Answer(i,2),1))^2 + (p(i,2)pp(Answer(i,2),2))^2))/(delt); vel(i,1)= i; end vel
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