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1 3D-PTYV principles

The 3D-PTV method is used to measure trajectories of particles in 3D space. It utilises the
pronciples of stereoscopic vision in order to reconstruc 3D positions of particles from images taken
from several angles. A scheme of a typical 3D-PTV experiment using a four camera system is
shown in Fig. 1la. The "work horse" behind the 3D-PTV method is the colinearity condition, the
3D model. In principle, if we know what is the position and what is the orientation of the camera
in 3D space (O and 6 in Fig. 1b), we can use the pin-hole camera model to relate the image space
coordinates of a particle (n, ¢ in Fig. 1b) to the ray of light connecting the imaging center and the
particle. Then, if we have more than one camera, the particle will be located at the intersection
of the two rays. Detailed information is given in [1,2].
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Figure 1: (a) A schematics of a 3D-PTV experiment. (b) A schematic description of the 3d model,
the pin-hole camera model.

Once the experiment, namely data aquisition, is done, there are six intrinsic steps to follow in
order to complete the analysis. The six steps are outlined in Fig. 2. In Camera calibration, we use
images of known calibration targets to estimate the position, orientation and internal parameters
of the cameras. In particle segmentation we use image analysis to obtain the paritlces’ image space
coordinates (7, ¢). In the Particle matching step we use the ray crossing principle to decide which
particle image in each of the cameras correspond to the same physical particle, and triagulate
their positions through stereo mathcing. In particle tracking we connect the positions of particles
in 3D space to form trajectories. In data conditioning we might use smoothing and re-tracking
algorithms to enhance the quality of our data according to some physical heuristics. Lastly, we
can analyze the data to obtain information on the physics of the particles we are studying. The
MyPTV package is meant to handle the first five of these steps.

The sections that follow outline the code used to handle the 3D-PTV method in MyPTV.

Camera calibration | (" Particle tracking
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Figure 2: Basic steps in the analysis of PTV raw data into particl trajectories and scientific output.
The first five steps are handled by MyPYV.



Table 1: Description of mathematical notation.

Symbol Description

7 Particle position in the lab space coorindates

o} Position of a camera’s imaging center

n, ¢ image space coordinates (pixels) of a particle

Th, Yn Correction to the camera’s imaging center (in pixels)

f The camera’s principle distance divided by the pixel size

én, <) A nonlinear correction term to compensate for image distortion and
multimedia problems.

[R] The roation matrix which corresponds to the camera orientation vec-
tor.

2 Imaging module - imaging_mod.py

The imaging module is used to handle the translation from 2D image space coordinates to lab
spcae coordinates and vice-versa. For that, we use the following mathematical model:

F-0=( Zifi: +ém.0) - |B| ()

where the description of the notations is given in Table 1. The matrix [R] = [Ri] - [R2] - [R3]
is the rotation matrix calculated with the components of the orientation vector, g = [01, 62, 63].
In addition, the correction temr € is assumed to be a quadratic polynomial of the image space
coordinates:

n
Eyn Eip Ei3 Eu Es ¢
én, ¢)=[E]-P(n,{)= |Ex Ex Es3 Ey Ex|- |7’ (2)
O 0 0 0 0 ¢2
n¢

where [E] is a 3 X 5 matrix that holds the correction coefficients; the last row is filled with zeros
because we do not attempt to correct f.

2.1 The camera object
An object that stores the camera external and internal parameters and handles the projections to
and from image space and lab space. Inputs are:

1. name - string, name for the camera. This is the name used when saveing and loading the
camera parameters.

2. resolution - tuple (2), two integers for the camera number of pixels

3. cal_points_fname - string (optional), path to a file with calibration coordinates for the
camera. The format fro the calibration point file is given in Section 2.3 (see Fig. 4).

The important functionalities are:

1. get_r(eta, zeta) - Will solve eq. 1 for the orientation vector b=i— 6, given an input of
pixel coordinates (7, ¢).

2. projection(x) - Will reverse solve equation (1) to find the image space coordinates (7, (),
of an input 3D point, (x=7).

3. save(dir_path) - Will save the camera parameters in a file called after the camera name in
the given directory path, see Fig. 3.
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Figure 3: The structure of a camera file. The files are simple text files where each row corresponds
to a specific paramter and the values in each row are separated by a whitespace.

4. load(dir_path) - Will load the camera parameters in a file called after the camera name in
the given directory path, see Fig. 3.

After calibration we can save the camera parameters on the hard disc. The camera files have the
structure shown in Fig. 3.

2.2 The imsys object

An object that holds several camera instances and can be used to perform stereo-matching. The
important functionalities are:

1. stereo_match(coords, d_max) - Takes as an input a dicionary with coordinates in image
space from the several cameras and calculates the triagulation position.
The coordinate dicitonary has keys that are the camera number and the values which are the
coordinates in each camera. d _max is maximum allowable distance for the triangulation.

2.3 The Cal_image_coord object

This is a class used for reading information given in the optional argument cal_points_fname of
the camera class (Sec. 2.1). It is used internally and generally users will not have to deal with
this. This class will read and interpret text files with tab separated valued, where the columns’
meanings are: [x image space, y image space, x lab space, y lab space, z lab space|, and each row
is a single point of some known calibration target.

The input for this class is:

1. fname - String, the path to your calibration point file. The file is holds tab separated values
with the meaning of: [x image, y image, x lab, y lab, z lab|, see Fig. 4.

3 Camera calibration - calibrate_mod.py

The calibrate_mod.py module, with the calibrate object, is used to find the camera calibration
parameters. We calibrate each camera by taking an image of a calibration target - a body with
markings of known coordinates in lab space - and search for the camera parameters that minimize
the distance between the projection of the known points in image space and the image taken with
the camera.



Open~ A test_cal_points Save = o

645.7 503.0 0.0 0.0 0.0
465.7 503.2 30.0 0.0 0.0
1645.9 685.0 0.0 30.0 0.0
465.9 683.2 30.0 30.0 0.0
645.4 503.3 0.0 0.0 -30.0
475.6 503.5 30.0 0.0 -30.0
645.5 673.1 0.0 30.0 -30.0
475.7 673.3 30.0 30.0 -30.0
646.1 502.6 0.0 0.0 30.0
1029.1 502.2 -60.0 0.0 30.0
646.5 885.5 0.0 60.0 30.0
1029.4 885.2 -60.0 6?.0 30.0
y image y lab
X image x lab z lab
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Figure 4: An example of a text file holding the calibration point data.

3.1 The calibrate object

Used to solve for the camera parameters given an input list of image space and lab space coordi-
nates. The inputs are:

1. camera - An instance of a camera object which we would like to calibrate.
2. lab_coords - a list of lab space coordinates of some known calibration target.

3. img_coords - a list of image space coordinates that is ordered in accordance with the lab
space coordinates.

The important functionalities are:

1. searchCalibration(maxiter=5000, fix_f=True) - When this is run, we use a nonlinear
least squares search to find the camera parameters that minimize the cost function (item 3
below). This function is used to find the 0, 677 f, and xp, yp, parameters (in case fix_f=False,
it will not solve for f. maxiter is the maximum number of iterations allowed for the least
squares search.

2. fineCalibration(maxiter=500) - This function will solve for the coefficients of the quadratic
polynomial used for the nonlinear correction term ([E]).

3. mean_squared_err - This is our cost function, being the sum of distances between the image
space coordinates and the projection of the given lab space coordinates.

To find an optomal calibration solution, we might need to run each function several times, and
run the coarse and fine calibrations one after the other until a satisfactory solution is obtained.
Once it is obtained, we should keep in mind to save the results using the save functionality of the
camera object.

3.2 A guide to camera calibration

A good calibration is key to having success in your PTV experiment! Thus, follow this guide to
calibrate your camera using myptv.



To calibrate a camera, we first make sure that we have a calibration image ready (for example, see
Fig. 5). Once this is done, we follow the following steps:

1. Generate a calibration point file, using the format given in Fig. 4. There are two ways of
doing this:

(a) The file can be generated by manually typing in the coordinates of the calibration points.
This option is good in cases where the calibration target does not have too many points,
or when an initial calibration is needed using only a small number of the calibration
points. An initial calibration can be performed with as low as about six points.

(b) When calibration is made using numerous calibration points (e.g. 437 points in Fig. 5),
the file can be generated by combining a target file and the particle_segmentation
object. This procedure is performed with the following steps:

i. Manually prepare an initial calibration point file with only a small subset of the
points on the calibration target ((a) above).

ii. Proceed with the calibration steps below (2., etc.) to obtain a rough initial calibra-
tion.

iii. Generate a target file - a file that lists the lab space coordinates of all the points on
the calibration target

iv. Use the particle_segmentation to extract the image space coordinates of the
points on the calibration image. Save the extracted coordinates using
particle_segmentation.save_results(fname) .

v. Use thematch_cal_blobs_and_target_points class for the myptv.utils.py script
to automatically match the target file points and the image space coordinates that
were segmented. Save the results on the hard drive as a text file, which holds the
calibration points data.

Once the calibration points file is ready (either initial or full), continue with the calibration.

2. Generate a camera file for the camera we are about to calibrate using the format shown in
Fig. 3. The camera file should hold an initial guess for the camera center O and the camera
orientation, g. For a camera that is positioned in front of a calibration target and alighned
with it, the following initial guess might be used:

0.0 0.0 =z

where z is the estimated distance from the camera to the calibration target and f is the scale
factor (a typical value might be f ~ 6000 for a 60mm lens).

3. In a Python console, initiate an instance of the calibrate object with an instance of the
camera you would like to calibrate. For example:

from myptv.calibrate_mod import calibrate

cam = camera(cam_name, resolution, cal_points_fname=cal_points_fnams)
cam.load(’./?)

cal = calibrate(cam, cam.lab_points, cam.image_points)

cal calibrate(cam, cam.lab_points, cam.image_points)

4. Now we are ready to use myptv to optimize the camera’s parameters. As explained above,
there are two components of the camera model - a linear part, which includes 6, thgta, f,and
Th, Yn, and a nonlinear correction term E. We minimize each of these two groups separately.
Specifically:



Figure 5: An example of a calibration image. The points on the target have known lab space
coordinates. Not also that the points are distributed over several plains (3 different z values in
this case).

4

(a) To optimize the linear part, we use:

cal.searchCalibration()
print(cal.mean_squared_err())

so the error is printed after each iteration. To find an optimal solution it is possibly
needed to run this several times, while observing that the error is reducing (the error is
given in image space coornidates, pixel).

(b) To optimize the nonlinear part, we use:

cal.searchCalibration()
print(cal.mean_squared_err())

where, again, it might be needed to run this several times to obtain a good solution.

To find a good solution, we iterate over the two steps several times, until convergence to a
good solution is obtained.

* A good solution will have a low error value of only a small fraction of a pixel (namely,
print(cal.mean_squared_err()) should return less than 0.5).

xx If a good solution is not obtained after several iterations, it is possible that the initial
calibration was not good enough and that it had resulted in an error in the pairing of blobs
and target file. To fix this, start the calibration again with better initial calibrations. Another
issue might be that the initial guess was not very good and thus the minimization had found
a wrong local minimum. To fix this, start again with a better initial guess, making sure the
values of O and § are similar to their values during the experiment.

. Once a good solution is found, don’t forget to save the camera using:

cam.save()

. (Optional) After all the cameras have been calibrated, it is also good practice to verify

the calibration solution by stereo matching the calibration points. To do this, we use the
match_blob_files (Section 5) to stereo match the files of the segmented calibration target
points. We can then calculate the so-called static calibration error by computing the RMS
of the distance between the triangulated calibration points and the real data from the target
file. See Fig. 6 for an example.

Particle segmentation - segmentation_mod.py

This module handles the image analysis part of MyPTV, taking in raw camera images containing
particles and outputing their image space coordinates. For the segmentation we first blur the image
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Figure 6: An example plot of a calibration error estimation. The red crosses represent the known
positions of the calibration points given in the target file, and the black circles mark the positions
of the stereo-matched segmented calibration points. In this case, the root mean square of the static
calibration error was 84pum.

to remove salt and pepper noise, then we highlight particles using a local mean subtraction around
each pixel, and then use a global threshold to mark foreground and backgroud pixels. Finally, the
connected foreground pixels are considered to be particles, and we estimate the blob’s center using
a brightness weighted average of blob pixels.

4.1 The particle_segmentation object

Used to segment particles in a given image. This class is used internally to iterate over frames in
a single folder by the loop_segmentation class. However, it is usefull to check the segmentation
parameters manually using this particle_segmentation over several images in order to tune the
particle searching. The inputs are:

1. image - the image for segmentation
2. sigma=1.0 - the standard deviation of the blurring filter

3. threshold=10 - the global filter’s threshold brightness value (pixels with brightness higher
than this number are considered foreground)

4. mask=1.0 - A mask matrix can be used to specify rigions of interest within the image
5. local_filter=15 - The window size (pixels) for the local filter.
6. a bunch of threshold pixel sizes in all directions and in area.
The important funcitonalities are:
1. get_blobs - Will return a list of blob centers, their box size and their area.

2. plot_blobs() - Uses matplotlib to plot the results of the segmentation. A very usefull
functionality in the testing of segmentation parameters!

3. save_results(fname) - Will save the segmented particles in a text file. The file is arranged
in six columns with the following attributes: (x center position, y center position, x size, y
size, area, image number), see Fig. 7.

4.2 The loop_segmentation object

An object used for looping over images in a given directory to segment particles and save the
results in a file.



important functionalities are:

1. segment_folder_images() - Will loop over the images in the given directory and segment
particles according to the given parameters

2. save_results(fname) - Will save the segmented particles in a text file. The file is arranged
in six columns with the following attributes: (x center position, y center position, x size, y
size, area, image number), see Fig. 7.

y center y size frame #

X center

blobs_cam1

100.77 422.02 3
l106.96 869.78 3
113.00 527.01 3
120.70 254.28 2
l130.66 779.23 4
[132.39 1052.16 2
180.98 377.95 3
205.74 775.02 2
3
3
5
3
2
3
2
4

[y

{211.02 154.54
230.00 429.74
[246.14 552.94
{253.00 496.79
|255.68 760.30
{259.01 337.25
‘292.19 599.73
|303.54 639.54
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Figure 7: An example of a text file holding the segmentation resuls and the description of the
different columns.

5 Particle matching - particle_matching_mod.py

The module used to link particles in the different images through stereo matching and estimating
their 3D positions. One of the main issue in this process is that stereo matching all possible
candidates is an NP hard problem, so to track numerous particles in each frame we have to choose
which particles are likely to produce a 3D particle coordinate. Thus, particle matching in MyPTV
uses two algorithms in conjunction. First is a novel algorithm that uses 2D time tracking of blobs
to deduce which candidates are more likely to produce trackable particles in 3D. Second is the
Ray Traversal algorith proposed in Ref [3], in which the lab space volume is devided to voxels and
stereo matching is attempted for rays within each voxel. Using the two algorithms in conjunction
was found to yield a 50% reduction in conputational time and more trackable trajectories (45%
more trajectories were found in a test).

5.1 The match_blob_files object

This is the object that we use to get trangulated particles results from the segmented blob files (a
file as the one in Fig. 7 for each camera). For each frame it first runs the first algorithm using time
information, and only then uses the Ray traversal algorithm on the blobs that were not successfully
connected. The inputs are:

1. blob_fnames - a list of the (srting) file names containing the segmented blob data. The list
has to be sorted according the order of cameras in the img_system.

2. img_system - an instance of the img_system class with the calibrated cameras.



3. RIO - A nested list of 3X2 elements. The first holds the minimum and maximum values of x
coordinates, the second is same for y, and the third for z coordinates.

4. voxel_size - the side length of voxel cubes used in the ray traversal algorithm. Given in lab
space coordinates (e.g. mm). Note - a too large voxel size will result in high computational
times due a high number of candidates, while a too small voxel size might lead to erronous
intersection of rays, leading to matching errors. Thus, this parameter should be optimized.

5. max_blob_dist - the largest distance for which blobs are concidered neighbours in the image
space coordinates (namely, the largest permissible blob displacement in pixels).

6. max_err=None - Maximum acceptable uncertainty in particle position. If None, (defult), than
no bound is used.

7. reverse_eta_zeta=False - Should be false if the eta and zeta coordinates need to be in
reverse order so as to match the calibration. This may be needed if the calibration data
points were given where the x and y coordinates are transposed (as happens, e.g., if using
matplotlib.pyplot.imshow).

The important functionalities are:
1. get_particles() - Use this to match blobs into particlesin 3D.

2. save_results(fname) - Save the results in a text file. The format has 4 + number of cameras
columns separated by tabs: (x, y, z, [N columns corresponding to the blob number in each
camera| , frame number, see Fig. 8).

blob # in
blob # in camera3

cameral

stereomatching
uncetrainty

Z

blob # in
camera2

particles

-1.329 0.009 0.
2.049 74 0.010 0.
19.954 23.563 1.984 51 35 33 0.017 0.
8.400 58.112 5.693 14 6 5 0.018 0.
4.664 47.599 13.005 29 19 14 0.020 0.
13.240 14.245 7.807 63 46 41 0.020 0.
45.934 16.250 3.442 58 42 39 0.022 0.
13.844 39.290 9.974 36 23 19 0.026 0.
31.431 17.169 -16.303 55 38 36 0.030 0.
29.448 49.374 -20.620 25 18 12 0.031 0.
11.920 64.836 4.152 7 1 0 0.038 0.
22.372 58.560 5.961 12 5 4 0.039 0.
21.900 1.234 -14.520 72 62 49 0.042 0.
31.286 55.058 4.873 15 10 8 0.042 0.
.11.864 35.163 -6.826 39 26 23 0.045 0.
123.707 8.558 10.145 71 53 47 0.049 0.
116.654 0.262 11.229 81 68 52 0.053 0.
30.108 6.373 -15.330 70 56 48 0.062 0.
116.940 60.808 12.587 10 3 3 0.065 0.000
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Figure 8: An example of a text file holding the triangulated particles’ resuls and the description
of the different columns. In this example there were three cameras.

5.2 The matching object

This object is the "engine" used to match particles using the Ray Traversal algorithm. In practice
we run the relevant functions: get_voxel_dictionary() — list_candidates() — get_particles(),
and after that the results are held in the attribute matched_particles.



5.3 The matching using_time object

This object performs the matching of blobs using the 2D tracking heuristic. In principle, it is given
a list of blobs that were successfully used to form 3D particles in the previous frame. Then, for
each of the given blobs it searches for nearest neighbours in the current frame, and stereo-matches
those blobs that were found (using the .triangulate_candidates() method).

5.4 The initiate_time_matching object

This object is used to initiate the time searching algorithm on the first frame. It goes over the
blobs at the first frame and searches for blobs that have nearest neighbours at the second frame.
Those that have neighbours are used in a first run of the Ray Traversal algorithm, thus they are
given priority in the search.

6 Tracking in 3D - tracking_mod.py

This is the module that is used to track particles in 3D. There are currently three tracking methods
implemented, nearest neighbour, two-frame, and four-frame, see Ref. [4]. Users are welcome to
choose their perfered method and use it.

6.1 The tracker_four_frames object

An object used to perform tracking through the 4-frame best estimate method [4]. Input:
1. fname - a string name of a particle file (e.g. Fig. 8

2. mean_flow=0.0 - either zero (deafult) of a numpy array of the mean flow vector, in units of
the calibrations spatial units per frame (e.g. mm per frame). The mean flow is assumed not
to change in space and time.

3. d_max=1e10 - maximum allowable translation between two frames for the nearest neighbour
search, after subtracting the mean flow.

4. dv_max=1e10 - maximum allowable change in velocity for the two-frame velocity projection
search. The radius around the projection is therefore dv_max/dt (where dt = 1 frame™!)

The important functionalities are:
1. track_all_frames() - Will track particles through all the frames.
2. return_connected_particles () - Will retun the list of trajectories that were established.

3. save_results(fname) - Will save the results on the hard drive. The results are saved in a
text file, where each row is a sample of a trajectory. The columns are specified as follows:
[trajectory number, x, y, z, frame number]|, see Fig 9.

6.2 The tracker_two_frames object

An object used for tracking through the 2-frame method. The description is the same as in
Section 6.1

6.3 The tracker_nearest_neighbour object

An object used for tracking through the nearest neighbour method. The description is the same
as in Section 6.1

10



trajectory#
frame#

) b.ooo
1 . 1.863 2.049 0.000
2 19.954 23.563 1.984 0.000
o 3 8.400 58.112 5.693 0.000
g 4 4.664 47.599 13.005 0.000
& 5 13.240 14.245 7.807 0.000
— 6 45.934 16.250 3.442 0.000
2 7 13.844 39.290 9.974 0.000
@ 8 31.431 17.169 -16.303 0.000
g 9 29.448 49.374 -20.620 0.000
= 10 11.920 64.836 4.152 0.000
= 11 22.372 58.560 5.961 0.000
g 12 21.900 1.234 -14.520 0.000
= 13 31.286 55.058 4.873 0.000
H 14 11.864 35.163 -6.826 0.000
- 15 23.707 8.558 10.145 0.000
< 16 16.654 0.262 11.229 0.000
2 -1 30.108 6.373  -15.330 0.000
L -1 16.940 60.808 12.587 0.000
g 17 10.347 28.918 -15.159 0.000
=y 18 58.101 36.913 -8.350 0.000
B 19 46.505 61.920 -15.137 0.000
) -1 45.245 57.933 -2.268 0.000
g -1 4.736 45.102 -23.748 0.000
s 20 40.121 42.618 -19.275 0.000
g 21 40.406 2.382 17.303 0.000
= 22 17.405 8.651 -7.077 0.000
o 23 32.450 26.477 -23.854 0.000
2 24 9.365 49.414 15.797 0.000
R 25 47.209 52.877 12.286 0.000
2, -1 48.329 10.556 -24.777 0.000
g -1 6.432 17.474 -3.893 0.000
S -1 45.799 11.945 -17.737 0.000
-1 39.267 3.436 9.932 0.000
-1 39.543 11.009 15.200 0.000
0 53.724 31.201 -1.234 1.000
24 9.735 49.173 15.442 1.000
26 32.491 49.951 -16.446 1.000
samples that 8 31.742 16.686 -16.352 1.000
were not linked [ 12.451 64.782 4.093  1.000

PlainText ¥ Tab wWidth:8 ¥ Ln1,Col1 v INS

Figure 9: Example of a trajectory file and the column definitions.
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7 Trajectory smoothing - traj_smoothing_mod.py

This module is used to smooth trajecotries and to calculate the velocity and acceleration of the
particles. For the smoothing we are using the polynomial fitting methd proposed and used in
Refs. [5,6]. In short, each component of the particle’s position is fitted with a series of polynomials
with a sliding window of fixed lenght and the derivatives are calculated by analytically differenti-
ating the polynomial. The end result is a new file with smoothed trajectories. However note that
we smooth and calculate valocities and accelerations only for trajectories longer than the window
size for the smoothing (a user decided parameter).

7.1 The smooth_trajectories object

A class used to smooth trajectories in a list of trajectories. Due to the smoothing we also calculate
the velocity and acceleration of the trajectories. The input trajecotry list structure is the same as
the files produced by the classes in tracking_mod.py.

Note - only trajectories whose length is larger than the window size will be smoothed and saved.
Shorter trajectories are svaed with zero velocity and accelerations.

The inputs are:

1. traj_list - a list of samples organized as trajecotries. This should have the same data
structure used in the saving function of the tracking algorithms (see Section 6.1).

2. window - The window size used in the sliding polynomial fitting.
3. polyorder - The order of the polynomial used in the fitting.

trajectory )
number rame

number

smoothed_trajectories

[} o. -0. 0. . . [}

0 0. -0. 0. 0.001 0.001 -0.002 1

0 53.956 30.686 -1.218 0.216 -0.502 0.045 0.001 0.001 -0.002 2.000
[} 54.179 30.182 -1.187 0.216 -0.504 0.039 -0.010 0.003 0.015 3.000
0 54.388 29.685 -1.137 0.205 -0.504 0.048 -0.008 -0.008 0.005 4.000
0 54.588 29.175 -1.078 0.200 -0.509 0.052 -0.004 -0.003 -0.011 5.000
[} 54.786 28.664 -1.032 0.194 -0.510 0.025 -0.006 0.001 -0.022 6.000
0 54.975 28.155 -1.022 0.192 -0.513 0.038 0.001 -0.004 0.012 7.000
0 55.171 27.641 -0.993 0.187 -0.512 0.052 -0.009 -0.001 0.035 8.000
[} 55.353 27.127 -0.918 0.179 -0.514 0.052 -0.008 0.000 0.001 9.000
0 55.528 26.613 -0.839 0.176 -0.517 0.056 -0.005 -0.002 -0.038 10.000
0 55.699 26.098 -0.817 0.166 -0.515 0.032 -0.004 -0.003 -0.004 11.000
0 55.865 25.578 -0.797 0.165 -0.519 0.028 -0.005 0.001 0.011 12.000
0 56.026 25.060 -0.768 0.163 -0.517 0.063 -0.000 0.002 0.036 13.000
0 56.187 24.548 -0.678 0.160 -0.519 0.050 0.001 -0.006 -0.015 14.000
0 56.355 24.023 -0.634 0.152 -0.519 0.071 -0.017 0.003 0.010 15.000
[} 56.495 23.505 -0.552 0.147 -0.516 0.061 -0.003 0.004 -0.015 16.000
0 56.638 22.989 -0.516 0.141 -0.514 0.047 -0.001 0.005 0.013 17.000
0 56.777 22.484 -0.439 0.138 -0.513 0.072 -0.000 -0.007 -0.014 18.000
[} 56.921 21.966 -0.400 0.138 -0.518 0.052 -0.009 -0.003 0.021 19.000

PlainText ¥ Tabwidth:8 ~ Ln1,Col1 v INS

4.710 ) ) 0. 9 9) ) 9
55.239 0 [} 0. 0 [} 0
102 7.828 46.884 -15.127(0.000 0.000 0.000 0.000 0.000 0.000 29.000
102 8.066 47.124 -15.184|0.000 0.000 0.000 0.000 0.000 0.000 30.000
103 52.867 51.209 16.306 |0.000 0.000 0.000 0.000 0.000 0.000 29.000
103 53.109 51.084 16.461 |0.000 0.000 0.000 0.000 0.000 0.000 30.000
-1 30.108 6.373 -15.330(0.000 0.000 0.000 0.000 0.000 0.000 0.000
-1 16.940 60.808 12.587 |0.000 0.000 0.000 0.000 0.000 0.000 0.000
-1 45.245 57.933 -2.268 (0.000 0.000 0.000 0.000 0.000 0.000 0.000
-1 4.736 45.102 -23.748(0.000 0.000 0.000 0.000 0.000 0.000 0.000
/ PlainText ¥ Tab Width:8 v Ln1,Col1 v INS

The zero velocity and acceleration columns are due to too short trajectories
and unlinked samples.

Figure 10: Example file holding the results of smoothed trajectories, and the description for each
column. Note also the unsmoothed samples at the bottom of the file.
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The important functionalities are:
1. smooth() - performs the actual smoothing

2. save_results(fname) - Saves the results on the hard drive using the given (string) file name.
The resulting file is a text file such that each row is a sample of a trajectory, and with 11
columns. The columns have the following meaning: [traj number, z, y, 2, U, vy, v:, ag,
ay, a, frame number|, where v; and a; denote components of the velocity and acceleration
vectors respectively, see Fig. 10.

8 Trajectory stitching - traj_stitching_mod.py

This module applies the algorithm by REf. [7] to connect trajectories that were broken along the
process by tracking the trajectories again in the position—velocity space. We also extend this by
interpolating the missing samples using a 3rd order polynomial, that is fitted to the existing 4 data
points at the tips of the broken trajectories. This module is applied after the trajectory smoothing
step.

8.1 The traj_stitching object

This object performs the stitching process. Inputs:

1. traj_list - the list of smoothed trajectory, given as a Numpy array of shape (N,11), where
N is the number of samples. The format is the same as the format generated after the
smoothing process.

2. Ts - The maximum number of broken samples allowed in the connection.
3. dm - The maximum distance between the trajectory for which connections are made.
The important functionalities are:

1. stitch_trajectories() - Will search for candidates and stitch the best fitting candidates.
Run this function to perform the stitching. After running the new trajectory list is held as
the attribute new_traj_list.

2. save_results(fname) - Will save the stitched trajectories in a text file with a given file
name. The format for the saved file is the same as the one used in the smoothing trajectories
(Fig. 10).
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