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Abstract- The purpose of our paper is to examine whether an automatic garbage collector can be implemented 
with the ability to “catch” objects thrown in the air in its vicinity with a high probability of success. In this work 
we utilize Monte Carlo methods to generate draws from a sequence of probability distributions. These 
distributions satisfy a nonlinear evolution equation describing the motion of a hand thrown object, traveling 
through space under the effect of gravitational force and of air resistance. We have implemented a software 
module that generates different initial conditions of the motion, calculates the object trajectory and simulates it. 
We have also implemented another two software modules: one that acquires images of the motion and one that 
tracks the object as it moves and predicts its landing spot. This latter module uses extended Kalman filter to do 
the tracking task. Additionally, polynomial regression is tested for comparison. We have completed dozens of 
simulations of an object throw with different initial conditions and compared the methods. Our conclusions are 
given in the end of the paper.  
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I. INTRODUCTION 
 
Monte Carlo methods of simulation 1] can be applied 
for a variety of physical and mathematical problems, 
especially when the problem has many degrees of 
freedom or is too complex for analytic analysis. 
Monte Carlo methods are mainly used in 3 distinct 
problem classes: optimization, numerical integration 
and generating draws from a probability distribution.  
In this work we apply Monte Carlo methods to 
examine the possibility of catching a hand thrown 
object by moving a remotely controlled “smart” 
garbage bin on the floor to the object’s predicted 
landing spot. The trash bin, which is surmounted on a 
mobile platform, is moved while the object is still in 
the air and has to be placed, so the object’s center 
falls within the garbage bin’s radius for a successful 
catch to be counted. More precisely, if the object is 
r>R, a round item with radius and the thrash bin’s 
inner radius is , then the condition for success is  

 
Where(x0,y0) is the real landing spot of the object and 
(x1,y1) is the point where the trash bin is placed. This 
condition promises the object will not bounce out of 
the trash bin after colliding with its wall in proximity 
to the bin’s opening.  
One of the big challenges in catching the thrown 
object is the short period of time that we have for the 
task. Assuming the initial velocity in the vertical 
direction is V0z , the initial height of the object above 
the floor is and the final one (the trash bin’s height) is 
, the time, that an object with a small cross section 

will fall to the floor, can be calculated with good 
enough accuracy to be:  

 
where is the free fall acceleration, as usual. We have 
neglected the air resistance force here, for simplicity. 
Substituting values for the variables in Eq. (1), such 
as 1-1.5m for and 0-5 m/sec for will typically result 
in an interval of time in the range of 0.4-1.5 seconds. 
In this time we have to detect the object, predict 
where it is going to land and send the garbage bin 
there to collect it. It is thus better to test the feasibility 
of the idea before implementing it in hardware. g 
0zh  0zv  
Our work is performed using software modules that 
include a simulation unit for the thrown object’s 
motion trajectory, an image acquisition unit that 
simulates a color video camera at the frame rate of 30 
frames per second with depth perception, such 
as the Kinect controller, and a tracking software unit 
that predicts the object’s landing spot. In the next 
section we describe the trajectory simulation and 
image acquisition modules. Then in Section III the 
tracking algorithms used in these work are discussed. 
Section IV provides our results, followed by our 
conclusions in Section V.  
 
II. TRAJECTORY SIMULATION AND IMAGE 
ACQUISITION 
 
2.1. Trajectory simulation 
We have used the Matlab environment to write our 
software modules. Our first task was to generate the 
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pseudo-random boundary conditions of the problem, 
that is, the initial location of the thrown object (for 
simplicity we assume it is a ball) in 3-dimensional 
space (x0,y0,z0) and its initial velocity 
coordinates . As commonly used, we denote the 
vertical axis by Z and the two horizontal ones by X 
and Y, where X runs perpendicular to the camera’s 
optic axis, while Y is parallel to it. Y is, thus, the 
axis, along which the object distance to camera plane 
(or depth) is measured.  
The general assumption we follow is that the ball is 
thrown upwards and possibly sideways. It can be 
thrown at any angle relative to the positive X axis. 
We use the explicit Runge-Kutta formula, the 
Dormand-Prince pair 1] to calculate the ball’s 
trajectory when subject to the forces of gravitation 
and air resistance. More specifically the object is 
assumed to follow the following equation of motion: 

 
Here, denotes the ball’s momentary velocity vector, is 
its magnitude,is a unit vector pointed in the direction 
of the velocity, is the gravitational acceleration vector 
and finally is the air resistance coefficient divided by 
the object’s mass. can be modeled as , where is the 
cross-sectional area of the ball and is the normal 
density of the air. We can rewrite the vector equation 
of (2) to produce three equations in each of the x, y 
and z dimensions: vvˆvg m   /2Ad A 3 1.21 
/dkgm  

 
We can also incorporate the effect of spin into the 
equations of motion, so that Equation (2) will include 
another term, called the Magnus force, and the air 
resistance coefficient will change with the spin 
velocity. The motion equation will than become 1]: 

 
where for a small round object, such as a tennis ball, 
the drag coefficient is given by CD 

 
and the Magnus force )lift( coefficient is expressed by 

 

 
greater, the Magnus force and the drag force will 
increase proportionally to (in first approximation) or , 
respectively. Even for the example above, both 
accelerations cannot be neglected compared to g if we 
require very high tracking accuracy. However, using 
Equations (4)-(6) complicates the tracking software 
module significantly and thus at this stage the simpler 
model of Eq. (2) is used for tracking, where the 
Magnus force is dropped and the air drag model is 
simplified. We test the more complicated motion 
equations just in the trajectory simulation stage. 2v 
2R 
2.2. Image Acquisition  
Once the trajectory of the thrown object is 
determined, we have implemented an animation of 
the object traveling through three dimensional (3D) 
space and we simulate it being photographed by a 
wide angle video camera that provides both a full 
color video of the XZ plane at 30 frames per second 
(fps) and a matrix of depth values for the third Y 
coordinate. We detect the moving object in each 
frame of the video either based on its distinct color or 
using a motion sensing algorithm, such as optical 
flow, and determine its center point. We then add the 
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depth coordinate for the location of the center 
resulting in a full 3D position of the object. We also 
calculate the object velocities by differentiating the 
positions in subsequent frames. The positions and 
velocities are passed to our tracker, which is 
described in the following section. 
 
III. TRACKING METHODS 
 
Kalman filter is designed for a system that can be 
described by linear equations both for the state 
evolution in time and for the conversion of the state 
to the measured variables 3, 4]. Our system space 
evolution equation is not linear and we have thus 
implemented the extended Kalman filter 5, 6] to do 
the tracking of the object flying through the air and 
predict its landing (or impact) spot on the floor. More 
precisely, if we assume that the garbage bin is of 
height above the floor, we predict the location and 
time where the object reaches the vertical position 
relative to the floor. The Kalman filter takes an initial 
state based on the object’s location and velocity 
detected using the first two frames and then follows a 
sequence of prediction and correction steps. The state 
in our implementation is seven dimensional and 
consists of , where is as h zh  ,,,,,,xyzxzvvvy  
defined before in Section II and it is initialized to a 
certain positive small value, such as 0.04. The initial 
covariance includes large terms for the velocities, 
since they are not detected accurately and for , 
since it is not known to the tracker or measured in the 
image acquisition stage. Our prediction stage follows 
the model of Equation (2) and employs Runge-Kutta 
formula, the Dormand-Prince pair 1] to evolve the 
state one step in time. The predicted state covariance 
matrix is evolved using a linearized version of 
Equation (2). The prediction stage can be summarized 
by the following formulas: 

 

 

 

 
Another method implemented for comparison with 
the extended Kalman filter is polynomial regression. 
In this method a polynomial curve of a small degree 
(e.g., 4 or 5) is fitted to the available measured 
locations of the moving object. We can use 3D 
polynomial curve fitting or separate 1D polynomial 
regressions for the XY and XZ planes 
(YZ is not necessary). Our simulations show better 
performance for the latter case. Once the polynomial 
coefficients for the XZ dependence have been 
derived, the polynomial function is continued to the 
point where z is equal to the height h of the trash bin 
above the floor and the landing spot X dimension is 
found. The Y dimension can be then calculated using 
the XY coefficients.  
The whole process is repeated many times for both 
tracking methods as new measurements of the flying 
object’s location and velocity arrive and, as expected, 
becomes more precise when using more data points. 
 
IV. SIMULATION RESULTS 
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When averaging the results of multiple simulations 
(50 runs), the values in Table 1 are produced for the 
Kalman filter and in Table 2 for the polynomial 
regression. We have calculated the values in the 
tables for object throw instances of different length in 
time by averaging the prediction errors at 
each time point of the instances that this time point 
was relevant to. As can be seen, Kalman filter greatly 

 

 
Fig.1. A simulated ball trajectory in 3D (full yellow circles), the 

predicted locations of the extended Kalman prediction stage 
(hollow red circles) and the predicted landing spots by the 

same algorithm (green circles). 
 

 

Fig. 2. A simulated ball trajectory in 3D (yellow circles) and the 
predicted landing spots by polynomial regression (green 

circles). 

 
Fig.3. Error of landing spot prediction as function of time left 
to landing for two tracking methods: extended Kalman filter 

and polynomial regression. 
 

outperforms polynomial regression by providing 
smaller errors with smaller variance at the same 
moments in time. It can be said that Kalman filter 
provides an accurate enough location for the trash bin 
to catch the object starting from 0.5 seconds on 
average before impact, where we assume that the 
trash bin and object radii are as above, so that or 
greater. Also the garbage bin can be located closely to 
the landing point even as early as 1.2 seconds before 
impact and then moved closer, which also helps to 
navigate it successfully and collect the object at 
landing. We assume here that the possible range of 
values that the prediction error can take is in the 
range of relative to the mean, where denotes the 
standard deviation of the error. 15rRcm  3    
Polynomial regression on the other hand does not 
provide a trustworthy prediction of the landing spot 
even 0.1 seconds before impact. While the average 
errors of this method may fall into the allowed range, 
the standard deviations of the errors are too large to 
make the predictions trustworthy.  
We have also implemented a more complex trajectory 
simulation of the object, which includes the effect of 
spin and is described by Eqs. (4)-(6). The motion 
simulator was replaced, while the tracking unit 
remained the same. The results for predictions of the 
landing spot of a spinning ball by the extended 
Kalman filter method are summarized in Table 3 for 
50 runs. As can be seen, the results are about as good 
as in Table 1 in terms of mean error, but the standard 
deviations are bigger. Still the predictions of the 
algorithm allow the correct placement of the trash bin 
around 0.5 sec. prior to the landing of the object, a 
similar performance to Table 1.  
 
V. SUMMARY AND CONCLUSIONS 
 
In this paper have presented a simulation system that 
is implemented in software based on Monte Carlo 
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methods and tests the feasibility of a smart garbage 
bin, which tries to catch objects thrown in the air in 
its vicinity. We divided our software into three main 
units: the module that simulates the object trajectory, 
the image acquisition module and the tracking 
module.  
Since the simulated system is not linear due to the 
presence of air resistance, the tracking module can 
use the extended Kalman filter algorithm to predict 
the object landing spot and send the trash bin there to 
collect it. Alternatively, the tracker can use simpler 
methods such as polynomial regression to estimate 
the point of impact. We have implemented both 
methods and compared their performance in terms of 
the average and standard deviation of the prediction 
error as function of time to impact, calculated for 
multiple runs.  
 

 
Table1: Mean error and standard deviation of landing spot 

prediction by extended Kalman filter 
 

 
Table 2: Mean error and standard deviation of landing spot 

prediction by polynomial regression 
 

 
Table 3: Mean error and standard deviation of extended 

Kalman filter predictions for a spinning ball 
 

Our conclusion is that the extended Kalman filter 
greatly outperforms polynomial regression and is the 
method to be preferred. Our second conclusion is that 
as long as we succeed in placing the garbage bin in 
any of the landing spots predicted by Kalman filter 
within 0.5 sec. prior to impact, the object will be 
caught successfully with high probability. It is best to 
have the bin’s mobile platform able to react to new 
commands and actually move the trash bin at the 
delay of less than 0.1 of a second or so. Then the bin 
will be firstly moved as soon as we have a reliable 
enough prediction, e.g., 1.2 sec before impact, and 
moved again and again with every significant 
correction of prediction. If we are able to fulfill both 
of these conditions: the bin is placed initially as 
predicted and is still able to “listen” to commands and 
react accordingly while the object is still in the air, 
we strongly believe that it will be successful in its 
task of catching the object. 
 
ACKNOWLEDGMENTS 
 
We would like to thank the administration of Ort 
Braude College and the Department of Electrical and 
Electronic Engineering for providing the opportunity 
to conduct this research and the financial means to 
present it at the conference.  
 
REFERENCES 
 
[1] G. S. Fishman, “Monte Carlo: Concepts, Algorithms, and 

Applications”. New York: Springer, 1995.  
[2] J. R. Dormand and P. J. Prince, “A family of embedded 

Runge-Kutta formulae”, Journal of Computational and 
Applied Mathematics, vol. 6, pp. 19–26, 1980.  

http://iraj.in


International Journal Of Electrical, Electronics And Data Communication, ISSN: 2320-2084  Volume-5, Issue-4, Aprl.-2017 
http://iraj.in 

 Towards A Smart Trash Bin: Using Monte Carlo Simulation For Automatic Detection of A Thrown Object’s Landing Spot 
 

35 

[3] R. D. Mehta and J. M. Pallis, “The aerodynamics of a tennis 
ball”, Sports Engineering, vol. 4, pp. 177-189, 2001.  

[4] R.E. Kalman, "A new approach to linear filtering and 
prediction problems”, Journal of Basic Engineering, vol. 82, 
no. 1, pp. 35-45, 1960.  

[5] R. E. Kalman and R. S. Bucy, “New Results in Linear 
Filtering and Prediction Theory”, Journal of Basic 
Engineering, vol. 83, no. 1, pp. 95-108, 1961.  

[6] B. A. McElhoe, “An Assessment of the Navigation and 
Course Corrections for a Manned Flyby of Mars or Venus”, 
IEEE Transactions on Aerospace and Electronic Systems, pp. 
613–623, 1966.  

[7] G. L. Smith, S. F. Schmidt and L. A. McGee, “Application of 
statistical filter theory to the optimal estimation of position 
and velocity on board a circumlunar vehicle”, National 
Aeronautics and Space Administration, 1962.  

 
 
 
 

 

http://iraj.in

