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Results show that the method can be used to classify two materials 
with similar responses, as is the case with steel and aluminum. In the 
case of the small bearing-balls, it has been found that for the large 
cylinders there is no signifi cant diff erence among diameters, due all 
responses present similar characteristics. In the case of the small cyl-
inders, it has been found that the large ball (b1) impacts are better, in 
order to observe diff erence among materials.
 Table I. Validation test and ANN output. Size=0, 1 means short, and 
long.  Type=0, 1 means aluminum, and steel.

3. Conclusions
We have presented a method which allows classifying materials using 
impacts and neural networks. The main problem on material’s classi-
fi cation arises when responses are similar, in this case the method has 
been tested with steel and aluminum, and the ANN has proven to be 
a robust solution to detect diff erences. Further analysis will involve 
other materials as well.
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1. Introduction
The purpose of this paper is to test the feasibility of using a Kalman 
fi lter and a simple mechanical model to analyze the velocity and 
the acceleration of an impact generated from the collision between 
two rigid bodies. To achieve this, the Kalman fi lter and a mechanical 
model are compared with experimental signals that have been ob-
tained from real impacts, between a sensorized hammer and a steel 
cylinder. 
The cylinder has been modeled as a fi rst order dynamic system, as 
shown in Figure 1, with the impact signal, f(t), applied on its surface. 
The mechanical model is shown on equation (1).

Figure 1.  Metallic cylinder 
model.
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         (1)

Where meff  : eff ective mass [kg] 
 kd   : damping constant [N•s/m]
 ks   : spring constant [N/m]
 f(t)=u(t) : input force [N]
 x1 , x2 : displacement and speed.

According to [1], the eff ective mass is the joint masses of the hammer 
and the cylinder, and this is given by equation (2).
 

where mh : hammer mass
 mc : cylinder mass
And constants kd and ks are for steel.
 

1.1 Kalman Algorithm
Figure 2, shows the block diagram of the Kalman estimator.
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Figure 2.  Kalman estimator.

To describe the Kalman algorithm some equations need to be de-
fi ned. The discrete Kalman fi lter state equations are specify by (3) and 
(4).
          

      (3)

                kkkk wGuBxFx ⋅+⋅+⋅=+1  (4)

On equation (3), yk is the observable at time k, and H is the measure-
ment matrix. The measurement noise, vk, and the process noise, wk, 
are assumed to be additive, white, and Gaussian, with the covariance 
matrix defi ned by (5) and (6):

 R = E{v
K
 vT

k}  (5)
 Q = E{wk w

T
k}.  (6)

Terms in (4) are: xk+1 which is the state vector in k+1; F is the trans-
mission matrix;  xk is the state vector in k; B is the input signal vec-
tor; and uk is the input signal. The complete Kalman algorithm is de-
scribed on Figure 3.

kkk
vxHy +⋅=

Figure 3. Kalman algorithm.

2. Results and Discussion 
Figure 4 shows the simulations results from the mechanical model, 
stated on (1), and from the Kalman algorithm, described on Figure 3. 
On Figure 4a, we can observe the results of the Kalman estimations 
of the system, Figure 4a top, and the system simulation results, Fig-
ure 4a bottom. From these graphics a good approximation between 
both can be observed, even if there is an error at the beginning of the 
estimation, shown in Figure 5, due to the initial conditions defi ned 
on matrix P (covariance of error) and   (state variable). After a few 
cycles, around 20, the error reaches a minimum stable value. Also, 
from Figure 4a, can be observed another interesting feature of the 
Kalman estimator, which is its capacity to reduce the noise on the 
measured signal. 

On Figure 4b, we present the velocity and acceleration of the impact 
obtained by numerical derivation of the displacement and velocity 
shown on Figure 4a (top), from the Kalman estimator. These signals 
are compared with the experimental data, shown on Figure 4c, ob-
tained from a sensorized hammer tapping a steel cylinder. These 
graphics indicate that there is a good approximation between them, 
and that Kalman algorithm can be considered as a suitable solution 
to analyze the model of an impact. 

3. Conclusions
On this work a method to study impacts has been presented, using a 
Kalman fi lter and a mechanical model. Results show that with a cor-
rect model, the Kalman fi lter achieves a good estimation. 

Figure 4. a) Simulation results. b) Acceleration from numerical deri-
vation of velocity.  c) Experimental signal from a sensorized ham-
mer.

Figure 5. Estimation error

The Kalman fi lter is a well explored solution to many complex prob-
lems; however it requires a very good understanding of the plant. On 
Figures 4b and 4c, we can see that the simulations results are similar 
to the experimental impact. In future works, we will study the sensor’s 
infl uence by modeling the plant as a second order dynamic system.
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