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 This paper focuses on the problem of finding object orientation around Yaw & Pitch & Roll angels. The 
object orientation is computed in a real time manner using a mono-camera and three points on a solid 
object in a machine vision software. Three points should be selected from environment at the beginning. 
In order to reduce wreckful effects of environmental lights on detecting colorful objects and also to 
reduce the number of used software filters, IR LEDs with 850nm invisible wavelength are used. 
Artificial Neural Network (ANN) is used for solving this problem since orientation's equations are 
nonlinear and real-time solving for them is impossible. For solving the problem a feed forward artificial 
neural network with one hidden layer and 21 nodes in that is used, which has 3 nodes for output layer 
and 6 nodes for input layer. For having high accuracy in ANN, output data is also obtained from a 
MPU-9150 installed on a 2-DOF orientional parallel robot and compared to ANN outputs. 7243 data 
from Roll and Yaw angles and 751 data from Pitch angle is obtained from MPU-9150 sensor and the 
later 2-DOF orientional parallel robot and 467 data remains unused for learning ANN. After learning 
the neural network, results compared to unused data for ANN learning and desire results obtained with 
0.038 maximum error. 
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Fig. 1 Inside view of the solid object and placement of heat sinks 
1  

 

Fig. 2 Isometric view of the solid object and IR LEDs 
2  

1 Heat sink 
2 Intel CPU Heat sink 
3 Plexiglas 
4 IR Pass-filter 
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Fig. 3 Negative film and the magnetic plastic disk used for IR filter 
3  

5 Floppy disk 
6 Monochromic 
7 Binary (logical) 
8 Structure element 
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Fig. 4 Camera image with filter and IR & fluorescent lights 
4 
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Fig. 5 a) Original image with noise, b) Image after close image filter 
and c) Image after dilate filter 
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Fig. 6 View of the A, B, and C projected in u, v and w with assigned 
coordinate axes 
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Fig. 7 Coordinate axes of MPU-9150 
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Fig. 8 The 2-DOF orientional parallel robot used as the setup test 
platform 
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Fig. 9 Data sets from MPU9150 by 2-DOF orientation parallel robot 
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Fig. 10 Location of robot and solid object to move in direction of  
angle 
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Fig. 11 LED’s center coordinate plot in  angle path 
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Fig. 12 Schematic of ANN and input-output connections. 
12  

Fig. 13 Regression neural network plot for  &  training 
13   

 

Fig. 14 Best validation performance at epoch 141 
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Fig. 15 Error of  angle 
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Fig. 16 Error of  angle 
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Fig. 17 Error of  angle 
17  
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Table 1 Variance and difference values for each of the angles 
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