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Abstract 

The objective of this work is to propose two new algorithms for collision detection for real-

time application.  They are applicable to rigid objects enclosed in boxes in order to improve 

the time of collision detection. The proposed algorithms, called Neuro-SAT and perceptron 

learning with displacement of the base frame, will be compared with the algorithm 

Separating Axis Test (SAT) based on the hierarchy of the OBB tree. A grasping operation of 

an object, with a robotic hand, was executed to test the developed algorithms. The results, of 

simulation experiments, reveal a great improvement in the time of collision detection. 

 

Keywords: algorithm Neuro-SAT, algorithm SAT, collision detection, OBB tree, perceptron, 

robotics. 
 

1. Introduction 

The hierarchy of bounding volumes is recognized as a good means of collision detection 

and is widely used in many areas of the virtual environment. The basic idea is to enclose 

objects into bounding volumes and perform collision tests on these volumes rather than 

perform collision tests on the objects themselves. This process can result in significant 

performance improvements. The asymptotic complexity of the time remains the same and the 

use of bounding volumes improves the situation by a constant factor. The arrangement of 

bounding volumes in a hierarchy tree is called BVH (Bounding Volume Hierarchy). 

A bounding volume allows define an area of interest around the virtual object. For 

example, a sphere [1,2], a box AABB [3] (Axis-Aligned Bounding Box) or a box OBB [4] 

(Oriented Bounding Box) can approximate a part of the object or the entire object. When the 

complexity of an object increases, a hierarchy of bounding volumes is used. This is generally 

a tree of spheres or boxes. Each volume delimits one or more geometric primitives. A set of 

these volumes, called parent, delimits the space of all the geometric primitives of its leaves. 

Generally, each bounding volume is optimized in terms of volume, air surface, diameter, etc., 

in order to have the better compactness around the bounded primitive. According to the 

design choices, the leaves of a tree can contain a single primitive or a collection of geometric 

primitives. 

Several studies have been done to improve the collision detection time. In [5], an algorithm 

based on the AABB which saves a large amount of memory space and minimizes the 

collision detection time is developed. In [6], a hybrid collision detection algorithm, based on 

AABB and OBB, applicable to solid objects is proposed. Another algorithm, efficient for the 

collision detection according to a double hierarchy delimitation, which is composed of AABB 

and OBB is proposed in [7]. The AABB test is applied first to remove the distant objects; the 

remaining objects are tested using the separation axis of the OBB. 
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All the previously presented algorithms are based on research of a simple tree hierarchy in 

order to perform fewer collision tests to save time. In this work, we will propose two new 

efficient algorithms that accelerate the collision test between boxes OBBs, by looking for a 

separating axis rather than looking for a hierarchy that minimizes the number of test between 

boxes. This algorithm can be used to improve the algorithms proposed in [5], [6] and [7]. 

 

2. Construction of the Hierarchy of the Bounding Volumes  

The construction of bounding volumes generally uses two approaches: from top to bottom 

[8] (top-down) and from bottom to top [9] (down-top) (figure 1). The principle of the top-

down approach is to start from the root to the leaves [10], while the principle of the down-top 

approach is to start from the leaves to the root [11]. Relative to the top-down approach, the 

down-top approach is more complicated to implement and has a slower construction time. 

This is why we chose the top-down approach to construct the hierarchy of volumes. 

Figure 1. The Two Approaches for the Construction of Small Tree of Four 
Objects 

 
3. The OBB Method 

The goal is to construct a box that remains close to the dimensions of the object and which 

would have its orientation [12,13]. For a list of "n" triangles, be 
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C is a 3x3 symmetric matrix. This matrix is diagonalized with the assurance that the 

eigenvectors are mutually orthogonal: these latter are chosen as axes of the box [14]. The 

maximum distances, between the summits along each axis, determine the dimensions of the 

bounding parallelepiped. 
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The test of intersections between OBBs are based on the test of the separating axis SAT 

(Separating Axis Test). 

The hierarchical representation, with a tree of bounding boxes, uses this test to descend 

into the tree. The fastest algorithm is the SAT [4]. We will show in the following that the 

proposed method, based on the search for a separator axis, is faster than the SAT method. 
 

4. Notion of the Separating Axis 

Consider two separated boxes OBBs, A and B. B is placed with a rotation R and translation 

T relative to A. Then there exists a separator axis between the two boxes which satisfies the 

following condition [4]: 

 

  

i

L)Bibi(

i

L)Aiai(LT       (4) 

Where Ai and Bi  are the unit vectors of the six axes, of the boxes OBBs. ai  and bi  are the 

dimensions of the boxes according to the six axes. AXBL  , where A and B are separate 

vectors, selected from the six axes of the boxes. In Figure 2, L is a separating axis between 

the two OBBs, because it exists disjoint intervals when we perform a projection on this axis. 

 

 

 

 

 

 

 

Figure 2. Separating Axis between two OBBs 

The first algorithm that we will propose, uses learning of a perceptron to find the 

separating axis. It will search for a plane that separates the two boxes, using only 8 corner 

points of each box. The equation of the plane is given by: 
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Figure 3. Descriptive Scheme of the Search for a Separator Plane 

Where x , y  and z are the coordinates of the points of the two objects. Some of them take 

the class "1" and others the class "0" depending on the classification function. This scheme is 

the same as that used in neural methods to solve the classification problems, where a, b, c and 

d are the weights, x, y and z are the inputs and f the transfer function (threshold function). 

This is the perceptron. The learning algorithm used is the back-propagation of the gradient. 

 

5. Improved of the Detection Collision Time by Changing the Base Frame 

The displacement of the reference in the middle of the two objects may result in an 

important improvement of the collision detection time. In fact, this displacement minimizes 

the space traversed by the plan and then the number of the learning iterations will be low 

(Figure 4). 

 

 

 

 

 

 

Figure 4. Displacement of the Base Frame During the Search of the Separation 
Plan 

To search the separation plane, the following algorithm is applied: 

 Displacement of the base frame in the middle of the two boxes; 

 Computation of the sum: dczbyaxS  ; 

 Computation of )(sf where f  is the threshold function; 

 Compare the obtained result (O) with the desired result (D): If the result is the same, 

one does not change the weights, if it is different the weights a, b and c are changed as 

follows: 

 w = w + (D - O) * input vector; 

 d = d + (D - O); 

 One passes to the next point; 
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At each iteration, the weights are modified to satisfy each of the points. When these 

weights are not modified by any of the points, the search is stopped. Then, there exists a plane 

that separates the two objects. 
 

6. Triangle-Triangle Intersection Test 

Detect if two objects are in collision can be done on two levels: 

 Detection between including volumes (already treated); 

 Exact detection of collision between triangle-triangle; 

We present in this part the algorithm of exact detection of collision between triangle-triangle 

[15]. 

 

Intersection test method 

Let 1T  and 2T  be two triangles; possess vertices 1
0V , 1

1V , 1
2V  and 2

0V , 2
1V , 2

2V  respectively. 

The plans on which the triangles are located are 1  and 2 . The equation of the plan 2 : 

0. 22  dxN .(Where x  is any point on the plan) [15]. 
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The distances between the vertices of 1T  and 2 are given by [15]: 
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Then we want to compute a line parameter value, 1t  : 
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Similar calculations are done to compute 2t , and an interval for 2T is computed as well. If 

these intervals overlap, the triangles intersect. 

 

 

Figure 5. Collision Interval,[t1, t2] between the Line L and the Triangle T1 

7. Control of the Manipulator Arms and Fingers 

Figure 6 shows the diagram of the manipulator arm and the hand. The hand is considered 

in relation to the manipulator arm like a mass value M, it allows us to decompose the dynamic 

model in two parts, a dynamic model for the manipulator arm and a dynamic model for the 

hand. 
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Figure 6. Geometry of the Manipulator Arm and the Hand 

The dynamic equation of the manipulator arm is given as follows: 

  armr Manipulato)(),()(  qgqqqCqqD       (10)

 
The dynamic equation of the hand is given by the dynamic matrix of the fingers following: 
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8. Linearization and Decoupling of the Dynamic Model 

Figure 7 shows the block diagram of the control of the manipulator arm and fingers, the 

trajectory of the manipulator arm depends on the coordinates of the object and the trajectories 

of different fingers are calculated by the perceptron (calculated points collisions between each 

finger and object). 
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Control by inverse dynamics allows the cancellation of the nonlinear terms and the 

decoupling of the dynamics of each joint: 

 )(),()( qgqqqCvqD         (12) 
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We replace the equatuion (14) in the eqauation (10): 
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The error dynamic equation is stable for a suitable choice of vK  and pK  matrices. 

Another choice of the command: 

controlfuzzy v  

The block of the fuzzy controller has two inputs, e (error) and de (the variation of the error) 

and an output du where: 
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Where T is a time constant. 

 

 The input e has two values (N, P); 

 The input de has two values (N, P); 

 The output du has three values (N, P, ZE); 

Where: 

N: set of negative values. 

P: set of positive values. 

ZE: set of zero values. 

The membership functions for the inputs e, de and for the output du are shown in Figure 8. 
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Figure 7. Schematic of the Control Loop 
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Figure 8. Membership Functions of the Inputs: e, de and Output du 

 

Figures 9,10, shows the results of the application of the fuzzy control on the manipulator 

arm and the hand (results of a single finger). 

 

 

Figure 9. The Rotation Angles of the Joints 1-3 (in radians) for the Manipulator 
Arm and One Finger of the Hand 

 

 

 

 

 

 

 

 

Figure 10. Result of the Grasping of the Object 
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9. Simulation Results of the Collision Detection 

The previously presented algorithm was tested on two types of hands: The first is formed 

only by parallelepipeds and the second by triangles. Figure 11 shows the hand and the object, 

that we have created, which are formed by parallelepipeds. 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Representation of the Hand and the Object Formed by 
Parallelepipeds 

The algorithm SAT and our perceptron learning algorithm with displacement of base 

frame, will be confronted in the detection of collision time during the grasp of an object by a 

robotic hand. The simulation of the grasp of the object is performed with a step of 0.003rad. 

The maximum number of iterations, to find the separating axis, is fixed at 10000. Figure 12 

shows the different fingers used for the grasp of the object. 

 

 

 

 

 

 

 

 

       

 
 

Figure 12. The Hand and Grasping Operation 
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For the grasp of the same object, Figure 13 and 14 show the results of the application of 

the algorithms, SAT and perceptron learning with displacement of the base frame, on the 

segments B and C which form a finger. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13. Results of the Application of the SAT and Perceptron Algorithms on 
Segment B 

(b) Result of the application of the perceptron algorithm on segment B 
 

(c) Evolution of the number of iterations during the search of the separation plan 

when learning the perceptron 
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(a) Result of the application of the SAT algorithm on segment B 
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Figure 14. Results of the Application of the SAT and Perceptron Algorithms on 
Segment C 
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Displacement step 
(a) Results of the application of the SAT algorithm on segment C 
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(b) Result of the application of the perceptron algorithm on segment C 
 

(c) Evolution of the number of iterations as a function of displacement step for 

the segment C 

(d) Evolution of the saved time by the perceptron algorithm 

Time(s) 
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According to the curves of Figure 13 and 14, one finds that the perceptron algorithm with 

displacement of base frame improves the collision detection time. In the case of segment B, 

the saved time increases, according to the number of steps (Figure 13.d), thus the number of 

iterations is low (Figure 13.c) as the segment B is still far from the object (Figure 12). In the 

case of segment C, the saved time increases up to step 82 where the segment C is very close 

to the object. It remains only 0.8594°, which corresponds to 5 steps, before the collision 

occurs. After the step 82, the time is decreasing due to the large number of iterations needed 

to find the separation plane (Figure 14.c). To solve this problem, another algorithm based on 

the cooperation between the two algorithms SAT and perceptron is developed. 

 

10. Neuro-SAT Algorithm 

The application of the perceptron algorithm with displacement of base frame followed by 

the SAT algorithm can also result in a significant improvement in the time of collision 

detection. The application of this sequence of algorithms will do the object of the following 

discussion and the corresponding algorithm will be called Neuro-SAT. This is the second 

algorithm that we have developed. We will first apply the perceptron algorithm and when the 

elapsed time by this algorithm tends to be large, we switch to the SAT algorithm. Switching 

between the two algorithms is provided by the number of iterations: more large is this 

number, more large is the collision detection time (Figure 14 b and c). The switching 

threshold, from the perceptron algorithm to the SAT algorithm, is set at 300 iterations (Figure 

15.c). This number is empirically obtained. When the switching occurs, one finds that the 

saved time remains almost constant (Figure 15.d). 
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Figure 15. Results of the Application of SAT and Neuro-SAT Algorithms on the 
Segment C 

 

11. Implementation of the Algorithms to a Hand and an Object Formed by 
Triangles 

We will use in this part a hand and an object formed by triangles, to compare the three 

collision detection algorithms namely: the SAT algorithm, Neuro-SAT algorithm and 

perceptron learning algorithm with displacement of the base frame. The Figure 16 illustrates 

the hand and the object used. 

 

 

 

 

 

 

 

 

 

Figure 16. View of the Hand and the Object Used to Compare the Three 
Algorithms 

To test the collision between the hand and the object, we must create the tree of the boxes 

OBBs, in order to apply the different algorithms on these boxes which include the fingers of 
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displacement step 
 Time(s) 

Displacement step 

(d) Evolution of the saved time by the perceptron algorithm 



International Journal of Control and Automation 

Vol. 8, No.4 (2015) 

 

 

196   Copyright ⓒ 2015 SERSC 

the hand and the object. Figure 17 shows the boxes OBBs which include a part of the finger 

of the hand. 

 

 

 

 

 

 

 
 

Figure 17. The Boxes OBBs which Include a Part of the Finger of the Hand 

Table 1 shows the results, as to the execution time, between the three previously cited 

algorithms. All developments are done with MATLAB
®
 software. The deference in the 

collision detection time, between these algorithms, is remarkable.  The perceptron learning 

algorithm with displacement of the base frame converges faster than the other algorithms, 

because it makes a prediction of collision during the descent in the tree of the boxes OBBs by 

using only the eight corner points of each OBB. Before the collision occurs, one descends in 

the tree towards the base where another triangle-triangle test will be triggered to determine 

the exact point of collision. The prediction depends on the number of iterations required to 

train the perceptron. This number is set to a maximum value of 1500 iterations in our 

application. Another factor that has allowed the perception algorithm to give the best results, 

is the displacement of the base frame in the middle of the distance between the boxes of the 

fingers and boxes of the object, during the perceptron learning. For Neuro-SAT algorithm, 

while the fingers are distant from the object, it is the perceptron learning algorithm with 

displacement of base frame which is applied. This will save time, since the research of the 

separation plan does not require a large number of iterations, set at a maximum of 300 

iterations in our application (see the results of Figure 18.c in Table 1). In this case there exists 

a finger which does not collide with the object, hence the gain of the time. In the contrary 

case, where the finger and the object are close to each other, the number of iterations will 

increase to determine if the boxes of the fingers on one side and the boxes of the object on the 

other side are colliding, then we switch to the SAT algorithm. 

Table 1. Collision Detection Time for Each Algorithm (in seconds) 

 SAT 
Neuro-

SAT 
Perceptron 

1st example 75.18 73.10 57.33 

2nd example 114.75 112.08 63.87 

third example 91.37 76.95 67.56 
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Figure 18. Different Grasping of an Object 

Figure 19 shows the result of the application of the perceptron learning algorithm, with 

displacement of base frame, to more complex objects. 

 

 

 

 

 

 

t(SAT)            = 75.18 Sec 

t(Neuro-SAT) =73.10  Sec 

t(Perceptron)  = 57.33 Sec 

t(SAT)             =  114.75 Sec 

t(Neuro-SAT)  = 112.08 Sec 

t(Perceptron)    = 63.87Sec. 

t(SAT)            = 91.37 Sec 

t(Neuro-SAT) = 76.95 Sec 

t(Perceptron)   = 67.56 Sec 
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Figure19. Result of the Application of the Perceptron Learning Algorithm 

12. Conclusion 

In this work we have presented two new approaches to the problem of collision detection.  

In the first approach, we developed an algorithm that used a simple perceptron with 

displacement of base frame to find the separation plane, between the boxes OBBs which 

include the fingers and the object, by separating the 8 points of the corners of these boxes. 

The time collision detection is significantly improved compared to the conventional method 

SAT. This is due to the fact that this algorithm does not search to find the collision between 

the boxes OBBs, during the descent in the tree of the boxes, but it makes only a prediction. 

Some steps before that the collision takes place, one descends in the tree that which will save 

time. 

In the second approach, we developed an algorithm called Neuro-SAT. It allowed also an 

improvement of the collision detection time, compared to the SAT algorithm. In this 

algorithm, we use first the perceptron algorithm with displacement of base frame, as the 

object is far from the fingers, which implies a reduced iterations number required to find the 

separating axis. A switching threshold, from the perceptron algorithm to the SAT algorithm is 

fixed and when this switchover occurs, we will start with a gain of time, compared to running 

the SAT algorithm alone. This gain remains constant during the search of the collision. The 

best results, among these three algorithms, correspond, however, to the algorithm of training 

the perceptron with displacement of the base frame. 
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