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Introduction

• The application of object recognition for mobile robots has increased:
 Navigation.
 Object detection.
 Buildings.

• Low-cost sensors have led to use lasers or sonar sensors to obtain 
characteristics from the object to be recognized.

• In mobile robots, recognition systems need ability to adaption, 
robustness, and invariance to rotation and translation.

• Bio-inspired techniques such as Artificial Immune Systems are used for 
pattern recognition.



Previous Works
Low cost sensors such as laser or sonar sensors.

[2]. Grid map building model based on 
sonar.[1]. Low-cost recognition and 

classification system based on LIDAR.



Previous Works
Artificial Immune Systems have been used in different industrial tasks.

[4]. Cognitive models of behavior.

[3]. Pattern recognition,

[5]. Trajectory
Planning for Industrial 
Manipulators.



Previous Works
Clonal selection theory.

[7]. Coordination in swarm systems.[6]. UAV cooperation.

[8]. Applications in data mining, medicine or classification.



Clonal Selection Algorithm



Stage Conditions

 Player –Stage
 C++



Clonal Selection Algorithm
Immune Model

• Robot moves through the environment looking for objects
to be classified using laser and color sensors.

• Robot should distinguish between self objects and non-self
objects.

• Black objects are classified as self objects (walls and other
robots).

• Color objects are classified as non-self objects, activating
immune response (objects to be classified).



Clonal Selection Algorithm 
Immune Model

Obtaining vector of characteristics (non-self objects).



Clonal Selection Algorithm
Immune Model

To acquire the antigen of the pathogen (non-self object), Hu 
invariant moments are used to obtain outline information.

The information on the object is translated to the outline of the 
object in a plane (x,y), by (1) in the axis X, and (2) in the axis Y:

Xc=l*cosθ-Xr (1)
Yc=l*sinθ-Yr (2)



Clonal Selection Algorithm
Immune Model

• The antigen is the vector that contains the Hu moments on the object,

• Each component of this vector corresponds to the epitope.

• The antibodies correspond to sets of Hu moments of the different objects previously 
charged in the robot.



Clonal Selection Algorithm 
Immune Model

• The antigen is compared by a set of the antibodies stored in the robot by (3):
Aa = K1|Mp1-Me1| + K2|Mp2-Me2| +… + K7|Mp7-Me7| (3)

• Aa corresponds to error between the antigen and the antibody.

• Mpn is the n paratope of Hu moments stored in the robot, Men is the n epitope of the 
antigen, and Kn is a n scaling factor.

• If Aa is lower than the U1 threshold, the object will be considered classified.

• If Aa is greater than U1 but lower than U2, the object will be considered indeterminate. 

• if Aa is greater than U2, the object will be considered unknown.



Clonal Selection Algorithm 
Immune Model

In case the error is greater than U2, the pathogen will be considered unknown and the 
mechanism of generation of the set of antibodies using clonal selection algorithm is activated.



Clonal Selection Algorithm 
Clonal Selection Algorithm

1. A set of antigens is acquired for each pathogen (objects to be recognized).

2. For each antigen acquired, one antibody is exactly cloned and created,
which corresponds to a non-matured antibody.

3. The non-matured antibody is cloned. There are ten clones for each non-
matured antibody.

4. Each clone is muted changed each paratope at random ±25% of its value.

5. Error between the antibodies non-matured and their own clones mutated is
calculated.

6. The clones with error lower than 10% are selected as matured antibodies.
These clones are included in the immunological memory.



Results
Experiment 1

Ten different trajectories were performed for the six elements in order to extract their 
antigens by measuring the error with the non-matured antibodies acquired previously.



Results
Experiment 2

Clonal Selection Algorithm was activated and a set of matured antibodies was selected 
and included in the immunological memory of the agents.



Results
Experiment 3

• In two cases, antibodies of the square had affinity values around 70.
• These values were greater than U2, and the clonal selection algorithm was 

activated  

• As for the circle and the invader, affinity values were lower than 20 (lower than U1); 
they were classified correctly.



Results
Experiment 4

Kohonen maps were developed for comparison. For the experiments the six
objects considered in experiments 1 and 2 were used.



Conclusions and Future Works

• For the acquired response, a set of antibodies was trained by a proposed 
Clonal Selection Algorithm. 

• The antibodies showed robustness in case of noise in the classification.

• The noise was modeled as superficial deformation.

• The AIS was adaptable to new pathogens and their new antibodies 
generated were stored in the immunology memory of the robot.

• In future works Artificial Immune Systems will be proposed for machine 
learning applied to 3D object recognition using kinetic and real sense in 
mobile robots.
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