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One of the main parts in modeling and simulation of space
systems is to determine the nonlinear behavior of the system. In
this article, it is shown how artificial intelligence systems could
effectively be used in the early stages of a payload system design
process in Remote Sensing Satellites (RSS). Modeling and
simulation of space systems with nonlinearity and uncertainty in
behavior recognition and decision making is vital. Time and cost
of the conceptual design phase are decreased by using adaptive
neuro-fuzzy approach, which enables the data that is stored in
trained networks to be expressed in the form of a fuzzy rule base.
In developing this methodology, a hybrid training algorithm was
used to obtain system parameters achieving faster convergence
and reduction in the size of the search space. This combined
training used both least squares and descending gradient
methods. The inference system was also based on the Takagi-
Sugeno model with Gaussian membership functions. The present
modeling system was implemented on the payload system of a
satellite. The simulation results showed the effectiveness of the
adaptive neuro-fuzzy inference system in the conceptual design
of this system. The mean square error of the output variables for
the four variables of mass, power and on-board memory of the
payload and data compression in early stage of the design was
acceptable.
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EXTENDED ABSTRACT

Introduction

Payload design in a Remote Sensing Satellite (RSS) is a process with high complexity
and nonlinearity because it has many parameters and variables with mutual effects on
each other. Conventionally, the designers have employed traditional methods for payload
design that have consumed more time and cost in conceptual design phase. These
methods consider many design variables such as mission objectives and requirements,
input and output variables of each subsystem such as electric power, attitude
determination and control, telemetry and tele-command, communications and optics.
Having a good conceptual design of a satellite is highly important in satisfying mission
requirements. On the other hand, there is not any formula or equation with suitable
performance and design time in the conceptual design phase of RSS. The approach of
intelligence systems networks have the advantage of using experienced and operational
data without any simplifications. Fuzzy logic and neural network as two schemes of
Artificial Intelligence (AI) have been used in aircraft design, aircraft flight control and
landing controller design, but there is no previous work for modeling of satellite or
subsystems design. Researchers have used neuro-fuzzy inference systems to model many
systems and controllers. The Adaptive Neuro-Fuzzy Inference Systems (ANFIS) can
generate an input-output mapping based on human knowledge and use hybrid algorithm
for simulating better results. Adaptive neuro-fuzzy systems are extremely helpful and
effective, and can simulate nonlinear behavior, reducing design time and cost.

This paper presents the simulation of payload design of remote sensing satellites based
on adaptive neuro-fuzzy inference system. Using ANFIS for this modeling prevents many
repeated design loops and reduces the design time and cost. The simulation results were
compared with experimental data of remote sensing satellites and demonstrated that the
results were acceptable in the conceptual design phase.

Methodology

In ANFIS, the multi-valued logical system namely fuzzy logic was used to account for a
hidden imprecision in data and to make accurate mapping. Takagi Sugeno fuzzy engine
with five layers was used as the general structure of modelling. The parameters associated
with input as well as output membership functions were trained using a hybrid training
algorithm to identify parameters of Takagi Sugeno fuzzy inference system. It combined the
least square and the gradient descent methods. The main advantage of this hybrid
algorithm was faster convergence and reduced search space dimensions of the gradient
descent method.

Earth observation payload collect data from earth and turn it to information for
scientific and operational purposes. In spaceborne remote sensing, sensors are mounted
on a spacecraft orbiting the earth. There are many Remote Sensing Satellites (RSS)
providing imagery for various applications. An RSS has two main parts: payload and
platform. Payload and platform consist of some subsystems. Payload design process
begins from mission objectives and requirements and ends in payload capabilities and
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specifications. Deriving the payload capabilities from mission objectives and requirements
needs an experienced expert designer. In the present study, input and output variables
were selected in accordance with Table 1 for passive payloads. These variables were
specified and fixed in a milestone called System Requirement Review (SRR) based on ECSS
standard. After selecting the input and output variables, the range of each variable was
determined based on selected experimental data. The range of each variable with its
symbol is shown in Table 1. According to the high dispersion of the variable ranges, it
should be normalized between [0,1] for modeling. The selection of data size is critical for
effective working of a neuro-fuzzy inference system. A large training data size might
increase the accuracy of the inference system, but might cause a heavier load on network
nodes. Thus, using a limited size training data set with important variables results in
simpler and more reliable model than large training data set.

The modeling structure included several sequential steps to improve the accuracy of
the results. Basic structure is shown in Figure 1. In this modeling, the Gaussian
membership function was used for input variables and the number of membership
function for each variable considered was 3. Hybrid training algorithm was applied to
identify parameters of Sugeno fuzzy inference system. Mean Square Error (MSE) was used
as a statistical performance evaluation.

Table 1. Input and output variables of payload design

Name SymbolDimension  Range
Orbital height H km [400 — 1000]

Orbital inclination i ° [96 — 100]
Lifetime L year [0.5—10]
Input variables  Data transmission or data rate DR Mbit/s [1-250]
Spatial Resolution SR m [0.5—50]
Swath S km [8 —200]

Radiometric Resolution RR bit [6 —16]
Payload Mass [kg] PM kg [50 —50]
. Payload Power [watt] PP watt [50 —100]

Output variables -

On-board data storage or Memory SC Gbit [30 — 150]

Data compression DC - [1-12]

Results and discussion

In this study, the experimental data was collected from EOPortal internet site and
categorized for mini satellites (100-300 kg). The results in terms of output variables and
performance evaluation measures are presented in Table 2. In order to assess the ability of
neuro-fuzzy models relative to the experimental data, the results were tabulated in
comparison with the ANFIS model.
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Figure 1. Basic structure of ANFIS modeling.

Table 2. Values of the simulation results compared with experimental data.

Satellite Payload Mass Payload Power Storage Capacity Data Compression
name Exp. ANFIS SE Exp. ANFIS SE Exp. ANFIS SE Exp. ANFIS SE
Egypsat-1  40.00 39.9970 0.000009 75.00 74.9972 0.000008 16.00 16.0509 0.002591 4.00 3.9992 0.000001

Bird 23.00 22.9987 0.000002 90.00 89.9990 0.000001 2.00 2.0010 0.000001 N.A.

KazEOSat-2 43.00 42.9998 0.000000 93.00 92.9997 0.000000 16.00 16.0049 0.000024 2.50 2.4991 0.000001
Proba-1  16.50 16.5021 0.000004 58.00 58.0013 0.000002 1.20 1.1848 0.000231 N.A.

RASat 6.50 6.4975 0.000006 22.00 21.9997 0.000000 7.00 7.0324 0.001050 N.A.

VNRedSat-1A 31.00 30.9863 0.000188 40.00 39.9875 0.000156 79.00 79.1689 0.028527 1.00 0.9823 0.000313
ALSat-2  31.00 31.0012 0.000001 40.00 40.0082 0.000067 79.00 78.9511 0.002391 1.00 1.0049 0.000024
TopSat 32.00 32.0004 0.000000 30.00 30.0007 0.000000 2.00 1.9891 0.000119 N.A.

Xsat 12.00 12.0033 0.000011 25.00 25.0006 0.000000 16.00 15.9688 0.000973 N.A.
SSOT 18.50 18.5154 0.000237 50.00 50.0092 0.000085 79.00 78.8151 0.034188 1.00 1.0156 0.000243

Rapideye-1 43.00 42.9983 0.000003 93.00 92.9954 0.000021 48.00 48.0620 0.003844 10.00 9.9967 0.000011
IMS-1 8.90 8.9000 0.000000 21.00 21.0000 0.000000 16.00 16.0000 0.000000 3.40 3.4002 0.000000
VENUS 43.50 43.4997 0.000000 83.00 82.9995 0.000000 120.00 120.0068 0.000046 N.A.

NigeriaSat-2 41.00 41.0011 0.000001 55.00 55.0025 0.000006 128.00 127.9621 0.001436 2.00 2.0029 0.000008

Mean Square 0.000033 Mean Square 0.000025 Mean Square 0.005387 Mean Square 0.000075
Error Error Error Error
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Conclusion

In this paper, a new approach based on adaptive neuro-fuzzy inference system was
developed and applied to payload system design of a remote sensing satellite in
conceptual design phase. The basic modeling structure of this approach was developed for
reducing time and cost of system design phase. Therefore, a new design methodology
based on artificial intelligence could be extended to the total satellite design. The
simulation results specified that the performance of neuro-fuzzy based hybrid algorithm is
valuable, easy to implement and predicts the outputs with good accuracy. Although
applying the artificial intelligence methods do not deny the value and significance of the
traditional and direct methods, they could be effective tools for reducing time and cost of
design phases with high accuracy.
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