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ABSTRACT 

Understanding the behavior of various components manually in a space craft is a tedious job. In order to 

overcome this, we design a model which helps monitor the components and predict the failure of the 

components. Using the telemetry data each of the component can be monitored. A deep leaning approach LSTM 

is proposed to predict the failure point of one particular component of the spacecraft using the previously 

trained model and the dataset. The telemetry data from the spacecraft will be used as the data set for he 

machine to learn and then be able to predict future for the test data  . This will reduce the human errors and 

help predict the failure of the component easily, which is a very essential part so as to use the component to its 

fullest. In this paper, we mainly focus on training the machine to learn about a failure point of a component.  

Keywords: spacecraft, satellite, telemetry data, LSTM (Long Short Term Memory),failure 

prediction. 

 

I.INTRODUCTION 

Every component in the spacecraft has a limited lifetime after which the component breaks down, so it is 

essential to monitor its behaviour. The component behaviour is monitored based on various factors. The change 

in these factors will indicate the anomaly. Telemetry data from the spacecraft will contain information about the 

current state of the component.  We make predictions about its failure without prior knowledge and working 

conditions of the component. Machine learning and deep learning algorithms are used to monitor the data and 

make predictions about the future. The spacecraft we are considering is a satellite. There are more than 50 

subsystems in a satellite and we have to keep a track of all the parameters of each subsystem. In this paper we 

have considered the subsystem as wheel 1.  Using the wheel 1 data we train the model and predict the failure of 

the components. The data will be a univariate time series which will have only 2 columns for example time and 

friction of a wheel 1. The machine will be trained with the training data of a particular wheel which has failed. 

Once the model is prepared and has learned about the data and point of failure. We will input the test data of a 

wheel 2 and the model is supposed to predict the future of that wheel 2 when it is going to fail based on the 

trained model. This will help us detect the failure of the component in a very early stage and help us rectify it.  
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II. PURPOSE 

The telemetry data needs to be monitored continuously and is given a visual representation to understand it in a 

better way.   The paper proposes a method which will reduce the man power, give accurate results, reduce the 

room for error, help visualize the data correctly, predict the future failure of a component.  

III. METHODOLOGY 

1. DATASET  

We have observed the behaviour of components of a spacecraft. Since we have considered the wheel as out 

subsystem, we observe various parameters that effect the functioning of the wheel. The wheels normal 

behaviour and failure point was observed and understood at ISRO. Using this information, we have simulated 

the data.The data that was observed was wheels friction based on which we were to predict its failure.  The data 

set selected has a two columns- time stamp and value of parameter of the subsystem wheel 1(friction value of 

wheel 1).  

time friction 

2018 213 00 02 30 927 11 0.001147 

2018 213 00 02 35 023 27 0.000603 

2018 213 00 02 39 119 43 -8E-05 

2018 213 00 02 43 215 59 -0.0018 

2018 213 00 05 47 537 11 -0.00097 

2018 213 00 05 51 633 27 0.001924 

2018 213 00 05 55 730 43 0.001901 

 

TABLE I Dataset (Time Versus Friction) 

2. DEEP LEARNING 

Deep learning is a part of machine learning algorithm that use a cascade of multiple layers of nonlinear 

processing units for feature extraction and transformation. Each successive layer uses the output from the 

previous layer are input. It learns in supervised or unsupervised manner.  

3. RECURRENT NEURAL NETWORKS 

RNN is a class of ANN where connections between nodes from a directed graph along a temporal sequence. 

RRNs can use their internal state(memory) to process sequence of input. It is a powerful type of neural network 

designed to handle sequence dependence. 

4. LSTM 

LSTM or long short-term memory is a recurrent neural network that is trained using back propagation through 

time and overcomes the vanishing gradient problem. The LSTM had memory blocks instead of neurons that are 

connected through layers. A block has components that make it smarter than neuron and memory for recent 

sequences. Block contains gates that manages  the blocks state and output. Block operates upon an input 

sequence and each gate within a block uses the sigmoid activation units to control whether they are triggered or 

not, making the change of state and addition of information flowing through the blocks condition.  
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There are three types of gates within unit: forget gate, input gate and output gate. Forget gate: conditionally 

decides what information to throw away from the block. Input gate: conditionally decides which value from the 

input to update the memory state .Output gate: conditionally decides what to output based on input and the 

memory of the block.   Each unit is a mini-state machine where the gates of the units have weights that are 

learned during the training procedure. We do time series analysis with LSTM algorithm. Time series analysis 

refers to change in the trends of the data over a period of time. Using the time series analysis, we can predict the 

future values of the item based on its past values. Since LSTM has the capability of remembering the past 

information we can easily predict the future event based on past knowledge. In this first the training data is feed 

into the model and its trained accordingly. Since we are using LSTM model, it keeps the previous state of the 

input in memory and predicts he future event. Once the training is done, the model is ready for testing. The test 

data is feed into the trained model and the prediction of future values and failure point is done. 

 

 

 

 

 

 

 

 

 

 

 

 

                                                     
 
 
 
 
 
 
 
 
 
 
 

Fig.1: Flow Diagram 

IV. RESULTS AND DISCUSSIONS 

After we execute the LSTM algorithm for the telemetry data from satellite we get the following results.  Figure 

1 shows a graph where the data fed into algorithm , the input data is plotted in blue colour which shows the 

original data. The orange plot depicts the prediction for the training data. Green plot indicates prediction of 

unseen data. In figure 1 we observe that the model is learning almost as correctly as the input data. As we look 
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at figure 2 which depicts a graph of observed and predicted data we can tell that the model is predicting the 

values almost closely to the actual values.  

 
Fig. 2: Original dataset in blue, the prediction for training dataset in orange and the prediction for unseen 

test dataset in green. 

 
Fig. 3: Observed vs Predicted. 

V. CONCLUSION 

A long short term memory network is one of the most commonly used neural network for time series analysis. 

The ability of LSTM is that it can remember previous information and tries to predict the future time series. In 

this paper we have proposed a model which learns the pattern from a failed component and applies it the other 

component to predict the failure of that component. This paper mainly concentrates on only one sub system-

wheels. This model can be used for any other subsystem also. We can even add multivariate constraint on a 

single system and train the model.   
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