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                                                                  Abstract  
 

          In automotive industry there is a growing need for predicting the failure of a 
component, to achieve the cost saving and customer satisfaction. As failure in a 
component leads to the work breakdown for the customer. This paper describes an 
effort in making a prediction failure monitoring model for NOx sensor in trucks. It is a 
component that used to measure the level of nitrogen oxide emission from the truck. 
The NOx sensor has chosen because its failure leads to the slowdown of engine 
efficiency and it is fragile and costly to replace. The data from a good and 
contaminated NOx sensor which is collated from the test rigs is used as the input to 
the model. This work shows approach of complementing the Deep Learning models 
with Machine Learning algorithm to achieve the results. In this work LSTMs are used 
to detect the gain in NOx sensor and Encoder-Decoder LSTM is used to predict the 
variables. On top of it Multiple Linear Regression model is used to achieve the end 
results. The performance of the monitoring model is promising. The approach 
described in this paper is a general model and not specific to this component, but also 
can be used for other sensors too as it has a universal approach.  
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Chapter 1 

                                                                                          Introduction 
 

     1.1 Introduction of NOx sensor 
 
For a truck to maintain the carbon emission level there is an after-treatment 
system, which balances the emission of carbon particles and ammonia. In this 
after treatment system NOx sensor plays crucial role. There will be two NOx 
sensors in the aftertreatment system, one is the input NOx which calculates the 
value of emission of engine directly before urea dosing, which is a process of 
adding other particles to react with the ammonia and carbon particles to reduce 
their presence. The second NOx sensor measures the carbon emission level 
after the urea dosing. see figure 1.1 for reference. 
 
These sensors are sensitive and often goes faulty, due to different reasons. The 
failure in NOx sensors is termed as increase in the gain in its output. This 
maybe of different reasons, like contamination. We can also encounter the 
breakage problem in NOx sensor. NOx sensors are often failing in their 
warranty period and if a NOx sensor breaks the performance of engine is 
automatically controlled, which leads to the work interruption for the costumer. 
To avoid this, we need to predict when these sensors are going to be broke or 
when will it gets gain in its output.  
 
For this we have traditional way of approach that is scheduled maintenance of 
this component but the problem with this process is we cannot predict when 
this NOx sensor is going to fail. For this we need to have a proactive 
maintenance system. For this Deep Learning is a one better option to go with. 
 
 
 
 

 

 

 

                                                Fig 1.1 NOx sensor in trucks 
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1.2 Introduction to PHM 
    

Prognostics and health management (PHM), is the system designed for predicting the 
time at which a system or a component will no longer perform same as its initial days 
when it installed. This performance drop will lead to the system failure which means 
the component no longer be used to meet desired performance. This predicted time for 
failure in the component is called as the remaining useful life, which is an important 
concept for planning the perfect schedule to replace or repair that component. An 
efficient prognostic system can speed up fault diagnosis by providing an indication of 
what parts of the machinery or vehicle are most likely to fail and will need 
maintenance in the near future. This is done by predicting the performance of a 
component by considering the deviation in the performance of a system from its 
expected normal operating conditions. The operation cycle can be broken down into: 
Real-time Monitoring; Diagnostics; Failure Prediction; Determine Maintenance 
Strategies. The concept of PHM is to analyse the previous available data of failure 
modes and faulty conditions to predict the ageing and failure of that component. PHM 
seen to be effective when there is sound knowledge on the early signs of deflections 
which eventually leads to the system failure. It is recommended to have initial 
information about the possibilities of failure in the component. Such knowledge will 
help in prioritising the variables which we need to concentrate more. PHM is 
commonly used for the maintenance of components in industries as it have financial 
benefits such as operational and maintenance cost reductions and extended lifetime, it 
is mainly the model-based and data driven.  

 

In our case we are dealing with the time series-based data, predicting an event of a 
component based upon its historical data makes a lot of sense. It is much easier to 
train an algorithm with the labelled data. It is denoted as Supervised Learning. Here 
we have used the unsupervised way training the algorithm. PHM is the perfect 
example of Using Deep Learning, Data Mining and Machine Learning altogether to 
obtain a result or to draw the conclusion.  

 

1.3 Deep Learning for Predictions  
 
Deep Learning is the method of learning data representations using deep neural 
networks. It has been becoming popular in recent times because of its accuracy and 
learning dimensionality. The fields of application of deep learning has been increasing 
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day by day. Right from chemical reactions to medical field and Image classification to 
time series prediction, deep learning delivers the performance where it is needed. 
Deep Learning is the method of obtaining results based upon type of data available. 
The performance of an algorithm purely depends upon the data what we are training. 
Preparing the data for training plays an important role in deep learning.  

Predicting the future value based upon the supplied input sequence is one of 
application of deep learning. When it comes to time series data the Recurrent neural 
networks is the best choice. 

 

1.4 Aim and Contribution 
 

As we discussed about the NOx sensor and need for its Prognostic management, here 
in this thesis we would like to figure out a method for Predictive maintenance of NOx 
sensor depending upon the of data available and to analyse its results.  

My work has two contributions first I have discussed the need and potential of 
Encoder-Decoder LSTM for multivariate sequential time series data. Second, I have 
built a regression model using the LSTM to overcome the limitation of machine 
learning approach while dealing with the constant and large number of samples.  

 

1.5 Research Method 
 

In this work, I have done the investigative research. For this I have studied a 
different kind of approaches for the predictive maintenance a component. 
Then investigated the main challenges which I may encounter in this work. I 
have done the data analysis and according to it I have selected the algorithm 
to go with. I have implemented different algorithms to overcome the 
limitations of other.  

The results have analysed to have a better picture to know how this model 
contributes for the predictive maintenance of NOx sensor and how accurate 
the results are.  
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1.6 Project environment 
    

The project has been carried out within the ECU hardware development team in EE 
department at Volvo GTT. This work initiated to investigate the method of building 
the model for predictive maintenance of NOx sensor, a complex component to have 
predictive modelling. I have enjoyed all the challenges in my work.   

  Environment: Spyder: 3.1 

                           Python: 3.1 

                           Keras 

                           MATLAB: 2016b  

                           sklearn 

 

1.7 Delimitations 
 

This work completely focuses on the method of implementing a predictive model with 
best suitable algorithms. In this I haven’t discussed any technical details about the 
NOx sensor working, there is no insights of characteristics of working model and 
reasons behind the NOx sensor failures. In this work I have only worked with the 
unsupervised method of approach and I have chosen only Deep Learning methods to 
build the predictive model, hence I will not discuss other rule based or exemplar 
models.  

 I have used Keras with Tensorflow backend for implementing the LSTM models.  

 

1.8 Document Structure 
 

Here I would like to give the outline of the rigorous structure of this presentation. It 
helps to locate the relevant information easily. The structure of report follows as: 

 

Chapter 2: This chapter contains the research work which gives the over view of 
various concepts and relevant works. This helps to build the understanding of 
concepts and direction of this work.  
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Chapter 3: This part explains the approach of this work, based upon the characteristics 
of data. It gives the information of models and methods used in this work. 

 

Chapter 4: This chapter explains the implementation of various structures that are used 
in this work to obtain the results. 

 

Chapter 5: In this section I have discussed about the methods implemented and their 
results. 

 

Chapter 6: This part gives the conclusion to the work and discuss about the future 
work.  
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Chapter 2 

                                                                                        Relevant Work 
          

2.1 Similar works 
  

The prediction of the failure of components before they are experienced is the focus of 
manufactures, as they want to provide their customers with an un interrupted work 
flow. It is must when it comes to the heavy-duty trucks, as sudden failure of a 
component results in the work shutdown resulting heavy loss for the customers. In this 
paper I would like to present my research work, for the prediction of failures of the 
components (related to the problems we are referring with, NOx sensor & component 
level fault prediction from CAN bus data).  

 In this I would like to present my research based on deep learning techniques for the 
predictive maintenance, like fault detection and prediction. When it comes to this task 
we have various traditional approaches to predict the failures like statistics, condition-
based Signal Processing methods[1], [2] apart of Machine Learning. When comes to 
condition-based signal processing techniques as work done in[1] suggests that by 
using the Kalman filters  condition-based approach is more cost efficient for both on 
board and off-board, but for our use case it is completely different as we dealing with 
the component where we cannot predict its working environment and our interest is to 
predict several steps ahead. Here we need an most reliable and trust worthy approach 
for the prediction, which is the machine learning. Deep learning for the fault 
prediction is the out most interest for the researchers. Even though the results of this 
approach is completely depends upon the data available it is still most reliable solution 
as there is no need for us to know about the behaviour and working environment of 
the part we are dealing with. 

 

2.1.1 Use cases for predictive maintenance setup 
 

The Predictive maintenance of fleet done by the different companies are discussed 
here. In [3] researchers have taken the COSMO approach which is clearly explained 
in[4], where it says it is an unsupervised learning strategy for finding faults that are 
not predefined. Here the models themselves are also not predefined, instead they are 
generated (searched for) as vehicles are being used. By taking the “wisdom of crowd” 
as the principle for this method, after sending each vehicle signal through the 
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telematics gateway in the fleet the relationships between them are compared. In [3] he 
compared the working of COSMO with the ENDF which is explained in [5] [6], it is a 
generic structure for the novelty detection. It is independent of type of physical 
equipment, framework employs procedures designed to temporally evolve the critical 
model parameters with experience for enhanced monitoring accuracy. How ever they 
say that this model fails in rigorously evaluating the quality of results due to lack of 
ground truth as said in[7] to overcome this problem they have done further research to 
build the intelligent system which learns continuously throughout the life time. They 
have come up with the ACT a novel model based on three steps: Aggregation, 
Clustering and Tracking which is explained [8] , for learning from multiple data 
streams. ACT model is compared with the different clustering algorithms by taking 
silhouette coefficient.  In this data stream they have taken 10 variables like engine 
speed, break positioning, Fuel consumption, Boostair pressure, Age, Atmospheric 
pressure, Fuel Temperature, Engine type, chassis group, weight, power, Engine stroke 
volume. This model is in developing stage. 

On coming to the component level prediction, they have started with the air 
compressor failure prediction. They have started with the RRP algorithm which is 
stated in [9] by taking the vehicle log data into consideration, later they have worked 
with the histogram to investigate its reliability in [7], they have compared it with the 
clustering and the observation of performance is noted. After doing the research on 
usage of COSMO approach on air compressor failure prediction in [10] recently they 
have come up with the ESN (the RNN variant) based approach in [11] and draws the 
comparison between it and the COSMO approach, here he says the COSMO is better 
in handling the real data, i.e., the data which is noisy, missing the values and errors in 
sensor readings. He draws a conclusion that for predicting the faults in air compressor 
ESN are more sensitive towards the change. 

 

2.1.2 Similar use cases 
 

There is a similar research which is related to this case is done with the train fleet at 
Bombardier which is explained in [12], they have dealt with the door failures from 
CAN Bus data for online monitoring the failures on the fleet of metro trains. They 
proposed the methods of data pre-processing to reduce the algorithms to perform the 
sensitive free operation for common noisy signal. There model can find the anomalous 
recurrent pattern of failure cases which are previously snap fed into the network. It 
sends the operator about fault but fails to detect the responsible components for a 
particular fault. This model is capable of detecting the both recurrent and unexpected 
faults. 
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The work in [13], an event prediction is done on the CAN data. The event here the 
author dealt is the cyber hack of the vehicle. Here for time-based anomalies RNN and 
Hidden Markov Model is used to predict the sequence to sequence anomalous pattern, 
as the cyber attack is done in a systematic sequence. This model is capable of finding 
the unknown anomalies in the data streams.  

In [14],to tackle the problem of fault detection in non-smooth and discontinuous 
channels which often results to the condition of lags in prediction. He took three  
variants of vector time series models and compared in the process of predicting the 
faults several steps ahead by searching the correlation and inter decencies in the data 
streams. He has compared NFIR, NOE & NBJ demonstrated that NFIR performs 
better.  

For the second case, the PEMS NOx sensor is taken in to consideration to investigate 
possibility of fault prediction. 

The most relevant work done related to this case presented in [15], here the authors 
have used the Histogram based Random forests. This process is closely related to the 
work done by the authors in [9] [7], were in both cases the histograms are employed 
for analysis. But in second case the fleet is just restricted to 19 vehicles but where here 
the data collected from the CAN bus of over 17000 trucks of Scania over 2008 to 
2013. They have taken the snapshot of the NOx sensor readings of the truck, 7 days 
before the date when it came to workshop for replacement and a common snapshot 
after 30 days from the date of replacement of component. The difference here is they 
have used the modified form of histogram by employing the random forests.  

 

2.1.3 Related 
 

A use case of detecting faults in the starters and attenuators is taken in [16], from an 
unlabelled it explains the results driven by supervised, unsupervised and semi-
supervised learning approach. In this the active labelling algorithm is used. (it can 
serve as reference if encounter the problem with less labelled events). 

There is a novel approach stated in [17] and yielded results from it. The problem 
addressed here is a test drive data from CAN of newly manufactured vehicle, he used 
the SVD.  

Other than the approach of the authors in [15] we can follow few other approaches 
which are non-time consuming to yield results for predicting the sensor failure. For 
example, in [18] subtractive fuzzy clustering is used. 
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2.2 Deep Learning for PHM 
 

For the prognostic health monitoring with deep learning, we can follow the different 
methods to achieve the results. We can implement the Supervised, semi-supervised or 
unsupervised Learning methods for the predictions. In Supervised learning the 
algorithm is trained and tested on the labelled data. In semi-supervised learning the 
algorithm trained on the labelled data and tested on the unlabelled data. In 
unsupervised learning the train and test data both are unlabelled.  

 

2.2.1 Supervised Learning 
  

As I mentioned previously the Supervised Learning for the prediction can only done 
when we have the data which is completly labelled for an component, such labelling 
of repair or break down and the normal condition. If we have this kind of data we can 
go for the Supervised Learning.  

The authors in [19] have discussed the use of Supervised Learning models on the time 
series data for the prediction of stock price. They have given established an 
understanding of how prediction with supervised learning works. They have also 
discussed about the evaluation metrics.  As for prediction of temporal data we can use 
the other machine learning algorithms, GLM models, PCA etc.. but the authors in [45] 
have demonstrated that use of Neural networks will give the better prediction accuracy 
and reduces the risk of over lapping. 

 

2.2.2 Semi-Supervised Learning 
 

As I have mentioned the semi-supervised Learning can be used we have the labelled 
data and the unlabelled data. In the semi-supervised learning there is an another filed 
called the multi-view learning. In this type of approach, we consider learning with 
multiple views to improve the generalization performance. Further explanation with 
the examples has given in the separate section below.  

The authors in the paper [20] have discussed an use case of predicting the phenotypic 
traits from the data set where they have only few labelled data points and they have 
used the random trees for their work. The authors in this paper [21]have presented an 
efficient and effective projection algorithm to learn a safe prediction from multiple 
semi-supervised regressors. They have discussed how to improve the efficiency of the 
semi-supervised learning prediction. In [22] we can see the comparison of two 
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different algorithms that are popularly used for the semi-supervised learning. The 
authors have made an comparison for the performance of Support vector machine and 
label propagation.  

 

2.2.2.1 multi-view Learning 
  

In this type of approach, we consider learning with multiple views to improve the 
generalization performance. In this we consider of using the other related data from 
different sources like the logs, snaps in addition to the temporal data we have. This is 
a complicated method as we need to consider other dimension and have to establish 
the relation between them , but it gives the perfect results. The problem which we may 
be dealing with is, tackling the unlabelled data,  as per the method mentioned in [23], 
we can overcome it for some extent. But the suggestions made in [24] helps in 
avoiding common mistakes in making assumptions. We may often find the log data 
from the workshops when the component got serviced or replaced, at those situations 
we can use the methods stated in [25] and discussed in [26], [27]. 

   

2.3 Selection of Neural Networks 
 

As till now we have discussed the different kind of approaches to obtain the better 
results in general irrespective of the use cases. In this section we discuss about the 
selection of Neural Networks for the prediction.  As mentioned in [45] and most of the 
references here I have given all suggest that use of Neural networks will give the 
better results. For predictions we have two kinds of Neural networks, one is the 
Convolutional Neural Networks and the other is recurrent neural Networks. In further 
sections I have discussed about both and made a conclusion for what to choose.  

 

 2.3.1 Predicting with Convolutional Neural Networks 
 

Convolutional neural networks is a class of deep, feed-forward (not recurrent) 
artificial neural networks that are applied to analysing visual imagery and also used 
for prediction.  
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                                                        Fig 2.3.1 Deep CNN 

 

The figure 2.3.1 shows the convolutional neural network architecture with 15 neurons 
in 1 hidden layer. We can see that the network is feedforward network. Due to this 
condition CNN is widely used for the classification. But we can use 1-dimensional 
CNN for the time series prediction. One such example is taken in [28] here the authors 
have used the 1 dimensional CNN for the multivariate time series forecasting for the 
mortality risk prediction. They have achieved the accuracy of 76.3% which is a very 
good score. In this paper they have compared the CNN performance with the 
multilayer perceptron and the Recurrent Neural Networks. The CNN outperformed 
RNN by a small margin in this case as they have only used the limited amount of data 
and the data is not a sequential in characteristic. So, we can tell that if the data is not 
sequential and if it is in small amount we can use 1 dimensional CNN for the better 
results and for faster computing.   

In [29] we can see another use case of case of using the convolutional Neural 
Networks for the prediction. This condition differs from the previous use case in this 
the data used is the multivariate data with the correlation between the variables. It is a 
bit close to our case. In this paper the authors have drawn the performance comparison 
between the RNN and CNN. In their work they have added the auto-encoder structure 
to the CNN for the betterment of static CNN to get better results. In the comparison 
we can see that the RNN outperformed this modified CNN. Hence, we can draw a 
conclusion that the RNN performed better with the correlated data. As we have 
discussed about the Multi-view learning there is a similar use case to our problem is 
been addressed in Multi-view learning with the Convolutional Neural Networks in 
[30]. They have tried to predict the engine failure with the highly imbalanced and the 
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Multi-view data. To predict the defective engines, they used a two-layer CNN-
architecture operating on the temporal signal including different attempts on different 
activation and pooling functions to reach the best results. This is a classic example for 
the multi-view learning model. 

 

 2.3.2 Prediction with Recurrent Neural Networks 
 

 As the recurrent neural networks (RNN) are more capable than the any other 
networks for time series prediction because, with recurrent neural networks we can 
over come the vanishing gradient problem while training the network. As per 
mentioned in [31], we may encounter Feedforward networks may perform better than 
RNNs but for true positive and false negative windows RNNs outperforms all other 
types. 

Let us dig a little bit more about the recurrent networks to get better understanding. 
Recurrent nets are a type of artificial neural network designed to recognize patterns in 
sequences of data, such as text, genomes, handwriting, the spoken word, or numerical 
times series data emanating from sensors, stock markets and government agencies. 
These algorithms take time and sequence into account, they have a temporal 
dimension. Research shows them to be one of the most powerful and useful type of 
neural network, alongside the attention mechanism and memory networks. RNNs are 
applicable even to images, which can be decomposed into a series of patches and 
treated as a sequence. Since recurrent networks possess a certain type of memory, and 
memory is also part of the human condition, we’ll make repeated analogies to memory 
in the brain. Recurrent networks take as their input not just the current input example 
they see, but also what they have perceived previously in time. Fig 2.3.2 shows the  
early, simple recurrent net proposed by Elman, where the BTSXPE at the bottom of 
the drawing represents the input example in the current moment, and CONTEXT 
UNIT represents the output of the previous moment. 
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                                        Fig2.3.2 recurrent mechanism 

 

The decision a recurrent net reached at time step t-1 affects the decision it will reach 
one moment later at time step t. So recurrent networks have two sources of input, the 
present and the recent past, which combine to determine how they respond to new 
data, much as we do in life. Fig 2.3.3 shows the graphical representation of RNN. 

 
               Fig 2.3.3 graphical representation of Recurrent Neural networks 

 

As we discussed that Recurrent Neural Networks are best for sequence prediction. 
Now we look more into it. The RNNs offer different types of prediction. They are One 
to many, Many to one and Many to Many. In One-to-Many type an observation as 
input mapped to a sequence with multiple steps as an output. In Many-to-One type a 
sequence of multiple steps as input mapped to class or quantity prediction. Coming to 
Many-to-Many in this type a sequence of multiple steps as input mapped to a 
sequence with multiple steps as output. In this paper I have dealted my problem with 
the Many-to-One sequence prediction.  
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The paper [32] gives the clear explanation about how to use the RNNs for the Time 
series prediction on generally available data. The author has addressed different 
aspects in this paper for the better understanding of RNNs working. The author in [33] 
have discussed about how the performance of LSTMs can be made better by tuning 
the parameters. In RNNs we can see the variants like GRU, LSTMs and other 
structures. The figure 2.3.4 shows the representation of gates in both. GRU is the 
Gated Recurrent Unit and LSTM is Long Short-Term Memory. The purpose of these 
two structures are same they want to capture Long term dependencies in the data. For 
this GRU uses the update gate and rest gate, where as LSTM uses the forget gate, 
input and Out put gates. This is only major thing that differs the GRU with LSTM. 
They both can achieve the better results with sequential data.  

 
                                     Fig2.3.4 representation of gates of GRU and LSTM 

For the predictions with the sequences, LSTMs are used in [33],[31],[34] where they 
achieved the best results through it. As stated in [33] we can use encoder-decoder 
LSTMs as it is relevant to our Case [29]. As from these papers we can choose the 
LSTM for our case we can LSTM for the better results. 

 

2.4 LSTMS 
 

It is successful because it overcomes the challenges involved in training a recurrent 
neural network, resulting in stable models. In addition to harnessing the recurrent 
connection of the outputs from the prior time step, LSTMs also have an internal 
memory that operates like a local variable, allowing them to accumulate state over the 
input sequence. 



23 | P a g e  
 
 

LSTMs offer a number of benefits when it comes to multi-step time series forecasting; 
they are: 

Native Support for Sequences. LSTMs are a type of recurrent network, and as such are 
designed to take sequence data as input, unlike other models where lag observations 
must be presented as input features. 

Multivariate Inputs. LSTMs directly support multiple parallel input sequences for 
multivariate inputs, unlike other models where multivariate inputs are presented in a 
flat structure. 

Vector Output. Like other neural networks, LSTMs are able to map input data directly 
to an output vector that may represent multiple output time steps. 

Further, specialized architectures have been developed that are specifically designed 
to make multi-step sequence predictions, generally referred to as sequence-to-
sequence prediction, or seq2seq for short. This is useful as multi-step time series 
forecasting is a type of seq2seq prediction. 

An example of a recurrent neural network architecture designed for seq2seq problems 
is the encoder-decoder LSTM. 

We have different types of structures, namely Vanilla LSTM, Stacked LSTM, 
Encoder-Decoder LSTM, Bi-directional LSTM, CNN-LSTM and Generative LSTM. 
In this each one has different mechanism to yield the results. We must select a model 
which is closely related to one’s problem, that we can do by seeing at the structure and 
the data that we are going to deal with. In this problem the date is the Sequential and 
has lot of constant variables and constant values for the greatest number of 
observations before it changes.  We can try the Vanilla LSTM which is the basic 
LSTM model and the model that suits this problem is Encoder-Decoder LSTM. The 
remaining LSTM model are not so closely related to this problem. 

A power variation on the CNN LSTM architecture is the ConvLSTM that uses the 
convolutional reading of input sequences directly within an LSTM’s units. This 
approach has proven very effective for time series classification and can be adapted 
for use in multi-step time series forecasting for univariate datasets. 

 

2.4.1 Encoder- Decoder LSTM for Sequence Prediction 
 

Sequence prediction often involves forecasting the next value in a real valued 
sequence or outputting a class label for an input sequence. This is often framed as a 
sequence of one input time step to one output time step (e.g. one-to-one) or multiple 
input time steps to one output time step (many-to-one) type sequence prediction 
problem. There is a more challenging type of sequence prediction problem that takes a 
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sequence as input and requires a sequence prediction as output. These are called 
sequence-to-sequence prediction problems, or seq2seq for short. One modelling 
concern that makes these problems challenging is that the length of the input and 
output sequences may vary. Given that there are multiple input time steps and multiple 
output time steps, this form of problem is referred to as many-to-many type sequence 
prediction problem. 
 

Architecture: 

 

One approach to seq2seq prediction problems that has proven very elective is called 
the Encoder Decoder LSTM. The figure 2.4.1 shows the architecture that comprised 
of two models: one for reading the input sequence and encoding it into a fixed-length 
vector, and a second for decoding the fixed-length vector and outputting the predicted 
sequence. The use of the models in concert gives the architecture its name of Encoder-
Decoder LSTM designed specifically for seq2seq problems.  

      

                         Fig 2.4.1 Enc-Dec LSTM architecture.  

 

This is closely an Ideal model for our problem as the patterns in data are irregular and 
mostly constant so by this model we can take the patterns more efficiently for the 
prediction. 
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2.5 Finding Gain in NOx sensor 
 
The paper [35] shows how to find the gain in the NOx sensor and this what the Volvo 
itself does to find the NOx sensor gain. This shows Recording the Output Received 
From a NOX Sensor and Calculating the Mean of the Recorded Output Repeating the 
Recording and Calculating Steps Performing a Least-Squares Estimation (LSE) for 
More Than One Calculated Mean Based on expected NOx Sensor Output. This is 
nothing but the regression for the output to the input. 
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Chapter 3 

                                                                               Approach  
 

3.1 Data 
 

In any Deep Learning work the data plays the crucial role in obtaining the results, we 
generally select the algorithms depending upon the type of data we have provided 
with. The sensor data provided for this work is the recorded data from the test rigs. 
We got data of a good NOx sensor and a contaminated NOx sensor. The test data of 
different conditions like Hot and Cold temperatures are provided for good NOx sensor 
and the hot condition for contaminated NOx sensor is provided. The contaminated 
NOx sensor is estimated to have 60% to 70% gain depending upon the inserted 
contamination to a perfectly working NOx sensor. The initial data provided is the 
CAN signals, then we have used the ATI software to convert it into the .txt files. 

 

3.1.1 Insights of Data 
 

The data contains many variables, the different tests have been conducted on sensors 
by switching on and off different set of variables. The values of all most all variables 
are constant for the greatest number of samples hence this made more complex to train 
the models as algorithms tend to give wrong values when we train them with the 
constant variables. NOx sensor will only start when it reaches certain functional 
temperature until than it gives the zero values. If we train our algorithm with zero 
values, then the algorithm performs very badly. Hence, we must remove these values 
in order to obtain the correct functioning of algorithm. Here I have given the tables of 
correlation between the variables and the graphs of different signals in the sensor. The 
figure 3.1 shows the values of the NOx out level for the samples. 
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                                         Fig 3.1 NOx out values for samples 

This is the distribution of NOx out level over the sample ranges, here we have to 
observe an interesting thing from the graph that for the first 32000 samples the NOx 
out level is constant and then it has weird peaks, this happens because the NOx sensor 
will only give the perfect values when it reaches to certain range of temperature. For 
this problem the ideal way to deal is to omit the first 40000 samples. 

 

 

 
                                                                     Fig 3.2 correlation graph of variables 

 

 Figure 3.2 shows the distribution of the variables and correlation between them.  



28 | P a g e  
 
 

 

3.1.2 Selection of Variables 
 

As we have discussed about the work done by the Scania for the predictive 
maintenance of NOx sensor they have mentioned about few variables which have 
maximum impact on NOx out level based upon their scale Figure 3.3 shows the 
variables that Scania paper suggested. I have selected Three variables as the input 
Variables and NOx out level as the output Variable. Here my inputs are : 

1). coolant temperature of the chamber 2). Ambient Air Pressure 3). Torque Value  

 

 

 

 

 

 

 

 

 
                              Fig 3.3 priority table for variable selection 

 

3.1.3 Contamination injected NOx sensor 
 

In this data set there is 60-70% gain, but there is no information at which point we can 
expect that gain. This is because the contamination has been done in way that NOx 
sensor expected to have some abnormal gain. This gain maybe triggered at few points 
or maybe throughout the samples set right from starting to the end.  

 Here I need to find those exact points or range of the gain. The gain in the sensors is 
nothing but the relative increase in the expected output for the given set of inputs. As 
mentioned in this paper the Volvo Cars have been using a method to find out the gain 
in the NOx sensor, we can adopt that case here even though we are dealing with the 
sensor from a truck. Here they have used the least squares on top of linear regression 
to estimate the exact gain percentage. Here I have used the regression to find out the 
gain range. 
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3.2 Time Series Prediction 
 
  In this section I would like to discuss how to frame a time series prediction problem 
and how I have framed for my case.  As we know that prediction depends upon the 
previous values, what we supply to our algorithm. In framing a problem we can follow 
different kind of approaches for example if we have a data set of 100 points we supply 
it our algorithm from first point as e, e+1,e+2,…..e+99 where as the sample e+99 is 
the 100th sample of the data set, here we train our algorithm by giving 100 samples to 
predict the 101th sample. Where in the other case we give the data points in reverse 
order that is from the last variable to the first variable i.e., e+99 to e to predict the next 
outcome.  

In the first case, the algorithm remembers the sequence from first to last and predicts 
the outcome in the next time step, but in the second case the algorithm remembers the 
sequence in the reverse order, making it to learn trends in the latest order. But works 
perfectly for the forecasting but the second type of approach will be kind of ideal for 
the sensor data, forecasting.  

 

3.2.1 Evaluation of the model 
 

To evaluate the forecasting model, we have different types of metrics, here I have 
chosen the RMSE as it punishes the algorithm by exposing the exact error for the 
timeseries predictions.  

 

3.3 Regression Model 
 
To detect the gain in the sensor, I must use the regression. The ideal suitable kind of 
regression here is the multiple linear regression. This algorithm takes the multiple 
inputs and the given output and learns the relation between the inputs and the output 
with the coefficients.  

Here the approach is to make the algorithm learn the coefficients between the inputs 
and output from the good NOx sensor data, by saving these coefficients I have to run 
it on the contaminated NOx sensor data to compare between the expected output and 
the actual recorded output from the sensor, to detect the gain.  
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To build the multiple linear regression we can do it in simple machine learning with 
scikit learn. When I have tried to build it with the scikit learn as the data file has the 
large number of values in the same range this algorithm has become the inferior for 
this particular condition. Due to this the I must find the other way to carry out the 
regression. As we know that when we use LSTMs for the Multivariate predictions the 
LSTM takes the multiple inputs and learns to predict the output outcome. This type of 
characteristic of LSTM can be used here in this condition, here I have used the good 
NOx sensor data as the training dataset the algorithm and used the contaminated NOx 
sensor data as the test dataset. Here the algorithm gets trained to predict the NOx out 
level for the given set of inputs and by using the same variables from the bad NOx 
sensor data here we can draw the predicted and the actual range of outputs.  

By comparing both we can check the gain in the sensor data. This is the ideal way of 
approach for this dataset because it has the large number of samples in the same range 
(same value but change in the decimals) so LSTMs are not sensitive towards this kind 
of data and gives the better training performance. To do this first I have trained and 
tested the algorithm performance on the Good NOx sensor dataset, after tuning the 
hyperparameters to get the better training performance the test dataset is replaced with 
the contaminated NOx sensor dataset.  

 

3.4 Multi-variate Time series Prediction 

The Time series prediction is nothing but the forecasting of the value of a variable. If 
we want to use the multiple inputs for the forecasting, we call it as the multivariate 
forecasting. As in previous section we discussed that Long Short Term Memory 
(LSTM) variant of recurrent neural networks are able seamlessly model this kind of 
problems. This is a great benefit in time series forecasting, where classical linear 
methods can be difficult to adapt to multivariate or multiple input forecasting 
problems. 

Coming to the Encoder-Decoder LSTM I have discussed why this model is chosen, it 
is a variant of recurrent neural networks, which is designed to deal the sequence-to-
sequence prediction problem. Sequence prediction often involves forecasting the next 
value in a real valued sequence or outputting a class label for an input sequence. This 
is often framed as a sequence of one input time step to one output time step (e.g. one-
to-one) or multiple input time steps to one output time step (many-to-one) type 
sequence prediction problem. There is a more challenging type of sequence prediction 
problem that takes a sequence as 
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input and requires a sequence prediction as output. These are called sequence-to-
sequence prediction problems, or seq2seq for short. One modelling concern that 
makes these problems challenging is that the length of the input and output sequences 
may vary. Given that there are multiple input time steps and multiple output time 
steps, this form of problem is referred to as many-to-many type sequence prediction 
problem. 

 

3.4.1 Architecture 
 

Encoder- Decoder LSTM has proven very e ctive for this kind of problems in figure 
3.4 we can see that architecture of Encoder- Decoder LSTM is comprised of two 
models: one for reading the input sequence and encoding it into a fixed-length vector, 
and a second for decoding the fixed-length vector and outputting the predicted 
sequence. As it contains encoding and decoding mechanism it is named as Encoder-
Decoder LSTM, it is designed specifically for seq2seq problems.  

 

 

 

 

 

 

 

 

 

                                                  Fig 3.4 Encoder-Decoder LSTM architecture. 

  

 

3.5 Multiple Linear Regression 
 
Multiple linear regression is the most common form of linear regression analysis.  As 
a predictive analysis, the multiple linear regression is used to explain the relationship 
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between one continuous dependent variable and two or more independent variables. 
The paper [36] explains the concepts of Linear regression in more detail with the 
formulation and calculation of the dependent variable.  
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Chapter 4 

                                                                       MODELLING 
 

 

Here we are trying to predict the values of NOx output value using the several 
pervious observations using multiple variables, so technically we can say it as the 
multivariate multi-step time series forecasting model. For every prediction problem, 
modelling we get through the following steps, Data preparation, Problem framing, 
data framing, selection of evaluation metric and last is Walk-forward validation. 

 

4.1 Model Structure 
 
As I discussed previously about the case here, I must use the Multivariate Time series 
prediction to predict the variables for multi-step ahead. Also, I need to use the 
Regression for gain detection in the sensor and in the I need a Multiple linear 
regression model to calculate the values for both type of sensors. 

For prediction, I need to use all the variables to predict all the variables for multiple 
time steps ahead. Parallel to it I need to make regression model to predict the outcome 
of the NOx output level using the input variables.  

 

4.2 Data Pre-processing 
 
As I have previously mentioned about the dataset, it has the large samples of constant 
and NaN values in the selected variables. There is also a constant value in the NOx 
sensor output which I should not train my algorithm with, So I have sliced off the 
sample range of all variables until I have the varying range in NOx sensor output 
variable. I haven’t done any up sample or down sample here because there is no 
necessity here for it. 
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4.3 Data preparation to feed into LSTM 
 
I have used pandas library to shape the data to feed into the algorithm. The LSTM 
take the data in three dimension. We need to feed it in [samples, Time steps, 
feautures]. The sample data taken here consists of 6800 samples, It is a range from the 
whole dataset where there is less constant values in the variables. In this dataset there 
is repeating patterns in the data. Hence this makes the algorithm insensitive to the 
sample size taken in the data.  

Here I have feeded the data with 7 time steps, the selection of this number is done by 
trail and error method. 6 & 7 steps haven’t shown big difference but for 8 time steps it 
have bad results. So now each sample contains 7 time steps with 4 features. 

 

4.4 Framing 
 

Here the training data we have will be in the shape of  [970,7,4] as I have used the 
keras it was easy to setup the layers for LSTM, I have given the 200 layers for it. Here 
the data fed into the network in the reverse order, such that it takes last sample in the 
dataset as the first pervious step(t) and the first sample as the last (t-969). Here the 90 
% of data used as the traingset and rest for test. 

 

4.5 Evaluation Metric 
 

In multi-step head prediction we relay mostly on the error score to decide the 
perfromance of the alogorithm.Error here tremed as the difference between the actual 
value and the predicted value. In our case I have used the Root Mean Sqaure Error 
(RMSE).  

 

4.6 Validation 
 

Models will be evaluated using a scheme called walk-forward validation.This is where 
a model is required to make a 7-steps ahead prediction, then the actual data for that 7-
steps ahead is made available to the model so that it can be used as the basis for 
making a prediction on the subsequent prediction. This is both realistic for how the 
model may be used in practice and beneficial to the models allowing them to make 
use of the best available data. 



35 | P a g e  
 
 

                              

Chapter 5 

                                                                 Results and Discussion 
 

5.1 PREDICTION 
   

For the prediction after few trail and errors for tuning the Hyper-Parameters I have 
managed to get the better RMSE values. For the first instance I have used one neuron 
layer and after tuning it to the 3 layers I have got the better RMSE values. Tried to 
predict 10 values at first but after trails found 7 steps ahead prediction is kind of ideal 
to predict with less error. The prediction has been done on the dataset which I have 
manipulated by multiplying the NOx output level column of good NOx sensor by 
‘1.1’ which is random value but I choose it because I need to have a value which 
should be known to be close to either good NOx or bad NOx output. So I choose to 
have a close value to wards good NOx sensor.  

The below are the graphs and values of the variables predicted: 

 

5.1.1 Predicted output value for the NOx out level 
Fig 5.1 is the graph with the predicted values of next seven time-steps and the mean of 
the all seven values. 

RMSE= 0. 

                                                    Fig 5.1 predicted NOx values 
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5.1.2 Predicted values for the Air Pressure 
 

Fig 5.2 is the graph of the predicted values of Air pressure for seven steps ahead. The 
RMSE value for this prediction is 0.55 

 

 

 

 

 

 

 

 

                                  

                              Fig 5.2 predicted values of Air pressure 

 

5.1.3 Predicted values for the Engine Torque Value 
 

Fig 5.3 is the graph of the predicted values of Engine Torque Value for seven steps 
ahead. The RMSE value for this prediction is 0.6 

 

 

 

 

 

 

 

 

                                                                               
                                          Fig 5.3 predicted values of Engine Torque  
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5.1.4 Predicted values for the Coolant Temperature 
 

Fig 5.4 is the graph of the predicted values of Air pressure for seven steps ahead. The 
RMSE value for this prediction is 0.55 

                                     

 

 

 

 

 

 

                                                

                         Fig 5.4 predicted values of coolant Temperature  

 

5.2 Gain detection in NOx sensor 
 
 To detect the gain in the NOx sensor I have trained the LSTM model with the good 
NOx data, until I got the best MSE value. By saving the model I have run it on the 
contaminated NOx sensor data. By observing the Fig 5.5 which is the performance 
graph of the LSTM, by checking the deviation range in the graph, I have taken those 
values as the gain in the NOx sensor. By noting those value range, I have taken them 
as the strict Bad NOx sensor values and made another data set with those values. The 
peaks deviation in the below graph are the ranges of gain in NOx sensor. The values 
from the peaks in blue line is taken as strict values. 
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                                                              Fig 5.5 Gain detected in NOx sensor. 

 

5.3 Calculating the NOx values 
 

After making the dataset of bad NOx sensor and the predicted variable values.  I have 
made the Multiple Linear Regression Model on the Bad NOx sensor dataset and the 
Good NOx sensor dataset separately. Then I have supplied the predicted values of the 
four variables and calculated the values for a Good and Bad NOx sensor range. These 
values are compared with the predicted NOx out for those time steps. 

Below is the table that shows the Predicted output and calculated outputs for the t+1 to 
t+7 timesteps.  

Time steps Condition of 
current sensor 

Value of Good 
sensor 

Value of Bad 
sensor 

T+1  7.3  12.1  21.2 

T+2  7.7  10.6  28.2 

T+3  7.9  11.1  31.5 

T+4  7.4  11.4  39.5 

T+5  7.1  10.7  22.4 

T+6  7.1  11.2  22.9 

T+7  7.2  11.3  26 

      Table 5.1 Comparison table of Predicted condition of current NOx sensor to the good and failure range 
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By observing at this table, we can see the working condition range of current NOx 
sensor and can compare the range for bad and good range for the same time steps. 
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Chapter 6 

                                                                                              Conclusion 
 

This effort has given the path to monitor a complex sensor like this, the results 
obtained are reliable. I have started the work from investigating a way to make 
predictive maintenance for NOx sensor.  Data has created more complexities in 
achieving the results. The data had a greater number of constant values it mad more 
complex to train an algorithm to give best results. The Encoder-Decoder variant of 
LSTM was a perfect for this Seq2Seq prediction, it has given the values with the less 
error rate. To find out the gain in the NOx sensor LSTM is used at performed well. In 
the last the results obtained through the Linear Regression model has given the clear 
picture for monitoring the NOx sensor.  

 

6.1 Future Scope 
 
When tried to predict a multiple variables at a time with this dataset it has given very 
poor performance. It will be good to try to have a better performance by using a large 
number of constant values. The Encoder-Decoder LSTM is perfect for Seq2Seq 
prediction but it is not a computational friendly, so I see a need of finding some tuned 
structure to make it computational friendly.  
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