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Air pressure systems play a fundamental role in Scania trucks 
because the proper functioning of the brake and gear shifting 
systems of these vehicles relies on the health of the air pressure 
system. The presence of sensors in the air pressure system gathers 
various information about its status, which can be stored and 
analyzed in the form of datasets. Using machine learning 
algorithms to detect faults in the air pressure system prevents 
manual inspection at different time intervals, thus preventing 
material and time costs. Many efforts have been made to detect 
faults in the air pressure system through the collected datasets 
from sensors of the various components of Scania trucks using 
traditional machine learning algorithms such as decision trees, 
KNN, Random Forest and SVM, but they still lack sufficient 
accuracy and speed in data processing. However, since the number 
of records collected at different intervals by the Electronic Control 
Unit (ECU) is very high, novel machine learning algorithms like 
deep learning can be used to increase accuracy and speed in 
detecting faults in Scania truck air pressure systems. In this article, 
feature selection and deep learning algorithms have been used to 
detect and predict faults in the air pressure system of heavy 
trucks. The results and observations showed that the output of the 
evaluation parameters of the deep learning algorithm has an 
accuracy rate of 98.66%, a recall rate of 63.47%, and a f-measure 
rate of 68.99%. 
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Introduction 

Scania trucks made in Sweden are usually expensive and have very heavy 

engines. These trucks are mostly sold in countries such as America, United 

Kingdom, Canada, Russia, and Singapore. Instead of using hydraulic fluid, Scania 
trucks use an air pressure system for proper operation of the brake and gear 

shifting system [1]. Since Scania trucks are used in many industries and in long 

journeys, monitoring the air pressure system of Scania trucks is vital for the proper 

functioning of the braking and gear shifting system [2]. 

Proper monitoring of the air pressure system prevents the failure of other 

parts and increases the cost of Scania trucks. In recent years, the automotive 

industry has sought to reduce operating costs and maintenance, and increase 

customer satisfaction by using digital tools and software. For instance, the 

presence of ECU hardware parts in Scania trucks collects information from 

different parts under the name of a data set. By analyzing and examining this data 

set, researchers can provide solutions to quickly diagnose air pressure system 

failure in heavy trucks [3; 4]. 

Many research studies [5-12] have been conducted to identify and quickly 

diagnose the failure of the air pressure system in Scania trucks. However, these 

studies are mostly focused on using traditional machine learning algorithms such 

as decision trees, logistic regression, SVM, KNN, and Random Forest [13-15]. As the 

volume of data collected from ECU hardware components increases, these 

algorithms may no longer provide the desired accuracy [16]. 

The APS dataset (air pressure system failures in Scania trucks) is used in the 

proposed approach. It collects data from ECUs in Scania trucks and has two training 

and testing sections with a record number of 60,000 and 16,000 [8], respectively. 

In the proposed approach, first, by using the three feature selection algorithms of 

Correlation, Information Gain and SVM, the most important and weighted features 

were identified among the 170 features in the APS dataset, and 21 features were 

identified as important features. Since many of the selected features had noise 

values, in the next step, using the Replace All Missing operator, the process of 

repairing the noise feature was carried out automatically. Then, using the Deep 

Learning algorithm in addition to the activation function, the process of training 

the deep learning model was carried out through the pre-processed dataset [17]. 

Finally, by evaluating the deep learning model trained through the experimental 

data set, it was found that the use of the deep learning algorithm has an accuracy of 

98.66%. In the second part of the article, the steps taken to diagnose the failure of 

the air pressure system of Scania trucks more quickly is examined. In section 3, the 

implementation process of the proposed approach is described. Then, in section 4, 



JEAR: Journal of Engineering and Applied Research           Winter & Spring 2024, Vol. 1, No. 1, p. 183-196 

185 

the observations and results of the proposed approach are examined. Finally, the 

conclusion of the proposed approach is discussed in section 5. 

Related work 
There has been an increasing interest in using deep learning algorithms for 

optimizing the repair cost of air pressure systems in heavy-duty trucks. In one 

study, researchers used a neural network to predict the remaining useful life of air 

compressors in heavy-duty trucks, resulting in a 60% reduction in maintenance 

costs [18; 19]. Another study proposed a deep reinforcement learning algorithm to 

optimize the scheduling of maintenance tasks for truck fleets, which included air 

pressure system maintenance. Additionally, other research has focused on using 

machine learning techniques to detect and diagnose faults in air pressure systems, 

which could lead to more efficient repairs and cost savings. Overall, these studies 

demonstrate the potential of deep learning algorithms for minimizing the repair 

cost of air pressure systems in Scania trucks. 

Selvi et al. [1] used the APS data set to detect and prevent the failure of the air 

pressure system of Scania heavy trucks; they first used the sk-learn library and 

sampling algorithms such as under-sampling, over- sampling and SMOTE to 

balance the APS dataset. Then, using traditional machine learning algorithms such 

as SVM, Logistic Regression, Random Forest, KNN, SGD, Decision Tree and Naive 

Bayes, they identified and predicted failure in the APS balanced data set. Their 

approach had the highest accuracy in Random Forest and KNN algorithms of 98%. 

Cerqueira et al. [2] used the APS dataset to detect and prevent the failure of the 

air pressure system of Scania heavy trucks. First, they solved the two basic 

problems of lack of balance and the existence of noise characteristics in their 

selected dataset. They used the SMOTE algorithm to balance the number of dataset 

records to solve the problem of the APS dataset not being balanced, and also used 

3 noise feature analysis algorithms to remove features with noisy values. Finally, 

they used the XGBoost and Random Forest algorithm to investigate the cost 

reduction in the air pressure system of heavy trucks where the XGBoost algorithm 

showed the best performance in the output results. 

Rawat [3] used machine learning methods to predict the failure of parts related 
to the air pressure system in Scania trucks (APS dataset). He specifically focused on 

the pre-processing processes of his selected dataset where he first identified and 

removed the noisy features of the initial data set and then balanced his dataset 

using different balancing algorithms such as SMOTE. Finally, by applying the 

normalization and standardization processes, he normalized the APS dataset 

feature values. After applying pre-processing processes using Random Forest, 

Naive Bayes, SVM, KNN, and logistic regression algorithms, he predicted the failure 
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of parts related to the air pressure system in heavy trucks, the results of which 

demonstrated an accuracy of 99% for the Random Forest algorithm. 

Costa et al. [6] sought to provide an approach to identify and diagnose air 

pressure system failures using machine learning algorithms on the APS dataset. 

After applying pre-processing processes using Random Forest, decision tree, SVM, 

KNN and logistic regression algorithms, they predicted the failure of parts related 

to the air pressure system in heavy trucks; their results demonstrated the highest 

accuracy (92.5%) for the Random Forest algorithm. 

Rafsunjani et al. [11] have sought to improve the results of machine learning 

algorithms by using pre-processing methods on the APS dataset. First, they solved 

the problem of noise features in the APS dataset by using 5 algorithms: Expectation 

Maximization, Mean Imputation, Soft Impute, MICE, and Iterative SVD. They have 

also used the under-sampling algorithm to solve the challenge of the imbalance of 

the data set. Finally, the pre-processed data set was analyzed using the 5 machine 

learning algorithms of Naive Bayes, SVM, KNN, Random Forest and Gradient 

Boosted Tree to identify and diagnose the failure of the air pressure system. Their 

results showed the highest accuracy (98%) for the Random Forest algorithm. 

The proposed approach 
The proposed system consists of 4 steps; Figure 1 shows the implementation 

process of the proposed approach. In the following sections each of the steps in 

Figure 1 are explained in detail. 

Select dataset 
In this research, the APS dataset available on the UCI website was used [20]. 

This dataset was collected by Mr. Lingreen and Bitos in 2016 and provided to 

researchers. The APS dataset is derived from data collected by sensors of the air 

pressure system of heavy trucks (Scania), which play an important role in 

determining the optimal performance of the braking and gear shifting system. The 

APS dataset has two training and testing sections; the training section of this 

dataset is used to train the final model and the testing section is used to evaluate 

the final model obtained. 

1- The APS training segment dataset has 170 input features and 60,000 

records. 59000 records have negative labels and 1000 records have 

positive labels. 

2- APS experimental part dataset has 170 input features and 16,000 records. 

15625 records have negative labels and 375 records have positive labels. 

The 170 specified features do not include the number of input features and the 

tag feature (class). Records with a positive label (pos) indicate failure in the air 
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pressure system in heavy trucks and records with a negative label (neg) indicate 

no failure of the air pressure system in heavy trucks. 

 

 

Figure 1. Process of the proposed approach. 

Feature selection 
In this step, the selection and weighting of important features from the APS 

dataset were carried out separately with 3 feature selection algorithms, 

information gain, correlation and SVM. A separate list was prepared for each of the 

feature selection algorithms where the the important and common features in the 

output of each of these 3 algorithms (3 lists produced) as important features and 

those with more weight were selected. Therefore, among the 170 features of the 

APS educational dataset, only 21 features were identified as important features, 

which will be selected as input features in the pre-processing stage. The process of 

this step is shown in Figure 2 using Rapid Miner software [21]. 
 

 
Figure 2. Selection process. 
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Feature set preprocessing 
Since some of the 21 features selected in the previous step (feature selection) 

have noise values and the label feature values (class) are incompatible with the 

selection approach, it is necessary to take measures to resolve these types of 

inconsistencies, which is called pre-processing. Preprocessing is used in machine 

learning to improve the accuracy of a final model and improve the quality and 

quantity of the data. Therefore, at this stage, 4 pre-processing processes mentioned 

below were carried out [22]. 

Convert label attribute to binomial data type 
The APS dataset tag feature is named as class in both the training and testing 

datasets. Considering that the values of the class attribute are only two values, neg 
and pos, the data type of this attribute is changed from polynomial to binomial by 

using the Nominal to Binominal operator. 

Specify label attribute 
When adding the training and testing data set, the label (class) feature must be 

recognized and therefore, the Set Role operator is used to specify the class feature 

as the label (class) feature. 

Selection of input features 
According to the identification of 21 important features in the feature selection 

stage (previous stage) using the Selected Attribute operator, these 21 features are 

selected as input features and the rest of the features are removed from the model 

building process. Table 1 shows the list of 21 selected features. 

Identification and quantification of noise features  
Because most of the features of the APS dataset have noise values, it was 

determined that all of them have limited noise values by examining the 21 input 

features. Therefore, by using the Replace All Missing operator, the average values 

in each of the numerical features of the dataset were automatically replaced by the 

noise values of that feature. Table 2 shows the number of noise values in each of 

the 21 selected features. 

Table 1. Selected features. 

 
 
 
 

 

Attribute ci_000 ay_008 ba_005 ee_005 cc_000 cn_004 ck_000 

Attribute aq_000 cs_004 by_000 ba_004 bj_000 bb_000 bu_000 

Attribute bv_000 cq_000 bg_000 ah_000 bx_000 an_000 ao_000 
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Table 2. Number of noise values of selected features. 

 
Figure 3 shows the set of pre-processing processes on two parts of the training 

and testing datasets. 

 

 
Figure 3. The set of pre-processing operations on the training and test datasets. 

Deep learning modeling 
In the third phase of the proposed approach, a deep learning model was built 

from the pre-processed training data set using the deep learning operator and then 

the activation function. The deep learning model has 4 layers (one input layer, two 

hidden layers, and one output layer) where the size of the input layer is 21, the size 

of the two hidden layers is 50, and the size of the output layer is 2. Figure 4 shows 

the weighting of the 21 input features selected by the deep learning algorithm. 

The next step was to check whether the trained model has the desired and ideal 

accuracy or not. Therefore, using the Apply Model operator, the output of the 

trained deep learning algorithm model was received as an input, and the process 

of prediction and evaluation of the obtained deep learning model was performed 

on the test dataset (with 16,000 records). 

 

 
Figure 4. Weights assigned to input features in deep learning model 

Attribute ah_000 an_000 ao_000 aq_000 ay_008 ba_004 ba_005 

Missing 645 642 589 589 671 688 688 

Attribute bb_000 bg_000 bj_000 bu_000 bv_000 bx_000 by_000 

Missing 645 642 589 691 691 3257 473 

Attribute cc_000 ci_000 ck_000 cn_004 cq_000 cs_004 ee_005 

Missing 3255 338 338 687 691 669 671 
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Figure 5 shows how the trained deep learning model performed the label 

assignment and prediction process for the records of the test dataset. The 

predication column shows the label assigned by the deep learning model and the 

class column shows the actual label of the record [23]. 

 

 
Figure 5. Deep learning model evaluation. 

 
Figure 6 shows the complete process of implementing the deep learning model 

in the Rapid Miner machine learning software. Finally, using the Performance 

operator, the results obtained by the machine learning model for the records of the 

experimental data set were evaluated, which is fully explained in Section 4. 
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Figure 6. The complete process of implementing deep learning model in Rapid Miner machine 

learning software. 

Observation and results 
Based on the labels predicted by the trained deep learning model and the actual 

labels of each record of the test dataset, the clutter matrix [24] can be created, after 

which it is possible to obtain the evaluation parameters of deep learning models. 

Figure 7 shows the Confusion matrix obtained from the results of the deep learning 

model on the experimental dataset. 

 

 
Figure 7. Confusion matrix obtained from deep learning model results. 

 
The final model of deep learning can be evaluated by specifying the parameters 

of the Confusion Matrix. Figure 8 presents the results of 5 evaluation criteria of the 

final deep learning model. 
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Figure 8. Label prediction of test dataset records by trained deep learning model. 

 
In addition, the output of the obtained model was compared with the results of 

5 traditional machine learning algorithms (SVN, Naive Bayes, Decision Tree, 

Random Forest, KNN), the observations obtained are shown in Table 3. 

Table 3. Evaluation parameters of traditional machine learning algorithms. 

 
The main advantage of this research compared to previous studies is the 

practical implementation of preprocessing operations in the deep learning model 

construction process. In the present research, two preprocessing operations were 

performed: one aimed at identifying and dealing with noisy features, and the other 

involved in converting some features from nominal data type to binominal. As a 

result, there was a relative improvement in execution speed, improvement in TP, 

TN, FP, and FN parameters as well as an increase in accuracy, a decrease in error 

rate, and an increase in the average harmonic mean compared to previous studies. 

Conclusion 
Air pressure systems play a crucial role in Scania trucks as the proper 

functioning of Scania vehicles' brake and gear shifting system depends on the 

health of the air pressure system. The presence of sensors in the air pressure 

system allows collecting various information on its status, which can be stored and 

analyzed in various datasets. Using machine learning algorithms to detect faults in 

the air pressure system prevents manual inspections at different time intervals, 

thus avoiding excessive material and time costs. In the current study, deep learning 

algorithms and feature selection were used to detect and predict faults in the air 

pressure system of heavy trucks using the APSFST dataset. The workflow involved 

ML Algorithms Accuracy Error rate Precision Recall F Measure Run Time (s) 

SVM 98.18 1.82 81.34 29.07 42.83 300 

Naive Bayse 96.90 3.10 42.11 86.13 56.57 25 

Decision Tree 97.95 2.05 83.10 15.73 26.46 22 

Random Forest 98 2 86.67 17.33 28.89 100 

KNN 98.33 1.67 77.31 44.53 56.51 250 

Deep Learning 98.66 1.34 75.56 63.47 68.99 41 
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identifying noisy features, applying preprocessing to them, converting some 

nominal features into binominal type to ensure the final model's acceptable 

accuracy. Finally, a model for detecting and predicting faults in the air pressure 

system of heavy trucks was developed using deep learning algorithms.  The results 

and observations demonstrated that the output of the evaluation parameters of the 

deep learning algorithm has an accuracy rate of 98.66%, a recall rate of 63.47%, 

and a f-measure rate of 68.99%. 
Recommendations for improving the detection and prediction of faults in the 

air pressure system of heavy trucks are outlined below: 

1- Enhanced Sensor Technology: Upgrade sensor technology to capture more 

detailed and accurate data on the air pressure system's status. This can 

involve using advanced sensors with higher precision and reliability. 

2- Integration of Additional Data Sources: Incorporate data from additional 

sources such as vehicle usage patterns, environmental conditions, and 

maintenance records. This comprehensive dataset can provide deeper 

insights into potential fault patterns. 

3- Continuous Monitoring and Real-Time Analysis: Implement real-time 

monitoring of the air pressure system coupled with continuous data 

analysis. This approach enables prompt detection of abnormalities and 

immediate response to potential issues. 

4- Utilization of Advanced Machine Learning Techniques: Explore advanced 

machine learning techniques, such as deep learning, recurrent neural 

networks (RNNs), or convolutional neural networks (CNNs), to improve 

fault detection and prediction accuracy. These algorithms can handle 

complex data patterns more effectively. 

5- Feature Engineering and Selection: Conduct thorough feature engineering 

to extract relevant features from the dataset and select the most informative 

ones for model training. This process can enhance the model's predictive 

performance by focusing on key indicators of system health. 

6- Ensemble Learning: Implement ensemble learning techniques that combine 

predictions from multiple models to improve overall performance and 

robustness. Ensemble methods, such as random forests or gradient 

boosting, can effectively mitigate individual model biases and errors. 

7- Regular Model Updating and Maintenance: Continuously update and 

maintain the predictive models to adapt to changing operating conditions 

and evolving fault patterns. Regular retraining with fresh data ensures that 

the models remain accurate and reliable over time. 

8- Collaborative Data Sharing and Analysis: Foster collaboration among 

different stakeholders in the trucking industry to share anonymized data 
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and insights. This collective approach can facilitate the identification of 

common fault patterns and the development of more effective predictive 

models. 

9- Feedback Mechanism Implementation: Establish a feedback mechanism to 

incorporate real-world outcomes and user feedback into the model 

refinement process. This iterative approach helps in identifying and 

addressing model weaknesses and improving overall performance. 

10- Deployment of Predictive Maintenance Strategies: Integrate fault prediction 

models into predictive maintenance strategies to proactively schedule 

maintenance activities and prevent potential breakdowns. This proactive 

approach minimizes downtime and enhances overall operational efficiency. 
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