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HYBRID MACHINE LEARNING FRAMEWORK FOR DIRECTION-DEPENDENT 

GEARBOX FAULT DETECTION 

Reliable quality control and fault diagnosis are essential for ensuring machine reliability and preventing 

unexpected failures. One of the critical machine components for which such a diagnosis enables failure-free, long-

term exploitation is gearboxes. Conventional vibration-based monitoring often depends on expert interpretation of 

signal patterns and gear-mesh behaviour, which limits scalability and consistency. In this work, a hybrid machine-

learning framework for binary gearbox health classification using engineered vibration features. Time and 

frequency domain descriptors capturing impulsiveness, gear-mesh spectral characteristics, and modulation effects 

were extracted from tri-axial acceleration signals. To account for direction-dependent dynamics, separate models 

were developed for left (RPM0) and right (RPM1) rotational conditions. We employ an unsupervised Isolation 

Forest trained exclusively on healthy data for anomaly detection, and a supervised Logistic Regression classifier 

trained on both healthy and faulty samples. Predefined decision thresholds were applied to ensure methodological 

transparency and minimize overfitting. Evaluation on independent test cases demonstrates that direction-specific 

modelling combined with physically interpretable features enables robust gearbox fault detection. The proposed 

framework provides a reproducible and industrially applicable strategy for automated condition monitoring. Such 

an approach will provide precise solutions for early fault detection, predictive maintenance scheduling, and real-

time performance optimization of gearboxes and machinery systems. 

1. INTRODUCTION 

Gearboxes are critical components in a wide range of industrial systems, including 

manufacturing equipment, wind turbines, heavy machinery and robotic systems. Akmease 

and Eastham [1] investigated design aspects of electromechanical drive systems, highlighting 
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the importance of reliable transmission mechanisms in rotating machinery. Yaqoob et al. [2] 

proposed a gear selection framework aimed at improving accuracy in industrial robotic 

systems, demonstrating the critical role of gearbox performance in precision applications. 

Dinh et al. [3] studied multi-objective optimization of a two-stage helical gearbox, illustrating 

the engineering complexity associated with gearbox design and performance optimization. 

Their continuous, reliable operation is essential to maintaining high system availability and 

preventing unplanned downtime, which may result in substantial economic losses and safety 

risks. Because gearboxes are frequently subjected to variable loading conditions, harsh 

operating environments, and extended service periods, early fault detection and accurate 

defect localization are fundamental requirements for effective predictive maintenance 

strategies [4]. Vibration-based condition monitoring has long been established as the primary 

diagnostic technique for gearbox health assessment. Conventional approaches rely on the 

analysis of characteristic frequency components associated with gear-mesh frequencies, 

sidebands and harmonics, combined with expert interpretation of time- and frequency-domain 

signal patterns. These techniques are grounded in the physical understanding of gearbox 

dynamics and failure mechanisms [5]. However, they typically require considerable domain 

expertise, manual threshold definition, and machine-specific tuning. Such requirements limit 

scalability and robustness, particularly in large industrial fleets where operating regimes vary 

and fault data may be sparse or incomplete. 

In recent years, machine learning (ML) techniques have emerged as powerful 

alternatives to traditional rule-based diagnostics, enabling automated extraction of 

discriminative features and improved adaptability to complex signal behavior. Supervised 

machine-learning methods have been widely applied to engineering diagnostics and 

prediction tasks. Tuyet-Doan et al. [6] demonstrated the effectiveness of the XGBoost 

algorithm for gearbox fault diagnosis using vibration signals from road-vehicle transmissions. 

Mammadli et al. [7] applied data-driven machine-learning techniques to predict the axial load 

capacity of steel structural components, illustrating the capability of ML models to capture 

complex relationships in engineering datasets. In a related context, Rzeczkowski [8] 

employed deep-learning techniques for acoustic-emission signal analysis to characterize 

delamination processes in composite laminates, highlighting the growing role of advanced 

ML methods in signal-based damage detection. More recently, deep learning architectures 

have been explored for end-to-end fault diagnosis, allowing automatic feature learning 

directly from raw vibration signals [9, 4]. Although these approaches can achieve high 

predictive accuracy, they often require large, well-annotated datasets and substantial 

computational resources, which may restrict their applicability in real-time industrial 

environments [10]. 

A key practical challenge in industrial condition monitoring is the scarcity and 

imbalance of fault data. In typical operating scenarios, gearboxes remain in healthy conditions 

for the majority of their service life, while fault occurrences are rare, diverse, and not always 

systematically recorded [11]. This strong class imbalance motivates the use of unsupervised 

or semi-supervised ML techniques that model normal operating behaviour and identify 

deviations without relying on explicit fault labels. Anomaly detection algorithms such as 

Isolation Forest, one-class Support Vector Machines, and autoencoder-based methods have 

therefore attracted increasing attention as viable solutions for early fault detection under 
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realistic industrial constraints. From an application standpoint, effective gearbox diagnostics 

should not only detect abnormal operation but also provide actionable information regarding 

the likely fault source. Consequently, machine-learning frameworks that combine anomaly 

detection and fault classification have been increasingly explored for industrial diagnostics. 

Primera et al. [12] developed an IoT-based diagnostic analytics system integrating machine 

learning for the evaluation of heavy-industry gearbox faults. Nguyen and Diep [13] proposed 

a deep-learning approach based on a multi-scale convolutional neural network for vibration-

based gearbox fault diagnosis. In addition, Suryawanshi et al. [14] provided a comprehensive 

review of machine-learning and deep-learning methods for gearbox diagnostics, highlighting 

the growing interest in hybrid and data-driven monitoring strategies. In such frameworks, an 

unsupervised model first detects deviations from healthy behaviour, and a supervised 

classifier subsequently identifies the specific fault type or defective component. This modular 

structure aligns well with industrial maintenance workflows, enabling reliable anomaly 

detection even when fault libraries are incomplete, while allowing more detailed classification 

once labelled fault data becomes available [15]. In addition to predictive performance, 

industrial deployment requires ML solutions to be interpretable, computationally efficient, 

and compatible with real-time implementation. Feature-based approaches that combine 

physically informed signal descriptors with robust classification algorithms remain 

particularly attractive in this context. By incorporating domain knowledge, such as features 

extracted around gear-mesh frequencies and their harmonics, these methods preserve physical 

interpretability while leveraging the pattern-recognition capability of modern ML techniques 

[16, 17]. 

In this manuscript, we propose a novel hybrid diagnostic framework combining 

unsupervised anomaly detection and supervised classification is proposed for gearbox fault 

detection under realistic industrial constraints. Physically informed vibration features are 

extracted in both time and frequency domains, including mesh-harmonic–based descriptors 

and statistical indicators. An Isolation Forest model is employed to learn normal operating 

behaviour using healthy data only, while a Logistic Regression classifier is trained to 

distinguish between healthy and faulty conditions when labelled data are available. Separate 

models are constructed for different rotation directions to account for operational 

asymmetries. The framework is designed to ensure robustness, transparency and 

reproducibility, while avoiding extensive hyperparameter tuning. The effectiveness and 

practical implications of the proposed approach are analysed using experimentally obtained 

vibration datasets, with particular emphasis on balanced fault detection performance and 

interpretability for industrial application. 

2. METHODS 

2.1 EXPERIMENTAL METHODS 

 
2.1.1. EXPERIMENTAL SETUP 

The gearbox diagnostic test rig was configured as a semi-automated station integrated 

within a production environment. The test rig consisted of two principal subsystems:  
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a mechanical test chamber and an integrated control and measurement system. The setup was 

designed to accommodate gearboxes of different sizes within the same product family and to 

ensure repeatable and standardized testing conditions. The gearboxes under investigation 

were mounted on a dedicated trolley providing precise alignment and stable fixation during 

operation as presented in Fig. 1. The chamber was manually closed prior to test initiation and 

opened after completion. Its status was automatically supervised by the control system and 

test execution was enabled only when proper closure was confirmed, ensuring operational 

safety and measurement reliability. 

 
Fig. 1. Test rig with the gearbox mounted on the dedicated assembly trolley: (a) side view showing the overall structure 

and main dimensions (height 900 mm, length 800 mm); (b) front view showing the trolley width (450 mm) 

Vibration signals were acquired using a Hansford Sensors HS173 industrial 

accelerometer. The sensor was a triaxial IEPE accelerometer enabling simultaneous 

measurement in three orthogonal directions. The accelerometer was characterized by  

a nominal sensitivity of 100 mV/g, a measurement range of ±50 g and a frequency response 

suitable for gearbox diagnostics (up to approximately 10 kHz ±3 dB). The sensor was 

mounted directly to the gearbox housing using a specially designed measurement flange to 

ensure repeatable positioning and high structural coupling stiffness as shown in Fig. 2. 

 

Fig. 2. Test stand: a) gearbox equipped with the dedicated measurement flange used for accelerometer mounting 

providing stable and repeatable vibration measurements, b) the test chamber enclosing the measurement area 
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The vibration signals were recorded using a National Instruments NI 9234 dynamic 

signal acquisition module. The NI 9234 module provided four simultaneously sampled analog 

input channels with 24-bit resolution and integrated IEPE signal conditioning. The module 

incorporated built-in anti-aliasing filters with automatic cutoff adjustment dependent on the 

selected sampling frequency ensuring proper band limitation prior to analog-to-digital 

conversion. Data were sampled at a frequency of 12 800 Hz. Measurements were conducted 

at a constant rotational speed of 3000 rpm. The duration of a single gearbox test was 2 

minutes. Vibration signals were recorded in two operational directions denoted as RPM0 and 

RPM1 corresponding to left and right rotational directions respectively. The acquired data 

were stored for further post-processing and diagnostic feature extraction. 

2.1.2 SIGNAL PROCESSING AND FEATURE ENGINEERING 

The vibration signals were processed using a physics-informed feature engineering 

framework tailored to gear-mesh–based fault detection. Each measurement consisted of 

segmented time-series data structured as N × 3 × L, where N denotes one-second windows, 

three channels correspond to orthogonal accelerometer axes (X, Y, Z), and L = 12800 samples 

were recorded at a sampling frequency of 𝑓𝑠 =  12.8 kHz. All signals were mean-centered 

prior to feature extraction. 

The shaft rotational frequency was computed as 

𝑓𝑟𝑜𝑡 =
𝑛𝑟𝑝𝑚

60
,               (1) 

and theoretical gear-mesh frequencies were derived based on gearbox kinematics. The 

primary mesh frequency was defined as 

𝑓𝑚12 = 𝑧1𝑓𝑟𝑜𝑡               (2) 

where 𝑧1  denotes the number of teeth of the driving gear. Eq. (2) providing a physically 

grounded reference for spectral analysis. Frequency bands centered on mesh frequencies were 

constructed using an adaptive bandwidth to ensure robustness against minor speed variations. 

Spectral features were computed using Welch’s method to estimate the power spectral 

density. Within the mesh band, spectral entropy was used to quantify the distribution of 

energy around the carrier frequency, while sideband-to-carrier ratios captured amplitude 

modulation effects associated with periodic tooth defects. A broadband high-frequency 

energy ratio was included to characterize impact-driven excitation. 

Time-domain impulsiveness was quantified using Peak Dominance (PD), 

𝑃𝐷 =  
𝑚𝑎𝑥|𝑠[𝑛]|

√
1

𝐿
𝑠[𝑛]2

             (3) 

Here, 𝑠[𝑛] represents the discrete vibration signal in a given time window. Eq. (3) 

measures transient amplitude excursions relative to signal energy. Local nonstationarity was 
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characterized using the coefficient of variation of short-time RMS values, reflecting 

intermittent bursts of energy typical of fault progression. 

To enhance sensitivity to amplitude modulation, the signal was band-pass filtered 

around the primary mesh frequency and demodulated using the Hilbert transform. The 

envelope RMS,  

𝑅𝑀𝑆𝑒 = √
1

𝐿
∑ 𝑒 [𝑛]2     (4) 

quantified demodulated energy, while modulation depth at the rotational frequency was 

computed from the envelope spectrum to assess periodic amplitude fluctuations. In this 

expression, 𝑒[𝑛] denotes the analytic signal envelope obtained via Hilbert transform. 

Impulsive behaviour was further characterized by detecting peaks in the envelope signal 

using a scale-adaptive prominence threshold. The impulse concentration relative to expected 

mesh interactions and the impulse energy normalized per rotational cycle, 

𝐸𝑖𝑚𝑝 =
∑ 𝑒[𝑛𝑘]2

𝑓𝑟𝑜𝑡
              (5) 

where 𝑒[𝑛𝑘] are envelope samples at detected impulse locations. Eq. (5) were used to quantify 

impact density and severity. Periodicity consistency was evaluated through inter-peak interval 

variability. 

To account for structural anisotropy and direction-dependent vibration response, cross-

axis aggregation descriptors were introduced. Axis dominance captured directional 

concentration of vibration energy, while axis spread quantified inter-axis variability. Ratios 

between envelope energy, modulation depth and impulse energy were included to distinguish 

smooth rotational modulation from impact-dominated behaviour.  

In this study, the faulty (NOK) state conditions correspond to experimentally observed 

defect scenarios in the gearbox system, associated with damage in specific gear components 

(e.g., defects in individual gears within the transmission stages). These faulty conditions are 

characterized by measurable deviations in vibration signal behaviour compared to healthy 

(OK) operation. In particular, defects manifest as increased energy and irregularities in 

frequency bands associated with gear-mesh frequencies and their harmonics, as well as 

changes in time-domain statistical descriptors such as impulsiveness and kurtosis. Therefore, 

the distinction between OK and NOK states is grounded in both the physical presence of gear 

defects and their observable signatures in the measured vibration signals. 

Feature selection was performed separately for each rotation direction (RPM0-left and 

RPM1-right), acknowledging asymmetric dynamic behaviour under reversed torque 

transmission. For Logistic Regression models, selected features primarily emphasized mesh-

band entropy, sideband modulation strength, impulsiveness (PD), envelope energy (𝑅𝑀𝑆𝑒) 

and cross-axis variability. These features directly characterize amplitude modulation and 

localized impact effects, enabling linear discrimination between healthy (OK) and faulty 

(NOK) states. 

In contrast, Isolation Forest models were trained exclusively on healthy data and relied 

more heavily on impulse concentration, impulse energy per rotation (𝐸𝑖𝑚𝑝), nonstationarity 

measures and axis-dominance descriptors. These features are particularly effective for 

describing deviations from nominal operational patterns without requiring explicit defect 
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labelling. Feature extraction was conducted at the window level for training dataset, while 

test files were processed on a case-by-case basis to ensure unbiased evaluation. All defect 

types were grouped into a single NOK class, resulting in a binary condition-monitoring 

framework consistent with industrial practice. 

2.2. COMPUTATIONAL METHODS 

The computational framework adopted in this study is schematically illustrated in  

Fig. 3. Following the extraction of physically interpretable vibration features from the tri-

axial vibration signals (Section 2.1), machine-learning models were employed to classify 

gearbox operating conditions into healthy (OK) and faulty (NOK) states. Since gearbox 

dynamics differ depending on rotational direction, separate models were developed for left 

rotation (RPM0) and right rotation (RPM1). This direction-specific modelling ensures that 

characteristic vibration patterns associated with each operating condition are learned 

independently. For model development, a total of 40 gearbox experiments were utilized, 

comprising 25 healthy (OK) and 15 faulty (NOK) cases. These experiments were used for 

feature extraction and model fitting. An additional six independent experiments (three OK 

and three NOK) were reserved exclusively for final evaluation in order to assess 

generalization capability under previously unseen operating conditions. 

The proposed framework combines two complementary modelling paradigms: an 

unsupervised anomaly detection approach based on Isolation Forest and a supervised 

probabilistic classifier based on Logistic Regression. Both models operate on the same 

engineered feature space but rely on fundamentally different learning principles. Isolation 

Forest models the statistical structure of healthy data and identifies deviations from this 

distribution, whereas Logistic Regression directly learns a discriminative boundary between 

OK and NOK samples. 

 

 
Fig. 3. Schematic overview of the proposed machine-learning framework for gearbox condition monitoring, showing 

the processing pipeline from tri-axial vibration signals (X, Y, Z) to feature extraction, direction-specific model training 

(RPM0 and RPM1), and final fault classification 
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2.2.1. MACHINE-LEARNING FRAMEWORK AND DATA PROCESSING 

For each rotational direction, feature datasets were organized into a training dataset used 

for model fitting and an independent test set reserved exclusively for performance evaluation. 

The test data were not used during model development. Hyperparameter sensitivity analysis 

indicated that moderate variations in model parameters did not lead to substantial changes in 

classification performance. Therefore, standard model configurations were retained and 

decision thresholds were defined based on the observed anomaly score and probability 

distributions. 

All extracted features are numerical descriptors derived from time-domain impulsiveness 

measures and frequency-domain gear-mesh characteristics. Prior to modelling, missing or 

undefined values were replaced with zero to ensure numerical stability. For the Logistic 

Regression model, features were standardized using z-score normalization defined as 

𝑥′ =
𝑥−𝜇

𝜎
         (6) 

where μ and σ denote the mean and standard deviation computed from the training data. 

Isolation Forest was applied directly to the raw feature vectors without scaling, as tree-based 

methods are insensitive to feature magnitude differences. Both models produce continuous 

outputs that require thresholding to obtain binary decisions. The Isolation Forest generates an 

anomaly score based on the expected path length required to isolate a sample within randomly 

constructed decision trees. These scores were robustly normalized using percentile-based 

scaling to the interval [0,1] and a fixed threshold of 0.55 was applied to distinguish anomalous 

behaviour. Logistic Regression produces the posterior probability of the faulty class defined 

as  

𝑃(𝑁𝑂𝐾 | 𝑥)  =  
1

1+𝑒−(𝑤𝑇𝑥+𝑏)
 (7) 

and samples were classified as NOK when this probability exceeded 0.70. The decision 

thresholds used in this study were defined based on the empirical distributions of model 

outputs rather than through formal optimization procedures. Specifically, the threshold for the 

Isolation Forest model was selected using the normalized anomaly score distribution, while 

the Logistic Regression threshold was determined from the predicted probability distribution. 

In both cases, the thresholds were chosen to separate typical healthy behaviour from 

anomalous or defective patterns, as observed in the data. Importantly, no iterative tuning on 

a separate validation dataset was performed, in order to reduce the risk of overfitting and to 

maintain robustness in practical industrial applications. The selected thresholds therefore 

reflect a compromise between sensitivity and reliability, ensuring stable performance under 

varying operating conditions. 

2.2.1. MODEL FORMULATION 

Isolation Forest is an ensemble-based anomaly detection algorithm that isolates 

observations through recursive random partitioning of the feature space. Each tree randomly 
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selects a feature and a split value within its range, progressively partitioning the data until 

individual samples are isolated. The anomaly score is derived from the expected path length 

E(h(x)) required to isolate a sample x; observations that are isolated with fewer splits are 

considered more anomalous. In this study, the model was trained exclusively on healthy (OK) 

samples in order to capture the statistical structure of normal gearbox operation. Separate 

ensembles were constructed for RPM0 and RPM1 conditions. 

Logistic Regression, in contrast, is a supervised linear classifier that estimates the 

probability of the faulty class as a logistic transformation of a linear combination of the input 

features. Model parameters are obtained by minimizing a regularized logistic loss function 

with L2 regularization. Class-weight balancing was incorporated during training to account 

for potential imbalance between OK and NOK samples. Independent Logistic Regression 

models were trained for each rotational direction to accommodate direction-dependent 

vibration characteristics. Together, these two models provide complementary perspectives on 

gearbox health monitoring: Isolation Forest identifies deviations from learned normal 

behaviour, whereas Logistic Regression constructs an explicit discriminative boundary 

between healthy and faulty states. For clarity, the trained models are denoted as IF_RPM0 

and IF_RPM1 for the Isolation Forest models corresponding to left and right rotation, 

respectively, and LR_RPM0 and LR_RPM1 for the corresponding Logistic Regression 

models. The outputs of both models are evaluated independently in the Summary section. 

3. SUMMARY 

3.1. MODEL OUTPUT CHARACTERISTICS 

The effectiveness of the proposed machine-learning framework for gearbox condition 

monitoring was evaluated in two stages. First, model behaviour was analysed on the dataset 

used for model fitting to examine class separability and threshold behaviour. Second, the 

trained models were deployed on six unseen gearbox test cases to assess robustness and 

practical applicability under independent operating conditions.  

Figure 4 illustrates the distributions of model outputs for both rotation directions. Panels 

(a) and (b) present the normalized Isolation Forest anomaly scores for RPM0 and RPM1, 

while panels (c) and (d) show the Logistic Regression predicted probabilities P(NOK). Blue 

and orange histograms correspond to OK and NOK samples, respectively, and dashed vertical 

lines indicate predefined classification thresholds. For both directions, the Logistic 

Regression model provides clearer separation between healthy and faulty samples. NOK 

samples are predominantly concentrated at higher predicted probabilities, while OK samples 

remain near zero. The fixed probability threshold of 0.70 ensures conservative classification 

with reduced false-positive decisions. In contrast, the Isolation Forest anomaly scores exhibit 

greater overlap between classes. Although NOK samples generally yield higher anomaly 

scores, the separation remains less distinct, particularly for RPM1. The fixed anomaly-score 

threshold of 0.55 provides a compromise between sensitivity to abnormal behaviour and 

stability in recognizing normal operating conditions. 



10  B. Mammadli et al. / Journal of Machine Engineering, 2026, Vol. 26 

 

 
Fig. 4. Distribution of model outputs for both rotation directions. (a–b) Isolation Forest anomaly scores for RPM0 and 

RPM1. (c–d) Logistic Regression predicted probabilities (NOK). Blue and orange histograms represent OK and NOK 

samples; dashed lines indicate classification thresholds 

3.2. CLASSIFICATION PERFORMANCE ON THE TRAINING DATASET 

Figure 5 presents the normalized confusion matrices together with the aggregated 

performance metrics for both rotation directions. In addition to the class-wise prediction 

structure, the comparison includes balanced accuracy, F1-score for the NOK class and recall 

for the NOK class, enabling an assessment that accounts for class imbalance and fault-

detection sensitivity.  

For the RPM0 direction, Logistic Regression achieves the highest balanced accuracy 

and F1-score, indicating a strong capability to separate healthy and faulty operating conditions 

when labelled data are available for supervised training. The elevated F1-score reflects a 

favourable balance between precision and recall for the NOK class, demonstrating that the 

model effectively captures discriminative patterns associated with gearbox faults. In contrast, 

while Isolation Forest correctly identifies a large proportion of OK samples, its recall for the 

NOK class is lower, particularly in the RPM1 case. This behaviour is consistent with its 

unsupervised nature, as the model is trained exclusively on normal-operation data and 

therefore identifies faults indirectly through deviation from learned normal patterns. 

Across both rotation directions, Logistic Regression consistently provides higher 

sensitivity to faulty conditions, as evidenced by improved NOK recall values. Isolation Forest, 

however, exhibits greater stability in recognizing normal operation, reflected in its high true-

negative rates. This complementary behaviour highlights the distinction between supervised 

probabilistic classification and anomaly-based detection approaches. It should be emphasized 

that all model parameters and classification thresholds were predefined and not subjected to 
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iterative optimization or hyperparameter tuning. Consequently, the reported metrics represent 

direct baseline performance under fixed decision criteria, thereby providing an unbiased 

comparison of the two modelling strategies. 

 

 
Fig. 5. Normalized confusion matrices and performance metrics for the training dataset. (a–b) Isolation Forest results 

for RPM0 and RPM1. (c–d) Logistic Regression results for RPM0 and RPM1. (e) Summary of balanced accuracy,  

F1-score (NOK class), and recall (NOK class) for all model–direction combinations 

3.3. DEPLOYMENT ON UNSEEN GEARBOX TEST CASES 

The generalization capability of the trained models was assessed on six independent 

gearbox test cases. Figure 6a summarizes prediction correctness for each model–direction 

combination, while Fig. 6b compares OK accuracy, NOK accuracy and overall accuracy.  
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The independent test set consisted of three healthy (OK) and three faulty (NOK) gearbox 

cases, resulting in a balanced evaluation protocol. 

The IF_RPM0 model achieved the highest overall testing accuracy (83%), correctly 

identifying all healthy cases and detecting the majority of faulty cases. The performance of 

RPM1-based models was comparatively lower, indicating that vibration characteristics under 

right-rotation conditions may be more challenging for separation in the selected feature space. 

Although Logistic Regression demonstrated strong performance on the fitting dataset, 

its testing results show higher variability compared to the Isolation Forest in RPM0. This 

suggests that supervised classification may be more sensitive to distribution shifts between 

training and deployment conditions. 

 

Fig.6. Deployment results on six unseen gearbox test cases. a) Prediction correctness matrix for Isolation Forest (IF) 

and Logistic Regression (LR) models for RPM0 and RPM1. b) Comparison of OK-class accuracy, NOK-class accuracy, 

and overall accuracy across models 

3.4. ENGINEERING IMPLICATIONS AND LIMITATIONS 

From an engineering perspective, the proposed diagnostic framework offers several 

practical advantages for industrial gearbox monitoring. The feature set is compact and 

physically interpretable, allowing a direct connection between the observed vibration 

characteristics and the mechanical behaviour of the gearbox. Such interpretability is 

particularly important in industrial environments where maintenance decisions must be 

supported by understandable diagnostic indicators rather than purely black-box predictions. 
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Another important advantage of the proposed approach is its computational efficiency. Both 

Isolation Forest and Logistic Regression are lightweight machine-learning models that require 

relatively modest computational resources compared to deep learning architectures. This 

makes the framework suitable for integration into industrial monitoring systems where rapid 

analysis and near real-time decision making are required. The use of direction-specific models 

represents an additional practical benefit. Gearbox dynamics may vary depending on the 

direction of torque transmission and mechanical loading conditions. By training independent 

models for RPM0 and RPM1, the framework is able to capture direction-dependent vibration 

behaviour more effectively, improving the reliability of the diagnostic process. Despite these 

advantages, several limitations should be acknowledged. The experimental dataset used in 

this study consists of a relatively limited number of gearbox experiments. Although 

independent test cases were used to assess generalization capability, larger datasets covering 

broader operational conditions would further improve statistical robustness. In addition, the 

present study focuses on binary classification between healthy (OK) and faulty (NOK) states. 

While this approach reflects common industrial practice for quality control, future work could 

extend the framework toward multi-class fault identification in order to distinguish between 

specific defect types.  

Another limitation concerns the range of operating conditions considered in the 

experiments. The measurements were conducted at a fixed rotational speed and under 

controlled testing conditions. In real industrial environments, gearboxes may operate under 

varying speeds, loads, and environmental influences, which may affect vibration 

characteristics. Future studies should therefore investigate the robustness of the proposed 

framework under a wider range of operating regimes. Overall, the results demonstrate that 

combining physically motivated vibration features with simple and interpretable machine-

learning models provides a promising approach for practical gearbox condition monitoring. 

Further work will focus on extending the methodology to larger datasets, incorporating 

additional operating conditions, and exploring its integration into automated predictive 

maintenance systems. 

Overall, the results demonstrate that combining physically motivated vibration features 

with simple and interpretable machine-learning models provides a promising approach for 

practical gearbox condition monitoring. Several strategies may be considered to further 

improve the predictive performance of the proposed models. First, increasing the size and 

diversity of the dataset, particularly by including a broader range of operating conditions such 

as variable rotational speeds, load levels, and environmental influences, would enhance model 

generalization. Second, refinement of the feature engineering process, including the 

incorporation of additional gear-mesh–related descriptors and more detailed time–frequency 

representations, may improve sensitivity to subtle fault signatures. Third, the integration of 

more advanced machine-learning approaches, such as ensemble methods or nonlinear models, 

could provide improved discrimination capability while maintaining robustness. Finally, 

combining the outputs of anomaly detection and supervised classification within a unified 

decision framework represents a promising direction for improving reliability and reducing 

misclassification in practical industrial applications.  These improvements will be considered 

in future work, with particular focus on enhancing robustness under realistic industrial 

operating conditions and extending the applicability of the proposed framework. 
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It should be noted that the vibration data used in this study were obtained from industrial 

factory tests and are not publicly available due to confidentiality constraints. However, several 

open-access datasets exist that provide comparable vibration signal measurements for 

gearbox condition monitoring and fault diagnosis. In particular, recently published datasets 

under variable working conditions [18] offer representative data that can be used for training 

and validating similar machine-learning approaches. The methodology proposed in this work 

is directly transferable to such datasets, supporting reproducibility and facilitating further 

development of data-driven diagnostic frameworks. 

4. CONCLUSIONS 

A hybrid machine-learning framework for car gearbox quality control and fault 

detection was proposed and validated using tri-axial vibration features. The methodology 

combines anomaly detection through Isolation Forest with supervised classification via 

Logistic Regression, implemented separately for two rotational directions. The results 

demonstrate that the proposed approach is capable of effectively distinguishing between 

healthy (OK) and faulty (NOK) operating conditions. Logistic Regression showed strong 

class discrimination on the fitting dataset, while the Isolation Forest trained on RPM0 

provided the most robust generalization on unseen test cases, achieving the highest overall 

deployment accuracy. 

A key finding of this work is that anomaly-based modelling of healthy operation enables 

reliable fault detection, particularly in situations where labelled faulty data are limited. In 

addition, physically interpretable, gear-mesh–related features were shown to provide 

sufficient discriminatory information when combined with lightweight machine-learning 

models. The use of direction-specific models (RPM0 and RPM1) further improved diagnostic 

consistency by capturing differences in vibration behavior associated with the direction of 

operation. Moreover, the hybrid decision strategy enhances robustness by combining anomaly 

detection and probabilistic classification, resulting in a stable and interpretable diagnostic 

outcome suitable for industrial applications. 

Overall, the results highlight that combining domain-informed feature engineering with 

simple and computationally efficient machine-learning techniques provides a reliable and 

scalable solution for gearbox condition monitoring. Future work will focus on extending the 

framework to more complex operating conditions, larger datasets, and multi-class fault 

identification. 
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