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Abstract 

The increasing availability of manufacturing data and advanced analysis tools are forcing the demand for 
data-driven approaches to improve the quality of workpieces and the efficiency of manufacturing processes. 
The analysis of real manufacturing data is challenging due to frequent changes in production circumstances. 
In this work, machine learning methods based on the data along the value chain of hydraulic valves are used 
to predict the leakage results during end-of-line testing. The leakage volume flow measurement results are 
very sensitive to changes in gap geometry and temperature level in the measurement cross-section. 
Additional measurements and experiments are required to interpret the systematic influences of the input 
data on the target variable and to introduce the missing information into the dataset. The design of a meta-
model using experiment data supports the identification of statistical patterns to be applied to the real 
production dataset as a feature. This paper presents a systematic approach to hand-crafted feature engineering 
that improves the quality prediction of end-of-line hydraulic leakage testing. 
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1. Introduction 

In the last 20 years, the use of computational fluid dynamics (CFD) has produced remarkable advances and 
developments for optimizing geometries and understanding hydraulic phenomena [1], [2]. The application 
of machine learning is motivated by tremendous success in optimizing the product and process quality of 
industrial goods. Machine learning techniques support the continuous improvement process to reduce 
manufacturing costs by avoiding non-value-added production steps and to ensure product quality. [3], [4] 
Product quality include measures of the inner work piece state such as an internal leakage [5], [6]. The 
manufacturing of hydraulic control valves for agricultural peripherals consists of the machining process, 
assembly, and end-of-line inspection of 100% of the workpieces. In this use-case, the hydraulic testing is the 
most costly production step and the bottleneck in the manufacturing. 

To relieve the test bench capacity, machine learning techniques are used to predict the end-of-line test results 
of the internal hydraulic leakage based on the cross-process data of the different series production steps. The 
internal leakage of the valve is intrinsic as the spool trembles at defined positions within the body to ensure 
the functionality of the valve, but it must be minimized due to the loss of performance [7]. The measurement 
results of the internal leakage are considered as labels of a supervised regression problem. 

Exploiting existing manufacturing data to approximate the physical relationships of input and target variables 
is a promising strategy to add value from the necessary data management [3]. The requirement for minimum 
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production cost inhibits data collection of significant thermal and geometric information. The naïve approach 
of measuring component and fluid temperature is neither economically nor technically feasible for two 
reasons. First, simultaneous temperature measurement of the relevant components in the closed body of the 
valve is not possible without altering the physical bodies. Second, measuring the temperature of the fluid 
alters the fluid dynamics within the part. The sophisticated testing set-up requires the representation of the 
temperature and the gap geometry in the cross-section by other quantities. Extending the features through a 
systematic investigation with additional measurements, similar to experimental design methods, can provide 
significant benefits by adding knowledge to the predictive model [8]. Due to the high effort and lack of 
machine availability, the amount of experimental data is small. [10] The concept of meta-learning provides 
a solution to overcome the limited amount of labeled data. The use of multiple source tasks for prediction 
causes a beneficial initialization for learning on the target task [9]. A meta-regression model is developed to 
investigate the relationship between the gap geometry and the representative temperature variables based on 
an experimental dataset. 

The paper begins with an overview of related work in meta-learning and applied machine learning and 
continues with an introduction to the use-case. This is followed by the design of an experiment dataset that 
acts as a meta-training dataset. A meta-regression model derives the coefficients ci that best fit the meta-
linear regression model. The resulting feature, called the tfactor, is applied to the production dataset to assess 
its predictive power and the functionality of the procedure. The paper concludes with a conclusion section 
and suggestions for further work.  

2. Related work 

2.1 Meta-Learning 

Learning from a few examples is an essential aspect of human intelligence. One possibility that enables gain 
solutions to complex tasks from just a few examples is to use experience to learn a prior about tasks. [24] 
Meta-learning is an approach to learning from imbalanced datasets that are common in the real world. The 
challenge is to learn an accurate meta-model when a dominant task set has only a small number of training 
examples. [17] Meta-learning can be divided into mixed linear regression (MLR) and multi-task learning 
(MTL). The number of samples, the dimension of data points, and the number of clusters are defined as n, 
d, and k, respectively. In MLR, the sample and time complexity are either polynomially dependent on k or 
depends on the inverse of the kth singular value of some moment matrix. In contrast, in MTL, all tasks have 
the same number of examples and performance is evaluated on the observed tasks used in training. [10] 
There are two perspectives on approaching meta-learning: optimization based ([18], [19], [20], [21]) and 
probabilistic ([22], [23], [24], [25]). 

According to KONG ET AL. the formulation of a standard meta-training for supervised learning, motivated 
by a probabilistic view captured in formulas (1)–(4), assumes a given collection of n meta-training tasks 
{𝓣𝓣𝑖𝑖}𝑖𝑖=1n  derived from some distribution P(𝓣𝓣). [10] Each task 𝓣𝓣𝒊𝒊 is associated with a dataset of size 𝑡𝑡𝑖𝑖 that is 
defined as the meta-training dataset in (1): 

𝓓𝓓𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚−𝑚𝑚𝑡𝑡𝑚𝑚𝑖𝑖𝑡𝑡 = �{�𝒙𝒙𝑖𝑖,𝑗𝑗,𝑦𝑦𝑖𝑖,𝑗𝑗� ∈ ℝ𝑑𝑑 × ℝ}𝑗𝑗∈[𝑚𝑚𝑖𝑖]�𝑖𝑖∈[𝑡𝑡]
       (1) 

Scooping some structural patterns in P(𝓣𝓣), the goal is to train a model for a new task 𝓣𝓣𝒏𝒏𝒏𝒏𝒏𝒏 that is part of 
P(𝓣𝓣), from a small amount of training dataset in (2) 

𝓓𝓓 = ��𝒙𝒙𝑗𝑗𝑡𝑡𝑚𝑚𝑛𝑛,𝑦𝑦𝑗𝑗𝑡𝑡𝑚𝑚𝑛𝑛��𝑗𝑗∈[τ]
          (2) 

Each task 𝓣𝓣𝒊𝒊 is associated with a model parameter 𝑐𝑐𝑖𝑖, where the meta-training data is taken from (3):  
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�𝒙𝒙𝑖𝑖,𝑗𝑗,𝑦𝑦𝑖𝑖,𝑗𝑗� ∼ 𝑃𝑃𝑐𝑐𝑖𝑖(𝑦𝑦|𝒙𝒙)𝑃𝑃(𝒙𝒙) for all 𝑗𝑗 ∈ [𝑡𝑡𝑖𝑖]       (3) 

The prior distribution of the tasks and the model parameters are completely characterized by a meta-
parameter θ that (4): 

𝑐𝑐𝑖𝑖 ~ Pθ(𝑐𝑐)             (4) 

However, task ambiguity is a critical problem to deal with, if the goal of meta-learning is to learn solutions 
to new tasks from small datasets. If each task has only one sample, the problem is explored. Even with the 
best possible prior, there may simply not be enough information in the examples for a new task to solve that 
task with a high degree of confidence. Therefore, it is useful to develop meta-learning methods that can 
suggest multiple possible solutions to an ambiguous learning problem. Such a method can be used to evaluate 
uncertainty, perform active learning, or obtain direct human control over which pattern to prefer. [24] In 
some cases, the meta model cannot achieve vanishing error when there is noise [27].  

2.2 Applied Machine Learning in Manufacturing 

Machine learning methods can be distinguished by their learning strategy (e.g., supervised, unsupervised), 
prediction task (e.g., regression, classification), and structure (e.g., shallow, deep) [16]. The number of data 
points per input dimension into the model and the model complexity are strongly interrelated. For regression 
problems in manufacturing data with a ratio of data points to input dimensions smaller than 1000, WEICHERT 
ET AL. recommend the use of the following groups of machine learning algorithms with descending 
suitability: decision tree ensembles, SVM, linear regression, and artificial neural networks. For the selection 
of the suitable model, the relationship between the process complexity, the amount of data stored, and the 
model complexity is significant. If this is not taken into account, complex models that have been trained on 
small amounts of data can be trained with an increased risk of overfitting and/or lack of interpretability. [3] 
For this reason, the Extreme Gradient Boosting (XGBoost) is considered as a widely used and state-of-the-
art representative of gradient boosting ensemble trees. [28], [29] In the sequential boosting process illustrated 
in Figure 1, each decision tree depends on the result of the previous tree to produce an improved prediction. 
The boosting algorithm is built incrementally by correcting the errors of the previous weak models. [30] 

 
Figure 1: Boosting algorithm principle; cf. [29] 

3. Use-Case: Hydraulic Leakage Flow of Directional Valves 

The considered technical system is a control valve under test conditions. The electro-hydraulically actuated 
directional valve has four significant spool positions. The spool is actuated by a 4/3 directional pilot control 
valve which pressurizes the outer chambers to move the spool. The position of the control spool is fed back 
to the on-board electronics by means of a displacement transducer. The electronics control the position of 
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the spool depending on the requested set point using the current from the pilot valve. [11], [12] The desired 
flow is set at the consumer ports to operate the connected equipment, which is simulated by a test bench. 
The spool is characterized by various diameters in order to shut off different pressure spaces in the four 
defined spool positions. In general, the cross-section under consideration is simplified as an arrangement of 
an eccentric spool in a housing bore with the absolute eccentricity e of the spool, as shown in Figure 2. 

 

Figure 2: cross-section of an eccentric spool in a bore 

Physically inevitable, the leakage flow between spool and housing bore takes the flow direction from the 
higher to the lower pressure chamber and is largely determined by the gap geometry. The gap width l is 
defined as the axial overlap of the spool and the bore. The clearance δ is defined as half the diameter 
difference of the spool and the bore in (7). The relative eccentricity ε is the ratio of the absolute eccentricity e 
and clearance δ, defined in (8). [12], [13] 

δ =  𝐷𝐷𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏− 𝐷𝐷𝑠𝑠𝑠𝑠𝑏𝑏𝑏𝑏𝑠𝑠
2

          (5) 

ε =  e
δ
             (6) 

Under laminar, isothermal flow conditions and a large ratio of gap width l to gap height δ (0.001–0.02 mm) 
the leakage flow qleakage,max maximizes with the maximum of the eccentricity (ε=1) to 2.5 times the concentric 
arrangement and approximately follows the equation (7). 

𝑞𝑞𝑙𝑙𝑚𝑚𝑚𝑚𝑙𝑙𝑚𝑚𝑙𝑙𝑚𝑚,𝑚𝑚𝑚𝑚𝑚𝑚 =  𝛥𝛥𝛥𝛥×𝜋𝜋×𝑑𝑑𝑚𝑚×𝛿𝛿3

12×𝜂𝜂×𝑙𝑙
× (1 + 1.5 × 𝜀𝜀2)      (7) 

The quantitative calculation of the exact leakage flow is significantly dependent on the real-time viscosity 
of the fluid at the time of measurement. The adiabatic change of state cannot be assumed since the mass flow 
rate of the fluid is minor compared to the mass of the solids, so that the fluid temperature is supposed to 
converge with the temperature of the solids. Additionally, the different coefficients of thermal expansion 
sensitively affect the annular gap dimension during operation. Consequently, the temperature level of the 
environment and the connected components has an impact on the leakage measurement. [12], [13] 
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4. Meta-Regression Model 

The underlying problem is to differentiate the impact caused by the gap geometry and by the thermal 
conditions of the valve in the test bench. A multilinear dependence of the variables on the temperature level 
is assumed. The goal of designing a meta-regression model is a hand-crafted feature that represents the 
temperature level of the technical system based on a given range of clearances δ expected to appear mostly 
in the production dataset and time variables. This approach is intended to eliminate or at least reduce the 
predictive influence of the clearance on the internal leakage flow, as the clearance is not included in the 
production dataset.  

The test process has a temperature dependent impact. The directional valve is installed between two plates 
of the testing bench, which is implemented as a rotary indexing table with four workstations. The test 
program performs two relevant sets of automated testing steps at two successive workstations. The first 
relevant workstation is characterized by testing steps with high volume flows thus introducing high energy 
impact into the test part, the mounting plates and pipes. In contrast, testing steps with low volume flows are 
performed at the second relevant workstation including the label measurement under consideration in the 
neutral position. At both relevant workstations, a repetition or partial run of a test set is possible, resulting 
in different temperature scenarios. 

4.1 Meta-Training Dataset 

The meta-training dataset 𝒟𝒟 of the directional control valve is provided by Bosch Rexroth AG for this 
investigation and consists of the shape and geometry data of the components, the pairing data and the metric 
sensor values measured on the test equipment of the series production. The information from about 20 sensor 
signals ranges from pressure, current, volume flow and position at around 70 different test steps. In sum, this 
results in approximately 1000 dimensions per test series. The following procedure is performed for 16 
directional control valves. The sample size is limited to 16 at the time of the study due to the significant 
effort required for geometric measurement, manual bench assembly, and off-series hydraulic testing. Due to 
varying test durations, the target measurement is recorded with varying frequency for the same temperature 
scenarios, resulting in a total of 248 test series. In total, a data matrix with 248 rows of 1000 columns is used 
as the meta-training dataset. Due to a non-disclosure agreement, the dataset cannot be made available to the 
public. 

To represent warm-up and cool-down phases in the system, two time-variables are inserted into the meta-
training and production datasets. The warm-up phase is introduced as the runtime sum of the first functional 
test (FP) workstation with high energy load, while the cool-down phase is defined as the transition time 
between the end of the first and the beginning of the second relevant workstation with low energy load, 
including the rest time. In Table 1, the design of the experiment is described by the default setting and 
variation of the considered variables. The default setting of performing the first set of test steps only once is 
changed to two and three times to cover different temperature scenarios. The leakage measurement is 
performed several times for the same heating scenario, as the test part cools down during the measurement. 

Table 1: Experiment structure 

variable  standard setting variation 
clearance tolerance centre ± 1.5 µm 
number of testing runs 1 1, 2, 3 
transition_time 23 sec number of testing runs 
fp_runtime_sum continuous number of testing runs 
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4.2 Meta-learning for Mixed Linear Regression 

Following the recommendation of KONG ET AL., a meta-learning for mixed linear regression is developed 
with the time variables, the ring gap, and the resulting tfactor formulated in (8) [10]. The meta-dataset is split 
into a train and a test split with a split ratio of 85/15. In addition, a five-fold cross-validation is performed to 
obtain more reliable regression results. To apply this to a sample size of 16, the train dataset must contain 
14 valves, while the validation and unseen test datasets must each contain one valve. The selection of valves 
for each dataset predetermines the result for the coefficients. Therefore, different combinations are iterated 
for the choice. To increase the repeatability of the results, an equal distribution of the target variables for the 
training, validation and test datasets is required. The Kolmogorov-Smirnov two-sample test checks for equal 
distribution for the datasets [14], [15]. Only 42 of the 120 possible combinations pass the Kolmogorov-
Smirnov two-sample test with a p-value of 5% and thus only those 42 are considered. 

𝑡𝑡𝑓𝑓𝑚𝑚𝑐𝑐𝑚𝑚𝑓𝑓𝑡𝑡 = 𝑐𝑐1 × 𝑡𝑡𝑚𝑚𝑡𝑡𝑚𝑚𝑡𝑡𝑡𝑡𝑖𝑖𝑚𝑚𝑖𝑖𝑓𝑓𝑡𝑡 + 𝑐𝑐2 × 𝑡𝑡𝑓𝑓𝛥𝛥𝑏𝑏𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑚𝑚𝑏𝑏 + 𝑐𝑐3 × 𝛿𝛿𝑛𝑛      (8) 

The median is applied to the probability density of the linear coefficients of the meta-regression model for 
exponent n = 1 and plotted as a vertical line in Figure 3 to include the most common ratio of c1/c2 for a 
given annular gap in the production dataset. Considering the heat direction, the transition time for heat 
dissipation consequently receives a negative sign and the runtime sum for heat input receives a positive sign. 

 
Figure 3: probability density of the linear coefficients 

Since the clearance enters the leakage flow formula (7) polynomially and has the highest relevance, the 
medians from the distributions of the coefficients for different exponents of the clearance are examined and 
presented in Table 2. 

Table 2: Overview of linear and polynomial regression coefficients 

 
n (clearance) 

linear polynomial 
1 3 50 

ttransition -0.002614 -0.002580 -0,002458 
tfp_runtime_sum 0.001416 0,001420 0,001182 

δ 6.5 0,026222 2,5930 
 

From the overview, it can be concluded that the polynomial regression approach on this meta-training dataset 
does not produce a significant change in the regression coefficients for the time variables. Since the Gini 
importance for the transition time in the production dataset is significantly higher compared for the runtime 
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sum, and the regression coefficient for the transition time remains nearly constant, polynomial regression 
does not produce an improvement in this case.  

Since clearance does not occur in the manufacturing dataset, the ratio of the time variables is kept in the 
hand-crafted feature and follows formula (9) with the regression coefficients of the linear regression. 

𝑡𝑡𝑓𝑓𝑚𝑚𝑐𝑐𝑚𝑚𝑓𝑓𝑡𝑡 = −0.002614 × 𝑡𝑡𝑚𝑚𝑡𝑡𝑚𝑚𝑡𝑡𝑡𝑡𝑖𝑖𝑚𝑚𝑖𝑖𝑓𝑓𝑡𝑡 +  0.001416 × 𝑡𝑡𝑓𝑓𝛥𝛥𝑏𝑏𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑚𝑚𝑏𝑏     (9) 

5. Performance Evaluation with Real Manufacturing Data 

The prediction model for forecasting leakage values based on series manufacturing data does not contain 
any geometry data for the bore under consideration. The geometric pairing of the components differs in the 
manufacturing tolerances of the housing bore and the control supplied. The daily deviation of the internal 
leakage measurement is caused, among other things, by systematic batch effects of the machining process. 
The pairing of spool and main housing bore is not cost-effective, so the internal leakage flow is checked as 
process validation.  

First, the manufacturing dataset and the baseline comparison model (A) are described. The enhanced model 
also includes the time variables (B) and additionally the hand-crafted feature (C). The models are developed 
in an Anaconda environment using Python version 3.7.9 and XGBoost package version 1.2.1. 

5.1 Manufacturing Dataset 

With the exception of the geometry, the manufacturing data have the same structure as those of the meta-
training dataset. The data for this product was created over the course of six months as part of a product 
development project. Accordingly, there are slight changes in the process sequence as well as practical 
inconveniences such as sensor jumps in the period under consideration. For this reason, a thorough cleaning 
of the data is necessary, during which approximately 3800 data series with about 1000 data columns can be 
analyzed. Within this dataset, there are numerous retests of the two test sequences so that different 
temperature levels occur in the system. In addition, tests were performed at all times of the day and different 
times of the year by different workers. 

5.2 Baseline Model 

For the baseline XGBoost model, a time series split with a split ratio of 80/20 and a 5-fold cross-validation 
is employed. A simple grid search is applied for the selection of hyperparameters and named in parentheses 
below. Hyperparameters not mentioned are set to default. XGBoost squared loss regression 
(reg:squarederror) is used as the optimization function. The subsample ratio for each boosting iteration was 
set to 0.8, and the learning rate was set to 0.05 to avoid overfitting. For the same reason, the default of the 
maximum depth of the trees is lowered from 6 to 4 (max_depth=4) and an early stopping of the training was 
introduced when the optimization metric does not improve after 15 rounds (early_stopping_rounds=15). 
Another way to make the model more conservative is to increase the ridge regularization (lambda=20) and 
the minimum loss reduction for another partition at a leaf node to 100 (gamma=100). Additionally, the 
minimum sum of instance weight needed in a child is set to 5 (min_child_weight=5). A random seed is 
implemented to allow comparison of the models. 

5.3 Enhanced Model and Final Evaluation 

For the enhanced XGBoost model, the baseline XGBoost model is first augmented with the time variables 
and then additionally with the hand-crafted feature so that the enhancement due to the additional information 
in the model can be separated from the enhancement due to feature engineering. 
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The performance of the predictive models using manufacturing data is evaluated using the following 
standard metrics: root mean square error (RMSE), mean absolute error (MAE), the mean absolute percentage 
error (MAPE), and coefficient of determination (R2). Table 3 provides an overview of the metrics for each 
of the training and unseen test dataset for all three models. In this use case, the MAE and R2 are most useful 
for interpretation. 

When analyzing the performance evaluation from Table 3, it can be noted that, surprisingly, the metrics of 
Model B deteriorate in the training dataset compared to the baseline model, but improve slightly in the test 
dataset. All metrics improve from the baseline model to the extended model C in both the training and test 
datasets, which plead for the approach to hand-crafted feature engineering based on physical ideas.  

Table 3:Performance evaluation 

Model 
name 

Model description train-dataset 
metrics 

test-dataset 
metrics 

rmse-
mean 

mae-
mean 

mape-
mean 

r2-
mean 

rmse-
mean 

mae-
mean 

mape-
mean 

r2-
mean 

A baseline-model 2.9432 2.3123 0.1345 0.5643 3.8232 3.0176 0.1758 0.2621 
B A + time variables 2.9558 2.3215 0.1346 0.5605 3.8104 3.0070 0.1747 0.2669 
C B + t_factor 2.8538 2.2443 0.1304 0.5904 3.8022 2.9979 0.1744 0.2702 

 

Regardless of feature engineering, there is a large generalization gap across models between the training and 
test datasets, suggesting an information gap in each of the manufacturing and meta-training datasets. There 
are two perspectives to look at the change in metrics: First, the improvement is predominantly in the second 
decimal place, which certainly does not justify the effort to do so. Second, it is worth noting that the 
prediction can be improved with a ratio of 16 experiment components to over 3500 production components 
and despite the existence of a huge information gap in the datasets. The improvement in all metrics is not a 
coincidence and is a starting point to push this approach further. 

Finally, we will mention three justified assumptions for missing information in the dataset. First, the 
variation of clearance in the production dataset was assumed to be ± 1.5 µm for the meta-training dataset. 
This range is assumed to be very small and needs to be increased. Second, the sample size for the meta-
training dataset is too small compared to the size of the production dataset, as this underrepresents the 
influence with the greatest predictive power. Third, the time variables used to represent temperature levels 
are less substantial compared to direct temperature measurement of the components and fluid. 

6. Conclusions 

The results of the leakage volume flow measurement are very sensitive to changes in gap geometry and 
temperature level in the measurement cross-section. Using a meta-regression model, a hand-crafted feature 
based on thermal behavior assumptions can be derived that improves all metrics for predicting leakage 
volume flow in the post-commission range despite a large cross-model generalization gap between the 
training and test datasets. 

7. Future Work 

Referring to the assumptions on the information gap in the datasets, we will significantly increase the sample 
size for the meta-dataset with a larger span of clearances. Moreover, experiments will follow from which the 
saturation curves for the time variables can be derived. In addition to more precisely defined time variables, 
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the number of thermal features will be increased by installing more direct temperature measurements in the 
test bench, if possible, and including them in the manufacturing dataset.  

Furthermore, the minimum data acquisition for sufficient prediction accuracy will be investigated. Finally, 
the quality prediction will be implemented in the serial production of hydraulic valves to predict leakage test 
results and contribute to a more efficient and competitive manufacturing. 
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