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Instantaneous (net) cutting rate Summary

Roadheader machine performance  The economic assessment of a drilling project heavily relies on
Artificial intelligence methods forecasting the drilling machine performance. The net cutting rate of
Orange data mining software a roadheader is a crucial parameter for performance evaluation, and

it can be estimated using various methods. In this study, various
models were developed to predict roadheader performance and their accuracy and desirability were
compared. The models utilized artificial intelligence techniques such as support vector machine (SVM),
artificial neural network (ANN), K-fold nearest neighbor (KNN), random forest (RF), and linear regression
(LR). The input variables for these models were rock quality designation (RQD) and the return values of the
Schmidt hammer R1, R2, and Rs. The modeling task was conducted using the Orange data mining software.

Introduction

Mechanized drilling in civil and mining projects is of paramount importance today, as it enhances
productivity and efficiency in underground spaces and tunnels. Various devices are employed for mechanized
drilling, including impact hammers, tunnel boring machines (TBM), and roadheaders. Roadheader machines
offer several advantages over traditional methods and other devices. Accurately, predicting roadheader
performance and estimating key criteria like instantaneous cutting rate (ICR) and operational cutting rate
(OCR) is vital for project scheduling, cost estimation, and planning. Several methods are employed for these
calculations, but empirical models have limitations in understanding the complex data structure and
relationships.

Methodology and Approaches

In this study, SVM, ANN, KNN, RF, and LR modeling techniques were used, and their performance was
compared. The dataset utilized pertain to data collected during the construction of the Istanbul sewerage
system tunnel. It includes four input variables: RQD and the return values of Schmidt hammer R1, R2, and
R3, as well as the output variable, the net cutting rate (Q) of the roadheader machine. Modeling was
conducted using the Orange software, which provides an intuitive and comprehensible platform for high-
speed intelligent analysis.

Results and Conclusions

The results indicated that the SVM model exhibited satisfactory accuracy and could be employed to estimate
the net cutting rate (Q) or predict roadheader performance. Conversely, the K-fold nearest neighbor model
displayed the weakest performance in estimation. Moreover, to identify the influential variable in the
prediction process, the importance of different variables was assessed. It was observed that RQD significantly
contributed to the estimation of the target variable, followed by the importance of R;.
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