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Comparative Effects of Different Activation Functions and Node
Numbers of Hidden Layer in Artificial Neural Network Models on
Real-Time Urban Air Quality Forecasting

Soo—Min Choi'?, Hyo Choi?

Dept. of Computer Engineering, Konkuk University, Korea
2Atmospheric & Oceanic Disaster Research Institute, Korea

The effects of different activation functions (sigmoid and hyperbolic tangent), and node numbers in a
single hidden layer of artificial neural network (ANN) models on urban air quality forecasting were compared
in Gangneung city (Korea). The ANN models of multilayer perceptron (MLP) with a back-propagation
training algorithm for error calculation in cases of 13, 15, and 17 nodes in each hidden layer were performed
using 15 input independent variables (PM, gas, and meteorological data of a Korean city), affected by PM
and gas of an upwind Chinese city. Root mean square error (RMSE) and the coefficient of determination
(R* Pearson R) were evaluated to assess the two models’ forecasting abilities between the predicted and
measured values. The values of R by ANN-sig (ANN-tanh) with 13, 15, and 17 hidden neuron numbers
were 0.930 (0.950), 0.920 (0.947), 0.926( 0.953) on PM10, 0.953 (0.956), 0.927 (0.938), 0.949 (0.960) on
PM2.5,0.880 (0.959),and 0.917 (0.886), 0.882 (0.939) on NO,. Regardless of node numbers and activation
functions, the prediction abilities of the two models were excellent, showing the highest values of R in
the ANN-tanh model with more neuron numbers in the hidden layer. Different from the previous literature
insisting that if the number of neurons in the hidden layer than the input layer is set too small (large), the
prediction performance will underfit (overfit), this study revealed better the prediction performance with the
bigger or smaller neuron number in the hidden layer than the same neuron number as one in the input layer,
except for 15 nodes on NO, in case of sigmoid function, through their temporal distributions and scatter
plots between the predicted and measured values.

Keywords: ANN-sigmoid model, ANN-tanh model, Root mean square error, Coefficient of determination,
PearsonR
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Global Low—Level Turbulence Prediction Using Tree—Based
Machine Learning Methods

Ye—Seul Lee, Hye—Yeong Chun

Department of Atmospheric Sciences, Yonsei University

Low-level turbulence (LLT), often caused by terrain-induced and convective processes, presents
persistent challenges for both aviation safety and accurate prediction. This study introduces a machine
learning—based framework for global LLT forecasting below 10,000 ft, utilizing Random Forest, Extreme
Gradient Boosting, and LightGBM models. The models were trained on approximately 3 million matched
pairs of turbulence diagnostics and in situ eddy dissipation rate (EDR) observations from commercial
aircraft. All machine learning models achieved comparable performance, which remained stable even
when using a reduced set of input diagnostics. Notably, they consistently outperformed the operational
Graphical Turbulence Guidance (GTG) systemin LLT prediction accuracy. Despite these gains, the machine
learning models displayed similar seasonal, diurnal, and altitude-dependent performance patterns to GTG,
suggesting that shared limitations stem from the turbulence diagnostic inputs themselves. To further refine
the models, threshold sensitivity analysis was conducted to identify optimal classification boundaries, and
the Synthetic Minority Over-sampling Technique (SMOTE) was applied to mitigate class imbalance. These
enhancements led to improved detection rates for turbulent events, particularly under underrepresented
conditions.

Keywords: Low-level turbulence (LLT), Machine-learing, in-situ flight EDR, GTG system, forecast
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