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Abstract — The analysis of engineering data using neural network based on supervised learning has been utilized in
various engineering fields such as optimization of chemical engineering process, concentration prediction of particulate
matter pollution, prediction of thermodynamic phase equilibria, and prediction of physical properties for transport
phenomena system. The supervised learning requires training data, and the performance of the supervised learning is
affected by the composition and the configurations of the given training data. Among the frequently observed
engineering data, the data is given in log-scale such as length of DNA, concentration of analytes, etc. In this study, for
widely distributed log-scaled training data of virtual 100x100 images, available loss functions were quantitatively
evaluated in terms of (i) confusion matrix, (ii) maximum relative error and (iii) mean relative error. As a result, the loss
functions of mean-absolute-percentage-error and mean-squared-logarithmic-error were the optimal functions for the log-
scaled training data. Furthermore, we figured out that uniformly selected training data lead to the best prediction
performance. The optimal loss functions and method for how to compose training data studied in this work would be
applied to engineering problems such as evaluating DNA length, analyzing biomolecules, predicting concentration of
colloidal suspension.
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Fig. 1. Examples of virtual images (RGB color) as train and valida-
tion data for neural network. Each image has the resolution
of 100x100.
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Fig. 2. (a) Configuration of neural network. (b) Root-mean-squared-
error of train data as a function of the numbers of train data.
Symbols and error bars are averaged errors and standard
deviations, respectively. The shaded region shows appropri-
ate numbers of train data.

Table 1. Loss functions used in this work
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ZFALE] 7% 10,000 bp olat, & &2 7% ti=k 1,000~3,000
bpe] dol& %%41} Bk, AlE-f2] ] fIR] ol whak, A|3ES] A3EA]
w 23 739 dhek 150~6,000 bp, Tl EZ=E]ofollA fre] 8 7

% o2k 40~300 pr Zdolg zh=th mebA, B3k gho] 0(10%)~

Name Mathematical form Abbreviation Usages
N

Mean squared error 1%[2 - jzl.)2 mse Prediction of pollutant concentrations [11]
100% Y |(v;,—» - . . .

Mean absolute percentage error TZ e mape Prediction of surface chloride concentration [12]

il Vi
Mean absolute error mae Prediction of PM,, concentration [13]
L 1N N 2 - . .
Mean squared logarithmic error NZ[IOg(}/ﬁ D)—log(y,+ 1] msle Prediction of impending earthquake [14]
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Fig. 3. Comparison of confusion matrix for (a) mse and mape, (b) mse and mae, and (c) mse and msle.
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Vi : Target value of i-th data sample
Vi : Predicted value for i-th data sample
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