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Prediction of Odor Concentration and Complaint Occurrences

Using Machine Learning
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With the advancement of industries and the densification of residential areas, odor issues have become

increasingly persistent, leading to frequent complaints from nearby residents. This study aims to develop predictive models
for estimating the concentration of odor substances emitted and dispersed from steelworks and forecasting the occurrence
of related complaints based on these predictions. Four machine learning models commonly used for time-series data analysis
were selected as candidates. The predicted concentration data were then used as new input to train classification models to
predict the occurrences of odor complaints. For this classification task, five models were evaluated, and the one with the
highest predictive accuracy was adopted as the final model. As a result, the XGBoost regression model was selected for
predicting odor concentrations. This model achieved an improvement rate of over 57% in RMSE across all three sites, and an
R? value of 0.738 or higher, indicating excellent performance. For predicting the occurrence of complaints, the XGBoost
classifier was chosen, demonstrating a ROC-AUC value of 0.867 or higher, along with both reliability and accuracy exceeding
75%, showing stable performance. Based on these findings, odors generated from steelworks can be effectively managed,
potentially resulting in a significant reduction in related complaints.
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Fig. 1. Daily variations in the odorous compound concentrations and the complaint number in 2020 ((a) Site #1, (b) Site #2,
and (c) Site #3).
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Fig. 5. Comparison in observed and predicted complaints occurrences using stacking ensemble ((a) complaints occurrence
predicted from the XGBoost regression, (b) stacking result from XGBoost and logistic regression, and (c) stacking result from
XGBoost and XGBoost classifier).

of T 0] B GRS clSshe o Tl 9l 2 ol EE mul ohjel, o2 18] 9 FAelA
A1, HEAoR AP 54 0] SEAAA WA 4 Gl U T A0 R 5T 4 9l
28 SAA0] QIT. B%o] ool ALGE dole Gtk &5 F7H4 o] HolHE o Shug
= 105077k0] 7H3 BloH G, olel wheh 417 miAle et ok et chakel A4 RASE AHE5
e olgaAY B Be REE AGSPlole S o Bobeha, o B RS Abg e Aejzlste] Het
7 QIIe. TR Bata, ol @i AL dlo] & 9 AREE S ol




Dlelds #Re oENe seo nie vy s |1980 |
(a)
10 X ] % ]
:
ﬂ ® Actual comphiots
§ X Predicted complaints
=
2
5
QO
00 * ¥ *® ') %
2240530 2240531 M40601 M4.0602 2240603 0240608 2240608 240606
Date (yyyy-mm)
(b)
10 [ J ® ] ]
z
7] ;
a2 @  Actual complaints
.8 X Predicted complaints
S
S
=
3
@]
00 ] ® L & X
M24-09-18 024-09-19 224:09-20 2240921 024-09-22 024-09-23 2024094 0240925
Date (yyyy-mm)

Fig. 6. Comparison between observed and predicted complaints occurrences over eight days using the XGBoost classifier
model ((a) period from May 30 to June 6 and (b) period from September 18 to 25).
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