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Abstract

Reservoir water level data identify the current water storage of the reservoir, and they are utilized as primary data for management and research of
agricultural water. For the reservoir storage management, Korea Rural Community Corporation (KRC) installed water level stations at around 1,600
agricultural reservoirs and has been collecting the water level data every 10 minutes. However, various kinds of outliers due to noise and erroneous
problems are frequently appearing because of environmental and physical causes. Therefore, it is necessary to detect outlier and improve the quality
of reservoir water level data to utilize the water level data in purpose. This study was conducted to detect and classify outlier and normal data using
two different models including the threshold model and the artificial neural network (ANN) model. The results were compared to evaluate the
performance of the models. The threshold model identifies the outlier by setting the upper/lower bound of water level data and variation data and by
setting bandwidth of water level data as a threshold of regarding erroneous water level. The ANN model was trained with prepared training dataset
as normal data (T) and outlier (F), and the ANN model operated for identifying the outlier. The models are evaluated with reference data which were
collected reservoir water level data in daily by KRC. The outlier detection performance of the threshold model was better than the ANN model, but
ANN model showed better detection performance for not classifying normal data as outlier.
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Table 1 Properties of the Gaeun reservoir

Dam property Contents Dam property Contents
Dam body type fill dam Intake works main facility
Dam body length (m) 224.0 Water—intake type intake tower
Dam body height (m) 397 Total storage (m*) 1,649,375
Dead storage water level (EL.m) 222.50 Effective storage (m°) 1,636,475
Full water level (EL.m) 245,80 Benefited area (ha) 103
Flood water level (EL.m) 246.80 Basin area (ha) 474

Table 2 Properties of water level data

Data Measurement method Measurement cycle Measurement period
Sensor data ultrasonic sensor 10 minute 2011, 01, 01, 0:00~2018, 06, 12, 11:40
Reference data sensor/eye measurement 1 day 2009, 08, 19.~2018, 05. 23,
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Fig. 2 10—minute interval raw water level data of the Gaeun reservoir
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Table 3 Input data of the artificial neural network model for outlier

detection
Data type Contents
water level (ul,) wl,
variation (v,) v, =wl, —wl, _,
reservoir wl, —dl
regularization (rr,) T TR —dl

1 (if T, >1)
(i) Ir, =<rr, (if 0<rr, <1)
T —1 (if rr, <0)

limited regularization

o wl, —min(wl)
regularization (r,) r, :m

variation regularization 'utfmin(/u)

(Wt ) or

= Tmax(v) — min(v)

*wl: measured reservoir water level, wv: variation of

reservoir water level, rr: regularized reservoir water
level with dead water level (di) and flood water level
(f1), Ir: regularized reservoir water level with dead water
level (d1) and flood water level (fi) within range of —1 to
1, r: regularized reservoir water level, vr: regularized
variation of reservoir water level
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Fig. 5 The structure of the artificial neural network model for
outlier detection
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Table 5 The statistical parameters (R*, MAE, RMSE) compared to
reference data

Statistical Raw Threshold Target ANN
parameters data data data data
R’ 0.982 1.000 0.999 0.997
MAE (m) 0.126 0.034 0.034 0.065
RMSE (m) 0.396 0.063 0.067 0.149
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