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Abstract

Ensemble modelling is expanding in several areas of engineering, especially different aspects of water
engineering. Accurate estimation of saffron water requirement (SWR), an essential strategic production of the
agriculture sector, is a crucial and influencing act in local water planning of this region. Hence, this study aimed
to check the applicability of ensemble modelling in enhancing SWR at Birjand, Southern Khorasan, Iran. The
actual water requirement of saffron was recorded in the field lysimetric laboratory at the University of Birjand.
The simulation of water requirement was conducted utilizing Decision Tree Regression (DTR) with input
climate features. Additionally, Boosting and Bagging methods were employed to establish and enhance the
ensemble process of soil water requirement (SWR) simulations. To track the effectiveness of any method, some
comparative tests were designed, such as statistical criteria (RMSE and MAE) detection, Violin plot analysis,
over/underestimation, times series comparison, and error improvement test. Results indicated that although the
acceptable performance of DTR in simulating SWR, the probable improvement was potentially felt. Derived
results confirmed that supervised ensemble modelling (Boosting) could enhance the accuracy of DTR by more
than 30 percent (reducing absolute error from 36 mm to 23.65 mm), resulting in declining RMSE from 0.44 mm
to 0.07 mm. Further, different experiment outcomes revealed that the Boosting algorithm quality is more
appealing than DTR and Bagging outputs.
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Figure 4- lllustration of key features defined in DTR (modified from Tso & Yau, 2007).
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Figure 7- Time series comparison of actual water requirement versus ensemble modelling outputs.
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Table 1- Absolute error derived by DTR and ensemble modeling (mm)

(422) DTR Bagging Boosting

Decade
1 090 456 0.70
2 015 659 1.00
3 240 522 0.70
4 015  4.09 0.70
5 019 167 0.40
6 065 079 1.30
7 065 181 1.85
8 002 059 0.70
9 330  1.06 0.60
10 148 256 1.20
11 588  6.34 3.60
12 1.00 803 1.90
13 548  6.24 3.20
14 552 271 1.20
15 732 101 1.40
16 030 053 1.10
17 030 632 1.30
18 030 636 0.80

(=) 500 360 1.31

Average

(B 5509 6649 23.65
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Figure 10- Rate of improvement comparison of different techniques of ensemble modelling.
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